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Chapter 1

Introduction

Over the last decade, the uncontrollable growth of unstructured data utilization has

fundamentally reshaped how companies store and access information. Enterprises

increasingly rely on documents containing multi-modal information sources such

as text, tables, charts, figures, and complex layout structures. A key element for

automation is knowing how to access and link information from unstructured

and multi-modal sources. Regardless of advances in Machine Learning (ML)

and Natural Language Processing (NLP), reliable understanding of multi-modal

documents remains challenging. This thesis addresses challenges in developing

and evaluating systems for multi-modal and explainable document understanding,

with a focus on summarization and context attribution from multi-modal sources.

1.1 Context and Motivations

In recent years, companies have witnessed a dramatic increase in the volume

of unstructured data they manage. Contracts, Environmental, Social, and Gov-

ernance (ESG), manuals, financial reports, slides, and many more, contain textual

paragraphs along with tables, charts, and figures, all structured in complex layouts.

Together, these elements encode essential information, which would be incomplete

if isolated. Intelligent Document Processing (IDP) seeks to automate the extrac-

tion, interpretation, and utilization of this content. relying mostly on Machine

Learning models and techniques. Among the most utilized: Document Lay-

out Analysis (DLA), Optical Character Recognition (OCR), and LM (Language
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Models). As the scale and complexity of documents grow, challenges become

more prominent. Models become less efficient, frequent errors undermine real-

world applications, and the lack of approaches render some tasks intractable. Long

context processing remains particularly demanding, often leading to performance

degradation. Finally, the multi-modal nature of documents requires models capable

of understanding structured data, visual reasoning, and cross-modal alignment.

Despite advances in summarization, mimicking human abilities remains par-

ticularly challenging. When humans write summaries, they look at the entire

document, discern relevant information from irrelevant content, synthesize know-

ledge from non-textual sources, rearrange the document order, and abridge most

of the available content. Conversely, current models struggle with global context

retention and hallucinations. Motivated by the difficulties of document summariz-

ation, the first part of this dissertation describes a series of experiments conducted

to evaluate new technologies’ capabilities in summarization and processing of

multi-modal information. In Chapter 3.5 we evaluate current technologies for the

interpretation of knowledge from structured tables. In Chapter 3.2 we delve into

the multi-modal issue and test recent ML models to translate complex charts into

structured tables. Chapter 3.3 and Chapter 3.5 details the evaluation of current

models in document summarization, both generic and aspect-based. Then, in

Chapter 4 we merge our findings into the development of a modular summarizer,

with multi-modal inputs and outputs. Finally, Chapter 5 reports our findings

on reference-free and reference-based LLM-based evaluation of LLM-generated

answers.

Despite recent advancements in summarization and Question Answering (QA),

user trust remains low due to the systematic lack of mechanism for quality verific-

ation. To allow content verifiability and reproduction, humans insert numerous

citations within their dissertations, official documents, and academic manuscripts.

Machine Learning models, on the other hand, mostly function as black boxes,

offering limited to no transparency to the content’s source and interpretation.

This intrinsic characteristic undermines users trust and limits our ability to verify

the content and provide feedback for further improvements. To address these

challenges, Chapter 6 describes a model agnostic technique to obtain text-based

attributions and Chapter 7 details a novel approach for the automatic development

of a visual-grounding dataset at scale.

2 Multimodal Document Understanding for LLMs



CHAPTER 1. INTRODUCTION

1.2 The Industrial Scenario

This thesis is contextual to the industrial environment of Altilia.ai, an Italian com-

pany focused on large-scale document automation solutions and the founder of this

research. This company faces the daily challenge of processing diverse collections

of documents originating from several domains with widely heterogeneous levels

of structure, noise, and visual complexity. With clients in the financial domain

and currently expanding in the global market, Altilia requires new solutions for

Information Extraction (IE), Question Answering, Automatic Summarization, and

synthetic data generation. Moreover, with the increasingly fast development of

powerful Large Language Models (LLMs), the company faces the increasing need

to evaluate and deploy LLM-based solutions at scale with minimal costs.

At its core, Altilia’s solutions leverage Language Models and Computer Vis-

ion (CV) models for Information Extraction, dealing with tasks like Text Classi-

fication, Named Entity Recognition (NER), and Object Detection. Recently, the

company’s platform has been leaning toward LLMs and MLLMs (Multi-Modal

Large Language Models) to address these challenges. However, the deployment of

these new systems requires attention to reliability, transparency, and explainability.

This comes with challenges. First, new LLM-based systems capabilities are largely

unknown in many industrial domains, due to limited evaluations in the scientific

literature and lack of sector-specific benchmarks. Second, even with sufficient sci-

entific literature, applications to real-world scenarios are often challenging. Third,

final users are not empowered with information to evaluate the systems, reducing

trust and applicability. Finally, new models applicability for dataset generation

require non trivial methodologies and complex evaluations before deployment in

production environments.

Given these industrial constraints, this research deliberately prioritizes LLM-

and Retrieval-Augmented Generation (RAG)-based architectures over traditional,

task-specific supervised models. This methodological choice is driven by the need

for adaptability: traditional models often struggle to generalize across heterogen-

eous document layouts without prohibitive data annotation costs, whereas LLMs

offer the zero-shot capabilities required to scale across diverse client domains.

Furthermore, incorporating RAG directly answers the critical need for transpar-

ency in sectors like finance, providing a structural mechanism for the attribution

techniques required to trace outputs back to their multi-modal sources.

In this context, this research aims at the development of robust end-to-end

pipeline for processing long, multi-modal documents, with a deep focus on explain-

ability. Specifically, we aim to: (i) evaluate methods for processing multi-modal
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inputs (text, tables, charts), (ii) build a multi-modal summarization architecture

with multi-modal outputs capabilities, (iii) propose novel attribution techniques to

identify the sources supporting the output generated by MLLMs, and (iv) reduce

reliance on manual annotation through model- and architecture-level innovations.

1.3 Activities Carried out During the PhD

Being funded by a company and covering the role a full-time employee, most

of the work conducted during the past years is not fully reported in this thesis.

There are varying infra-project reasons for this. First, the industrial scenario

requires solutions to be promptly ready in production environments, limiting

time availability for extensive experiments for literature production. Second, the

industrial nature of the doctorate prioritized production-readiness and immediate

client deliverables. Consequently resource allocation was often directed toward

deployment rather than experimental research.

1.3.1 Industrial Research & Development Projects

The following list is comprehensive of all the projects the candidate participated

in during the PhD period. However, the list doesn’t include the projects that led to

this manuscript, which are left for the reader to explore.

• Information Extraction (IE): Contributed to annotation, fine-tuning, and

deployment of ML models for Information Extraction as part of the com-

pany’s day-to-day operations.

• Table Structure Recognition (TSR): Researched and integrated state-of-

the-art TSR models to automate the extraction of complex tabular data from

unstructured documents.

• Document Layout Analysis (DLA): Evaluated and implemented DLA

frameworks to improve the segmentation and classification of multi-page

PDF components.

• ESG Attribution System: Engineered a fine-grained, LLM-based attri-

bution framework for fine-grained attribution in automatic ESG reporting,

enabling precise evidence mapping between textual claims and source data.
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• Encoder-based Visual Annotation Engine: Architected Altilia’s first

proprietary encoder-based system for visual document labeling, empowering

users with automatic annotations and the first verifiability tool.

• Legal & Financial RAG: Contribution to the development of a Retrieval

Augmented Generation (RAG) system specialized on the legal and financial

domains, optimizing retrieval accuracy for high-stakes QA tasks.

• MLLM-based Visual Annotation Engine: Architected Altilia’s second

and improved MLLM-based visual document labeling engine, providing a

comprehensive mechanism for semi-automatic annotation of text and visual

elements for structured documents.

Conferences Attended

• DEXA (2024): 35th International Conference on Database and Expert

Systems Applications.

• Ital-IA (2024): 4th National Conference of Italian Artificial Intelligence.

• ECAI (2025): 28th European Conference on Artificial Intelligence.

Contributions

• Sample-Efficient Fine-Tuning for Table-to-Text Generation: Demon-

strated that lightweight fine-tuning (LoRA) of smaller open-source models

on highly restricted datasets (1,000 samples) is sufficient to bridge the

scale gap, achieving competitive performance against SOTA techniques

and massive proprietary models (Detailed in Chapter 3.1 and published in

DEXA 2024 [158]).

• Impact of Table Serialization and Reduction: Conducted a comprehens-

ive empirical evaluation of table input representations (HTML, JSON, plain

text) on LLM generation quality. Furthermore, demonstrated that applying

structural table reduction strategies significantly mitigates performance de-

gradation on complex, large-scale tables like ToTTo (Detailed in Chapter 3.1

and published in DEXA 2024 [158]).

• Operational Cost-Benefit Analysis of LLM Deployment: Provided a

quantitative assessment of inference times and deployment costs, revealing
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the counter-intuitive finding that proprietary APIs can currently be more cost-

effective and yield higher throughput than deploying open-source adapters

on rented infrastructure (Detailed in Chapter 3.1 and published in DEXA

2024 [158]).

• Comprehensive Benchmarking of C2T Models: Conducted a systematic

evaluation of proprietary and open-source MLLMs across 18 distinct chart

topologies. Revealed that while open-source models can rival proprietary

baselines on general charts, all current architectures exhibit catastrophic per-

formance degradation on dense, spatially complex visualizations (Detailed

in Chapter 3.2).

• Assessment of Benchmark Discrepancy in Real-World Industrial Scen-

arios: Demonstrated a critical discrepancy between model performance on

curated academic benchmarks (ChartX) and real-world applicability using

complex ESG reporting documents. Proved that current SOTA models suf-

fer from severe extrinsic hallucinations and fail to infer continuous values

from discrete axes, concluding that human-in-the-loop validation remains

mandatory for enterprise deployment (Detailed in Chapter 3.2).

• Exposing the Discrepancy Between Syntactic Evaluation and Semantic

Fidelity: Demonstrated that traditional n-gram overlap metrics are insuf-

ficient for evaluating modern abstractive summarization. The empirical

evaluation proved that while legacy fine-tuned models achieve state-of-

the-art lexical overlap, they suffer from poor factual consistency, whereas

proprietary LLMs generate highly faithful and semantically accurate syn-

opses despite lower syntactic scores (Detailed in Chapter 3.3).

• Cost-Benefit Analysis of Summarization Prompting Strategies: System-

atically evaluated advanced prompt engineering techniques, including Chain

of Density (CoD) and Chain of Extractions (CoE). Revealed that highly

complex reasoning chains introduce generation instability, high variance

in abstractiveness, and increased API costs without proportional quality

gains, proving that simple task- and length-constrained prompts remain the

most optimal and reliable approach for production environments (Detailed

in Chapter 3.3).

• Impact of Domain Homogeneity on In-Context Learning: Demonstrated

that the efficacy of few-shot prompting in aspect-based summarization

is strictly dependent on the structural homogeneity of the target domain.
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Proved empirically that while few-shot examples significantly enhance

alignment and performance on structured data, they introduce semantic noise

and degrade generation quality on heterogeneous, high-variance datasets,

where zero-shot inference is far more robust (Detailed in Chapter 3.5).

• Robustness vs. Adaptability Trade-off in LLMs: Conducted a com-

parative evaluation between proprietary models and local, open-source

alternatives for conditioned text generation. Identified a clear architectural

trade-off: massive proprietary models exhibit superior zero-shot robustness

and instruction-following, whereas smaller open-source models demonstrate

superior few-shot adaptability, ultimately outperforming their larger coun-

terparts when provided with consistent in-context templates (Detailed in

Chapter 3.5).

• A Modular Framework for Multimodal Summarization with Mul-

timodal Outputs: Designed and evaluated an end-to-end pipeline tailored

for long, complex financial documents. This framework introduces a con-

version process, combining layout-aware parsing, Table-of-Contents-driven

header filtering, and graphical element augmentation (Detailed in Chapter 4).

• Exposing Formatting Bias in LLM-as-a-Judge Evaluation Protocols:

Conducted a critical evaluation of modern reference-free LLM metrics on

long-document summarization. Empirically proved that these evaluators

exhibit extreme sensitivity to input formatting; merely cleaning or altering

the markdown structure artificially inflates or deflates factual consistency

scores (Detailed in Chapter 4).

• Critical Assessment of LLM-as-a-Judge for RAG Evaluation: Con-

ducted a rigorous correlational study between automated RAG evaluation

frameworks and human judgment. Revealed a critical divergence: while

automated metrics correlate strongly with humans on reference-based cor-

rectness, they exhibit significant degradation in reference-free scenarios,

proving that current automated frameworks cannot reliably evaluate open-

ended retrieval without ground truth data (Detailed in Chapter 5 and pub-

lished in DEXA 2024 [159]).

• Lightweight Cross-Encoders as SOTA Alternatives for Context Attri-

bution: Demonstrated that small cross-encoder architectures, when paired

with optimized sliding-window strategies, can match or exceed the accur-

acy of massive proprietary LLMs for both coarse and fine-grained context
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attribution. This proves that complex dependency management in RAG

verification does not strictly require massive generative models (Detailed in

Chapter X and published in ECAI 2025 [50]).

• Mask-based Perplexity-Derived Attribution (MAPPET) Framework:

Proposed a novel, highly scalable pipeline for automatic visual attribution

in multimodal datasets. By measuring the shift in a MLLM perplexity when

specific visual regions are masked, this method successfully isolates high-

confidence, fine-grained evidence bounding boxes, entirely bypassing the

bottleneck of manual human annotation (Detailed in Chapter 7 and under

review at CVPR 2026).

• Introduction of DocAttriBench (DAB): Created and open-sourced the

first large-scale benchmark dataset explicitly designed for Visual Answer

Grounding in structured documents. By aggregating, harmonizing, and

automatically annotating eight diverse public datasets, DAB provides the

research community with nearly 300,000 high-quality, region-grounded QA

pairs for robust training and standardized evaluation (Detailed in Chapter 7

and under review at CVPR 2026).

• Comprehensive MLLM Benchmarking for VAG: Designed a rigorous

three-task evaluation protocol (grounded generation, post-hoc grounding,

and answer localization) to assess spatial and semantic reasoning jointly.

Conducted a large-scale evaluation of 16 state-of-the-art MLLMs, exposing

a critical industry-wide gap between textual accuracy and spatial localiza-

tion. Finally, empirically proved that fine-tuning baseline models on DAB

effectively bridges this gap, establishing a new baseline for verifiable doc-

ument understanding (Detailed in Chapter 7 and under review at CVPR

2026).

Literature Production

• Francesco Maria Granata, Luca De Grandis, Antonio Lanza, Amir Bachir,

Ermelinda Oro, Massimo Ruffolo. Evaluating retrieval-augmented gen-

eration for question answering with large language models. In: CEUR

Workshop Proceedings, 2024, 129-134.

• Luca De Grandis, Francesco Maria Granata, Ermelinda Oro, Massimo

Ruffolo. Leveraging Large Language Models for Flexible and Robust Table-
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to-Text Generation. In: International Conference on Database and Expert

Systems Applications. 2024, 222-227.

• Luca De Grandis, Franceso Maria Granata, Davide Costa, Antonio Lanza,

Ermelinda Oro. Improving Context-Attribution with Semi-Supervised

Cross-Encoders. In: Frontiers in Artificial Intelligence and Applications.

2025.

• Luca De Grandis, William Raccagni, Silvia Cappelletti, Marcella Cornia,

Lorenzo Baraldi. DocAttriBench: Benchmarking Answer Grounding in

Document Visual Question Answering. Under review (CVPR 2026).
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Chapter 2

Theoretical Background

The purpose of this chapter is to provide the reader with the information required to

understand the remainder of the manuscript and to comprehend most of the design

choices done in the subsequent chapters. In Sec. 2.1 we describe the foundation

of sequence to sequence learning. Sec. 2.2 discusses the main approaches to

represent multi-modal data for neural networks. In Sec. 2.3 we report the main

summarization types and we discuss the problem of hallucinations. Sec. 2.4

discusses the issue of faithfulness in LLM-generated content and the most common

approaches for attributions. Finally, Sec. 2.5 explains the context in which the

PhD was done, with company details and research constraints.

2.1 Foundation of Sequence-to-Sequence Learning

Modern Artificial Intelligence was defined by a shifting paradigm from task-

specific architectures to general-purpose foundational models. The transition was

dictated by the convergence of Natural Language Processing and Computer Vision

models under the unified framework of the Transformer.

2.1.1 The Transformer Architecture

Before 2017, State-of-The-Art (SOTA) Natural Language Processing relied mostly

on the Recurrent Neural Network (RNN) [58] and Long Short Term Memory

(LSTM) [85] architectures for a variety of Machine Learning tasks. Although
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attention mechanisms alleviated some issues of sequential processing, typical of

these architectures, they suffered from two major limitations: sequential bottleneck

and context compression. Sequential bottleneck implicates that each token’s

hidden state depended on previous tokens’ hidden states, preventing parallelization

across training examples and making learning from large-scale datasets inefficient

and slow. Context compression means that, in order to process long sequences,

content was compressed into a single hidden state of fixed-size. Workarounds

(bidirectional RNNs [184], hierarchical RNNs [84], attention modules [14, 76,

77]) further limited scalability and modeling power.

The Transformer [213] currently represents the most prominent innovation

in the field, effectively replacing recurrence and convolutions with self-attention.

This shift addresses two critical limitations from previous architectures. First, it

eliminates the sequential bottleneck by processing all tokens at once, in parallel

rather than iteratively. Second, the Transformer avoids context compression with

self-attention, letting each new token attend to all other tokens at once and with

limited information loss.

Self-Attention and Multi-Head Attention. The mathematical core of the trans-

former is the Scaled Dot-Product Attention [213]. Given a sequence of input

tokens X , the model learns three projection matrices: the query matrix Q, the key

matrix K, and the value matrix V . The attention is computed as

Attention(Q,K, V ) = softmax

(

QKT

√
dk

)

V (2.1)

where
√
dk the scaling factor, preventing the dot product from growing and

preventing the vanishing gradients problem happening when the softmax is pushed

into regions of excessively small gradients. To capture diverse relationships within

the data, Multi-Head Attention (MHA) runs multiple Scaled Dot-Product Attention

operations in parallel, forcing the model to learn multiple projection matrices.

Architecture The Transformer relies on attention as well as other components.

First above all is Positional Encoding. The Transformer is permutation invariant,

so positional information is injected to provide order awareness. The original

transformer relied on sinusoidal encoding but more recent implementations use

alternative approaches such as learnable positional embeddings [71], rotary po-

sitional embeddings [196], and relative positional embeddings [188]. Residual
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Connections & Layer Normalization are utilized to stabilize training of deep net-

works and mitigate the vanishing gradients issue. These are heavily used in the

Transformer too. Finally, position-wise Feed Forward Networks (FFNs) are used

to process each token independently, passing through non-linearity layers such as

GELU [82].

Attention operations carry quadratic computational complexity O(N2) with

respect to the sequence length. This poses challenges to processing of extremely

long documents and high-resolution images. The concept of ”long document”

and ”high-resolution image” have been changing drastically in the last few-years

due to the development of highly optimized implementations such as Flash Atten-

tion [48, 49], Paged Attention [105], Sparse Attention [19, 40], and Kernelized

Approximations [97].

2.1.2 Shifting Pre-Training Paradigm

The transition from Traditional LMs to modern LLMs was driven by the shift

from supervised, task-specific training to large-scale self-supervised pre-training

strategies.

Tokenization. Before encoding, raw text is decomposed into discrete units with

off-the-shelf sub-word tokenization algorithms like Byte-Pair Encoding (BPE)

[187] or SentencePiece [102, 103]. These methods map text into finite vocabularies

and are optimized to balance the granularity of character-level models with the

efficiency of word-level models, effectively handling out-of-vocabulary terms.

Training Stack LLM development follows a multi-stage development stack.

First, there is Pre-Training, consisting in training models on trillions of tokens

using the Causal Language Modeling (CLM) objective [171], i.e. auto-regressively

predicting the next token in a sequence. Then, the model undergoes Supervised

Fine-Tuning, refining the model on curated instruction-response pairs to learn

how to follow human intent and instructions. Finally, Preference Optimization is

used through techniques such as Reinforcement Learning from Human Feedback

(RLHF) [43, 160] and Direct Policy Optimization (DPO) [174], aligning model

outputs with human values and safety constraints.

Scaling Laws and Emergence Research into scaling laws [86, 96, 164] has

shown that model performance improves predictably as a function of compute, data
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size, and parameter count. Crucially, as models scale beyond certain thresholds,

they exhibit emergent abilities like arithmetic or logical reasoning that were not

explicitly present in smaller-scale versions.

2.1.3 From Transfer-Learning to Prompting

In its final stages, LLMs moved from fine-tuning for every new tasks to zero- and

few-shot prompting techniques [28]. This shifting technical paradigm allows users

to generalize models to new tasks and domains simply providing clear instructions

and a few well written examples.

Model Archetypes Depending on the objective, Transformers are utilized in

one of three configurations. Encoder-only models (e.g. BERT [54]) are optimized

for text understanding and classification using bi-directional attention. Encoder-

Decoder models (e.g. T5 [175]) are designed for sequence-to-sequence tasks like

translation. Decoder-only models (e.g. GPT [171]) are employed for generative

tasks and rely on auto-regressive techniques.

Multi-Modal Integration MLLMs extend the generative power of LLMs to

visual data. These systems typically consist of a Vision Encoder (often a Vision

Transformer) and a Language Backbone (e.g. an LLM itself). A learnable adapter

or projector aligns visual features with the LLM’s text embedding space. This

allows the model to treat visual patches as ”visual tokens,” enabling joint reasoning

over text and images for tasks like Document Understanding (DU), Visual Question

Answering (VQA), and complex scene description. Despite their power, these

models remain subject to hallucinations [95, 248] and the high computational

cost associated with long-context inputs. However, they represent a significant

step toward general-purpose agents capable of interpreting the world through both

language and vision.

Prompt Engineering and Few-Shot Learning Utilizing LLMs comes with

many limitations. First, fine-tuning LLMs requires capable GPUs with high

memory capacity and is often subject to long distributed training. Second, data-

set curation can be challenging, with issues related to continual learning [189]

and catastrophic forgetting [132]. Second, model deployment requires dedic-

ated hardware and it is often impossible to deploy multiple models in the same

hardware.
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The rise of foundational models has fundamentally shifted the paradigm from

fine-tuning to prompt engineering. Through prompt engineering and in-context

learning, it is possible to adapt a model to a new task at inference time without

updating its parameters. This allows cost-effective customization, especially in

low-resource scenarios. Various prompting techniques can be used to improve

model efficacy from zero-shot prompting. The most important being few-shot

learning [28], which provides a set of input-output demonstrations in the context

window to guide the model’s output, and Chain of Thoughts (CoT) [219], which

encourages models to generate reasoning before answering.
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2.2 Neural Representations of Multi-Modal Data

Representing heterogeneous data remains a non-trivial challenge in the develop-

ment of unified document understanding systems. Modern architectures utilize

various strategies to reconcile discrete text with continuous and spatial information

to enable reasoning across modalities.

2.2.1 Linearization Strategies

Over time, treatment of structured data has changed significantly. Structured data

is often treated through linearization, i.e. the mapping of a multi-dimensional

structure into a 1D sequence. Early approaches relied on Natural Language

Templates to convert table cells into sentences containing both the row and column

headers [34]. This approach leverages the pre-training knowledge embedded

in LMs but introduces significant token overhead. On the other hand of the

spectrum, to prevent loss of structural information, other approaches relied on

model fine-tuning. One strategy consists in the injection of coordinate embeddings.

This approach allows the self-attention mechanism to discern between rows and

columns and to reason on intra-row and intra-column dependencies [229]. Other

relied on reconstruction table-tailored pre-training strategies, effectively learning

the table structure from linearized data [52]. More recently, LLMs allowed the

utilization of the model’s internal knowledge and few-shot techniques to interpret

and serialize tables. Researchers found that, while template-based serialization

can be useful for few-shot learning with LLMs, it often comes at the cost of

hallucinations [81, 160, 183]. More recent approaches utilize Markup-based

Linearization (HTML, XML) and Programmatic Formats (JSONL, DFLoader).

In these cases, the tables are kept into rich structured formats while special tokens

and tags denote structural boundaries. Research shows that structured formats

can improve performance for autoregressive models at the cost of increased token

counts [192, 200, 201].

2.2.2 Visual Language Alignment

Differently from structured data, images are not easily associated with ordered

information. Instead, they require ad-hoc processing. There, the major bottleneck

arises from the fundamental information density between text and images, with

sentences containing dozens of tokens and images containing thousands of pixels.

CLIP [172] has fundamentally altered images treatment by simultaneously training
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separate image and text encoders on large-scale datasets. The alignment is gen-

erally done through a contrastive loss function, maximizing the cosine similarity

between matched image-text pairs and maximizing it for all other pairs. Through

the dual encoder paradigm, visual concepts are grounded in natural language

supervision, enabling zero-shot capabilities previously unattainable. Concurrently,

the Convolutional Neural Network (CNN) [108] architecture was replaced by

the Vision Transformer (ViT) [56], allowing the processing of images through

sequences of equally sized patches.

Modern vision-language alignment is achieved through three main components:

the Vision Encoder, the LLM Backbone, and the Connector. First, the Vision

Encoder processes the visual cues from the input image. The encoder is typically

derived from architectures like CLIP, SigLIP [210, 238], and ViT. The LLM

Backbone is generally taken from the vast pool of Language Models available in the

open-source see. Finally, the Connector is a projection module, translating visual

features into the LLM’s text embedding space without the need to expensively

pre-train the entire model from scratch. Generally, three main approaches are used

to build the connector. The simplest is a Multi-Layer Perceptron (MLP) module

that maps the visual features directly in the LLM embedding space. This preserves

spatial details but increases the token count. Alternatively, a Q-Former [115] uses

learnable query vectors to extract visual features through cross-attention. The

visual inputs are compressed into a fixed number of tokens, filtering only the

information that is most relevant to the text. Finally, the Gated Cross-Attention

[6] approach utilizes cross-attention layers to let the language model attend to the

visual tokens dynamically during the encoding phase.
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2.3 Document Summarization

Document summarization is the process of distilling the most important inform-

ation from a document. Over the years, summarization has undergone radical

transformation, especially after the advent of LLMs. This chapter details a formal

taxonomy for the field, categorizing input complexity, output nature, and al-

gorithmic paradigm.

2.3.1 Summarization Taxonomy

Summarization is classified through many fuzzy variables. Here, we report the

most important classifying distinctions.

Summarization by Output Type. The most prominent distinction is related

to the output type. Extractive Summarization consists in the identification and

reporting of the most salient information from the source document, often in

the form of sentences from the input document itself [144, 240]. Abstractive

Summarization involves paraphrasing the most important information into a human-

like summary [2, 106, 126, 170, 185, 242]. While being more human-like, this

approach is prone to hallucinations. Finally, Hybrid Approaches utilize extractive

methods to identify the most salient information and abstractive modules to obtain

human-like summaries, effectively maintaining high fidelity while generating high

quality summaries [104, 240].

Summarization by Input Complexity. We define Single-Document Summar-

ization when information must be synthesized from a single source and Multi-

Document Summarization when multiple sources concur to be part of the same

synopses [104, 116, 227]. The first is relatively simple and only necessitates the

identification of important information and attention to hallucinations. The latter

necessitates removal of redundancies and resolution of conflicting information.

Moreover, we distinguish between Short-Document Summarization and Long-

Document Summarization when the existing approaches don’t allow to effectively

or efficiently deal with a single document due to its excessive length [167]. Due

to the rapid increments of LLMs context-length, this distinction is not absolute

but contextual. Often, summarization of long documents requires techniques like

Hierarchical Summarization [221], Map Reduce [254], and Retrieval Augmented

Generation [10].
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Summarization by Output Content. We refer to Generic Summarization when

the generated synopses only contain the most important information from the

source documents. Depending on the final user, generic summaries might contain

superfluous knowledge and lack important details. For this reason, we refer to

Aspect-Based Summarization when the generated summary only contains informa-

tion referring to a specific spectrum of the input document content [74, 230]. The

latter is often found under different names and ramified into different settings, all

requiring to include some information and exclude irrelevant content on the basis

of user-specific requirements. Finally, Controllable Summarization refers to the

task of giving the output summary a specific length and structure [63, 80, 211].

Summarization by Modality. We distinguish between Uni-Modal Summar-

ization, when the input is only made of a single modality, and Multi-Modal

Summarization, when the input is constituted by many modalities conveying same

or different information [256]. Often, Uni-Modal Summarization is based on the

text modality, while Multi-Modal Summarization requires the ability to process

text as well as other means like images, videos, and audio files. Finally, the output

modality can vary too, requiring the creation of a Multi-Modal Output Summary,

consisting of text as well as tables and images, either created by the system or

taken from the input document. This last approach to summarization is rarely dealt

with due to the limited dataset availability and current architectural limitations.

Summarization by Algorithmic Paradigm Finally, the last distinction pertains

to the model utilized to produce the summary. Early methods relied Rule-based

Models, employing heuristic algorithms [144], and Latent Semantic Analysis

(LSA) [143] to identify key segments from the source documents. More advanced

extractive methods relied of Classification Models, using Transformers [124, 145]

or other learnable architectures [38, 151, 165, 178] to classify sentences from

the source material and using them to construct a bullet-points summary. Finally,

more recent approaches employ Autoregressive Models to generate abstractive

summaries. In this case models can be either encoder-decoder models [175, 185,

242], or decoder-only (generative) models [2, 74, 104, 128, 230].
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2.4 Faithfulness and Interpretability

As Large Language Models have achieved near-human fluency, the primary re-

search challenge has shifted from linguistic coherence from semantic accuracy.

Specifically, the shift has moved the research interest to faithfulness and inter-

pretability. Extractive summarization inherently preserves faithfulness by copying

text segmented. Instead, abstractive models function as black boxes, generating

fluid sentences that may semantically diverge from the source. Consequently, in-

terpretability serves as a diagnostic tool, allowing the user to evaluate the summary

content through attribution of the generated content to the source input.

2.4.1 Hallucinations

A primary challenge in the deployment of Automatic Text Summarization (ATS)

systems is the hallucinations phenomenon. Given some source material, ”hallucin-

ation” generally refers to the generation of nonsensical or unfaithful content [95].

While overlap-based and semantic metrics are generally sufficient to measure lex-

ical overlap, they fail to capture semantical inconsistencies, allowing high metric

values while generating unfaithful content. Earlier definitions focused strictly

on faithfulness to the source text but the modern definition, evolved with LLMs,

includes deviations from established world knowledge.

Hallucination Taxonomy

Relationship with the Source Content. The most foundational categorization

divides hallucinations based on their relationship to the source text. As such,

this categorization is bounded to in-context learning. Intrinsic Hallucinations

occur when the generated text contradicts the source content [95]. An example of

intrinsic hallucination is when the model connects erroneous events and subjects

and are often the consequence of the model synthesizing content using terms not

present in the document [141]. Extrinsic Hallucinations occur when the generated

text contains information unverifiable utilizing the source content [141, 95]. These

are prevalent in abstractive summarization, since the model can add information

from its own internal knowledge [141].

Distinction by Conflict Type. Apart from the standard distinction between

Intrinsic and Extrinsic Hallucinations, recent research has categorized it based on
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other parameters. Specifically related to Large Language Models, hallucinations

can be categorized by the source of their conflict. Input-Conflicting Hallucinations

happen when the generated content deviates from the user instructions [248].

Context-Conflicting Hallucinations happen when the model generates content that

contradicts information it previously generated [248]. This is often related to

a loss of context tracking. Fact-Conflicting Hallucinations are found when the

generated text contradicts established world knowledge [248]. This is a known

issue with LLM reliability that tend to fabricate information when they lack

relevant knowledge or have internalized different knowledge.

Other Hallucination Categorizations. Others have proposed a fine-grained

taxonomy of hallucinations, where errors might be related to: wrong entities

(incorrect names and locations), relation errors (incorrect semantic relationships),

contradictory sentences (statements that contradict the source material), invented

information (completely fabricated knowledge), subjective statements (statements

that contradict world knowledge), and unverifiable statements (information that

cannot be verified with in-context knowledge) [147].

2.4.2 Attribution

Attribution is the process of linking LLM-generated content to verifiable evidence.

Attribution has several advantages. First, it incentivizes Trust and Transparency,

allowing the users to see exactly where the information is sourced. The demand for

attributable answers rises from users experiences with hallucinated responses and

the inability to navigate large knowledge bases to manually identify the sources.

Second, attribution mechanisms allow for Verifiability, supporting fact-checking

and human feedback. Finally, RAG systems require attribution for Hallucination

Reduction. Some studies have reported that models with grounding capabilities

exhibit significant factuality improvements [234, 241]. Others, prefer to utilize

evidence to correct answers after the generation process [67].

Attribution Taxonomy

In-line Citations vs Answer-level Attribution. Several approaches emphasize

granular citations. In-line evidence models generate answers and citations in a

single forward pass. As such, the generated output is a single string containing

both free-form text and verbatim quotes or references linked to specific sources
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[150]. The attributed sources themselves might be linked to the generated content

by means of the entire document [67, 69] or fine-grained passages [113, 142, 234].

The latter approach is preferred in long-context scenarios, where citing the entire

source document forces the user to search for evidence manually [8, 241]. Other

approaches operate with a coarse granularity on answer-level attributions. Some

systems in Attributed-QA output a longer output attached to a single pointer linking

it to a paragraph-document from a fixed corpus [27]. Additionally, distinctively

from factual grounding, some fine-tuned models output a watermark to identify

data provenance, not from a retrieval corpus but from the model training data

[130].

LLMs vs Encoders. Methods can be classified by their underlying architecture.

Generative systems leverage LLMs to generate citations. While most approaches

rely on a fixed corpus, others rely on web research tools to generate answers

with citations [150]. Most importantly, utilizing LLMs allows for both answer

generation and post-hoc refinement [67]. On the other hand of the spectrum,

encoder-based systems rely on rerankers [149] or LLM-derived classifiers [163]

to identify attributing sources post-hoc.

Zero-Shot vs Fine-Tuning. Some systems rely on frozen LLMs inherent capab-

ilities to solve attribution. As for other LLM-based tasks, few-shot learning was

found to be a viable solution to generate answers with citations without the need

for expensive training [27, 67]. While viable for short-context problems, few-shot

learning can be expensive, and in-context learning baselines were found to lack

complete citation support a significant portion of the times [27]. To address the

limitations of prompting, fine-tuning strategies have been proposed to solve the

attribution problem. While proprietary models were found to be generally capable

on the task, they were repeatedly surpassed by RLHF [142, 150], fine-tuning on

synthetic datasets [241], and weak supervision [8].

Context-Attribution vs Source-Attribution The term ”attribution” is used to

describe two fundamentally different tasks. Context-attribution [46] focuses on

verifying generated statements against a provided context and aims to provide

evidence that supports the generated claims [69, 142, 150] or influenced the

generation process [46]. Finally, source-attribution distinguishes itself for the fact

that no information is provided to generate the final answer. Instead, a model is
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tasked with answer generation and the supporting knowledge is searched ”in the

wild” after the generation process has ended [67, 149].

Multimodal Document Understanding for LLMs 23



CHAPTER 2. THEORETICAL BACKGROUND

2.5 Industrial PhD Context

The Operational Environment

This research was conducted within the industrial framework and applications

of Altilia.ai, an Italian company specialized in document Information Extraction

at scale, of which the PhD candidate is a full time employee. Our operational

context involves processing heterogeneous document collections. Unlike con-

trolled academic datasets, industrial corpora contain different structures, noise,

visual complexity, information density, and formats. The company is currently

serving clients in the financial and legal domains and is expanding globally, creat-

ing specific requirements for Information Extraction, Question Answering, and

Automatic Text Summarization.

The Technological Shift

The company has a history for leveraging Language Models (LMs) and Computer

Vision models for tasks like IE, Named Entity Recognition, Object Detection, and

Text Classification. However, the industrial scenario has recently shifted toward

the utilization of LLMs and MLLMs, driven by the need to address complex

reasoning tasks and the growing demand for generative capabilities, such as

advanced document understanding.

The Academic-Industrial Gap

The adoption of new technologies highlights the significant and increasing gap

between academic research, delving into recent innovations, and industrial ap-

plications, relying on well established models and techniques. While users and

clients frequently request the deployment of solutions based on the latest proto-

types and technologies, the application of these models to real-world scenarios

presents distinct challenges. First, the capabilities of LLM-based systems are

currently largely unknown in many specific and industrial domains due to the lack

large-scale dataset and relevant benchmarks. Second, companies face the need to

evaluate and deploy new LLM-based solutions at scale while maintaining minimal

costs.
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Research Constraints and Methodology

This research was subject to specific industrial constraints, typical of the corporate

environment, and not present in academic settings. First, solutions and prototypes

must be promptly deployed in production environments, with limited available

time for extensive experimental iterations. Second, most of the themes addressed

in this manuscripts were not fully mature at the time of development, drastically

limiting the availability of literature-ready datasets and methods. Finally, the

main objective of this research was the development and study of robust end-to-

end pipelines capable of addressing specific industrial needs, rather than solely

pursuing theoretical novelty.
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Chapter 3

Multi-Modal Summarization

Components

The development of a robust pipeline for multi-modal input and multi-modal

output document summarization is an open challenge due to the complexity of

unstructured and multi-modal data. Moreover, financial users often requires

summarization systems to be controllable and aspect-based. Developing such a

complex system requires understanding of how current state-of-the-art models

handle modalities like text, tables, and charts. The construction of an architecture

for multi-modal summarization requires addressing three components: tabular

data, visual data, and output control. First, regarding tabular data, we must

determine how effectively LLMs can interpret tables without specific pre-training.

Second, concerning visual data, it is necessary to assess to what extent MLLMs

can effectively translate chart images into structured data. Finally, output control

is assessed establishing whether LLMs can satisfy user requirements to focus on

specific topics solely through prompt engineering.

This chapter details fundamental preliminary studies to answer these three

questions. Our experiments were mostly evaluative but decisive in shaping our fi-

nal pipeline decisions. Isolating components allows us to establish current models’

boundaries and to identify the most efficient methods for multi-modal integra-

tion. Consequently, this chapter deliberately excludes exhaustive comparisons

with alternative, specialized architectures for table-to-text and chart-to-table trans-

formations. Our scope is strictly restricted to evaluating whether the inherent,
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prompt-driven capabilities of foundational models are sufficient for our pipeline,

bypassing the need for complex heuristic pipelines or task-specific models. Spe-

cifically, the following summarizes the output of our experiments.

Table-to-Text Transformations. We evaluated the hypothesis that modern

LLMs are able to interpret linearized tabular data and generate coherent descrip-

tions. This eliminates the need for complex pre-processing steps and deployment

of specialized models. Our findings demonstrate the LLMs can indeed reliably

interpret and summarize the content of complex tables solely through prompt

engineering.

Chart-to-Table Transformations. We investigated MLLM capabilities to re-

liably transform charts into tables. Our hypothesis was that MLLMs are able to

correctly map charts into structured tables. This research step is motivated by two

main factors: (i) the excessive cost of multi-modal inputs and (ii) the ability to

store charts as textual representations. Specifically, this second part is required

to facilitate the inclusion and retrieval of content from Altilia’s system. Current

MLLMs are unable to map charts into tables with high fidelity, often resulting in

hallucinations. Due to the negative results, we rejected the chart-to-table approach

for the final pipeline.

Controllable Text Summarization. We analyzed approaches to constraint the

length, style, and structure of the generated summaries. This experiments are

made to test wether Parameter Efficient Fine-Tuning (PEFT) strategies are re-

quired to align the model output with strict user requirements. Through extensive

evaluations, we found that LLMs are highly responsive to human instructions and

concluded that fine-tuning is generally not required for controllability.

3.1 Table-to-Text with Large Language Models

3.1.1 Literature Review

The Neural Networks utilization paradigm consists of extensive self-supervised pre-

training on large-scale dataset followed by fine-tuning on additional data. Despite

this, their domain generalization capabilities remains limited, often requiring

further fine-tuning to solve downstream tasks on new domains. LLMs posses

the potential of generalizing to new domains outside of the current paradigm,
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if they were properly taught to solve a downstream task in advance. The first

approach that utilized a LLM [21] to generate textual descriptions of tables relied

on Quantized Low-Rank Adaptation (QLoRA) to fine-tune two modules out of

LLaMa2-7B [208]. Despite the potential of LLMs to solve the task, the approach

was still divided into the retriever-generator paradigm typical of RAG. The first

module is a table reasoner, identifying the most crucial information withing a

table, and the second a table summarizer, that generates natural language based on

the text highlighted from the first model. Yang et al. [228] employed a different

strategy, using knowledge distillation to develop smaller models emulating the

results from proprietary GPT models.

LLMs can be used on new domains without task-specific fine-tuning. Chen et

al. [33] utilize GPT-3.5 [28] to generate reasoning paths from tables and concludes

that fine-tuned LMs exhibit superior performance in surface realizations, whereas

LLMs excel in quality-based human evaluation, though they do not quantitatively

assess the performance difference. DATER [235] utilizes LLMs and few-shot

learning for table and question decomposition, then utilizes smaller tables and

simpler questions to solve Table Question Answering (Table QA). BINDER

[39] uses in-context learning to determine relevant entities within the input table

before answering queries. ToolWriter [72] utilizes GPT-3.5 as a tool calling

model to process tables before answering queries with a QA-tuned BERT-based

model. SCITAB [131] employs models to study LLMs’ fact-checking capabilities,

concluding that they fall short when compared to human performance levels, that

CoT [219] does not aid the task, and that LLMs outperform fine-tuned LMs on

the proposed dataset. Finally, Zhao et al. [251] investigate data insight generation

on LogicNLG [34] and LoTNLG [251].

3.1.2 Experimental Setting

Given a structured table containing relational data, numerical data, or a com-

bination of the two, the goal is to generate a natural language description that

coherently conveys the key information present in the table. The generated text

should capture the most salient facts while omitting irrelevant details. The task

requires the model to understand the table structure, content, and context. Due

to the heterogeneous nature of table data, we evaluate models on the following

requirements: (i) handling diverse table structures, (ii) identifying and focusing

on the most relevant subsets of table data, (iii) performing logical reasoning and

numerical operations, and (iv) generating grammatically correct text.
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Dataset Domain Documents Dimensions Tokens

train val test rows columns (table description)

WebNLG [70] General Purpose 5,573 790 - 14.82 3.00 19.77

NumericNLG [198] Scientific Tables 1,084 136 135 8.13 5.56 128.42

ToTTo [162] General Purpose 131,849 7,700 7,700 32.87 5.31 14.84

Table 3.1: Table-to-text datasets

Datasets. We have selected three publicly available table-to-text datasets to

test LLMs, as detailed in Table 3.1. WebNLG [70] is constituted by sets of

factual statements, in the form of triples. Each table is coupled with a textual

description that covers the entire content of the table. NumericNLG [198] contains

numerical tables extracted from scientific sources. Each table is accompanied by a

list of target row indexes and column headers, which must be referenced in the

textual description. The remainder of the table is essential for logical inference.

Finally, ToTTo [162] contains large tables, with the description only covering a

few highlighted cells. Due to the size of the ToTTo dataset and the costs associated

with running inference with LLMs, we utilize the same sample commonly used in

literature experiments [197].

Models. We select two language models with significantly different scales, de-

ployment characteristics, and accessibility profiles. GPT-3.5 [28] represents the

larger option, with approximately 175B parameters. This model has demonstrated

strong generalization capabilities across a wide range of natural language tasks

and is accessible exclusively through OpenAI 1 API. GPT-3.5 is privately owned,

so no computational resources are necessary for deployment. For the open-source

counterpart, LLaMa2-7B [208] is significantly smaller and can be deployed on

consumer-grade GPUs. Despite the smaller size, the model has shown competitive

performance on multiple benchmarks and represents a realistic option for local

deployment [208]. These models allows us to investigate three dimensions of the

table-to-text problem. First, it allows to compare the effect of model scale on

performance, especially when structural understanding is required. Second, by

comparing proprietary and open-weight models we can understand the trade-offs

between accuracy and costs under substantially different infrastructure require-

ments. Finally, the setup provides insights into the extent to which open-source

models can approximate the performance of large commercial LLMs on text

1https://openai.com/
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Prompt Template

User: You are given a table in one of the following formats:

html, plain text, or json.

Your job is to use the table content to produce a short

paragraph.

The paragraph must have the following properties:

- it must be a few sentences long, if you believe that a

single sentence is enough you can use a single sentence

- all the information in the table must be included in the

paragraph

- it must not include information that is not available in

the table

- it must not mention that the paragraph comes from a table

TABLE:

{table}

PARAGRAPH:

Figure 3.1: Table-to-text prompt template for WebNLG

generation from structured data.

Generation Approaches. We empirically analyze models’ performance under

different settings and table structures. First, we prompt models with unstructured

tables, i.e. tables linearized into plain text without separators. Then, models are

queried with structured tables, using JSON and HTML formats. In the JSON

setting, tables are linearized into a list of dictionaries containing cell values, rows

indexes, column headers, and information about spanning cells, while the HTML

setting consists of tables in HTML representation.

The WebNLG dataset contains stacked triples rather than tables. These are

organized with headers labeled as subject, relationship, and object. NumericNLG

tables are concatenated with the provided context before feeding them to the model.

Additionally, the prompt specifies a list of target entities, along with their locations,

that must be included in the generated description. Finally, cells highlights from

ToTTo are used to augment the table representations. Structured representations

are augmented adding a highlight attribute to each cell and unstructured tables are

augmented using special "HIGHLIGHT" tokens. All our prompt templates are

reported in Table 3.1, Table 3.2, and Table 3.3.
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Prompt Template

User: You are given a table in one of the following formats:

html, plain text, or json.

The table is accompanied by a context and a target list.

The targets are to be found in the row indexes.

The context can be in the form of table caption, title, or

some other text.

Your job is to use the table and the context to produce a

paragraph.

The paragraph must have the following characteristics:

- it must be structured in a way that allows the reader to

understand it without seeing the table

- it can’t contain lists

- it can only mention the entities in the target list

TABLE:

{plain table}

TARGET LIST:

{target list}

PARAGRAPH:

Figure 3.2: Table-to-text prompt template for NumericNLG

Fine-Tuning Strategy. As far as tuning is concerned, we sample 1,000 examples

from each training dataset and fine-tune using Low-Rank Adaptation (LoRA) [88].

We run fine-tuning for a single epoch using a learning rate of 1e-5, standard LoRA

settings, and a batch size of 2. Fine-tuning and inference are run on a single A100

GPU with 40GB of RAM.

3.1.3 Evaluation Metrics

We employ n-gram overlap metrics for syntactic assessment and entailment-based

metrics for semantic evaluation. Regarding n-gram metrics, we present results for

BLEU [161], ROUGE [118], METEOR [17], and TER [193]. Additionally, we

utilize PARENT [55] to compare the generated text not only to the reference table

descriptions but also to the input tables. Among the entailment-based metrics, we

include BERTScore [246] and BLEURT [186].
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Prompt Template

User: You are given a table in one of the following formats:

html, plain text, or json.

The table is accompanied by a context.

The context is in the form of page title, table title,

section title, and a few sentences taken from the same

section as the table.

The table has some highlighted cells.

Your job is to use the table and the context to produce a

paragraph.

The paragraph must have the following characteristics:

- it must be structured in a way that allows the reader to

understand it without seeing the table

- it can’t contain lists

- it must be only a single sentence long

- {highlight instructions}
- it must not explicitly mention that some cells are

highlighted

TABLE:

{plain table}

CONTEXT:

page title: {page title}
section title: {section title}
section text: {section text}

PARAGRAPH:

Figure 3.3: Table-to-text prompt template for ToTTo

BLEU. The Bilingual Evaluation Understudy (BLEU) metric measures the dif-

ferences between machine-generated and human-written text. BLEU computes

the number of n-grams (ordered sequence of N words) matching between machine-

and human-written text. The metric is based on Modified N-gram Precision:

pn =

∑

C∈Candidates

∑

n-gram∈C Countclip(n-gram)
∑

C′∈Candidates

∑

n-gram’∈C′ Count(n-gram’)

where Countclip(n-gram) is the number of times the n-gram is matched, clipped

by the maximum count in the reference sentence.

To avoid bias toward shorter text, BLEU is computed by multiplying the

geometric average of precisions by a brevity penalty:
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BP =

{

1 if c > r

exp(1− r
c ) if c ≤ r

;BLEU = BP × exp

(

N
∑

n=1

wn log pn

)

where c and r are the candidate and reference lengths respectively.

ROUGE. The Recall-Oriented Understudy for Gisting Evaluation (ROUGE) is

a recall oriented metric designed to determine the quality of a machine-generated

text with respect to one or more human-written versions. This measures the

number of n-grams matching between a candidate and reference text. Among the

numerous versions of ROUGE, two are used the most: ROUGE-N and ROUGE-

L. The N-gram co-occurrence statistic, ROUGE-N measures the n-gram recall

between the candidate and reference text. Specifically, ROUGE-N measures the

ratio of matching n-grams over the total from the reference texts:

ROUGE −N =

∑

S∈References

∑

gramn∈S Countmatch(gramn)
∑

S∈References

∑

gramn∈S Count(gramn)

ROUGE-L is based on the Longest Common Subsequence (LCS) and is an

F1-based metric. Given the LCS between a candidate X , of length m, and a

reference Y , of length n, the measure is based on the following equations:

Rlcs =
LCS(X,Y )

m
;Plcs =

LCS(X,Y )

n
;Flcs =

1 + β2PlcsRlcs

β2Plcs +Rlcs

METEOR. The Metric for Evaluation of Translation with Explicit Ordering

(METEOR) addresses some limitations of BLEU, solely relying on exact word

matches. Specifically, METEOR integrates a Porter Stem module and a WordNet

Synonymy module. The first maps unigrams with each other if they share the same

stems after being processed, and the second maps unigrams if they are synonyms.

Once words are aligned, precision is computed as the ratio of matched unigrams

over the total from the candidate text and recall as the ratio of matched unigrams

over the total from the reference. The metric accounts for fragmentation using a

penalty.
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ρ = 0.5×
(

# chunks

# matched unigrams

)3

;Fmean =
10PR

R+ 9P
; s = Fmean × (1− ρ)

TER. The Translation Error Rate (TER) measures the quality of machine gener-

ated text by measuring the minimal amount of editing required to transform the

machine-generated text into the human-written counterpart. Editing is define by

operations of insertion, deletion, substitution, and shift. Once the number of edits

is counted, TER is computed as

TER =
# edits

average number of words in the reference

PARENT. The Precision And Recall of Entailed N-grams from the Table

(PARENT) improves over n-gram overlap metrics by accounting for text con-

taining information not found in the source tables. First, n-grams from the gen-

erated text are matched with n-grams from the reference texts. An n-gram is

considered correct if it is contained in the reference or it has a high probability of

being entailed in the table. N-gram entailment is computed as the percentage of

tokens matching in the flattened table. Then, n-gram precision (PN ) and recall are

computed as METEOR and the PARENT score uses a standard F1 formulation:

Ep = (
4
∏

i=1

Pi)
1

4 ;Er = Er(R)1−λEr(T )
λ;PARENT =

2EpEr

Ep + Er

BERTScore. This is an automatic evaluation metric designed for text generation.

The metric measures the semantic equivalence between a candidate and a reference

sentence. BERTScore uses pre-trained contextual embedding models to represent

sequences of tokens as vector representations. First, all tokens in a candidate and

reference sequence are embedded. Then, cosine similarity and greedy matching

are used to match the most similar tokens from the two sequences. Precision and

recall are calculated by matching the tokens from the reference and candidate

sequences respectively. F1 is computed as the harmonic mean of precision and

recall.
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Model Template BLEU R-1 R-2 R-L METEOR TER BERTScore BLEURT

Zero-Shot Prompting

GPT-3.5 plain 34.80 69.60 44.72 54.66 40.01 74.67 94.17 70.58

HTML 39.58 72.61 47.88 57.52 41.29 64.45 94.47 72.43

JSON 37.55 70.48 45.78 54.74 40.83 70.64 93.84 70.27

LLaMa2 plain 22.06 56.81 33.71 42.45 34.65 126.92 91.96 60.5

HTML 23.88 58.14 35.05 43.69 35.17 118.7 92.18 61.56

JSON 21.68 53.74 31.44 40.13 33.73 132.84 91.05 54.73

Fine-Tuned Models

LLaMa2 51.42 78.14 53.91 62.92 40.72 43.46 95.40 75.55

ExT5large [12] 35.03 - 48.17 - 36.50 - - -

PaLM540B [42] 49.30 - - - - - - -

T5CP [45] 55.41 - - - 42.00 39.10 - 63.00

Table 3.2: Metrics on WebNLG.

BLEURT. This is a learned metric designed to evaluate similarity between

sentences. Bilingual Evaluation Understudy with Representations from Trans-

formers (BLEURT) uses BERT to capture semantic-level similarities. Given a

candidate and reference, BERT is trained to output the embedding for a special

[CLS] token, which is then mapped to a [0, 1] score using a linear layer.

3.1.4 Results

This section details the analysis of the experimental results on the three selected

datasets. We assess performance of zero-shot and fine-tuned approaches.

WebNLG analysis. In the zero-shot settings, GPT-3.5 consistently demonstrates

superior performance over LLaMa2. The performance gap is evident across

both semantic and syntactic evaluations and prompting strategies. About input

representations, both models exhibit consistently better results when prompted

with HTML tables. LLaMa2 shows significant improvements when fine-tuned

compared to the zero-shot counterparts. The comparisons with literature models

shows that the fine-tuned model exhibits competitive performance regardless of

the minimal training sample. The metrics for WebNLG are reported in Table 3.2.

NumericNLG analysis. The results for NumericNLG, reported in Table 3.3

present a different pattern regarding input formats. Unlike with WebNLG, GPT-3.5

displayed no distinct preference for table representations, with plain, HTML, and

JSON performing comparably. LLaMa2 generally achieved higher scores using
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Model Template BLEU R-1 R-2 R-L METEOR TER PARENT BERTScore BLEURT

Zero-Shot Prompting

GPT-3.5 plain 5.44 33.47 10.48 21.57 16.49 133.53 16.52 85.74 32.53

HTML 5.47 33.04 10.23 21.40 15.94 134.52 16.52 85.48 32.69

JSON 5.25 32.93 10.34 21.38 16.03 135.77 16.51 85.32 32.08

LLaMa2 plain 5.23 35.26 9.74 21.59 14.82 107.32 12.49 86.32 29.22

HTML 5.52 35.23 10.78 22.49 15.07 107.16 13.25 86.42 29.55

JSON 4.54 33.73 9.91 21.41 14.59 128.63 12.67 85.64 28.50

Fine-Tuned Models

LLaMa2 5.71 36.47 14.18 27.08 12.48 88.11 14.44 87.55 33.62

T5template [198] 5.02 – – 30.25 20.11 – 15.09 87.68 –

TASD [32] – – – 20.40 11.87 – – – –

Table 3.3: Metrics on NumericNLG.

the HTML format. However, on this dataset, the performance improvement is not

strictly related to formatting and seems to be negligible. As for WebNLG, fine-

tuning LLaMa2-7B is sufficient to achieve superior scores, even though PARENT

remains greater with GPT-3.5. Finally, the fine-tuned LLaMa2 achieved results

comparable to the literature counterparts.

ToTTo analysis Table 3.4 shows the results on ToTTo. This dataset poses

unique challenges due to table size and the requirement to focus on the highlighted

cells. In zero-shot experiments with GPT-3.5, the plain table format consistently

outperformed structured formatting across all metrics. LLaMa2, on the other hand,

showed mixed results. While HTML achieved the highest BLEU score, plain text

was superior for other metrics. Notably, BLEURT scores remained exceptionally

low for zero-shot attempts. Fine-tuning LLaMa2 provided significant performance

gains over the zero-shot baseline.

Model Template BLEU R-1 R-2 R-L METEOR TER PARENT BERTScore BLEURT

Zero-Shot Prompting

GPT-3.5 plain 8.30 37.04 18.91 27.92 26.75 290.10 39.05 88.11 -0.484

HTML 8.30 35.52 17.89 26.77 26.41 284.80 37.44 87.09 -0.521

JSON 6.90 31.89 15.65 24.18 23.71 324.07 34.38 83.08 -0.614

LLaMa2 plain 3.60 27.12 11.24 20.68 17.53 358.13 24.11 76.93 -0.769

HTML 4.00 23.79 10.29 18.04 17.36 369.59 22.07 75.11 -0.864

JSON 3.40 16.98 7.12 12.79 13.91 388.46 16.25 59.00 -1.131

Fine-Tuned Models

LLaMa2 28.00 54.81 34.04 46.88 26.03 72.06 36.93 85.26 -0.218

Table 3.4: Metrics on ToTTo.
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Model Template BLEU R-1 R-2 R-L METEOR TER PARENT BERTScore BLEURT

Zero-Shot Prompting

GPT-3.5 plain 16.31 54.45 30.00 41.07 33.48 143.70 47.38 85.58 -0.269

HTML 17.57 55.10 29.97 41.38 34.44 129.41 47.01 86.53 -0.180

JSON 17.13 53.12 29.29 40.29 34.24 136.65 47.84 86.10 -0.244

ToTTo 18.70 56.57 31.65 43.68 34.70 118.36 47.52 87.09 -0.081

LLaMa2 ToTTo 15.30 51.80 27.18 38.86 30.98 126.52 38.48 85.53 -0.188

Fine-Tuned Models

LLaMa2 ToTTo 45.19 67.91 44.38 57.39 35.39 59.51 56.43 90.58 0.176

T5-base-CONT [9] 49.10 – – – – – 58.90 – 0.238

Plan-then-Generate [197] 49.20 – – – – – 58.70 – 0.249

Table 3.5: Metrics on ToTTo reduced tables.

Table Reduction Impact Recognizing that model performance is likely to de-

grade with excessive input length, we designed specific experiments on ”reduced”

ToTTo tables. The experiment involves the removal of non-highlighted cells and

the concatenation with their respective row and column headers. The results are

reported in Table 3.5. First, all metrics have improved significantly across all

zero-shot experiments. Secondly, the results of fine-tuning on pre-processed tables

produces metrics comparable to the SOTA literature counterparts despite using

an order of magnitude less training data. The effectiveness of this representation

is likely due to the removal of unnecessary elements, preventing the model from

incorporating irrelevant content despite being instructed not to do so.
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3.1.5 Human Evaluation

WebNLG. During examination of GPT-3.5 outputs on WebNLG, critical er-

rors are not readily apparent but some minor inconsistencies are noticeable. For

instance, when the text is generated from unstructured tables, there might be incon-

sistencies correlated with shifting subjects from active to passive voice. Despite the

occasional errors, the generated outputs are of good quality and errors altering the

sentence’s meaning are infrequent. Similar errors are observed with the finetuned

version of LLaMa2. Despite the quality of the generated sentences, it is imperative

to acknowledge the model’s inability to fully incorporate the table details from the

provided content. Finally, zero-shot generation with LLaMa2 exhibit significant

hallucinations overall, as the model consistently sources information from memory,

ignoring the table content.

NumericNLG. For NumericNLG, the output generated by GPT-3.5 is typically

satisfactory, covering the necessary information. Despite instructions to solely

reference entities listed in the provided target list, the model often incorrectly un-

necessary entities. Additionally, the model sometimes introduces a table structure

description before delving into the content, which is undesirable. The logical infer-

ence remains accurate overall. Zero-shot generations from LLaMa2 exhibit many

inaccuracies, such as table structure misinterpretations, referencing wrong entities,

and omitting important values. Although fine-tuning enhances performance, we

observed that the resulting outputs lack informativeness. This probably stems

from shortcomings of the training dataset. Consequently, the emphasis seems to

be on mimicking the training dataset style rather than improving the quality of the

generated content.

ToTTo. GPT outputs often incorporate surplus details from the table. Occa-

sionally, these outputs reference non-highlighted cells and the logical deductions

may be inaccurate. Frequently, LLaMa2 doesn’t produce outputs due to the ex-

cessive length of HTML and JSON tables. Generations from plain tables contain

excessive information, attempting to encompass a large portion of the table. Fine-

tuning yields nearly flawless outputs with occasional omissions. Noteworthy is

the pre-processing technique, which lead to favorable generations. The output still

contains excessive information but the generated text is highly satisfactory.
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Model Throughput Cost

WebNLG NumericNLG ToTTo WebNLG NumericNLG ToTTo

plain

GPT-3.5 0.30it/s 0.24it/s 0.72it/s 0.30$ 0.08$ 1.66$

LLaMa2-7B 0.20it/s 0.16it/s 0.26it/s 4.27$ 0.93$ 7.60$

LLaMa2-7Bft 0.12it/s 0.03it/s 0.13it/s 7.12$ 5.00$ 15.21$

JSON

GPT-3.5 0.25it/s 0.22it/s 0.59it/s 1.65$ 0.31$ 14.92$

LLaMa2-7B 0.25it/s 0.19it/s 0.29it/s 4.27$ 0.79$ 6.82$

LLaMa2-7Bft – – – – – –

HTML

GPT-3.5 0.29it/s 0.24it/s 0.69it/s 0.92$ 0.19$ 7.30$

LLaMa2-7B 0.21it/s 0.17it/s 0.24it/s 4.07$ 0.88$ 8.23$

LLaMa2-7Bft – – – – – –

Table 3.6: Throughput and costs of generating table descriptions under different

settings. Inference is run sequentially.

3.1.6 Costs and Inference Times

We report throughput and total experiments costs in Table 3.6. The table reveals

significant variation in model efficiency and operational costs depending on the

input format and dataset. Across all settings, GPT-3.5 consistently achieves the

highest throughput and the lowest cost, with the exception of the inferences run

on the ToTTo dataset under the JSON setting. In contrast, LLaMa2 exhibits

stable throughput across all formats while remaining generally slower and more

expensive than GPT. The higher cost of the open-source model is due to the

significantly slower inference time and the high cost associated GPU (A100

GPU with 40GB of vRAM) rental. Finally, the fine-tuned version of LLaMa2

required additional inference times, further increasing the cost from the open-

source model. While this could be reduced by merging the adapter weights with the

original model, we decided not to merge them and utilize three different adapters

to simulate production settings. This significantly increases the computational

overhead resulting in significantly higher costs.

3.1.7 Conclusions

In this work, we conducted a comprehensive investigation of LLMs for table-

to-text generation across multiple datasets. Our results highlight the zero-shot

capabilities of large-scale LLMs. However, we demonstrated that fine-tuning

smaller models on a small dataset can help to significantly bridge the performance

gap between larger and smaller models. Our fine-tuned version of LLaMa2-7B
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achieved results comparable with the latest SOTA techniques on certain datasets

and metrics, demonstrating that LLMs can leverage their vast knowledge from

pre-training to generalize to new table-to-text distribution in a sample-efficient

manner.

Despite the promising findings, our analysis revealed several important limita-

tions that need to be addressed. First, zero-shot generation from smaller models

often suffer from hallucinations and factual inconsistencies when describing tab-

ular data, limiting their applicability in real-world scenarios. Then, finetuned

models tend to produce outputs lacking informative details, likely due to limita-

tions and biases encountered in the training data. Third, handling complex and

large tables results in degrading quality as the table complexity increases. Finally,

open-source model fine-tuning remains computationally expensive and methods

like LoRA only begin to address these challenges for modest model sizes. The

price associated with slower inference and GPU renting prices, makes deploying

open-source models more expensive and less desirable overall.
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3.2 A Comparative Analysis of State of the Art Chart-

to-Table Models

Data visualization has recently proliferated in the scientific literature and busi-

ness documents. This has been creating vast repositories of information locked

behind graphical representations. Charts, designed to simplify the interpretation

of complex information for the human eyes, act as barriers for machine inter-

pretability. The task of recovering tabular data from charts is formally known

as Chart-to-Table (C2T) mapping [120]. Structured tables are optimized for de-

livering granular data, exact figures essential for scientific and financial analysis.

Consequently, C2T models serve as the crucial link between visual perception

and machine readable knowledge. Traditional LLMs are blind to multi-modal

data, underscoring the need for this comparative evaluation. Today, about 80% of

enterprise data contains visual elements carrying crucial business intelligence and

over 60% of critical business decisions rely on information embedded in visual

components2. Robust C2T capabilities are necessary for digital inclusion and

adhering to web content accessibility guidelines requires providing structured

tables as alternatives to charts.

Retrieving a chart’s underlying table can be challenging. Unlike generic im-

ages, charts rely on intricate visual cues, implicit numerical information, and

complex spatial relationship to convey meaning. While recent MLLMs were

reported to be quite accurate on Chart-to-Table (C2T) after fine-tuning, the biggest

challenge comes from the heterogeneity of real-world chart images, often employ-

ing uncommon formats and multiple overlapping chart types. Moreover, models

must deal with modality hallucinations, where the lack of alignment between

visual and textual elements leads to erroneous data recovery. While recent propri-

etary models have demonstrated remarkable capabilities on standard benchmarks

like ChartQA [138], these are becoming saturated, creating an overly optimistic

perception of progress. There is still a significant discrepancy between benchmark

performance and real world applicability. Models that excel at simple reproduc-

tion often fail with new and complex charts. Understanding which architecture

generalize to diverse and complex chart types is essential for developing reli-

able automated data recovery pipelines. This underscores the need for rigorous

evaluation.

In this chapter, we contribute with a rigorous comparative analysis of SOTA

2https://www.capellasolutions.com/blog/charts-tables-and-dollars-why-visual-intelligence-is-

your-next-strategic-investment
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Chart-to-Table models on standardized benchmarks and real-world usage. We

provide a comprehensive evaluation across a diverse range of chart types to stress

model generalization capabilities. By systematically analyzing the performance

gap, we aim to identify the limitations of current architectures and establish the

baseline for future advancements in the C2T task.

3.2.1 Experimental Setup

Datasets

To systematically to evaluate models in the reconstruction of a variety of chart

types we select the ChartX [224] benchmark, containing 1,152 test samples, each

composed of a chart image, the underlying table, python code to render the chart,

and text descriptions. ChartX contains 18 different chart types, 22 chart topics, and

7 chart related tasks. Most of the chart tasks are related to QA and are unimportant

for our testing. Instead, we rely on the chart reconstruction task. Charts are divided

in three macro categories by level of difficulty. General charts (bar, line, pie, and

variations) are the most simple and are commonly found in scientific and business

related documents. Fine-grained charts (ring, radar, box, 3D-bar, histogram, tree-

map, rose, bubble, multi-axis, and area charts) contain dense information in a small

area. The most difficult tier, Specific charts (heatmap, funnel, and candlestick),

contain the most difficult chart to parse.

Models

We select six SOTA models from the scientific literature, with varying architectures

and sizes, and one proprietary model for comparisons. Among commercial models,

GPT-4o [91] is known for exceptional performance in both reasoning and multi-

modal understanding, serving as a high performing baseline to compare against

smaller, open-source systems. While the model showed promising results in the

interpretation of scientific figures and charts, benchmarks in current papers often

refer GPT-4v [1] for comparison, which is more expensive and offers slower

inference. The smaller and cheaper solution, GPT-4o-mini is also selected to

evaluate the cheapest proprietary solution.

Among open-source counterparts, we select models with varying sizes to

evaluate the correlation between model size and output quality. Our largest

choice is InternVL2-8B [5], that utilizes InternViT [37] vision encoder and uses

dynamic resolution strategies to handle different data types and represents a robust
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open-source alternative against large proprietary models. While this model was

tested for chart understanding, it was never systematically evaluated on the C2T

task. With a similar size, ChartVLM [224] is an interpretable Vision-Language

Model featuring a cascade decoder architecture and an instruction adapter. This

model was selected due to the paper prioritization of structural extraction as a

fundamental task required for interpretability. From the mPLUG series, we utilize

the 8B models mPLUG-DowOwl-1.5-omni and mPLUG-DowOwl-1.5-chat [87].

Both models utilize and H-Reducer, that aggregates horizontal visual features

using convolutions to preserve spatial layout information while reducing the total

length of the sequence, while being directly trained on the C2T task. On the

smaller end of the spectrum, ChartGemma [139] is a 2B parameters Large Visual

Language Model (LVLM) based on the PaliGemma [35] architecture. This model

relies on data tables for training and it is instruction-tuned to directly generate

markdown tables from chart images. Finally, TinyChart [244] is a 3B parameters

model designed to efficiently encode high resolution images by merging similar

visual tokens and trained to generate Program-of-Thought outputs, generating

python code for numerical reasoning instead of performing the reasoning itself.

The model is reported to outperform several >10B parameters models [244],

even on the C2T task. However, the literature lacks systematic chart-type-based

evaluation and comparison with the most recent proprietary solutions.

Each of the selected models is equipped with a different template for table

parsing. For this reason, we consistently use the same template for inference

and design custom post-processing strategies to parse the generated outputs into

structured tables.

Evaluation Metrics

Among the metrics commonly used for Chart-to-Text evaluations, we refer to two

metrics designed to measure the quality of the generated table: RMS [120] and

SCRM [223].

RMS. The Relative Mapping Similarity (RMS) is a metric developed to evaluate

the quality of the generated table with respect to the ground truth, treating the table

as a list of unordered records. Each entry is represented as a tuple pi = (pri , p
c
i , p

v
i )

consisting of a row header, a column header, and the cell value respectively. The

metric considers both the predicted row and column headers’ textual accuracy

and the table values’ numerical precision. For each pair of gt and predicted table

entry, RMS computes the textual distance between the headers and the numerical
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distance between the predicted values. The textual distance is computed as the

Normalized Levenshtein Distance between the concatenated row and column

headers. This is set to 1 if it overcomes a threshold τ . As far as table entries are

concerned, a simple relative distance is computed and the same thresholding logic

is applied. Entry similarity is computed as:

Dτ,θ(p, t) = (1− TextDistance)× (1− NumericDistance)

Entries from the generated and gt tables are aligned by minimal cost matching.

RMS Precision (RMSp) and RMS Recall (RMSr) are computed as the sum of

the similarities from the matched entries over the number of predicted entries (N )

and over the number of target entries (M ) respectively. The final metric (RMSF1)

is the harmonic mean of precision and recall.

SCRM. Structuring Chart-oriented Representation Metric (SCRM) transforms

each table entry into triplet format and then performs matching to determine

accuracy ensuring that the evaluation focuses on factual data relationships rather

than the specific formatting order. Text is compared through the edit distance and

numbers using a relative error threshold. SCRM employs three levels of tolerance

to account for the complexity of different chart types. Tolerances are defined

based on two mathematical thresholds: Jthr is the edit distance threshold between

the predicted and ground truth strings, and ethr is the relative threshold distance

between the predicted and target numerical values.

3.2.2 Quantitative Results

We present the comprehensive results of our experiments in Table 3.7 and Table 3.8

for the RMS and SCRM metrics respectively.

The numbers reported in Table 3.7 show a clear hierarchy of models. GPT-

4o achieved the highest average score or 34.03 while we observe a significant

performance degradation in the distilled counterpart. The smaller GPT-4o achieves

almost systematic lower scores, averaging at ∼8 less points. However, the RMS

results show highly competitive open-source models that are not systematically

outperformed by proprietary counterparts. Ranking first, ChartVLM-large (33.21

points) and ChartVLM-base (30.26 points) are both very close to the much larger

proprietary counterpart. Moreover, these model even surpassed GPT-4o for some

chart types. First among all, the candlestick chart, in which only ChartVLM was

able to achieve appropriate results. While the results obtained by some of this
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models are impressive, their quality remains bounded to the variety in the training

dataset.

Despite the successes, certain chart modalities are intractable for current

models. Across all evaluated models, performance collapses on area charts, box

plots, bubble charts, and radar charts. While this suggests a fundamental limitation

in the models’ ability to interpret complex spatial data, it must be acknowledge

that the purpose of these chart types is not to provide the reader with fine-grained

numerical information, but rather to allow the human to make quick multi-faceted

comparisons without the need to read and compare numbers.

The SCRM metric in Table 3.8 provides a more nuanced view of the models

robustness by introducing relaxation levels. Specifically, the metric reveals both

that smaller models can achieve respectable performance under lenient constraints

and that the gap with larger models could be bigger than previously expected.

While the trend remains substantially the same under strict and slight tolerance

settings, we observe notable shifts in performance dynamics under the high setting.

First, GPT-4o-mini outperforms the larger GPT-4o on tree-maps, scoring 49.0

compared to GPT-4o 40.8, with all other models lagging significantly behind.

Second, the SCRM metric highlights the superior spatial reasoning of the GPT

family. GPT-4o and GPT-4o mini are the only models to exceed a score of 30

on 3D-Bar charts whereas the nearest competitor, ChartVLM-base, only reaches

14. Finally, the constraints relaxation it highlights that some models are unable

to report values without high relative errors. Some models achieve significantly

higher scores for spatially complex charts like bubble, multi-axes, and radar charts,

highlighting their ability in capturing the semantic trend of the data.

3.2.3 Qualitative Results

To complement the quantitative metrics presented in Table 3.7 and Table 3.8, we

conducted qualitative inspections of the generated tables. This allows further

understanding of the differences between the models. For each chart type, we

report examples in Figure 3.4, Figure 3.5, and Figure 3.6.

While larger architectures (GPT-4o, ChartVLM-Large, ChartVLM-Base, Ti-

nyChart, ChartGEMMA) demonstrate robustness in table generation, several

systematic error patterns are evident. The most significantly present are data

translation errors, characterized by the misinterpretation of visual signals into

numerical values. This limitation can be observed even in the low-complexity

examples of Figure 3.4 and the histogram of Figure 3.5, specifically when the

model must interpolate values without explicit data labels. Furthermore, scale
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discrepancies appear in complex visualizations; for instance, TinyChart derives

values an order of magnitude divergent from the represented data in the bubble

chart (Figure 3.6). Finally, value approximation is frequent. While classified as

an error, this reflects the intrinsic ambiguity of unlabeled charts, where precise

extraction is arguably an ill-posed problem even for human observers.

The second most frequent error mines structural integrity, with parsed tables

missing rows and columns, or containing superfluous cells and misaligned headers.

This errors can be commonly observed with a tendency of models to ”flatten”

dimensions, effectively omitting hierarchical structures. While this phenomenon

is most acute in smaller models, it persists in larger architectures, as evidenced by

the examples from TinyChart, ChartGEMMA, and InternVL. Notably, structural

integrity errors are significantly less frequent in proprietary models compared to

their open-source counterparts. This disparity is likely attributable to the massive

datasets used for proprietary tuning, which presumably cover a wider spectrum of

complex chart typologies. Finally, instances occur where headers are incorrectly

reported, even when they are explicitly visible in the chart.

Finally, visual perception errors are evident in the translated charts, typically

arising when the model fails to correctly classify the chart type or decipher textual

content within the image. Optical Character Recognition failures are predomin-

antly observed in smaller models. This is particularly noticeable when reported

numerical values diverge from those explicitly depicted in the images, such as in

pie, ring, and funnel charts. In some instances, axes are truncated, suggesting the

model is unable to perceive the chart’s entirety and consequently reports only a

subset of the underlying tables. Furthermore, higher failure rates correlate with

increased chart complexity. This is most apparent when models report incorrect

column counts (e.g., in box plots, rose charts, 3D-bar charts, bubble charts, multi-

type charts, radar charts, and candle charts) or hallucinate non-existent axes due to

chart type misclassifications (as seen in tree-maps, rose charts, and bubble charts).

3.2.4 Applicability on Complex Real World Documents

Literature tends to prioritize successes, often under-representing edge cases. The

numerical results presented in this section highlight current MLLM capabilities

in the C2T task and only highlights a few edge cases in which models tend

not to produce satisfying results. The largest among the tested models tend to

produce satisfying results, implying deployment to real world scenarios as the

next step. Through this chapter, we would like to further highlight the difficulties

in effectively using this models through the analysis of a few charts, randomly
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Country | Engineering Graduates | Science Graduates
--------+-----------------------+------------------
USA     | 20000                 | 30000            
UK      | 20000                 | 30000            
Germany | 20000                 | 30000            
France  | 20000                 | 30000 

Country | Engineering Graduates | Science Graduates
--------+-----------------------+-------------------+-------+------
USA     |                       | 20000             |       | 30000
UK      |                       | 20000             |       | 30000
Germany | 20000                 |                   | 30000
France  | 20000                 |                   | 30000

Country | Engineering Graduates | Science Graduates
--------+-----------------------+------------------
USA     | 50000                 | 30000            
UK      | 48000                 | 27000            
Germany | 47000                 | 29000            
France  | 47000                 | 25000 

Country | Engineering Graduates | Science Graduates
--------+-----------------------+------------------
USA     | 50000                 | 30000            
UK      | 48000                 | 27000            
Germany | 47000                 | 29000            
France  | 47000                 | 25000 

Country | Engineering Graduates | Science Graduates
--------+-----------------------+------------------
USA     | 5.02e+04              | 3.04e+04         
UK      | 2.6e+04               | 2.77e+04         
Germany | 2.01e+04              | 2.92e+04         
France  | 2.69e+04              | 2.63e+04 

Country | Engineering Graduates | Science Graduates
--------+-----------------------+------------------
USA     | 50000                 | 30000            
UK      | 48000                 | 27000            
many    | 47000                 | 29000            
France  | 47000                 | 25000 

Country | Engineering Graduates | Science Graduates
--------+-----------------------+------------------
USA     | 50,000                | 30,000           
UK      | 48,000                | 27,000           
many    | 46,000                | 28,000           
France  | 46,000                | 26,000 

Country | Engineering Graduates | Science Graduates
--------+-----------------------+------------------
USA     | 30,000                | 50,000           
UK      | 28,000                | 48,000           
Italy   | 29,000                | 47,000           
France  | 26,000                | 47,000 

Country | Engineering Graduates | Science Graduates
--------+-----------------------+------------------
USA     | 25083                 | 24967            
UK      | 23152                 | 23037            
many    | 23152                 | 23037            
France  | 23152                 | 23037 

Country | Engineering Graduates | Science Graduates
--------+-----------------------+------------------
USA     | 2.98e+04              | 4.99e+04         
UK      | 2.63e+04              | 4.76e+04         
Many    | 2.85e+04              | 4.66e+04         
France  | 2.41e+04              | 4.66e+04 

Country | Engineering Graduates | Science Graduates
--------+-----------------------+------------------
USA     | 29600                 | 49600            
UK      | 56000                 | 47000            
France  | 47000                 | 37000 

Area          | House Cost | Rent
--------------+------------+-----
North America | 400000     |     
Europe        | 500000     |     
Asia          | 300000     |     
Africa        | 200000 

Area          | House Cost | Rent
--------------+------------+-------
North America | 400000     | 200000
Europe        | 500000     | 300000
Asia          | 300000     | 30000 
Africa        | 200000     | 20000 

Region | Average house cost | Average rent
--------------+--------------------+-------------
North America | 400000             | 000         
Europe        | 500000             | 000         
Asia          | 300000             | 000         
Africa        | 200000             | 000 

Region | House Cost(dollars) | Rent(dollars)
--------------+---------------------+--------------
North America | 400000              | 1000         
Europe        | 500000              | 1200         
Asia          | 300000              | 1500         
Africa        | 200000              | 1000 

Area          | House Cost | 
Rent
--------------+------------+----
-
North America | 400000     | 400 
Europe        | 500000     | 500 
Asia          | 300000     | 300 
Africa        | 200000     | 200 

Area          | House Cost | Rent
--------------+------------+-----
North America | 400000     | 0   
Europe        | 500000     | 0   
Asia          | 300000     | 0   
Africa        | 200000     | 0 

Area          | House Cost | Rent  
--------------+------------+-------
North America | 400000     | 200000
Europe        | 500000     | 300000
Asia          | 300000     | 200000
Africa        | 200000     | 100000

Region        | House Cost ($) | Rent ($)
--------------+----------------+---------
North America | 400000         | 400000  
Europe        | 500000         | 500000  
Asia          | 300000         | 300000  
Africa        | 200000         | 200000 

Area          | House Cost ($) | Rent ($)
--------------+----------------+---------
North America | 400000         | -       
Europe        | 500000         | -       
Asia          | 300000         | -       
Africa        | 200000         | - 

Area          | House Cost | Rent 
--------------+------------+------
North America | 4e+06      | 4e+06
Europe        | 5e+06      | 5e+06
Asia          | 3e+06      | 3e+06
Africa        | 2e+06      | 2e+06

Area          | House Cost | Rent  
--------------+------------+------
-
North America | 400000     | 
398000
Europe        | 498000     | 
504000
Asia          | 300000     | 
302000
Africa        | 202000     | 
204000

Year | Revenue | Profit
-----+---------+-------
2001 | 10      | 4     
2002 | 12      | 5     
2003 | 11      | 6     
2004 | 14      | 8     
2005 | 13      | 10    
2006 | 16      | 12 

Year | Revenue (million dollars) | Profit (million dollars)
-----+---------------------------+-------------------------
2001 | 10                        | 4                       
2002 | 12                        | 5                       
2003 | 11                        | 6                       
2004 | 12                        | 7                       
2005 | 15                        | 10                      
2006 | 16                        | 12 

Year | Revenue | Profit
-----+---------+-------
2001 | 10      | 3     
2002 | 12      | 4     
2003 | 11      | 5     
2004 | 15      | 6     
2005 | 14      | 8     
2006 | 17      | 9 

Year | Revenue | Profit
-----+---------+-------
2001 | 10      | 3     
2002 | 12      | 4     
2003 | 11      | 5     
2004 | 15      | 6     
2005 | 14      | 8     
2006 | 17      | 9 

Model: TinyChart
Year | Revenue | Profit
-----+---------+-------
2006 | 17      | 9.1   
2005 | 14      | 7.9   
2004 | 15.3    | 5.6   
2003 | 11.1    | 4.3   
2002 | 12.3    | 2.7   
2001 | 10.1    | 0.8 

Year | Revenue | Profit
-----+---------+-------
2001 | 9.9     | 3.0   
2002 | 11.9    | 4.0   
2003 | 11.0    | 5.0   
2004 | 14.9    | 6.0   
2005 | 13.9    | 8.0   
2006 | 16.9    | 9.0 

Year | Revenue | Profit
-----+---------+-------
2001 | 9.9     | 3.1   
2002 | 12.1    | 4.1   
2003 | 11.1    | 5.1   
2004 | 15.2    | 6.0   
2005 | 14.0    | 8.0   
2006 | 17.0    | 9.0 

Year | Revenue (current million dollars) | Profit (current million dollars)
-----+-----------------------------------+---------------------------------
2001 | 10                                | 0                               
2002 | 12                                | 0                               
2003 | 11                                | 5                               
2004 | 15                                | 6                               
2005 | 14                                | 8                               
2006 | 16                                | 9 

Year | Revenue (million dollars) | Profit (million dollars)
-----+---------------------------+-------------------------
2001 | 9.3                       | 2.8                     
2002 | 10.6                      | 4.5                     
2003 | 10.3                      | 5.7                     
2004 | 14.3                      | 7.1                     
2005 | 14.3                      | 8.3                     
2006 | 17.0                      | 8.8 

Year | Revenue | Profit
-----+---------+-------
2001 | 3.01    | 10    
2002 | 3.98    | 12    
2003 | 5.01    | 11    
2004 | 6.08    | 15    
2005 | 8.05    | 14    
2006 | 8.94    | 16.8 

Year | Revenue | Profit
-----+---------+-------
2001 | 10.01 

Mode of Transportation | Cost | Safety Rating
-----------------------+------+--------------
Train                  | 1000 | 8            
Bus                    | 500  | 7            
Plane | 4000 | 9            
Car                    | 200  | 6 

Mode of transportation | Cost | Safety Rating
-----------------------+------+--------------
Train                  | 1000 | 8            
Bus                    | 500  | 7            
Plane | 4000 | 9            
Car                    | 200  | 6 

Mode of Transportation | Cost | Safety Rating
-----------------------+------+--------------
Train                  | 1000 | 5            
Bus                    | 500  | 7            
Plane | 4000 | 9            
Car                    | 200  | 6 

Mode of Transportation | Cost | Safety Rating
-----------------------+------+--------------
Train                  | 1000 | 58           
Bus                    | 700  | 57           
Plane | 4000 | 59           
Car                    | 200  | 56 

Mode of Transportation | Cost | Safety Rating
-----------------------+------+--------------
Train                  | 1000 | 8            
Bus                    | 500  | 7            
Plane                  | 4000 | 9            
Car                    | 200  | 6 

Mode of Transportation | Cost and Safety Rating | Cost and Safety Rating
-----------------------+------------------------+-----------------------
Train                  | $1000                  | $8                    
Bus                    | $500                   | $7                    
Plane                  | $4000                  | $9                    
Car                    | $200                   | $6 

Mode of Transportation | Cost  | Safety Rating
-----------------------+-------+--------------
Train                  | $1000 | 8            
Bus                    | $500  | 7            
Plane                  | $9    | 4000         
Car                    | $200  | 6 

Mode of Transportation | Cost $ | Safety Rating
-----------------------+--------+--------------
Train                  | 1000   | 8            
Bus                    | 500    | 7            
Plane                  | 4000   | 6            
Car                    | 200    | 9 

Mode of Transportation | Train | Bus | Plane | Car
-----------------------+-------+-----+-------+----
Cost                   | 987   | 497 | 388   | 400
Safety Rating          | 987   | 497 | 388   | 400

Mode of Transportation | Safety Rating | Cost
-----------------------+---------------+-----
Train                  | 1000          | $8  
Bus                    | 500           | $7  
Plane                  | 900           | $900

Mode of Transportation | Cost | Safety Rating
-----------------------+------+--------------
Train                  | 1000 | 8            
Bus                    | 500  | 7            
Plane | 4000 | 9            
Car                    | 200  | 6 

Category | Value
------------+------
Healthcare  | 30%  
Environment | 25%  
Poverty | 20%  
Humanity | 15%  
Education | 10% 

Category | Value
------------+------
Education | 20%  
Healthcare  | 30%  
Environment | 25%  
Poverty | 15%  
Humanity | 10% 

Category | Value
------------+------
Education | 20%  
Healthcare  | 30%  
Environment | 25%  
Poverty | 15%  
Humanity | 10% 

Category | Value
------------+------
Education | 20%  
Healthcare  | 20%  
Environment | 10%  
Poverty | 15%  
Hunanity | 10%  
Environment | 25% 

Category    | Value
------------+------
Education   | 25%  
Healthcare  | 30%  
Environment | 20%  
Poverty     | 15%  
Humanity    | 10% 

Category    | Value
------------+------
Education   | 20%  
Healthcare  | 30%  
Environment | 25%  
Poverty     | 15%  
Humanity    | 10% 

Category    | Value
------------+------
Education   | 20%  
Healthcare  | 30%  
Environment | 25%  
Poverty     | 15%  
Humanity    | 10% 

Category    | Value
------------+------
Healthcare  | 30%  
Environment | 25%  
Poverty     | 15%  
Humanity    | 10%  
Education   | 20% 

Category    | Value
------------+------
Education   | 20%  
Healthcare  | 30%  
Environment | 25%  
Poverty     | 10%  
Humanity    | 15% 

Category    | Value     
------------+-----------
Category    | Amount ()%
Education   | 25%       
Healthcare  | 30%       
Environment | 20%       
Poverty     | 10%       
Humanity    | 15% 

Category | 
Value
------------+-----
-
Education | 20%  
Healthcare  | 30%  
Environment | 25%  
Poverty | 15%  
Humanity | 10% 

Category | Value
------------------------+------
Network Security        | 15%  
Data Storage            | 25%  
Cloud Computing         | 10%  
Artificial Intelligence | 30%  
Internet of Things | 20% 

Category | Value
------------------------+------
Network Security        | 25%  
Data Storage            | 15%  
Cloud Computing         | 30%  
Artificial Intelligence | 10%  
Internet of Things | 20% 

Category | Value
------------------------+------
Network Security        | 25%  
Data Storage            | 30%  
Cloud Computing         | 10%  
Artificial Intelligence | 5%   
Internet of Things | 2% 

Category | Value
------------------------+------
Data Storage            | 25%  
Cloud Computing         | 25%  
Artificial Intelligence | 10%  
Internet of Things | 30%  
Network Security        | 15%  
Internet of Things | 20% 

Category                | Value
------------------------+------
Internet of Things      | 20%  
Artificial Intelligence | 30%  
Cloud Computing         | 10%  
Data Storage            | 25%  
Network Security        | 15% 

Category               
------------------------+-----------
Category                | Percentage
Network Security        | 15.0%     
Data Storage            | 25.0%     
Cloud Computing         | 30.0%     
Artificial Intelligence | 10.0%     
Internet of Things      | 20.0% 

Category                | Value
------------------------+------
Data Storage            | 25%  
Cloud Computing         | 30%  
Artificial Intelligence | 30%  
Internet of Things      | 20%  
Network Security        | 15% 

Category                | Value
------------------------+------
Cloud Computing         | 30%  
Artificial Intelligence | 25%  
Internet of Things      | 20%  
Network Security        | 15%  
Data Storage            | 10% 

Category           | Value
-------------------+------
Internet of Things | 20%  
Network Security   | 15%  
Data Storage       | 25%  
Cloud Computing    | 10%  
Data Center        | 30%  
Network Security   | 20%  
Data Storage       | 25%  
Cloud Computing    | 10%  
Internet of Things | 30% 

Category           | Value
-------------------+------
Internet of Things | 20%  
Network Security   | 15%  
Cloud Computing    | 10% 

Category | Value
------------------------+------
Network Security        | 15%  
Data Storage            | 25%  
Cloud Computing         | 10%  
Artificial Intelligence | 30%  
Internet of Things | 20% 

Figure 3.4: Chart to table examples with various models.
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CHAPTER 3. MULTI-MODAL SUMMARIZATION COMPONENTS

Category           | Value
-------------------+------
Single Family Home | 80   
Condominium        | 60   
Apartment Complex  | 40   
Townhouse          | 20   
Vacation Home      | 10   
Mobile Home        | 5 

Category           | Value
-------------------+------
Single Family Home | 85   
Condominium        | 75   
Apartment Complex  | 60   
Townhouse          | 40   
Vacation Home      | 25   
Mobile Home        | 80 

Category           | Value
-------------------+------
Single Family Home | 50   
Condominium        | 40   
Apartment Complex  | 20   
Townhouse          | 15   
Vacation Home      | 10   
Mobile Home        | 5 

Category | Value | Condominium | Apartment Complex | Townhouse
-------------------+-------+-------------+-------------------+----------
-
Single Family Home | 80    | 60          | 40                | 20
Vacation Home      | 40    | 20          | 20                | 10
Townhouse | 20    | 10          | 30                | 15 
Apartment Complex | 30    | 30          | 30                | 15

Category           | Value | Condominium | Apartment Complex | Townhouse
-------------------+-------+-------------+-------------------+-----------
Townhouse          | 0     | 0           | 0                 | 0
Vacation Home      | 0     | 0           | 0                 | 0
Mobile Home        | 0     | 0           | 0                 | 0
Apartment Complex  | 0     | 0           | 0                 | 0
Condominium        | 0     | 0           | 0                 | 0
Single Family Home | 80    | 60          | 40                | 20

Category           | Value
-------------------+------
Single Family Home | 80   
Condominium        | 60   
Apartment Complex  | 40   
Vacation Home      | 20   
Mobile Home        | 10   
Townhouse          | 5 

Category           | Value
-------------------+------
Single Family Home | 80   
Condominium        | 60   
Apartment Complex  | 40   
Townhouse          | 20   
Vacation Home      | 10   
Mobile Home        | 10 

Category           | Value
-------------------+------
Single Family Home | 80   
Condominium        | 60   
Apartment Complex  | 40   
Townhouse          | 20   
Mobile Home        | 10 

Category           | Value
-------------------+------
Single Family Home | 80   
Condominium        | 60   
Townhouse          | 40   
Vacation Home      | 20   
Apartment Complex  | 10   
Mobile Home        | 40   
Condominium        | 20   
Townhouse          | 20   
Vacation Home      | 10   
Apartment Complex  | 10 

Category           | Value
-------------------+------
Single Family Home | 80   
Condominium        | 60   
Apartment Complex  | 40   
Townhouse          | 30   
Vacation Home      | 20   
Mobile Home        | 10 

Year | Single Family Homes | Condominiums | Townhomes | Apartments
-----+---------------------+--------------+-----------+-----------
2016 | 500                 | 250          | 200       | 300       
2017 | 600                 | 350          | 300       | 400       
2018 | 750                 | 450          | 400       | 500       
2019 | 900                 | 550          | 500       | 600       
2020 | 1100                | 700          | 600       | 800       
2021 | 1400                | 900          | 800       | 1000      
2022 | 1800                | 1200         | 1000      | 1200 

Year | Single Family Homes | Condominiums | Townhomes | Apartments
-----+---------------------+--------------+-----------+-----------
2016 | 400                 | 600          | 1000      | 700       
2017 | 500                 | 700          | 1100      | 800       
2018 | 600                 | 800          | 1200      | 750       
2019 | 700                 | 900          | 1300      | 700       
2020 | 800                 | 950          | 1700      | 750       
2021 | 900                 | 900          | 1800      | 850       
2022 | 1000                | 1050         | 2000      | 800 

Year | Single Family Homes | Condominiums | Townhomes | Apartments
-----+---------------------+--------------+-----------+-----------
2016 | 400                 | 500          | 1000      | 1500      
2017 | 500                 | 600          | 1200      | 1800      
2018 | 600                 | 700          | 1400      | 1900      
2019 | 700                 | 800          | 1600      | 2000      
2020 | 800                 | 900          | 1800      | 2100      
2021 | 900                 | 1000         | 1900      | 2300      
2022 | 1000                | 1100         | 1800      | 2400 

Year | Single Family Homes | Condominiums | Townhouses | 
Apartments
-----+---------------------+--------------+------------+--------
---
2022 | 1000                | 900          | 600        | 400       
2021 | 900                 | 850          | 550        | 350       
2020 | 800                 | 800          | 500        | 300       
2019 | 760                 | 750          | 450        | 250       
2018 | 700                 | 700          | 400        | 200       
2017 | 650                 | 650          | 350        | 150       
2016 | 600                 | 600          | 300        | 100 

Year | Single Family Homes | Condominiums | Townhomes | Apartments
-----+---------------------+--------------+-----------+-----------
2016 | 400                 | 700          | 800       | 1000      
2017 | 500                 | 800          | 900       | 1200      
2018 | 600                 | 900          | 1000      | 1500      
2019 | 700                 | 1000         | 1100      | 1800      
2020 | 800                 | 1100         | 1200      | 2100      
2021 | 900                 | 1200         | 1300      | 2400      
2022 | 1000                | 1300         | 1400      | 2600 

Year | Single Family Homes | Condominiums | Townhomes | Apartments
-----+---------------------+--------------+-----------+-----------
2016 | 400                 | 750          | 750       | 1000      
2017 | 500                 | 900          | 1000      | 1250      
2018 | 600                 | 1100         | 1250      | 1400      
2019 | 700                 | 1200         | 1350      | 1600      
2020 | 800                 | 1300         | 1450      | 1750      
2021 | 900                 | 1400         | 1550      | 1850      
2022 | 1000                | 1500         | 1650      | 2000 

Year | Single-Family Homes | Condominiums | Townhomes | Apartments
-----+---------------------+--------------+-----------+-----------
2016 | 1000                | 750          | 250       | 100       
2017 | 1100                | 800          | 300       | 150       
2018 | 1200                | 900          | 400       | 200       
2019 | 1300                | 1000         | 500       | 250       
2020 | 1400                | 1100         | 600       | 300       
2021 | 1500                | 1200         | 700       | 350       
2022 | 1600                | 1300         | 800       | 400 

Year | Single Family Homes | Condominiums | Townhomes | Apartments
-----+---------------------+--------------+-----------+-----------
2016 | 895                 | 793          | 842       | 1043      
2017 | 1016                | 889          | 938       | 1179      
2018 | 1117                | 995          | 1043      | 1320      
2019 | 1231                | 1100         | 1155      | 1470      
2020 | 1361                | 1225         | 1279      | 1632      
2021 | 1513                | 1360         | 1418      | 1795      
2022 | 1687                | 1512         | 1572      | 1972 

Year | Single Family Homes | Condominiums | Townhomes | Apartments
-----+---------------------+--------------+-----------+-----------
2016 | 411                 | 391          | 1.01e+03  | 150       
2017 | 511                 | 1.01e+03     | 1.19e+03  | 150       
2018 | 611                 | 1.01e+03     | 1.26e+03  | 150       
2019 | 681                 | 1.19e+03     | 1.71e+03  | 150       
2020 | 751                 | 1.26e+03     | 2.03e+03  | 1e+03     
2021 | 861                 | 1.84e+03     | 2.19e+03  | 1e+03     
2022 | 991                 | 1.97e+03     | 2.26e+03  | 1e+03 

Year | Single Family Homes | Condominiums | Townhomes | Apartments
-----+---------------------+--------------+-----------+-----------
2016 | 450 

Year | Single Family Homes | Condominiums | Townhomes | Apartments
-----+---------------------+--------------+-----------+-----------
2016 | 500                 | 750          | 1000      | 1250      
2017 | 600                 | 900          | 1200      | 1500      
2018 | 700                 | 1050         | 1400      | 1750      
2019 | 800                 | 1200         | 1600      | 2000      
2020 | 900                 | 1350         | 1800      | 2250      
2021 | 1000                | 1500         | 2000      | 2500      
2022 | 1100                | 1650         | 2200      | 2750 

Year | Healthcare Budget($B) | Education Budget($B) | Infrastructure Budget($B)
-----+-----------------------+----------------------+--------------------------
2019 | 30                    | 25                   | 20                       
2020 | 32                    | 27                   | 22                       
2021 | 35                    | 30                   | 25                       
2022 | 40                    | 35                   | 30                       
2023 | 45                    | 40                   | 35 

Year | Public Policy Area | Revenue Category | Infrastructure Budget(SB)
-----+--------------------+------------------+---------------------------
2023 | 45                 | 50               | 55
2022 | 40                 | 45               | 50
2021 | 35                 | 50               | 50
2020 | 30                 | 40               | 45
2019 | 25                 | 45               | 40

Year | Healthcare Budget($B) | Infrastructure Budget($B) | Education Budget($B)
-----+-----------------------+---------------------------+---------------------
2023 | 20                    | 25                        | 30                  
2022 | 25                    | 27                        | 35                  
2021 | 26                    | 28                        | 37                  
2020 | 27                    | 29                        | 39                  
2019 | 28                    | 30                        | 40 

Year | Healthcare Budget(%) | Education Budget(%) | Infrastructure Budget(%)
-----+----------------------+---------------------+-------------------------
2023 | 45.6                 | 20.7                | 15.2                    
2022 | 42.9                 | 42.3                | 14.8                    
2021 | 40.2                 | 41.9                | 14.5                    
2020 | 38.9                 | 41.2                | 14.2                    
2019 | 37.2                 | 36.9                | 13.7                    
2018 | 35.9                 | 35.3                | 13.2                    
2017 | 34.5                 | 34.9                | 12.8 

Sure                                                                      | […]
--------------------------------------------------------------------------+----
```csv
Year                                                                      | […]
2023                                                                      | […]
2022                                                                      | […]
2021                                                                      | […]
2020                                                                      | […]
2019                                                                      | […] 
```
This table represents the government spending on key public policy areas from 
2019 to 2023

Year | Education Budget ($B) | Healthcare Budget ($B) | Infrastructure Budget ($B)
-----+-----------------------+------------------------+---------------------------
2023 | 20                    | 20                     | 20                        
2022 | 15                    | 15                     | 15                        
2021 | 10                    | 10                     | 10                        
2020 | 5                     | 5                      | 5                         
2019 | 0                     | 0                      | 0                         
2018 | 0                     | 0                      | 0                         
2017 | 0                     | 0                      | 0                         
2016 | 0                     | 0                      | 0                         
2015 | 0                     | 0                      | 0                         
2014 | 0                     | 0                      | 0                         
2013 | 0                     | 0                      | 0                         
2012 | 0                     | 0                      | 0                         
2011 | 0                     | 0                      | 0                         
2010 | 0                     | 0                      | 0 
[…] 

Public Policy Area | 2019 | 2020 | 2021 | 2022 | 2023
-------------------+------+------+------+------+-----
Healthcare         | 45   | 40   | 35   | 30   | 25  
Infrastructure     | 40   | 35   | 30   | 25   | 20  
Education          | 35   | 30   | 25   | 20   | 15 

| Education Budget($B) | Healthcare Budget($B) | Infrastructure Budget($B)
-----+----------------------+-----------------------+--------------------------
2023 | 17.5                 | 8.5                   | 9.0                      
2022 | 16.5                 | 7.5                   | 10.0                     
2021 | 15.5                 | 6.5                   | 11.0                     
2020 | 14.5                 | 5.5                   | 12.0                     
2019 | 13.5                 | 4.5                   | 13.0 

Year                      | Government Spending on Key Public Policy Areas […]
--------------------------+-------------------------------------------------
2023                      | 40                                                      
2022                      | 35                                                      
2021                      | 30                                                      
2020                      | 25                                                      
2019                      | 23                                                      
Infrastructure Budget($B) | 30                                                      
Education Budget($B)      | 25                                                      
Healthcare Budget($B)     | 15                                                      
45                        | 45 

2023                                                     | […]
---------------------------------------------------------+-----
Government Spending on Key Public Policy Areas 2019-2023 | […]
2023                                                     | […]

Year | Healthcare Budget($B) | Education Budget($B) | Infrastructure Budget($B)
-----+-----------------------+----------------------+--------------------------
2019 | 30                    | 20                   | 10                       
2020 | 32                    | 22                   | 12                       
2021 | 34                    | 24                   | 14                       
2022 | 36                    | 26                   | 16                       
2023 | 38                    | 28                   | 18 

Platform  | Engagement Time (Minutes)
----------+---------------------------+-----+------+------+------+------+-----
YouTube   |                           | 0.0 | 10.0 | 20.0 | 30.0 | 40.0 | 50.0
Snapchat  |                           | 0.0 | 10.0 | 20.0 | 30.0 | 40.0 | 50.0
Reddit    |                           | 0.0 | 10.0 | 20.0 | 30.0 | 40.0 | 50.0
LinkedIn  |                           | 0.0 | 10.0 | 20.0 | 30.0 | 40.0 | 50.0
Twitter   |                           | 0.0 | 10.0 | 20.0 | 30.0 | 40.0 | 50.0
Instagram |                           | 0.0 | 10.0 | 20.0 | 30.0 | 40.0 | 50.0
Facebook  |                           | 0.0 | 10.0 | 20.0 | 30.0 | 40.0 | 50.0

Platform  | Min | Q1  | Median | Q3  | Max | Outlier
----------+-----+-----+--------+-----+-----+----------
Facebook  | 50  | 200 | 300    | 400 | 500 | []       
Instagram | 250 | 320 | 240    | 350 | 400 | [30;600] 
Twitter   | 100 | 200 | 250    | 300 | 450 | [35;600] 
LinkedIn  | 150 | 220 | 230    | 310 | 400 | [340;600]
Reddit    | 100 | 250 | 280    | 320 | 450 | [400;500]
Snapchat  | 50  | 150 | 250    | 330 | 420 | [500]    
YouTube   | 10  | 20  | 250    | 340 | 430 | [YouTube]

Platform  | Min | Q1  | Median | Q3  | Max | Outlier
----------+-----+-----+--------+-----+-----+---------
Facebook  | 280 | 280 | 300    | 380 | 420 | []      
Instagram | 320 | 290 | 310    | 390 | 450 | [35;400]
Twitter   | 150 | 280 | 280    | 310 | 370 | [35;500]
LinkedIn  | 290 | 290 | 290    | 310 | 480 | [35;500]
Reddit    | 150 | 280 | 280    | 320 | 380 | [35;500]
Snapchat  | 280 | 280 | 290    | 330 | 450 | [45;550]
YouTube   | 350 | 280 | 280    | 350 | 530 | [35;550]

Social Media Platform | Engagement Time (minutes)
----------------------+--------------------------
Facebook              | 28                       
Instagram             | 33                       
Twitter               | 29                       
LinkedIn              | 31                       
Reddit                | 26                       
Snapchat              | 34                       
YouTube               | 27 

Characteristic | Engagement time
---------------+----------------
YouTube        | 50.0           
Snapchat       | 40.0           
Reddit         | 30.0           
LinkedIn       | 20.0           
Twitter        | 10.0           
Instagram      | 0.0            
Facebook       | 0.0 

Platform  | Engagement Time (Minutes)
----------+--------------------------
YouTube   | 30.0                     
Snapchat  | 30.0                     
Reddit    | 30.0                     
LinkedIn  | 30.0                     
Twitter   | 30.0                     
Instagram | 30.0                     
Facebook  | 30.0 

Social Media Platform | Engagement Time (Minutes)
----------------------+--------------------------
Facebook              | 30                       
Instagram             | 35                       
Twitter               | 30                       
LinkedIn              | 30                       
Reddit                | 25                       
Snapchat              | 25                       
YouTube               | 35 

Social Media Platform | Engagement Time (Minutes)
----------------------+--------------------------
YouTube               | 20.65 ± 1.34             
Snapchat              | 19.78 ± 1.22             
Reddit                | 18.66 ± 1.09             
LinkedIn              | 18.23 ± 1.04             
Twitter               | 17.59 ± 0.96             
Instagram             | 17.35 ± 0.92             
Facebook              | 15.93 ± 0.87 

Social Media Platforms | YouTube | Snapchat | Reddit | LinkedIn | Twitter | […]
-----------------------+---------+----------+--------+----------+---------+ […]
0.0                    | 0.0001  | 0.0001   | 0.0001 | 0.0001   | 0.0001  | […]
10.0                   | 0.0001  | 0.0001   | 0.0001 | 0.0001   | 0.0001  | […]
20.0                   | 0.0001  | 0.0001   | 0.0001 | 0.0001   | 0.0001  | […]
40.0                   | 0.0001  | 0.0001   | 0.0001 | 0.0001   | 0.0001  | […]
50.0                   | 0.0001  | 0.0001   | 0.0001 | 0.0001   | 0.0001  | […]

Social Media Platforms (2022) | YouTube | Snapchat | Reddit | LinkedIn
------------------------------+---------+----------+--------+----------+-----
Engagement Time (Minutes)     | 0.00    | 10.0     | 30.0   | 40.0     | 50.0
Twitter                       | 0.00    | 29.01    | 29.01  | 40.0     | 50.0
Instagram                     | 0.00    | 29.01    | 29.01  | 40.0     | 50.0
Facebook                      | 0.00    | 29.01    | 29.01  | 40.0     | 50.0

Platform  | Min | Q1 | Median | Q3 | Max | Outliers
----------+-----+----+--------+----+-----+---------
YouTube   | 5   | 15 | 25     | 35 | 45  | 50      
Snapchat  | 5   | 15 | 25     | 35 | 45  | 50      
Reddit    | 5   | 15 | 25     | 35 | 45  |         
LinkedIn  | 5   | 10 | 20     | 30 | 40  | 5       
Twitter   | 5   | 15 | 25     | 35 | 45  | 5, 50   
Instagram | 5   | 15 | 25     | 35 | 45  | 50, 50  
Facebook  | 5   | 15 | 25     | 35 | 45 

Category | Value
---------+------
0-2      | 30   
2-4      | 40   
4-6      | 20   
6-8      | 10   
8-10     | 5    
10-12    | 2    
12-14    | 1    
14-16    | 0 

Category | Value
---------+------
0-2      | 30   
2-4      | 45   
4-6      | 25   
6-8      | 10   
8-10     | 5    
10-12    | 3    
12-14    | 2    
14-16    | 1 

Category | Value
---------+------
0-2      | 30   
2-4      | 45   
4-6      | 25   
6-8      | 10   
8-10     | 5    
10-12    | 3    
12-14    | 2    
14-16    | 1 

Category | Value
---------+------
0-2      | 29.8 
2-4      | 45.1 
4-6      | 25.3 
6-8      | 9.6  
8-10     | 4.9  
10-12    | 2.9  
12-14    | 1.9  
14-16    | 1.0 

Category | Value | Number of Facilities
---------+-------+---------------------
0-2      | 30   
2-4      | 45   
4-6      | 25   
6-8      | 10   
8-10     | 5    
10-12    | 3    
12-14    | 2    
14-16    | 1 

Category | Value
---------+------
0-2      | 30   
2-4      | 45   
4-6      | 25   
6-8      | 10   
8-10     | 5    
10-12    | 3    
12-14    | 2    
14-16    | 1 

Category | Value
---------+------
0-2      | 30   
2-4      | 45   
4-6      | 25   
6-8      | 10   
8-10     | 5    
10-12    | 3    
12-14    | 2    
14-16    | 1 

Category | Value
---------+------
0-2      | 31   
24       | 46   
4-6      | 25   
6-8      | 9    
8-10     | 5    
10-12    | 3    
12-14    | 2    
14-16    | 1 

Category | Value
---------+------
0-2      | 30   
2-4      | 45.3 
4-6      | 24.8 
6-8      | 10   
8-10     | 5.2  
10-12    | 3.5  
12-14    | 2    
14-16    | 0.8 

Category | Value | 12-14 | 10-12 | 6-8 | 4-6 | 2-4 | 0-2
---------+-------+-------+-------+-----+-----+-----+----
         | 14-16 | 12-14 | 10-12 | 6-8 | 4-6 | 2-4 | 0-2
14-16    | 12-14 | 10-12 | 6-8   | 4-6 | 2-4 | 0-2

Category | Value
---------+------
0-2      | 30   
2-4      | 40   
4-6      | 25   
6-8      | 10   
8-10     | 5    
10-12    | 3    
12-14    | 3    
14-16    | 1 

Category | Value
----------------------+------
Engineering           | 40   
Medicine              | 30   
Physics | 10   
Chemistry | 5    
Computer Science      | 5    
Biology | 5    
Mathematics | 2    
Environmental Science | 2    
Social Sciences       | 1 

Category | 
Value
----------------------+----
--
Medicine              | 20   
Computer Science      | 25   
Biology | 20   
Environmental Science | 15   
Mathematics | 10 

Category | Value
----------------------+------
Medicine              | 35   
Engineering           | 30   
Chemistry | 25   
Physics | 20   
Environmental Science | 15   
Mathematics | 10 

Category | Value
----------------------+------
Medicine              | 40   
Computer Science      | 40   
Social Sciences       | 20   
Environmental Science | 20   
Physics | 20   
Mathematics | 20 

Category              | Value
----------------------+------
Mathematics           | 10   
Environmental Science | 9    
Physics               | 8    
Engineering           | 7    
Chemistry             | 6    
Social Sciences       | 5    
Computer Science      | 4    
Biology               | 3    
Medicine              | 2 

Category              | Value
----------------------+------
Engineering           | 55   
Physics               | 55   
Chemistry             | 55   
Social Sciences       | 55   
Medicine              | 45   
Computer Science      | 45   
Biology               | 45   
Mathematics           | 45   
Environmental Science | 45 

Category              | Value
----------------------+------
Medicine              | 55   
Engineering           | 25   
Chemistry             | 15   
Computer Science      | 45   
Physics               | 10   
Social Sciences       | 10   
Environmental Science | 10   
Mathematics           | 10 

Category              | Value
----------------------+------
Mathematics           | 10   
Physics               | 20   
Environmental Science | 15   
Social Sciences       | 15   
Biology               | 20   
Computer Science      | 25   
Chemistry             | 15   
Medicine              | 30   
Engineering           | 40 

Category              | Value
----------------------+------
Medicine              | 55   
Computer Science      | 51   
Chemistry             | 51   
Physics               | 48   
Environmental Science | 79   
Mathematics           | 98   
Biology               | 98 

Category    | Value
------------+------
Engineering | 56 

Category | Value
----------------------+------
Engineering           | 20   
Medicine              | 20   
Physics | 15   
Chemistry | 15   
Computer Science      | 10   
Biology | 10   
Social Sciences       | 5    
Environmental Science | 3    
Mathematics | 2 

Figure 3.5: Chart to table examples with various models.
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CHAPTER 3. MULTI-MODAL SUMMARIZATION COMPONENTS

Field      | 2018 (%) | 2019 (%) | 2020 (%) | 2021 (%) | 2022 (%)
-----------+----------+----------+----------+----------+---------
Education  | 25       | 28       | 30       | 32       | 35      
Sociology  | 20       | 22       | 24       | 26       | 28      
Psychology | 18       | 20       | 22       | 24       | 26      
History    | 15       | 18       | 20       | 22       | 24

Field      | Percentage of funding
-----------+----------------------
Education  | 25                   
Sociology  | 22                   
Psychology | 20                   
History    | 15

Field      | Values
-----------+-------
Education  | 25.0  
Sociology  | 20.0  
Psychology | 18.0  
History    | 15.0

field of research | 2018 | 2019 | 2020 | 2021 | 2022
------------------+------+------+------+------+-----
Education | 25   | 28   | 30   | 32   | 35  
Psychology | 18   | 20   | 22   | 24   | 26  
History           | 15   | 18   | 20   | 22   | 24

Characteristic | 2018 (%) | 2019 (%) | 2020 (%) | 2021 (%) | 2022 (%)
---------------+----------+----------+----------+----------+---------
History        | 15       | 18       | 20       | 22       | 24      
Psychology     | 18       | 20       | 22       | 24       | 26      
Sociology      | 20       | 22       | 24       | 26       | 28      
Education      | 25       | 28       | 30       | 32       | 35

Characteristic | 2018 (%) | 2019 (%) | 2020 (%) | 2021 (%) | 2022 (%)
---------------+----------+----------+----------+----------+---------
Education      | 25       | 28       | 30       | 32       | 35      
Sociology      | 20       | 22       | 24       | 26       | 28      
Psychology     | 18       | 20       | 22       | 24       | 26      
History        | 15       | 18       | 20       | 22       | 24

Field      | 2018 (%) | 2019 (%) | 2020 (%) | 2021 (%) | 2022 (%)
-----------+----------+----------+----------+----------+---------
Education  | 25       | 28       | 30       | 32       | 35      
Sociology  | 20       | 22       | 24       | 26       | 28      
Psychology | 18       | 20       | 22       | 24       | 26      
History    | 15       | 18       | 20       | 22       | 24

| 2018 (%) | 2019 (%) | 2020 (%) | 2021 (%) | 2022 (%)
-----------+----------+----------+----------+----------+---------
Education  | 25.0     | 28.0     | 30.0     | 32.0     | 35.0    
Sociology  | 20.0     | 22.0     | 24.0     | 26.0     | 28.0    
Psychology | 18.0     | 20.0     | 22.0     | 24.0     | 26.0    
History    | 15.0     | 18.0     | 20.0     | 22.0     | 24.0

Field      | 2018 (%) | 2019 (%) | 2020 (%) | 2021 (%) | 2022 (%)
-----------+----------+----------+----------+----------+---------
Education  | 25       | 28       | 30       | 32       | 35      
Sociology  | 20       | 22       | 24       | 26       | 28      
Psychology | 18       | 20       | 22       | 24       | 26      
History    | 15       | 18       | 20       | 22       | 24

Field      | 2018 (%) | 2019 (%) | 2020 (%) | 2021 (%) | 2022 (%)
-----------+----------+----------+----------+----------+---------
Education  | 25       | 28       | 30       | 32       | 35      
Sociology  | 20       | 22       | 24       | 26       | 28      
Psychology | 18       | 20       | 22       | 24       | 26      
History    | 15       | 18       | 20       | 22       | 24

Category | Value
--------------+------
Awareness | 1000 
Interest | 880  
Consideration | 600  
Intent | 400  
Conversion    | 200  
Others        | 160 

Category | Value
--------------+------
Awareness | 1000 
Interest | 800  
Consideration | 600  
Intent | 400  
Conversion    | 200  
Others        | 160 

Category | Value
--------------+------
Awareness | 1000 
Interest | 800  
Consideration | 600  
Intent | 400  
Conversion    | 200  
Others        | 100 

Category | Value
--------------+------
Awareness | 1808 
Interest | 889  
Consideration | 680  
Intent | 408  
Conversion    | 290  
Others        | 160 

Category      | Value
--------------+------
Others        | 160  
Conversion    | 200  
Intent        | 400  
Consideration | 600  
Interest      | 800  
Awareness     | 1000 

Category     
--------------+------
Category      | Value
Awareness     | 1000 
Interest      | 800  
Consideration | 600  
Intent        | 400  
Conversion    | 200  
Others        | 160 

Category      | Value
--------------+------
Awareness     | 100% 
Interest      | 80%  
Consideration | 60%  
Intent        | 40%  
Conversion    | 20%  
Others        | 10% 

Category      | Value
--------------+------
Awareness     | 1000 
Interest      | 800  
Consideration | 600  
Intent        | 400  
Conversion    | 200  
Others        | 160 

Category      | Value
--------------+------
Awareness     | 1000 
Interest      | 800  
Consideration | 600  
Intent        | 400  
Conversion    | 200  
Others        | 160 

Category 
----------+---------
Awareness | Interest
1000      | 800 

Category | Value
--------------+------
Awareness | 1000 
Interest | 800  
Consideration | 600  
Intent | 400  
Conversion    | 200  
Others        | 160 

Date       | Open | High | Low | Close
-----------+------+------+-----+------
2020-07-10 | 212  | 220  | 210 | 218  
2020-07-17 | 216  | 222  | 214 | 220  
2020-07-24 | 214  | 218  | 212 | 216  
2020-07-31 | 218  | 224  | 216 | 222  
2020-08-07 | 216  | 220  | 214 | 218  
2020-08-14 | 218  | 222  | 216 | 220  
2020-08-21 | 220  | 224  | 218 | 222  
2020-08-28 | 218  | 222  | 216 | 220 

Date       | Opening Price ($) | Closing Price ($) | High Price ($) | […]
-----------+-------------------+-------------------+----------------+-----
2020-07-10 | 210               | 223               | 223.5          | 198.5        
2020-07-17 | 217               | 221               | 221.2          | 213.8        
2020-07-24 | 216               | 218               | 220            | 215.2        
2020-07-31 | 210               | 218               | 220.6          | 217.2        
2020-07-08 | 218               | 219               | 221            | 215.5        
2020-07-06 | 217               | 219               | 222            | 214.9        
2020-07-15 | 218               | 220               | 223            | 216.3        
2020-07-14 | 219               | 222               | 223            | 217.7        
2020-07-21 | 222               | 219               | 224            | 219.2        
2020-07-28 | 214               | 219               | 225            | 220.5

Month | Opening Price ($) | Closing Price ($) | High Price ($) | […]
-----------+-------------------+-------------------+----------------+----
-
2020-07-01 | 210               | 214               | 217            | 214          
2020-07-02 | 212               | 217               | 218            | 215          
2020-07-03 | 214               | 218               | 219            | 216          
2020-07-04 | 215               | 219               | 220            | 217          
2020-07-05 | 218               | 219               | 221            | 218          
2020-07-06 | 218               | 220               | 222            | 219          
2020-07-10 | 217               | 221               | 223            | 220          
2020-07-12 | 218               | 222               | 224            | 221          
2020-07-13 | 222               | 223               | 225            | 222          
2020-07-14 | 224               | 225               | 227            | 223          
2020-07-15 | 225               | 226               | 228            | 224          
2020-07-16 | 226               | 227               | 229            | 225          
2020-07-17 | 227               | 228               | 230            | 226          
2020-07-20 | 228               | 229               | 232            | 227          
2020-07-30 | 229               | 229               | 235            | 228

Month | Open   | High   | Low    | Close 
-----------+--------+--------+--------+-------
2024-07-10 | 220.00 | 224.00 | 210.00 | 219.00
2024-07-17 | 219.00 | 220.00 | 217.00 | 218.00
2024-07-24 | 218.00 | 219.00 | 216.00 | 217.00
2024-07-31 | 217.00 | 220.00 | 215.00 | 218.00
2024-08-07 | 219.00 | 220.00 | 217.00 | 218.00
2024-08-14 | 220.00 | 224.00 | 218.00 | 219.00
2024-08-21 | 219.00 | 223.00 | 217.00 | 220.00
2024-08-28 | 218.00 | 221.00 | 216.00 | 217.00

Year       | Values
-----------+--------+----
2024-07-10 | 2019   | 220
2024-07-17 | 2019   | 220
2024-07-24 | 2019   | 216
2024-07-31 | 2019   | 218
2024-08-07 | 2019   | 218
2024-08-14 | 2019   | 222
2024-08-21 | 2019   | 222
2024-08-28 | 2019   | 218

----------------------------------------+------------+---------
Date                                    | Green Bars | Red Bars
2020-07-10                              | 212        | 220     
2024-07-17                              | 220        | 218     
2024-07-24                              | 216        | 214     
2024-07-31                              | 218        | 216     
2024-08-07                              | 216        | 214     
2024-08-14                              | 218        | 214     
2024-08-21                              | 218        | 214     
2024-08-28                              | 216        | 214

Date       | Healthcare Stock Price
-----------+-----------------------
2020-07-10 | 220                   
2020-07-17 | 219                   
2020-07-24 | 216                   
2020-07-31 | 218                   
2020-08-07 | 219                   
2020-08-14 | 221                   
2020-08-21 | 222                   
2020-08-28 | 219

| Jul 10 2020 | Jul 17 | Jul 24 | Jul 31 | Aug 7  | Aug 14 | […]
------+-------------+--------+--------+--------+--------+--------+-----
Red   | 219.65      | 216.52 | 215.71 | 218.17 | 214.46 | 216.63 | […]
Green | 219.65      | 216.52 | 215.71 | 218.17 | 214.46 | 216.63 | […]

Year       | Jul 17 | Jul 24 | Jul 31 | Aug 7 | Aug 14 | Aug 21 | Aug 28
-----------+--------+--------+--------+-------+--------+--------+-------
2024-07-17 | -1%    | -7%    | -1%    | -1%   | -1%    | -1%    | -1%   
2024-07-24 | -1%    | -7%    | -1%    | -1%   | -1%    | -1%    | -1%   
2024-07-31 | -1%    | -7%    | -1%    | -1%   | -1%    | -1%    | -1%   
2024-08-07 | -1%    | -7%    | -1%    | -1%   | -1%    | -1%    | -1%   
2024-08-14 | -1%    | -7%    | -1%    | -1%   | -1%    | -1%    | -1%   
2024-08-21 | -1%    | -7%    | -1%    | -1%   | -1%    | -1%    | -1%   
2024-08-28 | -1%    | -7%    | -1%    | -1%   | -1%    | -1%    | -1%

Date       | Stock Price Trend
-----------+------------------
2020-07-10 | -18%             
2020-07-17 | -17%             
2020-07-24 | -15%             
2020-07-31 | -14%             
2020-08-07 | -12%             
2020-08-14 | -11%             
2020-08-21 | -10%             
2020-08-28 | -9%

Date       | Open | High | Low | Close
-----------+------+------+-----+------
2020-07-10 | 216  | 224  | 210 | 220  
2020-07-17 | 218  | 222  | 216 | 220  
2020-07-24 | 216  | 218  | 212 | 214  
2020-07-31 | 214  | 220  | 212 | 218  
2020-08-07 | 214  | 216  | 212 | 214  
2020-08-14 | 216  | 218  | 214 | 216  
2020-08-21 | 218  | 222  | 216 | 220  
2020-08-28 | 216  | 220  | 212 | 214 

Energy Source | Production Capacity (GW) | Consumption (Million MWh) | […]
--------------+--------------------------+---------------------------+-----
Coal |                          | 6000                      | […]
Gas           |                          | 5000                      | […]
Hydro         |                          | 4000                      | […]
Nuclear |                          | 3000                      | […]
Wind          |                          | 2200                      | […]
Solar         |                          | 1200                      | […]
Biomass |                          | 900                       | […]

Energy Source | Production (Million MWh) | Consumption (Million MWh) […]
--------------+--------------------------+---------------------------+---
Coal | 1000                     | 900                       | 90                     
Gas           | 800                      | 900                       | 80                     
Hydro         | 400                      | 800                       | 90                     
Nuclear | 330                      | 700                       | 130                    
Wind          | 200                      | 500                       | 120                    
Solar         | 150                      | 300                       | 120                    
Biomass | 1000                     | 900                       | 140

Energy Source | Production (Million Tonnes) | Consumption (Million […]
--------------+-----------------------------+-------------------------
-
Coal9000      | 1000                        | 2000                 […]
Gas8300       | 1200                        | 300                  […]
Hydro4000     | 2200                        | 400                  […]
Nuclear3300   | 2500                        | 500                  […]
Wind2200      | 3000                        | 600                  […]
Solar1200     | 4000                        | 700                  […]
Biomass900    | 1500                        | 800                  […]

Energy Source | Consumption (Mtoe)
--------------+-------------------
Coal | 3.5               
Gasoil | 8.67              
Hydroelectric | 8.67              
Nuclear | 8.67              
Wind          | 8.67              
Solar         | 8.67              
Biomass | 8.67

Energy Source | Coal | Hydro | Nuclear | Wind | Solar | Biomass
--------------+------+-------+---------+------+-------+--------
Coal          | 9000 | 0     | 0       | 0    | 0     | 0      
Gas           | 0    | 8300  | 0       | 0    | 0     | 0      
Hydro         | 0    | 0     | 4000    | 0    | 0     | 0      
Nuclear       | 0    | 0     | 0       | 3300 | 0     | 0      
Wind          | 0    | 0     | 0       | 0    | 1200  | 0      
Solar         | 0    | 0     | 0       | 0    | 0     | 900    
Biomass       | 0    | 0     | 0       | 0    | 0     | 0

Energy Source | Consumption (million MWh) | Production capacity (GW) | […]
--------------+---------------------------+--------------------------+-----
Coal9000      | 9000                      | 9000                     | 90                              
Gas8300       | 8000                      | 8000                     | 80                              
Hydro4000     | 2000                      | 2000                     | 50                              
Nuclear3300   | 3000                      | 3000                     | 90                              
Wind2200      | 2000                      | 2000                     | 70                              
Solar1200     | 1000                      | 1000                     | 40                              
Biomass9000   | 1000                      | 1000                     | 40

Energy Source | Production Capacity (GW) | Carbon Emissions (Million Tonnes)
--------------+--------------------------+----------------------------------
Coal          | 1000                     | 100                              
Gas           | 1000                     | 100                              
Hydro         | 1000                     | 100                              
Nuclear       | 1000                     | 100                              
Wind          | 1000                     | 100                              
Solar         | 1000                     | 100                              
Biomass       | 1000                     | 100

Energy Source | Production Capacity (GW) | Consumption (Million MWh) | […]
--------------+--------------------------+---------------------------+-----
Coal9000      | 1500                     | 9000                      | 80                              
Gas8300       | 2500                     | 7200                      | 60                              
Hydro4000     | 1000                     | 3000                      | 50                              
Nuclear3300   | 3000                     | 2000                      | 40                              
Wind2200      | 2000                     | 4000                      | 30                              
Solar1200     | 1500                     | 1200                      | 20                              
Biomass900    | 500                      | 900                       | 10

Energy Source | Consumption (Million MWh)
--------------+--------------------------
8.97e+03      | 1.17e+03                 
9.08e+03      | 2.21e+03                 
9.19e+03      | 3.37e+03                 
9.29e+03      | 3.97e+03                 
9.38e+03      | 4.37e+03                 
9.47e+03      | 4.77e+03                 
9.56e+03      | 5.16e+03                 
9.65e+03      | 5.56e+03                 
9.74e+03      | 5.96e+03                 
9.83e+03      | 6.36e+03                 
9.92e+03      | 6.77e+03                 
9.99e+03      | 7.19e+03                 
1.01e+04      | 7.51e+03                 
1.02e+04      | 7.83e+03                 
1.03e+04      | 8.16e+03
[…]

No data found.

Energy Source | Production Capacity (GW) | Consumption (Million MWh) | […]
--------------+--------------------------+---------------------------+-----
Coal | 2000                     | 9000                      | […]
Gas           | 1750                     | 8300                      | […]
Hydro         | 1000                     | 4000                      | […]
Nuclear | 1250                     | 3300                      | […]
Wind          | 750                      | 2200                      | […]
Solar         | 500                      | 1200                      | […]
Biomass | 250                      | 900                       | […]

Category | Yield (Tonnes) | Production (Tonnes) | Average Price (Dollars)
---------+----------------+---------------------+------------------------
Corn | 6              | 4000                | 3.00                   
Wheat | 10             | 6000                | 3.80                   
Rice     | 4              | 3000                | 2.80                   
Soybeans | 6              | 3500                | 3.20                   
Oats | 8              | 4500                | 3.40                   
Barley | 7              | 5000                | 3.60                   
Rye      | 5              | 2000                | 2.60                   
Sorghum | 4              | 3000                | 2.90                   
Millet   | 3              | 2500                | 2.70

Category | Yield (Tonnes) | Yield (Tonnes) | Average Price (Dollars)
---------+----------------+----------------+------------------------
Corn | 7000           | 4500           | 7                      
Wheat | 8000           | 10.50          | 9                      
Rice     | 4000           | 500            | 0                      
Soybeans | 10500          | 5000           | 0                      
Oats | 6000           | 2.50           | 0                      
Barley | 7500           | 4.00           | 0                      
Rye      | 3500           | 1.70           | 0                      
Sorghum | 7000           | 3.20           | 6                      
Millet   | 5000           | 3.00           | 0

Category | Yield (Tonnes) | Yield (Tonnes)
---------+----------------+----------------+-----
Corn | 7              | 7              | 4500
Wheat | 8              | 8000          
Rice     | 4              | 4000          
Soybeans | 10             | 10500         
Oats | 6              | 6000          
Barley | 6              | 7500          
Rye      | 3              | 3500          
Sorghum | 7              | 3000          
Millet   | 5              | 5000

Category | Yield (tones)
---------+--------------
Corn | 6.8e+03      
Wheat | 8.06e+03     
Rice     | 3.9e+03      
Soybeans | 8.48e+03     
Oats | 6.08e+03     
Barley | 7.3e+03      
Rye      | 2.8e+03      
Sorghum | 6.7e+03      
Millet   | 4.55e+03

Category | Yield (Tonnes) | Production Price (Dollars) | Average Price (Dollars)
---------+----------------+----------------------------+------------------------
Corn     | 7.0            | 4.5                        | 3.0                    
Wheat    | 8.0            | 9.0                        | 3.0                    
Rice     | 4.0            | 0.6                        | 0.6                    
Soybeans | 10.0           | 10.0                       | 3.0                    
Oats     | 6.0            | 6.0                        | 3.0                    
Barley   | 7.5            | 6.0                        | 3.0                    
Rye      | 3.5            | 0.5                        | 0.5                    
Sorghum  | 7.0            | 6.5                        | 3.0                    
Millet   | 5.0            | 3.0                        | 2.0

Category | Yield (Tonnes) | Average Price (Dollars)
---------+----------------+------------------------
Corn     | 7.0            | $3.80                  
Wheat    | 8.0            | $3.80                  
Rice     | 4.0            | $3.80                  
Soybeans | 10.0           | $3.80                  
Oats     | 6.0            | $3.80                  
Barley   | 7.0            | $3.80                  
Rye      | 3.0            | $3.80                  
Sorghum  | 7.0            | $3.80                  
Millet   | 5.0            | $3.80

Crop      | Yield (tonnes) | Production Potential (millions)
----------+----------------+--------------------------------
Cereals   | 7              | 7                              
Wheat     | 8              | 9                              
Rice      | 4              | 10                             
Soyabeans | 5              | 10                             
Oats      | 6              | 6                              
Barley    | 7              | 7                              
Rye       | 3              | 5                              
Sorghum   | 7              | 7                              
Millet    | 5              | 3

Category                | Rice  | Corn  | Wheat | Soybeans | Rye   | […]
------------------------+-------+-------+-------+----------+-------+-----
Yield (Tonnes)          | 4.0   | 7.2   | 8.1   | 10.6     | 3.5   | […]
Production (Tonnes)     | 4.0   | 8.1   | 8.2   | 10.6     | 3.5   | […]
Average Price (Dollars) | $2.60 | $3.80 | $4.00 | $4.00    | $2.80 | […]

Category | Yield (Tonnes)
---------+---------------
Corn     | 7.12e+03      
Wheat    | 9.4e+03       
Rice     | 4.02e+03      
Soybeans | 10.5e+03      
Oats     | 6.11e+03      
Barley   | 6.4e+03       
Rye      | 1.68e+03      
Sorghum  | 3.28e+03      
Millet   | 0.51e+03

No data found.

Category | Yield (Tonnes) | Production (Tonnes) | Average Price (Dollars)
---------+----------------+---------------------+------------------------
Corn | 7              | 5000                | 3.20                   
Wheat | 8              | 6000                | 3.80                   
Rice     | 4              | 3000                | 2.60                   
Soybeans | 10             | 7000                | 4.00                   
Oats | 6              | 4000                | 3.00                   
Barley | 5              | 3500                | 2.80                   
Rye      | 8              | 4500                | 3.40                   
Sorghum | 4              | 2500                | 2.80                   
Millet   | 6              | 3000                | 3.20

Category | Q1 (%) | Q2 (%) | Q3 (%) | Q4 (%)
----------------------+--------+--------+--------+-------
Sales                 | 76     | 95     | 57     | 38    
Profits               | 57     | 76     | 19     | 38    
Investments           | 38     | 57     | 76     | 95    
Customer Satisfaction | 95     | 76     | 57     | 19    
Market Share          | 19     | 38     | 95     | 76

Category | Q1 | Q2 | Q3 | Q4
--------------------------+----+----+----+---
Sales (%)                 | 85 | 80 | 75 | 90
Profits (%)               | 70 | 75 | 80 | 85
Investments (%)           | 60 | 65 | 70 | 75
Customer Satisfaction (%) | 75 | 80 | 85 | 90
Market Share (%)          | 90 | 95 | 90 | 95

Category                  | ratio
--------------------------+------
Sales (%)                 | 95%  
Profits (%)               | 75%  
Investments (%)           | 80%  
Customer Satisfaction (%) | 70%  
Market Share (%)          | 60%

Quarter | Sales (%) | Profits (%) | Investments (%) | […]
--------+-----------+-------------+-----------------+----
-
Q1      | 36%       | 23%         | 21%             | […]
Q2      | 40%       | 21%         | 19%             | […]

Entity                    | Value
--------------------------+------
Sales (%                  | 95.0)
Profits (%)               | 76.0 
Investments (%)           | 57.0 
Customer Satisfaction (%) | 38.0 
Market Share (%)          | 19.0

Category                                          | Sales (%) | […]
--------------------------------------------------+-----------+-----
Q1                                                | 19.0      | […]
Q2                                                | 19.0      | […]
Q3                                                | 19.0      | […]
Q4                                                | 19.0      | […]

Quarter | Sales (%) | Profits (%) | Investments (%) | […]
--------+-----------+-------------+-----------------+-----
Q3      | 38.0      | 37.0        | 76.0            | […]
Q4      | 19.0      | 38.0        | 76.0            | […]

KPIs                      | Q1   | Q2   | Q3   | Q4  
--------------------------+------+------+------+-----
Sales (%)                 | 76.0 | 95.0 | 85.0 | 70.0
Profits (%)               | 57.0 | 63.0 | 55.0 | 62.0
Investments (%)           | 38.0 | 45.0 | 40.0 | 35.0
Customer Satisfaction (%) | 90.0 | 92.0 | 93.0 | 91.0
Market Share (%)          | 80.0 | 82.0 | 81.0 | 78.0

Characteristic | Q3   | Q4  
---------------+------+-----
Sales (%)      | 19.0 | 38.0
Profits (%)    | 38.0

Q3 2023   | Q4 2023    
----------+-------------+---------------------------+-----------------
Sales (%) | Profits (%) | Customer Satisfaction (%) | Market Share (%)
38.0      | 19.0        | 95.0                      | 36.0

Category | Q1 | Q2 | Q3 | Q4
--------------------------+----+----+----+---
Sales (%)                 | 95 | 80 | 70 | 85
Profits (%)               | 90 | 70 | 60 | 75
Investments (%)           | 85 | 75 | 65 | 80
Customer Satisfaction (%) | 80 | 60 | 50 | 70
Market Share (%)          | 75 | 65 | 55 | 65

Field      | 2018 (%) | 2019 (%) | 2020 (%) | 2021 (%) | 2022 (%)
-----------+----------+----------+----------+----------+---------
Education  | 25       | 28       | 30       | 32       | 35      
Sociology  | 20       | 22       | 24       | 26       | 28      
Psychology | 18       | 20       | 22       | 24       | 26 

Figure 3.6: Chart to table examples with various models.
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sampled from ESG documents.

We select four models, according to the results obtained from previous experi-

ments. GPT-40, ChartVLM-large, and InternVL-v2-8B as selected for achieving

the best results overall and TinyChart is chosen as a smaller alternative with sat-

isfying performance. Moreover, we sample 10 charts from ESG document. We

report some of them in Figure 3.7, Figure 3.8, Figure 3.9, and Figure 3.10 to

exemplify the errors incurrent when dealing with complex real world documents.

First, extrinsic hallucinations are frequent with open-source models. Exem-

plified in Figure 3.10, smaller models have a tendency toward reporting values

that don’t match with the source material. The second major issue is factual

accuracy, where models report erroneous values. While it is arguably acceptable

for a MLLM to report values with up to a certain percentage error, the reported

results show that values can be often wrong, reverting trend and value orders. For

instance, Figure 3.9 and Figure 3.8 show several values wither with opposite signs

or with wrong values. Another issue is related to charts containing discrete axis but

continuous values. In these cases, models focus solely on the values correspond-

ing to the associated discrete labels, exemplified in Figure 3.10. Fourth, models

hallucinate when when the visual context is occluded, as shown in Figure 3.7,

where all models report values for two bars that are not included in the image.

3.2.5 Conclusions

This chapter presented the systematic evaluation of State-of-The-Art C2T models

in order to assess their capabilities to map visual information to machine-readable

tabular data. Several key insights have emerged regarding the maturity of auto-

mated data recovery modules. First, proprietary MLLMs currently establish an

upper bound for performance while open-source alternatives are rapidly narrow-

ing the gap. Specialized architectures achieve competitive results, with superior

performance bounded to specific data distributions. This suggests that smaller, fine-

tuned, LVLMs offer cost-effective alternatives to proprietary APIs. Second, the

C2T task remains unsolved for complex visual modalities. The reported metrics

reveal a performance collapse across all models when dealing with dense spatial

data such as radar, bubble, and area charts. Moreover, the qualitative analysis

highlights that current solutions lead to frequent data translation errors where

visual signals are correctly identified but mapped to erroneous values. Finally,

there exists a substantial discrepancy between benchmark performance and real

world applicability. Our evaluation on ESG documents reveals that high scores

on curated datasets does not translate into good performance on complex, noisy,
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industrial environments. The prevalence of extrinsic hallucinations and the inabil-

ity to infer continuous values from sparse axis labels indicate that current models

rely heavily on explicit textual cues rather than true visual mathematical reasoning.

Consequently, while C2T models have evolved in their semantic interpretations,

their deployment in business intelligence requires rigorous human validation and

the development of more factually accurate approaches.

The timeline for this experimental phase was adjusted to align with the indus-

trial partner’s production schedules and resource availability. As a result, it was

not possible to investigate or develop further solutions to solve the Chart-to-Table

task. For industrial partners like Altilia, commonly processed documents include

charts characterized by high variance and noise. Specifically, the presence of

intricate multi-type and high-granularity charts introduces a high level of difficulty,

that standard models often fail to interpret correctly.
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Figure 3.7: Example of chart parsed from an ESG document. (a) is GPT-4o, (b) is

ChartVLM-large, (c) is InternVL-v2-8B, (d) is TinyChart.
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Figure 3.8: Example of chart parsed from an ESG document. (a) is GPT-4o, (b) is

ChartVLM-large, (c) is InternVL-v2-8B, (d) is TinyChart.
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Figure 3.9: Example of chart parsed from an ESG document. (a) is GPT-4o, (b) is

ChartVLM-large, (c) is InternVL-v2-8B, (d) is TinyChart.
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Figure 3.10: Example of chart parsed from an ESG document. (a) is GPT-4o, (b)

is ChartVLM-large, (c) is InternVL-v2-8B, (d) is TinyChart.
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3.3 A Short Evaluation of Text Summarization

The increasingly fast growth of digital textual content has rendered human com-

prehension of available sources increasingly difficult. Automatic Text Summariza-

tion (ATS) aims at the distillation of the most critical knowledge from a source

to produce an abridged version that retains the key points of the original text.

The recent advent of LLMs has fundamentally shifted the research landscape,

with models promising to produce high-quality summaries without task-specific

fine-tuning. This chapter presents a short evaluation of modern text summarization

approaches, focusing on single-document summarization, and the comparative

performance of prompting strategies and parameter-efficient fine-tuning.

In the era of Transformers, standard fine-tuning techniques established strong

baselines for extractive and abstractive summarization. However, the recent

innovations suggests that LLMs can match, and sometimes exceed, the quality

of the summaries generated by fine-tuned models. Consequently, our evaluation

prioritizes the assessment of instruction tuned LLMs over older architectures.

This chapter explores the first dimension of summarization, utilizing multilingual

datasets to evaluate LLMs on the Single Document Summarization task. We

evaluate two models, both utilized by Altilia, and currently state of the art on

numerous tasks. Moreover, we evaluate different prompting strategies designed

to generate high quality summaries. Finally, we analyze how different prompt

templates influence the output’s syntactic and semantic quality.

3.3.1 Experimental Design

This section evaluates the capabilities of LLMs on the single-document summariz-

ation task. We assess performance of different models across both English and

Italian, utilizing various prompting techniques. The target is the generation of

informative, concise, and factually consistent summaries.

Datasets

To provide a comprehensive evaluation of LLM capabilities for single-document

summarization, we select four datasets equally divided between English and Italian.

For the English part, we utilize two news summarization datasets: CNN/DailyMail

[152] and XSum [153]. For the Italian dataset, we employed FanPage and IlPost

[107]. The dataset statistics are available in Table 3.9.
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Dataset Language Size Tokens

Train Val Test Article Summary

CNN/DailyMail [152] English 287,113 13,368 11,490 810.57 56.20

XSum [153] English 204,045 11,332 11,334 431.07 23.26

FanPage [107] Italian 64,446 8,431 8,431 312.70 43.85

IlPost [107] Italian 35,220 4,402 4,403 174.43 26.39

Table 3.9: Single-document summarization datasets.

CNN/DailyMail. This corpus is among the biggest in abstractive text summar-

ization. The original dataset [83] is constituted by human-written abstractive

bullet-point answers from CNN and Daily Mail news. The version we are using

repurposed the bullet point lists into abstractive summaries [152].

XSum. The corpus constituting this dataset is collected from BBC. The provided

summaries are reduced to a single sentence explaining the main topic from the

article.

FanPage and IlPost. These corpora are collected from the homonym Italian

news websites. Both contain news articles associated with a title and a short

description. The title and the description are concatenated to form the document

summary while each original article constitutes an input document.

Prompting Strategies

We explored several prompt templates to test the capabilities of LLMs to different

summarization styles.

Abstractive Prompts. The abstractive prompt template defines our baseline,

as it only tasks the model with the generation of a concise summary. A simple

variant of this template instructs the model with the generation of a summary

of approximately m sentences, where m is the number of sentences in the gold

summary. Finally, we define a task specification (ts) variant for the Italian datasets,

since the ground truth summaries are the concatenation of a title and a short

description.

Extractive Prompts. These templates only instruct the model to extract specific

sentences from the source text to form a summary.
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Chain of Density Prompting. Chain of Density (CoD) [2] prompting instructs

the model to iteratively prompt the model to generate increasing entity-dense

summaries. First, the model generates a summary. Then, it automatically and iter-

atively identifies missing entities to fuse into denser revisions without increasing

the overall output length.

Chain of Extractions. Similarly to the extract-then-generate technique [240],

this template merges the advantages of extractive and abstractive methods. The

model is tasked with two sequential instructions. First, the model must extract

meaningful sentences from the input document, thus removing the risk of hallucin-

ations. Then, extractive summary must be transformed into an abstractive one. We

name this approach Chain of Extractions (CoE) since the model is requested to

perform all operations in a single forward pass.

Models, Costs, and Limitations

To assess LLMs ability to correctly generate abstractive summaries, we rely on

proprietary models. This choice is dictated by several factors. First, proprietary

models have achieved significantly better results than open-source counterparts

on a variety of tasks. Second, open-source models are limited in context length,

overall output quality, and controllability [239, 249]. Finally, open-source model

deployment results in significant costs and under-utilization. The models choice

was limited to two versions of GPT-3.5 and the recently released GPT-4. For

GPT-3.5, we employed gpt-3.5-1106 and gpt-3.5-instruct. As far as GPT-4 is

concerned, we only utilized gpt-4-turbo-preview.

The experiments described in this chapter are conducted at the early stages

of LLM serving. For this reason, the price of proprietary APIs was quite high

with respect to today’s standard and hardware for fast inference was quite limited.

The cost estimates for the FanPage dataset are reported in Table 3.10 and led to

the selection of a subset of experiments. Specifically, we decided upon using all

prompt templates up to Extractive. As far as CoD is concerned, it was only used

in its standard form. Finally, for CoE we decided to use it already with sentence

limit instructions and, whenever possible, task specifications.

Evaluation Metrics

To assess model performance, we employ a suite of metrics targeting different

summary dimensions, drawing from syntactic overlap and semantic similarity.
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Prompt Tokens (M) Cost ($)

Template in out gpt-3.5-turbo-1106 gpt-3.5-turbo-instruct gpt-4-turbo-preview

Abstractive 4.9 0.7 6.30 8.75 70.08

+ TS 5.1 0.7 5.56 9.13 70.62

+ SL 4.9 0.7 6.36 8.83 70.59

+ TS + SL 5.2 0.7 6.62 9.23 73.29

Extractive 5.0 0.7 6.25 8.79 70.12

CoD 9.0 0.7 19.17 23.68 242.59

CoE 6.0 0.7 20.56 23.56 278.49

Table 3.10: Cost estimates for the FanPage dataset.

While LM-based metrics can provide deeper insight, these are applied solely to

the English datasets due to the limited availability of multi-lingual checkpoints.

Syntactic Overlap. We utilize ROUGE [118], BLEU [161], and TER [193] for

syntactic evaluation. These n-gram-based systems quantify the lexical overlap

between the system output and the reference summary. While ROUGE is standard

for summarization, we include BLEU and TER, typically used in translation, to

provide a broader perspective on precision and edit distance, particularly for the

Italian datasets.

Semantic Similarity. To capture meaning beyond exact lexical matches, we

employ entailment-based metrics. Specifically, we use BERTScore [246], instanti-

ating a SciBERT [18] checkpoint, and BLEURT [186].

LM-based Evaluation. We utilize FactCC [101] and QAFactEval [62] to meas-

ure the factual alignment between the generated summary and the source document.

These metrics are critical for evaluating whether abstractive methods are hallucin-

ating information. Moreover, we employ BLANC [212] to estimate the general

quality of the summaries without human intervention. Due to the uni-lingual

nature of these models’ training datasets, LM-based metrics for the Italian datasets

are not provided.

Natural Language Generation Statistics. We utilize the NLTK [23] library to

calculate the number of tokens and Spacy to determine entities. We compute entity

density as the ratio of entities to tokens. Abstractiveness is measured as the average
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model template BLEU R-1 R-2 R-L R-LS TER BS BRT BLANC FactCC QAFactEval

Proprietary Models

gpt-3.5-1106 abs 7.47 35.61 13.26 22.58 22.98 141.88 73.5 -38.25 15.18 50.90 3.73

abssl 7.74 36.28 13.65 23.13 23.54 138.83 73.57 -37.57 15.24 20.26 3.66

ext 9.39 37.35 15.27 24.32 24.76 132.67 73.75 -44.22 17.45 58.49 4.10

CoD 6.57 25.74 8.55 16.94 17.22 142.59 70.02 -83.19 13.86 31.14 3.75

CoE 7.84 35.42 13.85 22.91 23.35 151.87 71.2 -75.8 16.99 54.44 3.95

gpt-3.5-instruct abssl 7.3 35.76 12.74 22.57 23.04 132.07 73.56 -39.94 11.91 58.15 3.53

gpt-4 abssl 5.17 32.91 11 20.05 20.43 174.56 72.54 -38.63 15.33 42.32 3.25

Open-Source Models

MatchSum [253] - 44.41 20.86 40.55 - - - -

BRIO [127] - 47.78 23.55 44.63 - - - - 12.17 36.99 4.14

T0 [183] - - - - - - - - 8.89 20.12 3.98

GPT3-D2 [74] - - - - - - - - 9.83 24.28 3.83

Pegasus [242] - - - - - - - - 11.37 51.52 4.47

Table 3.11: CNN/DailyMail syntactic and semantic metrics.

square length of extractive fragments [78]. Content distribution is assessed as the

average position of the fragments within the input document [2]. Additionally, we

compute fusion as the average number of source sentences aligned with summary

sentences [2].

3.3.2 Results and Analysis

English Datasets

Metrics. Table 3.11 and Table 3.12 present the results for CNN/DailyMail

and XSum, respectively. On the highly extractive CNN/DailyMail, the extract-

model template BLEU R-1 R-2 R-L R-LS TER BS BRT BLANC FactCC QAFactEval

Proprietary Models

gpt-3.5-1106 abs 1.62 19.42 4.96 13.45 13.47 368.73 69.73 -60.03 19.49 53.5 3.79

abssl 2.65 24.87 6.15 17.62 17.61 180.98 71.86 -52.41 13.76 23.42 3.18

ext 2.32 21.28 4.34 15.79 15.82 117.84 71.25 -67.08 12.08 62.33 4.18

CoD 0.72 14.8 2.75 10.22 10.21 444.92 66.64 -91.81 26.53 51.44 4.04

CoE 1.23 17.46 3.94 12.04 12.03 428.38 68.76 -67.29 23.51 65.22 4.08

gpt-3.5-instruct abssl 1.87 21.87 5.15 15.18 15.18 273.5 70.68 -59.06 14.94 33.44 3.39

gpt-4 abssl 2.29 23.81 5.95 16.66 16.66 209.42 71.08 -56.85 13.05 14.33 2.73

Open-Source Models

MatchSum [253] - 24.86 4.66 18.41 - - - - - - -

BRIO [127] - 49.07 25.13 40.4 - - - - 2.3 20.31 1.86

T0 [183] - - - - - - - - 2.38 22.19 2.03

GPT3-D2 [74] - - - - - - - - 5.94 39.77 2.95

Pegasus [242] - - - - - - - - 2.49 24.65 2.00

Table 3.12: XSum syntactic and semantic metrics.
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ive template is favored by ROUGE and BLEU scores in the GPT-3.5 variants.

Furthermore, providing explicit length instructions (abssl) yields a noticeable

improvement over the standard abs baseline. Conversely, on the highly abstractive

XSum dataset, the extractive solution is significantly outperformed by the abstract-

ive abssl template. In both datasets, however, clear length constraints consistently

enhance summary quality compared to unconstrained generation.

Concerning the most complex prompting strategies, CoD consistently under-

performs on syntactic metrics across both datasets. CoE shows mixed results: it

performs on par with abssl on CNN/DailyMail but lags significantly behind on

XSum. Among the proprietary models, the legacy gpt-3.5-instruct consistently

under-performs compared to gpt-3.5-1106. Surprisingly, gpt-4 also falls short of

gpt-3.5-1106 across nearly all syntactic metrics in this context. Finally, while the

fine-tuned state-of-the-art models [253, 127] achieve significantly higher ROUGE

scores than the LLMs, a different picture emerges when analyzing semantic quality.

When evaluating semantic consistency and factuality, the results diverge from

the syntactic trends. On CNN/DailyMail, the extractive approach extends to be

superior on factuality, surpassing the fine-tuned benchmarks and achieving about

the same result on QAFactEval. On XSum, while BRIO dominates syntactic

metrics, it performs poorly on factuality, scoring lowest on QAFactEval and

BLANC. In contrast, the GPT models maintain high factuality scores despite

lower ROUGE overlaps. Notably, while CoD and CoE struggled with ROUGE,

they excel here: CoD achieves the highest BLANC score and CoE achieves the

highest FactCC.

Overall, the results show that while fine-tuned models excel at mimicking the

syntax of the source documents, LLMs are generally better with factual consistency

and semantic fidelity.

Summarization Statistics. Table 3.13 and Table 3.14 indicate that model archi-

tecture is the primary driver of summarization quality, with GPT-4 demonstrating

superior abstraction and fusion compared to GPT-3.5 variants. Specifically, GPT-4

achieves the highest degrees of abstraction and fusion, reflecting a shift from

verbatim copying to novel synthesis. Prompting strategies introduce distinct trade-

offs: the extractive template (ext) maximizes entity retention but sacrifices fluency

and coverage, particularly on XSum. Conversely, the CoD template yields the

widest content distribution but proves highly unstable. It exhibits extreme vari-

ance in abstractiveness and fails to adhere to the natural brevity constraints of the

XSum dataset, producing summaries significantly longer than standard baselines.

Ultimately, while prompt engineering alters structural metrics, superior generation
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model template tokens entities entity density abstractiveness ↓ fusion content distribution

gpt-3.5-1106 abs 100.08 (26.45) 7.63 (3.68) 0.08 (0.04) 3.57 (2.39) 1.43 (0.4) 0.44 (0.11)

abssl 98.31 (15.82) 7.77 (3.26) 0.08 (0.04) 3.29 (1.76) 1.5 (0.4) 0.41 (0.13)

ext 100.37 (17.21) 11.33 (3.64) 0.11 (0.04) 9.24 (8.53) 0.75 (0.23) 0.32 (0.15)

CoD 82.96 (95.72) 9.3 (8.0) 0.14 (0.07) 15.98 (65.57) 1.76 (1.41) 0.57 (0.23)

CoE 107.19 (42.28) 8.98 (5.12) 0.09 (0.04) 5.77 (6.77) 1.48 (0.41) 0.37 (0.14)

gpt-3.5-instruct abssl 92.79 (18.67) 7.17 (3.61) 0.08 (0.04) 2.61 (1.25) 1.41 (0.35) 0.43 (0.12)

gpt-4 abssl 123.92 (14.9) 10.21 (4.14) 0.08 (0.03) 1.64 (0.6) 1.74 (0.44) 0.42 (0.11)

Table 3.13: CNN/DailyMail statistics. ↓ indicates that lower is better.

capabilities in GPT-4 provide the most consistent balance of abstractiveness.

Italian Datasets

Table 3.15 and Table 3.16 report the results on the Italian datasets. A distinct

performance gap is observed between the fine-tuned, supervised models and the

Large Language Models in this specific linguistic context. The supervised state-of-

the-art models demonstrate a clear superiority in surface-level matching. mBART

achieves the highest scores across all major metrics for both datasets (e.g., reaching

38.91 R-1 on IlPost), followed closely by the Italian-specific IT5. This underscores

the efficacy of in-domain and language-specific fine-tuning over zero-shot or few-

shot prompting for strict syntactic reconstruction. In contrast, models trained

on English-centric data, such as Pegasus-XSum and Pegasus-CNN/DailyMail,

perform poorly, highlighting the difficulty of cross-lingual transfer without specific

adaptation.

Regarding the LLMs, prompt engineering plays a crucial role in narrowing

the gap with supervised models. The combined strategy absts proves to be

the most effective configuration for gpt-3.5-1106, achieving the highest BLEU

and ROUGE scores among the GPT variants on both datasets. It significantly

outperforms the basic abs and length-constrained absts;sl baselines. Consistent

model template tokens entities entity density abstractiveness ↓ fusion content distribution

gpt-3.5-1106 abs 91.66 (25.97) 7.62 (3.72) 0.09 (0.04) 3.54 (2.4) 1.41 (0.36) 0.47 (0.12)

abssl 45.91 (11.53) 4.54 (2.38) 0.1 (0.05) 2.51 (1.53) 2.51 (0.99) 0.33 (0.19)

ext 29.81 (7.48) 4.44 (1.86) 0.15 (0.06) 8.35 (7.38) 0.73 (0.34) 0.16 (0.16)

CoD 109.28 (99.73) 11.74 (9.47) 0.13 (0.06) 20.57 (47.69) 1.85 (1.69) 0.57 (0.2)

CoE 105.91 (45.63) 9.36 (5.79) 0.09 (0.04) 11.2 (24.08) 1.38 (0.36) 0.43 (0.14)

gpt-3.5-instruct abssl 68.03 (26.25) 6.33 (3.6) 0.1 (0.05) 2.29 (1.18) 2.2 (1.04) 0.42 (0.17)

gpt-4 abssl 53.41 (11.61) 5.53 (2.55) 0.1 (0.04) 1.27 (0.67) 2.77 (1.09) 0.35 (018)

Table 3.14: XSum statistics. ↓ indicates that lower is better.
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model template BLEU R-1 R-2 R-L R-LS TER BS BRT

Proprietary Models

gpt-3.5-1106 abs 5.17 28.39 11.06 19.46 19.43 209.57 70.85 -39.27

abssl 5.91 29.95 11.80 20.66 20.65 167.76 71.34 -38.50

absts 5.79 28.19 11.47 20.85 20.85 201.53 71.26 -41.76

absts;sl 7.03 30.29 12.67 23.07 23.07 144.60 72.11 -40.44

ext 5.77 29.10 11.52 20.31 20.30 178.21 71.04 -40.54

CoD 4.26 23.36 8.48 16.60 16.59 189.82 69.19 -55.19

CoE 6.02 27.86 11.02 21.47 21.48 158.35 71.03 -43.41

gpt-3.5-instruct abssl 4.63 27.20 10.37 18.44 18.42 233.43 70.54 -38.99

absts;sl 5.37 29.06 11.20 19.93 19.94 189.26 71.09 -38.01

gpt-4 abssl 4.03 26.72 9.20 17.81 17.82 206.66 70.01 -41.32

absts;sl 5.72 29.68 11.53 22.28 22.30 142.23 71.39 -42.79

Open-Source Models

IT5 [107] - 33.78 16.29 27.48 30.23 - - -

mBART [107] - 38.91 21.38 32.05 35.07 - - -

Pegasus-XSum [107] - 21.03 6.63 16.10 16.07 - - -

Pegasus-CNN/DailyMail [107] - 23.96 7.72 16.81 16.81 - - -

Table 3.15: IlPost syntactic metrics.

model template BLEU R-1 R-2 R-L R-LS TER BS BRT

Proprietary Models

gpt-3.5-1106 abs 7.06 33.26 12.68 21.73 21.74 131.96 71.84 -36.85

abssl 7.12 33.28 12.51 21.58 21.59 130.08 71.70 -37.39

absts 7.32 32.85 12.86 22.29 22.28 127.17 71.71 -43.32

absts;sl 7.96 33.46 13.33 22.83 22.79 112.9 71.97 -43.45

ext 7.87 32.93 12.65 22.09 22.08 113.44 71.85 -38.68

CoD 5.51 26.65 9.43 17.64 17.65 130.72 69.49 -54.21

CoE 7.72 30.45 11.62 21.75 21.73 104.47 70.85 -46.58

gpt-3.5-instruct abssl 6.29 32.25 11.98 20.65 20.62 150.96 71.46 -37.23

absts;sl 6.75 32.75 12.14 21.14 21.13 137.96 71.68 -37.35

gpt-4 abssl 5.15 30.81 10.66 19.18 19.19 168.23 70.85 -38.97

absts;sl 6.22 31.93 11.70 21.23 21.22 132.01 71.23 -44.17

Open-Source Models

IT5 [107] - 33.83 15.46 24.90 28.31 - - -

mBART [107] - 36.50 17.44 26.17 30.26 - - -

Pegasus-XSum [107] - 20.10 6.49 14.78 14.76 - - -

Pegasus-CNN/DailyMail [107] - 26.82 9.02 18.10 18.10 - - -

Table 3.16: FanPage syntactic metrics.

with the English datasets, CoD consistently under-performs on syntactic metrics,

yielding the lowest ROUGE scores among the GPT-3.5 configurations. CoE

performs competitively, particularly on FanPage where it achieves the best TER,

but it generally trails behind the absts;sl strategy.

3.4 Conclusions

In this chapter, we presented a comprehensive evaluation of text summarization

through LLMs. By analyzing the performance across diverse datasets, critical

patterns emerged regarding the efficacy of prompting strategies, and the differ-
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ences between syntactic and semantic quality. First, the experimental results

highlight the divergence between lexical overlap and semantic fidelity. While

fine-tuned models like BRIO dominate n-gram-based metrics, they lack in factual

consistency. In contrast, proprietary LLMs demonstrate superior performance in

entailment-based and factuality metrics, suggesting that fine-tuned models excel

at mimicking stylistic patterns while LLMs posses robust abilities to generate

factually consistent synopses. Second, our evaluation underscores the importance

of language-specific fine-tuning. While zero-shot Large Language Models perform

competitively, fine-tuned models like mBART and IT5 substantially outperform all

other models on syntactic metrics. Third, we observed that increasingly complex

prompting strategies do not inherently yield superior performance. Simple prompt

engineering, constraining the model to control length and defining the task, consist-

ently provide the best balance between quality and stability. Conversely, complex

reasoning chains, such as CoD proved unstable, often failing to adhere to length

constraints and exhibiting high variance in abstractiveness. CoE showed promise

in enhancing factuality. Instead, it incurred higher computational costs without

consistently outperforming optimized standard prompts in syntactic quality.

While fine-tuned architectures remain State-of-The-Art for extractive and

highly standardized summaries, LLMs offer a satisfactory alternative characterized

by high factuality, impressive abstraction, and satisfactory robustness. The shift

in performance metrics suggests that future research should prioritize semantic

and factual evaluation over rigid lexical overlap. In conclusion, LLMs rank as the

preferred engine for reliable, open-domain, abstractive summarization.
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3.5 A Short Evaluation of Aspect-Based Summariz-

ation

Our last evaluation moves beyond generic summaries and focuses on Aspect-based

Summarization, prioritizing user-specific requests and keywords. While generic

summarization is mature, aspect-based summaries remain complex, requiring

conditioning on specific topics. To investigate this task, we employ tailored dataset

to investigate whether prompting techniques can improve the outcome.

In this section, we evaluate LLM capabilities in aspect-based summarization

with various models and techniques. Our goal, is the identification of the optimal

approach to generate summaries tailored for a well-defined target user. Our experi-

ments aim to address two research needs. First, while LLMs possess extraordinary

capabilities for generic abstractive summarization, their ability to control the gener-

ated output is under-explored. Second, recent studies revealed that smaller models

can achieve superior performance without fine-tuning, when equipped with simple

prompting techniques. This would allow fast deployment in new domains without

the need to fine-tune smaller models, which results expensive in terms of dataset

annotation.

3.5.1 Selected Dataset

For our experimental evaluation we selected two datasets. AclSum [203] is a sum-

marization datasets sourced from prominent conferences. The dataset comprises

250 NLP research papers and aims at the generation of summaries for three topics:

challenge, approach, and outcome. The second dataset is NewTS [15], derived

from CNN/DailyMail. The dataset comprises about 3,000 documents paired with

topics. The topics are represented by sets of words and sentences derived from the

dataset using Latent Dirichlet Allocation (LDA) [26]. The datasets statistics are

reported in Table 3.17.

3.5.2 Prompting Strategies, Evaluation, and Fine-Tuning

Since we already evaluated summary quality for single document summarization

under various settings, we are aware that providing clear instructions about the

summary length and content systematically improves the summary quality. This

time, instead of relying solely on prompt engineering, we evaluate LLMs for

few-shot summary generation and compare them against prompt engineering. On

AclSum, where summaries are written in a single sentence, we develop three
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Dataset Docs Tokens Aspects

train val test document summary

AclSum [203] 100 50 100 914.7 3

Challenge 22.5

Approach 22.7

Outcome 21.3

NewTS [15] 2400 - 600 602.0 74.0 50

Table 3.17: Aspect-base summarization datasets statistics.

strategies: (i) generic summarization, (ii) single-sentence summarization, and

(iii) summarization from entity signals, where the model is asked to generate

summaries containing certain entities from the source document. On NewTS,

where topic words and topic sentences are provided, we employ the following

strategies on top of the ones previously employed for AclSum: (i) topic-words

conditioned summarization, and (ii) topic-sentences conditioned summarization.

For evaluations we select two models currently used by Altilia. The first is GPT-

3.5. The second is LLaMa3, currently deployed in production is Altilia machines.

Finally, as far as the evaluation metrics are concerned, we select ROUGE and

BERTScore due to the good behavior exhibited in previous experiments.

3.5.3 Experimental Evaluations

We report the metrics from the selected models on AclSum on Table 3.18. A con-

sistent trend observed across both models and prompting strategies is the benefit

of few-shot learning. Increasing the number of in-context examples generally

leads to improved generation quality. GPT-3.5 shows steady improvements as

k increases. For example, in topic-based summarization, the Overall R-1 score

rises from 20.05 (0-shot) to 23.69 (4-shot). On the other hand, LLaMa3 demon-

strates a much more dramatic response to in-context examples. While its 0-shot

performance is often lower than GPT-3.5, it rapidly overtakes the latter with just

a few examples. In the topic-based setting, LLaMa3’s Overall R-1 score jumps

from 14.62 (0-shot) to 38.02 (4-shot), significantly outperforming GPT-3.5’s best

configuration. The results highlight a trade-off between zero-shot robustness and

few-shot adaptability. GPT-3.5 generally exhibits superior performance in the zero-

shot setting. In topic-based summarization, it achieves an Overall R-1 of 20.05

compared to LLaMa3’s 14.62. Similarly, for entity-based prompting, GPT-3.5

starts at 15.78, surpassing LLaMa3’s 12.10. This suggests that GPT-3.5 may have
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Overall Challenge Approach Outcome

Model R-1 R-2 R-L BS R-1 R-2 R-L BS R-1 R-2 R-L BS R-1 R-2 R-L BS

GPT-3.5

topic

0-shot 20.05 7.43 14.94 63.03 16.74 5.27 11.96 59.98 21.93 9.13 16.94 65.10 21.46 7.95 15.96 64.01

1-shot 18.73 6.99 14.02 62.50 15.54 4.45 11.13 59.38 20.15 8.90 15.74 64.41 20.59 7.61 15.21 63.71

2-shot 20.54 7.47 15.35 63.14 16.26 4.69 11.61 59.41 22.70 9.53 17.50 65.48 22.75 8.25 16.89 64.52

4-shot 23.69 8.85 17.74 64.50 19.32 5.63 13.62 60.92 25.76 10.88 20.08 66.48 26.13 10.05 19.46 66.09

entities

0-shot 15.78 7.41 13.22 57.12 19.93 3.71 14.56 59.52 23.85 10.37 19.74 61.66 19.14 9.19 15.79 58.32

1-shot 26.87 9.36 19.66 65.34 21.08 5.70 14.68 61.51 29.79 12.23 22.81 67.75 29.71 10.18 21.51 66.75

2-shot 28.29 10.19 21.29 66.16 21.53 6.01 15.32 62.05 32.33 13.58 25.91 69.12 31.01 11.07 22.65 67.31

4-shot 28.90 10.35 21.56 66.46 22.53 6.23 15.87 62.70 32.64 13.68 25.57 69.05 31.56 11.16 23.30 67.62

LLaMa3

topic

0-shot 14.62 6.16 11.34 59.47 12.30 4.27 9.16 56.47 15.72 7.09 12.40 61.24 15.88 7.04 12.47 60.71

1-shot 23.93 10.67 18.67 64.28 19.10 7.73 13.66 60.75 24.62 12.86 20.29 65.89 27.71 11.26 22.14 66.21

2-shot 35.55 15.29 27.62 68.79 32.36 12.30 23.66 67.11 36.26 18.30 30.30 70.00 37.23 14.72 28.49 69.25

4-shot 38.02 17.52 31.67 69.94 30.90 13.38 24.37 67.01 41.84 21.90 36.36 72.71 40.39 16.84 33.12 70.08

entities

0-shot 12.10 4.91 10.08 55.50 10.80 3.18 6.82 54.78 15.36 6.86 12.10 59.15 15.10 6.80 12.18 58.74

1-shot 16.18 7.64 13.56 58.65 4.57 2.44 3.85 52.65 24.32 10.69 20.17 63.44 19.56 9.42 16.17 59.85

2-shot 34.59 12.96 26.69 68.21 29.64 10.21 21.60 65.74 37.97 16.22 30.86 70.90 35.19 12.46 27.13 67.99

4-shot 33.76 12.97 25.82 68.07 24.89 7.96 17.18 63.89 37.24 15.76 30.80 71.20 38.74 14.92 29.11 69.13

Table 3.18: Aspect-base summarization metrics on AclSum.

better instruction-following capabilities when no exemplars are provided. LLaMa3

proves to be the stronger model when provided with sufficient context. At 4-shot,

LLaMa3 consistently achieves the highest scores across all metrics. Notably, on

the Approach aspect for topic summarization, LLaMa3 (4-shot) reaches an R-1 of

41.84, whereas GPT-3.5 peaks at 25.76.

A significant deviation from our previous experiments is the inverse rela-

tionship between the number of in-context examples and model performance.

Both models achieve their highest performance in the 0-shot setting across all

modalities. The introduction of few-shot examples appears to introduce noise,

distracting the models from the specified constraints. While performance recovers

while k increases, it never surpasses the zero-shot baseline. There is not evident

performance gap between modalities, suggesting that the models are robust to

the specific definition of topics. The performance gap between topic-based and

entity-based summarization suggests that this dataset heavily relies on entities to

convey meaning.

The difference in few-shot performance between the AclSum and NewTS

datasets can be attributed to the structural distinctiveness of their data distribution.

AclSum is characterized by structural homogeneity, containing only three broad

topics with consistent templates, since the documents are taken from the scientific

literature. Conversely, NewTS comprises 50 distinct topics with significant intra-

topic variance. Even when few-shot examples are drawn from the same topic, the
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Setting R-1 R-2 R-L BS

topic

0-shot 33.66 9.85 20.61 61.97

1-shot 31.43 9.48 19.15 61.04

2-shot 32.05 9.77 19.70 61.19

4-shot 32.46 10.50 19.91 61.41

topic words

0-shot 34.47 10.24 21.02 62.43

1-shot 31.77 9.83 19.49 61.18

2-shot 32.41 9.93 19.87 61.30

4-shot 32.15 9.88 19.93 61.27

topic sentences

0-shot 34.12 9.84 21.09 62.16

1-shot 32.02 10.02 19.44 61.25

2-shot 32.22 10.02 19.85 61.28

4-shot 32.40 10.14 20.08 61.44

entities

0-shot 41.32 16.22 26.43 65.83

1-shot 39.66 15.08 24.54 64.89

2-shot 39.99 15.68 25.28 65.08

4-shot 39.89 15.65 25.22 65.05

Table 3.19: GPT-3.5 results on NewTS.

Setting R-1 R-2 R-L BS

topic

0-shot 34.94 10.81 21.67 62.16

1-shot 30.80 9.16 18.74 60.08

2-shot 31.13 9.33 19.29 60.32

4-shot 32.23 10.18 20.72 61.23

topic words

0-shot 35.92 11.08 22.02 62.28

1-shot 31.87 9.98 19.52 60.81

2-shot 32.73 10.26 20.28 61.17

4-shot 32.32 10.15 20.72 61.25

topic sentences

0-shot 34.27 10.38 20.80 61.50

1-shot 31.75 10.36 19.69 60.93

2-shot 32.82 10.52 20.38 61.17

4-shot 32.09 10.17 20.64 61.16

entities

0-shot 42.67 17.00 26.73 65.81

1-shot 39.98 15.80 24.79 64.69

2-shot 40.06 15.83 25.37 64.94

4-shot 39.38 15.15 24.65 64.59

Table 3.20: LLaMa3 results on NewTS.

content and structure of the summary can be widely different between samples.

Consequently, providing in-context examples in NewTS likely introduces noise.

The model overfits to the structure of the few-shot examples rather than attending

the unique semantic constraints of the input instructions. This suggests that few-

shot learning is beneficial for standardized tasks and zero-shot inference is more

robust for tasks with high structural heterogeneity.

On a side note, in Table 3.21 we report entity inclusion percentages computed

through exact match on the two datasets. Similarly to the trends observed in

Table 3.18, Table 3.19, and Table 3.20, we observe significant improvements in

AclSum while recording decreased performances in NewTS, corroborating the

hypothesis that the NewTS dataset contains a large amount of noise.

3.5.4 Conclusions

In this section, we evaluated the capabilities of LLMs in aspect-based summariz-

ation. Specifically, we compared proprietary large-scale models against locally

deployed alternatives. Regarding our first research question, our analysis reveals

that the optimal prompting strategy is heavily dependent on the structural homo-

geneity of the data. In standardized domains, like AclSum, few-shot learning

serves as a powerful alignment mechanism, providing the model with consistent

Multimodal Document Understanding for LLMs 71



CHAPTER 3. MULTI-MODAL SUMMARIZATION COMPONENTS

Setting Included Entities (%)

NewTS AclSum

GPT-3.5

zero-shot 94.26 82.15

1-shot 91.98 86.40

2-shot 91.36 89.75

4-shot 88.54 93.10

LLaMa3

zero-shot 92.27 78.50

1-shot 87.24 84.12

2-shot 82.63 88.90

4-shot 76.92 91.45

Table 3.21: Aspect-based summarization metrics comparing NewTS and AclSum.

templates. Conversely when dealing with high variance domains, datasets like

NewTS introduce semantic noise, reducing the effectiveness of few-shot learning.

In this case, zero-shot techniques prove the be more robust, as the model avoids

overfitting to unrelated structures. Regarding our second research question, results

suggest that recent open-source models, like LLaMa3, are viable and often super-

ior to GPT-3.5 The reported experiments highlight a trade-off between robustness

and adaptability. Specifically, the proprietary solution exhibits greater robustness,

making it preferable when in-context examples are not available.

Smaller, locally deployed, models can effectively replace larger commercial

models for specialized, well-defined tasks. However, their deployment strategy

must be tailored to the data. They excel as few-shot learners in structured tasks

but require careful prompt design to avoid noise in unstructured domains.

3.6 Conclusions

In this chapter, we systematically investigated the capabilities and limitations of

Large Language Models and Multi-modal Large Language Models across three

complex data-to-text and text-to-text generation tasks: Table-to-Text generation,

Chart-to-Table extraction, and Single/Aspect-Based Text Summarization. By ana-

lyzing these models across diverse data modalities, several unifying insights have

emerged regarding model scale, adaptation strategies, and real-world industrial

applicability.

First, our evaluations consistently demonstrate that large proprietary models

establish a robust upper bound for zero-shot performance and semantic reasoning.

Whether extracting underlying data from complex visual charts or generating
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factually consistent abstractive summaries, these models exhibit superior spatial,

numerical, and semantic fidelity out-of-the-box. Conversely, smaller open-source

models initially struggle with zero-shot hallucinations and structural omissions.

However, we proved that this performance gap is not insurmountable. Through

task-specific fine-tuning or optimized in-context learning, open-source architec-

tures can achieve highly competitive, and sometimes state-of-the-art, results on

targeted distributions.

Second, the efficacy of adaptation techniques—namely fine-tuning and prompt

engineering—is heavily dependent on the structural homogeneity of the target

data. In highly standardized domains, such as scientific table descriptions or

homogeneous aspect-based summarization, few-shot prompting and PEFT serve

as powerful alignment mechanisms. However, when applied to domains with high

structural variance and noise, few-shot examples often introduce semantic noise,

causing models to overfit to irrelevant structural templates. In these high-variance

scenarios, zero-shot inference with strict, instruction-based constraints proves to

be significantly more robust.

Finally, our empirical findings highlight a critical discrepancy between curated

benchmark performance and real-world deployment readiness. While modern

MLLMs and LLMs excel on standardized datasets, their application to complex,

noisy industrial environments, such as extracting data from multi-axis ESG charts

or summarizing massive, unstructured tables—exposes persistent vulnerabilities.

Models continue to suffer from data translation errors, an inability to accurately

infer continuous values from sparse visual labels, and a tendency to omit granular

numerical details in favor of stylistic mimicry. Furthermore, the high computa-

tional overhead and hardware requirements associated with locally deploying and

fine-tuning open-source models often offset their theoretical cost advantages over

proprietary APIs.

Ultimately, this chapter demonstrates that while generative AI provides power-

ful, general-purpose engines for complex information extraction and summariza-

tion, there is no universal ”one-size-fits-all” solution. The successful integration

of these technologies into reliable, automated business intelligence pipelines re-

quires a careful orchestration of model scale, data-aware prompting strategies, and

rigorous human validation to mitigate the inherent risks of modality hallucinations

and factual inconsistencies.
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Chapter 4

Multi-Modal Summarization

with Multi-Modal Outputs

Text summarization has evolved significantly, first through Transformer-based

models like BART [109] and T5 [175], and then with autoregressive Large Lan-

guage Model like GPT [1, 28]. Yet, the task is still bounded to text, while

documents have evolved to be substantially multi-modal. Multi-Modal Summar-

ization is an emerging task involving the synthesis of information from diverse

modalities such as text, images, tables, audio, and video [93, 119]. While tradi-

tional summarization works by processing and generating text [157],multi-modal

summarization integrates heterogeneous data that convey information through

different means. The integration of fundamentally different modalities requires

sophisticated alignment techniques to preserve the input’s semantic coherence

while exploiting the complementarity of each modality [209]. Multi-modal sum-

marization inherits the issues of classical summarization like factual consistency

[141], controllability [80] and evaluation [61].

The evaluation issue is particularly exacerbated by the presence of multi-modal

inputs, due to the lack of methodologies accounting for heterogeneous input mod-

alities. Existing metrics, as the ones previously mentioned in this manuscript,

are text-based and fail to assess multi-modal quality adequately. Overlap-based

metrics primarily assess lexical overlap and semantic-similarity metrics are exclus-

ively tuned on textual inputs. Recently proposed LLM-based metrics like G-Eval

[125] fail to consider visual grounding and image-text complementarity, both core
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dimensions in multi-modal summarization. Additionally, the field lacks methodo-

logies for measuring the informativeness and relevance of non-textual components

in generated summaries. Finally, the scarcity of annotated multi-modal datasets

limits both supervised training and robust evaluation.

Another persistent issue is modality imbalance, e.g. the tendency of models

to over-rely on textual inputs while under-utilizing visual and other non-textual

cues [258]. For instance, models for news summarization often neglect key

images [258], resulting in summaries that miss salient visual information, or they

might rely solely on the text modality. This is exacerbated by the computational

constraints that prevent simultaneous processing of long texts and multiple images

[252]. Finally, modality coherence remains difficult to maintain, especially when

the narrative interleaves textual and visual content.

In real-world applications, users increasingly interact with complex finan-

cial documents that embed multi-modal content in tables, images, and charts.

Users require concise yet rich summaries narrating a context derived from textual

paragraphs as well as rich images and tables. Moreover, research suggests that

enriching summaries with multiple modalities can increase user satisfaction by up

to 12.4% [256]. In this context, Multi-Modal Summarization with Multi-Modal

Outputs (MSMO) [256] is particularly demanding as it requires retrieving key

knowledge from heterogeneous inputs while producing coherent summaries.

Through this work, we present a modular pipeline for MSMO, designed for

document-level inputs. Our system exploit accurate layout detection, links textual

and visual elements, and produces factually consistent summaries integrating

charts and tables in the final output. We further investigate how structured inputs

influence LLM-based summarization, how it affects the quality of LLM-based

evaluation, and how well LLMs manage the inclusion of multi-modal content in

generated summaries.

4.1 Literature Review

The Multi-Modal Summarization task consists in the generation of concise and

meaningful summaries from multiple modalities such as text, images and videos.

Information alignment from different modalities usually occurs in a shared embed-

ding space. Multi-modal enhancements are distinguished between supplementary

enhancements, that reinforce the facts presented in the central modality, and com-

plementary enhancements, that complete the information from the central modality

[93]. Efforts in multi-modal summarization have been made for times series [3],
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movies [60], asynchronous multimedia sources [257], charts [176], and visual

summaries and pictorial narratives [20, 218]. Recently, Vision Language Models

(VLMs) have been explored for healthcare-specific applications [73] and images

and videos [119, 214].

Oldest approaches for multi-modal summarization include both deep neural

networks and rule based strategies. ILP was used primarily for extractive summar-

ization [7, 66] but a Joint Integer Linear Programming framework was proposed

to extract necessary sentences, images, and videos from news datasets using clus-

tering of pre-trained joint embeddings [92]. Submodular functions’ properties

were used to solve the multi-modal summarization task. [207] used coverage,

novelty, and significance as the submodular functions to extract the most relevant

documents for timeline generation in social media event. [114] used a linear

combination of submodular functions under budget constraints to create extract-

ive summaries composed of sentences, images, videos, and audio. [148] used a

weighted sum of submodular functions to generate summaries comprising texts

and images. Finally, graph based techniques have been adopted in extractive sum-

marization frameworks. [148] used a graph based approach to generate text-image

summaries and [114] used a guided LexRank approach to identify text saliency in

multi-modal inputs. However, all these approaches are extractive in nature.

Summarization of multi-modal documents [258] and generation of multi-

modal outputs [256] are limited in the scientific literature, leaving a gap dictated

by data scarcity and excessive annotation costs associated with large-scale dataset

construction. Instead research effort has been known to concentrate on QA tasks

for visually rich documents and form understanding utilizing Transformer-based

models like LayoutLMv3 [89] and VL-T5 [41]. Recently, MLLMs have been

advancing to tackle the challenged related to document parsing [25, 99, 133, 225],

equipped with the ability to parse document pages directly into structured, machine

readable formats. Unfortunately, the multi-modal summarization challenge is not

explicitly treated with this models.

4.2 Proposed Framework

Our approach to MSMO is a modular pipeline constituted by two parts: (i) a

Document Pre-Processing step and (ii) a Controllable Summarization step.
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Figure 4.1: MSMO document pre-processing pipeline.

4.2.1 Document Pre-Processing

The goal of our document pre-processing step, shown in Figure 5.1, is bipartite.

First, we face the necessity to map every document element to a format consistent

with the formats processed by Altilia’s technology. Due to the recently deployed

heavy text-related optimizations, the chosen form is text. The first goal of the

pre-processing step is the transformation of a document into what is referred to as

a Document Object Model (DOM). As for HTML files, the DOM is a tree-like

hierarchical structure where nodes correspond to document parts and contain

comprehensive information about the content of the corresponding document

component. The DOM can be represented as a dictionary and can chunked and

stored in NoSQL databases for querying. Our pre-processing pipeline works in four

steps: (i) Layout-aware Document Pre-Processing, (ii) Table of Contents (TOC)

Extraction, Headers Filtering, and Hierarchical Ordering, (iii) Graphical Elements

Augmentation, and (iv) Markdown Conversion.
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Layout-based Document Pre-Processing

This critical step focuses on the identification and interpretation of spatial and

structural components of the document page. Structural components include titles,

heading, paragraphs, images, tables, bullet points, and formulas. In the document

summarization context, layout understanding enables more accurate semantic

segmentation, facilitating the identification of key content and enabling the correct

reading order. To detect layout elements, we utilize a Deformable-DETR [259]

model, fine-tuned on DocLayNet [166]. This model processed rasterized versions

of document pages, locating and classifying the layout elements. After detection,

the located elements undergo three processing steps: Simplification, Filtering, and

Augmentation.

Simplification. This step is standardizes elements that do not require special

handling and those that might introduce noise. For instance the formula label

is generally irrelevant for summarization algorithms and the frequent misclassi-

fications as text introduce noise that might interfere with downstream pipeline

steps.

Filtering. DLA systems are often based on classical object detection and rely

on region proposal algorithms to obtain candidate regions, resulting in repeated

and overlapping predictions. To eliminate redundancies and noise, a score-based

filtering algorithm is employed. The algorithm sorts detected elements by decreas-

ing score and removes those overlapping with higher-rank objects as described in

4.2.1.

Augmentation. To make layout elements more informative, we associate them

with their textual content, obtainer through pdfplumber1 OCR engine. The ex-

tracted text is aligned to text boxes measuring their overlap. Finally, each layout

element is associated with a reading order consistent with the one obtained through

the OCR algorithm. Specifically, the layout elements reading order is consistent

with the first associated text box.

Table of Contents Extraction, Headers Filtering, and Hierarchical Ordering.

The DLA model often introduces errors in the DOM representation, often due to

misclassifications of regular bodies of text and image captions. To address this

1https://pypi.org/project/pdfplumber/
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Algorithm 1 Layout Filtering

1: function Θ(b1, b2)

2: return Ratio of the overlapping area over the area of b2
3: end function
4: B ← DLA(I) ▷ B = {(bi, si) | bi ∈ R

4, si ∈ [0, 1]}
5: N ← |B|
6: Reorder B into B′ = {(b1, s1), (b2, s2), ..., (bN , sN )} such that s1 ≤ s2 ≤ ... ≤ sN
7: Initialize L← ∅
8: τ ← c ▷ τ ∈ [0, 1]
9: for i = 1 to N do

10: O ← ∅
11: for all (b, s) ∈ L do
12: a← Θ(bi, b)
13: if a ≥ τ then
14: L← L ∪ {(b, s)}
15: end if
16: end for
17: if L = ∅ then
18: L← L ∪ {(bi, si)}
19: end if
20: end for
21: return L

issue, and reduce structural misalignment in the final markdown representation,

we leverage GPT-4o to generate the document’s TOC from the first k pages of the

document, using the prompt template in Figure 4.2. The table of contents serves

as a reference, utilized to filter headers from the document pages using an exact

match criterion. This cross-referencing step significantly improves fidelity in the

document structure.

Graphical Elements Augmentation

The considered documents are lengthy and filled with multi-modal elements.

However, LLMs and MLLMs are optimized for lengthy text, not numerous images.

This step’s goal is to enhance the document’s textual representation with rich

textual descriptions from visual elements. This addresses two key challenges.

First, Chart Captions Misalignment is often found in parsed document pages, with

captions classified as either paragraphs or headers, or associated with the wrong

image. Second, Uninformative Captions are often present in document images, as

they are mere complements to the graphical information. However, this prevents

machine understanding when dealing with uni-modal inputs. To overcome these
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Prompt Template

System: You are an expert in document analysis. Your task is

to extract the table of contents from a document.

The input consists of the pages of a document, and the

expected output is the document’s table of contents.

Do the following:

1. Identify the table of contents in the document.

2. Report the table of contents in its hierarchical format.

Here is an example of the output format.

### TABLE OF CONTENTS

1. Title

1.1 Subtitle

1.2 Subtitle

1.2.1 Sub-subtitle

...

User:
<IMAGES>

Figure 4.2: Prompt template for table of contents extraction.

limitations, we utilize GPT-4o to generate descriptions from document charts

and images. Resource allocation and project milestones defined by the industrial

partner precluded a detailed analysis of this design choice. However, we can report

satisfactory descriptions in general. Since LLMs are known to correctly interpret

structured tables [158], tables are simply flattened.

DOM Construction

The processed layout elements are concatenated into a Document Object Model.

The construction of the DOM is pivotal for the structured representation of the

document into machine readable format. This is represented in a tree-like structure

with the root representing the document and child nodes representing logical sec-

tions and structural components. The DOM is driven by the previously established

hierarchical ordering. Each tree node contains metadata corresponding to the

element type, the spatial coordinates, and the page number. Nodes classified as

text are stored as OCR strings while graphical elements store both the reference to

the original image and the rich description generated during the graphical elements

augmentation stage. The DOM uses a nested logic where some nodes are parents
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to others, following the inferred logical structure of the document. If the table of

contents is found in the document, it dictates the document hierarchy, otherwise

a heuristic algorithm assigns elements to headers when they are located in the

bottom right of a header.

The DOM represents a compatible structure with Altilia’s downstream service,

since it allows querying, retrieving, and modality focused retrieving (e.g. collecting

a certain section or elements from a certain modality) instead of feeding the

model with the entire document. Finally, the DOM serves as direct input for the

markdown conversion, ensuring that the structured text fed to the model preserves

the original document’s structural integrity.

To create the markdown representation, headers are concatenated with multiple

# corresponding to their logical level in the document; for instance # represents a

title while ## represents a subtitle. To account for inputs multi-modality, tables and

charts are inserted in the markdown DOM, enclosed in special token sequences.

4.2.2 Controllable Summarization

Controllable summarization is achieved by letting the user writing instructions

for a distinct input. A generic prompt template, utilized for all documents, is

unlikely to achieve effective controllable summarization. For this reason, we

define document categories and associate them with custom templates to extract

relevant information from the source document and structure them into a fluent

and coherent summary. The inclusion of multi-modal information is not enforced

directly but outsourced to the model which is fed with chart captions and flattened

tables inserted in the document markdown. The creation of the final summary goes

through three steps: (i) Document Classification, (ii) Controllable Generation, and

(iii) Multi-Modal Augmentation.

Document Classification

A desiderata for this approach is the ease of adaptation to new domains and

documents. For this reason, the classification module is instantiated with a LLM.

The model is fed with the markdown of the first few pages of the document and a

predefined list of document categories and descriptions and it is expected to output

the correct document class.
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Figure 4.3: MSMO summarization pipeline.

Controllable Generation

This step requires the model to accurately interpret the user intent and adhere to

semantic and structural constraints. This is particularly critical for summarization

of financial document, due to their length and semantically dense content. To

address these issues we leverage a LLM in conjunction with CoT class-specific

prompt templates tailored to each document class. The prompt templates specify

(i) the markdown structure, (ii) the generation instructions, and (iii) the output

format. The markdown structure informs the model of the semantic conventions

used in the input document. For example, section headers and sub-headers are

interpreted using varying numbers of #, while tables and images are represented

by designed token patterns. The generation instructions provide a step-by-step

guide in generating content aligned with user intent. Finally, the output format

example ensures consistency by illustrating a well-formed output. This prompt

design enables fine-grained control over both content and format, ensuring reliable
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generations that can be easily post-processed and recomposed in the final summary.

Multi-Modal Augmentation

While the textual portion of the summary is generated abstractively, by rearranging

and paraphrasing the information contained in the input document, the visual

components require a different strategy due to current architectural and data limita-

tions. Ideally, the multi-modal summarizer should be able to generate both text and

visuals. However, two constrains prevent us from utilizing a fully generative ap-

proach. First, current MLLMs have made significant steps forward in multi-modal

understanding but remain strictly text-centric in multi-modal capabilities and are

unable to output pixel-level data directly. Second, while a separate diffusion model

could be pipelined to generate images based on text descriptions, this introduces

a high risk of visual hallucinations and a high computational burden due to the

deployment of a second machine. Moreover, the underlying data plot remains

inaccessible.

Since visual elements are not assumed to differ between the source and gener-

ated documents, we implement an extractive visual approach. Instead of retrieving

images using a bi-encoder setup and computing the similarity between the image

and query embedding, we utilize an LLM to identify images relevant to the gener-

ated summary sections. This has advantages with respect to the retriever approach.

First, an effective retriever utilization would require queries optimized to rank

first optimal visual elements, which can’t be done at inference time. Second,

bi-encoders are functional for obtaining relevant knowledge withing the top-k

retrieved elements, leaving us with the issue of identifying the top-1 most relevant

element. Finally, a dense retriever achieves high semantic similarity, which might

be suboptimal when trying to avoid redundant information.

To overcome this limitations, we employ LLM-Driven Visual Selection. This

approach leverages LLMs to solve a high-granularity classification task. Each

section of the generated summary is fed to model alongside the visual elements

descriptions and flattened tables. This approach offers two advantages advantages.

First, LLMs can align images to specific summary paragraphs with high granularity.

Second, the model can evaluate the images content against text, ensuring that

the selected visual elements actively support the summary rather than sharing

similar content. In practice, the model is fed with the generated summary and a

list of visual elements represented by an ID and their content description. Then the

model is tasked with the alignment of a list of visual elements with the summary

sections as exemplified in Figure 4.4.
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Prompt Template

System: You are an image selection agent. Your task is to

select images and tables for a document. The inputs are

the summary of a document and a list of images and tables

with their descriptions. The expected output is the list of

selected items.

Each image and table is identified by an ID and a

description.

The summary contains the following elements:

- Headings. These are delimited by "**"

- Paragraphs. Each heading is follwed by one or more

paragraphs.

Do the following:

1. Carefully read the summary.

2. Identify and list the section headings from the summary.

3. Carefully read the image descriptions.

4. Identify the most relevant images for the summary. You

may select up to {m} images for the summary. For each

selected image, explain the selection criterion used.

5. Place each image in the appropriate section.

Below is an example of the output format:

### Section Titles

- section 1

- section 2

...

### Selected Images

- Image ID: <IMAGE ID>
- Selection Criterion: The criterion used to select the

image.

- Target Section Title: The title of the section where the

selected image should be placed.

- Image ID: <IMAGE ID>
- Selection Criterion: The criterion used to select the

image.

- Target Section Title: The title of the section where the

selected image should be placed.

User: Here is the summary (delimited by ‘‘‘): ‘‘‘{summary}‘‘‘
Here is the list of images: {images list}

Figure 4.4: Prompt template for image selection.
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4.2.3 Technical Implementation

The proposed framework was operationalized as a Python-based skill. In Altilia, a

skill is a function that utilizes various components of the AltiliaIntelligentAuto-

mation platform in a deterministic manner. Since the multimodal summarization

of long financial documents for this case study did not impose strict constraints

on Time to First Token (TTFT), the architectural design prioritizes modularity,

processing depth, and asynchronous execution over token streaming. The pipeline

relies on OpenAI’s proprietary API (GPT-4o) to handle the generative burden, and

triton deployed models for OCR and DLA.

The following sequence represents the execution flow of the implemented

system:

• Model Deployment and Ingestion. The DLA model is deployed and

served via the Triton inference server, which enables scalable inference.

Upon document ingestion, the skill routes rasterized document images to

the model to extract spacial coordinates and structural labels and bounding

boxes.

• Parallel Extraction and DOM Construction. Following layout detection,

and depending on the availability of OCR in the input document, a native

PDF parser or the Azure OCR service extracts the text from each rasterized

document page. To minimize latency, the pipeline utilizes asynchronous

computing. While the DOM is being constructed, the skill dispatches

asynchronous requests to the MLLM the generate rich textual representation

for all extracted charts and images.

• Summary Generation and Visual Alignment. Once the DOM is fully

compiled and all multi-modal elements are captioned, the document mark-

down representation is injected into the MLLM to synthesize the primary

summary. This is then programmatically decomposed into sections and

a second API call is executed to perform LLM-driven visual selection,

associating relevant visual elements to the generated sections.

• Section Decomposition and Attribution. In the final phase, each logical

section is fed to the MLLM to associate sentences from each section to

passages from the source documents, ensuring strict factual traceability.

86 Multimodal Document Understanding for LLMs



CHAPTER 4. MULTI-MODAL SUMMARIZATION WITH MULTI-MODAL

OUTPUTS

4.3 Case Study

The system described in the previous section was proposed in the context of a

project requested in a real-world operational environment. This case study was

developed in collaboration with an undisclosed client of Altilia, representing an

important financial institution active in the Italian market. The objective was

the automation of summarization of long financial document, transitioning from

manual analysis to an automated multi-modal pipeline. For this project, the client

needed to process documents that vary significantly in their structural composition.

The primary challenge was not the generation of simple summaries, rather the

generation of summaries complemented with multi-modal outputs. Moreover, the

system was required to synthesize narrative summaries aggregating information

from text as well as tabular and chart data.

This project is characterized by an exacerbation of constraints typical of

Altilia’s clients. Specifically, the entire work is structured around limited data

availability and the strict requirement of factual correctness across all modalities.

Given the scarcity of data, fine-tuning smaller language models was deemed un-

feasible. Furthermore, the system’s intermittent usage pattern rendered a dedicated

deployment cost-inefficient. Consequently, leveraging the non-sensitive nature

of the input documents, we utilized large-scale proprietary models to maximize

performance without the overhead of custom infrastructure.

In this context, it was possible for us to experiment with structured inputs

configurations for the generation of structured summaries from long financial

documents. The next sections provide a detailed description of our experimental

settings.

4.3.1 Experimental Settings

First present the client’s dataset, followed by a description of the structured input

configurations. Next, we outline the evaluation metrics employed in our analysis.

Finally, we discuss the results and their implications.

Dataset

We utilize a private dataset consisting of 42 documents. The documents were

collected from three major credit rating agencies, Fitch, Moodys, and S&P, and

include rating reports that assess the financial health and creditworthiness of

various organizations and industries. The dataset is multilingual and the documents
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source document summary compression ratios

Source # docs tokens visual elements tokens visual elements tokens visual elements

S&P 15 2516.33 36.07 526.27 1.60 0.41 0.06

Moodys 15 5422.33 78.40 529.47 1.07 0.15 0.02

Fitch 12 24479.93 108.87 575.07 1.00 0.04 0.02

Overall 42 10806.2 74.44 543.6 1.22 0.20 0.03

Table 4.1: Multimodal Summarization Dataset statistics.

are redacted either in English or Italian. Domain experts from the client provided us

with summaries tailored specifically for the designated rating reports. A qualitative

screening of the provided synopses identified critical quality issues concerning

the inclusion of information from sources other than the indicated documents,

with a verifiability rate of 95%. For this reason, these artifacts were only utilized

to compare models and humans ability to include visual elements in the final

summary. The final corpus statistics are available in Table 4.1, with each column

showing the average statistics for number of tokens and visual elements (i.e. tables

and charts).

Structured Input Configurations

To obtain the best possible summaries, we explore the effects of three input con-

figurations: Flat Text (FT), Markdown (MD), and Hierarchical Markdown (MDH).

The baseline, FT, only uses the text extracted from the PDF using the pymupdf

library. In this configuration, the LLM input is constituted by a concatenation of

instructions and the raw document text. All markdown variants adopt markdown-

style headers using the # symbol. However, only the hierarchical configurations

utilize multiple # to indicate the distance from the document root. Each variant

includes images, tables, and charts. In MD and MDH documents, the visual

elements are inserted according to the document’s linear reading order. All other

settings are consistent with what described in the previous sections. These variants

serve different purposes: MD offers simplicity while MDH captures structural

richness.

Evaluation Metrics

There doesn’t exist a single evaluation metric for Multi-Modal Summarization

with Multi-Modal Outputs. As a consequence, we rely on multiple metrics to
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evaluate our summaries: FineSurE [194], G-Eval [125], and VisG-Eval.

FineSurE. This is a LLM-based summarization evaluation protocol. The tech-

nique consists in using a LLM to identify misalignment between the input text

and the document summary. FineSurE evaluates the generated output on three

dimensions: faithfulness, completeness, and conciseness. However, due to the

inaccuracies of our ground truth summaries, we are only evaluating the generated

synopses on faithfulness with respect to the input document. Each generated out-

put is transformed into key facts and each fact is compared to the source document.

Faithfulness is computed as the percentage of correct facts.

G-Eval. This is a GPT-4-based prompting protocol for assessing the quality of

generated summaries, with a demonstrated strong correlation to human evaluators’

judgments. GEval utilizes AI-generated prompts (Auto CoT) to guide human-like

assessments. We adapt the G-Eval protocol to the collected rating reports following

the standard G-Eval protocol. We use GPT-4 [1] to create a new set of instructions

for the evaluation of the financial summaries generated by our summarization

approach. Then, we employ GPT-4o [91] to execute the instructions and generate

the 5-points likert scale evaluations with a voting mechanism.

VisG-Eval. We use GPT-4o to assess the effectiveness of image selection in our

methodology. Using the G-Eval protocol, we generate two sets of instructions: one

for image relevance, which measures how well images align with the summary’s

content, and one for image novelty, which gauges how much new information the

images add. Relevance scores are generated with a CoT prompt while novelty

scores are generated with the classical G-Eval protocol, more information in the

appendix. We refer to this evaluation approach as VisG-Eval. These metrics

indirectly assess the inclusion of supplementary and complementary enhance-

ments. Each image caption is paired with the summary, and GPT-4o evaluates the

relevance and novelty on a 5-point Likert scale.

4.3.2 Results

We report the FineSurE evaluation scores in Table 4.2. Since generated summaries

are going to include information distilled from multi-modal source, we utilize the

MDH documents for reference. Notably, we observe a generally higher factual

error rate from the summaries generated from the unstructured documents. In
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S&P Moodys Fitch Overall

FT MD MDH FT MD MDH FT MD MDH FT MD MDH

Faithfulness 94.1 96.1 97.3 98.0 99.8 99.3 94.4 98.1 98.3 95.5 98.0* 98.3*

Table 4.2: FineSurE metrics for multiple summarization. The values marked with

* are significantly larger than the baseline.

order to assert the validity of the improvements with respect to the baseline, we

implement a 0.05 α-level paired t-test. Due to the reduced dataset dimension, we

are only able to successfully obtain significant differences in the Overall setting,

that uses all 42 documents to compute the significance of the test. The values

marked with ”*” in Table 4.2 are significantly larger than the FT baseline.

Table 4.3 presents the G-Eval scores for reference-free evaluations of our

summarization approaches. For the S&P source, which contains the shortest and

simplest documents, the FT approach performs well but is outpaced by the MDH

approach. The FT modality outperforms MD in coherence and fluency, likely due

to challenges in distinguishing section headers and image captions without a table

of contents, leading to inconsistencies in the markdown version. The MDH input

modality excels with the structured title format in markdown, achieving the highest

performance. On Moodys, the MD approach shows consistent improvements. On

Fitch, the MD approach performs better in all dimensions except coherence.

Overall, MD and MDH strategies outperform FT, highlighting the advantage of

structured inputs in summarization. Again, we are able to use a paired t-test

to assert the significance of the differences in the generated summaries using a

0.05 α-level. The test only shows some significance in the Overall column of

Table 4.3 due to the greater sample size. Only the Consistency dimension shows a

significance level and only in the MDH setting. As with FineSurE, this suggests

that summaries generated using the MDH modality exhibit fewer factual errors

compared to those produced using flat text alone.

Finally, Table 4.4 contains the evaluation scores obtained through VisG-Eval,

which assesses the quality of the multi-modal elements inserted into the summaries

in terms of Relevance and Novelty. Overall, the proposed approach demonstrates

superior capabilities in selecting and generating multi-modal content compared to

the original summaries. Specifically, the generated summaries achieve higher Rel-

evance scores across the aggregated datasets, indicating that the model is effective

at identifying tables and charts that are semantically aligned with the narrative of
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the generated summary. As far as Novelty is concerned, the approach consistently

minimizes information redundancy. The generated summaries achieve an overall

scores of 2.91 which surpasses the 2.73 obtained by ground truth summaries.

This suggests that the model successfully selects elements that contribute to the

narrative by adding new information rather than repeating data already present in

the summary text. Collectively, the scores validate the approach effectiveness in

synthesizing multi-modal financial summaries.

4.3.3 VisG-Eval - Correlation with Human Feedback

Two annotators were tasked with the evaluation of the images attached to the

summaries by the system. Specifically, they were given the same instructions

provided to VisG-Eval, e.g. to assign a likert score for both the relevance and

novelty dimensions to each image. We compute the correlation between annotator

feedback with Spaerman (ρ) correlation and Kendal τ The correlations between

human annotators are high for both relevance and novelty, with ρ > 0.6 and

τ > 0.5 in both cases. Since the annotators are deemed reliable, we average

their scores and compute correlations with LLM judgments with and without CoT

reasoning for the generation of the likert score. The results, shows in Table 4.5,

highlight that the reasoning approach correlated better for relevance and the simple

approach correlates better for novelty.

4.3.4 The Effect of further Cleaning the Document Markdown

From now on, we perform experiments exclusively on 9 documents from Fitch

since they are the only ones actually containing a table of contents that we can

use to perform headers filtering. The next experiments are supposed to provide

further insights into the usage of properly formatted markdown documents in

S&P Moodys Fitch Overall

FT MD MDH FT MD MDH FT MD MDH FT MD MDH

Coherence 3.74 3.7 3.79 3.5 3.53 3.46 2.77 2.8 3.09 3.36 3.36 3.46

Consistency 3.42 3.49 3.66 3.36 3.46 3.5 2.66 3.2 3.07 3.16 3.39 3.42*

Fluency 1.93 1.87 2.02 1.98 2.22 2.09 2.07 3.29 2.15 1.99 2.16 2.09

Relevance 3.17 3.31 3.4 3.01 3.27 2.95 2.82 3.04 2.82 3.0 3.21 3.06

Table 4.3: G-Eval metrics for multiple summarization settings. The values marked

with * are significantly larger than the baseline.
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S&P Moodys Fitxh Overall

gen gt gen gt gen gt gen gt

Relevance 3.75 3.01 4.12 4.33 3.87 3.16 3.91 3.5

Novelty 3.07 2.95 2.97 2.96 2.55 2.61 2.91 2.73

Table 4.4: VisG-Eval scores.

summarization settings. For this reason, we are unable to include the remaining

documents, that contain nonfilterable noise.

Overall, our approach of transforming the document into its markdown ver-

sion inserts numerous errors in the final markdown: wrongly positioned headers,

misclassified layout elements, and captions mixed with headers and text. In or-

der to test the hypothesis that further cleaning the document improves the LLM

document understanding capabilities, we further clean the provided documents

starting from the MDH version. First, we utilize layout-based heuristics to remove

redundant captions and titles for charts and tables when positioned too close to

the corresponding visual elements based on bounding box proximity. This helps

reduce duplication or noise that often arises from OCR artifacts or layout quirks.

Second, we utilize the reading order information provided by our parsing strategy

to change the position of the layout elements description and position them at the

end of each section. This prevents disruption in the text flow of the document and

allows the evaluation of the model capabilities of introducing information from

layout elements with informativeness criteria instead of reading order criteria.

Table 4.6 shows the FineSurE Faithfulness metrics obtained using the original

markdown version (first row) and the cleaned markdown version (MDHclean) as

reference respectively. The table serves two purposes. First, the metrics highlight

that using the corrected version of the document allows for improvements in

the Faithfulness of the generated summary. In fact, the Faithfulness score of

MDHclean in the first row is a full 100, against the 98.3 previously obtained.

rel nov

ρ τ ρ τ

IAA 0.612 0.539 0.676 0.578

CHF CoT 0.452 0.306 0.182 0.142

- CoT 0.008 0.048 0.324 0.209

Table 4.5: Comparison of G-Eval, VisG-Eval, and structural metrics.
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FT MD MDHclean

Faithfulness MDH 94.3 98.3 100

MDHclean 95.1 95.0 96.1

Table 4.6: FineSurE metrics for multiple summarization settings with a cleaned

markdown version.

Second, the table shows the great limitation of LLM-based evaluations of long

document summaries. Specifically, the source document format matters and greatly

influences the value of the evaluation metrics. FT improves by more than 10 points

while both MD and MDH see their scores reduced by almost 4 points.

Table 4.7 reports the G-Eval scores using MDH and MDHclean strategies.

Similarly to what was observed for FineSurE, the input structure affects the scores,

as seen in the FT approach, where scores change significantly between the first

and second markdown versions. This is expected but undesired. Ranking orders

and score gaps vary between methods. The FT method is no longer the most

consistent, even though it was the most consistent with the first markdown version.

Surprisingly, MD and MDH methods are the most consistent, suggesting that a

cleaner markdown allows better document understanding. Fluency shows slight

variation, and relevance scores change in both order and values.

4.3.5 The Effect of Structured Inputs on Structure Understand-
ing

To assess the model’s ability to incorporate structural information, we extract

section headers from documents with a table of contents. Using section-by-section

summaries, we evaluate the model’s comprehension through precision and recall.

FT MD MDHclean

MDH Coherence 3.05 2.92 2.74

Consistency 2.32 2.42 2.67

Fluency 1.82 1.64 1.63

Relevance 2.58 2.75 2.46

MDHclean Coherence 3.79 3.85 3.7

Consistency 3.48 3.9 3.73

Fluency 1.82 1.59 1.7

Relevance 3.05 3.29 3.46

Table 4.7: G-Eval metrics for Fitch documents after the creation of a new mark-

down structure.
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FT MDH

Precision 0.40 0.67

Recall 0.84 0.77

F1 0.54 0.71

Table 4.8: Structural information evaluation.

We apply a simple regex to match summary titles with those in the table of contents.

Inferred titles that are not present in the table of content are classified as false

positives while table of contents titles that are not present in the final summary are

classified as false negatives. To ensure fair comparison, we remove any text before

the first title token, eliminating the table of contents at the start of documents that

could introduce bias.

As per Table 4.8, the FT approach generates significantly more false positives

due to its lack of awareness about the document structure. As a result, the model

frequently misclassified rows as titles based on their position and syntactic charac-

teristics. Additionally, the FT approach exhibits lower recall, a consequence of its

tendency to generate an excessive number of titles. Overall, structured input yields

higher precision but lower recall. Surprisingly, despite clear instructions and the

simplicity of the task, the model fails to correctly identify and report section titles.

This is particularly unexpected given that the only document rows beginning with

”#” correspond to section headers.

The Effect of Ablating Markdown Components

To assess the contribution of each pipeline component, we perform an ablation

study on Fitch documents with tables of contents. This setup allows us to isolate

the impact of the TOC, which is not present on other documents, on summary

quality. We remove individual modules from the full system (MDHclean) and

report the results in Table 4.9. Removing the graphical elements (ge) from the

input markdown leads to a notable improvement in fluency (+0.47), but slightly

decreases the relevance (-0.13) of the textual summary. Moreover, consistency

doesn’t vary and the difference in coherence is negligible. The order of visual

elements (image order) also only has the stronger effect on fluency (+0.45), due to

the fact that the correct images and tables are positioned under the correct para-

graph, and weaker effects on coherence, consistency, and relevance. Reintegrating

the text close to charts and tables has the greatest effect on fluency (+0.55) and
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GEval Vis-GEval structsections

coh con flu rel relevance novelty p r f1

MDHclean 3.7− 3.73− 1.7− 3.46− 3.65− 2.8− 0.5− 0.76− 0.6−
- ge 3.72+.02 3.73− 2.17+.47 3.33−.13 3.93+.28 2.55−.25 0.5− 0.82+.06 0.62+.02

- image order 3.46−.24 3.62−.11 2.15+.45 3.6+.14 3.56−.09 3.15+.35 0.54+.04 0.84+.08 0.66+.06

- filtering 3.6−.1 3.52−.21 2.25+.55 3.4−.06 3.43−.22 2.53−.27 0.52+.02 0.84+.08 0.64+.04

- toc 3.72+.02 2.71−1.02 1.78+.08 3.42−.04 3.82+.17 2.6−.2 0.54+.04 0.77+.01 0.63+.03

Table 4.9: Ablation of markdown components.

has minor impacts on the remaining GEval dimensions. Finally, it appears that not

filtering the section headers using the TOC has the greatest effect on consistency

(-1.02) and minor effects on the remaining GEval dimensions.

On Vis-GEval, we only observe a few differences with ge (+0.28 on relev-

ance and -0.25 on novelty), image order (+0.35 on novelty), filtering (-0.22 on

relevance and -0.27 on novelty), and toc (+0.17 on relevance and -0.2 on novelty).

Finally, relaxing pipeline components has little to no impact on document structure

understanding.

4.4 Conclusions

In this chapter, we presented a modular framework for multimodal summarization

with multimodal outputs. The proposed system was tailored for long financial

documents rich of tables and charts. We addressed critical challenged related to

modality imbalance, alignment, and factual consistency.

Our experimental results demonstrate that the structured representation of the

input document is crucial for the quality of the generated summaries. We observed

that structured inputs significantly outperform flat text representations. The in-

clusion of document structure reduced hallucination rates, improving faithfulness

of the generated summaries. Both the FineSurE and G-Eval metrics highlighted

the effectiveness of the approach in terms of factual accuracy. However, further

experiments highlighted the limitations of current evaluation approaches, lacking

standardization and being heavily dependent on the input format.

Furthermore, evaluation of MLLMs abilities to correctly generate structured

summaries highlight the limited ability to generate summaries comprehensive of

all the document sections. Specifically, a MLLM tends to infer too many sections

when using only textual inputs and too few when dealing with structured inputs.

Ablations show that tampering with the layout elements and headers can improve
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the model understanding of the document sections.

Despite these advances, it is crucial to acknowledge the rapid evolution of the

document processing and LLM landscape. While our modular pipeline effectively

mitigated the context window and resolution limitations of earlier models by

treating modalities sequentially, alternative natively multi-modal systems have

recently emerged. regarding document parsing, the Qwen3-VL series [4] offers

robust solutions for both parsing and chart processing. With improved localization

capabilities, these models can parse documents to generate bounding boxes and

classes for all layout elements. Conversely, focusing on efficiency, IBM recently

released GraniteDocling [154]. This open-source chat LVLM can parse documents

and localize objects with fewer than 300M parameters—an order of magnitude

smaller than its competitors.

In the LLM landscape, recent proprietary advancements are exemplified by

the release of GPT-5.2 and Gemini-3. These models generally offer superior

capabilities and enhanced summarization performance. Conversely, open-source

development has been prioritizing efficiency. Mixture-of-Experts (MoE) architec-

tures [57, 65] achieve high performance with significantly lower computational

costs, while dynamic quantization techniques [53, 231] further reduce this burden

by at least half. However, none of these models currently support the effective

concatenation of multiple images with extensive bodies of text. Crucially, there is

no existing approach capable of simultaneously processing high-quality images

and text from long documents.

Consequently, future research should address two critical limitations. The

first is mitigating the performance degradation observed when models process

multiple image and text inputs concurrently. The second is the development of

robust datasets and evaluation metrics designed specifically to assess multimodal

summarization tasks that generate multimodal outputs.
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Robust Evaluation Strategies

for RAG.

In this chapter, we address a critical bottleneck in the deployment of advanced

RAG systems, i.e. their reliable assessment. In the context of this manuscript,

Retrieval Augmented Generation systems represent the key mechanism to ground

the summary knowledge into verifiable evidence. However, this systems’ utility is

limited by their ability to accurately evaluate their performance, especially in real

world scenarios where ground truth data is often unavailable. In this chapter, we

primarily focus on the effectiveness of LLM-derived metrics by evaluating how

well automated metrics approximate human perception of answer relevance and

correctness.

To achieve this, we present a four-steps framework: (i) ingestion converts the

documents into semantic embeddings for efficient similarity search, (ii) retrieval

identifies the most relevant text chunks based on a user query, (iii) generation uses

in-context learning to generate an answer through LLMs, and (iv) evaluation uses

both reference-based and reference-free metrics. Through extensive experiments

and annotations on a proprietary and a public dataset, we investigate the reliability

of metrics such as BEM and RAGAS. Then, through the analysis of spearman

correlation coefficients against human evaluation, we demonstrate that ground

truth metrics show moderately strong alignment with human judgment, while

reference-free metrics face significant challenges in capturing the nuances of

answer quality.
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5.1 Literature Review

RAG

Retrieval Augmented Generation (RAG) is an architectural paradigm that com-

bines retrieval and LLMs [110, 206]. Large Language Models knowledge is

limited by their training paradigm, making them knowledgeable about whatever

was utilized for pre-training and fine-tuning. Due to the inherent time discreteness

of LLM training data, models knowledge has time-dependent cutoffs. Moreover,

due to the generic nature of such data, LLMs are prone to hallucinations. RAG

solves these issues by sourcing relevant passages from an external corpus to

provide up-to-date grounded information. Early RAG implementations used to

focus on Open-Domain Question Answering (OpenQA) by jointly pre-training

the retriever and the generator [79].

The core of RAG architectures is divided in two approaches. The first lets the

generator attend each retrieved document independently and then marginalizes

over the generated outputs. The second lets the generator attend the concatenated

sequence of documents, letting the model concurrently draw knowledge from

all documents [191]. Recently, the shifting research paradigm resulted in the

development in advanced RAG techniques. Multi-hop RAG requires multi-hop

retrieving and reasoning [206], Adaptive RAG seeks to increase efficiency by

determining if retrieval is required for a given query or user query can be answered

from the model internal states [250], and Retrieval-Augmented Fine-Tuning aims

at ignoring irrelevant retrieved documents while providing responses based on the

relevant ones [245].

RAG Evaluation Systems

Traditionally, QA and RAG systems were evaluated using n-gram overlap metrics

like Exact Match and Token F1 [177]. Unfortunately, metrics that rely on n-grams

often fail to recognize equivalent answers using different wordings, lack semantic

context, and mostly rely on annotated datasets [29]. To overcome these limitations,

researchers are developing reference-free evaluation frameworks [68]. RAGAS

[59] uses LLMs to evaluate answers of three dimensions identifying issues with

grounding and relevance to the question and context. ARES [182] utilizes synthetic

datasets to train small LLMs as judges tailored to specific domains and uses

Prediction-Powered Inference (PPI) to correct model errors and provide statistical

confidence intervals for its rankings. BEM [29] uses a BERT-based classifier

trained on human judgments to measure answer equivalence. Finally, some
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Figure 5.1: A simplified graphical representation of the implemented RAG system.

approaches prefer to decompose the generated answer into factual claims and use

them as retrieval queries to verify them against the source corpus [90, 98].

The evolution of Retrieval Augmented Generation (RAG) has led to the de-

velopment of a variety of implementations that integrate document retrieval and

Large Language Models. Early research focused on the foundational aspect of

feeding LLMs with retrieved passages to reduce hallucinations in conversational

systems. However, more recent research have introduced complex strategies for

ingestion, including chunking strategies and semantic embedding techniques to

optimize how information is indexed and retrieved.

5.2 Experimental Settings

In order to correctly validate RAG evaluation metrics, we define a standardized

RAG pipeline and select datasets and metrics.
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5.2.1 RAG Pipeline

We designed and implemented an end-to-end RAG pipeline. Specifically, our

architecture is composed of three sequential phases: (i) Ingestion and Indexing,

(ii) Semantic Retrieval, and (iii) In-Context Learning.

Ingestion and Indexing

The first step consists in the creation of manageable chunks. This is achieved by

segmenting the documents into smaller parts of 1024 characters. Due to the mostly

textual part of the considered datasets, no document understanding modules are

implemented. Instead, documents are processed through OCR. Then, raw text is

chunked into passages of 1024 characters with a stride of 128. Since the evaluation

of bi-encoders is not relevant for our work, we rely on OpenAI’s text-embedding-

ada-0021 to embed textual chunks and queries and we utilize Milvus2 to store the

generated embeddings.

Sematic Retrieval

Given a query, the model used to embed chunks was also used to embed the query.

The query vector is used to execute similarity search into the embedding database.

Top-k is fixed to 10 and cosine similarity is used to search for the best chunks to

answer the query.

Answer-Generation

In order to answer the question, GPT-4 is instanced as the reader. The LLM is

fed with the concatenated retrieved chunks and instructed to answer the provided

query. In order to account for unanswerable questions, the model is given the

instruction to explicitly state whether is the provided material is not sufficient to

answer the query. The utilized prompt template is available in Figure 5.2.

5.2.2 Datasets

To assess LLM-based evaluation strategies, we employ two datasets from the nar-

rative and financial domains. NarrativeQA [100] contains 1102 English documents

divided into books and movie scripts, associated with 32k question-answer pairs.

1https://openai.com/blog/new-and-improved-embedding-model
2https://milvus.io/it
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Prompt Template

System: You are a chat-bot having a conversation with a human.

Given the following extracted parts of a long document and a

question, create a final answer.

If you don’t know the answer, just say that you don’t know,

don’t try to make up an answer.

Context: {CONTEXT}

Chat History: {CHAT HISTORY}

User: {user query}

Figure 5.2: The prompt template utilized to generate answers with GPT-4.

From this dataset, we randomly sample 50 book-related and 50 movie-related

questions, spanning 41 unique books and 42 unique movie scripts. The dimension

of the sample was restricted to account for budget constraints associated with

project. From the financial side, we utilize a private dataset (FinAM) containing

50 Italian question-answer pairs. The corpus covers Italian asset management doc-

uments on topics including investment strategies, risk management, and regulatory

compliance. The question are complex, often requiring information from multiple

paragraph containing detailed conversational-style answers.

5.2.3 Evaluation Metrics

We evaluate two dimensions of the generated answers: answer relevance and

answer correctness. Answer relevance evaluates whether the generated answer is

relevant with respect to a given query and retrieved passage. Answer correctness

measures an answer’s factual correctness with respect to the retrieved passages.

To evaluate the quality of the generated answers we utilize three recently pro-

posed LLM-based frameworks: TruLens, RAGAS [59], and BEM [29]. TruLens is

an open-source library used to evaluate, track, and debug LLM-based applications.

This operates on LLM-based feedback functions to measure context relevance,

groundedness, and answer relevance. RAGAS focuses on semantic accuracy using

”LLM-as-a-judge” to score a retriever’s ability to retrieve data and generate faith-

ful, relevant answers. Both TruLens and RAGAS use a Large Language Model to

evaluate wether the generated answer is correct and relevant with respect to the
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ground truth answer and user query.

RAGAS measures answer correctness through the extraction of factual state-

ments from both the predicted and gold answers. Then, statements are flagged as

true positives if present in both lists, false positives if only available in the gener-

ated answer, and false negatives if only present in the ground truth answer. Answer

correctness is presented in the form of an F1 score. Answer relevance, on the

other hand, is computed using the LLM to generate multiple synthetic questions

to the generated answer and then computing the average cosine similarity between

the embedded original query and generated queries. TruLens answer relevance is

measured directly through the model, assigning a continuous score in [0, 1].
Finally, the BEM score [29] is a semantic metrics based on a fine-tuned BERT

model rather than an LLM. BEM is optimized for answer equivalence and is used

to evaluate whether the generated answer is equivalent to the ground truth.

5.2.4 Correlation with Human Judgment

To study the correlation with human judgment, 4 human annotators were tasked

with the evaluation of relevance and correctness of the generated answers. An-

notators were provided the query and the generated and ground truth answers

and were asked to assess the generated answers with a likert score with 1 being

equivalent to incorrect or irrelevant answers and 5 corresponding to completely

correct and factually relevant answers. Upon completion, the scores were col-

lected and compared. In case of discrepancies, annotators were asked to discuss

on the provided answer and reach consensus, alleviating the individual bias and

increasing the reliability of the maual evaluation.

5.3 Experimental Results

We report the correlations between human and model-based evaluations in Table 7.6.

About answer relevance (AR), TruLens achieves the most significant results with

an average correlation of more than 40% with GPT-3.5 and greater than 30% on

GPT-4. Overall, GPT-3.5 results are superior on NarrativeQA for both subsamples.

Interestingly, the prompt template from both TruLens and RAGAS are optim-

ized for GPT-3.5. On the Italian dataset, where templates were adapted to the

Italian language and not merely translated, GPT-4 achieves superior results on

both frameworks. Even for answer correctness (AC), GPT-3.5 achieves slightly

superior results on both the publicly available datasets while GPT-4 achieves signi-
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Metric Correlation with Human Judgment

NarQAbooks NarQAmovies FinAM Avg

GPT-3.5

AR TruLens 0.436 0.565 0.178 0.423

AR RAGAS [59] 0.234 0.483 0.153 0.323

AC RAGAS [59] 0.718 0.792 0.053 0.536

GPT-4

AR TruLens 0.420 0.213 0.280 0.314

AR RAGAS [59] 0.150 0.411 0.230 0.287

AC RAGAS [59] 0.670 0.781 0.531 0.653

Open-Source

BEM [29] 0.735 0.704 0.208 0.627

Table 5.1: Precision (P) and recall (R) of the bounding boxes generated for the

grounded answer generation task.

ficantly superior metrics on FinAM. Finally, BEM, which is optimized for answer

correctness, demonstrates robust performance on English datasets. However, it

proves ineffective on FinAM due to the language discrepancy between the corpus

and the training data.

5.4 Conclusions

In this chapter, we addressed the critical issue of reliably assessing RAG systems

generated answers with and without ground truth data by implementing and

end-to-end RAG pipeline and utilizing both proprietary financial data (FinAM)

and public narrative datasets (NarrativeQA). Our investigation yielded several

key insights regarding the efficacy of ”LLM-as-a-judge” and semantic metrics.

First, correlation with human judgment appears to be strong on reference-based

metrics, where LLMs are able to determine the correctness of the generated

answer. However, on reference-free metrics, the correlation with human judgment

is significantly reduced. Second, the LLM evaluation frameworks are sensitive

to the utilized model and input language. Specifically, we observed significantly

better results on the public corpus while our proprietary datasets was more difficult

to evaluate for all models and frameworks. In parallel, the reduced performance

on the Italian dataset suggest that advanced models are requisite for non-English,

specialized domains.
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Ultimately, this study highlights that while automated evaluation frameworks

are promising, they are not yet a complete substitute for human verification,

particularly in specialized languages and domains. The limitations of current

reference-free metrics underline the necessity for systems that not only generate

answers but also provide transparent evidence for their claims. This motivates the

research presented in subsequent chapters, which moves beyond simple evaluation

toward explainability and context attribution to enhance user trust.
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Context-Attribution

Nowadays, most AI assistants are powered by LLMs capable of handling multiple

tasks. Retrieval Augmented Generation ehances factual accuracy and reduces

hallucinations by incorporating external knowledge sources during generation.

However, the chance of generating hallucinated or non-factual text [44, 190] is

not null and forces the demand for attributable answers in order to enhance trust

toward these tools.

Context-Attribution, the task of linking LLM-generated sentences with por-

tions of the input context [142, 241], is particularly relevant in RAG systems [110].

Evidence suggests that corroborative context-attribution, which identifies evidence

at support of the generated statements [46], is essential for making LLM-generated

content more transparent, trustworthy, and verifiable [136]. By linking the gener-

ated outputs to the retrieved content, context-attribution supports fact-checking,

grounded summarization, and verifiable question answering. It also enables users

to assess the quality and relevance of the sources behind each claim, making it a

key component for responsible AI deployment.

Recent advances in LLMs have significantly boosted the potential of context-

attribution methods achieving strong results with fine-tuning [142, 130, 8, 241] and

zero-shot prompting [69, 237] even on open domain questions [150]. Proprietary

LLMs such as GPT-4 [1], Claude 3.71, or Gemini2 have demonstrated strong

performance in tasks involving context-attribution. Their advanced reasoning

capabilities, understanding of complex context relationships, and access to vast

1https://www.anthropic.com/claude/sonnet
2https://gemini.google.com/
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internal representations make them effective at associating generated content with

relevant source passages. However, LLMs have notable limitations when used

for post-generation context-attribution. First, proprietary LLMs achieve high

accuracy but are associated with significant costs at scale due to expensive APIs

and data-center-grade GPUs. Additionally, the nature of these models restricts

adaptability to specific domains. Smaller, open-source LLMs offer advantages

in this sense but often exhibit limited performance, especially in nuanced tasks

such as identifying contributive sources or distinguishing between relevant but

non-causal content.

Smaller Language Models represent efficient alternatives, offering advantages

in terms of costs and control, being cheaper to train and deploy. Cross-encoders,

common in reranking [179] jointly encode the query and a passage. Unlike bi-

encoders, which compute separate embeddings for each, cross-encoders perform

unified encoding, identifying complex dependencies and returning fine-grained

relevance scores. Cross-encoders are particularly suitable for nuanced tasks like

context-attribution and offer fast inference when applied to a limited set of candid-

ates. Their ease of fine-tuning and controllability further empowers researchers

to adapt models swiftly without the need for retraining multi-billion parameters

models.

This study explores the application of LLMs and cross-encoders in post-

generation context-attribution tasks. We examine the performance gap between

proprietary and open-source LLMs as well as frozen and fine-tuned cross-encoders.

Our findings indicate that, with limited hyperparameter tuning, cross-encoders can

perform comparably to LLMs for post-generation context-attribution, while open-

source LLMs consistently under-perform. Our contribution is three-fold: (i) we

demonstrate how LLMs can be employed for post-generation context-attribution,

(ii) we introduce a novel application of cross-encoders as context-attributors,

providing a model agnostic solution not explored in prior works, and (iii) we

present the first comparison of context-attribution performance across proprietary

LLMs, open-source LLMs, and cross-encoders, for both in-line and answer-level

citations.
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6.1 Literature Review

Context attribution remains an open challenge, with recent efforts extending bey-

ond textual grounding to visual contexts. On the textual side, Gao et al. [69]

introduced ALCE, an automatic benchmark for evaluating LLMs ability to gen-

erate text with verifiable citations, providing reproducible metrics for fluency,

correctness, and citation quality to mitigate hallucinations. Ye et al. [234] pro-

posed AGREE, a learning-based framework that fine-tunes LLMs for grounded

and citation-accurate responses using automatically constructed data, coupled with

test-time adaptation to iteratively retrieve additional evidence, thus enhancing fac-

tual reliability. ContextCite [46] uses the log-probability drop to identify relevant

text chunks in source documents and tunes a linear model to retrieve the top-k

relevant sources.

6.1.1 LLM-based approaches

First attempts at context-attribution were mostly LLM-based and applied to open-

domain question answering. WebGPT [150] relies on a text-based web browsing

environment and uses a LLM to trigger information extraction from portions of

the page but it is constrained to generate answers and in-line citations in a single

forward pass. RARR [67] uses Google search to identify evidence in support of

the information contained in a generated answer and uses the retrieved evidence to

revise the answer but does not provide fine-grained attributions.

Among zero-shot solutions, [69] tested post-hoc and rag methods to identify

the optimal approach of generating text with citations but only considers LLMs

and retrievers for in-line context-attribution, [67] used context-attribution after

open-book generation for answer revision but only uses bi-encoders and doesn’t

evaluate their attribution performance, [163] repurposed LLMs as classifiers to

identify the citations for the LLM generated output.

[142] trains Gopher [173] with reinforcement learning to generate answers with

quotes, [130] attempts a watermarking strategy to link the generated content with

passages from the training data, CaLM [8] employs factual consistency models

to filter synthetically generated data and uses focused learning to concentrate

the backpropagated information around the generated answer rather than the

input passages, LongCite [241] uses a retriever approach to identify citations

for synthetically generated answers and uses focused learning for tuning, and

TruthReader [113] trains LLMs to perform during-generation in-line citations in a

RAG pipeline, however, they all rely on expensive LLM fine-tuning strategies by
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generating citations and answers in a single step.

6.1.2 Encoders-based approaches

Cross-encoders [179] can be derived from any LM that allows the concatenation of

two strings. Similarly to bi-encoders, cross-encoders are used to rank text passages

in relation to a query. Differently from bi-encoders, cross-encoders do not output

embeddings for the input query and text passage but a score representing a task-

dependent probability. Classical cross-encoders are built on top of bidirectional

Language Models by adding a classification head and trained with contrastive

learning [226, 247] however, some cross-encoders are built on top of LLMs [112].

Relying solely on the generation capabilities of LLMs requires the model to

have citation generation capacities. This ability is not guaranteed—especially

for smaller LLMs—and often breaks down in specialized domains or complex

tasks where accurate context-attribution becomes even more challenging. To

address this, [149] introduces retriever-based methods for the context-attribution

task, though the comparison is limited to embedding similarity models used

as baselines against LLM-generated sources. [27] concatenates the question

and answer, and applies dense retrieval to identify the most relevant supporting

passages though only uses cross-encoders for evaluation, not attribution. [46] uses

a probabilistic framework and employs an LLM to generate the answer along with

its probability, iteratively masking portions of the context and observing changes

in log probability. A linear model is fit to estimate the log probability shifts

and locate the most influential sources. However, the approach lacks a formal

evaluation of discriminative capabilities, a key requirement in production settings.

Finally, [163] repurposed LLMs as cross-encoders by appending a classification

head, enabling the model to function explicitly as a context-attribution classifier.

6.2 Experimental Setup

6.2.1 Datasets

We evaluate post-generation context-attribution using 4 datasets. The first is a

proprietary dataset composed of legal documents, annotated in collaboration with

an undisclosed client. The remaining are derived from well established datasets

for QA and RAG benchmarks: TREC-RAG [169], ASQA [195], and ELI5 [64].

The datasets statistics are reported in Table 6.1.
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Proprietary Corpus. Our proprietary corpus consists of legal documents provided

by an undisclosed client. It includes Italian financial regulations and internal

corporate materials which reflect the company’s operational knowledge and regu-

lations (including emails and internal communications). The dataset is made of

approximately 37,000 pages, varying significantly in length and content. Annota-

tion is partially conducted by the client’s legal experts using a custom web-based

application connected to a RAG system.

The RAG system integrates open-source retrievers, an open-source reranker,

and a combination of open-source and proprietary LLMs. Specifically, the retriever

is implemented using reciprocal rank fusion [47] based on BM25 [180] and a

fine-tuned version of E53 [215]. The reranker is implemented through GTE [117]

while the reader was based on GPT-4o and LLaMa3.1-8B [75] depending on the

settings picked by the user. The chat interface enables the user to prompt the

model with a query and provide feedbacks to the answer and the top-k retrieved

passages. Passages are created from the document pages with a maximum length

of 4096 characters and consecutive passages are merged.

The client’s team was tasked with prompting the system, evaluating the quality

of the generated answers, and identifying the relevance the retrieved passages with

a boolean classification. In a second step, our annotators assessed whether each

retrieved passage entailed the answer generated by the RAG pipeline, refining the

previous annotations. In total, 50 examples were refined by our annotators: 25

were allocated for evaluation and early stopping, 13 for hyperparameter tuning,

and 12 for testing. Each example is composed of a question, an answer, and up to

5 retrieved passages.

TREC-RAG. The TREC-RAG dataset is originally designed to evaluate factoid

QA systems, while the RAG variant repurposed the corpus for retrieval-based

LLM generation by pairing questions with relevant evidence passages. In its ori-

3https://huggingface.co/intfloat/multilingual-e5-large

Dataset Passages Tokens Passages per question Split Size

train eval hyp test

Proprietary 37,016 333.79 4.45 27,000 25 13 12

TREC-RAG [169] 6,856 220.79 8.56 6,000 25 25 30

ASQA [195] 487,643 584.70 10.00 33,693 25 25 200

ELI5 [64] 89,115 114.47 10.00 86,904 25 25 200

Table 6.1: Statistics of the datasets used for context-attribution.
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ginal construction, the retrieval corpus consists of Wikipedia articles, segmented

into passages of fixed length. We adopt a subset4 from the Ragnarok framework

[169] that contains 100 retrieved passages for each question and the top-20 associ-

ated reranked passages. The subset contains annotations about the relevance of

each passage with respect to the query, which are inconsistent with our task of

evaluating consistency with respect to the generated answer. The dataset answers

are originally generated with GPT-4. From each question-answer pair, we keep

the top-20 passages for annotations and inference and use the remaining 80 for

synthetic data generation and training.

Due to budget limitations, we limit passage annotation. First, we sample 25

question-answer pairs for early stopping, 25 for hyperparameter tuning, and 30

for testing. Then, we use a bi-encoder5 to obtain passage-level embeddings and

automate k-means clustering with a maximum of 10 clusters, selecting the optimal

number using the Average Silhouette Width [181] method.

ASQA. ASQA was created for long-form factoid question answering focusing

on ambiguous questions that require nuanced and multi-faceted responses. ALCE

[69] randomly samples 1000 question-answer pairs from the original version of the

dataset and manually curates them. Then, it uses the 2018 Wikipedia dump for the

construction of the corpus by chunking Wikipedia articles into 100-words passages

and uses an off-the-shelf bi-encoder to retrieve 100 passages for in-context learning

and context-attribution. We utilize the same Wikipedia dump and associate each

question-answer pair with the articles whose passages were retrieved for ALCE.

Each article is split into 800-words long chunks with a 200-words stride. Initially,

we split the dataset into training, evaluation, and testing ensuring that no Wikipedia

article appears in more than one split. Then, due to budget limitations, we only

annotate 50 question-answer pairs from the evaluation set: 25 for early stopping

and 25 for hyperparameters tuning. Finally, we sample 200 examples from the

test set for Natural Language Inference (NLI) metrics. We use an off-the-shelf

cross-encoder6 [247] to rank passages using question-passage pairs. The top-10

passages are retained for testing in order to mimic the task created with the client.

ELI5. This is a long-form question answering dataset derived from Reddit and it

is not associated with a retrieval corpus. With the same approach used for ASQA,

4https://github.com/castorini/ragnarok data/tree/main/rag24

/retrieve results/RANK ZEPHYR
5https://huggingface.co/cross-encoder/ms-marco-MiniLM-L6-v2
6https://huggingface.co/Alibaba-NLP/gte-multilingual-reranker-base
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ALCE provides a manually curated version of the dataset. For the construction of

the retrieval corpus, it relies on a dump of Sphere [168] and uses an off-the-shelf

retriever to identify 100 relevant passages related to each question. We utilize the

answers provided with the original dataset and we adopt the 100 passages retrieved

in ALCE as context for context-attribution ensuring that each article of the corpus

appears in a single split. We then divide the dataset into training, evaluation, and

test sets. From the evaluation set, we sample and annotate 25 question-answer

pairs for early stopping and 25 for hyperparameter tuning. Similarly, we sample

200 examples from the test set for natural language inference (NLI) metrics. As

for ASQA, we employ the same cross-encoder to rank the passages associated

with each question and keep the first 10 for evaluation purposes.

6.2.2 Annotation Process

Annotators were given the following instructions: (i) read the query, the answer,

and the passage, (ii) determine if the answer was positively, negatively, or not

entailed by the passage. We merged the last two classes to focus on entailment, thus

shifting the problem from NLI to binary classification. As far as inter-annotator

agreement is concerned, we accounted for it by having annotators resolve conflicts.

After the annotation process, they evaluated their own annotations together and

identified three cases requiring conflict resolution.

6.2.3 Selected Models

We employ LLMs and Cross-Encoders to solve the attribution problem. The

following sections detail the reasons behind our model choices.

LLMs

We employ a small open-source and a proprietary model. For open-source mod-

els, we rely on a quantized version of LLaMa3.1-8B, used as the reader in the

annotation process of our private dataset. The model is deployed in a machine

with a single A100 GPU with 40GB of vRAM and all inferences are done through

VLLM [105]. For the proprietary counterpart, we rely on GPT-4o, motivated

by its exceptional reported capabilities and its already established utilization in

Altilia’s other projects. The models are prompted with two templates: the baseline

template and the CoT template. The same templates are used for the two models.
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Baseline Template

User: {instructions}
You must respond only with "Yes" or "No".

QUESTION: {question}
PASSAGE: {passage}
ANSWER: {answer}

Does the PASSAGE contain the information needed to produce

the ANSWER? Answer only with "Yes" or "No".

Figure 6.1: Baseline attribution prompt template.

Moreover, structured output generation using Pydantic7 facilitated the attribution

with GPT-4o but was found to be prohibitively slow on open-source models. At-

tempts of using LLaMa3.1 without Pydantic led to unstable behavior, yielding

only a limited number of successful CoT generations. Consequently, only the

baseline template is reported with LLaMa3.1.

Baseline Template. This consists in the simple concatenation of generation

instructions and the question-answer-passage triple as illustrated in Figure 6.1.

The generation instructions force the machine into the role of domain expert,

explain the nature of the input, and introduce the entailment task. The model is

tasked with generating only "Yes" or "No".

CoT Template. For each triple, the CoT template concatenates structured gen-

eration instructions with the triple to infer entailment as illustrated in Figure 6.2.

The system instructions describe the task and the input, the structured generation

instruction task the model with the generation of a JSON containing ”common

information identification”, ”reasoning”, and ”entailment”. The task is threefold,

the model must do three operations in sequence: (i) identify the common informa-

tion between the answer and the passage, (ii) reason about information entailment,

and (iii) return ”ENTAILED” or ”NOT ENTAILED”.

7https://docs.pydantic.dev/latest/
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CoT Template

System: {instructions}
{Structured generation instructions}

User: Document:
[DOCUMENT START]
{document}
[DOCUMENT END]
Question: {question}
Answer: {answer}

Now prepare to do the following:

• Report the common information between the document and

the answer.

• Explain whether the answer was created starting from

the document or not.

Figure 6.2: CoT prompt template example.

Cross-encoders.

To evaluate cross-encoders’ capabilities in post-generation context-attribution, we

utilize gte-multilingual-reranker-base8 with approximately 500 million paramet-

ers as a lightweight baseline competitor to LLMs. We hypothesize that such a

small model is unable to tackle the complex semantics of long passages to infer

entailment, for this reason we identify three strategies for using the cross-encoder:

answer-passage, sentence-sentence, and sliding-window. Sentence tokenization

is done through langid9 and nltk10. With all strategies, if a sliding window is

identified as a citing source, the entire passage is labeled as a citing source.

Answer-Passage (ap). This strategy consists in feeding the cross-encoder with

the full answer and passage. Then, the model outputs the probability that the

answer is entailed in the passage. Inferences are ranked by descending probability

and the top-k passages are retained as the attributed context. This strategy is

computationally inexpensive, as it requires a single forward pass, but might fail to

capture the complex semantics of the passage when the context is saturated.

8https://huggingface.co/Alibaba-NLP/gte-multilingual-reranker-base
9https://pypi.org/project/langid/

10https://www.nltk.org/
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Sentence-Sentence (ss). The sentence-sentence strategy couples each sentence

from the answer with each sentence from the associated passages and outputs

the probability of entailment for each pair. This strategy is expected to capture

more granular semantics but it requires a high number of inferences rendering the

computational overhead quite expensive. Moreover, this approach might fail to

capture long dependencies.

Sliding-Window (sw). Finally, the sliding-window (sw) strategy utilizes a

sliding window of wa sentences for the answer and wp for the passages. Passages

and answers are chunked accordingly with a stride of a single sentence. Then,

each couple of answer and passage chunk is fed to the cross-encoder to obtain the

entailment probability. Through this approach, we expect to identify the optimal

granularity level but requires tuning of the sliding windows hyperparameters.

Hyperparameters Tuning. Due to the excessively low number of annotated

pairs, we expect the hyperparameters tuning set not to be fully representative of

the test set. For this reason, we limit 2 ≤ wa ≤ 4 and wa ≤ wp ≤ 8. This greatly

reduces the number of inferences required for a single hyperparameters search

and is consistent the hypothesis that (i) the passages sliding windows benefit

from longer chunks due to long information dependencies and (ii) cross-encoders

benefit from the extra context of longer answer chunks to disambiguate false

positives. On the proprietary dataset and TREC-RAG we are able to compare

model predictions with human annotations, while we can only run NLI-based

context-attribution evaluation for the other datasets. Moreover, for all datasets we

analyze how performance varies with the score thresholds.

6.2.4 Fine-tuning Settings

We fine-tune the cross-encoder on a single Tesla T4 GPU. We set the initial

learning rate to 2e-7 and utilize linear reductions until the end of the epochs.

Fine-tuning is run for a single epoch with batch size of 4 and maximum sequence

length of 2048 tokens. For early stopping, we compute the F1 score at a threshold

of 0.9 on the annotated evaluation set. Grid search is not run since it is beyond

the scope of this work. Moreover, the strict operational constraints and the limited

availability of computational resources didn’t allow a full grid search.
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6.2.5 Synthetic data generation.

Due to the limited availability of annotated data, we rely on synthetic data genera-

tion to gather evidence with similar distribution to the target examples. We rely on

LLaMa3.1-8B and use few-shot learning to generate synthetic question answer

pairs. Specifically, we first run k-means on the training passages to cluster them

into 10 groups. For each cluster, we retain the example closer to the centroid of

each cluster and manually annotate it with a question and an answer. Finally, for

each passage of the training set we sample two annotated question-answer-passage

pairs and use few-shot learning to generate a new question and answer for the

training passage. The few-shot examples solve a bipartite problem. First, they

allow for the generation of examples with a distribution similar to the one from

human annotations. Second, they enable LLaMa3.1 to generate structured outputs,

simplifying answer parsing.

This process utilizes scikit-learn11 k-means implementation on the embeddings

computed through an off-the-shelf bi-encoder model12. During the generation

process, in order to avoid out of memory errors, we filter all the prompts exceeding

the 6k tokens length. A sample of 30 items per dataset is examined and annotators

assessed that the queries and answers were meaningful and contextually relevant

to the pages and to each other. The manual review did not uncover inconsistencies,

reinforcing the reliability and coherence of our synthetic data.

6.2.6 Evaluation Metrics

On the fully annotated test sets of the proprietary dataset and TREC-RAG, we

assess model performance with precision, recall, and F1 metrics. For the other

datasets, we employ a modified version of citation precision and citation recall

[123, 163] that computes information entailment rather than sentence or answer

entailment. We do not provide comparisons with other studies’ results due to the

underlying differences in the considered tasks.

Information Entailment. Let a be the answer obtained in a RAG setting and pj
be the jth passage identified by a retriever. We employ a NLI model to transform

each sentence of the answer into a list of mutually exclusive information and then

a NLI model to infer the entailment of each piece of information in each passage

11https://scikit-learn.org/stable/
12https://huggingface.co/cross-encoder/ms-marco-MiniLM-L6-v2
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pj of the retrieved context. Formally:

I = {i1, i2, ...} = NLIinfo(a)

eq,j = NLIentail(iq, pj)

where eq,j ∈ {0, 1} is the entailment of information iq in the passage pj . We

instantiate both NLIinfo and NLIentail with GPT-4o.

Citation Recall. We assume that each sentence of the answer a is obtained

by concatenating and paraphrasing some information I = {i1, i2, ..., in}. Let

P = {p1, p2, ..., pm} be the set of attributing passages. We define citation recall

as the proportion of information that is entailed by at least one of the attributing

passages. Let Q = {1, 2, ..., n} be the indexes of I , J = {1, 2, ...,m} be the

indexes of P . Let Ient = {iq | ∀q ∈ Q, ∀j ∈ J, eq,j = 1} ⊆ I represents the set

of information entailed by at least one passage from P .

We define citation recall as

rc =
|Ient|
|I|

be the answer-level citation recall. Entailments are computed at the sentence-level

and aggregated at the answer-level before computing citation recall.

Each information in the answer is considered a true positive if it is entailed

by at least one retrieved passage and a false negative otherwise. For context-

attribution, we let each information of the answer attend each retrieved passage.

Then, the information is classified as a true positive if it is entailed by at least one

retrieved passage and a false negative otherwise.

Citation Precision. We define citation precision as the proportion of passages

from P that entail at least a portion of the information from a string s. This

definition doesn’t penalize for repeated information in order to fairly evaluate

cross-encoders and LLMs in a scenario in which each passage is processed in-

dependently, thus at each inference step the model is not aware of the already

identified information. Moreover, authors often include multiple citations to

strengthen the perceived groundness of a certain sentence. Let Pent = {pj | ∀q ∈
Q, ∀j ∈ J, eq,j = 1} ⊆ P be the set representing all the passages that entail at

least a portion of the information conveyed by s.
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We define the citation precision as:

pc =
|Pent|
|P |

For in-line citations, each passage is considered as a true positive if it entails

at least one information from the set of sentences it is associated to and a false

positive otherwise. For context-attribution, each passage is considered as a true

positive if it entails at least one information from the answer and a false positive

otherwise. As for citation recall, entailments are aggregated at the answer level

before computing citation precision.

6.3 Experimental Results

6.3.1 Context-Attribution

Table 6.2a and Table 6.2b show the strict context-attribution metrics computed on

the proprietary dataset and TREC-RAG. The parameters column represents the

settings identified through hyperparameters tuning. The first three rows of the GTE

and GTEtuned models are associated with a single value, which is the average

of the metrics obtained with the three settings. This happened due to the models

achieving the same performance with various hyperparameter combinations in the

hyperparameters tuning set.

GTE and GTEtuned show significant improvements through hyperparameters

tuning, with F1 scores or 84.15 and 87.55 on the proprietary dataset and 75.68

and 77.41 on TREC-RAG. In all four cases, the score is the highest relative to

the dataset and model. On the proprietary dataset, recall is consistently higher

with the ss approach due to the answers short nature and the high number of

retrieved passages. On TREC-RAG, that requires longer dependencies for correct

attribution, GTE doesn’t achieve the same results.

Among LLMs, LLaMa3.1 performs poorly on both datasets with both low

precision and recall. With GPT-4o, the same template achieves good results on

the proprietary dataset, with the highest precision observed, but very low scores

on TREC-RAG. The CoT template performs comparably to the fine-tuned cross-

encoder counterpart, with similar results on the annotated datasets.

On manually annotated data, cross-encoder can perform comparably to LLMs.

Specifically, we highlight that hyperparameter tuning allows the model to maxim-

ize performance on the test set. Moreover, fine-tuning the model on the synthetic-

ally generated dataset further improves the performance around the same level of
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Model Method Parameters p r f1

Cross-Encoders

GTE sw 3/2/4/0.6 84.76 85.67 84.15

5/3/5/0.6

5/3/5/0.6

ss 10/1/1/0.6 76.76 92.00 83.64

ap 2/full/full/0.5 75.00 72.00 73.47

GTEtuned sw 3/2/6/0.6 85.88 89.33 87.55

10/2/4/0.8

10/3/4/0.8

ss 10/1/1/0.7 76.76 92.00 83.64

ap 4/full/full/0.8 84.62 88.00 86.27

LLMs

GPT-4o ap CoT 80.00 96.00 87.27

ap baseline 90.48 76.00 82.61

LLaMa-3.1 ap baseline 69.23 72.00 70.59

(a)

Model Method Parameters p r f1

Cross-Encoders

GTE sw 10/3/5/0.6 74.08 82.60 75.68

ss 3/1/1/0.7 80.55 48.23 58.78

ap 10/full/full/0.5 70.79 81.73 72.42

GTEtuned sw 10/4/5/0.9 70.32 90.82 77.41

ss 10/1/1/0.9 63.11 98.61 76.96

ap 10/full/full/0.9 67.32 80.37 70.05

LLMs

GPT-4o ap CoT 73.98 89.29 78.74

ap baseline 45.03 29.64 31.17

LLaMa-3.1 ap baseline 57.04 42.01 42.05

(b)

Model Method Parameters pc rc f1c

Cross-Encoders

GTE sw 40/2/5/0.6 91.48 69.16 78.77

ss 20/1/1/0.6 81.38 69.57 75.06

ap 5/full/full/0.5 88.96 68.27 77.25

GTEtuned sw 20/2/5/0.7 88.76 70.05 78.31

ss 5/1/1/0.7 85.44 66.66 74.90

ap 10/full/full/0.8 90.27 69.34 78.47

LLMs

GPT-4o ap CoT 96.90 66.73 79.03

ap baseline 96.09 59.54 73.56

LLaMa ap baseline 93.96 52.11 67.14

(c)

Model Method Parameters pc rc f1c

Cross-Encoders

GTE sw 5/2/6/0.4 51.32 17.20 25.76

ss 5/1/1/0.4 47.28 16.91 24.91

ap 5/full/full/0.4 49.54 14.94 22.96

GTEtuned sw 5/3/7/0.7 57.96 16.09 25.19

ss 5/1/1/0.4 49.88 16.97 24.92

ap 5/full/full/0.6 53.61 15.17 23.65

LLMs

GPT-4o ap CoT 81.16 12.46 21.60

ap baseline 90.08 5.85 10.99

LLaMa ap baseline 71.83 9.12 16.19

(d)

Table 6.2: Attribution metrics for: the proprietary dataset (a), TREC-RAG

(b), ASQA (c), and ELI5 (d). Parameters are top-k/answer sw/passage

sw/score thr.

the best version of GPT-4o. This corroborates our hypothesis that cross-encoder

are limited in their abilities to manage dependencies dynamically. Instead, modify-

ing the window size is the most successful approach. Generally, the larges MLLMs

are capable of automatically manage dynamic dependencies when equipped with

reasoning.

Table 6.2c and Table 6.2d report the context-attribution performance on ASQA

and ELI5 respectively, in which test set annotations were not available. In this

case, the results highlight that hyperparameter tuning is still the preferred mean

to increase model performance. However, we observe limited to no improve-

ments with fine-tuning. Experiments with annotated dataset in Table 6.2a and

Table 6.2b already proved that GPT-4o doesn’t achieve 100% accuracy on entail-
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ment, introducing some noise in NLI and, as a consequence, in NLI evaluations.

Hyperparameter tuning is executed on manually annotated data while metrics are

computed by mean of a Large Language Model, explaining the difference in trend

observed between the two sets of experiments.

Among LLMs, GPT-4o consistency performs better that all other approaches

when equipped with CoT reasoning. Again, the baseline template under-performs

with respect to all other approaches.

6.3.2 In-line citations

We compare cross-encoders and LLMs for in-line citations in a standardized

setting. We infer information entailment on 8 sentences long passages with a stride

of 2 sentences. Moreover, we fix top-k to 20 and we modify the LLM prompts

to utilize a single sentence from the answer and no question information. Since

we don’t possess sentence-level annotations, we only utilize Natural Language

Inference to compute metrics.

Figure 6.3 shows the in-line citations performance on all datasets. The tuned

model systematically exhibits a smoother behavior with respect to the frozen

counterpart and always outperforms its frozen version and LLaMa3.1. Both

versions of GPT-4o templates have similar behavior and are rarely outperformed

by other models. Regardless of the fact that cross-encoders were not trained

for sentence-level entailment, tuning on synthetically generated data is found to

slightly improve attribution capabilities. The comparison is in favor of Large

Language Model (LLM)s, capable of high scores with and without complex

prompting strategies when dealing with in-line citations.

6.3.3 Answer-Level Context-Attribution

Figure 6.4 shows F1 scores for the ap setting with varying score thresholds on

all passages. Since we possess manual annotations at the passage level on the

proprietary dataset and TREC-RAG, we only utilize NLI on the remaining corpus.

As for in-line citations, the model fine-tuned on synthetic data always outper-

forms the frozen model by at least a small margin and always shows a smoother

behavior, while the frozen model can achieve higher scores only locally. In-

terestingly, the tuned model exhibits a lower degree of diminishing returns on

TREC-RAG and ELI5. GPT-4o with CoT has strong performance on all datasets,

always ranking in the top-3, but ELI5. While the baseline GPT-4o can achieve

satisfactory results, LLaMa3.1 always ranks among the worst models for the task.
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Figure 6.3: In-line citations metrics for each model on the proprietary dataset (a),

TREC-RAG (b), ASQA (c), and ELI5 (d).

Open source LLMs do not compare favorably to either proprietary counterparts

or cross-encoders, underscoring their limited capabilities at managing dynamic

dependencies. Finally, we observe that hyperparameters tuning always allows the

frozen model to obtain strong performance and occasionally surpasses proprietary

models when computing attribution scores with NLI.

6.3.4 Error Analysis

We conduct manual evaluation of 30 randomly sampled items per dataset. Our

analysis indicates that: (i) pretrained retrievers often misclassify similar-looking

passages, (ii) tuned retrievers improve on this but still misclassify passages oc-

casionally, (iii) LLaMa relies heavily on surface cues, sometimes misled by key

entities, (iv) GPT-4o may overlook marginally mentioned but crucial information,

and (v) CoT can still make reasoning errors, especially with implicit subject shifts.
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Figure 6.4: Full-answer context-attribution performance on proprietary dataset (a),

TREC-RAG (b), ASQA (c), and ELI5 (d).

6.3.5 Cost Estimate

In our experiments, LLM- and reranker-based approaches differ in throughput

and cost. The tuned cross-encoder averages 2.15s/query (0.6s/query optimizing

parallelization) yielding ∼1674queries/h. With a Tesla T4 at 0.526$/hour (AWS),

this results in ∼0.31$/1000queries. In contrast, LLM inference (GPT-4o) on 1000

queries with ∼4M tokens costs ∼10 $. Parallelism improves LLM throughput but

does not close the cost gap and cross-encoder deployment must be calibrated on

cost and utilization criteria.

6.4 Technical Implementation

The proposed context-attribution approach was deployed in a production environ-

ment. The system is not an end-to-end complete pipeline, rather a microservice

activated by the user the get the attribution after the RAG pipeline has completed

answer generation. The system is designed to be model agnostic, maintain high
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throughput, and dynamic scaling.

The complete attribution pipeline can be divided in three parts:

• Data Ingestion. The underlying corpus is processed at ingestion time,

where documents are chunked and transformed into embeddings stored

within a Milvus vector database. When a user submits a query, the system

performs hybrid retrieval limiting the research to the documents selected by

the user.

• RAG. When the user submits a request, RRF! uses a bi-encoder, BM25,

and the cross-encoder to retrieve the top-k passages and subsequently feed

a LLM with them. An abstraction layer roots the requests to the selected

LLM through LiteLLM, allowing the user to interchange the underlying

generative model based on user preferences.

• The Attribution Microservice. Once the answer is generated, the post-

hoc context-attribution phase is triggered. The cross-encoder is deployed

using Ray Serve, with autoscaling capabilities. By decoupling the cross-

encoder from the main RAG generation pipeline, the architecture scales

independently. This ensures that the attribution task, which is computation-

ally intensive, does not bottleneck the retrieval and text generation steps.

6.5 Conclusions

We investigated the effectiveness of semi-supervised and frozen cross-encoders as

a lightweight alternative to LLMs for post-generation context-attribution. Through

comprehensive experiments across four datasets we demonstrated that fine-tuned

cross-encoders can match and sometimes surpass LLMs in coarse- and fine-grained

attribution tasks, particularly when tuned on synthetic data.

Our results highlight several key takeaways. First, open source LLMs are not

well suited for context-attribution. Second, proprietary models such as GPT-4o

provide consistently strong performance for sentence-level attribution but are

inconsistent on answer-level attribution, meaning that they become less perform-

ing with the increased answer length. Third, prompt engineering mitigates this

issue and improves overall attribution performance but it requires a model with

structured data generation capabilities. Fourth, cross-encoders offer a scalable

and cost-efficient alternative, particularly when computational resources or an-

notated data are limited. Cross-encoders do not require prompt engineering and
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can be fine-tuned with semi-supervised strategies and minimally annotated data.

In fact, synthetic data generation proved to be effective to overcome annotation

bottlenecks and enhance model performance in low-resource environments.

Overall, this study underscores the practicality and promise of semi-supervised

cross-encoders for robust, interpretable, and resource-efficient context-attribution,

especially in production-oriented or specialized domains.
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Chapter 7

Visual Grounding

The rapid evolution of MLLMs have transformed the landscape of Document

Visual Question Answering (DocVQA). Modern large-scale foundational mul-

timodal models [30, 121, 243], built upon Transformer-based architectures [213],

have achieved state-of-the-art performance in reasoning and generating textual

answers based on visual inputs. However, as these models are employed in critical

domains such as legal analysis, scientific research, and financial auditing, the an-

swer accuracy is no longer enough. In document understanding, neural networks

pose a significant challenge. While MLLMs can process vast amounts of informa-

tion, they are prone to hallucinations, providing information that is either incorrect

or not present in the source document [147]. Users require the answers to be

verifiable, making simple QA evaluation superfluous. Visual Answer Grounding

(VAG) refers to the task of identifying the evidence that supports a given answer

in a Visual Question Answering (VQA) setting [11, 31, 222, 260].

Despite advancements in computer vision, there remains a gap between hand-

ling natural images and document images. MLLMs have become proficient at

object detection in generic scenes. However, the same models struggle when

tasked with locating answers within the dense layout of a document page [202].

The semantic complexity of text and the combination with visual structural ele-

ments presents a reasoning challenge that general-purpose vision encoders are

unable to solve effectively in zero-shot settings. Even the largest state-of-the-art

models fail to identify the spatial coordinates of the evidence supporting their own

answers.

In the context of document understanding, answer grounding was initially
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explored at the textual level by prompting Large Language Models (LLMs) [156]

to generate verifiable citations supporting their answers, either through prompt

engineering [69] or supervised fine-tuning [234]. The growing capabilities of

MLLMs have subsequently enabled a natural extension of this task to the visual

domain, giving rise to Visual Answer Grounding [51, 134, 135], a more intuitive

and rapidly verifiable approach, yet one that remains an open challenge. Evidence

from non document-related domains suggest that MLLMs exhibit strong answer

accuracy but limited grounding capabilities [202].

Recent works on VAG demonstrate that fine-tuning foundation MLLMs on

Document VQA datasets annotated with grounding information significantly

improves attribution performance [134] compared to non-specialized models [16,

5, 36, 37, 255]. However, most existing benchmark datasets [51, 122, 134, 135,

204, 205, 220] primarily focus on the VQA task itself, providing limited or

no explicit link between answers and supporting visual evidence. High-quality

grounding annotations are essential not only for assessing the alignment between

model responses and the supporting content, but also for training more reliable

models and mitigating hallucination phenomena [147].

The primary reason preventing the development of grounding-aware models

is data scarcity. While the number of DocVQA datasets is not low [204, 220],

they mostly focus on text-generation tasks, providing tools to evaluate models

that generate text without explicit linking to visual evidence. Constructing such

datasets remains a non-trivial challenge. Manual annotation is prohibitively costly

and labor-intensive, requiring humans to identify and verify the visual evidence

that supports each answer [205]. Automatic approaches can reduce human effort

but may introduce errors or hallucinated grounding, where the linked visual

content does not faithfully correspond to the answer [69, 136, 146]. Furthermore,

automated annotation often relies on paywall-protected APIs, increasing financial

costs and limits large-scale dataset generation [51].

Building on these motivations, we develop two complementary components.

First, we introduce DocAttriBench (DAB), a large-scale Document VQA dataset

with VAG designed to provide higher-quality and more comprehensive annotations.

DAB enables both fine-grained evaluation of VQA models attribution capabilit-

ies and effective fine-tuning of MLLMs using high-quality grounded data. To

construct this dataset, we propose Masked-based Perplexity-derived Attribution

(MAPPET), a novel VAG framework capable of performing two key tasks: (i)

localizing the spatial coordinates of the visual region that supports a given an-

swer, and (ii) filtering out low-quality samples according to a custom metric and

threshold.
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Based on existing VQA datasets, DocAttriBench comprises 238,720 document

images spanning diverse domains such as scientific articles, business reports, and

digital slides, along with 295,075 sets of image, question, answer, and bounding

box, covering visual elements like text paragraphs, tables, and figures. First, for

each combination of document, question, and answer, a document layout analysis

model extracts all the structural elements positions. Then, MAPPET iteratively

masks layout elements and computes a perplexity-based score on the masked

image. The attribution score is defined as the difference between the masked and

unmasked image scores, defining the grounding region as the one achieving the

highest value. Figure 7.1 depicts both the MAPPET task and DocAttriBench.

Extensive experiments confirm the reliability of MAPPET and the usefulness

of DocAttriBench as a ground-centric benchmark. Human evaluation shows

that MAPPET produces high-quality attributions, with accuracy exceeding 95%

for some benchmarks after automatic filtering, validating its ability to discard

noisy and ambiguous examples. Through the evaluation of sixteen state of the

art MLLMs, we observe that zero-shot grounding is consistently weak, with

the grounding score rarely surpassing 35% for the largest models (>30B) and

often falling below 10% for the smaller ones (≤3B). Finally, fine-tuned variants

outperform their zero-shot counterparts by a large margin, even surpassing larger

models in grounding accuracy, demonstrating the proposed dataset and attribution

pipelines provides sufficient signal for supervision.

The remainder of this chapter is divided in x parts. First, we delve into

the approaches that are currently available in the scientific literature. Then, we

describe MAPPET and DocAttriBench. Finally, we explore the effectiveness of

DAB for fine-tuning and evaluations of Visual Answer Grounding.
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7.1 Literature Review

7.1.1 Document Visual Understanding

Document Visual Understanding aims to jointly reason over textual, visual, and

layout cues in scanned or digital-born documents [199, 22]. Recently, large-scale

multimodal models [243, 30] have become the leading approach in document

visual understanding, jointly modeling visual layouts, text, and spatial relations

within a unified multimodal space. Powered by large-scale image-text pretraining

and transformer architectures, they enable rich cross-modal reasoning. Recent

advances focus on OCR-free models [232, 236], which infer textual and struc-

tural semantics directly from images. These operate on high-resolution images,

developing various strategies to manage the resulting computational load in order

to improve document comprehension capabilities. End-to-end approaches such

as Donut [99], PaLI-X [35], and Qwen2-VL [216] aim to process full-resolution

document images directly, yet typically rely on image downscaling to maintain

computational tractability. In contrast, tile-based models like UReader [233] and

InternVL2 [36] enhance efficiency by partitioning documents into smaller regions

processed independently. Hybrid strategies, as adopted in the LLaVa-derived

models [111, 121], preserve global coverage by tiling full-resolution inputs while

subsequently downsampling the aggregated visual representations.

7.1.2 Document VQA Benchmarks

Several benchmarks have been introduced for visual question answering on doc-

uments, but most suffer from limited scale, weak grounding, or low diversity.

DocVQA [140] focuses on scanned UCSF documents but offers full annotations

only for its 5k validation set and lacks bounding boxes. VisualMRC [205] provides

30k QA pairs over webpage screenshots with OCR and Region of Interest (ROI)

annotations, but its construction relies on more than 500 human annotators for

document selection, labeling, and QA creation, rendering the process expensive

and slow. Moreover, the collected pages are generally short and structurally simple.

LongDocURL [51] extends to multi-page documents but has misaligned boxes

and limited verification. It contains only 2.3k QA pairs and relies on proprietary

models, including GPT-4o for document-type classification and QA generation, as

well as commercial tools for PDF parsing and layout extraction. DoclingMatix

[155] offers synthetic instruction-response pairs at scale (2.4M images) without

grounding annotations or page-level attributions. MMLongBench-Doc [135] tar-
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Error type Quantity

Hallucination 10%

Red Box 4%

Wrong Box 23%

Overall 33%

Table 7.1: Error rates for the source dataset PaperVISA.

gets long-context multi-modal reasoning across 135 PDF documents with 1k

expert-annotated questions involving text, tables, and figures. While it introduces

cross-page and unanswerable questions, the dataset remains small and provides no

spatial grounding.

Structured resources like the VISA family [134] provide large-scale VQA

datasets with varying grounding quality: Wiki-VISA (90k samples) and FineWeb-

VISA (60k) construct question-answer pairs from the content of structural page ele-

ments; Paper-VISA (100k) constructs element-level grounding prompting MLLMs

with boxes-overlayed images. Moreover, FineWeb-VISA lacks human verification.

Other efforts, such as SlideVQA[204] cover 14k QA pairs across 52k slide images,

supporting single-hop, multi-hop, and numerical reasoning (25.5% arithmetic),

but does not include bounding boxes and provides limited reasoning supervision.

VisualWebBench [122] WebQA split contains only 314 webpage QA samples

without bounding box annotations.

7.2 PaperVISA Error Analysis

Fueling this research step, is the need to automatically annotated a large-scale

dataset containing questions, answers, and annotated ROIs. The closest solution is

used to prepare PaperVISA [134]. The original system is a three-steps approach.

First, an off-the-shelf DLA model identifies structural elements from the document

page. Second, an element is sampled and its bounding box overlayed on the

document image with a red bounding box. In this section, we report the results of

a careful inspection of 100 single-page examples sampled from the PaperVISA

dataset. Detected error rates are reported in Table 7.1.

Among the inspected examples, 10% contain hallucinated answers (Hallucina-

tion) either referring to content not available on the document page or reporting

incorrect numbers, figures, and names; 4% of the questions refer to the red bound-

ing box overlayed on top of the image during the dataset generation process (Red
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Figure 7.1: (Top) The Visual Answer Grounding (VAG) task, which our method

advances. Specifically, a Multimodal Large Language Model (MLLM) answers

an image query with text and a bounding box of the evidence region. (Bottom)

Examples from our dataset, DocAttriBench (DAB) with dataset statistics: number

of question-answer pairs (#QA), unique images, and bounding boxes per type (i.e.,

text, table, picture, and other).

Box), which is unavailable at inference time and creates unsolvable examples;

23% of the sample contains wrong grounding (Wrong Box), e.g. the generated

question-answer pair is not aligned with the bounding box that was overlayed to

the document image. Finally, 33% of the inspected samples contains at least one

of the above mentioned errors. While the hallucinated examples can still be used

for training and evaluation of post-hoc grounding approaches, about 23% of the

dataset contains wrong answer-box associations, introducing noise that makes the

approach less attuned to both model training and evaluation.
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7.3 DocAttriBench

In this section, we provide a comprehensive overview of the core features of DAB,

with an emphasis on how the dataset is constructed. We first outline the statistics

of the large-scale dataset produced by our automatic annotation pipeline. Next, we

introduce the proposed Mask-based Perplexity-Derived Attribution (MAPPET)

method. We then describe the procedure used to select public benchmarks that

serve as the foundation of our dataset. Finally, we detail the full automatic

annotation pipeline that enables scalable and consistent dataset creation.

7.3.1 Mask-based Perplexity-Derived Attribution

To automatically extract region-answer associations, we propose MAPPET, which

is based on a perplexity-derived score designed to quantify the contribution of

visual regions to a language model confidence in generating an answer. Perplexity

[94] measures the probability of generating a sentence through a LLM. Let Tn =
{t1, t2, ..., tn−1} denote a set of answer tokens and I = {ii, i2, ..., im} be the set

of image pixels. Given a MLLM, P (tk|Tk, I) is the conditional probability of

generating token tk given the previous tokens and the input image I . We omit

the question and other context tokens in the formulation. The image-conditioned

perplexity is defined as

ρI = exp

(

− 1

N

N
∑

i=1

logP (ti|Ti, I)

)

, (7.1)

where lower perplexity is associated with higher model confidence.

Let Q ⊂ I be a region of pixels from I and let IQ = I/Q be the masked

variant of I , obtained by occluding the pixels in Q. The attribution score of the

region Q is defined as

∆Q = log(ρIQ)− log(ρI). (7.2)

Intuitively, if the region Q contains information essential for the model to generate

the answer, its removal increases perplexity resulting in a positive attribution score.

In contrast, uninformative and irrelevant regions yield near-zero or negative scores.

7.3.2 Dataset Collection

To construct DAB, we aggregate data from eight publicly available document

understanding benchmarks. The selected datasets satisfy two criteria aligned with
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Source Train Test

#Docs #Q&A #Docs #Q&A

DoclingMatix [220] 97,443 135,481 - -

DocVQA [140] 1,114 4,070 123 467

VisualMRC [205] 7,640 17,066 2,143 4,857

VISA [134] 119,881 119,881 2,779 2,779

SlideVQA [204] 5,567 8,043 981 1,234

VisualWebBench [122] - - 108 233

LongDocURL [51] - - 688 688

MMLongBench-Doc [135] - - 253 276

DocAttriBench (DAB) 231,645 284,541 7075 10,534

Table 7.2: Statistics from the repurposed datasets.

our benchmark objective. First, all datasets provide document-oriented content,

consisting of either scanned/rendered PDFs or document page images. This

ensures domain consistency and focuses the benchmark on visual-text reasoning

within structured documents. Second, each dataset adopts a question-answering

format and contains single-page instances or multi-page examples with page-

answer alignment, which makes spatial grounding possible.

Specifically, we construct DocAttriBench starting from eight public datasets:

DoclingMatix [220], DocVQA [140], VisualMRC [205], LongDocURL [51],

MMLongBenchDoc [135], SlideVQA [204], VisualWebBench [122], Wiki-VISA,

Paper-VISA, and FineWeb-VISA [134]. Among them, VISA, VisualMRC, and

LongDocURL already contain some form of grounding annotations, which we re-

purposed for DAB. DoclingMatix and FineWeb-VISA lack official test sets and are

therefore used only for training. In contrast, LongDocURL, MMLongBenchDoc,

and VisualWebBench are evaluation-oriented benchmarks and are used exclusively

for testing. All other datasets follow their original train/test splits. The complete

statistics and splits of our dataset are presented in Table 7.2.

7.3.3 Automatic Annotation

Our automatic annotation pipeline aims to extract the document regions that are

most relevant for the generation of a given answer. First, we filter examples

from existing benchmarks, discarding multiple attributions. Second, we extract

structural elements from the document pages using a document layout analysis

model. In parallel, we abstract existing answers using a MLLM. Then, we use
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Figure 7.2: Illustration of the MAPPET visual attribution pipeline.

MAPPET to identify the most relevant structural elements with respect to the

abstractive answer. Finally, a thresholding mechanism discards examples with low

confidence scores. A graphical overview of our automatic annotation pipeline is

provided in Figure 7.2.

Examples Filtering. Examples Filtering The first stage of our pipeline focuses

on discarding low-quality samples. To ensure reliable attribution performance,

we retain only QA examples linked to a single document page, discarding all

instances associated with multiple or no pages.

Document Layout Analysis. Accurate detection of structural elements is for

our pipeline. To enable grounding through MAPPET, the dataset must provide

consistently sized candidate layout regions. However, most benchmarks either lack

explicit structural coordinates or exhibit inconsistent annotation granularity. To

this end, we employ Docling [13], a state-of-the-art off-the-shelf document layout

analysis module, that predicts both bounding boxes and the semantic categories of

structural elements. We then normalize the output categories to ensure consistency

across all datasets. Specifically, all text regions are merged into a unified text

category, figures and charts are merged into the picture category, and tables are

kept in the table category. Among the benchmarks, VisualMRC includes an other

category containing otherwise unclassifiable examples. We retain this category to

avoid introducing noise into the class taxonomy. Furthermore, in the VisualMRC

datasets, where overlapping annotations are present for reducible elements (e.g.

table cells and nested tables), we preserve only the outermost bounding box to

maintain annotation coherence.
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DocVQA VisualMRC VISA SlideVQA VisualWebB LongDocURL MMLongB-Doc

Model Acc AccF %Filt Acc AccF %Filt Acc AccF %Filt Acc AccF %Filt Acc AccF %Filt Acc AccF %Filt Acc AccF %Filt

DeepSeek-7B 70.0 87.0 71.0 72.7 94.1 94.1 20.7 55.1 42.9 63.6 91.9 90.3 56.6 88.9 86.7 58.0 86.0 67.4 46.8 88.6 77.1

Qwen3-VL-8B 82.0 90.7 81.4 54.5 87.7 87.7 46.0 83.7 74.8 45.5 82.2 80.0 71.7 96.9 92.2 65.0 95.8 79.2 54.3 95.2 85.7

Qwen2.5-VL-7B (ext) 95.0 95.8 86.5 84.8 91.2 89 72.5 84.4 78.7 77.1 87.5 87.5 82.8 90.5 84.5 83.0 90.8 71.3 63.4 82.1 76.1

Qwen2.5-VL-7B (abs) 93.0 98.9 88.0 74.5 91.8 91.8 63.2 84.2 79.4 80.6 93.6 92.3 78.8 94.6 87.8 70.0 95.2 74.6 66.0 89.7 86.2

Qwen2.5-VL-32B 90.9 95.6 86.8 67.3 92.2 92.2 57.8 88.1 78.8 63.3 91.9 90.3 66.3 89.6 83.6 78.0 97.1 78.6 61.7 89.1 78.3

Table 7.3: MAPPET annotation quality. Acc denotes overall annotation accuracy;

AccF is accuracy on MAPPET-filtered annotations; %Filt reports accuracy when

hallucinated content is automatically marked incorrect.

Answer Abstraction. Concurrently with document layout analysis, we perform

answer abstraction to ensure stylistic and semantic consistency across datasets.

LLMs are inherently proficient in generating discursive answers rather than ex-

tractive ones. However, among the selected sources, most contain extractive

answers, which are misaligned with the expressive style expected from LLMs.

To harmonize these formats, we employ Qwen2.5-VL-7B [16] instructing it to

abstract otherwise extractive answers while preserving their semantic content. The

model selection criteria and the prompt template utilized for answer abstraction

are available in the supplementary material. To assess the models ability to gen-

erate correct abstractive answers from the extractive counterpart, we sample 200

examples from the LongDocURL and DocVQA datasets and perform manual an-

notation. Three annotators were first instructed to identify semantic inconsistencies

between the extractive and abstractive answers. Then, the annotators collectively

re-evaluated and corrected their annotations to reach hunanimous agreement. In

total, 4.5% of the generated answers were hallucinated, consisting mostly of slight

titles and names modifications. Overall, only 1.5% of the generated answers were

completely semantically dissimilar from the extractive counterparts.

Attribution. Our third stage is attribution, which locates the visual evidence

supporting each answer. This step is pivotal for constructing a comprehensive

dataset suitable for grounding evaluation. Specifically, for every example in

the benchmark dataset and for each sentence in the abstracted answers, we use

MAPPET to compute the attribution score of each structural element. The elements

are ranked in descending order of relevance and the top-ranked element is selected

as the attributed evidence source. In case of multi-sentence answers, each new

sentence is conditioned on every token up to the previous answer sentence.

134 Multimodal Document Understanding for LLMs



CHAPTER 7. VISUAL GROUNDING

0.0 0.2 0.4 0.6 0.8 1.0
Normalized x

0.0

0.2

0.4

0.6

0.8

1.0
No

rm
al

ize
d 

y

5

10

15

20

25

%
 o

f b
ox

es
 o

ve
rla

pp
in

g 
pa

tc
h

(a)

0 20 40 60 80 100
Bounding box area (% of image)

0

10000

20000

30000

40000

50000

60000

70000

80000

N.
 o

f b
ox

es

(b)

Figure 7.3: Statistics for DocAttriBench. In order: distribution of images aspect

ratios (height/width) for the train split (a), and test split(b).

Filtering. As final step, we filter the examples where the system fails to identify

a reliable attribution. This filtering step addresses three primary cases. First,

some answers might correspond to information redundantly appearing in multiple

locations within the page, preventing unique grounding. Second, some sentences

might depend on evidence scattered across several regions. Third, some answers

might not be answerable with the document page. To handle these scenarios,

we employ a two-steps filtering strategy. We first discard all samples whose top

attribution score is lower than a fixed confidence threshold. Then, we remove

cases where the score gap between the top-two ranked regions is smaller than a

predefined margin. For benchmarks already containing the evidence source, we

compute the region attribution score and retain the example if the score is greater

than the threshold. This strategy ensures that the retained examples exhibit strong

evidence alignment and are not ambiguous or attributable to multiple source. For

all the above mentioned cases, we set the threshold to the same value (τ = 0.1).

7.3.4 Dataset Details

The final dataset, DocAttriBench, automatically constructed through MAPPET,

comprises 238,720 documents across diverse domains and 295,075 examples.

Each example includes an image, a question, an answer, and annotated evidence

regions covering text, tables, figures, and other visual elements. The dataset is

split into training and test sets with no overlapping images across partitions. The

large-scale training dataset enables fine-tuning of MLLMs for VAG, demonstrating
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Figure 7.4: Statistics for DocAttriBench. In order: word count distribution for

questions (a) and answers (b).

the effectiveness of the proposed pipeline in generating high-quality supervision

signals. The test set serves as a standardized benchmark to evaluate existing and

future MLLMs with grounding capabilities on VAG.

To provide a deeper understanding of the dataset characteristics, we include

additional visualizations. Figure 7.4a and Figure 7.4b show the distribution of

question and answer lengths, and the table in Figure 7.5b shows the corresponding

average token counts. Further, in Figure 7.5a we summarize the most occurring

questions grouping them according to their first three words, excluding rare oc-

currences. The distribution of the images aspect ratios is shown in Figure 7.5c

and Figure 7.5d, showing local modes corresponding to slides (< 1), A4-like

documents (∼ 1.5), and rendered webpages (> 3). We additionally examine

the spatial distribution and scale of the annotated regions. First, each image is

divided into a 20 × 20 grid of non overlapping patches. Then, we count how

many bounding boxes intersect with each patch. The resulting density map, along

with the distribution of normalized region areas, is provided in Figure 7.3a and

Figure 7.3b.
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Figure 7.5: Statistics for DocAttriBench. In order: hierarchical distribution of

questions by their first three words (a), average number of tokens per question

and answer (b), heatmap of bounding-box coverage (c), and the histogram of

bounding-box areas distribution (d).
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7.4 Evaluation Protocol

Assessing grounding performance in MLLMs is inherently challenging due to the

abstraction of free-form generation. Our evaluation protocol is designed to satisfy

two key requirements: (i) it must enable the assessment of free-form text, and (ii)

it must jointly evaluate both answer generation and grounding capabilities. To

this ends, we design DocAttriBench protocol to assess MLLMs on three tasks: (i)

grounded answer generation, where the model must produce an answer along with

its visual grounding, (ii) post-hoc grounding, where the model must only localize

the supporting evidence for a given answer, and (iii) answer-locating, where the

model only responds with coordinates to a given query. All our prompt templates

are available in the supplementary material.

7.4.1 Evaluation Metrics

Answer Accuracy. Current MLLMs are optimized for the generation of long-

form, open-ended responses rather than concise, extractive answers. Consequently,

our evaluation protocol takes into account the variability in response style and

length across models. To this end, we design an answer evaluation protocol,

inspired from MATHVISTA [129] and MMLongBenchDoc [135], repurposing the

latter LLM-based answer extraction module to convert answers into a structured

list of information units. To facilitate post-processing, we instruct the model to

assign a semantic type to each extracted element. During evaluation, we align

the spans from the ground-truth and generated answers by decreasing Average

Normalized Levenshtein Similarity (ANLS) [24] for text spans, while we use exact

match for numbers. Each text span pair is considered a match if the similarity

score exceeds a fixed threshold (τ = 0.5). Finally, we compute answer-level

accuracy as the proportion of ground-truth spans that have a matched counterpart

in the generated answer.

Box F1. MLLMs with grounding capabilities produce bounding boxes following

diverse formatting conventions. Our evaluation protocol accounts for this with

adaptable answer-generation prompts and model-specific parsing functions to

accurately extract the predicted boxes. Ground truth and predicted regions are

matched by descending order of Intersection over Union (IoU) and are considered

correct matches if their IoU exceeds a fixed threshold (τ = 0.5). Unmatched

ground truth boxes are accounted as false negatives, while unmatched predictions
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are false positives. Finally, we compute the F1 score to quantify grounding

accuracy.

Overall Answer Correctness. To fully assess the correctness of the generated

answers, we combine Answer Accuracy and BoxF1 into an overall answer-level

correctness metric. For a given answer, the Overall Answer Correctness is 1 if

both Answer Accuracy and BoxF1 exceed a threshold (τ = 0.5).

7.4.2 Evaluating MLLMs on DocAttriBench

Zero-shot MLLMs

To establish a comprehensive zero-shot benchmark on our dataset, we evaluate

sixteen representative MLLMs with localization capabilities. All inferences are

performed through the VLLM library, an efficient inference engine based on Paged

Attention [105].

Qwen Family. From the Qwen family, we include Qwen2.5-VL [16] (in the 3B,

7B, and 32B sizes) and Qwen3-VL [4] (in the 2B, 8B, and 32B variants). Precisely,

we are able to fit the full sized models (provided in half precision for this model

family) for the variants up to 8B. For the bigger variants, we utilize quantized

versions. Specifically, we utilize 4 bits and 8 bits versions for Qwen2.5 and Qwen3

respectively. VLLM is set up with tensor parallel size equal to 2, a maximum

number of batched tokens of 256, a maximum context length of 8,000 tokens,

prefix caching, temperature of 0.0, and maximum GPU memory utilization of 0.8.

All inferences were computed on a single A100 GPU with 64 GB of vRAM.

InternVL Family. From the InternVL series, we select InternVL2.5 [5], In-

ternVL3 [255], and InternVL3.5 [217], each evaluated in 2B, 8B, and 38B variants.

Due to unavailability of quantized versions of this models, they are deployed full

size. VLLM settings are similar to the ones used for Qwen. However, due to the

size of the larger 38B models, 2 A100 GPUs were required to shard the model

weights over the GPUs.

VISA. VISA [134] is a document VAG oriented fine-tuned derivative of Qwen2-

VL [216] fine-tuned on the omonim dataset. The version we selected was fine-

tuned using LoRA starting from the 7B parameters version of Qwen2-VL. Up

Multimodal Document Understanding for LLMs 139



CHAPTER 7. VISUAL GROUNDING

Grounded Answer Generation Prompt Template

System: You are an agent excellent at identifying evidence in

a document page.

Your job is to answer the user’s query based on the provided

image and the context.

When you answer, provide evidence bounding boxes in the

format <box> x1 y1 x2 y2 </box>.

Add an evidence bounding box at the end of each generated

sentence.

If you cannot find the answer, respond with "I don’t know".

User: {query}

Assistant: {answer}

Figure 7.6: Grounded answer generation prompt template employed for fine-

tuning and inference from the fine-tuned models.

to date, VISA is available model known to be fine-tuned for answer grounding.

VISA was deployed using VLLM with the same settings utilized for the Qwen

family.

7.4.3 Fine-tuning MLLMs

To assess the applicability of our dataset construction method for developing

grounding capable MLLMs, we fine-tune Qwen2.5-VL-7B1 and Qwen3-VL-

8B2 using LoRA [88] as implemented in the PEFT library [137]. We employ a

modified versions of the original inference prompt templates, removing bounding-

box dimensions instructions to let the model internalize the task structure through

data exposure. The prompt templates used for finetuning are reported in Figure 7.6,

Figure 7.7, and Figure 7.8. For each training sample, a task type is randomly

sampled to ensure balanced task diversity.

To ensure robustness to image dynamic resolutions, we randomize the input

image sizes. Specifically, we first assign a target size for the longest side of each

image: 1024 pixels for images whose aspect ratio is at most 3:1 and 2048 pixels

otherwise. We then added a random offset between 0 and 500 pixels to the base

1Qwen/Qwen2.5-VL-7B-Instruct
2Qwen/Qwen3-VL-8B-Instruct
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Post-Hoc Grounding Prompt Template

System: You are an agent excellent at identifying evidence in

a document page.

Your job is to identify the answer contained in the user’s

input based on the provided image and the context.

Respond by providing the evidence bounding boxes in the

format <box> x1 y1 x2 y2 </box>.

The input is constituted by the user query and the answer to

that query.

If you cannot find the answer, respond with the empty box

<box> </box>.

User: Query:
{query}

Answer:

{answer}

Assistant: {bounding box}

Figure 7.7: Post-hoc grounding prompt template employed for fine-tuning and

inference from the fine-tuned models.

value. The image is resized ensuring that the longest side matches the resulting

target length while preserving the aspect ratio. After this step. we apply each

model internal resizing logic before feeding the image to the model.

For grounding supervision, bounding boxes are represented in absolute co-

ordinates for Qwen2.5 and relative coordinates ([0, 1000]) for Qwen3, following

their pretraining conventions. Training is conducted for 24 hours on two A100

GPUs with learning rate of 1e-4 and a batch size of 64. We name the models

finetuned from Qwen2.5 and Qwen3 respectively MAPPET-7B and MAPPET-8B.

7.5 Experimental Results

We report experimental results to assess both benchmark quality of DocAttriBench

and the attribution performance of current MLLMs. We begin with an analysis of

MAPPET-generated annotations. Then, we analyze zero-shot results on the selec-

ted MLLMs. Finally, we demonstrate the benefits of MAPPET-based annotations

showing the fine-tuning results. The human annotated dataset quality is shown in
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Answer Localization Prompt Template

System: You are an agent excellent at identifying evidence in

a document page.

Your job is to locate the answer to the user’s query based

on the provided image and the context.

Respond by providing the evidence bounding boxes in the

format <box> x1 y1 x2 y2 </box>.

If you cannot find the answer, respond with the empty box

<box> </box>.

User: {query}

Assistant: {bounding box}

Figure 7.8: Answer localization prompt template employed for fine-tuning and

inference from the fine-tuned models.

Table 7.3, while Table 7.4 and Table 7.5 show the results on DAB test sets.

7.5.1 Annotation Quality Evaluation

To validate the effectiveness of MAPPET in generating a grounding dataset, we

conducted human evaluation to compare the annotations generated by MAPPET

with the ones obtained through human effort. We begin by selecting open-source

models. Specifically, we evaluate Qwen2.5-VL-7B, Qwen3-VL-7B, DeepSeek-

7B and Qwen2.5-VL-32B. The first three models are chosen for their favorable

trade-off between computational cost and inference speed, enabling large scale an-

notation without excessive resource requirements. The inclusion of the 32B variant

allows us to examine whether scaling the underlying model yields higher-quality

attributions. Empirically, we observe that the 32B model provides inconsistent

improvements and we refrain from testing even larger models in our study.

Next, we randomly sample 100 examples from each source benchmark (in-

cluding 100 from PaperVISA and 100 from WikiVISA) and annotate grounding

regions. Three annotators were instructed to identify the evidence boxes for each

sampled example and to annotate any form of hallucination in the dataset original

answer. In case alternative boxes are available, we retain both. Table 7.3 reports

the annotation quality metrics. Annotation accuracy (Acc) measures the portion

of correct machine-generated attributions. Across benchmarks, Acc ranges from
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DocVQA VisualMRC VISA SlideVQA VisualWebB LongDocURL MMLongB-Doc

Model Acctxt F1box Acc Acctxt F1box Acc Acctxt F1box Acc Acctxt F1box Acc Acctxt F1box Acc Acctxt F1box Acc Acctxt F1box Acc Avg

Zero-shot MLLMs

InternVL2.5-2B 37.5 0.0 0.0 30.0 1.0 0.1 6.6 0.0 0.0 29.6 0.7 0.0 33.5 0.5 0.4 20.1 0.2 0.0 25.7 0.4 0.0 0.1

InternVL3-2B 41.9 4.9 0.4 25.9 8.2 2.1 10.4 0.0 0.0 14.9 23.2 1.6 37.3 3.5 1.3 16.7 4.7 0.0 15.8 8.5 0.7 0.7

InternVL3.5-2B 49.0 19.3 11.7 23.1 2.0 0.9 2.3 0.4 0.0 39.6 0.6 0.3 18.4 9.8 3.9 22.2 1.0 0.6 18.8 1.5 0.7 2.1

Qwen2.5-VL-3B 12.4 4.3 0.2 34.3 11.5 2.7 2.7 0.1 0.0 20.6 17.6 3.1 6.0 7.1 0.4 12.7 6.1 0.6 11.8 11.6 0.0 0.9

Qwen3-VL-2B 29.9 6.8 6.3 34.7 17.0 9.1 27.8 0.4 0.1 29.9 10.4 7.2 33.5 5.1 3.4 14.4 7.2 2.8 15.8 8.1 5.2 4.3

InternVL2.5-8B 59.0 0.0 0.0 65.7 2.8 1.2 36.0 0.0 0.0 64.8 2.8 1.7 60.9 0.9 0.4 36.6 0.0 0.0 45.6 1.2 0.7 0.5

InternVL3-8B 64.9 6.4 3.2 63.9 8.2 4.2 21.9 0.0 0.0 61.9 16.5 9.3 53.2 1.9 1.3 40.7 3.9 1.9 44.1 5.4 1.8 2.6

InternVL3.5-8B 70.3 22.0 16.9 68.1 5.4 2.9 37.6 0.4 0.2 70.5 4.0 2.2 64.0 25.0 17.6 45.5 3.2 1.6 58.5 2.1 1.5 5.3

Qwen2.5-VL-7B 67.0 7.3 2.6 65.6 10.0 2.7 52.5 0.6 0.0 65.1 17.8 8.1 61.4 7.7 3.0 44.6 10.7 3.7 51.5 12.5 3.7 3.0

Qwen3-VL-8B 67.7 14.6 10.8 67.8 24.4 14.3 53.1 4.2 1.9 70.1 9.4 7.0 63.1 16.8 8.6 43.1 19.8 7.0 52.2 14.9 7.7 9.4

InternVL2.5-38B 64.2 1.0 0.4 65.9 6.9 3.8 5.8 0.3 0.1 63.0 10.0 6.3 63.1 2.8 1.7 40.1 3.0 1.3 48.9 6.0 3.7 2.3

InternVL3-38B 59.0 4.6 3.2 66.9 6.4 3.9 44.9 1.8 0.4 66.9 11.4 8.3 60.1 2.1 1.7 38.4 4.0 2.2 55.1 6.8 4.4 3.2

InternVL3.5-38B 69.0 26.4 20.4 67.2 14.9 8.6 42.4 1.4 0.2 69.2 6.2 4.3 65.2 30.0 20.2 42.4 11.5 4.9 56.2 7.6 5.2 8.6

Qwen2.5-VL-32B 68.1 9.7 7.8 67.3 19.6 11.6 56.4 1.4 0.6 69.5 11.5 8.9 64.0 28.4 19.3 45.9 9.8 5.8 56.6 14.8 11.8 9.1

Qwen3-VL-32B 72.9 41.8 29.3 68.2 56.7 36.6 56.5 31.0 18.3 73.2 30.6 22.4 63.5 31.2 21.0 51.6 47.4 24.9 61.8 44.3 29.0 25.4

Source Attribution MLLMs

VISA-7B 60.5 43.2 22.1 62.6 64.3 36.6 52.2 50.4 27.1 62.2 62.6 34.1 53.6 14.5 8.6 44.1 43.0 16.4 46.0 55.9 21.3 24.3

MAPPET-7B 57.0 66.2 38.6 63.4 75.1 45.8 42.2 43.3 22.4 59.1 67.8 37.9 56.6 33.7 19.7 46.4 59.9 28.7 44.5 61.8 26.1 30.2

MAPPET-8B 61.8 70.5 43.2 64.5 76.1 47.7 37.4 43.2 22.3 61.1 69.0 39.9 59.7 36.7 24.5 43.1 57.1 27.0 39.7 55.3 23.5 31.6

Table 7.4: Evaluation of selected models on DocAttriBench for grounded answer

generation. Acc denotes overall annotation accuracy, Acctxt is the answer accuracy,

F1box reports the grounding F1 score, and Acc is the overall answer accuracy.

20% to 95% due to heterogeneous underlying models. After applying MAPPET

filtering mechanism, we recompute accuracy on the retained subsets (AccF ) and

observe consistent increases (sometimes exceeding 95%), highlighting MAPPET

ability to effectively discard noisy and unreliable annotations. Finally, we treat all

hallucinated examples as incorrect, even when the predicted region is semantically

consistent with the provided answer, and compute the final accuracy (%Filt). This

evaluation produces a slight decrease in performance, but it is necessary to high-

light the amount of noise present in existing benchmarks. Overall, these results

confirm that MAPPET yields high-quality attributions and that its filtering step

plays an important role in enhancing dataset reliability.

For Qwen2.5, we further ablate the answer abstraction module by replacing the

abstractive answers with an extractive counterpart. The results show comparable

performance, with a slight advantage of extractive answers. In contrast, when

filtering is employed, the abstractive answers consistently yield higher attribution

accuracy, indicating that the abstraction process provides more informative textual

signals for MAPPET filtering mechanism.

Visual Answer Grounding Benchmarking
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DocVQA VisualMRC VISA SlideVQA VisualWebB LongDocURL MMLongB-Doc

Model F1
Q
box F1

QA
box F1

Q
box F1

QA
box F1

Q
box F1

QA
box F1

Q
box F1

QA
box F1

Q
box F1

QA
box F1

Q
box F1

QA
box F1

Q
box F1

QA
box AvgQ AvgQA

Zero-shot MLLMs

InternVL2.5-2B 0.0 0.2 1.1 0.4 0.2 0.0 0.6 0.3 0.0 0.0 0.2 0.2 0.5 0.0 0.4 0.2

InternVL3-2B 8.0 15.7 12.2 13.1 2.3 4.5 13.8 21.0 4.3 6.4 3.4 5.6 6.6 12.0 7.2 11.2

InternVL3.5-2B 11.1 13.8 0.8 2.0 0.2 0.2 0.2 0.3 4.8 11.7 0.2 1.2 1.2 2.5 2.6 4.5

Qwen2.5-VL-3B 6.3 4.5 14.7 14.4 6.0 7.2 25.4 22.6 8.1 8.2 8.2 11.0 13.5 17.3 11.7 12.2

Qwen3-VL-2B 28.2 26.4 27.7 30.4 16.5 11.4 30.9 32.7 15.9 16.5 28.0 26.4 29.6 32.5 25.3 26.1

InternVL2.5-8B 0.22 0.6 7.5 7.7 0.7 1.0 4.0 4.2 0.9 0.9 0.6 1.3 1.1 2.9 2.1 2.7

InternVL3-8B 14.6 15.2 9.9 11.1 3.6 1.8 23.2 16.0 8.4 11.6 8.0 5.7 10.3 8.1 11.1 9.9

InternVL3.5-8B 29.3 44.7 10.1 9.7 3.8 6.1 17.5 15.1 24.9 27.7 9.8 11.4 11.9 14.0 15.3 18.4

Qwen2.5-VL-7B 16.8 19.8 22.1 25.9 10.6 10.9 25.8 32.0 13.0 17.6 16.8 20.4 20.1 27.6 17.9 22.0

Qwen3-VL-8B 17.6 27.4 31.4 41.3 21.3 24.4 12.4 18.7 15.9 24.4 26.5 35.5 22.8 31.8 21.1 29.1

InternVL2.5-38B 10.7 11.4 16.3 15.6 6.8 6.3 27.7 27.8 6.4 6.8 12.8 13.5 29.5 27.0 15.8 15.5

InternVL3-38B 19.3 17.8 16.4 14.7 9.1 8.3 37.8 33.3 3.9 4.3 16.9 17.5 26.6 27.2 18.6 17.6

InternVL3.5-38B 28.6 36.2 25.1 23.2 4.7 4.2 10.4 11.9 28.0 30.7 14.0 13.4 12.1 13.9 17.6 19.1

Qwen2.5-VL-32B 14.8 19.1 27.7 34.6 5.12 7.2 20.4 27.4 26.9 28.8 17.9 29.2 22.4 32.4 19.3 25.5

Qwen3-VL-32B 47.5 51.0 61.0 64.6 38.9 42.7 35.1 39.5 28.2 30.7 44.2 46.9 54.6 51.9 44.2 46.8

Source Attribution MLLMs

VISA-7B 41.3 44.5 65.4 65.8 66.2 73.5 62.7 62.8 13.7 14.5 42.7 46.2 55.1 56.5 49.6 52.0

MAPPET-7B 57.0 61.9 68.7 69.8 40.3 42.0 67.2 68.7 26.5 33.7 43.2 43.8 52.4 54.8 50.8 53.5

MAPPET-8B 54.7 62.3 64.0 72.0 31.9 38.4 62.5 68.5 25.6 42.3 32.9 42.0 40.0 53.0 44.5 54.1

Table 7.5: Evaluation of selected models on DocAttriBench for the answer locating

and post-hoc attribution tasks. F1Q
box is the answer locating F1 score; F1QA

box is the

post-hoc F1 score.

Zero-shot Models. Table 7.4 summarizes the zero-shot performance of sixteen

representative MLLMs, evaluated on the seven public benchmarks constituting

the test set of DocAttriBench. Results are reported in term of answer accuracy

(Acctxt), Box F1 (F1box), and overall answer correctness (Acc). Table 7.5 focuses

on the answer-localization and post-hoc attribution results reporting of grounding

F1 scores.

Overall, the latest models from both families achieve the strongest results.

However, F1box scores remain consistently low, averaging below 40% for >30B

parameter models, below 20% for 7-8B parameters models, and below 10% for the

smallest 2-3B parameters models. This highlight how even the best-performing

models fail to reliably localize the visual evidence supporting their answers.

The complementary analysis in Table 7.5 supports these findings. When

evaluated solely on box generation, models exhibit slightly higher localization

precision, even if they failed when asked to generate the answer and evidence

location jointly. The best-performing model, Qwen3-VL-32B, achieves almost 47

F1box in post-hoc mode on average, nearly 8 points over the grounded generation

setup, while maintaining stable textual accuracy. Finally, in answer-locating

mode most models exhibit lower results, even though they exceed F1box from

the grounded answer generation task. This highlights the intrinsic difficulty of
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end-to-end grounded reasoning, which requires the model to both reason and

justify its output within a single forward pass.

Source Attribution Models. We the evaluate models explicitly designed for

grounding, including VISA-7B and the fine-tuned versions of Qwen2.5 and Qwen3.

As shown in Table 7.4, our models outperform general-purpose MLLMs in visual

grounding. In general, models explicitly exposed to grounded data are superior

on VAG, surpassing zero-shot counterparts on grounding and average metrics.

Moreover, fine-tuning improves metrics with respect to the more powerful 32B and

38B models, even though generally good results must be highlighted from Qwen3-

32B. The fine-tuned models achieve good results and an overall answer correctness

score greater than 30, almost 5 points above the best alternative without exposure

to grounding data. On answer-locating and box-answering tasks, the fine-tuned

models exhibit substantial gains over their zero-shot counterparts, with average

improvements exceeding 25 points. Notably, MAPPET-7B and MAPPET-8B

achieve the highest scores among all evaluated models surpassing large general-

purpose MLLMs. These results suggest that expose to DocAttriBench supervision

meaningfully enhances grounding quality in MLLMs.

Finally, the textual accuracy (Acctxt) is generally lower on fine-tuned models

with respect to zero-shot counterparts. Inspection of the generated answers from

both model types reveal two significant differences between our training dataset

and the answers generated by zero-shot Qwen2.5 and Qwen3 models. First, our

training dataset consists in short, concise, and reasoning-free answers, while zero-

shot models have a tendency to produce short reasoning steps, guiding the answer

toward the correct values. Second, the reasoning steps can include the precise

location of the correct answer value, while our dataset lacks this information and

forces the tuned models to avoid the respective step too.

Boxes Precision and Recall. The grounding metrics previously reported focus

exclusively on F1 scores. This might raise concerns about models tendencies

to generate multiple boxes, lowering precision scores. To clarify this, we report

precision and recall for each task in Table 7.6, Table 7.7, and Table 7.8. The

numerical results highlight a consistent pattern for Qwen3-VL-2B: the model

frequently generates multiple boxes for the grounded answer generation task,

inflating false positives and leading to low precision. Qualitative results underscore

that these extra boxes often do not correspond to meaningful reasoning, instead,

the model produces several regions without an actual answer. This behavior largely
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explains the poor performance observed for this model. In contrast, we do not

observe substantial drops in either precision or recall for the other models. The

low F1 scores reflect challenges in identifying the correct evidence rather than

systematic over-generation or a breakdown of the reasoning process.

DocVQA VisualMRC VISA SlideVQA VisualWebB LongDocURL MMLongB-Doc

Model Pbox Rbox Pbox Rbox Pbox Rbox Pbox Rbox Pbox Rbox Pbox Rbox Pbox Rbox AvgP AvgR

Zero-shot MLLMs

InternVL2.5-2B 0.0 0.0 1.2 0.8 0.0 0.0 0.7 0.7 0.5 0.4 0.2 0.1 0.4 0.4 0.4 0.4

InternVL3-2B 6.0 4.1 14.1 5.8 0.0 0.0 26.0 21.0 4.2 3.0 6.3 3.7 9.4 7.7 9.4 6.5

InternVL3.5-2B 28.0 14.8 3.5 1.4 2.2 0.2 0.7 0.6 28.0 5.9 1.2 0.9 2.2 1.1 9.4 3.6

Qwen2.5-VL-3B 5.0 3.7 10.9 12.2 0.1 0.1 17.3 17.9 8.0 6.4 6.6 5.6 12.7 10.7 8.7 8.1

Qwen3-VL-2B 4.1 20.6 11.7 31.3 0.3 0.5 6.3 29.8 3.1 16.1 4.2 25.0 4.7 27.6 4.9 21.5

InternVL2.5-8B 0.0 0.0 4.0 2.2 0.0 0.0 3.1 2.5 1.1 0.8 0.0 0.0 1.3 1.1 1.4 0.9

InternVL3-8B 6.8 6.1 9.9 7.0 0.0 0.0 19.5 14.3 2.3 1.7 4.7 3.3 7.1 4.4 7.2 5.2

InternVL3.5-8B 22.5 21.5 6.0 5.0 0.4 0.4 4.3 3.7 25.0 25.0 3.3 3.1 2.0 2.2 9.1 8.7

Qwen2.5-VL-7B 15.6 4.8 26.6 6.2 2.0 0.3 30.6 12.6 15.8 5.1 16.8 7.8 19.4 9.2 18.1 6.6

Qwen3-VL-8B 14.8 14.3 23.7 25.1 4.1 4.3 8.6 10.4 16.7 16.9 18.2 21.8 13.6 16.5 14.3 15.6

InternVL2.5-38B 2.3 0.7 7.2 6.5 2.2 0.2 11.1 9.2 4.2 2.1 3.1 3.0 6.6 5.5 5.3 3.9

InternVL3-38B 4.7 4.6 6.3 6.5 1.8 1.7 10.7 12.2 2.1 2.1 3.6 4.6 6.1 7.7 5.0 5.6

InternVL3.5-38B 26.7 26.0 15.0 14.9 1.4 1.4 6.5 6.0 30.3 29.7 11.4 11.7 7.5 7.7 14.1 13.9

Qwen2.5-VL-32B 9.7 9.8 18.5 20.8 1.2 1.5 9.8 13.8 27.2 29.7 8.4 11.7 12.8 17.6 12.5 15.0

Qwen3-VL-32B 41.5 42.1 55.0 58.5 29.8 32.3 29.3 31.9 31.5 30.9 44.2 51.0 42.8 46.0 39.2 41.8

Source Attribution MLLMs

VISA-7B 43.2 43.2 64.4 64.2 50.5 50.4 62.7 62.6 14.6 14.4 43.0 43.0 55.9 55.9 47.7 47.7

MAPPET-7B 66.3 66.2 75.2 75.0 43.4 43.3 67.9 67.8 33.9 33.5 60.0 59.9 61.8 61.8 58.3 58.2

MAPPET-8B 70.7 70.3 76.5 75.8 43.7 42.8 69.2 68.8 36.9 36.4 57.5 56.7 55.8 54.8 58.6 57.9

Table 7.6: Precision (P) and recall (R) of the bounding boxes generated for the

grounded answer generation task.
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DocVQA VisualMRC VISA SlideVQA VisualWebB LongDocURL MMLongB-Doc

Model P
QA
box R

QA
box P

QA
box R

QA
box P

QA
box R

QA
box P

QA
box R

QA
box P

QA
box R

QA
box P

QA
box R

QA
box P

QA
box R

QA
box AvgQA

P AvgQA
R

Zero-shot MLLMs

InternVL2.5-2B 0.2 0.2 0.4 0.4 0.0 0.0 0.3 0.2 0.0 0.0 0.2 0.1 0.0 0.0 0.2 0.1

InternVL3-2B 15.7 15.6 13.2 13.1 0.0 0.0 21.2 20.9 6.5 6.4 5.6 5.5 12.0 12.0 10.6 10.5

InternVL3.5-2B 16.4 12.0 2.4 1.6 0.3 0.3 0.3 0.2 12.5 11.0 1.2 1.2 2.5 2.5 5.1 4.1

Qwen2.5-VL-3B 6.0 3.6 15.8 13.2 0.4 0.3 26.8 19.5 10.3 6.8 13.8 9.2 20.8 14.9 13.4 9.6

Qwen3-VL-2B 25.8 27.0 30.3 30.4 1.3 1.3 31.1 34.4 16.1 16.9 26.2 26.6 29.3 36.6 22.9 24.8

InternVL2.5-8B 0.6 0.6 7.7 7.7 0.1 0.1 4.2 4.2 0.9 0.8 1.3 1.3 2.9 2.9 2.5 2.5

InternVL3-8B 17.1 13.7 11.8 10.4 0.2 0.2 17.3 14.9 12.8 10.6 6.3 5.2 9.1 7.2 10.6 8.9

InternVL3.5-8B 44.8 44.5 9.6 9.7 1.7 1.7 15.0 15.2 27.8 27.5 11.3 11.5 13.8 14.1 17.7 17.8

Qwen2.5-VL-7B 19.9 19.7 26.2 25.5 1.1 1.1 31.9 32.1 17.8 17.4 20.4 20.4 27.7 27.5 20.7 20.5

Qwen3-VL-8B 27.7 27.2 41.4 41.1 6.8 6.7 18.9 18.6 24.6 24.1 35.9 35.2 32.0 31.5 26.7 26.3

InternVL2.5-38B 11.3 11.3 15.6 15.6 1.4 1.4 27.9 27.6 6.9 6.8 13.5 13.5 27.1 26.8 14.8 14.7

InternVL3-38B 17.8 17.8 14.7 14.7 3.2 3.2 33.3 33.2 4.3 4.2 17.5 17.6 27.2 27.2 16.8 16.8

InternVL3.5-38B 37.9 34.7 24.3 22.2 5.1 4.0 14.0 10.3 32.2 29.2 18.5 10.5 18.2 11.2 21.5 17.5

Qwen2.5-VL-32B 19.1 19.1 34.5 34.7 4.4 4.4 27.1 27.6 29.1 28.4 28.8 29.5 32.1 32.6 25.0 25.2

Qwen3-VL-32B 51.3 50.8 64.9 64.3 35.0 34.2 40.0 39.0 31.8 29.7 47.2 46.7 52.0 51.8 46.0 45.2

Source Attribution MLLMs

VISA-7B 44.5 44.5 65.8 65.7 58.6 58.6 62.9 62.7 14.6 14.4 46.2 46.2 56.5 56.5 49.9 49.8

MAPPET-7B 61.9 61.9 69.8 69.7 32.8 32.8 68.8 68.6 33.9 33.5 43.8 43.8 54.9 54.7 52.3 52.1

MAPPET-8B 62.3 62.3 72.1 72.0 31.2 31.2 68.6 68.4 42.7 42.0 42.1 42.0 53.1 52.9 53.2 53.0

Table 7.7: Precision (P) and recall (R) of the bounding boxes generated for the

post-hoc attribution task.

DocVQA VisualMRC VISA SlideVQA VisualWebB LongDocURL MMLongB-Doc

Model P
Q
box R

Q
box P

Q
box R

Q
box P

Q
box R

Q
box P

Q
box R

Q
box P

Q
box R

Q
box P

Q
box R

Q
box P

Q
box R

Q
box AvgQ

P AvgQ
R

Zero-shot MLLMs

InternVL2.5-2B 0.0 0.0 1.5 0.9 0.2 0.2 0.7 0.5 0.0 0.0 0.3 0.1 0.6 0.4 0.5 0.3

InternVL3-2B 8.1 7.9 12.4 12.1 0.0 0.0 14.0 13.7 4.3 4.2 3.5 3.3 6.6 6.5 7.0 6.8

InternVL3.5-2B 13.6 9.4 1.0 0.7 0.5 0.2 0.2 0.2 6.3 3.8 0.2 0.1 1.2 1.1 3.3 2.2

Qwen2.5-VL-3B 10.3 4.5 16.1 13.6 0.1 0.1 33.8 20.3 10.0 6.8 12.0 6.2 18.9 10.5 14.5 8.9

Qwen3-VL-2B 28.4 28.1 27.7 27.7 1.3 1.3 28.9 33.3 16.0 15.7 27.5 28.5 26.0 34.4 22.3 24.1

InternVL2.5-8B 0.2 0.2 7.6 7.4 0.3 0.2 4.1 4.0 0.9 0.8 0.6 0.6 1.2 1.1 2.1 2.0

InternVL3-8B 16.1 13.3 11.8 8.6 1.0 0.1 28.4 19.6 10.9 6.8 9.5 7.0 12.6 8.7 12.9 9.1

InternVL3.5-8B 29.8 28.7 10.2 9.9 2.0 1.9 17.6 17.5 25.2 24.6 9.8 9.7 12.3 11.6 15.3 14.8

Qwen2.5-VL-7B 17.0 16.7 22.5 21.6 1.2 1.1 25.9 25.7 13.3 12.7 16.6 17.0 20.2 19.9 16.7 16.4

Qwen3-VL-8B 8.6 17.8 17.3 31.8 31.1 5.8 5.7 12.6 12.2 16.0 15.7 27.4 25.6 23.1 22.5 19.2 18.6

InternVL2.5-38B 10.7 10.7 16.4 16.3 1.2 1.1 27.8 27.6 6.4 6.4 12.8 12.8 29.7 29.4 15.0 14.9

InternVL3-38B 19.4 19.3 16.5 16.4 3.1 3.1 38.0 37.5 3.9 3.8 17.0 16.9 26.7 26.4 17.8 17.6

InternVL3.5-38B 28.9 28.3 25.7 24.5 4.4 4.1 11.2 9.7 28.4 27.5 15.3 12.9 13.2 11.2 18.1 16.9

Qwen2.5-VL-32B 15.0 14.6 27.7 27.6 3.9 3.9 20.4 20.3 27.2 26.7 18.1 17.7 22.8 22.1 19.3 19.0

Qwen3-VL-32B 47.8 47.1 61.4 60.7 26.2 25.6 35.8 34.4 28.9 27.5 44.7 43.8 55.0 54.4 42.8 41.9

Source Attribution MLLMs

VISA-7B 41.3 41.3 65.5 65.3 49.8 49.8 62.8 62.6 13.7 13.6 42.7 42.7 55.1 55.1 47.3 47.2

MAPPET-7B 57.0 57.0 68.8 68.6 28.1 28.1 67.3 67.1 26.7 26.3 43.2 43.2 52.5 52.2 49.1 48.9

MAPPET-8B 54.8 54.6 64.2 63.9 27.9 27.8 62.7 62.3 27.3 24.1 33.0 32.9 40.1 39.9 44.3 43.6

Table 7.8: Precision (P) and recall (R) of the bounding boxes generated for the

answer-locating task.
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7.6 Limitations

We benchmarked MAPPET against the VISA framework. The VISA model em-

ploys a LoRA-based adaptation strategy with efficient module selection and was

fine-tuned on a corpus of 300k instances for two epochs. Conversely, when tuning

the MAPPET models, we adopted a different architectural intervention. Specific-

ally, we were forced to reduce training times by relying about 50k examples for a

single epoch and we relied on tuning both the model Transformer modules and

the weight of the Feed Forward Network predicting token probabilities. As a

consequence, the lower answer accuracy metrics were expected.

While answer and ROI accuracy are of importance, so are the intermediate

reasoning steps. We acknowledge that most of the models utilized in this study

rely on automatic intermediate reasoning steps to provide high quality answers.

Our approach doesn’t account for reasoning. This design choice is not a limitation

of the proposed automatic dataset generation approach, rather it is a limitation dic-

tated by the current available data, that we used as guidance. Further experiments

should concentrate on strategies to improve the reasoning steps while performing

VAG.

7.7 Conclusions

In this work, we introduced DocAttriBench (DAB), the first large-scale benchmark

dataset designed to evaluate visual answer grounding in Document VQA, and

proposed MAPPET, a scalable Mask-based Perplexity-Derived Attribution frame-

work for automatic, fine-grained source annotation. By leveraging the MAPPET

framework we unified multiple existing document understanding benchmarks,

creating a dataset that enables both reliable evaluation and effective fine-tuning of

grounding-capable multimodal models. Our experiments reveals that state-of-the-

art MLLMs achieve strong textual accuracy but struggle to localize the supporting

evidence on document pages. Fine-tuning on DocAttriBench substantially narrows

this gap, improving overall grounding correctness across models and tasks.

We expect DocAttriBench to serve as a foundation for verifiable, interpretable

document understanding and to foster models with explicit visual grounding.
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Conclusions

The goal of the research activities we carried out during my PhD period was

strictly related to the Altilia clients’ needs. Specifically, we focused on explainable

and multi-modal document understanding and summarization systems. This goal

has been tackled by following two main research directions which motivate the

work presented in the previous chapters.

The first is the generation of summaries from multi-modal sources, which

motivated a big part of my studies and the majority of my first works. We

started with the study of various approaches and techniques to transform multi-

modal inputs in machine readable format, in order to simplify summarization

and information access through Altilia’s already established means. Following,

was the evaluation of LLMs generic and aspect-based summarization capabilities,

utilizing open-source and proprietary counterparts as well as zero-shot, few-shot,

and fine-tuning techniques. This was particularly relevant, leading us to a simple

and effective design choice for our multi-modal summarization algorithms.

The second track, dealt with explainability in LLM-generated outputs, which

motivated the last two chapters of this thesis. First, we delved into text-based

attribution, providing a mean to solve answer-level attribution effectively and

at scale. Moreover, through cross-encoders and dynamic chunking strategies,

we designed a model agnostic solution. This enables researchers and engineers

to swiftly change the underlying LLM in a RAG pipeline without the need to

re-engineer prompts and attribution pipelines. Finally, our visual-grounding work

represents the seminal work for the creation of visual grounding datasets at scale,

without the need for expensive human supervision.
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In the following sections, we summarize our contributions and draw the final

conclusions of the results achieved so far.

Multi-Modal Summarization

Our preliminary investigation into the individual components of multi-modal sum-

marization provided critical insights into the capabilities and limitations of current

models. First, we demonstrated that Large Language Models possess impressive

zero-shot capabilities for the interpretation of tabular data and we found that

fine-tuning smaller models can bridge the performance gap with larger proprietary

models. However, from an operational standpoint, open-source LLMs are often

not advantageous in terms of monetary costs. Then, our systematic evaluation

of Chart-to-Table models revealed significant discrepancies between benchmark

and real-world performance. While larger model exhibit decent capabilities for

standardized datasets, they suffer from data translation errors and extrinsic hal-

lucinations when applied to complex real-world documents. Consequently, we

concluded that C2T technologies are not yet mature enough for strict financial

reporting, leading to their exclusion from the summarization pipeline. Finally, we

observed divergencies between syntactic and semantic quality in text summariz-

ation, with fine-tuned models dominating overlap-based metrics and zero-shot

LLMs demonstrating superior performance in factuality metrics. We concluded

that prompt engineering offers a better balance of stability and quality compared to

complex reasoning chains. Even few-shot learning approaches were found to suf-

fer when provided examples are heterogeneous and thus were deemed unnecessary

for the summarization task.

For multi-modal summarization, we proposed a modular pipeline for pro-

cessing financial documents. We found that structure inputs can impact summary

quality and significantly change the model’s understanding of the provided docu-

ment. Due to the limitations of generative approaches for charts, we implemented

an extractive visual strategy to include multi-modal elements in the generated

synopses, ensuring that elements are semantically relevant and provide novel

information rather than redundant data. Regardless of the advances, we were

fundamentally limited by the unavailability of high quality data and pre-trained

open-source models to deal with complex documents. Finally, the imposed re-

striction of not utilizing RAG technologies was a fundamental limit, defining our

design choices.
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LLM-Based Evaluation and Context-Attribution

Motivated by the fundamental challenges of ensuring reliability of Retrieval

Augmented Generation systems, we implemented an end-to-end pipeline to test

LLM-based evaluation of LLM-generated answers. We addressed the critical

issue of assessing answer quality with and without ground truth data. To do so,

we investigated recently proposed LLM-based metrics on both public narrative

datasets and proprietary financial data, revealing current limitations of LLM-

based reference-free systems. Our findings show that there persist a significant

reference-dependency gap, with reference-based metrics correlating strongly with

human judgment but reference-free metrics remaining significantly less reliable.

Moreover, performance degrades significantly when moving from general English

corpora to highly specialized Italian financial data, suggesting that LLMs reasoning

abilities are not uniformly distributed across languages and domains. While

automated frameworks are evolving, they currently function as assistive tools

rather than autonomous agents for human verification.

To address the need for verifiable AI, we investigated post-generation context-

attribution strategies, comparing LLMs against cross-encoder architectures. Our

experiments showed that open-source and proprietary LLMs tend to under-perform

in post-generation context-attribution environments, achieving less than satisfact-

ory performance. Large Language Model performance can be drastically improved

through reasoning techniques. However, this comes with higher costs and longer

inference times.

Alternatively, cross-encoder architectures were found to obtain results similar

to those achieved by proprietary LLMs equipped with reasoning. Our findings

indicate that cross-encoders might have issues with context length and long de-

pendencies. This issue is automatically avoided through LLMs with reasoning,

seemingly dealing with long dependencies. As far as cross-encoder are concerned,

carefully tuning the context length drastically improves performance. Finally,

synthetic data generation was found to be a viable solution to further reduce

the gap between cross-encoders and large-scale LLM with reasoning, sometimes

surpassing the latter.

Overall, cross-encoders were found to be a viable solution requiring minimal

to no engineering for deployment, with cost advantages of up to 30× on full

utilization. Moreover, automatically deploying a cross-encoder architecture can be

viewed as a model-agnostic solution, allowing researchers and engineers to how-

switch LLMs in production without the need to re-engineer the prompt template

and without loss of attributing performance. The solution is not data-agnostic
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though, always requiring at least some amount of non-annotated data for synthetic

data generation and tuning.

Visual Grounding

We addressed Visual Answer Grounding (VAG) in document Visual Question

Answering, where models must correctly answer a given query and precisely

localize the evidence in support to their response. Our approach involved the

creation of a model-agnostic VAG algorithm, solely dependent on the model ability

to answer a given query. Mask-based Perplexity-Derived Attribution (MAPPET)

is a novel framework based on a perplexity reparameterization. The approach

requires an off-the-shelf DLA module utilized as a region proposal algorithm.

With the increasing capabilities of document parsing models and the constantly

reduced dimensions of such modules, MAPPET can be utilized at inference time

to identify the attributing sources.

Due to the computational overhead, we utilized our algorithm to produce a

synthetic dataset at scale. Repurposing existing literature datasets, we created

DocAttriBench (DAB), a large-scale dataset with almost 300k visual answer

grounding examples. The same approach can be used to create synthetic data-

sets at scale from any document source and it exclusively relies on open-source

technologies, reducing the overall dataset production cost only to GPU hours.

Moreover, through efficient inference implementations it is possible to further

scale the production of such datasets.

Finally, we addressed the VAG issue fine-tuning a model for during-generation

and post-hoc visual attribution, significantly improving the attribution performance.

Moreover, the dataset constructed through MAPPET was partially utilized for

inference, benchmarking existing models with answer grounding capabilities.

Our results indicate that current models, while able to localize objects in general

images, struggle with precise localization in document-types images, achieving

superior performance in answer generation and reasoning.
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Future Work and Limitations

While this thesis has developed robust mechanisms for explainable and multi-

modal document understanding in an industrial setting, challenges for future

research remain. The rapid evolution of MLLMs continues to open new pos-

sibilities that we couldn’t explore in this work due to constraints like time and

technological maturity.

Advancements in Chart-to-Table Technologies. One of the primary problems

we addressed is the quality of C2T models. Our evaluation revealed that larger

models perform well on standardized benchmarks but suffer from heavy hallucin-

ations when applied to real-world documents. Future work in this field should

concentrate on the development of pre-training objectives prioritizing numerical

precision and structural fidelity over general visual reasoning in order to obtain

smaller artifacts that can be deployed in complex ingestion pipelines without the

heavy computational overheads typical of generative technologies.

Integration of Retrieval Augmented Generation (RAG) A fundamental limit-

ation we faced for our summarization pipeline was the strict imposition not to use

retrievers. As documents in the financial and legal domains grow in length and

complexity, relying solely on the context window becomes increasingly prohibit-

ive. Future iterations of this pipeline should integrate hybrid RAG mechanisms to

handle both text and images. This could potentially overcome the limitations of

current context windows, improve factual consistency, and limit information loss.

Moreover, the integration of retrieval techniques has the potential of speeding up
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the pipeline at inference time and creating summaries coming from different but

related documents. Finally, while we provided an additional evaluation system for

the inclusion of multi-modal information, the research on this topic is generally

limited and requires further clarifications.

Scaling Context-Attribution for Long Dependencies. For context-attribution,

we observed that cross-encoders offer cost-effective alternatives to proprietary

models, while struggling with context length and long dependencies. Moreover,

out solution is model-agnostic, while the research community is consistently

switching to data-agnostic models. Ideally, research should be able to provide

data agnostic solutions as well as large-scale datasets to train and evaluate on the

context-attribution task. Moreover, our approach is currently limited to answer-

level context-attribution. While LLMs can provide fine-grained citations, cross-

encoders are currently limited to coarse-grained attributions, thus creating the

need for lightweight solutions capable of providing in-line citations.

Refining Visual Grounding in Document Domains. Our benchmark for Visual

Answer Grounding revealed that current models struggle with precise ROI loc-

alization in document-type images. This suggests a domain gap that general

pre-training doesn’t address, probably due to data unavailability. Furthermore,

while our MAPPET algorithm allows for synthetic dataset creation, its applic-

ability to multiple attribution was not explored. Optimizing this algorithms for

multiple-attributions is necessary to elicit further visual grounding models devel-

opment.

Cost-Efficient Deployment and Evaluation. Finally, the industrial context of

this research stresses the continuous tension between model performance and oper-

ational cost. While ever advancing reasoning models improve 1LLM performance,

they also consistently increase inference times and costs. Future efforts should

prioritize the development of lightweight architectures that can approximate the

reasoning capabilities of proprietary models without the associated heavy costs.

Ethical and Regulatory Implications. The applications described in this ma-

nuscript are mostly financial and legal in nature, which demands attention to the

ethical and regulatory implications of LLM-based solutions. The integration of

generative models into corporate pipelines introduces significant risks regarding

data privacy, bias, and the black-box nature of LLM-based decision making. With
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the introduction of more stringent regulatory frameworks, such as the AI Act,

and the ever evolving data protection regulations, future research must address

compliance by design. While our work advances model explainability through

context-attribution and visual grounding, further efforts are required to guaran-

tee comprehensive auditability across the ingestion and generation steps. Future

development should focus on standardized protocols to assess systemic biases in

MLLMs, ensuring that the output is factually consistent, verifiable, legally com-

pliant, and equitable. Additionally, the creation of robust frameworks for robust

data handling should be prioritized to prevent the leakage of sensitive information

during model fine-tuning and inference.0
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