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Abstract

Multimodal LLMs are the natural evolution of LLMs,
and enlarge their capabilities so as to work beyond the pure
textual modality. As research is being carried out to de-
sign novel architectures and vision-and-language adapters,
in this paper we concentrate on endowing such models with
the capability of answering questions that require external
knowledge. Our approach, termed Wiki-LLaVA, aims at in-
tegrating an external knowledge source of multimodal doc-
uments, which is accessed through a hierarchical retrieval
pipeline. Relevant passages, using this approach, are re-
trieved from the external knowledge source and employed
as additional context for the LLM, augmenting the effec-
tiveness and precision of generated dialogues. We conduct
extensive experiments on datasets tailored for visual ques-
tion answering with external data and demonstrate the ap-
propriateness of our approach.

1. Introduction

Recently, Large Language Models (LLMs) have demon-
strated impressive performance in zero-shot textual tasks.
Specifically, recent literature has devised models capable of
tackling diverse tasks, as instructed by the user [6, 30, 41].
In this context, the classical approach is that of fine-tuning
a model on varied tasks that are described through natu-
ral language [7, 34], thus empowering the model to assim-
ilate externally provided instructions and facilitating robust
generalization across multiple domains. Following these
advancements, the computer vision community has started
to investigate the extension of such models to vision-and-
language contexts, thus generating Multimodal Large Lan-
guage Models (MLLMs). On this line, the fusion of visual
features into LLM backbones through vision-to-language
adapters [1, 21, 23, 48] has induced notable performance
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Figure 1. Comparison between a standard multimodal LLM and
Wiki-LLaVa. Our model integrates knowledge retrieved from an
external knowledge base of documents through a hierarchical re-
trieval pipeline. As a result, it provides more precise answers when
tasked with questions that require external knowledge.

improvements, enabling extensive generalization to vision-
and-language tasks requiring elaborate visual descriptions.

In this context, MLLMs excel by simply including a
small module (i.e., an adapter) that aligns visual features
with textual ones. However, despite these models be-
ing built upon LLMs trained on large-scale data, they ex-
hibit notable limitations when confronted with highly spe-
cific user queries or when a certain degree of compo-
sitional reasoning is required to formulate the response.
Moreover, certain knowledge proves itself challenging to
be encoded within the parameters of an MLLM, due to
the scarcity of long-tail information in the training data.
In response to this challenge, different benchmarks have



been recently introduced for evaluating the capabilities of
MLLM to tackle queries related to external data, such as
InfoSeek [5] and Encyclopedic-VQA [28]. While differ-
ent works [8, 20, 21, 32] have been testing on these bench-
marks, underscoring the significance of this area, none of
them has developed architectures specifically designed for
tackling external knowledge.

Driving from these considerations, in this paper we pro-
pose the first MLLM augmented with a retrieval module,
thus shifting the focus towards teaching the model to lever-
age diverse information in its responses and learning to
discern the relative importance of each. In particular, our
model retrieves appropriate information from an external
knowledge base of documents and employs a hierarchical
retrieval approach to identify relevant passages. This addi-
tional knowledge is then fed to an MLLM, without changing
its structure but improving its answering capabilities. To the
best of our knowledge, our work represents the first MLLM
to harness the retrieval capability of external sources. We
assess the quality of the proposed approach by conducting
extensive experiments and comparisons with respect to re-
cent MLLMs [8, 21, 24] and by showcasing the effective-
ness of our design choices. Experimental results demon-
strate the advantage of retrieving from external sources and
the appropriateness of our model design. Overall, we con-
ceive our work as a first step in the direction of retrieval-
augmented MLLMs, which could foster future works in the
same area.

2. Related Work

Multimodal LLLMs. LLMs have significantly reshaped
the landscape of Al research and applications, spearheaded
by notable examples like OpenAI’'s ChatGPT and GPT-4.
These models leverage alignment techniques such as in-
struction tuning [30] and reinforcement learning from hu-
man feedback [39] and achieve remarkable capabilities in
language understanding and reasoning. Open-source LLMs
like Flan-T5 [7], Vicuna [6], LLaMA [41], and Alpaca [40]
have further accelerated the advancement within the re-
search community. This surge in the development of LLMs
subsequently led to the emergence of MLLMs [3], which
can combine the understating of visual inputs with natural
language generation.

Early attempts of building MLLMs such as Visual-
GPT [4] and Frozen [42] used pre-trained language mod-
els to enhance vision-and-language models specifically for
tasks like image captioning and visual question answer-
ing. This initial investigation paved the way for subse-
quent research in this domain, with the introduction of so-
lutions such as Flamingo [1] or BLIP-2 [21] which allowed
the integration of image features into LLMs respectively
through trainable cross-attention layers directly within the
LLM or Q-Former blocks that instead combine image and

textual features via learnable queries. Building upon these
advancements, subsequent models like FROMAGe [19],
Kosmos-1 [14], and MiniGPT-4 [48] have been introduced
to further refine the interplay between visual and language
modalities within the LLM architecture.

Concurrently, the LLaVA family of models [23-25] in-
troduced the usage of instruction tuning in the multimodal
domain, by training on a curated dataset collected with
GPT-4. This strategy is now among the most promising
recipes for building MLLMs.

Retrieval-augmented language models. In recent years,
retrieval-augmentation has been applied to language mod-
els by expanding their input space with relevant text pas-
sages extracted from external sources [10] or eventually re-
trieved directly from the web [29]. These techniques have
demonstrated large improvements in knowledge-intensive
tasks and significant savings in terms of model size.

Traditionally, the integration of external knowledge into
textual generation has been confined to the initial stages.
Different solutions [17] proposed to adaptively retrieve pas-
sages for generation on top of a proprietary LLM. Some
works [10], instead, focused on capturing knowledge in a
more modular and interpretable way, by augmenting the
language model pre-training with a latent knowledge re-
triever. This allows the model to retrieve and attend doc-
uments taken from a large corpus such as Wikipedia.

While much attention has been directed towards textual
augmentation, similar research efforts have recently been
dedicated in the context of vision-and-language tasks [2, 13,
31, 37]. Following this direction, the work presented in [13]
proposed a retrieval-augmented visual-language model that
encodes world knowledge into a large-scale memory. Other
approaches [35, 36] also apply retrieval to specific down-
stream tasks such as image captioning. Differently from all
the aforementioned approaches, our work is the first to ap-
ply retrieval-augmentation to MLLMs. We do this by apply-
ing a hierarchical retrieval strategy on top of a knowledge
base made of multimodal documents.

Knowledge-based visual question answering. Recently,
the emergence of new benchmarks like Encyclopedic-
VQA [28] and InfoSeek [5] has raised the difficulty of stan-
dard knowledge-based VQA [16, 27, 38] with questions that
require intensive knowledge about specific entities, such
that even LLM-based models perform poorly without re-
trieving information from external sources. Often, con-
trastive image-text encoders are employed to retrieve the
target entity given the query image [44, 46]. Then, the en-
tity name is used as a key to access an external knowledge
base, which is typically composed of several text passages
that encompass the correct answer. In this work, we design
a hierarchical retrieval scheme based on CLIP [33] and the
Contriever model [15] to extrapolate relevant passages, and
we feed them to an MLLM to help the answer generation.
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Figure 2. Overview of the architecture of Wiki-LLaVA, which augments a multimodal LLM with external knowledge through a hierarchical

retrieval pipeline.

3. Proposed Method

Our goal is to equip Multimodal LLMs (MLLMs) with
the ability to answer complex and specific questions that
cannot be addressed solely through the image content and
pre-trained knowledge. To achieve this, we propose Wiki-
LLaVA, which integrates external knowledge derived from
an external memory into the LLaVA model, without signif-
icantly altering its design. Instead, we augment the capabil-
ities of the model by incorporating retrieval information as
additional input context. Overall, Wiki-LLaVA comprises
three components, as shown in Fig. 2: a visual encoder,
which is employed to provide the MLLM with visual con-
text and as a query to retrieve from an external knowledge
base, the knowledge base itself (e.g., Wikipedia), and a hi-
erarchical retrieval module which retrieves relevant docu-
ments and passages from the external knowledge base, to
be employed as additional context for the MLLM.

3.1. Knowledge-based Augmentation

Multimodal integration and autoregressive generation.
An MLLM usually takes as input a multimodal input
query, comprising both image and text, and generates a
textual output in an autoregressive manner. Formally,
the architecture is trained to model a probability distribu-
tion p(we|l, wo, w1, ..., wi—1,0), where 6 denotes the pa-
rameters of the model, I represents an input image, and
wy, .., wy—1 denotes the textual prompt. The textual prompt
usually includes a pre-defined system-level prompt and a
question related to the input image, given by the user.
Clearly, a standard MLLM can only rely on the user prompt,
the input image, and the knowledge stored in its internal pa-
rameters (i.e., #) to accommodate requests, thus limiting its
ability to answer questions that rely on external knowledge.

In the rest of the paper, we employ LLaVA [24] as
our reference MLLM. LLaVA exploits the capabilities of
a pre-trained LLM (i.e., Vicuna [6]) and a pre-trained vi-
sual model (i.e., a CLIP-based visual encoder [33]), which
are interconnected through an MLP adapter, in charge of
converting CLIP features to dense input tokens. For an in-
put image I, therefore, LLaVA utilizes a pre-trained CLIP
visual encoder F,, extracts a dense grid of visual fea-
tures Z, = E,(I), which is then projected via a learnable
MLP to produce a sequence of dense embedding tokens
Vo, V1, ..., Un. Finally, these are prepended to the system
prompt, and the full sequence of visual and textual tokens
is then given as input to the LLM component of the model.

Augmentation with external knowledge. To augment the
MLLM with external knowledge, we enrich the input con-
text by injecting relevant textual data from an external mem-
ory composed of documents. Formally, the distribution of
the MLLM is conditioned on additional textual retrieval-
knowledge tokens, leading to

Visual tokens
1
p(wt‘ Vo, V1y .-+; UN,

External memory tokens

1
Wo, W1y -eey Wt—1, €0,€15-+, €7 )7

System + user prompt

1
where ey, ..., e, represents the added tokens retrieved from
the external memory. Differently from the standard formu-
lation of MLLMs, by enriching the input context we allow
the model to generate more specific answers by exploiting
tokens retrieved from the memory.
Hierarchical retrieval from an external memory. The ex-
ternal memory comprises a collection of (document, im-
age, text-title) triplets taken from documents, denoted as
D = {(d;, t;); }. Within this memory, we conduct a hierar-
chical two-step search to retrieve appropriate information.



Initially, we locate the most pertinent document, followed
by identifying the relevant passage inside a particular doc-
ument, which is subsequently exploited as additional input
context in the MLLM.

In the first stage, given an input query image I we per-
form an approximate k-nearest neighbor search into the ex-
ternal memory, using document titles as retrievable keys.
The similarity between the query image and the text titles is
modeled as the inner product between their respective em-
beddings, which are computed through the visual and tex-
tual CLIP encoders (i.e., E/, and E}), as follows:

sim(I;,t;) = E,(I) - Ey(t;)T. )

Then, the knowledge retriever returns the top-k£ documents
associated with the most relevant items retrieved using the
aforementioned procedure.

Retrieving document passages. In the second step, we
analyze each of the retrieved documents to identify the
most relevant passages corresponding to the user’s question.
Each document is defined as a sequence of chunks, denoted
as d; = [¢iy, -+, Ciy ), and, given the input question, we re-
trieve the chunks with the highest similarity to the question.
We employ the Contriever architecture [15] to embed each
chunk of the selected document, along with the query (i.e.,
the question provided by the user), and compute the similar-
ity as an inner product between embeddings. By retrieving
the n most appropriate passages inside each of the retrieved
documents, overall we obtain k - n passages.

Context enrichment. Once we find the most relevant
chunks, we employ their raw contents as an additional input
to the MLLM. Specifically, the final prompt that we em-
ploy includes the image tokens, the retrieved raw chunks,
the system-level prompt, and the user question. Formally,
considering three retrieved passages, the final prompt is de-
fined as follows:

<IMAGE>\nGiven the following context:\n
<R1>\n<R2>\<R3>\n <QUESTION>

Give a short answer. ASSISTANT: 3)

3.2. Training

While the aforementioned approach could work in a zero-
shot fashion, using the original weights 6 of the pre-trained
MLLM, we also investigate the case of fine-tuning the
model to augment its capabilities of exploiting retrieved
passages. In particular, in this case, the model is trained
on pairs of questions and ground-truth answers requiring
external knowledge. As this would potentially reduce the
capabilities of the MLLM on tasks not requiring external
knowledge (i.e., all the other tasks on which the model has
been originally trained), we apply a data mixing approach in
which ground-truth pairs requiring external knowledge are

mixed with ground-truth pairs not requiring external knowl-
edge in the same mini-batch.

4. Experiments

In this section, we first introduce the experimental settings,
describing the datasets employed, the evaluation protocol,
and the implementation and training details used to perform
the experiments. Then, we present our experimental results,
analyzing the effectiveness of CLIP fine-tuning and evalu-
ating how it is possible to incorporate retrieved knowledge
in an MLLM. Finally, limitations of the proposed approach
and possible future works are reported.

4.1. Datasets

Encyclopedic-VQA [28]. The dataset contains around
221k question-answer pairs associated with 16.7k differ-
ent fine-grained entities, with up to 5 images representing
the same entity. Overall, there are more than 1M triplets
composed of an image, a question, and the corresponding
answer. Fine-grained entities and related images are ex-
tracted from iNaturalist 2021 [43] and Google Landmarks
Dataset V2 [45], which are associated with the correspond-
ing Wikipedia article. Questions are divided into four differ-
ent categories, namely single-hop, automatically generated,
multi-answer, and two-hop. In particular, single-hop ques-
tions have been manually annotated and a single Wikipedia
article is needed to answer them. Automatically generated
questions are similar to the single-hop questions but have
been generated by automatic models. Multi-answer ques-
tions, instead, can be answered with a list of terms, but al-
ways refer to a single fine-grained entity. Finally, two-hop
questions require two retrieval steps to answer them. The
dataset also comes with a knowledge base composed of 2M
Wikipedia articles, suitable for answering dataset questions.

Dataset triplets are divided into training, validation, and
test splits respectively composed of 1M, 13.6k, and 5.8k
samples. In our experiments, we employ the training split
to fine-tune the LLaVA model and report the results on the
test set of the dataset. During testing, we filter out two-hop
questions resulting in 4,750 test triplets.

InfoSeek [5]. The dataset contains 1.3M image-question-
answer triplets corresponding to around 11k different enti-
ties (i.e., Wikipedia articles). The vast majority of questions
have been obtained with an almost entirely automatic proce-
dure, by filling human-authored templates with knowledge
triples from Wikidata. In this case, images are derived from
the OVEN dataset [12]. Triplets are divided into training,
validation, and test sets, with around 934k, 73k, and 348k
samples respectively. At the time of the submission, the
ground-truth answers and entities from the test set were not
available. Therefore, we report our results on the validation
split. Both validation and test sets contain questions related



to new entities not included in the training split and ques-
tions not seen during training.

Along with image-question-answer triplets, a knowledge
base composed of 6M Wikipedia entities is provided. In
our experiments, we consider a randomly extracted subset
of 100k entities, in which we guarantee the presence of the
6,741 entities associated with questions from the training
and validation splits.

4.2. Implementation Details

LLaVA fine-tuning. We employ two distinct fine-tuning
approaches, with each being exclusively applied to one of
the datasets. In order to maintain the performance of the
LLaVA model on well-established MLLM datasets, we sup-
plement fine-tuning data with samples from the LLaVA-
Instruct dataset [24]. Specifically, given its size of 158k, we
double the probability of having examples from this dataset
in each mini-batch. To reduce the number of trainable pa-
rameters, we train using low-rank adapters [11] with a total
batch size of 512 samples.

Retrieval. Textual documents sourced from Wikipedia con-
tent are embedded using the Contriever architecture [15],
segmenting the text into chunks of 600 characters each. Fur-
thermore, for streamlined efficiency, the process involves
utilizing a single visual encoder. Specifically, following
the LLaVA architecture [24], we employ the CLIP ViT-
L/14@336 backbone to embed images to give as input to the
MLLM, while simultaneously leveraging it to extract query
visual features in the initial hierarchical retrieval step, facil-
itating the integration of an external memory component.

To perform entity retrieval, we employ approximate kNN
search rather than exact kNN search because it significantly
improves the computational speed of the entire pipeline. To
this aim, we employ the Faiss library [18] and a graph-based
HNSW index with 32 links per vertex.

4.3. Evaluation Protocol

We evaluate our models in two settings: without external
knowledge base and with external knowledge base. The
former means that we ask the model to directly answer a vi-
sual question, by solely relying on the competencies learned
during pre-training and/or fine-tuning. On the other hand, in
the latter setting, we leverage the proposed hierarchical re-
trieval method to search for additional information in the
external knowledge base. In practice, this is represented
by two dumps of Wikipedia comprehending 2M and 100k
pages, respectively for Encyclopedic-VQA and InfoSeek.
Concerning the evaluation metrics, we report the accuracy
over the Encyclopedic-VQA test split and the InfoSeek val-
idation split, following the official evaluation scripts pro-
vided along with the datasets.

Dataset KB R@1 R@I10 R@20 R@50
Encyclopedic-VQA 2M 33 9.9 13.2 17.5
InfoSeek 100k 369 66.1 719 784

Table 1. Entity retrieval results on the Encyclopedic-VQA test
set and InfoSeek validation set. To comply with the visual en-
coder employed in LLaVA, all results are obtained using CLIP
ViT-L/14@336.

4.4. Experimental Results

Analyzing CLIP performance. We start by evaluating en-
tity retrieval results using CLIP. In this setting, we con-
sider images from the Encyclopedic-VQA test set and In-
foSeek validation set and measure the CLIP ability to find
the correct entity within the knowledge base of each respec-
tive dataset (i.e., composed of 2M entries for Encyclopedic-
VQA and 100k entries for InfoSeek). As previously men-
tioned, we perform retrieval using images as queries and
Wikipedia titles as retrievable items.

Results are reported in Table 1 in terms of recall@k
(R@k) with k£ = 1,10, 20, 50 which measures the percent-
age of times the correct entity is found in the top-k retrieved
elements. Notably, correctly retrieving the Wikipedia en-
tity associated with the input image strongly depends on
the size of the employed knowledge base. In fact, when
using 100k items, as in the case of InfoSeek, the correct
entity is retrieved as the first item 36.9% of the time and
among the top-10 66.1% of the time. Instead, when us-
ing a significantly larger knowledge base as in the case of
Encyclopedic-VQA, which contains 2M items, retrieval re-
sults are significantly lower with 3.3% and 9.9% respec-
tively in terms of R@1 and R@10.

Results on Encyclopedic-VQA and InfoSeek. We then
report visual question-answering results in Table 2. We
include the performance of zero-shot models like BLIP-
2 [21], InstructBLIP [8], and the LLaVA-1.5 baseline
model [24], which are not fine-tuned on the considered
datasets and that do not leverage the external knowl-
edge base. Moreover, we consider the accuracy results
of LLaVA-1.5 when fine-tuned on the training set of
Encyclopedic-VQA and InfoSeek, but not augmented with
retrieved context. The results of our approach (i.e., Wiki-
LLaVA) are reported both in the standard setting in which
CLIP is used to retrieve the most representative entity from
the knowledge base and in its oracle version, which em-
ploys the entity corresponding to the input image-question
pair. For both cases, we consider a different number n of
retrieved textual chunks, all corresponding to the top-1 (or
ground-truth) entity. When employing CLIP, we also vary
the number k of retrieved entities (i.e., & = 1,2, 3) using
n = 1 when k is greater than 1. This choice is given by the
maximum context length that Vicuna takes as input, which
is set to 2,048 tokens.



Enc-VQA InfoSeek

Model LLM KB k£ n Single-Hop All Unseen-Q Unseen-E  All

Zero-shot Models
BLIP-2 [21] Flan-T5x1. X - - 12.6 12.4 12.7 12.3 12.5
InstructBLIP [8]  Flan-T5x;. X - - 11.9 12.0 8.9 7.4 8.1
LLaVA-1.5[23] Vicuna-7B X - - 16.3 16.9 9.6 9.4 9.5

Fine-tuned Models
LLaVA-1.5[23] Vicuna-7B X - - 233 28.5 19.4 16.7 17.9
Wiki-LLaVA Vicuna-7B v 11 21.8 26.4 26.6 24.6 25.5
Wiki-LLaVA Vicuna-7B v 12 19.9 232 29.1 26.3 27.6
Wiki-LLaVA Vicuna-7B v 13 17.7 20.3 30.1 27.8 28.9
Wiki-LLaVA Vicuna-7B 2 21.3 254 27.8 24.6 26.1
Wiki-LLaVA Vicuna-7B v/ 3 20.5 243 274 24.5 253
Wiki-LLaVA Vicuna-7B 4 1 34.7 37.2 41.1 41.1 41.1
Wiki-LLaVA Vicuna-7B v 1 2 39.2 40.2 49.1 46.5 47.8
Wiki-LLaVA Vicuna-7B v 13 38.5 38.6 52.7 50.3 51.5

Table 2. Accuracy results on the Encyclopedic-VQA test set and InfoSeek validation set. Yellow color indicates models employing the

CLIP model to perform entity retrieval, while gray color indicates the use of ground-truth entities (i.e., oracle). k denotes the number of
retrieved entities, and n represents the number of textual chunks retrieved for each entity that are given to the MLLM as additional context.

As it can be seen, zero-shot MLLMs face difficulties
in correctly answering the given questions as these mod-
els can only rely on the knowledge embedded inside the
LLM. When instead using an external knowledge base, the
accuracy results significantly increase especially on the In-
foSeek dataset with 100k retrievable items. The limited per-
formance of the CLIP model in retrieving the correct entity
on larger knowledge bases, instead, leads to a slight degra-
dation of accuracy scores. This is due to the noisy textual
passages that are provided to the MLLM as additional exter-
nal context which, being related to a different entity, often
do not contain informative content.

Overall, retrieving passages from different entities does
not always help increase the results. Instead, using more
than one textual chunk as additional context for the MLLM
generally improves the final accuracy on the InfoSeek val-
idation set with an overall improvement of 2.1 and 3.4
accuracy points with n = 2 and n = 3 respectively.
Furthermore, it is worth noting that employing oracle en-
tities significantly boosts the final accuracy. In particu-
lar, oracle entities lead to an improvement of 13.8% on
Encyclopedic-VQA and 22.6% on InfoSeek, comparing the
best-performing configuration with CLIP-based entity re-
trieval (i.e., kK = 1 and n = 1 for Encyclopedic-VQA
and ¥ = 1 and n = 3 for InfoSeek) with the best per-
forming oracle-based version (i.e., k = 1 and n = 2 for
Encyclopedic-VQA and £ = 1 and n = 3 for InfoSeek).
These results confirm the effectiveness of directly employ-
ing retrieved passages to augment a pre-trained MLLM and
further highlight the importance of having a good entity re-
trieval model to limit the possibility of feeding the MLLM
with irrelevant content.

Enc-VQA InfoSeek
Fine-tuning Single-Hop All  Unseen-Q Unseen-E All
X 16.3 16.9 9.6 9.4 9.5
v 234 29.0 17.1 150 16.0
v+ LLaVA-Instruct 233 28.5 19.4 16.7 17.9

Table 3. Performance analysis when using the LLaVA-Instruct
dataset during fine-tuning. All results are obtained without exter-
nal knowledge retrieval.

Some qualitative results on sample image-question pairs
from Encyclopedic-VQA (first row) and InfoSeek (second
row) are reported in Fig. 3, comparing the answers given by
Wiki-LLaVA with those coming from the original LLaVA-
1.5 model. For completeness, we also report some failure
cases (third row) in which both models are not able to cor-
rectly answer the given question.

Evaluating the importance of the fine-tuning datasets.
As described in Sec. 3.2 and Sec. 4.2, the MLLM fine-
tuning is done with a mixture of data containing image-
question-answer triples from the Encyclopedic-VQA or In-
foSeek training set and visual instruction tuning data from
LLaVA-Instruct [24], which has been used to originally
fine-tune the LLaVA model. In Table 3, we evaluate the
effect of mixing fine-tuning data for the knowledge-based
VQA task. In this setting, we only report the results of
the fine-tuned models without external knowledge retrieval.
Notably, using visual instruction tuning data can help to
regularize the fine-tuning phase on the InfoSeek dataset,
leading to an overall improvement of 1.9 accuracy points
compared to the model fine-tuned only on image-question-
answer triplets from the training set of the dataset. On
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FC Dynamo Kyiv X Lake District X

Figure 3. Qualitative results on sample image-question pairs from Encyclopedic-VQA (first row) and InfoSeek (second row) comparing the
proposed approach with the original LLaVA-1.5 model. Some failure cases are shown in the third row with the corresponding ground-truth.

MME MMMU MMB POPE
Fine-tuning Cogn Perc Acc Acc  Acc Fl
- 3557 15133 35.1 71.6 869 85.8
Enc-VQA 200.7 802.8 36.6 67.7 729 634
Enc-VQA + LLaVA-Instruct  290.0 1170.1 36.6 704 872 86.6
InfoSeek 296.8 13772 352 71.7  82.0 79.6
InfoSeek + LLaVA-Instruct ~ 341.3 14389  35.6 71.1 85.8 84.2

Table 4. Performance preservation analysis with respect to the
original LLaVA-1.5 model (first row) on diverse benchmarks for
MLLM evaluation.

Encyclopedic-VQA, instead, training with instruction tun-
ing data does not lead to performance improvement al-
though without degrading the original results.

Preservation of LLaVA performance. Finally, we analyze
the impact of LLaVA fine-tuning on knowledge-based VQA
datasets when evaluating the model on common MLLM
evaluation benchmarks [3]. In particular, we include results
on MME [9] which contains image-question pairs cover-
ing 14 different tasks grouped in two macro-categories (i.e.,
cognition and perception), MMMU [47] that is composed
of multiple-choice and open-ended questions possibly in-
terleaved with one or more images and extracted from di-
verse university textbooks and online courses, MMBench
(MMB) [26] that includes multiple-choice questions across
20 different domains, and POPE [22] that is focused on
evaluating object hallucinations and comprises binary clas-
sification entries, each related to an image. More details
about the evaluation metrics and number of samples can be
found in the original paper of each dataset.

Results are shown in Table 4 comparing the origi-
nal LLaVA model with the two fine-tuned versions on
Encyclopedic-VQA and InfoSeek, with and without the use
of visual instruction tuning data. Overall, employing sam-

ples from the LLaVA-Instruct dataset can better preserve
the results of the original model, only partially degrading
the performance on the considered benchmarks compared
to the original model. While the most significant deteriora-
tion is achieved on the MME dataset, in the other settings
the original performances are better preserved, also leading
to a slight improvement on MMMU and POPE benchmarks
compared to the LLaVA-1.5 results.

4.5. Limitations and Future Works

While our work provides an initial step towards MLLM
which can properly exploit external multimodal data, it is
worthwhile mentioning that significant research is needed
in two directions. The fist is defining proper embedding
spaces in which documents can be retrieved from ques-
tions and input images, so as to improve the performance
of the higher level of our hierarchical retrieval. The second
is modeling an efficient and sustainable paradigm to select
from one or more documents. Here, the challenge is to in-
crease the capability of the MLLM of distinguishing the ap-
propriateness of retrieved items. This point might also re-
quire novel architectural design, which might go beyond the
pure inclusion of retrieved items in the context. Regardless
of its current limitations, our research testifies the poten-
tial of adding multimodal external knowledge to a MLLM
and inherits all the advantages of retrieval-augmented ap-
proaches, such as the adaptability to different domains and
the loosely-coupled relationship between pre-trained infor-
mation and retrievable data.

5. Conclusion

We have presented Wiki-LLaVA, an architecture for aug-
menting an existing MLLM with external knowledge. Our



proposal leverages an external knowledge source of doc-
uments to improve the effectiveness of an MLLM when
tasked with questions and dialogues. In particular, we de-
vise a hierarchical architecture for retrieving documents and
eliciting selected parts to be included in the MLLM input
context. Extensive experiments demonstrate the effective-
ness of the proposed solution, and its capability to maintain
the proficiency of the MLLM across different tasks.
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