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Distilling Linearized Behavior into Non-Linear Fine-Tuning
for Effective Task Arithmetic

Thomas Sommariva' Francesca Morandi'? Simone Calderara' Angelo Porrello '

Abstract

Task vector composition has emerged as a promis-
ing paradigm for editing pre-trained models, en-
abling model merging through addition and un-
learning through subtraction. Fine-tuning in the
tangent space of a pre-trained model (linear fine-
tuning) has proven effective, as it produces task
vectors that are naturally disentangled and resis-
tant to interference. However, linearized models
suffer from limited expressivity during training
and incur higher computational costs at inference
time, which restrict their practical applicability.
In this work, we bridge the gap between linear
and standard non-linear fine-tuning. We show that
linearity with respect to weight perturbations, a
property defined in parameter space, can be en-
forced through constraints in activation space dur-
ing training. Concretely, we distill hidden repre-
sentations from a curvature-regularized linearized
teacher into a non-linear student trained via con-
ventional fine-tuning. We find that the resulting
model inherits key properties of linearized models
for task arithmetic, enabling effective composition
of task vectors and achieving strong performance
across vision and language benchmarks without
incurring any inference-time overhead.

1. Introduction

As deep models continue to grow in scale and complexity,
retraining from scratch or even fine-tuning them is becoming
increasingly impractical. This trend has motivated a grow-
ing body of research toward mechanisms that enable the
composition (Liu & Soatto, 2023), the modification (Ilharco
et al., 2022b; Fierro & Roger, 2026), and reuse (Rinaldi
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Figure 1. Overview. To improve weight disentanglement, a non-
linear student model is fine-tuned by distilling a linearized teacher.
Both models are trained with curvature-aware regularization based
on an approximation of the Generalized Gauss-Newton matrix.

et al., 2025; 2026a;b) of existing models, rather than train-
ing new ones. In this context, practitioners can reuse learned
capabilities, rapidly customize models, and deploy tailored
systems under strict computational or data constraints.

Within this field, task arithmetic (Ilharco et al., 2022a) en-
ables model editing through simple algebraic operations in
weight space. Given task-specific models {6; = 6y + 7 }+
fine-tuned from a common pre-trained model 8y, the corre-
sponding update vectors 7; (task vectors) can be composed
to create a single multi-task model (addition), or to selec-
tively remove task-specific behaviors (subtraction).

However, the effectiveness of task arithmetic crucially de-
pends on how task vectors are learned. Recent work has
shown that fine-tuning in the tangent space of a pre-trained
model, commonly referred to as linear fine-tuning (Ortiz-
Jimenez et al., 2023), yields task vectors that are more nat-
urally disentangled and substantially less prone to interfer-
ence — a property commonly referred to as weight disentan-
glement. Moreover, since models in this regime are linear
in weight space, edits in parameter space induce predictable
changes in the output space. This property enables the use
of explicit and efficient regularization penalties (Yoshida
et al., 2025; Porrello et al., 2025b) to further promote dis-
entanglement and task compatibility. In contrast, standard
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non-linear fine-tuning does not exhibit these properties; as a
result, advanced and tailored post-hoc model merging strate-
gies (Gargiulo et al., 2025; Marczak et al., 2025; Panariello
et al., 2025; Buzzega et al., 2025) are required to mitigate
interference effects, with mixed results.

While linearization offers several advantages, there is no
free lunch. The computational cost of a single forward pass
increases significantly, making deployment more expen-
sive (Ortiz-Jimenez et al., 2023). Moreover, constraining
optimization to the tangent space of the pre-trained model
may limit the expressivity of the model. Given the comple-
mentary strengths and weaknesses of linearized and standard
non-linear training regimes, a natural question arises:

Is there a sweet spot in fine-tuning that mitigates the
drawbacks of both linearized and non-linear regimes
while preserving weight disentanglement, expres-
siveness, and inference efficiency?

We show that linearity with respect to weight perturbations —
a property defined in parameter space — can be induced in a
conventional non-linear model by imposing tailored learn-
ing objectives in activation space. Specifically, we show
that linearized behavior and weight disentanglement can be
distilled (Hinton et al., 2015) by matching the activations of
a linearized model. As illustrated in Fig. 1, we distill inter-
mediate activations from a teacher model trained in tangent
space, which guides a student model trained in the standard,
non-linear fine-tuning regime. This yields task vectors that
can be efficiently composed via addition and subtraction
within a standard, deployment-friendly non-linear model.

Building on this insight, we propose DistillEd Linearized
Task Arithmetic (DELTA). First, we incorporate curvature-
aware regularization (Porrello et al., 2025b;a) to promote dis-
entanglement. Unlike prior work relying on data or statistics
from other tasks, we estimate these regularization terms us-
ing a third-party reference dataset, yielding a task-agnostic
training scheme. Second, instead of distilling from a single
teacher—student pair, we sample their weights along the lin-
ear path connecting the pre-trained weights to their current
values during optimization. This along-path distillation
exposes the student to an ensemble of linearly interpolated
teachers, enabling a richer approximation of the linearized
dynamics and promoting the transfer of linear behavior.

We empirically show that task arithmetic does not require
strict linearization, but rather localized and approximately
linear update directions. These properties yield a model
that preserves the composability of linear fine-tuning while
benefiting from the expressivity of standard training; as a
result, the student outperforms its teacher. Finally, DELTA
achieves strong performance across vision and language
benchmarks and can be applied to generative LLM settings.

2. Background

Notation. Let f : X x © — R? be a neural network
with L layers, mapping inputs € X C R” and weights
# € © C RP” to an intermediate representation in R
The final task output is obtained via an additional linear
transformation ¢ : R — Y C R, with the overall
model given by ¢(f(x;0)). We consider a collection of T’
downstream tasks, where each task ¢ is defined by a triplet
(Dy, e, f): a data support Dy C X, an input distribution
e with supp(p¢) = Dy, and a target function f; : Dy — ).

Task vectors. For each task ¢, the model is fine-tuned
on D, starting from the pre-trained weights 8y, yielding
task-specific parameters 6;. The update of the pre-trained
model to task ¢ can be represented through the correspond-
ing task vector T; := 0y — 0. Task arithmetic (TA) (Ilharco
et al., 2022a) posits that these vectors can be combined via
simple linear operations in parameter space to edit model
functionality. Task addition constructs a multi-task model
by linear}y combining task vectors, resulting in parameters
0o + >, ayT¢. Task negation aims to forget a task by
subtracting the corresponding task vector from 6.

A property key to task arithmetic is weight disentanglement.

Definition 2.1 (Weight disentanglement — informal). A set
of task vectors {7;}7_, is disentangled if, for each task ¢,
applying 7, induces negligible changes in the predictions
for inputs outside the support of task ¢. In this case, the func-
tion f can be decomposed into a sum of spatially localized
components vanishing outside a given region.

Linear fine-tuning. Ortiz-Jimenez et al. (2023) empiri-
cally demonstrated that linearized neural networks ex-
hibit stronger disentanglement than standard non-linear fine-
tuning, with improved task arithmetic performance. For-
mally, a linearized model fji,(z; 0) is defined via a first-
order Taylor expansion around pre-trained parameters 6g:

fin(x; 0) = f(2;00) + Jo f(2;60)(0 — 6), (1)

where Jg f(x;6p) € R?F denotes the Jacobian of the
model prediction at input & evaluated at 6.

Regularization in linearized models. Prior work (Yoshida
et al., 2025; Porrello et al., 2025b) showed that even lin-
ear fine-tuning admits residual interference between task
vectors. A key advantage of the linear regime, however,
is that such interference can be analyzed in closed form,
a property unavailable under standard fine-tuning. In fact,
given an example x from the dataset D;, we can compute
the representation drift, i.e., the change of the last layer
activation when editing the model with the task vector 7:

Ao (®) = ||zee — 2[5 o |Jo f (;60) T |5, (2)

where z; = fiin(2;00 + a7;) and z; ¢ = fiin(x; 00 +
a1+ aTy) denote the last-layer representations of & before
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Table 1. Comparison of training regimes for task arithmetic.

Non-Linear Linear Distilled

FT FT (ours)
Task arithmetic X v v
Curvature-aware reg. X v v
Robustness to scaling « X v v
Expressivity 4 X v
Efficiency (inference) v X v
Efficiency (training) 4 X X

and after the addition of 7/, respectively. This analytical
characterization of interference is exploited by Yoshida et al.
(2025) to introduce a regularizer that explicitly penalizes
representation drift in linearized models. While effective,
this approach requires direct access to the training data of
external tasks, which is often restricted by privacy or storage
constraints in decentralized settings.

In this respect, Porrello et al. (2025b) showed that the depen-
dence on external task data can be avoided by leveraging the
generalized Gauss—-Newton (GGN) matrix (Schraudolph,
2003; Martens, 2020), a tool widely used in the curvature-
aware optimization literature. Under this lens, for linearized
models, the representation drift on examples from an exter-
nal dataset D, has a closed-form quadratic expression:

Laiee (81) < (0 — 00) "' G1(80)(0y — 6p).  (3)

Here, G(6)) = ﬁ > wep, Jof(T; 600) " Jo f(w; 6p) is
the GGN matrix computed on the dataset D,, which, once
pre-computed, does not require further access to task data.
Since the full GGN matrix is intractable — it scales quadrat-
ically with the number of parameters — Porrello et al.
(2025b) resort to Kronecker-Factored Approximate Curva-
ture (KFAC) (Martens & Grosse, 2015) — for a tutorial
covering both theory and implementation, see Dangel et al.
(2025). KFAC approximates the GGN with a block-diagonal
structure, where each layer [ is represented as a Kronecker
product A' ® G', with A! and G! denoting the Gram matri-
ces of the input activations and output gradients, respectively.
Notably, incorporating the KFAC approximation into Eq. (3)
enables dataless optimization, as it requires models to share
only the Kronecker factors A!, G' rather than raw data.

2.1. Discussion and Limitations

To sum up, linearized models offer several advantages for
task arithmetic. In particular, they naturally yield task vec-
tors with improved weight disentanglement (Ortiz-Jimenez
et al., 2023) and admit an exact, closed-form characteriza-
tion of task interference (Yoshida et al., 2025). This latter
property enables the design of dataless regularizers that
minimize representation drift through curvature-aware ap-
proximations. Finally, linearized models have also been

observed (Porrello et al., 2025b) to be more robust to the
choice of scaling coefficients {a; }7_,, a property that may
facilitate deployment without requiring extensive tuning of
scaling parameters on a held-out validation set.

Despite these advantages, the linear regime also presents
notable limitations. Its reliance on Jacobian-vector prod-
ucts (Eq. (1)) incurs substantial overhead, doubling the cost
during both training and inference (see Sec. A). Second, con-
straining the model to remain on the tangent plane around
the pre-trained parameters limits expressivity, potentially
leading to inferior performance on individual tasks.

Taken together, the drawbacks of the linear regime sum-
marized in Tab. 1 could hinder its practical deployment in
many settings. Hence, our work positions itself in this direc-
tion: retaining the inference-time efficiency and flexibility
of non-linear fine-tuning, while inducing learning directions
compatible with task arithmetic and model merging.

3. Proposed Method: DELTA

Building on the discussion in Sec. 2.1, we seek a training
strategy that operates in the standard non-linear setting while
retaining the favorable properties of linearized models. To
this end, we rely on knowledge distillation (Hinton et al.,
2015) and propose DistillEd Linearized Task Arithmetic
(DELTA)': we train a model via conventional fine-tuning
while encouraging it to match the activations of a curvature-
regularized linearized model, which serves as its teacher.

The key hypothesis is that mimicking the activations of such
a teacher biases optimization toward solutions in parameter
space that exhibit similar behavior in the student, including
linearity to weight perturbations and enhanced weight disen-
tanglement. This is corroborated by Fig. 2: compared with
conventional non-linear fine-tuning, ours greatly reduces
the disentanglement error (Ortiz-Jimenez et al., 2023)

§(an,02) = 37 B, | dist ((/(23600 + army)),
o(f(x;00 + 111 + 0427'2)))}, “4)

i.e., the discrepancy between the predictions of merged and
individual models, with dist(y1, y2) = 1{y1 # y=2}.

3.1. Teacher-Student Training Setup

Foreach taskt = 1,...,T, we consider two models built
upon the same pre-trained initialization 6,: a non-linear
student f(x; @;) and a linearized teacher fi;, (; 87 ). The
teacher corresponds to the first-order linearization of the
model around 0 (see Eq. (1)), while the student operates in
the standard non-linear regime. We define the corresponding
task vectors as 7,5 = 07 — 0y and 71 = 07 — 6,.

! https://github.com/apanariello4/merge-and-rebase.
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Figure 2. The heatmaps show the disentanglement error (Ortiz-Jimenez et al., 2023) of a non-linear CLIP ViT-B/32 (left) and the non-linear
distilled student (right) on several task pairs. The light regions denote areas of the weight space where weight disentanglement is stronger.

Online feature-level distillation. The two models are
trained jointly in an online fashion, eliminating the need
for separate training stages and yielding a single, unified
optimization process. Furthermore, distillation is enforced
directly in the feature space: concretely, we align the acti-
vations of the last hidden layer before the final projection
head, encouraging the non-linear student to match the linear
representations produced by the teacher. As a distillation cri-
terion, we adopt a mean squared error (MSE) loss between
teacher and student features, which will later be generalized
to a novel proposed along-path distillation objective.

In the following sections, we detail the loss functions ap-
plied to the teacher (Sec. 3.2) and the student (Sec. 3.3).

3.2. Training the Linearized Teacher

As in standard distillation frameworks, the linearized teacher
is first trained to solve the task under consideration. Ac-
cordingly, its most immediate learning signal is the task loss
itself (e.g., cross-entropy for classification). However, to
act as an effective teacher in the context of task arithmetic,
we promote weight disentanglement through curvature-
aware regularization. As discussed in Sec. 2, operating in
the linear regime enables explicit, closed-form control of
representation drift, thereby encouraging task-specific up-
date directions that are well separated and suited for task
arithmetic. We can thus summarize the twofold objective of
the teacher as a composite loss £7 (X'; 87, defined as:

Teacher loss

Lcr (X5 0]) + B Laiee (67)
—_——

Task loss

————
Drift Eq. (6)

where X := {(z;, f7(x;))} 2., denotes a batch of B exam-
ples sampled from task ¢ and 37 is a hyperparameter.

Curvature-Aware weight disentanglement. As discussed
in Sec. 2, prior work (Porrello et al., 2025b) minimizes rep-
resentation drift (Yoshida et al., 2025) via a KFAC approx-

imation of the generalized Gauss-Newton (GGN) matrix.
This strategy, however, requires access during training to
the KFAC factors of all other tasks to be merged. As a con-
sequence, it assumes that the full set of tasks is known a pri-
ori, which constitutes a severe limitation in realistic settings.
Moreover, when a new task is introduced after training, all
previously learned task vectors must be retrained to restore
disentanglement with respect to the newly introduced task.

To overcome this limitation, we aim to promote disentan-
glement in a more task-agnostic manner, producing task
vectors that are disentangled with respect to any potential
input distribution rather than a fixed and predefined set of
tasks. To this end, we hypothesize that disentanglement
can be achieved by regularizing on a proxy dataset that is
sufficiently large and diverse to approximate the underlying
data manifold. Concretely, we pre-compute a single, shared
curvature matrix on a reference dataset Dg,. This dataset
is intended to capture a broad range of input distributions
spanning many possible downstream tasks. Specifically, for
vision tasks we estimate curvature on ImageNet-21k (Deng
et al., 2009; Ridnik et al., 2021), using a randomly sam-
pled 15% subset of the original training set. For textual
tasks, we instead rely on the C4 corpus (Raffel et al., 2020),
employing 10° randomly sampled examples?.

By regularizing each task vector against the curvature ma-
trix derived from the reference dataset Dg, we encour-
age updates that avoid parameter directions likely to be
relevant for other tasks. To obtain a precise estimate of
the curvature induced by Dq, we adopt the Eigenvalue-
Corrected Kronecker-Factored Approximate Curvature (EK-
FAC) (George et al., 2018), which provides a more accurate
approximation of the GGN than standard KFAC. While
KFAC approximates the GGN as a Kronecker product of
two second-moment matrices, A! ® G*, EK-FAC further
refines this approximation by explicitly modeling the eigen-
values of the curvature in the Kronecker-factored eigenbasis.

2See Sec. C in the appendix for an ablation on the sensitivity
to the choice of the reference dataset Dq.
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With EK-FAC factors pre-computed on Dgq, the representa-
tion drift for any task vector 7 can be minimized via

L
T
Larin(60) = Y (6} — 8)) GGONbye (6} — 6)). (6)
=1

where GGNpy pac = (U4 @ UL) SH (UL @ UL) T denotes
the EK-FAC approximation of the GGN; here, U 114 and U, é
are the Kronecker-factored eigenbases and S' the diagonal
matrix of corrected eigenvalues.

3.3. Training the Non-Linear Student

We train the student model f(z; 8) in the conventional non-
linear fine-tuning regime. As detailed in Sec. 3.1, transfer
is performed in an online fashion, with the two models
learning simultaneously. The resulting student loss is:

Lcg (X 9,55) + 8% Larite (etS) +7 Lxp (X; ets) ™
N———

Task loss Drift Eq. (6) Transf. Eq. (8)

The last term corresponds to a tailored modification of
the standard MSE-based distillation objective, which trans-
fers intermediate representations along the teacher’s tra-
jectory (see next paragraph). Finally, we emphasize that
feature-level distillation constrains the student to operate
close to a linear regime. In this setting, curvature-aware
regularization is well defined; accordingly, we incorporate
an EK-FAC-based penalty into the student loss in Eq. (7),
i.e., Larit (OtS ) computed from the GGN on the reference
dataset Dq, to further promote weight disentanglement.

Along-Path Knowledge Distillation. Rather than distilling
a single teacher model fii,(x; 07), we further exploit its
linear structure and perform distillation over a continuum
of teacher models, each obtained by interpolating the task
vector along the linear path originating from the origin 6.
The Along-Path Knowledge Distillation (APKD) loss is:

| B
EZHJC(«’%@O +atf)

i=1

Lxp(X;07) =Eari(0.5,1)

*SG[flin(OEi;aowLOthT)]H; 3

In practice, we approximate the expectation by sampling
a single a ~ U(0.5,1) per optimization step and using
the corresponding teacher fii,(x; 00 + a7l). Also, in
Eq. (8), gradients are prevented from propagating through
the teacher via the stop-gradient operator SG[-|. This along-
path distillation objective encourages the student to inherit
the inductive bias of the linearized model not at a single
point, but along the linear path between 6, and 87 = 6, +
7', yielding representations robust to rescaling.

4. Experiments

Vision tasks. We evaluate our method on two multi-task
image classification benchmarks. First, we test DELTA on
the standard 8-Vision benchmark (Ilharco et al., 2022a),
which comprises eight heterogeneous visual classification
tasks. To assess scalability to larger task pools, we further
evaluate on the 14-Vision benchmark (Gargiulo et al.,
2025), which extends the former with six additional vision
tasks, substantially increasing task diversity and difficulty.

Language tasks. Following (Porrello et al., 2025b), we
evaluate our framework on the 6—NLI benchmark (Stoica
et al., 2025), which comprises six Natural Language Infer-
ence datasets spanning diverse linguistic domains.

Backbones. For vision experiments, we use two variants
of CLIP (Radford et al., 2021), employing ViT-B/32 and
ViT-L/14 as visual encoders. For each task, we fine-tune the
visual encoder while keeping the text encoder frozen. For
language experiments, we adopt the T5-base model (Raffel
et al., 2020) as backbone for all 6-NL1I tasks. Unless oth-
erwise specified, all methods — both teacher and student in
our case — employ full fine-tuning as the learning strategy.

Metrics. Following the original setup of (Ortiz-Jimenez
et al., 2023), we employ absolute and normalized accuracy.
We further analyze the role of the rescaling coefficient a:
(i) fixing oy = o = 1 for all tasks, i.e., plain summation of
task vectors, and (ii) tuning « on a cross-task validation set.

4.1. Comparison with the state-of-the-art

We compare against a broad set of existing methods, in-
cluding both in-training approaches that mitigate task in-
terference during optimization and post-hoc strategies that
operate solely at merging time (after training).

Task Addition. Considering in-training approaches, we
first compare against Non-Linear Fine-Tuning (Ilharco
et al., 2022a) and Linear Fine-Tuning (Ortiz-Jimenez et al.,
2023), in which task-specific models are optimized inde-
pendently. Within the class of non-linear methods, we
evaluate TaLoS (Iurada et al., 2025) and Attention-Only
Fine-Tuning (Jin et al., 2025). The former identifies and
updates a sparse subset of parameters with low Fisher sen-
sitivity, while the latter fine-tunes only attention layers.
Within the class of linearized models, we compare against
TJp (Yoshida et al., 2025), a data-dependent regulariza-
tion method that minimizes representation drift. Finally, we
consider TAK (Porrello et al., 2025b), a curvature-aware
regularization method based on KFAC that reformulates the
penalty of TJp to avoid reliance on data from other tasks.

In Tab. 2, we compare our method with state-of-the-art in-
training approaches for task addition. Notably, in terms of
absolute accuracy, DELTA consistently achieves strong per-
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Table 2. Task Addition. Performance comparison against in-training merging methods. Abs. denotes the absolute accuracy, while Norm.
represents accuracy normalized by the accuracies of individually fine-tuned models.

8-Vision 14-Vision 6-NLI
Method o ViT-B/32 ViT-L/14 ViT-B/32 T5-Base
Abs. Norm. Abs. Norm. Abs. Norm. Abs. Norm.
Pre-trained — 48.4 — 65.0 — 57.8 — 61.7 —
Individual — 928 — 958 — 902 — 89 —
Linearized models
. o 1.0 774 880 880 948 737 834 760  92.9
Linear FT (Ortiz-Jimenezetal,, 2023) g o 709 998 880 948 767 870 764 935
. 1.0 850 974 909 983 853 97.0 825 100.0
7Jp (Yoshida etal., 2025) Best 85.6 982 9L.1 985 854 971 825 100.0
1.0 8.0 977 916 993 843 956 79.1 984
TAK (Porrello et al., 2025b) Best 86.1 97.8 91.6 993 847 960 795  98.8
Non-Linear models
. 1.0 320 329 453 475 156 16.6 420 49.7
Non-Linear FT (llharco etal., 20222) g o\ 755 904 845 897 689 761 782 916
1.0 533 597 461 508 335 373 617 724
TaLoS (lurada et al., 2025) Best 77.9 87.7 847 91.1 749 844 767  89.8
. 1.0 225 233 662 697 138 151 51.6 616
Attn. Only FT (Jin et al., 2025) Best 782 863 882 938 734 815 767 914
1.0 883 983 927 995 859 959 823 955
RECTRlG) Best 88.3 983 927 995 860 960 824 955

formance, outperforming all competing approaches across
settings, while remaining competitive in terms of normal-
ized accuracy. The comparison with non-linear methods
is particularly revealing: despite our model being fine-tuned
in a regime that is, in principle, non-linear, we observe
substantial gains over standard non-linear fine-tuning, with
improvements of up to approximately +15 absolute accu-
racy on ViT-B/32 in the 8-Vision setting. This result
highlights the impact of distillation from the linear regime,
an aspect we will further dissect in the following.

The gap with linearized methods narrows, yet our ap-
proach remains superior. Notably, this advantage comes
with improved inference-time efficiency and greater flexibil-
ity, as our method does not require access to task-specific
data such as 7Jp (Yoshida et al., 2025) nor KFAC statis-
tics (Porrello et al., 2025b) from other tasks.

Task Negation. We adopt the protocol introduced in (Il-
harco et al., 2022a) to forget a target task by subtracting
its task vector, and evaluate performance on both the tar-
get and a general control task. As shown in Tab. 3, on the
8—Vision benchmark with ViT-B/32, standard non-linear
fine-tuning starts from a target accuracy of 20.4% and a
control accuracy of 60.5%. In contrast, DELTA reduces the

Table 3. Task Negation. Unlearning performance on target versus
control (ImageNet-1K) tasks.

8-Vision 14-Vision
ViT-B/32  ViT-L/14 ViT-B/32

Method Targ. Cont. Targ. Cont. Targ. Cont.
Pre-trained 48.4 63.3 65.0 755 578 63.3
Linear FT 93 605 7.1 721 199 60.6
TJp 3.0 60.6 1.8 742 45 6038
TAK 28 615 32 736 56 609
Non-Linear FT 20.4 60.5 18.1 72.3 30.5 60.6
TaLoS 184 61.1 23.0 74.1 273 61.1
Attn. Only FT  16.7 60.8 179 73.3 27.2 60.9
DELTA (ours) 9.6 62.1 11.7 747 191 62.1

target accuracy to 9.6% while maintaining a high control
accuracy of 62.1% — outperforming both Attn. Only FT
and TaLoS. Notably, our method is outperformed by TAK
and 7Jp, which rely on the linear regime, suggesting that
this regime retains residual disentanglement that is more
effectively exploited in task subtraction than in addition.
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Table 4. LoRA-based Task Addition. Results using LoRA re-
parameterization with different merging techniques.

8-Vision 14-Vision
ViT-B/32 ViT-L/14 ViT-B/32
Method Abs. Norm. Abs. Norm. Abs. Norm.
Non-Linear FT 72.6 79.5 85.3 90.5 684 75.7
Linear FT 75.9 86.2 87.1 94.0 755 855
Iso-C 70.6 77.9 853 90.7 719 80.0
TSV-M 76.4 83.9 889 944 743 82.1
Core + Iso-C 73.6 81.2 874 93.0 723 80.0
Core+ TSV-M 779 85.6 89.1 94.6 74.5 82.5
DELTA (ours) 87.5 97.9 92.2 99.1 85.7 96.3
;O\SO* _AAAAAAAAAAAA Non-Linear FT
;: o004 —— Linear FT
g 601 - ® - ISO
3 H % #— TSV
S 40 | Y
2 Eg? | * CORE+ISO
< 8-Vision A— DELTA (Ours)

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 []

Figure 3. Sensitivity to the scaling coefficient in LORA merging.
Additional results are provided in Fig. 12 of Sec. D.

LoRA-based Task Addition. Our approach supports dif-
ferent parameterizations for the teacher and the student. In
particular, the teacher can be trained via full fine-tuning,
while the student relies on parameter-efficient methods such
as LoRA (Hu et al., 2022). This design allows the teacher to
explore richer task-specific directions in weight space, while
constraining the student to a low-rank, efficient subspace.

To further examine this, we compare the DELTA LoRA stu-
dent with three state-of-the-art model merging methods: Iso-
C (Marczak et al., 2025), TSV-M (Gargiulo et al., 2025), and
Core Space (Panariello et al., 2025). We remark that these
approaches operate post hoc, after standard fine-tuning, and
are thus conceptually different from ours, which acts during
training and directly produces disentangled task vectors.
Nevertheless, this comparison helps position DELTA rela-
tive to widely used merging techniques.

As shown in Tab. 4, our method outperforms existing ap-
proaches by a large margin. Moreover, the a-sweep sensi-
tivity analysis in Fig. 3 shows that, unlike most baselines
(except linear fine-tuning), our model is robust to rescaling
of the coefficient a used to scale the merged task vector.
This is particularly desirable when « cannot be tuned, e.g.,
in the absence of a validation set. Taken together, these
results suggest that in-training regularization can play a piv-
otal role in enabling effective fusion of low-rank updates.
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Figure 4. Histogram of the linearization error on 8-Vision.

5. Model Analysis

Sec. 4.1 showed that DELTA outperforms conventional fine-
tuning on Task Addition and Negation. Here, we investigate
the reasons behind these gains. We focus on two properties
learned by the student: the transfer of linearized behavior
and the emergence of support localization. We then assess
their relative contributions to task arithmetic performance.

Linearization error. We verify whether the student — de-
spite operating in a non-linear regime — exhibits linear be-
havior under weight perturbations. To this end, we define
the linearization error on a single example x as the discrep-
ancy between the average activation of perturbed models
and the activation at the mean weights 8° = % ST 67

1T 0
Gin(@) = |+, S(@:68) — f@:0%) . ©
This error is exactly zero in the linear regime; thus, a low
error indicates an effective transfer of linear behavior.

In Fig. 4, we report the distribution of this error across each
dataset of 8-Vision. We compare: (i) standard non-linear
fine-tuning, (ii) our student model without teacher distilla-
tion, (iii) our student model with distillation but without
curvature regularization, and (iv) our full method DELTA.
The histograms show that our full method achieves near-
zero linearization error, substantially reducing the discrep-
ancy relative to the non-linear baseline. Moreover, teacher
distillation is the primary driver of this effect: in terms of
linearization error, removing distillation leads to a larger
degradation than removing curvature regularization.

Support localization. Ortiz-Jimenez et al. (2023) showed
that strict linearity is not required for task arithmetic. In-
stead, the key condition is weight disentanglement (see
Sec. 2), whereby a task-specific update primarily affects
predictions on its own data distribution while leaving out-
of-domain representations largely unchanged.



Distilling Linearized Behavior for Effective Task Arithmetic

520 % 142

260 71 31 20

25 127 126 36

Cars196 DTD EuroSAT GTSRB MNIST RESISC45 SUN397 SVHN
2 379

E (0 0.0%) (n44.3%) (N19.2%) (N41.6%) (N4.2%) (n27.3%) (n20.8%)
gg 520 142 62 41 51 255 253 72

2

ﬂ 260 71 31 20 25 127 126 36

=

o

Z 4e-02  le-01  2e-01 9e-02 2e-01 3e-01 2e-02 2e-01 3e-01 5e-02 2e-01 4e-01 4e-02 2e-01 4e-01 5e-02 2e-01 3e-01 6e-02 1le-01 2e-01 2e-02 2e-01 4e-01
e 780 214 93 61 76 382 379 108

5 N 0.0% | (0 0.0%) (n20.5%) (n0.0%) (N'10.4%) (N 15.3%)
g 62 41 51 255 253 72

<<

=

-

[£3]

(=)

3e-04  2e-02  3e-02 9e-04 3e-02 6e-02 8e-05 4de-02 8e-02 le-04 Te-02

le-01 4e-05  9e-02

2e-01 2e-04 3e-02 6e-02 3e-04 1e-02 2e-02 8e-05 6e-02 le-01

{ [ Out-of-Domain Data

[ In-Domain Data

Overlap (N) }

Figure 5. Support Localization. Histograms of the activation MSE between the pre-trained and individually fine-tuned models. In our
method, the in-domain and out-of-domain distributions are markedly more separated, indicating stronger weight disentanglement.

To assess support localization, for each model ¢ we measure
the edit distance, i.e., the mean squared error (MSE) be-
tween pre- and post-fine-tuning activations, 5 || f(x; 6;) —
f(x;60)]3, on both in-domain training examples and out-
of-domain examples drawn from other tasks. As shown in
Fig. 5, our student exhibits stronger support localization
than conventional fine-tuning: in DELTA, the edit distance
is higher for in-domain examples while remaining near zero
on out-of-domain data, indicating a reversion to the pre-
trained model for those examples. Importantly, results in
Sec. D (Fig. 16) show that curvature regularization, rather
than distillation, is the primary driver of such localization.

With these results, we show that the student converges to
regions of parameter space that behave linearly and are task-
localized. This behavior is induced by an objective defined
in function space, which, perhaps surprisingly, leads to tan-
gible effects in parameter space. We conjecture that this
transfer from function space to parameter space arises be-
cause the objective keeps optimization near the pre-trained
model, where a first-order Taylor approximation remains
accurate. Furthermore, consistent with the simplicity-bias
perspective (Huh et al., 2024), distilling a linearized teacher
may drive optimization toward the simplest mechanism that
fits this behavior — i.e., solutions with approximately linear
responses to parameter perturbations.

Impact on task arithmetic. We analyze the relative contri-
butions of the two aforementioned properties to task arith-
metic. To this end, Fig. 6 reports per-task performance of
the merged model under varying configurations. As shown,
distillation from the linear regime alone yields a substantial
improvement over conventional fine-tuning. This highlights
a possible, more practical variant of our approach that re-
quires no curvature estimation while still delivering mean-
ingful gains. Similarly, applying curvature regularization
alone yields performance closest to our full method (though
still inferior), confirming that enforcing localized support is
the most critical condition for task arithmetic.

EuroSAT

ViT-B/32

Non-Linear FT

_ s DELTA
(wlo EK-FAC)

DELTA
(w/o teacher)

—A— DELTA (Ours)

SUN397

Figure 6. Impact on task arithmetic. Per-task accuracy of the
merged model under different configurations. Similar trends persist
for ViT-L/14 and T5-Base, as shown in Fig. 13 of Sec. D.

On Along-Path Knowledge Distillation (APKD). Unlike
conventional KD, our method distills knowledge from mul-
tiple models (Sec. 3.3), exposing the student to a continuum
of linearized, interpolated teachers, and promoting the trans-
fer of linear dynamics. To validate this, Fig. 7 reports the
linearization error when the teacher is fixed at « = 1 (i.e.,
without along-path sampling). As shown, fixing the teacher
increases this error across datasets, supporting our claims.
Furthermore, we evaluate how teacher sampling influences
performance via an a-sweep analysis, reporting in Fig. 8 the
accuracy of the merged model as a function of the rescaling
coefficient a. Especially on TS5, removing teacher sampling
leads to significantly less robust performance across « val-
ues, highlighting the key role of APKD in transferring the
robustness of the linear regime to task vector rescaling.

On expressivity. A somewhat surprising finding is that the
student consistently surpasses its linearized teacher in aver-
age accuracy after merging (see Fig. 9, left). We attribute
this to the greater expressivity of the non-linear regime,
which allows the student to better fit individual tasks than its
teacher. This is corroborated by Fig. 9 (right), which reports
per-task performance before merging for TS (additional
results are provided in Fig. 14 of Sec. D): the student out-
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Figure 8. Effect of APKD on robustness to a-sweep.

performs the linearized teacher on all individual tasks. This
suggests that DELTA does not merely replicate linearized
behavior; rather, the student operates in an intermediate,
quasi-linear regime that combines the capacity of the non-
linear regime with the disentanglement of the linear one.

Extension to Generative LLMs. Following Erdogan
(2026), we go beyond classification and investigate whether
task arithmetic can balance multiple preference dimensions
in LLMs — such as helpfulness and verbosity — in a control-
lable manner. Unlike methods such as Direct Preference
Optimization (DPO) (Rafailov et al., 2023), which collapse
multiple axes into a single scalar objective, task arithmetic
enables training models specialized along each preference
axis and combining them at inference time. This allows
trading off between objectives without further optimization.

We adopt LLaMA-3.2-1B-Instruct (Grattafiori et al., 2024)
and fine-tune two separate models using DPO on UltraFeed-
back (Cui et al., 2024) and HelpSteer2 (Wang et al., 2024)
for helpfulness and verbosity, respectively. The resulting
models are merged using the Affine-2 formulation (Erdogan,
2026): Omix = 0y + Thelp + A2Tvern- We fix the helpfulness
direction and sweep the verbosity coefficient Ay € [0, 5],
progressively favoring more concise responses. We assess
the mixed models using both reward scores (via a Mistral-
7B-based reward model) and pairwise preference accuracy.

We conduct a preliminary study by applying DELTA to
DPO - called Distilled DPO — using only distillation from
the linearized teacher, without curvature regularization. We
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Figure 9. Teacher-Student comparison. Left: Accuracy of the
merged models. Right: Accuracy of the single task fine-tunings.
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Figure 10. Multi-Objective Alignment in Generative LLMs.
Pareto frontiers of the trade-off between helpfulness and verbosity.

compare against: (i) DPO-Mixed, which optimizes a single
scalarized objective over the combined dataset; (ii) Non-
Linear DPO, and (iii) Linear DPO, which combine standard
and linear fine-tuning with task arithmetic, respectively. As
shown in Fig. 10, Distilled DPO closely matches the reward-
score Pareto frontier of Linear DPO, achieving a favorable
trade-off between helpfulness and verbosity while retaining
inference-time efficiency. In terms of preference accuracy,
our method surpasses both DPO-Mixed and Non-Linear
DPO, although it slightly trails Linear DPO.

6. Conclusions and Limitations

We show that linearized behavior can be transferred to ordi-
nary non-linear models, preserving the benefits of standard
fine-tuning while improving the composability of task vec-
tors. We describe two complementary effects: distillation
induces quasi-linear behavior under weight perturbations,
while curvature-aware regularization promotes support lo-
calization and reduces task interference. Together, these
properties yield models that are easier to compose, tune, and
deploy. Preliminary results further suggest that these princi-
ples can support controllable multi-objective alignment. The
main drawback is the training footprint (Sec. A): training
time increases by a factor of three, while memory usage dou-
bles compared to conventional training. Improving training
efficiency is an important direction for future work.
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Impact Statement

Model merging is often treated as a purely post-hoc oper-
ation applied to independently fine-tuned checkpoints. In
this view, users may download models from public repos-
itories, such as Hugging Face, without having controlled
their fine-tuning process. This work contributes instead to a
training-aware view of model merging, which applies to
scenarios where the same entity controls both fine-tuning
and merging. For instance, an organization may train a li-
brary of composable-by-design models specialized along
different behavioral axes and later combine them to provide
personalized models without further optimization. Similarly,
merging can be used for rehearsal-free continual learning,
where new capabilities can be incrementally added to a base
model by composing task vectors. In such settings, where
the entity performing merging also controls the training pro-
cess, restricting model merging to post-hoc procedures is
unnecessarily limiting: one can instead introduce in-training
regularization objectives that explicitly encourage learned
updates to be more composable.

In broader terms, this work may support the democratization
of Al by making task-specific model updates more modular,
reusable, and composable, thereby enabling rapid, low-cost
adaptation. Moreover, controllable composition of task
vectors may support more pluralistic AI systems, where
different capabilities, preferences, or behavioral axes can
be combined to better reflect diverse user and application
requirements. Furthermore, by improving task subtraction
over standard non-linear fine-tuning, DELTA may facilitate
machine unlearning. This is a relevant mechanism for com-
plying with data privacy regulations (e.g., the “right to be
forgotten™), mitigating systemic biases, and efficiently re-
moving toxic concepts from deployed models. Finally, by

10

preserving the inference-time efficiency of standard non-
linear fine-tuning, DELTA may make task arithmetic more
practical in resource-constrained settings.

More effective model editing and merging can be a double-
edged sword. The same mechanisms that allow benign
customization could also be used to combine unsafe capa-
bilities or weaken safety-relevant behaviors, increasing the
risk of proliferating harmful Al systems. If task vectors
encode undesirable, biased, or unsafe behaviors, improved
composability may make it easier to transfer or combine
such behaviors across models. In multi-objective alignment
settings, composing preference directions could provide use-
ful control, but may also produce unintended trade-offs if
the objectives are misspecified or insufficiently evaluated.

Moreover, DELTA introduces additional training-time cost
due to teacher—student optimization and curvature pre-
computation, with associated computational and environ-
mental considerations. On the other hand, this cost is in-
curred once during training, while the resulting student has
the same inference-time efficiency as a standard non-linear
model. Whether this trade-off is beneficial depends on the
deployment scenario: it is most favorable when a merged
model is reused many times or when avoiding linearized
inference substantially reduces serving cost.
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Appendix

The appendix is organized as follows:

* Sec. A provides an analysis of the computational footprint, including memory requirements, training overhead, and
inference costs.

Sec. B details the implementation of our methods, with separate discussions for the vision and text domains.
» Sec. C presents an ablation study investigating the robustness of our method to the choice of the reference dataset Dq,.

* Sec. D presents additional experiments and extended evaluations.

A. Computational Costs

Table 5. Comparison of training and inference costs across different methods and architectures. Training time is measured in ms/iteration
(forward + backward). Note that at inference, our method employs the non-linear student architecture, matching its efficiency.

Training Inference

ViT-B/32 ViT-L/14 ViT-B/32 ViT-L/14

Mem Time Mem Time Time Mem Time Mem
(GB) (ms) (GB) (ms) (ms) (GB) (ms) (GB)

Linear FT 10.8 497 34.3 1914 320 3.33 1152 9.36
Non-Linear FT 7.7 223 26.2 988 160 3.03 364 8.27

DELTA (ours) 153 876 544 3562 160 3.03 364 8.27

Method

In this section, we detail the memory footprint, training time, and inference costs associated with our approach.

Training overhead and memory footprint. The training process involves the joint optimization of both the student and
teacher models. In Tab. 5, we report the training speeds. Our approach requires forward and backward passes through both
models, which are executed concurrently. As a result, the training time is approximately three times that of the non-linear
fine-tuning regime, representing a practical limitation of our approach.

Regarding peak GPU memory usage, our approach requires approximately 1.5-2x the memory of standard linear fine-tuning
and approximately 2 x that of standard non-linear fine-tuning, as detailed in Tab. 5.

It is important to note that these measurements reflect a baseline implementation without any specific memory optimizations.
The training footprint can be substantially mitigated in practice: since the backward passes of the student and teacher
models are independent, either model can be offloaded from the GPU. Additional savings can be achieved by restricting
fine-tuning to a subset of layers or by integrating parameter-efficient fine-tuning (PEFT) strategies, such as LoRA. Moreover,
the distillation and curvature-regularization terms could be applied only periodically, rather than at every optimization step,
or activated only after an initial phase of fine-tuning, further reducing training time.

Inference costs and deployment efficiency. The increased training requirements represent a one-time cost in the lifecycle
of the resulting models. At deployment time, this cost is amortized by the efficiency of our merging pipeline.

As reported in Tab. 5, the distilled non-linear student model achieves significant latency improvements during a forward
pass compared to the linearized teacher model. Measured on a single A100 GPU, the student model yields a 2x speedup on
ViT-B/32 and a 3.2 speedup on ViT-L/14, alongside a reduction in peak memory usage. The computational overhead of the
linearized model primarily stems from the computationally expensive Jacobian-vector products required during inference,
which our distilled student model circumvents entirely.

Ultimately, our approach enables highly scalable model composition via simple task arithmetic. It completely bypasses the
need for complex, post-hoc procedures (e.g., SVD-based methods) or expensive linearization operations at deployment.
This efficiency is particularly advantageous when merging large-scale models, where traditional SVD methods become
prohibitively expensive and must be repeatedly re-computed for different weight configurations. By resolving these
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Algorithm 1 DistillEd Linearized Task Arithmetic (DELTA2)

Input: Pre-trained initialization 6, target task ¢, reference dataset Dg,, hyper-parameters 8T, BS s Y M
Pre-computation: Compute EK-FAC curvature matrices (GGN factors U 154, Ulg, S%) on the reference dataset Dg
Initialize linearized teacher 8] < 6, and non-linear student 8, < 6,
Define task vectors: 71 < 07 — 0y and 7% < 07 — 6,
while training not converged do
Sample a batch X = {(x;, y;)}2 ; from task ¢
Sample interpolation scalar o ~ U/(0.5,1)
EﬁD — % Zil ||f(a:1, 0o +at’) — SG[fhn(a:i; 0o + on‘tT)] ||§
LT« Lop(X;07) + BT Lavie (07)
L5+ Leg(X;07) + B Laiee (07) + vLxp(X;67)
o0 + oF — nVGtTLT
07 «— 07 — nvgtsﬁs
end while

bottlenecks, our framework effectively supports dynamic settings — such as pluralistic alignment — where model compositions
must be efficiently adjusted on-the-fly at inference time to match varying user preferences.

B. Implementation Details

This section details the datasets and implementation specifics used in the experiments presented in the paper. The overall
training procedure is summarized in Alg. 1. The code for replicating our method is available at https://github.com/
apanariello4/merge—and-rebase (Panariello et al., 2026).

Vision domain. We evaluate our framework on the 8—=Vision benchmark (Ilharco et al., 2022a) which comprises eight
heterogeneous image classification datasets: Stanford Cars (Krause et al., 2013), DTD (Cimpoi et al., 2014), EuroSAT (Helber
et al., 2019), GTSRB (Stallkamp et al., 2011), MNIST (LeCun et al., 2002), RESISC45 (Cheng et al., 2017), SUN397 (Xiao
etal., 2016), and SVHN (Netzer et al., 2011). The 14-Vision benchmark (Gargiulo et al., 2025) serves as an extension for
scalability analysis, incorporating six additional classification datasets: CIFAR100 (Krizhevsky et al., 2009), STL10 (Coates
etal., 2011), Flowers102 (Nilsback & Zisserman, 2008), Oxford-IIIT Pet (Parkhi et al., 2012), PCAM (Veeling et al., 2018),
and FER2013 (Goodfellow et al., 2013).

For training vision task vectors, we followed the setup of previous works (Ilharco et al., 2022a; Ortiz-Jimenez et al., 2023;
Yoshida et al., 2025), adopting a batch size of 128. We used the AdamW optimizer (Loshchilov & Hutter, 2017) with a
learning rate of 1 x 10~°, weight decay of 0.1, and a cosine annealing learning rate scheduler. For TAK (Porrello et al.,
2025b), we follow the original paper and use a learning rate of 3 x 10~%. Unlike prior approaches, we did not apply gradient
clipping during training. We weight the regularization terms in the losses Eq. (5) and Eq. (7) by 87 = 5 = 500. The
distillation loss term in Eq. (7) is weighted by v = 1.0. We grid the coefficient « in (0; 1] for task addition and in (0; 2] for
task negation.

Language domain. Natural Language Inference (NLI) experiments are tested on the 6—NLI benchmark (Stoica et al.,
2025), which includes six datasets: SNLI (Bowman et al., 2015), MultiNLI (Williams et al., 2018), SICK (Marelli et al.,
2014), which are three-way classification tasks where the relation between a premise and a hypothesis must be identified as
entailment, contradiction, or neutral. In contrast, SciTail (Khot et al., 2018), RTE (Wang et al., 2018), and QNLI (Wang
et al., 2018) are binary entailment tasks, and therefore fine-tuning and evaluation are restricted to two labels.

For training language task vectors, we adopted a batch size of 128, using an AdamW optimizer (Loshchilov & Hutter, 2017)
with a learning rate of 3 x 10~%, an iteration-based cosine-annealing scheduler and a weight decay of 0.01. Like in vision
tasks, we did not apply gradient clipping during training. The regularization term in the losses Eq. (5) and Eq. (7) is set to
BT = 35 = 20 and the distillation loss term in Eq. (7) is weighted by v = 0.01.
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Table 6. Robustness to the choice of Dgq. Performance comparison across Vision and Text modalities when different reference datasets
are used for our regularization technique. Abs. denotes the absolute accuracy, while Norm. represents accuracy normalized by the
accuracies of individually fine-tuned models.

Method « Accuracy
Method a Accuracy Abs.  Norm.
Abs.  Norm. Text (T5-Base)
Vision (ViT-B/32) Non-Linear FT 1.0 42.0 49.7
NonLincar FT 1.0 32.0 32.9 Best  78.2 91.6
Best 735 804 DELTA 1.0 823 955
DELTA 1.0 88.3 98.3 Reg. C4 (Ours) Best 82.4 95.5
Reg. ImageNet-21k (Ours) Best 88.3 98.3 DELTA 1.0 80.3 93.4
DELTA 1.0 87.5 96.0 Reg. PAWS Best 81.3 92.3
Reg. ImageNet-1k Best  88.0 97.3 DELTA 1.0 81.6 93.4
Reg. QQP Best  82.0 94.0

C. Ablation of the reference dataset Dg,

To investigate the robustness to the choice of the reference data D, Tab. 6 evaluates how varying the dataset used for
curvature estimation affects performance. Specifically, we substitute ImageNet-21k with the smaller ImageNet-1k (Deng
et al., 2009) for vision tasks, and replace the broad C4 (Raffel et al., 2020) corpus with smaller datasets, such as PAWS (Zhang
et al., 2019) and QQP (DataCanary et al., 2017), for language tasks. As shown, while the choice of reference dataset has a
measurable impact, the overall performance remains highly robust. In all cases, the student model maintains state-of-the-art
results, outperforming all competing methods from Tab. 2 across nearly all evaluation settings.

D. Additional experiments.

Weight Disentanglement. In Fig. 11, we extend our evaluation and include Attention-Only Fine-Tuning (Jin et al., 2025), as
well as Linear Fine-Tuning (Ortiz-Jimenez et al., 2023). This comparison demonstrates that DELTA achieves a significantly
lower disentanglement error compared to all other evaluated fine-tuning techniques.

Sensitivity to the scaling coefficient. Fig. 12 reports the merged models’ sensitivity to the scaling coefficient, extending
our analysis to ViT-L/14 on the 8-Vision benchmark and ViT-B/32 on the 14-Vision benchmark. While the peak
accuracy of competing methods is occasionally comparable, DELTA consistently achieves higher overall accuracy across all
architectures and benchmarks. Crucially, our method uniquely maintains robust performance across the entire a-sweep,
effectively eliminating the need for an « grid search.

Impact on Task Arithmetic. In Fig. 13, we analyze the contribution of each loss component to per-task accuracy, extending
our evaluation to ViT-L/14 on the 8-Vision benchmark and T5-Base on the 6-NLI benchmark. Additionally, Tab. 7
reports the corresponding aggregate results, covering both task addition and task negation. In the task addition setting, the
vision results show that the curvature-regularization objective alone is already highly effective at improving final accuracy.
This effect is particularly pronounced for ViT-L/14, where linearization appears to play a more marginal role than in
ViT-B/32. A possible explanation is that, due to its larger width, ViT-L/14 may operate closer to an infinite-width training
regime, in which the first-order Taylor approximation remains accurate even along naturally non-linear training trajectories.
In the textual domain, instead, the results more clearly highlight the complementary role of the two objectives. In the task
negation setting, the complementarity between the two objectives becomes even more evident.

Student-Teacher comparison. Fig. 14 reports the single-task performance of the student versus the teacher before
merging. In addition to the TS5 results on the 6-NLI benchmark reported in the main paper, we extend this comparison
to ViT-L/14 on the 8-Vision benchmark, as well as ViT-B/32 on both the 8-Vision and 14-Vision benchmarks.
DELTA consistently outperforms its linearized teacher across all architectures and datasets. This confirms that the greater
expressivity of the non-linear regime is effectively exploited to learn richer representations, rather than simply mimicking
the teacher’s activations.
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Figure 11. Weight Disentanglement (Ortiz-Jimenez et al., 2023) for Non-Linear FT, Linear FT, Attention-Only FT (Jin et al., 2025) and
our distillation-based approach.
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Figure 13. Individual task performance. Accuracy of the merged model on each task, illustrating the impact of our distillation framework
across different architectures and benchmarks.

Table 7. Ablation on task addition and task negation. Left: loss ablation for task addition, reporting the mean absolute accuracy of the
merged model across architectures and benchmarks. Right: the same study for task negation, reporting unlearning performance on target

tasks and retention on control tasks (ImageNet-1K).

8-Vision 14-Vision
8-Vision 6-NLI
Method B/32 L/14 B/32
Method B32 L/14 T3 Targ. Cont. Targ. Cont. Targ. Cont.
Non-Linear FT 73.5 845 782 Non-Linear FT 20.4 60.5 18.1 72.3 30.5 60.6

DELTA (w/o EK-FAC) 81.1 89.6 78.5
DELTA (w/o teacher) 84.2 91.7 78.9

DELTA (w/o EK-FAC) 14.2 61.1 13.2 729 25.2 61.0
DELTA (w/o teacher) 16.8 62.4 19.0 749 253 62.2

DELTA (ours) 88.3 92.7 824
DELTA (ours) 9.6 62.1 11.7 74.7 19.1 62.1
ViT-B/32 ViT-L/14 ViT-B/32 T5-Base
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Figure 14. Student - Teacher comparison. Accuracy of the single task fine-tuning on the corresponding dataset
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Figure 15. Histogram of the linearization error with the ViT-L/14 backbone.

Linearization error. In Fig. 15, we plot the linearization error of our method on the ViT-L/14 backbone for the 8-Vision
benchmark. The results confirm that our full protocol achieves a near-zero linearization error, substantially reducing the
discrepancy relative to the non-linear baseline. Our analysis also reveals that teacher distillation is the core driver of this
alignment; without it, the linearization error degrades much more severely than when curvature regularization is omitted.

Support localization. Fig. 16 illustrates the impact of each individual loss component on the Mean Squared Error (MSE)
between the activations of the pre-trained and individually fine-tuned models. We replicate this analysis for the ViT-
L/14 backbone in Fig. 17. Consistent with the findings in our main text, these ablations confirm that DELTA achieves
stronger support localization than conventional Non-Linear FT. Specifically, the edit distance is substantially higher for
In-Domain Data while remaining near zero for Out-of-Domain Data, indicating a strict reversion to the pre-trained model
for out-of-distribution inputs.

Crucially, these supplementary results isolate the exact source of this phenomenon: ablating curvature regularization (DELTA
w/o Reg) severely disrupts this clean separation, whereas removing distillation (DELTA w/o Distill) largely preserves it.
This verifies that curvature regularization, rather than distillation, is the primary driver of support localization.
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Figure 16. Activation MSE Distributions. Extended histograms of the activation MSE between the pre-trained and fine-tuned models, as
defined in Fig. 5. Evaluated on the ViT-B/32 backbone, we compare our full DELTA protocol with its ablations (w/o Distill and w/o Reg)
alongside standard Non-Linear FT.
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Figure 17. Activation MSE Distributions on ViT-L/14. Histograms of the activation MSE evaluated on the ViT-L/14 backbone.
Consistent with the base architecture, the ablation of our loss components confirms that curvature regularization remains the primary
driver of support localization at scale.
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