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ABSTRACT

Pre-trained models are stepping stones for modern machine learning systems, but
how to efficiently extract, reuse, and steer their knowledge for new tasks is an area of
research with still several open questions. State-of-the-art Task Arithmetic solutions
are strongly tied to model linearization which leads to computational bottlenecks
during training and inference, and potentially neglect essential task dependencies.
In this work, we focus on the fine-tuning stage that defines task vectors and propose
TaLoS, a new approach based on sparse fine-tuning that strategically updates
only parameters expected to provide functional task localization. This efficiently
yields weight-disentangled models without the need for explicit linearization. We
present a thorough experimental analysis showing how our approach significantly
improves in training and inference efficiency while outperforming state-of-the-art
approaches in task addition and task negation. Our work offers a principled solution
to pre-trained model editing and paves the way to more cost-effective and scalable
machine learning systems for real-world applications.

1 INTRODUCTION

Pretrained models (Radford et al.l [2021}; [Raffel et al.| [2020; Brown et al., [2020) have become the
cornerstone of modern machine learning, demonstrating impressive capabilities in solving general
tasks and offering a wealth of reusable knowledge for downstream applications (Kirillov et al., [2023}
Touvron et al} [2023)). However, while these models excel in general domains, they often require
fine-tuning to achieve optimal performance on specialized tasks or to align with user preferences.

While the high computational cost limits the development of large pre-training models only to a few
privileged research groups, fine-tuning is becoming increasingly democratized, thanks to efficient
techniques enabling model customization on more affordable consumer GPUs. Consequently, a new
paradigm has emerged where large companies and institutions publicly release pretrained models,
empowering users to leverage, parameter-efficient fine-tuning (PEFT) (Hu et al., 2022; [Liu et al.|
2022;2024), sparsity (Ansell et al.| 2022} 2024), and quantization (Dettmers et al.,[2024)) to efficiently
adapt these models to their own data. This recent trend has fueled the growth of a rich ecosystem
of task-specific models, readily available on open platforms (Pfeiffer et al., 2020; [Poth et al., 2023),
fostering collaborative knowledge building by enabling users to share, reuse, and combine specialized
modules for personal use (Raffel, [2023)).

In this context, Task Arithmetic (Illharco et al., 2023) has emerged as a promising framework for
scalable and cost-effective model editing. By directly manipulating the model’s parameters, or fask
vectors, task arithmetic can induce functional changes such as combining functionalities, enhancing
performance on specific tasks, or even suppressing undesired behaviors. However, performing task
arithmetic in a decentralized and collaborative setting, where independently fine-tuned modules
are combined, presents significant challenges. One major challenge is the potential for unintended
interference between tasks (Yadav et al., 2023} |Wang et al.| 2024}, where the addition or deletion of a
functionality disrupts performance on previously learned tasks. This interference can arise when the
fine-tuning process modifies parameters that are crucial for other tasks, leading to unexpected and
undesirable changes in the model’s behavior.

To address this, Ortiz-Jimenez et al.|(2023) formalized the notion of task arithmetic and demonstrated
that weight disentanglement, where the model behaves as a composition of independently activated
localized components, is crucial for preventing interference. They further argued that explicit
linearization of the model during fine-tuning can preserve and enhance weight disentanglement, albeit
at the cost of increased computational overhead.
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In this work, we propose a novel approach that avoids the computational burden of explicit lineariza-
tion while still achieving robust task arithmetic. Our key insight is that sparse fine-tuning, that
selectively updates a small subset of the model’s parameters, can inherently induce linearized behavior
and promote weight disentanglement. We derive conditions for identifying the parameters that can be
safely updated while maintaining the model’s insensitivity to their changes on other tasks. Through
extensive empirical analyses and theoretical justification, we demonstrate that our approach effectively
promotes function localization, preventing interference between tasks and ensuring compatibility
between task vectors. This enables efficient and robust model editing through the simple addition and
subtraction of sparse task vectors, facilitating a more modular and collaborative approach.

We can summarize our main contributions as follows.

* We advance the field of task arithmetic by deriving a novel set of function localization constraints
that provide exact guarantees of weight disentanglement on linearized networks.

* We empirically observed that least sensitive parameters in transformer-based architectures pre-
trained on large-scale datasets can be consistently identified regardless of the task. We exploit this
regularity to satisfy the localization constraints under strict individual training assumptions.

* We introduce Task-Localized Sparse Fine-Tuning (TaLoS) that enables task arithmetic by jointly
implementing the localization constraints and inducing a linear regime during fine-tuning, without
incurring in the overheads of explicit network linearization.

Overall, our work addresses a critical gap in task arithmetic, providing a more complete and practical
framework for parameter-space model editing, targeting real-world applications.

2 RELATED WORKS

Sparsity & Parameter-Efficient Fine-Tuning. Model pruning and quantization are compression
strategies generally applied after training for efficient storage and inference of large models (Liang
et al.| [2021). Research on pruning at initialization has also highlighted that model sparsification
can be performed before training by searching for subnetworks (lottery tickets, |Frankle & Carbin
(2019)) that once trained can match the test accuracy of the original dense networks with a largely
reduced learning cost. More recently the attention has moved towards parameter-efficient fine-tuning
(PEFT) methods that reduce the number of trainable parameters that should be updated for adaptation.
Adapter layers (Houlsby et al., |2019) and prefix tuning (L1 & Liang, 2021) are among the most
used techniques together with low-rank adaptation (LoRA, |[Hu et al.| (2022)). The latter optimizes
rank decomposition matrices of the dense layers’ change during adaptation: it approximates model
updates while keeping the pre-trained weights frozen, thus fine-tuning the dense layers in a neural
network indirectly. Sparse masking approaches (Wortsman et al., [ 2020; Mallya et al.|[2018; Mallya
& Lazebnik, [2018; Havasi et al.,|2020) employ subnetworks for continual and multi-task learning
by leveraging sparsity. Other works, (Guo et al.l2021; Xu et al.| 2021}, explore sparse fine-tuning
strategies to improve training efficiency, often using the Fisher information matrix (Fisher, 1922
Amari, |1996)) for selecting important weights, as further explored by Sung et al.|(2021); [Ben Zaken
et al.| (2022). In contrast, |Liao et al.[|(2023)); Ansell et al.| (2024) focus on fine-tuning only the least
important parameters, aiming for minimal disruption of the original model. In the realm of sparse
weight addition, |Ansell et al.| (2022)); Panda et al.| (2024)) investigate adding sparse weights, providing
a flexible and complementary approach to model composition.

Model Merging. The goal of model merging is to combine multiple task-specific models into a single
multitask model without performing additional training. This can be obtained by merging techniques
that avoid negative interferences among the separately learned parameters. Even when dealing
with fine-tuned models initialized from the same pre-trained model, simple parameter averaging is
not enough: existing approaches search for tailored re-weighting schemes that however tend to be
computationally demanding. RegMean (Jin et al., |2023) solves a local linear regression problem for
each individual linear layer in the model that requires transmitting extra data statistics of the same
size as the model and additional inference steps. Fisher Merging (Matena & Raffel, [2022)) exploits
the Fisher information matrix that requires computing gradients with high memory costs. A recent
approach exploits extra unlabeled data to learn the model merging weights (Yang et al., |[2024).

Task Arithmetic. Task arithmetic (Ilharco et al., [2023)) has been recently introduced as a new
paradigm for editing models based on arithmetic operations over task-specific vectors obtained by
fine-tuning a fixed pre-trained model and then subtracting the pre-trained weights from the fine-tuned
ones. Such a definition of task vectors has been used also in the model merging literature with
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approaches that rely on various post-hoc heuristics to resolve overlap among redundant parameter
values and sign disagreements when merging (TIES, |Yadav et al,| (2023))), or after merging by
deactivating irrelevant model parts with binary masks (TALL-mask, |Wang et al.| (2024))). Other
approaches proposed to sparsify task vectors with either a random drop and re-scaling (Yu et al.|
2024)) or with masks that eliminate weight outliers (Davari & Belilovskyl [2024). However, task
arithmetic goes beyond model merging as it aims at adding to or deleting knowledge and capabilities
from a model in a modular and efficient manner. The goal is retaining and possibly improving
separate task performance while also performing unlearning when needed. Theoretical foundations
about the inner functioning of task arithmetic were offered by Ortiz-Jimenez et al.| (2023)), revealing
how the weight disentanglement that arises during pre-training is the crucial factor that makes it
effective. The authors of that work focused on the fine-tuning stage. Specifically, they proposed to
preserve the disentanglement property by linearizing the models and fine-tuning in the tangent space.
However, this solution is computationally expensive and may cause single-task performance drops
(Ortiz-Jiménez et al.| [2021]). To reduce the costs of linearization, |Tang et al.|(2024) proposed to use
linearized low-rank adapters during fine-tuning.

Our work fits in the context of task arithmetic and targets the fine-tuning stage that determines task
vectors by leveraging strategies from the pruning and sparse fine-tuning literature with the design of
a tailored parameter update selection criterion that promotes weight disentanglement.

3 BACKGROUND

Consider a neural network f with parameters @ € R™, pre-trained on a mixture of tasks P to obtain
parameters 6. We are interested in fine-tuning the pre-trained model f (-, 6y) on a set of 7" distinct

tasks, with associated non-intersecting task supports D = {UtT=1 D} C Dp (ie. Vi, t'if t # t' then
Dt n Dt/ = @)

In this setting, the core idea behind task arithmetic introduced inIlharco et al.|(2023)), is to represent
the knowledge acquired for each task t as a task vector 7, = 6; — 0y, obtained by subtracting
the initial parameters from the fine-tuned parameters. Intuitively, this vector captures the direction
and magnitude of change in the model’s weight space induced by learning task ¢. By manipulating
tasks via task arithmetic operations we can effectively add, combine, or remove knowledge in the
pre-trained model producing actual functional behaviors directly in the parameters space.

As formalized by |Ortiz-Jimenez et al.|(2023), a network f is said to satisfy the task arithmetic
property around 6y if it holds

T
) f(®,00+ 1) T €D
! (x’eo ’ ;am> - {f(za,eo) @ ¢ Ui o v

with scaling factors (a, ...,ar) € A C RT. This equation essentially states that adding a linear
combination of task vectors to the initial parameters 0y is equivalent to selectively applying each
task-specific modification to the model. In other words, the performance of the pre-trained model on
different tasks can be modified independently if the task vector 7 does not modify the output of the
model outside D;.

To satisfy the task arithmetic property, |Ortiz-Jimenez et al.| (2023) states that the model f must
exhibit a form of weight disentanglement with respect to the set of fine-tuning tasks, i.e., f should
behave as a composition of spatially localized components corresponding to functions that vanish
outside the task’s data support. EquationT|can be re-written as

T T T
I (m,@o + Z%ﬁ) = f(x,60p)1 (x ¢ U Dt> + Zf(w,@o +am)l(xeDy)  (2)

t=1 t=1 t=1

T
:90(50)4‘2%(33;%7'15) . (3)
t=1

where g;(z,oum) =0forx ¢ Dyandt =1,...,T, and go(x) = 0 for x € Uthl D;, capturing the
base behavior of the pre-trained model on inputs outside any of the task support.

Previous works (Tang et al., [2024; |Ortiz-Jimenez et al., [2023)) have sought to achieve task arithmetic
by focusing on linearized neural networks (Ortiz-Jiménez et al.,[2021)), as they explicitly constrain
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Figure 1: Pruning parameters with low sensitivity. The heatmaps illustrate the effect of pruning the
parameters with the lowest sensitivity (measured by E,cp, [|[Ve f (2, 8)|]) on different tasks across
various pre-trained models. Each grid compares the accuracy ratios for models after pruning, with
the rows representing the task D; used to identify the parameters with the lowest sensitivity and the
columns showing the model’s performance on each task after pruning those parameters. The accuracy
ratios are normalized by the model’s performance before pruning. The sparsity ratio (10%) was found
as the maximal sparsity that minimally influenced the model’s output on the mask calibration dataset.

f to be represented as a linear combination of functions. Specifically, the linearization of f can be
achieved by its first-order Taylor expansion centered around 6:

f(x,00 + aimi) =~ fin(x, 00 + um) = f(x,00) + oy, Vof(x,6). 4)

The model fy;,(x, g + 7) represents a linearized neural network. For this type of networks, when
combining together multiple task vectors, it holds

T T
fin | @00+ > cvmi | = f(2,00) + Y air Vof(a, ). )
t=1

t=1

While Equation [5] appears to closely resemble the weight disentanglement condition presented in
Equation this similarity is superficial unless each term o7, VO f (2, 8) corresponds to a function
that vanishes outside its task data support (i.e. it is localized within D;). In the following, we will
demonstrate how to efficiently impose a condition of function localization.

4 TASK-LOCALIZED SPARSE FINE-TUNING

To formalize the condition of function localization for task arithmetic, we begin by revisiting the
linear approximation of f used in linearized fine-tuning. For Equation [3] to satisfy the weight
disentanglement conditions in Equation (3} we must ensure that ‘rtT Ve f(x, ) is active (non-zero)
only for inputs within the corresponding task support, i.e., € D;. This requirement can be expressed
as a set of constraints:

V& € Dyy, 7, Vof(z,00)=0. (6)

They ensure that when updating the model’s weights to learn task ¢, this does not affect how the
model processes data from other tasks. To understand this intuitively, remember that Vg f(z, 6)
measures how much each parameter influences the model’s output for a given input &. Parameters
that have a strong impact on the model’s output should remain close to their initial values, so to
prevent them from affecting other tasks when combined linearly.

A direct implementation of Equation[f]poses a significant practical challenge. Enforcing the constraint
Vx € Dy requires access to data from all other tasks (¢’ # t) during the fine-tuning process for task t.
However, this data is typically unavailable in realistic scenarios.

To solve this issue, we exploit the fact that the pre-trained model has already been exposed to a
diverse set of tasks, including those similar to the T tasks we are considering. This is consistent with
our initial assumption that D = {UtT:1 D;} C Dp. Under this assumption, we hypothesize that it is
possible to efficiently constrain the fine-tuning of the parameters on task ¢ and prepare the model for
task arithmetic by using D; alone.

Function localization under individual training constraints. We hypothesize that pre-trained
models obtained on a large corpus of data exhibit shared structure across seemingly distinct tasks and
this is reflected in the sensitivity of certain parameters to multiple tasks. We empirically confirm this
observation by analyzing the pre-trained model’s gradients on each task ¢ and found that parameters
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that have low impact on the network’s output, where Va € D;, Vg, f(x,60) ~ 0forj € 1,...,m,
are consistently shared across tasks.

To demonstrate this phenomenon, we conduct a pruning experiment, illustrated in Figure[I} We first
identify the parameters with the lowest Vg, f(x, 8y) using data only from task ¢. We then prune
these parameters from the network and evaluate its performance on all tasks, including ¢ and other
tasks ¢’ # t. The results show that the pruned model retains its zero-shot performance across all tasks,
indicating that seemingly unimportant parameters for task ¢ are also not crucial for other tasks and
they can be effectively identified independently on the specific task (further validation and discussion
of these findings in Appendix [A.7).

This observation has important implications for achieving function localization as it allows us to
estimate the parameters satisfying constraints for task arithmetic in Equation[6|by simply using data
from the available task ¢. Hence, to prevent interference between tasks and enable task arithmetic,
we propose a selective Task-Localized Sparse Fine-Tuning, (TaLoS) a procedure through which we
constrain the parameters with the largest Vg, f(x, 69) to remain constant and update the only the
ones where Vg, f(x, 8y) ~ 0. This effectively prevents significant changes to the parameters that are
highly sensitive to multiple tasks. By fine-tuning only the remaining parameters, we can adapt the
model to the new task while minimizing the risk of interference when performing task arithmetic.

To implement our sparse fine-tuning process, we introduce a binary mask ¢ € {0, 1}" that controls
which parameters are updated during fine-tuning. This mask allows us to modify the update rule of
any gradient-based optimization algorithm (e.g. SGD) to selectively update only certain parameters.
Specifically, at each ¢-th iteration, the update rule becomes:

00 =601 —1[c® VoL (f(,0"7),y)], ™
where 7 is the learning rate, £ is the loss function, and ® represents the element-wise product.

To achieve function localization, we want to selectively update the elements of T corresponding to
parameters that have minimal impact on the model’s output for other tasks. As discussed earlier, these
are the parameters with gradient components close to zero in Vg f (x, 8y). Therefore, we calibrate
the mask ¢ using the score s = Epep,[|Vo f(x,0y)|] € R™, which reflects the average sensitivity
of each parameter to the input data. Using the indices of the k& least sensitive parameters according
to s, we set the corresponding elements in c to 1, allowing these parameters to be updated during
fine-tuning. The remaining elements in c are set to 0, effectively freezing those parameters. Note
that the estimation of ¢ may be susceptible to gradient noise (Tanaka et al.}[2020). Thus, we follow
standard Pruning-at-Initialization practices (lanaka et al.,[2020) and iteratively refine ¢ in multiple
rounds (we provide full details of TaLos, alongside its pseudocode in Appendix [A-2). This strategy
ensures that we fine-tune the parameters that are least likely to cause interference between tasks,
promoting function localization and enabling task arithmetic.

This construction ensures that the contribution of the fine-tuned parameters to the change in the
model’s output is bounded. Specifically, we have

maxle® (1, Vo (2,60 < lle® 7l maxle© Vol (z. 00| < K- )

Here, n = max.|Vg, f(z, 6y)| represents the magnitude of the k-th largest gradient component,
effectively capturing the maximum sensitivity of the fine-tuned parameters to input data, and u =
max; |c; O T, | represents the maximum change in any of the updated parameters during fine-tuning.
The inequality 8] provides an upper bound on the quantity that Equation [6aims to cancel to avoid task
interference, thus indirectly controlling the degree of function localization. By selecting a smaller
value of k, we reduce the number of parameters being updated and consequently lower this bound.
As detailed in Appendix [A-1] we tuned k at the task level, resulting in optimal sparsity ratios between
90% and 99%. Further ablations on the effect of k are reported in Appendix

Sparsity promotes linear behavior. As shown in Section [3] the constraints in Equation [6] are
derived under the assumption of linearized behavior, which is often achieved through explicit network
linearization |Ortiz-Jimenez et al.[(2023)) and can be computationally expensive. We highlight that our
sparse fine-tuning formulation inherently promotes linearized behavior without requiring explicitly
linearizing the network. This is observed when the change in network output post-training can be
accurately approximated by its first-order Taylor expansion (Malladi et al.|2023bj}, (Ortiz-Jimenez et al.|
2023)). Thus, explicit network linearization becomes unnecessary, reducing computational overhead
while maintaining the benefits of linearized fine-tuning. Mathematically, as ||6; — 6y]|* = || 7[> — 0

fla, 80+ 1) = f(x,00) + 7, Vo f(x,0) + O], ©
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Provided that the gradient updates of the unmasked parameters are similar in magnitude to the ones of
full fine-tuning, sparse fine-tuning naturally leads to a smaller ||7¢||? as it involves updating a limited
number of parameters relative to the overall size of the model (Yu et al.,[2024;|Yadav et al., 2023}
Ortiz-Jimenez et al.,[2023)). This inherent property of sparse fine-tuning increases the likelihood that
the linearization condition will hold, potentially rendering explicit network linearization unnecessary.
Indeed, we follow |Ortiz-Jimenez et al.| (2023)) to experimentally confirm this claim, as discussed in
Appendix [A-4] (see also Figure[6). As a result, the set of constraints in Equation[f]are applicable to
our method, without incurring the computational overhead of explicit linearization. Note that the
quality of the linear approximation can also be theoretically analyzed, as was demonstrated by several
studies in the neural tangent kernel literature Jacot et al.| (2018)); |Lee et al.|(2019);|Arora et al.[(2019);
Mei et al.|(2019).

5 EXPERIMENTS

Our experimental evaluation focuses on the established Task Arithmetic framework outlined by
Ilharco et al |(2022;2023)), specifically targeting Task Addition and Task Negation, encompassing both
language and vision domains. In the following we describe the baselines we compared our TaLoS
against. Further details regarding the experimental setups, the relevant metrics, the implementation of
the experiments, as well as the data and architectures used, are deferred to Appendix [A-T]

Baselines. We consider three families of methods as references. (i) Full fine-tuning methods aim to
produce task vectors 7; by fine-tuning all the parameters of the network. Specifically, Non-linear
fine-tuning (FT) (Ilharco et al.,[2022;|2023)) minimizes a standard cross-entropy loss, while Linearized
FT fine-tunes the linearized counterpart of the network, as in|Ortiz-Jimenez et al.|(2023). (ii) Post-hoc
methods refine 7 after it has been obtained via fine-tuning (as prescribed by the respective methods,
we apply these post-hoc approaches on non-linear FT checkpoints). TIES-Merging (Yadav et al.
2023) reduces redundancy in 7; by magnitude pruning, keeping only the top-k highest magnitude
parameters, and addressing sign conflicts when merging task vectors. TALL Mask / Consensus
(Wang et al.| 2024) identifies task-specific parameters in 7; by comparing them to the sum of task
vectors. It then merges multiple task vectors by using an element-wise OR operation between masks
to further identify and remove conflicting parameters. DARE (Yu et al.,|2024) randomly sparsifies
T to eliminate redundancy and upweights the remaining parameters based on the percentage that
was removed. Breadcrumbs (Davari & Belilovsky, |2024) reduces redundancy using magnitude
pruning and eliminates weight outliers within the retained top-% parameters. Although these methods
have been presented for task addition, we also test their ability of handling task negation. (iii)
Parameter-efficient fine-tuning (PEFT) methods aim to obtain task vectors by efficiently fine-
tuning the network, using far fewer resources compared to full fine-tuning. We compare against
L-LoRA (Tang et al.,|2024)), which applies linearized low-rank adapters to the @ and V' matrices in
self-attention layers. This approach was specifically designed for Task Arithmetic and offers superior
performance over standard LoRA without adding extra computational costs. For sparse fine-tuning,
we use LoTA (Panda et al.,[2024), a method that leverages the Lottery Ticket hypothesis (Frankle
& Carbin, 2019) to select the top-k parameters when sparsely fine-tuning the network, making it
suitable for model merging.

5.1 TASK ARITHMETIC RESULTS

We thoroughly evaluate TaLoS on its ability to derive task vectors that enable model editing through
simple arithmetic operations on model parameters.

Task Addition. In this benchmark, the sum of the task vectors Zt a7y 18 added to a pre-trained
checkpoint to produce a multi-task model f(-,0¢ + >, ;7). The success is measured in terms of
the maximum average accuracy over the different tasks. As done by Ortiz-Jimenez et al.|(2023); Tang
et al.| (2024)), we also report the average normalized accuracy over the tasks. The normalization is
performed with respect to the single-task accuracies achieved by the model fine-tuned on each task
(see Appendix [A.T)). The results in Table [[|demonstrate the effectiveness of our proposed method
across various model scales and modalities. TaLoS consistently outperforms existing approaches,
with evident improvements in normalized accuracy of 1.88% to 4.65% over the second best method
across all model variants. Such a metric provides insights into the outstanding ability of TaLoS to
maximize the benefits of model combination while mitigating interference.

For vision models, TaLoS exhibits strong performance across all scales, with absolute accuracy
gains of up to 2.61% over the closest competitor. In NLP, TaLoS maintains its leading position,



Under review as a conference paper at ICLR 2025

Method ViT-B/32 ViT-B/16 VIT-L/14 T5-Small T5-Base TS-Large

Abs. (1) Nomm.(f)  Abs.(1)  Norm.(1)  Abs.(1)  Norm.(}) | Abs.() Nomm.(})  Abs.(1) Norm.(1)  Abs. (1)  Norm. (D)

Pre-trained (Zero-shot) 172 - 55.83 - 65.47 - 55.70 - 5351 - 5171 -
Full Fine-tuning Methods
Non-linear FT {Ilharco et al. 12023 71.25 76.94 72.85 77.17 86.09 90.14 65.04 87.98 74.20 90.63 75.37 85.25
Linearized FT (Ortiz-Jimenez et al. 12023 76.70 85.86 80.01 87.29 88.29 93.01 64.13 86.62 74.69 92.12 69.38 78.95
Post-hoc Methods

TIES-Merging (Yadav et al. 12023 74.79 82.84 77.09 82.13 88.16 92.56 62.53 94.83 70.74 92.37 74.30 86.36
TALL Mask / Consensus {Wang et al. 12024~ 74.55 80.27 74.92 79.12 86.89 90.81 63.61 95.34 7331 91.60 7731 87.84
DARE (Yu et al.2024 70.88 76.59 73.08 77.51 85.95 90.04 63.89 89.09 74.26 91.49 76.20 86.51
Breadcrumbs (Davari & Belilovsky 2024 69.39 79.51 71.93 78.94 84.78 9297 61.19 92.23 73.89 9270 7341 87.07
Parameter-efficient Fine-tuning Methods
L-LoRA (Tang et al.12024] 78.00 86.08 80.61 85.83 87.77 91.87 60.29 94.46 68.76 91.98 72.10 87.78
LoTA (Panda et al.}2024 64.94 74.37 79.11 83.97 87.66 91.69 64.21 87.92 74.31 92.25 75.84 88.14
TaLoS (Ours) 79.67 (e 90.73 1651 82.60 (+199) 91411112 8837 (o0s) 9520 2151 | 65.04 000 97.22 1551 7593 (rion)  95.87 i) 79.07 (1176 90.61 (+2.47)

Table 1: Task Addition results. Average absolute accuracies (%) and normalized accuracies (%)
of different CLIP ViTs and TS5 pre-trained models edited by adding task vectors on each of the
downstream tasks. We normalize performance of each method by their single-task accuracy. Bold
indicates the best results. Underline the second best.

Method ViT-B/32 ViT-B/16 VIiT-L/14 T5-Small T5-Base T5-Large

Targ. () Cont.(t)  Targ.())  Cont.()  Targ.())  Cont.() | Targ.())  Cont.()  Targ.())  Cont.()  Targ. (1)  Cont. (1)

Pre-trained (Zero-shot) 41.72 63.26 55.83 6837 65.47 7553 55.70 45.70 5351 4530 5171 45.70
Full Fine-tuning Methods
Non-linear FT (Ilharco et al. 12023’ 24.04 60.36 20.36 64.79 20.61 72.72 43.06 4547 40.06 45.16 41.54 45.49
Lincarized FT {Ortiz-Jimenez et al. 12023 1120 60.74 10.97 6555 10.86 7243 4447 44.94 40.16 4527 4137 45.70
Post-hoc Methods

TIES-Merging {Yadav et al. 12023’ 21.94 61.49 19.72 65.69 24.50 7341 55.01 45.30 40.30 45.13 46.19 45.56
TALL Mask / Consensus (Wang et al. 2024| ~ 23.31 60.54 2071 65.17 233 7330 43.43 45.41 40.14 4520 4126 4559
DARE (Yu et al. 12024 25.04 60.60 2222 64.98 20.94 72.66 4253 45.36 40.24 45.16 4129 45.70
Breadcrumbs {Davari & Belilovsky £2024) 24.27 60.58 21.60 65.22 20.69 72.95 53.03 45.19 40.46 45.14 41.49 45.51
Parameter-efficient Fine-tuning Methods
L-LoRA {Tang et al. 12024 17.29 6075 1933 65.69 1939 73.14 5530 4524 5133 45.10 4837 4551
LoTA (Panda et al. 12024 21.09 61.01 17.76 65.60 22.11 73.21 54.70 45.13 40.50 45.24 44.33 45.47
TaLoS (Ours) 1103150171 60.69 (osor 10.58 (s091 6601 15021 10.68 1+0.151 7363 0221 | 39.64 12501 45.67 50201 38.49 (o157 4528 00y 37.20 (w0 45.70 000y

Table 2: Task Negation results. Average minimal accuracy (%) of different CLIP ViTs and T5
pre-trained models edited by subtracting a task vector from a target task while retaining at least
95% of their performance on the control task. We average the minimal accuracy over each of the
downstream tasks. Bold indicates the best results. Underline the second best.

although the gains are less striking than in vision experiments. Nevertheless, the improvements
are particularly pronounced in larger models, suggesting that TaLoS scales well with model size.
Notably, TaLoS’s performance surpasses both full fine-tuning and post-hoc methods across the board.
This suggests that our parameter-efficient approach can achieve superior results while potentially
reducing computational costs, a crucial factor when working with large-scale models.

Task Negation. In this benchmark a task vector 7 is subtracted from the pre-trained checkpoint to
reduce the performance on task ¢, producing the model f(-, 89 — a4 7). By following |Ortiz-Jimenez
et al.| (2023), the success is measured in terms of the maximum drop in accuracy on the forgetting
task that retains at least 95% of the accuracy on the control task. Results are averaged over tasks and
presented in Table [2| For vision models, TaLoS achieves the lowest target task accuracies while
maintaining high control task performance, indicating superior ability to selectively remove targeted
task information. For T5 models, all methods, including TaLoS, face significant challenges in Task
Negation. The results show a much tighter clustering of performance across different approaches.
This suggests that negating specific language tasks without substantially impacting the control task
accuracy is inherently more difficult than in vision models. Despite this challenge, TaLoS still
manages to achieve the best balance between target and control task performance.

5.2 WEIGHT DISENTANGLEMENT AND LOCALIZATION

The improved localization provided by TaLosS seems to play a crucial role in driving effective task
arithmetic. Here we delve deeper into this aspect with tailored analyses. First, we assess how well
the weight disentanglement property holds. Then, for each training recipe, we evaluate the degree of
task component localization on each task.

Weight disentanglement error visualization. Ortiz-Jimenez et al.| (2023); [Tang et al.| (2024)
proposed to evaluate the disentanglement error defined as

2
(on,a2) =Y Baep, [dist(f (2, 60 + a171), f (2,00 + o171 + aaTs))] (10)
t=1

where the prediction error dist(y1,y2) = 1(y1 # y2) is taken as the distance metric. Generally,
given a pair (aq, as), the smaller the value of £(«y, as) the more weight disentangled a model is.
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Figure 2: Visualizing weight disentanglement error. The heatmaps illustrate the disentanglement
error &(aq, ao) of each fine-tuning strategy on both a CLIP ViT-B/32 model (top) and a T5-Small
model (bottom) across two task pairs. Lighter areas highlight regions of the weight space where
disentanglement is more pronounced. The red box indicates the search space within which the optimal
« values were searched (refer to Appendix [A-T). We chose the task pairs to visualize by following
[Ortiz-Jimenez et al.| (2023)) for vision and a criterion akin to the one used in for

language.

Maintaining a low disentanglement error as o and a increase provides an even stronger evidence
of the weight disentanglement property.

In Figure we report £(aq, ag) across different fine-tuning strategies for both the CLIP ViT-B/32
and T5-Small models on two task pairs. Overall there is a clear difference in disentanglement
patterns between vision and language models. For the latter, the patterns are more consistent across
strategies, which may explain why the differences in task arithmetic performance are notable in vision
experiments and less pronunced in language experiments (ref. to Tables|[T] [2).

By focusing on vision models we observe that Linearized FT, L-LoRA, and our approach demonstrate
improved disentanglement (indicated by lighter regions) than non-linear fine-tuning, with our method
performing the best overall. We remind that L-LoRA approximate the behavior of Linearized FT via
adapters but still lacks to optimize the task localization property. Interestingly, LoTA shows a much
lower degree of disentanglement. We remark that this approach selects and updates task-specific
parameters while TaLoS focuses on task-generic ones and this difference accounts for the observed
behavior.

For language, Linearized FT and L-LoRA yield mixed results depending on the pairs of considered
tasks. LoTA seems able to improve over non-linearized FT but with different extents across tasks and
it is consistently outperformed by TaLoS.

Function localization. We experimentally assess the function localization property of TaLoS by
comparing it with other fine-tuning methods. From the definition in Equation[6} we know that when
this property holds, each task activates only for its specific data support. Thus, we should observe
an advantage in the prediction output when testing on that task, and the same performance of the
pre-trained model for all the others tasks. Figure [3]confirms the expected behavior for TaLo$ in
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Figure 3: Function localization. The heatmaps present the accuracy ratios for fine-tuned models
across tasks for CLIP ViT-B/32 (top) and T5-Small (bottom) models. Each row indicates a model
fine-tuned on a specific task, with columns representing its performance on different test datasets.
Accuracy ratios are normalized by the pre-trained model’s performance. Lighter colors indicate better
performance, suggesting minimal interference between the fine-tuned model and other tasks’ input
spaces. The red diagonal highlights each model’s test performance on its specific fine-tuning task.
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Figure 4: Visualization of mask calibration. Percentage of parameters selected for sparse fine-
tuning in a transformer block of a ViT-B/32 (left) and a T5-Small (right) models, after our method’s
mask calibration vs. LoTA’s mask calibration, at 90% sparsity. On ViT-B/32, we calibrate the masks

on the Cars dataset (Krause et all[2013]), while on T5-Small we use QASC (Khot et al.}[2020). Full

visualizations of all masked layers are reported in Appendix [A3]

vision, while the competitors display more interference between tasks, as indicated by darker hues off
the diagonal. Interestingly, for NLP tasks all methods exhibit natural function localization, as reflected
by the lighter regions in the figure. This provides us the opportunity to remark the importance of
extensive model analysis as conclusions drawn from a single domain where linearization is sufficient
might be misleading.

5.3 WEIGHT SPARSITY STRUCTURE AND EFFICIENCY

Visualizing task vector masks. To understand the nature of our sparse fine-tuning approach, we
analyze the structure of the masks c calibrated using TaLoS and compare it with the ones produced by
LoTA. Figure[]provides a visualization of the layer-wise percentage of parameters selected for sparse
fine-tuning in a transformer block of a ViT-B/32 and a T5-Small models. The results reveal distinct
patterns in parameter selection between TaLoS and LoTA across both models. TaLoS exhibits a
highly structured selection, predominantly preserving parameters in the multihead self-attention layer,
particularly in the @ and K components. In contrast, LoTA’s selection appears more distributed
across different layers of the transformer block. Interestingly, our analysis reveals some notable
contrasts with L-LoRA 2024), a method specifically designed for task arithmetic. While
L-LoRA arbitrarily fine-tunes the @ and V' components, our findings suggest that, generally, Q
and K play a more significant role in task arithmetic than V' in the multihead self-attention layers.
Additionally, for CLIP ViT-B/32 biases also seemingly play a crucial role for function localization.
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Method Effective Cost of Fine-tuning Task Addition Task Negation
Forward-Backward Pass Time (s) _Optim. Step Time (s) _Tot. Iteration Time (s) _Peak Memory Usage (GiB) | Abs. (1) Norm. (1) Targ. (}) Cont. (1)

ViT-B/32

Non-linear FT (Ilharco et al. 2023 0.3608 =+ 0.0036 0.0114 +0.0010 0.3722 + 0.0037 6.5 71.25 76.94 24.04 60.36
Linearized FT (Ortiz-Jimenez et al. 12023 0.6858 + 0.0042 0.0103 + 0.0020 0.6961 + 0.0047 10.2 76.70 85.86 11.20 60.74
L-LoRA (Tang et al.| 2024 03270 + 0.0076 0.0036 + 0.0032 0.3306 + 0.0082 53 78.00 86.08 17.29 60.75
LoTA (Panda et al.}|2024] 0.3289 + 0.0041 0.1269 + 0.0050 0.4558 + 0.0065 6.8 64.94 74.37 21.09 61.01
TaLoS (Ours) 0.1256 -+ 0.0045 0.0388 + 0.0040 0.1644 + 0.0060 4.7 79.67 90.73 11.03 60.69
ViT-L/14
Non-linear FT (Ilharco et al. 12023} 1.2174 + 0.0097 0.0156 + 0.0055 1.2330 £ 0.0112 18.6 86.09 90.14 20.61 7272
Linearized FT (Ortiz-Jimenez et al. 12023 1.6200 + 0.0067 0.0262 + 0.0082 1.6462 + 0.0106 21.3 88.29 93.01 10.86 7243
L-LoRA (Tang et al. 2024 0.5153 £ 0.0077 0.0082 + 0.0015 0.5235 +0.0078 9.7 87.77 91.87 19.39 73.14
LoTA (Panda et al.;2024; 0.8438 + 0.0052 0.4449 +0.0074 1.2887 + 0.0090 154 87.66 91.69 22.11 7321
TaLoS (Ours) 0.1891 + 0.0039 0.1372 + 0.0036 0.3263 + 0.0053 7.8 88.37 95.20 10.68 73.63
T5-Large
Non-linear FT (Ilharco et al. 2023} 0.9047 + 0.0068 0.0894 + 0.0034 0.9941 + 0.0076 30.0 7537 85.25 41.54 45.49
Linearized FT (Ortiz-Jimenez et al.[2023 1.7683 + 0.0084 0.1170 + 0.0060 1.8853 + 00103 35.1 69.38 78.95 41.37 45.70
L-LoRA (Tang et al.| 2024 0.7452 + 0.0084 0.0136 + 0.0029 0.7588 + 0.0089 18.2 72.10 87.78 48.37 4551
LoTA (Panda et al.|2024] 0.8526 =+ 0.0043 0.3842 +0.0019 1.2368 + 0.0047 32.1 75.84 88.14 44.33 4547
TaLo$ (Ours) 0.4358 + 0.0075 0.0509 =+ 0.0046 0.4867 =+ 0.0088 12.1 79.07 90.61 37.20 45.70

Table 3: Computational cost and memory footprint of fine-tuning. Average iteration time (in
seconds) and peak memory usage (in Gibibytes) of different fine-tuning approaches on CLIP ViT-
B/32, ViT-L/14 and T5-Large models, alongside their performance on the task arithmetic benchmark.
To improve granularity, we report also the average forward-backward time of a single iteration and
the average step time of the optimizer. We separate full fine-tuning methods from parameter-efficient
fine-tuning methods. Further details on the resource monitoring process can be found in Appendix
Bold indicates the best results. Underline the second best.

This structured sparsity not only provides insights into our method’s mask calibration mechanism but
also hints at potential efficiency gains, which we explore further in the following.

Computational cost and memory footprint. The observed structured sparsity pattern of TaLoS
suggests that it also provides a highly efficient task arithmetic fine-tuning strategy. To verify it we
performed a comparative analysis of the computational cost and memory footprint of TaLoS against
several fine-tuning methods.

In Table[3| we present the collected time and memory costs with detailed average time (in seconds)
for a single training iteration’s forward and backward pass. This is separated because approaches
like Linearized FT and L-LoRA involve specialized forward passes that require Jacobian-vector
products with respect to LoTA and TaLoS, which operate similarly to non-linear FT. We also report
the time (in seconds) spent by the optimizer updating parameters, as LoTA and TaLoS require
an additional mask-based element-wise multiplication to prevent updates to certain parameters by
masking gradients. Additionally, we provide the total time (sum of these two values) and the peak
memory usage (in Gibibytes) recorded during fine-tuning. Overall, the ability to freeze a large number
of parameters, thanks to well-structured mask sparsity of our approach improves the total iteration
time. Although our method has a slower optimizer step compared to other approaches, the faster
forward-backward pass compensates, making TaLoS the leading method. In terms of memory usage,
the benefits are especially notable for large models, where only a small subset of parameters requires
fine-tuning, thus, yielding pronounced savings.

6 CONCLUSION

In this work we have proposed TaLoS, an efficient and effective strategy to edit pre-trained models
in the framework of task arithmetic. We started from the observation that the parameters showing
the least variation in the fine-tuning process of a single task are also those minimally relevant for
other tasks. Thus, we have leveraged them through a sparse learning process that promotes task
localization and avoids task interference. A thorough experimental analysis across vision and language
domains confirmed that TaLoS yields state-of-the-art results in task addition and negation, showing
a significant efficiency advantage over competitors. Moreover, with a tailored set of evaluations we
assessed model linearization and function localization properties, providing insights on the inner
functionig of our approach.

Opverall, we have discussed how preserving the regularities provided by a large scale pre-trained model
are sufficient to maintain weight disentaglement and observe beneficial effects in task arithmentic.
Future work may investigate whether explicitly enforcing localization constraints during fine-tuning
could enhance performance and further advance model editing capabilities.

10
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REPRODUCIBILITY STATEMENT

We have made significant efforts to ensure the reproducibility of our results. Full implementation
details are provided in Appendix Pseudocode for our algorithm is included in Appendix to
clarify key steps, as well as practical design choices to address potential challenges in implementing
our experiments. Additionally, we provide the complete codebase as a supplementary material of our
submission, which includes scripts to reproduce all the results. Upon acceptance, we will publicly
release the code to further facilitate reproducibility.
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A APPENDIX

A.1 IMPLEMENTATION DETAILS

Computational resources. We execute all the vision experiments using ViT-B/32, ViT-B/16, and
ViT-L/14 on a machine equipped with two NVIDIA GeForce RTX 2080 Ti (11 GB VRAM), an
Intel Core 17-9800X CPU @ 3.80GHz and 64 GB of RAM. For all the language experiments using
T5-Small, T5-Base, and T5-Large we employ a machine equipped with a a single NVIDIA A100
SXM (64 GB VRAM), an Intel Xeon Platinum 8358 CPU @ 2.60GHz and 64 GB of RAM.

Starter code. We developed our codebase starting from the repositories provided by Ortiz-Jimenez
et al(2023)[[] (based on the code by [[harco et al.| (2022} 2023)P) and [Yadav et al.| (2023, which allow
to reproduce the full fine-tuning results (Non-linear FT and Linearized FT). TIES-Merging (Yadav
et al., 2023ﬂ TALL Mask / Consensus (Wang et al., 2024ﬂ, DARE (Yu et al., 2024f], Breadcrumbs
(Davari & Belilovsky, 2024f] and LoTA (Panda et al.| 2024ﬂ provide official implementations
of their methods from which we carefully adapted their code to work within the Task Arithmetic
framework. L-LoRA (Tang et al., 2024)) unfortunately doesn’t provide any official implementation,
but the guidelines in the paper are sufficient to reproduce their results. To this end, we used the peft
library (Mangrulkar et al., ZOZZﬁ for implementing the LoRA modules.

Hyperparameter selection. As highlighted by Ortiz-Jimenez et al.|(2023)), task vectors that per-
form well in Task Negation tend to exhibit higher degrees of weight disentanglement in Task
Addition. This relationship informed our hyperparameter selection strategy. For each method,
we cross-validate its hyperparameters on each individual task by leveraging Task Negation per-
formance on a small held-out portion of the training set, as implemented by |[lharco et al.| (2023);
Ortiz-Jimenez et al.| (2023)). It’s important to note that hyperparameter selection shall not be per-
formed separately for addition and negation, as each choice of hyperparameters yields a unique
task vector. Hyperparameter search of each method is carried out according to the guidelines
presented in each paper. Specifically, for post-hoc methods, the sparsity ratio is searched in the
set {0.1,0.2,...,0.9,0.95,0.99}. Furthermore, for TALL Mask / Consensus (Wang et al., 2024)
we also tune the consensus threshold in the set {0, ..., T}, where T is the number of tasks. For
Breadcrumbs (Davari & Belilovskyl 2024) we also tune the percentage of top-k parameters con-
sidered outliers, using values from the set {0.8,0.9,0.95,0.99,0.992,0.994, ...,0.999}. Regarding
parameter-efficient fine-tuning methods, when using L-LoRA (Tang et al.||2024) we progressively
reduce its rank r € {512,256, 128,64, 32, 16,8}. While, for LoTA (Panda et al., |2024) and our
method we tune sparsity at the task level using values in the set {0.1,0.2,...,0.9,0.95,0.99}. Re-
garding the amount of data used to perform mask calibration on each task, we align with [Panda et al.
(2024)) by using the validation split as it accounts for the 10% of the total training data. For LoTA, we
set the number of iterations for mask calibration so to match the number of mask calibration rounds
used by our method (further details at Section[A.2)). This ensures that the drop in performance is
negligible with respect to using the full training split while significantly reducing the computational
overhead.

Datasets & Tasks. In line with what introduced in [ITharco et al.| (2022; 2023)); |Ortiz-Jimenez et al.
(2023)), our vision experiments consider image classification across various domains. We adhere to
the proposed experimental setup by utilizing eight datasets: Cars (Krause et al.,[2013), DTD (Cimpoi
et al.| 2014)), EuroSAT (Helber et al.| 2019), GTSRB (Stallkamp et al., 2011, MNIST (LeCunl |1998),
RESISC45 (Cheng et al.,2017), SUN397 (Xiao et al., 2016) and SVHN (Netzer et al., 2011).

For the natural language processing (NLP) experiments, we follow the methodology outlined in
Yadav et al.| (2023)), incorporating seven prescribed datasets: three regarding question answering
(QASC (Khot et al.l 2020), WikiQA (Yang et al., | 2015) and QuaRTz (Tafjord et al.|[2019)), one for
paraphrase identification (PAWS (Zhang et al.,2019))), one focusing on sentence completion (Story
Cloze (Sharma et al.,|2018)) and two for coreference resolution (Winogrande (Sakaguchi et al., [2021)

'"https://github.com/gortizji/tangent_task_arithmetic
Zhttps://github.com/mlfoundations/task_vectors
*https://github.com/prateeky2806/ties—merging
*nttps://github.com/nik-dim/tall_masks
Shttps://github.com/yule-BUAA/MergelLM
®https://github.com/rezazzr/breadcrumbs
"nttps://github.com/kiddyboots216/lottery-ticket-adaptation
$https://github.com/huggingface/peft
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and WSC (Levesque et al.,[2012))). Concerning Task Negation, we align with (Ortiz-Jimenez et al.
(2023) and consider ImageNet (Deng et al., [2009) as the control dataset for vision experiments, while
for NLP, we utilize RTE (Dagan et al.| [2005)), as it provides a distinct task (i.e. natural language
inference) with respect to the others considered for the NLP experiments.

Architectures & Pre-trained models. By following [Ilharco et al| (2023); |Ortiz-Jimenez et al.
(2023); |Yadav et al.[(2023)), on vision experiments, we use three variants of CLIP (Radford et al.,
2021) with ViT-B/32, ViT-B/16, and ViT-L/14 models (Dosovitskiy et al.,2021). Regarding the NLP
experiments, we employ T5-Small, T5-Base, and T5-Large models (Raffel et al., [2020).

Fine-tuning details. All fine-tuning experiments on vision adhere to the training protocol outlined
by [Ilharco et al.| (2022} 2023)); |Ortiz-Jimenez et al.| (2023)), with minor modifications made to the
training code to accommodate the additional baselines and our method. Specifically, we fine-tune all
datasets starting from the same CLIP pre-trained checkpoint, which is obtained from the open_clip
repository (Gadre et al.,[2024)). Each model is fine-tuned for 2,000 iterations with a batch size of 128,
a learning rate of 10~°, and a cosine annealing learning rate schedule with 200 warm-up steps. We
use the AdamW optimizer (Loshchilov & Hutter, 2019). Following Ilharco et al.|(2022)), the weights
of the classification layer, which are derived from encoding a standard set of zero-shot template
prompts for each dataset, are frozen during fine-tuning. Freezing this layer ensures no additional
learnable parameters are introduced and does not negatively affect accuracy (Ilharco et al.| [2022).
Regarding the language experiments, we aligned with |Yadav et al.|(2023)); Tlharco et al.[(2023)) and
utilized three variants of the TS model (Raffel et al.,|2020), namely T5-Small, T5-Base, and T5-Large,
with training conducted for a maximum of 75,000 steps. We employed an effective training batch
size of 1024, with a learning rate of 10~*. To prevent overfitting, we implemented an early stopping
mechanism with a patience threshold of 5. During training, we used bf1oat16 to reduce GPU
memory consumption, and the maximum sequence length was set to 128. Evaluation is carried out by
performing rank classification, where the model’s log probabilities for all possible label strings are
ranked. The prediction is considered correct if the highest-ranked label corresponds to the correct
answer. This evaluation method is applicable for both classification and multiple-choice tasks.

Disentanglement error heatmaps. As prescribed by [Ortiz-Jimenez et al.| (2023)), we produce the
weight disentanglement visualizations of Figure [2]by computing the value of the disentanglement
error £(ay, ) on a 20 x 20 grid of equispaced values in [—3, 3] x [—3, 3]. Estimations are carried
out on a random subset of 2,048 test points for each dataset.

Tuning of a in Task Arithmetic experiments. As outlined in[[lharco et al.| (2023)); |Ortiz-Jimenez
et al.| (2023)), we employ a single coefficient, denoted as «, to adjust the size of the task vectors
used to modify the pre-trained models (i.e. ®; = as = ...ay). For both the task addition and task
negation benchmarks, following fine-tuning, we evaluate different scaling coefficients from the set
a € {0.0,0.05,0.1, ..., 1.0} and select the value that achieves the highest target metric on a small
held-out portion of the training set, as specified in|[lharco et al.|(2023)); |Ortiz-Jimenez et al.|(2023]).
Specifically, we aim to maximize the normalized average accuracy for Task Addition and ensure the
minimum target accuracy for Task Negation while maintaining at least 95% of the original accuracy
of the pre-trained model on the control task. The tuning of « is performed independently for each
method.

Measuring computational costs and memory footprint. The timings in Table[3|are obtained using
the perf_counter clock from Python’s t ime module. We monitored memory footprint using
the NVIDIA nvm1 library[ﬂ All measurements are obtained during fine-tuning, with the very same
setup explained in the fine-tuning details. Then, for each method, the mean and standard deviation of
the timings are computed over all iterations of all tasks. Peak memory usage, instead, is taken as the
maximum over all tasks. Memory usage is recorded at regular intervals of 1 second, starting from the
first forward pass and ending when the training loop breaks.

Normalized accuracy calculation in Task Addition. Normalized accuracy is computed by taking
the average of the normalized individual accuracies over the 7" tasks. Given a task ¢, the normalized
individual accuracy for ¢ is computed by taking the accuracy of the multi-task fused model on ¢ and
dividing it by the single-task accuracy that the fine-tuned checkpoint obtained on ¢ before being fused.
Formally,

T Accuracy[f(Dy, 6y + ZtT oy Ty )]
Accuracy[f(Dy, 0y + a;11)]

1
Normalized Accuracy = T

Y

t=1

nttps://docs.nvidia.com/deploy/nvml-api/
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Algorithm 1: Tal.oS to obtain task vectors

Input :Pre-trained model 8y € R™, task dataset D;, final sparsity k, number of rounds R,
number of epochs FE, learning rate -y, loss function £
Output : Task vector 7 € R™ for performing task arithmetic

// Calibrate sparse fine-tuning mask
c+—1 > Initialize weight mask to all 1s
forr=1,2,..., Rdo
p < k(/B) > Compute the current sparsity at round r
s+ 0 > Initialize parameter-wise scores to all Os
for x € D, do
| s« s+ |Vaf(x,c® by > Compute and update scores on current example
end
// Update c to retain only the bottom-k parameters
S8 < sort_descending (s) > Sorted scores in descending order
p <+ |p-m] > compute bottom-p threshold index
for j=1,2,....,mdo
if s; — 5, > 0 then
| ¢;j <0 > Set the mask of the j-th parameter to zero
end
end
end

// Sparse fine-tuning, starting from 0y and obtaining 6,
for epoch = 1,2, ..., E do
for (z,y) € D; do

| 00 —~[cOVeL(f(x,0),y)] > Update rule, mask gradients with ¢
end
end
T < 0, — 0 > Compute final task vector for task ¢
return 7
Method Avgerage Execution Time (s) Peak Memory Usage (GiB) Task Addition Task Negation
Mask  Train Total Mask  Train | Overall Abs. (1) Norm. (1) Targ. () Cont. ()
Non-linear FT (llharco et al.| 2023 - 247999 | 247999 - 186 18.6 86.09 90.14 20.61 7272
Linearized FT (Ortiz-Jimenez et al.|[2023 - 331177 | 331177 - 213 21.3 88.29 93.01 1086 7243
L-LoRA (Tang et al.|[2024] - 1053.07 | 1053.07 - 9.7 9.7 87.77 91.87 19.39 73.14
LoTA (Panda et al | 51.84 259240 | 264424 129 154 154 87.60 91.89 202 7322
TaLosS (Ours) 63.04 65623 | 71927 18 18 7.8 88.40 95.19 1063 73.55

Table 4: Computational cost and memory footprint of mask calibration and fine-tuning. Av-
erage time (in seconds) and peak memory usage (in Gibibytes) of mask calibration and fine-tuning
approaches on CLIP ViT-L/14, alongside their performance on the task arithmetic benchmark. For
both LoTA and TaLoS, we used batch size 128 for 40 iterations (in detail, 10 iterations per round for
TaLoS, with 4 rounds total). We employ gradient checkpointing during mask calibration. Further
details on the resource monitoring process can be found in Appendix Bold indicates the best
results. Underline the second best.

A.2 DETAILS ON MASK CALIBRATION & COMPUTATIONAL OVERHEAD

Sparse fine-tuning prescribes to mask gradients when updating the model parameters. Thus, is is
foundational that the mask is correctly calibrated before training. We mask only Linear, Attention,
LayerNorm, and Convolutional layers (Kwon et al.| 2022). Embedding layers and final projection
layers are kept frozen. Furthermore, following standard procedures in Pruning-at-Initialization (Pal)
(Tanaka et all,[2020; [Wang et al.}[2023)), we iteratively refine the mask in multiple rounds to obtain
better estimates from the mask calibration procedures. In detail, at each round, we select the bottom-p
parameters (according to our score, detailed in Section[d) and we exponentially increase the current
sparsity p. We repeat this process until we reach the target sparsity k. For the sake of major clarity,
we report in Algorithm I] the pseudocode for our procedure, encompassing both mask calibration
and sparse fine-tuning. We remark that the choice of the bottom-% values may lead to layer collapse
(Tanaka et al, [2020), namely, removing all parameters in a layer, disrupting the information flow in
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Figure 5: Visualization of mask calibration. Percentage of parameters selected for sparse fine-
tuning in a ViT-B/32 (top) and a T5-Small (bottom) models, after our method’s mask calibration vs.
LoTA’s mask calibration, at 90% sparsity. On ViT-B/32, we calibrate the masks on the Cars dataset

(Krause et all 2013)), while on T5-Small we use QASC (Khot et al.,[2020).

the network. To face this problem, we set ¢ to some positive value close to zero (e.g. 0.01) and we
don’t include in the ranking those entries that are already soft-masked. This ensures that we are not
changing the nature of our estimation, while countering the possibility of disrupting gradient flow in
the network, during calibration.

Unfortunately, mask calibration introduces some amount of overhead before training. It is of
paramount importance that such overhead doesn’t hinder the computational gains obtained during
fine-tuning.

Time overhead. The time spent for a single iteration of mask calibration is comparable to that of a
single forward-backward iteration of non-linear fine-tuning (refer to Table[3). Our mask calibration
process typically employs an average of 10 iterations per round, with satisfactory results observed at
just 4 rounds (i.e., approximately 40 iterations total, we use the same batch size for mask calibration
as for fine-tuning). Given that fine-tuning generally requires around 2,000 iterations for vision
experiments and substantially more for language tasks, we argue that the time overhead introduced
by our mask calibration is negligible.

Memory overhead. The memory cost of each mask calibration iteration is equivalent to that of each
training iteration in non-linear fine-tuning. While we have not implemented any specific mechanism to
reduce the memory footprint for calculating gradients (used as scores) during mask calibration, there
are several approaches available to achieve this. Most of these methods involve estimating gradients

20



Under review as a conference paper at ICLR 2025

Fine-tuning

ViT-B/32 ViT-B/16 ViT-L/14
100
. .L+ :x w § = + + f"l,‘)‘ ! +- iq. :':I»"-; @ Noniinear FT
95 ‘ + x* .v .."' + I‘ x ‘-" @ ‘Linearized FT
” V 7 /
X + "' d / ® o
v / [ X3
90 II ° II ?‘ @ Tos Ours)
> 4, ) v
& x X [ ] Dataset
5 85 2 o R !
Q 1 / / C:
§ j ; a ® -
2 80 ,' 'AA / ® o
£ X /
% .”’ 7 7 W EuroSAT
9 ™ AA /I /I
£ 7 / / o GTsRe
/ / /
70 ® / / @ unisT
( )} / / <4 RESISC45
65 ,' ,' ,'
’ A/ / / A sunze7
II II II M SVHN
60
10 60 80 100 40 60 80 100 10 60 80 100
Post-hoc Linearization Accuracy Post-hoc Linearization Accuracy Post-hoc Linearization Accuracy

Figure 6: Testing linearized behavior. Single-task accuracies of different fine-tuning strategies, each
used to obtain their corresponding task vectors 7, and the accuracy of their post-hoc linearization
fiin(+, 80 + 7). Different colors represent distinct fine-tuning strategies, while different markers
indicate different tasks. Points that lie on the bisector (black dashed line) indicate that the fine-tuning
process exhibited linearized behavior.
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Figure 7: Change in parameter sensitivity throughout fine-tuning. We visualize the average
relative change in the output derivative of the parameters of a CLIP ViT-B/32 model when fine-tuned
using different approaches. The starting point is the same for all methods.

using zeroth-order information (Hinton| 2022} [Malladi et al., 2023a; [Sung et all,[2024), which allows
to trade off speed for reduced memory usage by approximating gradients through multiple forward
passes, eliminating the need to store computational graphs for automatic differentiation. Alternatively,

gradient checkpointing is another practical solution.

To further clarify the overall computational cost of TaLoS, encompassing both mask calibration and
sparse fine-tuning, we provide a comparison in Table[d]of the timings in seconds (averaged over the 8
vision tasks) and the peak memory usage in Gibibytes of mask calibration and fine-tuning on a CLIP
ViT-L/14. The results show that mask calibration time is approximately the same for TaLoS and
LoTA, however, the costs in terms of memory are very different (LoTA requires storing optimizer
states). Regarding total time, we recover what was presented in Table 3] highlighting the beneficial
effect of the highly structured sparsity of TaLoS on fine-tuning. The task arithmetic results are in
line with Tables[T} 2] with no detrimental effect given by the usage of gradient checkpointing.

A.3 FULL MASK CALIBRATION VISUALIZATIONS

For the sake of completeness, we provide a full visualization in Figure 5] of the masks obtained after
calibration with TaLoS and LoTA. As shown, a repeating sparsity pattern emerges for our method
across each transformer block. Notably, TaLoS consistently identifies only the Q and K parameters
for fine-tuning, demonstrating a more structured behavior. In contrast, the mask generated by LoTA
appears far more unstructured, with no clear pattern across the blocks.

A.4 ANALYZING THE FINE-TUNING BEHAVIOR

We provide an empirical validation on the linear fine-tuning regime of our TaLoS (i.e. the change
in the network output can be well-approximated by its first-order Taylor expansion around 6y). As
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discussed by [Ortiz-Jimenez et al| (2023), a cheap test consists of performing post-hoc linearization of
the fine-tuned model around 6 and checking whether the performance produced by such a linearized
model matches that of the original fine-tuned model. We use this approach and report the results
in Figure[6] The scatter plots compare the fine-tuning accuracy against the post-hoc linearization
accuracy for various tasks and fine-tuning strategies across different ViT architectures. Our method,
TaLoS, consistently demonstrates linearized behavior during fine-tuning for most tasks, as evidenced
by its proximity to the bisector line. This supports our claim that sparse fine-tuning, which both
TaLoS and LoTA employ, inherently promotes the emergence of linearized behavior during fine-
tuning. Interestingly, while TaLoS exhibits this property across a wide range of tasks, LoTA does
not consistently demonstrate the same level of linearized behavior. This discrepancy can be attributed
to differences in parameter selection, as discussed in the next paragraph, closely matching what
happens during linearized fine-tuning. It’s worth noting that linearized behavior may arise for various
fine-tuning strategies, but its occurrence depends on the interaction between the task and pre-training
Malladi et al] 2023D)). For instance, tasks such as GTSRB (Stallkamp et al.|2011)), MNIST

998)), and SVHN (Netzer et al.,|2011) do not exhibit fine-tuning in the linear regime, hinting at a
potential mismatch with the pre-training, as evidence suggests (Radford et al., 2021).

To further test the fine-tuning regime, we examine the evolution of parameter sensitivity during fine-
tuning across different methods, as depicted in Figurelﬂ Notably, for TaLos, the gradient Vg f(, 0)
remains almost unchanged throughout training, closely mirroring the behavior of linearized fine-
tuning. In contrast, LoTA diverges from this pattern, behaving more in line with non-linear fine-
tuning. This phenomenon reinforces our claim that our method fine-tunes in the linearized regime, as
maintaining a constant Vg f(x, 0) during fine-tuning is critical for operating in the linearized regime

(Malladi et al.l 2023b).
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Figure 8: Effect of the choice of & in TaLoS. Results of hyperparameter tuning of & in TaLos for
task addition and negation on both vision and language. Note that we tune k indirectly by controlling
its value via the sparsity ratio. For task addition (top) we report the average single-task accuracy
(before addition), absolute and normalized accuracies (after addition). For task negation (bottom)
we report average target and control accuracies (after negation).

A.5 ABLATIONS ON MASK SPARSITY RATIO

For a clear understanding of the effect of sparsity on TaLo$S, we report in Figure[§]the task arithmetic
performance achieved by TaLoS, while varying the sparsity level. At 0% sparsity, we recover full
(non-linear) fine-tuning results. Increasing the sparsity improves the task arithmetic performance,
while slightly decreasing the average single-task accuracy, as fewer parameters are updated during
fine-tuning. Optimal values for absolute accuracy (in task addition) and target accuracy (in task
negation) are observed for a sparsity level of 90% across a variety of models. After 90% sparsity
there is a slight drop in both task arithmetic and single-task performance, making such sparsity levels
not ideal. Intuitively, if the fine-tuning involves too little weight the resulting entries in the task vector
will be mostly zero, reducing the ability to perform task arithmetic effectively. We can conclude that,
like other parameter-efficient fine-tuning methods, our approach trades some single-task performance
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Figure 9: Task performance after fine-tuning. Single-task accuracies obtained by different fine-
tuning approaches across vision and language experiments. Results are displayed for three model
sizes of CLIP ViT (B/32, B/16, L/14) and T5 (Small, Base, Large), with outer edges representing
higher accuracy. The dashed line represents the accuracies before fine-tuning.

for parameter efficiency. But this trade-off allows also for superior task arithmetic capabilities for
TaLos (Tables[T} 2) while maintaining competitive single-task accuracy, especially for larger models
where the performance drop becomes negligible (Figure[9).

A.6 SINGLE-TASK PERFORMANCE OF FINE-TUNING METHODS

In this analysis we focus on discussing the single-task performance of TaLoS before task addition.
To this goal, we compare in Figure[P]the accuracies obtained by TaLos (at 90% sparsity) vs. the other
fine-tuning strategies. In almost all cases TaLoS achieves approximately the same performance of
full fine-tuning methods (Non-linear FT and Linearized FT), occasionally improving over Linearized
FT (ViT-B/32 on SVHN), which is remarkable, as TaLoS updates only a very small subset of
parameters, while full fine-tuning (both linearized and non-linear) updates the whole set of model
parameters. Furthermore, compared with parameter-efficient fine-tuning methods, which allows for
a truly fair comparison (the parameter count is the same across methods), almost always TaLoS
improves with respect to Linearized LoRA and matches the performance of LoTA. However, we
remark that the task arithmetic performance of TaLo$ is much higher than the latter (see Tables[T}

2).

A.7 SENSITIVITY ANALYSIS OF PARAMETERS AND CONNECTION TO FISHER INFORMATION

Applying a perturbation 8{) <— 0y + 66y to a subset of the pre-trained weights 8y and observing no
change in the output f(x, 8))) = f(x, 8y) intuitively means that those weights have low sensitivity
to the task. So, pruning or randomizing them would not affect input-output behavior.

However, there may be a problem in assessing sensitivity via extreme randomizations/perturbations:
if “extreme” randomization refers to very high magnitude perturbations (perhaps, additive), then such
perturbations will not be suitable to assess the sensitivity of the parameters, as this could potentially
move the current solution (parametrized by 8, € R"") away from the current local optimum, to
a distinct region of the loss landscape. Indeed, sensitivity analysis generally refers to “robustness
to small perturbation”. This concept, alongside how to perform proper sensitivity analysis on the
parameters of a neural network has been formalized by a rich literature dedicated to applications of
information geometry (Amaril [I996} [Chaudhry et al| 2018} [Pascanu & Bengiol [2013). Specifically,
as shown by [Chaudhry et al.| (2018)); [Pascanu & Bengio| (2013)), to assess the influence of each weight
on the output of a network, we can use the Kullback-Leibler (KL) divergence between the output
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Figure 10: Perturbing parameters with low sensitivity. The heatmaps illustrate the effect of
perturbing the parameters with the lowest sensitivity (measured by Exep, [|[Vo f(x, 09)|]) on different
tasks across various pre-trained models. Each grid compares the accuracy ratios for models after
pruning, with the rows representing the task D, used to identify the parameters with the lowest
sensitivity and the columns showing the model’s performance on each task after pruning those
parameters. The accuracy ratios are normalized by the model’s performance before perturbation. The
average magnitude p and standard deviation o across perturbed parameters, prior to applying noise
are also reported. The ratio of perturbed parameters (10%) is chosen based on the experiment of
Figure[T]

distribution induced by the original network (pg,) vs. the one induced by the perturbed network
(po,+s6). Mathematically, assuming 66 — 0 (a small perturbation),

1
Dxu.(pe, e, +50) = 559TF(90)59 +0(||56]*)

The KL divergence is zero if the perturbation doesn’t affect the output, revealing that the modified
weights are not influential for the output. It is > 0 otherwise. Here F'(6y) € R™*™ is the Fisher
Information matrix (FIM) (Fisher} [[922} [Amari| [T996)). It is a positive semi-definite symmetric matrix
defined as,

F(60) = B [Eypy, (y]2) [Vo 108 pa, (y]x) Ve log po, (y]x) ]

It can be used to relate the changes in the parameters to the changes in the outputs, effectively
implementing a proper sensitivity analysis of the parameters of a neural network by studying the
magnitude of its diagonal elements, as they represent the sensitivity of each parameter
letal] 2018} [Pascanu & Bengiol 2013} [Matena & Raffell 2022)). Formally, for each parameter j, with
7 € 1,...,mits corresponding entry on the diagonal of the FIM has value

Fjj(6o) = Eo [Eywneo (l=) Ve, log pe, (y‘w)]z]

The higher this value is, the more the j-th parameter will be sensitive (i.e. will influence the output
of the model). Note that in our work we rank parameter sensitivity using |V f(, 8y)|, which is
equivalent to using information from the diagonal elements of the FIM. Modeling pg, as a categorical
distribution induced by the outputs of f (which is a proper assumption for multi-class classification
tasks), the logarithm function (y = log(z)), the squaring function (y = z2) and the absolute value
function (y = |z|) are monotonically increasing in the open interval |0, +o0o|. Hence, the sensitivity
ranking is the same as [V log pe, (y|)]*.

We repeat in Figure the experiment of Figure but by adding noise distributed as A'(0,201) to
the bottom-10% of parameters, instead of pruning them. o is the standard deviation of the parameters,
previous to perturbation. The results align with the analysis reported in Figure[T} highlighting the
stability of these parameters across tasks.

Additionally, in Figure[TT|we provide further evidence about the overlap of low-sensitivity parameters
across tasks. For each parameter, we compute the mean Intersection over Union (mloU) of masks,
between each task pair: starting from pre-trained parameters 6, we predict the mask on task ¢ and
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Figure 11: Masks intersections of low sensitivity parameters. The heatmaps illustrate the mean
Intersection over Union (mloU) between masks pairs of the lowest sensitivity parameters (measured
by Exzep,[|[Vo f(x,00)|]) on all tasks across different pre-trained models. For each mask, the amount
of selected parameters (10%) is chosen based on the experiment of Figure [T]

Method ViT-B/32 T5-Small
Abs. (1) Norm. (1) | Abs. (1) Norm. (1)

Pre-trained (Zero-shot) 47.72 - 55.70 -

Non-linear FT (lharco et al.[[2023] 7125 7694 | 6504 8798
TIES-Merging (Yadav et al.|[2023) 74.79 82.84 62.53 94.83
Task-wise AdaMerging (Yang et al.] 2024‘ 73.39 79.02 66.19 89.86
Layer-wise AdaMerging (Yang et al.|[2024 77.06 82.98 66.61 89.86
TaLoS (Ours) 79.67 90.73 65.04 97.22
TaLoS + TIES-Merging 78.15 89.10 54.54 85.42
TaLoS + Task-wise AdaMerging 79.73 90.84 66.47 99.21
TaLoS + Layer-wise AdaMerging 80.25 91.40 66.76 99.63

Table 5: TaLoS on different model merging schemes. Average absolute accuracies (%) and
normalized accuracies (%) of CLIP ViT-B/32 and T5-Small pre-trained models edited by adding
task vectors on each of the downstream tasks. We normalize performance of each method by their
single-task accuracy. Bold indicates the best results. Underline the second best.

then check its intersection over union against the mask predicted on task ¢ (which acts as a ground
truth). A mloU of [ signals perfect mask overlap between tasks. The number of parameters selected
by each mask is 10%, in line with the experiment of Figure[[] Smaller vision models (ViT-B/32)
exhibit high parameter sharing (> 0.7 mloU) of low-sensitivity parameters, while smaller language
models (T5-Small) share fewer (0.3—0.5 mIoU). However, with a fixed 10% mask sparsity, larger
models in both vision and language domains share more low-sensitivity parameters across tasks.

A.8 COMBINING TaLoS WITH OTHER MODEL MERGING SCHEMES
We extend Table[T]in Table b] by testing our TaLoS in combination with other merging schemes

(TIES-Merging [Yadav et al| (2023)) and AdaMerging [Yang et al] (2024))). Specifically, for TIES-
Merging we skip the sparsification part, as the task vectors obtained by TaLoS are already sparse.
Regarding AdaMerging, we test both Task-wise AdaMerging and Layer-wise AdaMerging. As we
can see, in both vision and language experiments, applying TIES-Merging to our TaLoS is harmful.
Seemingly, the signs of task vectors obtained via TaLoS play an important role and disrupting them
according to some heuristics causes a drop in performance. Regarding AdaMerging, we can see that
TaLoS has full compatibility with existing methods for automating the selection of optimal merging
coefficients, highlighting its versatility. However, by itself TaLoS is already robust enough that it
doesn’t benefit this much from neither task-wise tunings nor layer-wise tunings.
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