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Abstract

Multi-task learning (MTL) concurrently trains a model on diverse task datasets to exploit
common features, thereby improving overall performance across the tasks. Recent studies
have dedicated efforts to merging multiple independent model parameters into a unified
model for MTL, thus circumventing the need for training data and expanding the scope of
applicable scenarios of MTL. However, current approaches to model merging predominantly
concentrate on enhancing performance within in-domain (ID) datasets, often overlooking
their efficacy on out-of-domain (OOD) datasets. In this work, we propose LwPTV (Layer-
wise Pruning Task Vector) by building a salience score, measuring the redundancy of pa-
rameters in task vectors. Designed in this way ours can achieve mask vector for each task
and thus perform layer-wise pruning on the task vectors, only keeping the pre-trained model
parameters at the corresponding layer in merged model. Owing to its flexibility, our method
can be seamlessly integrated with most of existing model merging methods to improve their
performance on OOD tasks. Extensive experiments demonstrate that the application of
our method results in substantial enhancements in OOD performance while preserving the
ability on ID tasks.

1 Introduction

Pre-trained models (PTMs) constitute a cornerstone of deep learning, supporting numerous contemporary
methodologies by virtue of their capacity to extract generalized features from vast data repositories (Bom-
masani et al.l [2021; |Zhuang et al., |2020)). Typically, the fine-tuning of pre-trained models with task-specific
data is employed to enhance performance (Shnarch et al.l 2022} Kenton & Toutanoval 2019). This process
yields numerous checkpoints originating from the PTMs (Poth et al., 2021b)). Fine-tuning individual models
for each task incurs substantial storage and deployment costs (Dettmers et al., |2023)). Multi-task learning
(MTL) offers an alternative by training a single model on multiple tasks, reducing storage demands. How-
ever, MTL introduces significant computational overhead and is constrained by privacy concerns due to the
necessity of aggregating diverse datasets (Jin et al.| [2023). Recently, the trend in research has shifted to
an alternative paradigm: merging various individual fine-tuned models into one single multi-task model,
bypassing the requirement for the original training data. This approach, known as model merging, addresses
these limitations by merging model parameters rather than engaging in further training (Wortsman et al.,
2022a; Matena & Raffel, 2022; |Jin et al.,|2023]).

The most typical technique is Weighted Averaging, which directly averages the weights of multiple fine-tuned
models (Wortsman et al.,|2022al). However, averaging often leads to a significant degradation in performance.
To this end, various techniques, including Fisher Merging (Matena & Raffel, 2022), RegMean(Jin et al.,
2023)), and Task Arithmetic (Ilharco et al., |2023)), have been proposed. Although these techniques improve
performance, they primarily focus on improving accuracy within ID datasets - the datasets used to fine-tune
task-specific models. However, real-world applications often encounter data distributions that differ from
those seen during training. The ability of a model to perform well in out-of-domain (OOD) data directly
impacts its reliability, robustness, and deployment in dynamic environments such as healthcare, autonomous
systems. Despite its importance, OOD robustness remains an underexplored aspect in model merging. As
shown in Fig although having better performance on in-domain (ID) data, merged models with current
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Table 1: Summarization of model merging methods: “No Training/ Test” means no need Training/Test set in design-
ing merging coefficient or merging models, “Pruning” indicates discarding parameters in task vectors, “Orthogonal”
in merging coefficients indicates that method is orthogonal to merging coefficient designed by others, “Designed for
OOD?” indicates that the method is specifically designed for merging model on OOD, “Available on OOD” indicates
that the merging model is available to OOD data.

Method No Training set No Test Pruning Merging coefficients Available on OOD Designed for OOD Storage cost
‘Weight Averaging (Wortsman et al.‘72022a: v v X Uniform v X high
Fisher Merging (Matena & Rattel[|2022] X v X Fisher Matrix v X high
RegMean (Jin et al.[[2023] X v X Inner Product Matrix v X high
Task Arithmeftic (Ilharco et al.| 2023} v v X Uniform v X high
Ties-Merging (Yadav et al.[|2023] v v Magnitude Metric Uniform v X low
AdaMerging (Yang et al.[12024b] v X X Optimized v X high
Surgery (Yang et al.]]2024a v X X Orthogonal X X high
PCB-MERGING (Du et al.|[2024] v v PCB matrix (Br © Ai)/ Zfﬂ Bi v X low
FR-Merging (Zheng & Wang|[2025) v v x ME(m) (S8 B(m) v x high
LwPTV (Ours] v v Salience Score Orthogonal v v low

merging methods usually exhibit significant performance degradation on OOD tasks when compared with
pre-trained models, which have stronger generalization capabilities. The primary reason for the performance
drop lies in: fine-tuning updates the parameters of pre-trained models to fit ID datasets, often at the cost
of perturbing generalizable features (Kumar et al.l [2022; [Zhu et al.l |2024). Therefore, a better balance is
needed between preserving generalization and incorporating task-specific adaptations.

In this work, we investigate the feasibility of pruning pa- &2
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ization performance on OOD data of merged models. The &
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tive and redundant information. With in-depth analysis, ID Accuracy (%)

we posit that task-specific discriminative features tend to  Figure 1: ID and OOD performance of model
be diverse across tasks, while redundant or low-signal fea- merging methods on ViT-B/32; see ID and OOD
tures exhibit consistency across task vectors, indicating low tasks in Experiments. Square and circle markers
task-specific relevance. This motivates the hypothesis that denote baseline and baseline4-ours.

shared patterns in task vectors reflect low-salience, potentially non-discriminative modifications that do not
meaningfully contribute to performance, especially in OOD settings. More interestingly, we find that this
diversity of task-specific discriminative features is not uniformly distributed across the model, but rather ex-
hibits a layer-wise structure. Based on these insights, we propose an adaptive method, LwPTV (Layer-wise
Pruning Task Vector for model merging). We define a layer-wise salience score, quantifying the deviation
of a given task vector from the layer-wise mean across tasks. Formally, for each parameter in a layer, this
score captures the absolute difference between its task-specific value and the mean across task vectors. A
low salience score implies the parameter shift is consistent across tasks and thus likely redundant, motivating
its removal in favor of the original pre-trained value. We construct layer-wise masks based on this score and
additionally define a shared mask to preserve ID performance by retaining critical task-specific adaptations
across all tasks. Ours can be used as a plug-and-play approach to enhance OOD generalization of most of
model merging methods due to its flexibility. Extensive experiments prove that ours effectively maintains
the pre-trained model’s generalization ability while leveraging task-specific adaptations, leading to improved
OOD robustness while preserving ID performance.

2 Related work

Multi-task Learning. MTL involves training a model on data from multiple tasks simultaneously, with
the aim of leveraging shared representations to enhance performance across all tasks (Vandenhende et al.
2021; |Zhang et al.| [2023). However, when confronted a new task, MTL requires access to labeled data from
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multiple tasks to train from scratch. This leads to high training costs and limited data accessibility due to
privacy concerns (Pruksachatkun et al., 2020; [Poth et al., |2021a; Weller et al.| 2022} [Fifty et al.| [2021)).

Model Merging. Model merging (Wortsman et all, [2022a; Matena & Raffel, [2022; Tlharco et all, [2023;
[Yadav et al., 2023) aims to combine several fine-tuned task-specific models into a single, unified multi-task
model, by utilizing the existing task-specific model weights without requiring additional training. Model
merging can be classified into two types. The first type involves merging multiple models that were trained
on the same task, with the goal of improving the overall generalization of the model (Gupta et al., [2020;
[Cha et all [2021; [Ainsworth et al., 2023} |Singh & Jaggi, 2020). Another type focuses on merging models for
different tasks in order to enable MTL (Wortsman et al.,|2022a} Tlharco et al.l 2023; |[Yadav et al., |2023} [Yang

et . 2021a).

The second type is our focus. A naive method is model averaging technique, which often leads to significant
performance degradation (Wortsman et all |2022a)). To address the performance gap between fine-tuned
models and the merging model in ID tasks, various methodologies have been proposed. Fisher Merging
(Matena & Raffell 2022) and RegMean enhance model merging by utilizing Fisher infor-
mation matrices and inner-product matrices, respectively, to calculate weighted coefficients for individual
models. Task Arithmetic (Ilharco et al. [2023)) merges models introduce task vector, defined as the param-
eter differences between fine-tuned models and the pre-trained model, which is effective in model merging.
As a follow up, some works are further proposed. For example, Ties-Merging (Yadav et al., [2023) aims to
tackle the task conflicts among multiple models; AdaMerging (Yang et al [2024b)) introduces the adaptive
learning about the merging coefficients; Surgery method (Yang et al., 2024a) addresses representation bias
between merged model and task-specific models; DARE introduces a preprocessing step
called drop and rescale, which reduces interference by randomly eliminating most elements and rescaling the
remaining ones in each task vector before merging fine-tuned LLMs; WEMOoE (Anke et al.| 2024) dynamically
combines shared and task-specific knowledge based on the input sample; PCB-MERGING
effectively addresses parameter competition by adjusting parameter coefficients during the merging process;
FR-Merging (Zheng & Wang, 2025) leverages the Fourier transform to remove low-frequency interference
components from model parameters, effectively mitigating cross-task interference.

The methods discussed above focus on enhancing the ID performance of merging model. While Ties-Merging,
AdaMerging, WEMoE, and PCB evaluate their performance on OOD data, their primary goal is still the
ID tasks. In contrast, we aim to improve merged model on OOD tasks while preserving the ability to tackle
the ID tasks. Besides, ours can be achieved only based on task vectors and can be combined with existing
task vector-based methods in a flexible way.

Out-of-Distribution. A challenge commonly referred to as OOD generalization, continues to pose a
substantial challenge in the field of machine learning. Despite the remarkable zero-shot capabilities demon-
strated by large pre-trained models, such as CLIP (Li et al.,2022; Radford et al., 2021b), further finetuning
on downstream tasks could potentially lead to decreased performance with OOD data (Nguyen et al., [2024;
[Kumar et al.l [2022; [Chen et al.l [2023} |[Shuttleworth et al |2024]). Recent studies have proposed methods to
mitigate this issue. WiSE-FT (Wortsman et al.,|2022b)) enhances the OOD performance of fine-tuned models
by performing linear interpolation between the fine-tuned model and its corresponding pre-trained model.
Model Stock exploits the anchoring effect of pretrained models and the geometric properties of fine-tuning
parameters to utilize two fine-tuned models, obtained through optimization with different random seeds for
the same task, to approximate the center of the parameter distribution (Jang et al., [2024). LiNeS
employs a depth-dependent scaling strategy for parameter updates. These strategies aim to
enhance the fine-tuned model’s performance on OOD tasks. Different from them, ours aims to enhance the
generalization capabilities of merging models, where we design the plug-and-play salience score to prune
redundant parameters of task vectors in a layer-wise manner.

3 Preliminaries

.ol .. .0k

Problem setup. Denote the pre-trained model as f(x;6,,.), where 8,,. = {6, pres - Opre }s

the number of layers and 6/,

. L is
re?
is the parameter of the [-th layer. We aim to fine-tune the model on K
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Figure 2: Tllustration of our LwPTV framework: (a) Obtaining the Layer Mask; (b) Merging Task Vectors. Each
row in the task-vector block corresponds to a layer, where white indicates 0 and black indicates 1. We compute
layer-wise salience scores, threshold them to obtain masks, prune each task vector accordingly, and finally merge the
pruned vectors into the pretrained model.

downstream tasks {T;}5 | to get K finetuned models {f(x;0x)}< |, where each finetuned model has the
same size parameters with pretrained model and 6, = {6}, ...02, 0,% }. Model merging aims to combine
the weights {05} | into a new set of weights 6,,, enabling f(x; 6,,) to perform K tasks without retraining
using task-specific data.

Task vector-based methods. A recent study (Ilharco et al., 2023 proposed the idea of “task vectors”
for model merging, which has been further explored by subsequent research (Yadav et al.|2023; |Yang et al.|
2024b)). A task vector 7y is defined as the difference between the fine-tuned model parameters 6y and the
initial pre-trained parameters 6,,.. Specifically, for the k-th task, its task vector is given as:

Tkzek_apTe7 Tk::{Tlglv---Tléw“Tk{I}' (1)

Now, based on the task vectors, the merged function can be expressed as F(-) as follows:

0m :f(epre;TlaT%"' 7TK)- (2)

For example, in terms of Task Arithmetic, the merged model weights can be expressed as 8,, = Op,c +
)‘2sz1 T, where A denotes the merging coefficient. As for Task-wise AdaMerging, the merged model
weights are computed as 6,, = 0prc + Zi{zl ATk, where A\ denotes the merging coefficient corresponding
to the task vector 1. However, existing methods primarily focus on improving the accuracy of ID data,
neglecting the performance on out-of-distribution OOD data.

4 Our proposed method

This work introduces a novel plug and play method, denoted as Layer-wise Pruning Task Vector for model
merging (LwPTV), to improve the generalization capabilities of merging models, whose overview is shown
in Figl2l We first give the motivation and analysis about the task vector in Sec/4.I] and then introduce the
proposed method in Sec[4.2]

4.1 Motivation and analysis about task vector

As shown in Figll] the merged model exhibits inferior generalization capabilities on OOD tasks but superior
performance on ID tasks when compared with the pre-trained model. According to Eq. [2] merged model 8,,
is composed of 0, and {75}/ . The pre-trained model mainly contains valuable parameters for handling
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OOD tasks as indicated by Fig[l] and 7 have the parameters beneficial for the k-th ID task. Motivated by
this observation, our idea to improve OOD generalization for merged models by discarding certain redundant
parameter layers within the task vectors and replacing them with the corresponding layers from the pretrained
model, making the merged models “closer” to pretrained models where necessary. By doing this, we face
two fundamental questions: (1) Which parameters from task vectors should be pruned? (2) Can
the pruning maintain the performance of merged model on ID tasks?

Before answering these questions, we provide a theoretical analysis of the task vector inspired by |Li et al.
(2025)), a state-of-the-art theoretical work on the generalization of task vectors. |Li et al.| (2025]) theoretically
analyzes one-layer Transformer models based on discriminative patterns that are unique for different tasks.
From Corollary 2 and Lemma 1 of [Li et al| (2025), one can see that, some neurons of the task vectors
for Transformer models can learn the discriminative patterns, while other neurons cannot. Without loss of
generality, our theoretical analysis focuses on Transformer models e.g., ViT (Dosovitskiy et al.l [2020) and
considers one layer, where the task vector in is simplified to 7, = 7. Let g(7%,S) denote the weights of
the neuron at the index set S C L in the task vector 7i, where L is the set of all neuron indices. Define the

diversity (DV') of 7 at neurons from S, with respect to a collection {r; }5(:17 as
| X
DV (g, )i {m 1) = Eo(m:8) = = 3" 9(7.9) ] (3)
j=1

Then, we can derive the following proposition, the proof of which can be found in Appendix

Proposition 1. With a high probability, there exists a set of neurons with indices in S € L, |S| > 1,
where all neurons in S for T, learn discriminative features, while all neurons in S for Ty, fail to learn
discriminative features, ki # ko € [K]. Then, we have

DV(g(7i,, 8): {m5}1%1) > VE - Q(DV(g(h,, S)i {751 /20)) (4)

This result formalizes the intuition that discriminative neurons (parameters) of task vectors exhibit signif-
icantly higher variability across tasks compared to non-discriminative ones. It thus provides a theoretical
justification for using diversity as a criterion for selective pruning. In particular, parameters with low di-
versity, which do not contribute to task-specific discriminative features, can be considered redundant or
non-informative. Consequently, pruning these low-diversity components from 74 and replacing them with
their counterparts from the pre-trained model 8, is unlikely to degrade performance on ID tasks. Instead,
it preserves ID performance while recovering the generalization ability of the merged model by reintroducing
OOD-relevant information encoded in 0),..

4.2 Layer-wise pruning of task vectors

Based on the aforementioned analysis, we consider a straightforward method to enhance the generalization
ability of merging models while preserving its ID performance: Pruning the parameters in task vectors with
low diversity. Recalling that in the deep neural network model, the information learned by each layer is
usually different, and the different layers in each task vector usually have different contributions for the
merging model as stated by [Yang et al.[(2024b). Motivated by Eq we introduce a layer-wise salience score:

K
1
SL:E{HTIi_ngé‘]’SieREW (5)
k=1

where 52 represents the salience score of the [-th layer of the 7. In Eq we first compute the difference
between k-th task vector and mean of all task vectors in layer [, which is a d;-dimensional vector with d;
denoting the dimension of T,i; then we compute the absolute average of the vector along the dimension dj,
resulting in a scalar value. We use sﬁc to estimate whether the layer-wise parameters contain task-specific
information, i.e. have learned the task-relevant discriminative features. The greater the distance between
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k-th task vector and mean task vectors, the larger the sfﬁ, indicating that the [-th layer of the k-th fine-tuned
model contains more task-specific local information. On the contrary, if the value is smaller, it means that
the k-th task is close to all tasks in current layer. That is to say, the parameters of the current layer are
redundant, failing to learn the task-relevant discriminative features, so the parameters in this layer can be
pruned.

To solve the first problem discussed above, we denote the mask vector as a L-dimensional vector, i.e.,
my, = {m!}L | € RE for the k-th task and we design it according to salience scores:
. 1, if sb > sorted(sy)[|L-n]],
my = . (6)
0, otherwise,

where 7 is the hyperparameter controlling the pruning ratio, and sorted(sg)[|L - n|] represents the nL-th
smallest salience score, ensuring that only the top 1 — # fraction of layers with the highest salience scores
are retained. In other words, for each task vector, layers whose salience scores significantly larger are
retained, while layers with lower salience scores—indicating redundant parameters—are replaced with the
corresponding pre-trained parameters. This adaptive pruning mechanism ensures that the merged model
maintains task-specific adaptations while leveraging the generalization capabilities of the pre-trained model,
thereby enhancing OOD robustness. Considering the mask defined independently for each task vector, there
remains a risk that some task-specific mask vectors may remove parameter layers that are crucial for their
respective tasks. To solve the second question mentioned earlier, i.e, maintaining the ability of the merged
model on ID tasks as much as possible, we introduce a shared mask vector that consolidates information
across all mask vectors:

rh:m1Vm2v~-~VmK, (7)

where thy, € R” and V is the OR operation. That is to say, a layer ! in the merged model will be pruned
only if all task-specific mask vectors agree to remove it, i.e., /i = 0 if and only if m}. . = 0. This ensures
that if at least one task requires a particular layer to be retained, we remain it intact in the merged model,
thereby preserving critical task-specific information.

Our proposed masking strategy is flexible so that it can be integrated with existing task vector-based merging
methods. Specifically, it can be applied to the Task Arithmetic, where the merging model 6 is formulated
as follows: . K
O = Opre +H O Y NpTs (8)
k=1
In which, the {/\k}kK:1 values are identical. Besides, this mask vector can also be applied to other methods.
For example, for AdaMerging series methods, which are designed to optimize coefficient A, or )\ﬁc with entropy
minimization, we can optimize \; or )\fc based on equation |8l Considering the learnable )\fc will be amplified
when we introducing the mask, we can further use 5\2 =17+ AL to scale the coefficient after optimizing the
equation[8] A detailed analysis is in the[B.I] of Appendix. We defer the workflow when combining ours with
existing methods to Algorithm [B:2] of Appendix.

Remark 1. By combining the definition of salience score in (@, Proposition |1| indicates that parameters
that learn task-specific discriminative patterns result in a large salience score because these parameters are
diverse with a large variance. Then, that layer in the merged model will be maintained because it preserves
task-specific information. In contrast, parameters that cannot learn task-specific discriminative patterns are
close to each other, leading to a small salience score. Then, that layer in the merged model will be pruned.
This theoretically explains the success of the proposed layer-wise pruning algorithm, which only maintains
layers that learn discriminative patterns.

5 Experiments

Datasets. Following prior work (Ilharco et al.l |2023; [Yadav et al., [2023; [Yang et al., [2024b), we conduct
model merging on eight image classification datasets: Cars (Krause et al[2013), DTD (Cimpoi et al., [2014),
EuroSAT (Helber et al., [2019), GTSRB (Stallkamp et al 2011), MNIST (Deng, [2012)), RESISC45 (Cheng
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Table 2: Performance comparison for ID and OOD datasets on ViT-B/32 and ViT-L/14.

Dataset (—) In Domain Out of Domain H-score
Method () Avg. C10 C100 EMN FMN FER F102 F101 KMN OxP PCA RSS STL Ima Avg.
Pretrained 48.0 89.8 642 172 63.0 39.0 66.3 827 9.8 874 60.6 58.6 97.1 63.3 61.5 53.9
Individual 90.5 65.5 37.3 182 54.8 322 478 583 85 76.9 54.1 559 88.4 485 49.7 64.2
Weight Averaging (Wortsman et al.|[2022a] 65.8 89.5 64.2 288 65.1 364 64.5 79.7 7.4 86.7 59.4 57.7 96.4 61.6 61.3 63.5
Task Arithmetic (Ilharco et al. 69.1 76.3 419 285 639 263 494 55.8 9.0 754 54.0 53.4 87.8 45.0 51.3 58.9
w/ LwPTV (Ours) 72.8 88.3 60.1 30.4 65.9 36.5 62.9 79.9 7.4 85.4 59.5 59.0 96.4 60.6 60.91°° 66.377*
Ties (Yadav et al. 72.9 853 552 265 64.1 336 59.0 740 8.5 830 584 55.6 944 56.3 58.0 64.6
Q w/ LwPTV (Ours 72.7 89.1 61.5 29.3 65.7 37.0 63.5 80.4 7.4 85.5 59.8 59.4 96.6 61.1 61.31% 66.57"°
o TW AdaMerging (Yang et al.[[2024b] 711 78.6 45.9 30.6 63.5 28.7 51.1 59.9 8.2 79.0 53.4 540 89.1 49.5 53.2 60.9
0 w/ LwPTV (Ours) 75.4  81.2 47.0 31.3 626 32.3 56.3 73.1 7.7 81.2 55.7 57.8 93.7 54.1 56.51% 64.67%7
5 TW AdaMerging++ (Yang et al|[2024b] 73.7 79.3 455 28.1 63.2 304 51.7 643 8.3 781 54.6 54.1 90.6 50.6 53.7 62.1
w/ LwPTV (Ours 76.1  83.2 49.1 30.7 628 32.5 55.4 73.8 8.0 79.9 56.3 56.7 94.2 53.5 56.61%? 64.97%8
LW AdaMerging (Yang et al.][2024b] 80.1 821 50.7 28.7 63.2 37.8 583 738 8.8 824 57.3 58.0 94.3 54.6 57.7 67.1
w/ LwPTV (Ours 77.3  88.8 61.3 30.6 66.1 38.4 64.3 80.6 7.6 86.3 60.1 59.4 96.6 61.2 61.77"° 68.67" "
LW AdaMerging++ (Yang et al.|[2024b] 81.1 839 517 272 627 36.1 574 742 9.1 824 564 57.8 94.3 547 57.6 67.4
w/ LwPTV (Ours 77.1 89.0 61.8 29.9 65.8 37.5 63.9 80.4 7.8 86.0 59.6 58.9 96.5 61.1 61.47°% 68.47"°
PCB-MERGING (Du et al. 75.8 777 436 26.0 61.2 294 529 654 8.8 793 53.6 52.2 90.5 50.8 53.2 62.5
w/ LwPTsﬁm; 77.3  86.5 57.1 29.8 64.3 35.9 60.7 78.2 7.6 84.6 58.4 57.7 95.6 59.5 59.71¢:5 67.4 T
FR-Merging (Zheng & Wang][2025] 78.1 76.6 45.9 23.8 61.7 385 548 69.6 8.9 82.6 558 554 90.7 55.5 55.4 64.8
w/ LS&W{WTI 747  87.1 60.3 26.7 64.5 38.7 63.8 79.1 7.2 86.4 60.4 56.5 95.6 61.5 60.67° 66.9 T
Pretrained 64.5 95.6 758 15.6 66.9 382 79.2 93.1 104 934 51.2 68.9 994 755 66.4 65.4
Individual 94.2 88.6 652 19.3 66.6 385 73.7 894 102 924 594 624 97.8 725 64.3 76.4
Weight Averaging (Wortsman et al.|[2022a) 79.6 95.9 79.6 222 715 387 79.0 924 87 93.6 59.0 64.1 99.2 758 67.7 73.2
Task Arithmetic (Ilharco et al. 84.5 934 73.0 28.7 732 382 742 886 9.3 927 61.4 586 982 729 66.3 74.3
w/ prqmml 85.6  95.6 78.8 244 73.4 40.1 77.6 92.5 84 93.8 60.2 63.4 99.1 76.0 67.97"¢ 75,7+
Ties (Yadav et al.|[2023] 86.0 945 746 27.2 725 388 75.1 90.3 85 929 60.5 59.7 98.5 742 66.7 75.1
= w/ LwPTV (Ours 86.9 95.1 76.9 262 73.2 39.6 76.5 92.3 8.7 93.7 59.5 63.7 99.0 75.7 67.71*:° 76.1 T
Sy TW AdaMerging (Yang et al.[[2024b] 843 909 67.1 252 71.9 366 69.3 852 92 1.8 59.4 57.2 97.2 696 639 727
0 w/ LwPTV (Ours 89.0 90.4 654 25.4 70.7 39.7 68.5 87.5 9.2 92.7 58.6 63.2 97.3 70.6 64.57°6 74.8 +**
5 TW AdaMerging++ (Yang et al|[2024b] 87.5 91.3 66.7 245 71.0 369 69.1 867 82 91.8 57.5 57.6 97.5 70.2 63.7 737
w/ LWwPTV (Ours 89.7 91.3 67.0 25.8 70.6 39.2 68.6 88.4 8.4 92.6 57.8 65.3 97.6 71.2 64.972 75.37'
LW AdaMerging (Yang et al.|[2024b] 90.8 922 69.5 29.9 721 385 70.8 90.1 86 92.6 60.1 63.3 98.0 725 66.0 76.4
w/ LwPTV (Ours 89.8 95.1 77.0 26.2 73.3 40.4 75.2 92.1 8.7 93.6 59.9 65.5 98.9 75.4 68.47>* 77.77!?
LW AdaMerging++ (Yang et al.|[2024b] 91.0 935 718 29.9 723 384 712 90.3 87 928 60.6 60.4 982 72.7 66.2 76.6
w/ LwPTV (Ours 80.7  95.1 77.3 280 73.1 40.1 75.0 92.1 8.7 93.6 59.3 65.7 99.0 75.3 67.91"7 77.3T07
PCB-MERGING (Du et al. 87.6 93.0 70.9 27.6 723 388 740 896 9.1 927 61.1 57.8 98.3 73.5 66.0 75.3
w/ LwPTs/_(mJ 88.1 94.6 75.3 27.5 73.0 39.8 76.2 91.9 88 93.5 60.1 62.6 98.9 75.5 67.57"° 76.4 T
FR-Merging (Zheng & Wang] [2025] 88.3 923 713 27.3 716 389 757 90.9 10.1 93.6 59.9 61.7 98.5 745 66.6 75.9
w/ LSWWTI 87.8 94.0 75.3 28.6 72.5 39.2 76.9 92.0 9.1 93.9 59.6 62.9 98.8 75.5 67.67" " 76.4 T0°

2017)), SUN397 (Xiao et al [2016), and SVHN (Netzer et all,2011). To assess OOD generalization, we
evaluate the merged models on 13 OOD benchmarks (Wang et al., [2024bj [Zhou et al.| 2022): CIFAR10 (C10)
(Krizhevsky et al.|{2009)), CIFAR100 (C100) (Krizhevsky et al.,|2009), EMNIST (EMN) (Cohen et al.l 2017),
FashionMNIST (FMN)(Xiao et all, 2017), FER2013 (FER) (Goodfellow et all, [2013), Flowers102 (F102)
(Nilsback & Zisserman| 2008), Food101 (F101) (Bossard et al., 2014), KMNIST (Clanuwat et all [2018)
(KMN), OxfordIIITPet (OxP) (Parkhi et al., 2012), PCAM (PCA) (S.Veeling et al., |2018)), RenderedSST?2
(RSS) (Socher et al.,|2013; Radford et al.2019), STL10 (STL) (Coates et al.,[2011) and ImageNet-1k (Ima)
(Deng et al., [2009). Additional dataset details are provided in Appendix [B.3]

Baselines & details. We consider following baselines, including Weight Averaging (Wortsman et al.,[2022a)),
Fisher Merging (Matena & Raffel, [2022), RegMean 2023)), Task Arithmetic (Ilharco et al., 2023),
Ties-Merging (Yadav et al., 2023), AdaMerging (Yang et al., 2024b)), Surgery (Yang et al., 2024a)), PCB-
MERGING (Du et al [2024) and FR-Merging (Zheng & Wang) 2025). We employ ViT-B/32, ViT-L/14 and
ViT-H/14 from CLIP (Radford et al., |2021a) as our pre-trained models, respectively. Motivated by
2024), we employ the H-score as evaluation metric, defined as the harmonic mean of the performance
on ID and OOD datasets and stated in Appendix [B:4] For image classification tasks, our method uses
the baseline hyperparameters from the original references, with a fixed pruning ratio of n = 0.7. Detailed
configurations are provided in Appendix

5.1 Main results

Comparison with other methods. We summarize the characteristics of baselines and ours in Tab[]]
for a clear comparison. As listed in Tab we evaluate the performance of merging model ViT-B/32 and
ViT-L/14 on ID and OOD datasets respectively. Individual indicates K task-specific fine-tuned model
parameters {0;} | without model merging. For ID tasks, each task is only tested by the corresponding
individual model; for OOD tasks, each OOD task can be evaluated by all individual models, respectively,
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Figure 3: H-score of existing model Figure 4: Ablation on ViT-B/32; Sa, Figure 5: Performance of Task Arith-
merging methods with and without V, and Sc denote Salience score, OR, metic+LwPTV with varying 7.
ours on ViT-H/14. and scaling.

followed by the average operation. Due to the unavailability of Fisher Merging and RegMean, and their
suboptimal performance on ID datasets, we did not test their performance on OOD datasets. Besides,
Surgery is not available in OOD tasks since it needs to learn a representation surgery module on ID task.
The detailed performance of various methods including Fisher Merging, RegMean and Surgery on the ID
dataset are deferred to Appendix [B.5] due to limited space.

From Tab we have the following observations: (1) For the non-model merging baseline, the Pretrained
model exhibits robust generalization capabilities on OOD datasets, whereas the Individual fine-tuned models
demonstrates inferior OOD performance and superior ID performance. The underlying cause is that the
Pretrained model acquires generalized features from the large-scale pre-training datasets and the Individual
Fine-tuned model undergoes feature distortion specific to the current task. (2) For the model merging
baselines, Weight Averaging is equivalent to computing the mean of various task vectors and incorporating
these into the pretrained model. This method minimizes alterations to the parameters of the pre-trained
model, thereby yielding superior OOD generalization performance. Ties prunes task vectors, yielding good
OOD performance but relatively weak ID results. TW/LW AdaMerging and PCB aggressively reweight
task vectors, and FR-Merging amplifies task-specific high-frequency signals, which improves ID accuracy
but harms OOD robustness due to heavy perturbations to pretrained parameters. (3) LwPTV is a plug-and-
play technique that enhances the generalization of existing model merging schemes on OOD datasets while
minimizing the degradation on (even improving) the ID performance. For instance, on ViT-B/32, ours yields
additional improvements of 7.4%, 1.9%, 1.5%, 4.9%, and 2.1% in H-score values compared to the baseline
results of Task Arithmetic, Ties, LW AdaMerging, PCB and FR-Merging, respectively. (4) To investigate
whether ours is effective for more larger pre-trained model, we conducted experiments on ViT-H/14 in Fig
proving its effectiveness and robustness on pre-trained model; see more details in Appendix

Effect of our components. We conduct ablation studies based on Task Arithmetic and LW AdaMerging
with ViT-B/32. LwPTV includes three components: salience score, OR operation (V), and coefficient scaling
(scale) for LW AdaMerging, which learns the layer-wise merging weights. To systematically investigate the
contribution of each individual component, we remove each component and observe the resultant impact.
Especially, for w/o salience score, we design the pruning metric based on the mean absolute value of the
task vectors across each layer i.e., E(|71|). The results are illustrated in Fig see details in Tab and Tab@
of Appendix. We can find that w/o salience score but using E(|7¢|) can degrade the H-score a lot, where
the performance drop is mainly on ID. Besides, those variants with salience score are better than original
merging model methods, indicating the effectiveness of our designed salience score in balancing ID and OOD.
In addition, w/o OR operation means that we discard more layer-wise parameters in task vectors depending
only on salience score, which also reduces the H-score of merged model. When combining ours with LW
AdaMerging, removing scaling strategy is also harmful for the merged model. It proves the effectiveness of
our proposed OR operation and scaling strategy.

Comparison with OOD methods for fine-tuned models. To explore the advantages of ours, we
consider following methods specifically designed for enhancing the OOD performance of fine-tuned models:
WISE-FT (Wortsman et al.| 2022b)), Model Stock (Jang et al,2024)), and LiNeS (Wang et al.2024a). Among
them, WiSE-FT and Model Stock are specifically designed for the CLIP architecture, and LiNeS targets the
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ViT architecture within CLIP. We implement these methods on fine-tuned models and then merge the
multiple fine-tuned models with Task Arithmetic. As listed in Table[3] all methods can enhance both ID and
OOD performance of the merged model, but ours performs best. As a strong baseline, LiNeS outperforms
LwPTYV in terms of ID performance, which can be attributed to its amplification of task-specific parameters.
However, it is still inferior to LwPTV about the OOD performance and overall H-score. Additionally, for
different methods and architectures, LiNeS requires the validation set to determine the optimal scaling
coeflicient, whereas our pruning ratio of 0.7 is generally applicable. This further demonstrates the advantage
of LwPTYV in balancing the ID and OOD performance of the merged model. See more details in Appendix
B.8]

Comparison with other pruning meth- Table 3: Comparison with other OOD methods (above) and prun-
ods. To investigate the superiority of our ing methods (below) on ViT-B/32.

method over other pruning methods, we em- Performance ((‘?)) (=) ID. Avg OOD. Avg H-score
plOy the fOHOWlng pruning baselines: (1) Baseline| Task Arithmetic (Ilharco et al.]|2023) 69.1 51.3 58.9
DARE (Yu et all [2024), Drops delta pa- w/ WiSE-FT (Wortsman et al.|[2022b] _ 70.5 55.4 62.0
- " OOD w/ Model Stock (Jang et al.[|2024) 72.0 58.7 64.7
rameters with a ratio p And REscales; (2) w/ LiNeS (Wang ot al.|[3024a] 741 58.0 65.1
; _ ; ; w/ DARE _(Yu ct al.|[2024) 191 615 546
Magnitude-based Weight Pruning (MWP) _— o MWD (Easharat HE0a0} o A P
(Sanh et all [2020), which determines the 8 w/ random mask 49.1 61.7 54.7
w/ absolute value 48.9 61.5 54.5

mask based on the absolute value of each ~g,.5 w/ LwPTV 72.8 609  66.3 (17D

parameter within task vector; (3) random
mask, wherein the mask is stochastically generated via a Bernoulli distribution; (4) the mean absolute value
of the task vectors per layer, denoted as absolute value. As depicted in Tab[3] LwPTV’s H-score exceeds that
of the most favorable Magnitude-based Weight Pruning among the four baselines by 3.2%. Although random
mask exhibits superior performance on the OOD dataset, it incurs a significant performance deterioration
on the ID dataset. This demonstrates that LwPTV’s effectiveness of proposed salience score in pruning
parameters. See more details in Appendix [B:9]

5.2 Additional analysis

Trade-off between ID and OOD. To explore the impact of pruning ratio n on the trade-off between
ID and OOD task performance, we conducted the experiments using Task Arithmetic w/ LwPTV on the
ViT-B/32 and ViT-L/14. Notably, n serves as a parameter to balance the pretrained model and task vectors
of the fine-tuned models. 7 = 1 signifies a predominance of the pretrained model, while n = 0 represents
the original merging model. We can see that the OOD performance gradually increases with a development
pruning ratio. Conversely, the ID task performance shows an initial improvement followed by a decline. It
is reasonable since a proper pruning ratio can increase the ID and OOD performance for pruning redundant
parameters and improve the generalization performance. And a too large pruning ratio will prune the useful
parameters for ID tasks and hurt its performance, indicating the trade-off between ID and OOD tasks.
Besides, a pruning ratio n between 0.6 and 0.8 offers a relatively desired trade-off, ensuring improved OOD
performance while maintaining desired ID accuracy, where we set n = 0.7 for all experiments.

Salience score and mask vectors. To facilitate an intuitive analysis of salience score, masks associated
with each task vector and their interrelationships, we visualize them for ViT-B/32 in Fig@ We can see that,
for different tasks, the salience score vectors usually have low values in certain same layers, indicating their
redundancy in these layers. Besides, in each salience score vector, most of the elements have low values, which
explains why the model produces better OOD and ID performance even when we throw away most layers
(pruning ratio n = 0.7). Therefore, the mask vectors of different tasks have a lot of overlapping layers, which
can be viewed as those parameters unimportant to all tasks. Those non-overlapping mask information might
be viewed as the beneficial parameters for the corresponding ID task, which is the reason that we choose
to keep them. Therefore, we adopt the OR operation to extract a shared mask vector from all masks, i.e.,
replacing these overlapping layers with the corresponding layers of pre-trained model. To explore whether
ours can extract the discriminative features intuitively, we present a T-SNE visualization for features from
Task Arithmetic and the Task Arithmetic+LwPTV on OOD tasks in Fig[7] Compared to Task Arithmetic,
introducing our LwPTV can enhance the separability of representations across different categories. Due to
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Figure 7: T-SNE visualizations
of (a) Task Arithmetic, and (b)
Task Arithmetic w/ LwPTV on
CIFARI10.

space limitations, we report additional results in Appendix [B]and Appendix [C] including NLP experiments,
storage overhead analysis, and further experimental analyses.

6 Conclusion

In this work, we first systematically analyze existing model merging techniques and identify their limitations
in generalizing to OOD data. To address this issue, we propose a novel plug-and-play framework, termed
LwPTV, and introduce a training-free salience score to measure the redundancy of task vectors. By pruning
the layer-wise parameters with low salience score, ours enhances the OOD generalization capability of merged
models while preserving ID performance. Extensive experimental results demonstrate that our approach
significantly improves the OOD generalization performance of existing model merging algorithms.
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A Theoretical analyses

A.1 Proof of proposition 1

We start by introducing the theoretical setting.

Theoretical formulation. Consider a binary classification problem, where the target is to pre-
dict y € {+1,—1} given the input X = (z1,x2, - - ,xp) € R¥¥ that contains P d-dimensional to-
kens. Following the state-of-the-art theoretical works (Li et all [2023; Makkuva et al. 2024; |Li et al.|
2024; |Jiang et al., 2024)) on the generalization and learning dynamics of neural models, we use a one-
layer single-head Transformer as the learner model for theoretical analysis, which can be characterized as
f(X;0) =1/P 2113:1 a; Relu(V Zle xssoftmax;(z] Wz,)), where 8 = {{a;}_,,V,W} with a; € R™,
V € R™¥4 and W € R4, softmax;(z] Wx;) = e‘”;r"vwl/Z:;D:1 e®s War, Relu(z) = max{0, z}.

Denote Ti, k < K as the k-th task function that we aim to learn with the training dataset {X™,y"}\_,.
Starting from the initialization 6., we train the model using stochastic gradient descent with Hinge loss to
obtain the fine-tuned model ;. The task vector is then computed as 7, = 0 — 0.
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The data formulation follows Definition 2 of |Li et al| (2025), where the label of each data for task Ty is
determined by the majority between tokens with two discriminative features pr, and —pr, . If the number
of tokens equal to p7;, (or —pp;,) is large than that of —py, (or pr,), then y = +1 (or y = —1). Each
data can also contain task-irrelevant tokens from an orthonormal set {vy,vs, -, v} that are orthogonal
to discriminative features. Given 7, k € [K], trained with a batch size of B > Q(e~2?log M) to achieve an €
generalization error on 7, denote uz as the i-th row of the part of V in 1. Then, we can prove Proposition
[@ as follows.

Proof. By Corollary 2 and Lemma 5 of [Li et al| (2025, we know that with a constant probability, which we
denote by p, ui, k € [K], i € [m], learns the discriminative feature. Then, with a high probability of 1 — p|
there exists k1 # ko € [K], such that the é-th neuron of 7, learns discriminative features, while the i-th
neuron of T, fails to learn discriminative features.

By their Definition 4 of |Li et al.| (2025)), we have that for any S,

[l > Q(m=172). 9)

By Lemma 5 in [Li et al. (2025)), we know that neurons of 73, in S are mainly in the direction of pr, or
—p7,, with the norm of all other directions smaller than a 1/v/ M scaling of that in the direction of the
discriminative pattern. Then, the variance of lucky neurons in different task vectors can be computed as

DV (g(mh,. S)i {7 }521) :E{Hg("’ﬂ’s) - % igm"”)m (10)
>1S] - Qm ™).

Hence, the diversity of neurons that learn discriminative patterns is in the order of |S| - Q(m~1/2).

For neurons that learn no discriminative features, k € [K], ¢ € [m], we have

DV (g1, () <8 o)~ 3 5|

<IS|-O(m™1)-

=l

The last step comes from that (i) ||g(Tk,,S)|| < O(m~1/2)/log B/B. (ii)

K
1 1
=Y g(r;,8)| <Om™1?) . —. (12)
ISt -
Then, by combining and , we have
DV (g(7i,, )i {mi}j21) = VK - Q(DV(g(7hy, S); {15}521))- (13)
O

B Experimental details

B.1 The analysis of scaling

To investigate the impact of LwPTV (w/o scale) on the layer-wise coefficients )\ﬁ€ of LW AdaMerging, we have
plotted a comparative figure of the unpruned layer coefficients under two scenarios: LW AdaMerging and
LW AdaMerging w/ LwPTV. The results are illustrated in Fig and Fig In these figures, Zszl()\k)
represents the sum of the coefficients of K tasks on the [-th layer. It can be clearly observed from these
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(a) Lw AdaMerging w/ LwPTV wvs. Lw AdaMerging (b) Lw AdaMerging w/ LwPTV vs. Lw AdaMerging
on ViT-B/32. on ViT-L/14.

Figure 8: The variations in A} of unpruned layers subsequent to the application of the LW AdaMerging and
LW AdaMerging w/ LwPTV.

two figures that the )\5C obtained after pruning and optimization are significantly increased. This is because,
during the process of optimizing )\f~c by entropy minimization, the adjustable coefficients )\L are amplified to
enhance the influence of unpruned parameters in order to minimize the loss function as much as possible. This
allows the merged model to maintain its ID performance even as the pruning ratio continuously increases, but
its OOD performance does not show a significant improvement. In order to improve the OOD performance,
we further use /A\gC =n- A, to scale the coefficient after optimizing the equation

B.2 Algorithm
For Task Arithmetic, Ties, TW AdaMerging, TW AdaMerging++, LW AdaMerging, LW AdaMerging-++,

PCB-MERGING and FR-Merging, we present the algorithmic workflows of their integration with LwPTV
in Algorithm

B.3 Dataset details

Following Yadav et al. (Yadav et al., [2023} |Zhou et al. |2022)), we utilize eight datasets, including Stanford
Cars (Krause et al.| 2013), DTD (Cimpoi et al., 2014), EuroSAT (Helber et al., 2019), GTSRB (Stallkamp
let al., 2011), MNIST (Deng} [2012), RESISC45 (Cheng et al., 2017)), SUN397 (Xiao et all |2016), and SVHN
(Netzer et al} 2011)), for merging vision models. These datasets are considered ID datasets. Following Wang
et al. (Wang et al, [2024Db), we select CIFAR100 (Krizhevsky et all 2009), STL10 (Coates et al., 2011)),
Flowers102 (Nilsback & Zisserman, 2008), OxfordIIITPet (Parkhi et al., 2012), PCAM (S.Veeling et al.
2018), FER2013 (Goodfellow et all [2013), EMNIST (Cohen et al., 2017), CIFAR10 (Krizhevsky et al.
2009), Food101 (Bossard et al., [2014)), FashionMNIST (Xiao et al., [2017), RenderedSST2 (Socher et al.
2013} [Radford et all [2019)), KMNIST (Clanuwat et al., 2018)) and ImageNet-1k (Deng et al., 2009) as OOD
datasets. The details of these datasets are shown in Tab[]

B.4 Evaluation metrics

To rigorously assess the efficacy of our method in enhancing the generalization capability of model merging
methods on OOD datasets, while concurrently preserving their efficacy on ID datasets, we utilize a key
evaluation metrics: H-score. The H-score is defined by the harmonic mean of the mean performance for the
ID datasets, denoted as Avg(Prp), coupled with the mean performance for the OOD datasets, denoted as
Avg(Poop). It can be formulated as follows:
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Algorithm 1 Overall algorithm when combining our LwPTV with existing model merging methods.

1: Input: pre-trained model parameters 6,,.., K task-specific fine-tuned model parameters {0;}  and
hyperparameter 7;
for k =1to K do
Compute the task vector 7y :
T = ek - 0pre§
Compute the salience score sy of 7 by equation
Compute the mask my, by equation [6}
end for
Calculate the final mask m by equation [7}
# Model merging methods execute:
If Task Arithmetic: 6,, = Opre + 1D O X 2521 Th.
: If Ties: Perform trim and sign election operations on {th ® 74} | to obtain {#}£ |, then perform
am — Upre +)\Zk 1Tk
: If TW AdaMerging: Get {)\k}k ; by minimizing entropy based on equation I then perform equa-
tion B
13: If TW AdaMerging++: Perform trim and sign election operatlons on {m o7} | to obtain {# }X_,,

— =
= O

—_
[\

then get {)\k}k . by minimizing entropy based on 6, + Zk 1 AT, then perform 0,, = Opre +

i M.
14: If LW AdaMerglng Get {{A\L}E 1K | by minimizing entropy based on equation ' then perform

O = Opre + 10O {37 nAL TR
15: If LW AdaMerging++: Perform trim and sign election operations on {1h® 74}, to obtain {Tk}k 15

and then get {{ALYE 3K | by minimizing entropy based on 6. + {Zk (AL E | then perform 6,

Opre +{Zk LT
16: If PCB: Based on {m ©) Tk}k | to get importance score {B1}K |, then perform 8, = 6,.. + M ©

Zk 1 ﬂkQ)\ka>/Zk 1Bz

17: If FR-Merging:Apply a Fourier filter to remove low-frequency components from {th ® 74, }< | yielding
-1 R
{#}E_,. Then compute merging coefficients {\,E(7) (Zszl E(%k)) < . Finally, perform 6, =

epre + Zli{:l )‘kE(i'k) <ZkK:1 E(%k)> - Th-

2 x Avg(Prp) x Avg(Poop)
Avg(Prp) + Avg(Poop)

Py = (14)

B.5 ID performance

We evaluate the performance of our proposed method alongside baseline approaches on ID datasets across
three distinct architectures, namely ViT-B/32, ViT-L/14, and ViT-H/14. The corresponding results are
systematically summarized in Tab/5]and Tab[6] respectively. The experimental results demonstrate that our
method, when integrated with existing model merging methods, induces minimal performance degradation
on ID datasets, and in some cases even enhances ID performance. This improvement can be attributed to the
reduced parameter conflicts achieved through our task vector pruning strategy, which effectively mitigates
interference between different task-specific parameters.

B.6 Performance comparison on ViT-H/14

Tab[7] demonstrates the comparative evaluation of our method against multiple baselines across ID and OOD
datasets, implemented on the ViT-H/14 architecture. It can be seen that although the ViT-H/14 model is
already very large, there is still a gap in the generalization performance between the pretrained model and
the individual fine-tuned model on the OOD datasets. Therefore, our method still works. Experimental
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Table 4: In Domain and Out of Domain datasets details

%:,:2;1522((7)) Type Sample Size Test Set Sample Size Number of Classes Samples per Class Class Balance
Stanford Cars 16185 8041 196 1:1 split Yes
DTD 5640 1880 47 40 Yes
EuroSAT 27000 2700 10 2000-3000 Yes
GTSRB D 51839 12630 43 / No
MNIST 70000 10000 10 1000 Yes
RESISC45 31500 6300 45 approximately 700 Yes
SUN397 108754 7940 397 at least 100 images per category No
SVHN 60000 26032 10 / No
CIFAR100 60000 10000 100 100 Yes
STL10 13000 8000 10 800 Yes
Flowers102 8189 6129 102 per class 40-250 No
OxfordIIITPet 7349 3669 37 approximately 100 Yes
PCAM 327680 40960 2 / /
FER2013 00D 35887 7178 7 / No
EMNIST 280000 40000 10 4000 Yes
CIFARI10 60000 10000 10 1000 Yes
Food101 101000 25250 101 250 Yes
FashionMNIST 70000 10000 10 1000 Yes
RenderedSST2 9613 1821 2 /
KMNIST 70000 10000 10 1000 Yes
ImageNet1000 3200000 50000 1000 / No

results reveal that our method yields significant performance gains over existing techniques, with H-score
improvements of 1.4%, 0.9%, 1.3%, and 0.5% over Task Arithmetic, Ties, PCB, and FR-Merging respectively,
when combined with these approaches.

B.7 More ablation study details

Tab[§l and Tab[J provides a detailed summary of the experimental results from our comprehensive ablation
studies performed on the ID dataset and OOD dataset.

B.8 Comparison with OOD methods for fine-tuned models

Tab[11] and TablI2| provide a detailed summary of the experi- Table 10: The comparison of layer-wise prun-
mental results comparing OOD methods for fine-tuned models ing and parameter-wise pruning on ViT-B/32.

on the ID dataset and OOD dataset. Following Wortsman et al. Method (1) H-score Time consumption
(Wortsman et al.| [2022b)), we set the mixing coefficient a = 0.5 ~ 22t Ta;k/’::}:f\;“" s o
for WiSE-FT. For the Model Stock, we employed the fine-tuning Ours | w/LwPTV 663 9.0s

code from Ilharco et al. (Ilharco et all [2023) and set the random seed to 10 to obtain the second set of
fine-tuned models. We set the search range for A in the Task Arithmetic to (0,1] with a step size of 0.1
based on Ilharco et al. (Ilharco et al., [2023; |Wang et al., [2024a)).

B.9 Comparison with other pruning methods

Tab[T1]and Tab[I2] provide a detailed summary of the experimental results comparing other pruning methods
on the ID dataset and OOD dataset. In which, for the DARE and random mask methods, we select the best
results obtained from three runs with different random seeds.

B.10 The analysis of layer-wise pruning and parameter-wise pruning

To investigate the distinctions between layer-wise pruning (LwPTV), which computes significance scores
layer by layer, and parameter-wise pruning (PwPTV), which computes significance scores for individual
parameters, under identical experimental setups, we conducted a comparative analysis, with a focus on
performance and time consumption, based on the Task Arithmetic method on the ViT-B/32 architecture.
The results are delineated in Tab[IOl The detailed results of the two methods on the ID and OOD datasets
are presented in Tab[I3]and TablT4] respectively. From this, it can be observed that LwPTV achieves better
performance with less time consumption. This performance improvement can be attributed to LwPTV,
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Table 5: Performance comparison for ID datasets on ViT-B/32 and ViT-L/14.

Method ({) SUNB397 Cars RESISC45 EuroSAT SVHN GTSRB MNIST DTD  Avg.
Pretrained 62.3  59.7 60.7 45.5 31.4 32.6 485 438 48.0
Individual 753 TT.7 96.1 99.7 97.5 98.7 99.7  79.4 90.5
Weight Averaging (Wortsman et al.|[2022a) 65.3 63.4 71.4 71.7 64.2 52.8 87.5 50.1 65.8
Fisher Merging (Matena & Raitel] |2022) 68.6  69.2 70.7 66.4 72.9 51.1 87.9  59.9 68.3
RegMean (Jin ot al.| [2023) 65.3  63.5 75.6 78.6 78.1 67.4 93.7  52.0 71.8
AdaMerging w/ Surgery (Yang et al.||2024a) 69.8 71.0 88.9 98.1 91.7 96.5 98.8 73.6 86.1
Task Arithmetic (Ilharco et al.||2023) 55.2 54.9 66.7 78.9 80.2 69.7 97.3 50.4 69.1
w/ LwPTV (Ours) 66.8 66.0 77.2 79.1 78.3 68.7 92.3 54.4 72.8(t37
8 Ties (Yadav et al.| [2023] 65.0 64.4 74.8 77.4 81.2  69.3 96.5 54.5 72.9
~ w/ LwPTV (Ours) 67.6 66.7 77.4 77.4 7.7 66.8 92.4 55.3 727002
E" TW AdaMerging (Yang et al.| [2024b) 58.0  53.2 68.8 85.7 81.1 84.4 92.4  44.8 71.1
S w/ LwPTV (Ours) 61.6 59.7 77.0 87.3 87.0  84.9 95.5 50.6 75.4(T%3)
TW AdaMerging++ (Yang et al.] [2024b) 60.8  56.9 73.1 83.4 87.3  82.4 95.7  50.1 73.7
w/ LWwPTV (Ours) 63.0 63.2 78.5 84.9 88.4 79.1 96.7 55.1 76.1(+29
LW AdaMerging (Yang et al.||2024b) 64.5 68.1 79.2 93.8 87.0 91.9 97.5 59.1 80.1
w/ LwPTV (Ours) 68.0 68.5 80.7 88.3 80.0 81.2 941 577 773029
LW AdaMerging++ (Yang et al.|[2024b) 66.6  68.3 82.2 94.2 89.6  89.0 98.3 60.6 81.1
w/ LwPTV (Ours) 68.9 69.0 81.0 85.8 82.2 76.7 95.0 582 77.10%0
PCB-MERGING (Du et al.|[2024) 63.8  62.0 77.1 80.6 87.5  178.5 98.7  58.4 75.8
w/ LWPTV (Ours) 68.6 67.7  80.7 83.0 85.4 77.2 96.2 60.0 77.3(+1:%
FR-Merging (Zheng & Wang][2025] 66.2  64.5 77.2 90.1 85.4  82.3 98.5 60.0 78.1
w/ LwPTV (Ours) 67.2 67.8 77.9 81.9 75.5 74.9 93.8 584 74703
Pretrained 66.8  77.7 71.0 59.9 58.4 50.5 76.3  55.3 64.5
Individual 82.3 924 97.4 100 98.1 99.2 99.7  84.1 94.2
Weight Averaging (Wortsman et al.|[2022a) 72.1 81.6 82.6 91.9 78.2 70.7 97.1 62.8 79.6
Fisher Merging (Matena & Raitel] |2022) 69.2  88.6 87.5 93.5 80.6 74.8 93.3  70.0 82.2
RegMean (Jin et al.| [2023) 73.3  81.8 86.1 97.0 88.0 84.2 98.5  60.8 83.7
AdaMerging w/ Surgery (Yang et al.||2024a)  80.3 90.8 94.3 98.2 94.1 98.7 99.2 82.5 92.3
Task Arithmetic (Ilharco et al.||2023) 73.9 82.1 86.6 94.1 87.9 86.7 98.9 65.6 84.5
w/ LwPTV (Ours) 74.7 86.2 89.3 94.6 86.7 86.1 98.8 68.6 85.6(T11)
o Ties (Yadav et al.|[2023] 76.5  85.0 89.3 95.7 90.3  83.3 99.0  68.8 86.0
< w/ LwPTV (Ours) 76.3  87.4 90.9 95.1 89.1 87.3 99.0 70.5 86.9(t%9
: TW AdaMerging (Yang et al.|[2024b) 75.6 835 79.7 90.3 83.5 96.5 98.0 67.3 84.3
S w/ LwPTV (Ours) 76.7 88.5 87.7 96.3 90.7  97.6 98.7 175.6 89.0(t*7)
TW AdaMerging++ (Yang et al.| [2024b) 76.6  86.2 85.6 94.6 89.7  96.8 98.2  72.1 87.5
w/ LwPTV (Ours) 78.0 89.3 89.3 96.4 91.8 96.4 98.8 77.2 89.7(+2:2
LW AdaMerging (Yang et al.| [2024b] 79.0  90.3 90.8 96.2 93.4  98.0 99.0 79.9 90.8
w/ LwPTV (Ours) 79.0 90.3 91.6 95.7 89.3 96.4 98.8 77.6 89.801"
LW AdaMerging++ (Yang et al.|[2024b) 79.4 90.3 91.6 97.4 93.4 97.5 99.0 79.2 91.0
w/ LwPTV (Ours) 79.2  90.1 92.4 96.4 89.1 94.9 98.8 76.6 89.7C1
PCB-MERGING (Du et al.| [2024]) 76.2  86.0 89.6 95.9 89.9 92.3 99.2 71.4 87.6
w/ LwPTV (Ours) 76.8 88.2 91.1 95.8 89.2 92.1 99.1  72.7 88.1(t%5
FR-Merging (Zheng & Wang||2025) 76.4 87.0 90.2 96.8 92.0 92.8 99.3 71.5 88.3
w/ LwPTV (Ours) 74.0 87.5 90.0 96.5 88.9  95.2 99.2 71.0 87.800%
Table 6: Performance comparison for ID datasets on ViT-H/14.
Method ({) SUN397 Cars RESISC45 EuroSAT SVHN GTSRB MNIST DTD Avg.
Pretrained 73.8 93.4 75.7 73.1 52.5 58.4 72.8 67.8 70.9
Individual 81.7 95.1 97.5 99.3 98.1 99.3 99.7 83.8 94.3
Weight Averaging (Wortsman et al.| 2022a) 76.2 94.5 85.8 92.7 84.6 79.8 97.5 70.1 85.2
Task Arithmetic (Ilharco et al.||2023) 77.0 94.5 89.6 94.7 91.3 91.0 99.3 69.6 88.4
w/ LwPTV (Ours) 78.0 95.2 92.0 96.4 92.1 90.4 99.1  71.8 89.4(+1.0)
Ties (Yadav et al.|2023) 7.7 94.8 90.1 94.3 91.2 86.8 99.0 70.1 88.0
w/ LwPTV (Ours) 78.9  95.2 92.6 96.3 93.8  91.2 99.3 71.3 89.8(+18)
PCB-MERGING (Du et al.|[2024) 778 946 90.6 96.2 93.5 95.1 99.4 764 90.5
w/ LwPTV (Ours) 78.9 95.3 92.8 96.7 94.0 95.2 99.3  78.7 91.4(+1.8)
FR-Merging (Zheng & Wang|[2025) 95.3 82.7 97.5 97.7 99.5 91.3 92.5 77.2 91.7
w/ LwPTV (Ours) 95.4 82.8 97.4 96.2 99.4 91.4 91.1  77.0 91.3 (04
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Table 7: Performance comparison for ID and OOD datasets on ViT-H/14.

Dataset (—) In Domain Out of Domain H-score
Method () Avg. C10 C100 EMN FMN FER F102 F101 KMN OxP PCA RSS STL Ima  Avg.

Pretrained 70.9 97.4 847 141 790 362 80.1 922 11.7 945 510 64.0 985 77.9  67.8 69.3

Individual 94.3 91.7 726 187 742 374 77.7 888 101 934 521 63.9 974 750  65.6 77.4

Weight Averaging (Wortsman et al.||2022a) 85.2 97.1 83.0 215 79.7 382 79.7 915 99 943 51.3 639 98.6 77.7 68.2 75.8

Task Arithmetic (Ilharco et al.|[2023) 88.4 944 748 28.9 787 381 77.9 880 94 933 52.3 629 976 75.0  67.0 76.2
w/ LwPTV (Ours) 89.4 96.4 81.4 286 79.9 39.0 79.3 91.6 9.7 94.3 51.7 64.1 98.5 77.7 68.6 (*1% 77.6 (+19

Ties (Yadav et al.|[2023] 88.9 95.0 764 27.0 78.8 384 786 892 9.2 938 51.9 641 980 76.0 674 76.7
w/ LwPTV (Ours) 89.8 96.0 79.9 27.7 79.5 38.8 79.1 91.4 9.5 94.3 51.7 64.1 98.5 77.5 68.3 (1°9 77,6 (+0-9)

PCB-MERGING (Du et al.|[2024] 90.5 93.5 727 278 788 373 768 87.9 94 933 52.4 633 97.7 75.0  66.6 76.7
w/ LwPTV (Ours) 91.4 95.3 78.0 28.2 79.3 38.6 78.6 91.1 9.4 943 519 64.1 98.4 77.3 68.0 (*1V 78.0 (+1:3)

FR-Merging (Zheng & Wang][2025] 91.7 945 757 29.9 787 383 774 904 9.7 937 52.8 64.1 982 765  67.7 77.9
w/ LwPTV (Ours) 91.3 96.4 81.0 298 80.0 38.8 78.8 91.6 9.6 94.4 527 64.3 98.6 77.7 68.7 (F10) 78,4 (+0:5

Table 8: The ablation study of LwPTV on the ViT-B/32 regarding the ID dataset.
Method Components Performance (%)
Salience Score V Scale SUN397 Cars RESISC45 EuroSAT SVHN GTSRB MNIST DTD Avg.
X X - 55.2  54.9 66.7 78.9 80.2 69.7 97.3 504 69.1
_ 5

Task Arithmetic (flharco ot al] [2023) v X 68.1  65.7 76.0 77.4 69.2 61.2 87.1 544 69.9
d X /oo 64.3  62.1 65.0 57.9 35.9 36.6 47.6 459 51.9
v vooo- 66.8  66.0 77.2 79.1 78.3 68.6 92.3 544 728
X X X 64.5  68.1 79.2 93.8 87.0 91.9 97.5  59.1 80.1
v/ vooX 66.0  67.7 82.0 91.4 87.5 87.7 97.3  59.0 79.8
LW AdaMerging (Yang et al.|[2024b) v X v 68.6  66.6 79.8 83.7 79.1 75.4 91.4 573 752
X v 7/ 64.5  62.5 67.2 62.4 38.3 39.7 47.8  46.7 53.6
v v o/ 68.0  68.5 80.7 88.3 80.0 81.2 94.1  57.7 773

which aligns the representations of OOD data generated by the merged model more closely with those
produced by the pretrained model, thereby significantly enhancing OOD performance.

B.11 Neural network component analysis

To investigate whether our method primarily prunes task vectors specific to certain structures, such as pa-
rameters in MLP, whose pre-trained parameters inherently have stronger generalization capabilities, leading
to the effectiveness of LwPTV. We conducted a more in-depth analysis of ours by categorizing the layers of
ViT into three types: Attention Layer, MLP Layer, and Other Layer (including position embedding,
layer normalization, etc.). We then analyzed their salience scores of the task vectors for SUN397. As shown
in Fig[T0| the salience scores do not reflect this trend, suggesting that ours does not selectively filter out
specific types of layers. Therefore, the effectiveness of ours lies in pruning the redundant parameters, instead
of pruning certain layer types.

B.12 LwPTV aligns the representations between the merged model and the pretrained model

To investigate how our method LwPTV influences the merged model in generating representations for OOD
data, we compute two sets of ¢ distances: (1) Task Arithmetic vs. Pretrained model (2) Task Arithmetic
w/ LwPTV wvs. Pretrained model. The results are shown in Fig@ It can be seen that LwPTV aligns the
representations between the merged model and the pretrained model. This observation is consistent with
our goal and further supports the notion that our method improves OOD performance.
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Table 9: The ablation study of LwPTV on the ViT-B/32 regarding the OOD dataset.

Method Components Performance (%)
Salience Score V Scale C10 C100 EMN FMN FER F102 F101 KMN OxP PCA RSS STL Ima Avg.
X X - 763 41.9 285 63.9 26.3 494 55.8 9.0 754 54.0 53.4 87.8 45.0 51.3
. . v X - 894 62.6 285 66.1 386 648 81.2 7.2 86.5 59.6 59.2 96.9 62.2 61.8

Task Arithmetic (TIh t al.][2023

ask Arithmetic (Tharco et a X /- 903 644 17.9 63.8 394 66.5 827 9.4 86.9 59.0 57.0 97.1 62.7 61.3
v /- 883 60.1 304 659 365 629 79.9 7.4 854 59.5 59.0 96.4 60.6 60.9
X X X 821 50.7 28.7 63.2 37.8 583 73.8 88 824 57.3 58.0 94.3 54.6 57.7
v v/ X 841 520 30.1 641 37.1 59.6 76.5 83 83.3 57.6 58.1 95.4 56.4 58.7
LW AdaMerging (Yang et al.|[2024b v X / 884 60.7 30.6 658 387 63.5 804 7.2 86.0 59.4 588 96.7 61.3 61.3
X v/ v/ 904 645 195 64.5 39.0 65.1 820 9.2 855 57.4 56.0 97.0 61.3 60.9
v / / 888 61.3 30.6 66.1 384 643 80.6 7.6 86.3 60.1 59.4 96.6 61.2 61.7

Table 11: Comparison with other OOD methods (above) and purning methods (below) on ViT-B/32 on the ID

dataset.
]ﬁzf}fifj(a’)) SUNB397 Cars RESISC4 EuroSAT SVHN GTSRB MNIST DTD Avg.
Baseline| Task Arithmetic (Ilharco et al.}|2023) 55.2 54.9 66.7 78.9 80.2 69.7 97.3 50.4 69.1
w/ WISE-FT (Wortsman et al.}|2022b 60.6 59.0 70.2 79.4 78.2 68.6 96.1 51.5 70.5
00D Model Stock (Jang et al.][2024] 60.7 650  75.0 81.7 80.0 68.5 95.2  49.6 72.0
w/ LiNeS (Wang et al.| [2024a 63.9 639 751 85.6 79.4 72.2 96.2 565 74.1
w/ DARE (Yu et al.| 2024 64.6 587 605 47.4 32.1 33.6 51.0 44.8 49.1
Prunin w/ MWP (Sanh et al.| 62.6 616 721 78.1 80.0 69.9 96.6  53.0 T71.7
g w/ random mas 66.2  59.9  61.3 48.6 32.1 32.3 48.2 445 49.1
w/ absolute value 64.6 61.0 60.7 47.1 32.0 32.8 48.4 44.4 489
Ours w/ LwPT 66.8 660  77.2 79.1 78.3 68.6 92.3 544 728
ImageNet 13.9400 ImageNet 13.9400
STL10 STL10
RSST2 12.8720 RSST2 12.8720
PCAM A PCAM
OxPet - OxPet
KMNIST 11.8040 KMNIST 11.8040
F101 F101
F102 1 10.7360 F102 10.7360
FER - FER
FMNIST A FMNIST
EMNIST 6.6888 EMNIST 6.6888
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SEEVEERV TR SEZZEEEEEZGS2
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(a) Task Arithmetic vs. Pretrained model

(b) Task Arithmetic w/ LwPTV wvs. Pretrained model

Figure 9: Visualization of /5 distance between merged model representations and pre-trained model repre-
sentations.

B.13 Additional analysis on out-of-domain (OOD) datasets

To further clarify the behavior of our method on out-of-domain
(OOD) tasks, we include here a detailed supplementary analy-
sis. Specifically, we investigate how the effectiveness of LwPTV
varies with the degree of distributional shift between in-domain
(ID) and OOD datasets. This experiment complements Sec5.1]
in the main paper and aims to demonstrate that our method
primarily benefits truly challenging OOD scenarios rather than those that are superficially similar to the ID

data.
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Table 15: Performance and distance com-
parison on ViT-B/32.

Groups ({)

Method ()

OOD Acc. (%) Distance

Task Arithmetic

51

.3

Demanding OOD */ ooy (Ours) 60.9 6.3
Task Arithmetic 61.7
Basy OOD "/ 1 WPTV (Ours) 60.9 35
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Table 12: Comparison with other OOD methods (above) and purning methods (below) on ViT-B/32 on the OOD
dataset.

Dataset (—)

Method (1) C10 C100 EMN FMN FER F102 F101 KMN OxP PCA RSS STL Ima Avg.

Baseline | Task Arithmetic (Ilharco et al.}|2023) 76.3 41.9 28.5 63.9 26.3 49.4 55.8 9.0 754 54.0 53.4 87.8 45.0 51.3
w/ WIiSE-FT (Wortsman et al.|[2022b) 81.6 49.9 29.6 64.5 30.3 55.2 65.9 8.4 81.1 56.7 54.2 91.4 52.0 55.4

OOD Model Stock (Jang et al.]]2024) 86.6 57.7 30.9 65.1 321 60.8 74.9 8.7 84.2 57.0 54.4 94.9 56.5 58.7
w/ LiNeS (Wang et al.[|2024a) 84.4 54.9 30.3 654 33.6 604 73.7 8.4 83.6 58.8 51.4 93.9 55.6 58.0

w/ DARE (Yu et al.!|2024) 88.7 64.7 20.8 64.1 38.0 65.9 82.3 8.8 87.0 61.7 58.2 96.9 63.1 61.5

Prunin w/ MWP (Sanh et al.[|2020) 83.7 52.1 27.8 644 32.0 56.1 69.2 8.2 81.3 57.5 54.2 92.9 53.6 56.4
g w/ random mask 89.6 64.9 18.1 63.9 38.8 66.5 82.9 9.4 87.7 60.2 59.2 97.0 63.6 61.7

w/ absolute value 89.9 64.6 17.5 63.7 38.8 66.6 82.9 9.4 874 60.2 57.9 97.2 63.3 61.5

Ours w/ LwPT 88.3 60.1 304 659 36.5 629 79.9 74 854 59.5 59.0 96.4 60.6 60.9

Table 13: The comparison of layer-wise pruning and parameter-wise pruning on ID datasets.

Dataset (—) SUNS397 Cars RESISC4 EuroSAT SVHN GTSRB MNIST DTD Avg.

Method ({)
Baseline | Task Arithmetic (Ilharco et al.||2023) 55.2 54.9 66.7 78.9 80.2 69.7 97.3 50.4 69.1
Ours w/ PwPTV 59.8 59.0 70.6 79.0 81.9 72.2 97.2 52.3 T71.5
w/ LwPTV 66.8 66.0 77.2 79.1 78.3 68.6 92.3 54.4 728

Experiment setup: We created two test groups. One is demanding OOD, i.e., our main benchmark of
13 OOD datasets and 8 ID tasks used in the paper. Another is easy OOD, a control group where we used
two of the ID datasets (MNIST and EuroSAT) as the OOD tasks and set the remaining six as ID tasks. To
prove the "easy" group was indeed more similar, we measured the Mahalanobis distance between the ID and
OOD datasets, resulting in an 8x13 distance matrix for demanding OOD and a 6x2 matrix for easy OOD
in the control group. As shown in Tab the averaged distance for the "easy" group was much lower (3.5)
than for our main demanding benchmark (6.3), confirming it was less of a challenge. Results and insight:
We evaluate Task Arithmetic and Task Arithmetic + LwPTV under both settings. As shown in Tab.
LwPTYV yields a large improvement under the demanding OOD setting but no gain under the Easy OOD
setting. This outcome indicates that LwPTYV is not a generic booster but a principled method that improves
performance on challenging, truly out-of-distribution scenarios by preserving the generalizable features of
80

the pre-trained model.
0 140
keep all 17 of these layers unpruned, and (V2) we prune L
ayers

only the final layer normalization weight while keeping Figure 10: The salience score of the task vectors
the other 16 bias layers. As shown in the Tab[I6] neither it} qifferent components on ViT-B/32.

variant improves performance over our method, suggest-

ing that the salience score correctly identifies these layers as redundant and pruning them helps improve
OOD generalization. Second, from the perspective of feature learning, we provide a simple theoretical jus-
tification for why pruning layers with high mean absolute values but low cross-task variance, which are
mainly bias layers, is reasonable. Consider a linear layer f(z) = Wax + b. During gradient updates, the
gradient with respect to W depends on the input x, so the corresponding component of the task vector, i.e.,

B.14 Analysis of layers with high mean magnitude but low variance

To further examine the validity of our salience score and 0.00040 7 [ Mip Layer
explore the role of layers with high mean absolute values 0.00035 - [ ] Attention Layer
but low variance, we conducted an additional analysis on ' [ Other Layer
the ViT-B/32 model. First, in the ViT-B/32 model, we 0.00030 1

16 are bias layers and the remaining one is the final layer
normalization weight (model.ln_ final.weight). We then
evaluated two variants of our pruning strategy: (V1) we 0.00000 -

0.00005

identified layers that exhibit high mean absolute values £ 0.00025

and low cross-task variance, and experimentally verified f?j

that removing these layers does not harm performance. %

Specifically, we found 17 such layers, all of which are &

0 40 60

0.00020

0.00015
pruned by our proposed method, LwPTV. Among them, 0.00010 4 H
2

100 120
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Table 14: The comparison of layer-wise pruning and parameter-wise pruning on OOD datasets.

Dataset (—) C10 C100 EMN FMN FER F102 F101 KMN OxP PCA RSS STL Ima Avg.

Method ({)
Baseline | Task Arithmetic (Ilharco et al.||2023) 76.3 41.9 285 63.9 26.3 49.4 55.8 9.0 75.4 54.0 53.4 87.8 45.0 51.3
Ours w/ PwPTV 80.4 46.6 27.8 64.5 29.0 53.0 63.9 8.4 79.0 56.8 54.1 90.8 50.1 54.2
w/ LwPTV 88.3 60.1 304 659 365 629 799 74 854 59.5 59.0 96.4 60.6 60.9

the accumulated gradient updates for W, contains task-specific information related to z. In contrast, the
gradient with respect to b is independent of the input, and thus the corresponding component of the task
vector lacks discriminative information across tasks. As a result, although the magnitude of the task vectors
for the bias may be large, they lack diversity. According to Proposition 1, our diversity-based salience score
is designed to identify and prune precisely such non-diverse, task-irrelevant layers, as its large magnitude is
misleading in the context of finding task-specific information.

B.15 Effect of the number of in-domain tasks on LWPTV

To further assess the stability of our salience score and examine whether Table 16: Performance compari-
LwPTYV depends strongly on the number of in-domain tasks K, we con- son on ViT-B/32.
duct an additional study on ViT-B/32 by varying K from 2 to 8. This Method (1) D 0OD H-scoro

analysis complements our main results (where K = 8) and evaluates ~Task Arithmetic 69.1 51.3 _ 58.9
whether the diversity-based salience estimation remains reliable in low- :’/; Etzzg }g ifgg:g Zg'g g}'g gg‘i
task settings. As shown in Tab[T7] the relative H-score improvement when Ours 72.8 60.9  66.3

applying LwPTYV to the Task Arithmetic baseline increases steadily as K

grows. This trend aligns with Proposition our salience score identifies task-specific features (high di-
versity) by measuring deviations from the cross-task mean, and larger K yields a more stable estimate of
"common" adaptation. As a result, a greater number of tasks creates a clearer signal that leads to more
precise pruning and larger OOD gains.

Importantly, LwPTV also remains effective under low-task scenarios. Even with only K = 2 tasks, we
observe a substantial improvement of 2.0 in H-score over the baseline, indicating that the method is robust
and beneficial even with a small number of tasks. Overall, these findings empirically support the theoretical
analysis and confirm that LwPTYV scales favorably with the number of tasks while retaining practical utility
in small-K scenarios.

B.16 Effect of normalization on the salience score

To evaluate whether differences in parameter scale across Table 17: Relative performance improvement
layers may bias the salience score computation, we conduct as the number of ID tasks changes.

a controlled experiment applying layer-wise normalization Task Num 2 3 2 5 6 7 P
to task vectors before computing salience. Specifically, for H-score +2.0 +3.3 +3.5 +3.8 +4.5 46.0 +7.4
each layer, we subtract the mean and divide by the standard

deviation of its task-vector entries. This standardization enforces equal scale across layers and removes
magnitude differences.

As shown in Tab[T8] this normalization substantially degrades performance: the H-score drops from 66.3 to
59.1 on ViT-B/32. The reason for this is that for task vectors, the scale of parameters across layers is a
meaningful signal that reflects task-specific adaptation. The original magnitude and variance of the param-
eters at different layers naturally encode their relative importance for the downstream tasks. Normalization
erases this vital information by putting all layers on an equal footing. This can amplify noise in layers with
small-magnitude changes and mislead the pruning process. Therefore, we compute salience score in the
original parameter space to preserve the informative structural differences across layers.

B.17 Storage overhead
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LwPTV can effectively diminish the storage requirements for task vectors Table 18: Effect of layer-wise
for each merging method. As shown in Tab[I9] we report the storage cost normalization on H-score (ViT-
derived from various model merging techniques applied to the ViT-B/32 p /32).

architecture. It can be seen that, LwPTV can significantly reduce the

. K R i Method H-score
storage cost of the merged model in various methods. Since both Ties Task Arithmetic 539
and PCB prune the parameters, applying ours to them further lead to w/ LwPTV (Ours) 66.3
w/ LwPTV + Normalization 59.1

smaller storage cost.

Table 19: The storage cost of various model merging methods on ViT-B/32 and ViT-L/14.

Model Architecture W“fz;‘,‘]‘;dﬂ(]—(‘b Pretrained model Task Arithmetic ~ Ties ~TW AdaMerging TW AdaMerging++ LW AdaMerging LW AdaMerging++ PCB  FR-Merging

X 432.77 MB 432.77 MB 285.25 MB 432.77 MB 285.25 MB 432.77 MB 285.25 MB 123.39 MB  432.77 MB
v - 226.75 MB 220.03 MB 226.75 MB 220.03 MB 226.75 MB 220.03 MB 115.23 MB  226.75 MB

1306.77 MB 1306.77 MB 965.18 MB 1306.77 MB 965.18 MB 1306.77 MB 965.18 MB 397.26 MB  1306.77 MB
- 836.35 MB 788.08 MB 836.35 MB 788.08 MB 836.35 MB 788.08 MB 377.21 MB  836.35 MB

ViT-B/32

ViT-L/14 ;

B.18 Time complexity analysis

To investigate whether our method incurs signifi- Table 20: Time complexity on ViT-H/14.
cant computational overhead for layer-wise pruning Method (1) w/o LwPTV w/ LwPTV
on larger models, we conducted a time complexity Task Arithmetic (Ilharco et all[2023) 57.5s 74.9s

: ; ; Ties (Yadav et al.| [2023) 147.2s 214.8s
analysis based on the ViT-H/14 architecture. Sup- PCB (D ot all 2021) 1861 05 102865
pose the model has L layers, the [-th layer has d; = FR-Merging (Zheng & Wang]} [2025) 692.64s 710.04s

parameters, and K models need to be merged: (1)
The time complexity of calculating E (‘T]i -+ Zszl T,i‘) is O(KLd;). (2) When the [-th layer of the final

mask 1 is 0, we directly set the [-th layer parameters of the merged task vector to 0. In the worst case,
all parameters need to be set to 0. In this case, the time complexity is O(Ld;). So the total time com-
plexity is O(K Ld;). In addition, we list the time overhead of Task Arithmetic, Ties, PCB and FR-Merging
with and without LwPTV on ViT-H/14 in Tab[20} The results show that whether we introduce ours into
Task Arithmetic, Tie, PCB or FR-Merging, it takes no more than 67.6 seconds. The time introduced by
ours is acceptable or can even be ignored, especially for the model merging algorithms, which are relatively
time-consuming such as PCB.

B.19 Computational resources

Following Ilharco et al. (Ilharco et al.l |2023]), we fine-tune separate instances of the pretrained ViT-H/14 on
eight distinct datasets: Cars, DTD, EuroSAT, GTSRB, MNIST, RESISC45, SUN397, and SVHN. Training
employs the AdamW optimizer with a learning rate of 0.001 and a batch size of 128. To ensure convergence
while mitigating overfitting, dataset-specific training epochs are assigned: 35 epochs for Cars, 76 for DTD,
12 for EuroSAT, 11 for GTSRB, 5 for MNIST, 15 for RESISC45, 14 for SUN397, and 4 for SVHN. All
implementations use PyTorch on NVIDIA A800 GPUs.

B.20 NLP task

To evaluate the performance of our method on NLP tasks, we conducted experiments using Th-Large-LM-
Adapt as the base model. We selected PAWS, QASC, QuaRTz, StoryCloze, WikiQA, Winogrande, and
WSC as the ID datasets (Derek et al., 2024]), and rte, cb, wic, copa, h-swag, anli-rl, anli-r2, and anli-r3 as
the OOD datasets (Sanh et al., 2022). As shown in Tab in contrast to image classification tasks, the
merged model demonstrates significantly better OOD performance than the pretrained model in the field of
NLP. This superiority can be attributed to the high degree of semantic space overlap across different tasks,
domains, and fields in NLP (Dosovitskiy et al., 2020; Hou & Kung, 2022). This overlap implies that the
ID task vectors contain information that is beneficial for OOD tasks (Arora et al., [2021} Lewis et al. |2021;
Elangovan et al.l [2021). In other words, the discriminative patterns of OOD tasks have a non-zero mapping
onto the discriminative patterns of ID tasks (Li et al.|2025). Under these circumstances, enhancing the OOD
performance of the merged model requires amplifying the role of task-specific parameters within the ID task,
which can be achieved by pruning redundant parameters. Unlike images, which are spatial and have higher
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Table 21: Performance comparison for ID and OOD datasets on T5-large.

Dataset (—) In Domain Out of Domain H-score
Method (1) Avg. rte c¢cb wic copa h-swag anli-rl anli-r2 anli-r3 Avg.
Pretrained 14.9 53.1 33.9 51.4 55.0 30.5  32.3  35.4  32.8 40.6 42.7
Individual 85.6 56.0 39.8 51.1 58.3 29.6  32.5  34.1  33.2 41.8 56.2
Weight Averaging (Wortsman et al.||2022a) 60.5 47.7 48.2 49.5 55.0 30.1 33.7 34.9 33.3 41.5 49.2
Task Arithmetic (Ilharco et al.|[2023) 73.3 48.0 50.0 49.7 73.0 28.6  34.1 349  33.1 43.9 54.9
w/ Ours 76.3 66.1 57.1 50.3 71.0 28.7 31.5 34.9 33.0 46.6(+2:7) 57.9 (+3.0)
Ties (Yadav et al.]|2023] 71.0 64.3 62.5 52.5 70.0 30.2 33.9 358  35.0 48.0 57.3
w/ Ours 71.9 67.9 67.9 52.4 74.0 31.2 33.0 37.2 34.8 49.8 (+1.8) 5g.g (+1.5)
PCB-MERGING (Du et al.][2024] 75.9 70.0 64.3 51.7 73.0 30.6 35.1 36.4 34.3 49.4 59.8
w/ Ours 75.8 70.0 62.5 52.2 78.0 31.2 35.0 36.3 33.7 49.9 (+0.:5) go.2 (+0.4)
FR-Merging (Zheng & Wang]|2025) 73.9 50.9 48.2 50.5 72.0 28.3  34.2  34.3  32.8 43.9 50.1
w/ Ours 75.4 52.3 48.2 50.3 74.0 28.9 34.5 34.6 32.5 44.4 (+0.5) 559 (40.8)

Table 22: Performance comparison for ID datasets on T5-large.

Method ({) PAWS QASC QuaRTz StoryCloze WikiQA Winogrande WSC Avg.

Pretrained 481  33.8 53.1 47.0 37.9 50.9 43.3 44.9

Individual 954 976 91.9 90.4 95.8 79.2 51.0 85.9

Weight Averaging (Wortsman et al.|[2022a) 55.9  71.6 54.4 56.4 76.7 53.4 54.8 60.5

Task Arithmetic (Tlharco et al.| [2023) 64.6 744 75.0 80.8 92.8 63.1 62.5 73.3
w/ Ours 85.5 77.4 77.9 81.0 85.7 67.2 59.6 176.3 (+3.0)

Ties (Yadav et al.|[2023) 92.6  62.6 75.0 785 58.7 75.7 53.8 71.0
w/ Ours 92.8 67.0 77.1 78.8 55.6 76.3 55.8 71.9 (109

PCB-MERGING (Du et al.|[2024) 92.3 784 77.3 76.8 70.8 74.4 61.5 75.9
w/ Ours 922 79.0  76.6 76.0 69.9 74.3 62.5 758 (0D

FR-Merging (Zheng & Wang] [2025) 84.7  66.0 70.8 78.4 92.9 64.9 59.6 73.9
w/ Ours 85.8  68.6 71.9 81.5 93.1 65.4 61.5 75.4 (1.8

redundancy with many local blocks containing overlapping information, allowing for robust compression by
deleting entire Transformer layers while preserving important global information and reducing overfitting
to high-frequency noise or specific dataset artifacts (Chen et all 2022; [Hou & Kung| 2022)), language is
sequential with meanings that are compositional and context-sensitive. Discarding entire layers might disrupt
the sentence-level or token-level dependencies crucial for semantic understanding (Sajjad et al., |2023} Ding
et al., 2025} [Kenton & Toutanova, 2019). Therefore, for NLP tasks, we perform parameter pruning at
the parameter level. As shown in Tab[2I] compared to the baseline methods Task Arithmetic, Ties, PCB,
and FR-Merging, our method achieves relative improvements of 3%, 1.5%, 0.4% and 0.8% on the H-score,
respectively. The detailed results on the ID dataset are presented in Tab[22]

B.21 Parameter settings

Since the tasks and model architectures vary across our experiments, our hyperparameter selection strategy
also differs accordingly.

B.21.1 Vision tasks

The vision experiments involve ViT-B/32, ViT-L/14, and ViT-H/14. To ensure fair comparison, we follow
the tuning protocol below:

Tuning protocol.

o ViT-B/32 / ViT-L/14: We use the optimal hyperparameters reported in prior works and evaluate
both baseline and baseline+QOurs under these fixed settings.

o ViT-H/14: Since ViT-H/14 is fine-tuned by us, we first conduct a grid search within the hyperpa-

rameter ranges suggested by prior works to identify the optimal configuration for the baseline. We
then apply the same configuration to the baseline+Ours setting for a fair comparison.
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Hyperparameters. Following (Yadav et al. |2023; [Yang et al. 2024bga; Du et al., 2024; |Zheng & Wang),

2025, we use:

e Task Arithmetic: A = 0.3

e Ties: A =0.3 (ViT-B/32), A = 0.4 (ViT-L/14, ViT-H/14); retain the top-20% parameters
¢ PCB: )\ = 1.2, mask ratio r = 0.05

o FR-Merging: A = 0.7(ViT-B/32, ViT-L/14), A = 0.6(ViT-H/14); filter ratio f = 0.7;

e Ours (LwPTYV): pruning ratio n = 0.7

B.21.2 NLP Tasks

For T5-Large-LM-Adapt, although baseline and baseline4+Ours use separate hyperparameter selections, the
search ranges are consistent across both settings. Specifically, for models based on T5-Large-LM-Adapt, the
existing baseline results are incomplete and were obtained with relatively narrow hyperparameter ranges. To
ensure fairness, we independently tune the hyperparameters for both the baseline and baseline+Ours within
the broader ranges provided in the relevant literature.

Search ranges. Following (Ilharco et al. [2023} [Yadav et al.l 2023; [Du et al.| 2024; Derek et al.| 2024} Zheng]

2025)), we adopt:

e Task Arithmetic: A € [0.1,1.5] (step 0.1)

o Ties / PCB: mask ratio r € {0.05,0.1,0.2}; A € [0.1,2.5] (step 0.1);
o FR-Merging: A € [0.1,1.0] (step 0.1); filter ratio f € [0.1,1.0] (step 0.1)
e Ours (LwPTYV): pruning ratio n € [0.1,0.7] (step 0.1)
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Figure 11: T-SNE visualizations on STL10 comparing Task Arithmetic without and with LwPTV .

C Additional visualization results

C.1 T-SNE visualization

To explore the effectiveness of ours intuitively, we also present a T-SNE visualization for Task Arithmetic
and the Task Arithmetic+LwPTV on OOD tasks, where the STL10 dataset is shown in Fig[TT] Compared to
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Figure 12: Visualization of (a) salience score matrix, (b) mask vector for each task, and (c) final mask vector, all on
ViT-L/14, where x-axis denotes the layer index, y-axis in (a-b) denotes task name.
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Figure 13: Visualization of (a) salience score matrix, (b) mask vector for each task, and (c) final mask vector, all on
ViT-H/14, where x-axis denotes the layer index, y-axis in (a-b) denotes task name.

Task Arithmetic, our LwPTV demonstrates significantly enhanced the separability of representations across

different categories.

Furthermore, the intra-class clustering exhibits greater compactness when employing

our approach. It indicates that introducing our proposed mask vector to prune the task vectors, LwPTV
can extract discriminative features and thus enhances the generalization ability of the merged model.

C.2 Salience score and mask vectors

To facilitate an intuitive analysis of salience score, masks associated with each task vector and their interre-
lationships, we also visualize them for ViT-L/14 in Fig and ViT-H/14 in Fig
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