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Abstract

Model merging aims to integrate task-specific
abilities from individually fine-tuned models
into a single model without extra training. In
model merging methods, the task vector has
become a fundamental building block, as it
can encapsulate the information from fine-
tuning. However, the merged model often
suffers from performance degradation due to
conflicts caused by task-irrelevant redundancy
in task vectors. To address these challenges,
we propose Purified TAsk VEctors (PAVE) in
knowledge-aware subspace. Concretely, we
sample training examples from each task, and
feed them into their fine-tuned models to ac-
quire covariance matrices before linear layers.
We then perform a context-oriented singular
value decomposition, which accentuates the
weight components most relevant to the target
knowledge. As a result, we split fine-tuned
model weights into task-relevant and redun-
dant components in the knowledge-aware sub-
space, and purify the task vector by pruning
redundant components. To induce fair pruning
efforts across models, we further introduce a
spectral rank allocation strategy by optimizing
a normalized activated pruning error. The task
vector purification by our method as a plug-and-
play scheme is applicable across various task
vector-based merging methods to improve their
performance. In experiments, we demonstrate
the effectiveness of PAVE across diverse merg-
ing methods, tasks, and model architectures.!

1 Introduction

Transformer-based models, including large lan-

guage models (LLMs) (Devlin et al., 2019; Liu

et al., 2019; He et al., 2020; Radford et al., 2019;

Touvron et al., 2023; Achiam et al., 2023) and

vision models (Dosovitskiy et al., 2020; Radford

et al., 2021) have found widespread applications
*Corresponding author: Yibo Yang

'Our code and models are released at: https://github.
com/ABgit111/purified_task_vector.

across various domains. Supervised fine-tuning
(Radford et al., 2018; Hu et al., 2022) is a com-
mon technique to enhance downstream task per-
formance. Despite the effectiveness of multi-task
learning (MTL) in acquiring versatile abilities
across multiple domains (Caruana, 1997; Zhang
and Yang, 2018; Vandenhende et al., 2021), its
applicability will be limited when data access is
restricted or computational resources are limited.
To address this challenge, model merging has been
proposed, aiming to construct a single model by
combining parameters from domain-specific mod-
els, without relying on any training or fine-tuning
efforts.

Among merging methods, Task Arithmetic (II-
harco et al., 2022) has achieved great success by
introducing the task vector, defined as the differ-
ence between the fine-tuned model weights for a
certain task and the base model. Task vectors cap-
ture the update direction of each task, enabling
efficient composition of knowledge from multiple
fine-tuned models while preserving their distinctive
features. As a result, they have become a funda-
mental building block in subsequent studies (II-
harco et al., 2022; Cheng et al., 2025; Du et al.,
2024; Huang et al., 2024). However, plain task vec-
tors often contain substantial redundancy, as not
all parameter shifts during fine-tuning contribute
to task-specific capabilities (Yu et al., 2024). The
redundant or noisy components may interfere with
the valuable components from other task vectors
during merging. As a result, performing model
merging based on such task vectors still encoun-
ters conflicts and yields suboptimal performance
(Yadav et al., 2023).

To address the redundancy generally in task vec-
tors, plug-in methods have been proposed. DARE
(Yu et al., 2024) proposes to randomly mask task
vectors by Dropout (Srivastava et al., 2014) to in-
duce sparsity and reduce conflict. DOGE-Merging
(Wei et al., 2025) and AWD-Merging (Xiong et al.,
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Figure 1: An illustration of our method and a comparison between PAVE and prior task vectors. DARE addresses
redundancy by randomly dropping elements in the parameter space without knowledge-awareness. PAVE refines task
vectors by identifying the target knowledge-relevant components within knowledge-aware subspace and removing

the redundant components.

2024) utilize plain SVD to evaluate components
across tasks. Despite improved performance, we
point out that: (1) Random masks lack knowledge-
awareness and may fail to accurately locate the
parameter elements most relevant to a specific task;
(2) Task-relevant and redundant elements are not
necessarily separable in the parameter space, and
actually task-specific ability lies in the subspaces
of parameters (Raghu et al., 2017; Li et al., 2018;
Hu et al., 2022), which means that masking in the
parameter space may not effectively disentangle
abilities and resolve conflicts. (3) Plain SVD is
also not knowledge-aware and component analysis
based on it can be fragile and inaccurate; see Sec-
tion 4.1. Therefore, how to purify the task vectors
to make them precisely align with the task abilities
is still a fundamental challenge in model merging.

To this end, we propose purified task vectors in
knowledge-aware subspace (PAVE). PAVE builds
on the context-oriented singular value decompo-
sition, introduced by CorDA (Yang et al., 2024b).
Specifically, given multiple fine-tuned models on
different tasks, we randomly sample a small num-
ber of training samples for each task, and feed
them into the corresponding fine-tuned model. Af-
ter obtaining the activation of each layer X, we
calculate the covariance matrix C = X X7 and
then perform the context-oriented decomposition
by applying SVD to the product of the fine-tuned
weight matrix Wgr and the covariance matrix C'
from its input. By doing so, the decomposed sub-
space is spanned by singular vectors that are or-
dered by their contributions to the task associated

with C. It has been observed that the first sev-
eral components account for the majority of the
learned task-relevant knowledge. Therefore, we
filter out the redundant and noisy directions by
retaining only the largest r singular values and
their singular vectors. We then post-multiply by
C~! to reconstruct the fine-tuned model weights,
which yields our purified task vector formulated as
AWpave = SVD,.(WgrC)C~! —Wp. The illustra-
tion of our method and its comparison with existing
task vector constructions are shown in Figure 1.
To induce fair pruning efforts across models, we
further introduce a spectral rank allocation strategy
that allocates the number of preserved ranks based
on their spectral distribution. It aims to minimize
the summation of a normalized activated pruning er-
ror from each individual model. This objective can
be efficiently optimized using a greedy algorithm
that iteratively excludes components with the small-
est normalized singular value. It is noteworthy that
PAVE as a plug-and-play method can be integrated
on a wide range of task vector-based merging meth-
ods to improve their performance. We evaluate the
performance of PAVE in combination with several
popular merging strategies, including Task Arith-
metic (Ilharco et al., 2022), Ties-Merging (Yadav
et al., 2023), EMR-Merging (Huang et al., 2024),
and WUDI-Merging (Cheng et al., 2025). Experi-
ments are conducted on the GLUE benchmark with
two widely used language models, RoOBERTa (Liu
et al., 2019) and DeBERTa (He et al., 2020), and
also on generation tasks, Math and Coding, with
LLaMA-2-7B (Touvron et al., 2023). Additionally,
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we apply our approach to ViT-B/16, ViT-B/32, and
ViT-L/14 (Dosovitskiy et al., 2020) on 8 vision
tasks.

The contributions of this study are summarized
as follows:

* We propose PAVE, a plug-and-play method
that applies knowledge-aware decomposition
to task-vector purification, reducing task-
irrelevant redundancy and improving modern
model merging methods.

* We design a spectral rank allocation strategy
to further refine the redundancy pruning pro-
cess and improve performance.

* We demonstrate the effectiveness of PAVE
with a wide range of merging methods, tasks,
and model architectures. Notably, PAVE
improves the performance of EMR-Merging
on GLUE with RoBERTa from 80.18% to
84.28%, which is close to the average result
of 8 individual models 85.55%.

2 Related Work

Model Merging. Model merging has emerged as
an active area due to its great potential in integrat-
ing the abilities from multiple specialized models
into a single model (Wortsman et al., 2022; Ya-
dav et al., 2023; Yang et al., 2023; Xiao et al.,
2023; Lu et al., 2024). Existing approaches include
optimization-based methods (Matena and Raffel,
2022; Jin et al., 2022; Wang et al., 2024a), test-time
adaptation methods (Yang et al., 2023, 2024a; Tang
et al., 2023), and task vector-based methods (Il-
harco et al., 2022; Wei et al., 2025; Xiong et al.,
2024; Sun et al., 2025). In particular, task vector
has become an influential tool, as it encodes the
essential information obtained during fine-tuning
and can be effectively injected to a merged model
using appropriate techniques. However, during the
merging process, evidence has shown that there
is noise and redundancy in the plain task vectors,
which can cause conflicts and performance degra-
dation. To address this issue, Ties-Merging (Yadav
et al., 2023) identifies redundancy in model param-
eters and proposes a trimming and sign-selection
scheme to resolve conflicts. EMR-Merging (Huang
et al., 2024) integrates task components through
electing, masking, and rescaling to reduce diver-
gence between models. DARE (Yu et al., 2024),
as a plug-and-play method, resolves conflict issues

by introducing random Dropout to the task vec-
tors. These methods mainly reduce redundancy
by removing elements from task vectors and can
therefore be viewed as sparsity-based approaches.
In contrast, our method purifies task vectors in a
knowledge-aware subspace by performing context-
oriented decomposition and pruning task-irrelevant
weight components.

Recent work has also explored decomposition-
based analysis of task vectors. For example, Twin-
Merging (Lu et al., 2024), TSV-Merging (Gargiulo
et al., 2025), DOGE-Merging (Wei et al., 2025),
and ISO-Merging (Marczak et al., 2025) apply
plain SVD to task vectors for pruning. However,
as we pointed out in Section 4.1, the plain SVD is
task-agnostic, this may cause inaccurate knowledge
localization and suffer from substantial knowledge
loss during rank pruning. In comparison, our pro-
posed method performs task vector purification in
knowledge-aware subspaces, which helps identify
and retain the components that are truly relevant to
each task, leading to smoother and more effective
merging.

Low-Rank Decomposition for LLMs. Low-
rank decomposition based on SVD has been widely
adopted in LLMs across multiple applications. For
example, in low-rank adaptation (Hu et al., 2022;
Liu et al., 2024; Zhang et al., 2023; Yang et al.,
2024b, 2025), SVD is often leveraged to create
lightweight low-rank adapters for improving fine-
tuning performance (Meng et al., 2024) or preserv-
ing task-specific abilities (Yang et al., 2024b; Liang
et al., 2025). In model compression, various meth-
ods have been proposed to prune model parameters
based on the importance provided by singular val-
ues (Yuan et al., 2023; Wang et al., 2024b; Hsu
et al., 2022; Li et al., 2025). Similar techniques
have also been developed for quantization (Li et al.,
2024b,a).

3 Methodology

3.1 Preliminaries

Given {M{W}E oo M{WL}IE .} that
are models fine-tuned on K different tasks
{T1,Ty,--- , Tk} from the same base model
M{WLIE |, where L represents the number
of layers, model merging aims to produce a
single model that simultaneously achieves good
performance on these tasks without extra training
or fine-tuning. The merged model M{W}}L
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can be given by:

MWLy

=p(M{WHy, - M{W e MUY ),

where ¢ refers to a merging method.

Task vector captures the task-specific changes in-
troduced during fine-tuning and has become a com-
mon and essential tool in modern model merging
methods. It is typically defined as the element-wise
difference between a fine-tuned model and the base
model,

AW = Wgr — Wh.

However, recent studies have shown that naively
calculating the difference between Wgr and Wpy
cannot precisely represent the shifting direction of
a certain task in the parameter space, as the weight
change caused by fine-tuning contains redundant
components, e.g., task-irrelevant abilities or noisy
elements (Skorobogat et al., 2025; Yadav et al.,
2023; Yu et al., 2024). As a result, there still ex-
ist conflicts in the subsequent merging procedure
using these task vectors. DARE (Yu et al., 2024)
proposes to sparsify task vectors by randomly drop-
ping elements and rescaling. Their task vector can
be formulated as:

1
AWDpARE = HDI'OP(WFT — W),

where Drop denotes the Dropout operation with
rate p. Despite its effectiveness in reducing con-
flict, several limitations remain as follows. First,
the Dropout operation involves randomness and
lacks knowledge-awareness, and thus cannot lo-
cate the valuable components in a targeted manner.
Second, task-specific abilities actually lie in the
subspace of pre-trained parameters, suggesting that
binary masking in the parameter space may not
truly separate redundancy or irrelevant components
from the required ability. This analysis motivates
us to resort to subspace to purify task vectors.

3.2 Purifying Task Vectors in
Knowledge-Aware Subspace

Directly performing singular value decomposition
(SVD) on fine-tuned model weights constructs a
subspace, but such subspace is not necessarily
aligned with task-specific knowledge, as it only
reflects the spectral distribution of the parameter
matrix itself and pre-trained LLM weights handle
a broad range of tasks. To this end, we leverage
the context-oriented singular value decomposition

(CO-SVD) (Yang et al., 2024b) to decompose fine-
tuned weights into a knowledge-aware subspace.
CO-SVD requires a small number of task-domain
samples to construct the activation covariance ma-
trix used for decomposition, we will further discuss
this sample requirement at the end of this section.
Concretely, for each task T;,1 < k < K, we
sample some training samples from this task and
feed them into the fine-tuned model M. After ac-
quiring the input activation of each layer X (layer
index is omitted for simplicity), we calculate the
covariance matrix as C' = X X7 Projecting the
weight matrix of a linear layer onto the covari-
ance matrix of its input activation can accentuate
the task-specific components related to the input.
Therefore, we apply SVD on the product of each
weight matrix and its corresponding covariance ma-
trix. The decomposed components are ordered by
the singular values that reflect their contributions
to the task as characterized by C. Such subspace
enjoys a low-rank structure, which means that the
knowledge-aware abilities can be condensed into
the first several leading singular values and singular
vectors, as will be shown in Section 4.1. Hence, we
filter out the task-irrelevant components by keeping
only the first 7 components, and then reconstruct
the weight matrix through right multiplication with
C~'. Consequently, the purified weight matrix can
be formulated as:

WIIT = SVDT(WFTC)C_I = Z aiuwiTC'_l,
=1

where o; denotes the ¢-th singular value, u; and v;
are the left and right singular vectors, respectively.
We use the purified fine-tuned weight matrix W}IT
to construct our task vector as:

AWpavg = Wi—Wg = SVD,.(WerC)C ™' —W.
ey
The effectiveness of CO-SVD in identifying task-
specific directions of weight matrices has been ver-
ified by Yang et al. (2024b) for model adaptation.
In addition, C' is a symmetric positive semi-definite
matrix, which enables efficient inverse operation
with numerical stability. When C' is not invertible,
we repeatedly add positive elements on its diagonal
until it is invertible. In Section 4.1, we numerically
show that the knowledge-awareness in decomposi-
tion is essential in both components analysis and
knowledge preserving.
To further validate the robustness of the decom-
position regarding to sampling, we introduce The-
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Figure 2: An overall illustration of our proposed method, PAVE, which serves as a plug-and-play method for
task-vector based merging methods. It begins by identifying task-aware components through a decomposition
approach, and then eliminates noise and less effective components via rank-based pruning. A rank allocation strategy
is designed to optimize the preserved rank ratios across individual models. Overall, rather than employing the plain

task vector Wy, — Wg, PAVE performs model merging based on purified task vectors SVD,., (W, C},) C

kE<K.

orem 1 to theoretically analyze the discrepancy
between the sampled activation C' and an ideal ac-
tivation C.

Theorem 1. Suppose Cy is an ideal symmetric
positive definite activation matrix for knowledge
preserving in the decomposition of W € R™*™,
Let WTT(C’) = SVD,(WC)C~L. Assuming

or(WCy) > 0,41 (WC,).

Then there exist constants K > 0 and € > 0 such
that for every SPD matrix C' satisfying

1C = Cull2 <,
we have

IWH(C) = WHC)IF < K||C — Cilla,

where K is a constant independent of ||C — Cy||2.

Theorem 1 guaranties that the task vector gener-
ated by C' through sampling does not deviate signif-
icantly from the ideal knowledge-preserving vec-
tor generated by C\,.. This observation also agrees
with the numerical results in Appendix C.3, where
the standard deviation of the performance remains
small with respect to the number of samples. The
proof is included in Appendix B.

Even though the decomposition requires train-
ing samples, which may raise concerns about data
accessibility, we emphasize that being data-free
is not a strict requirement in the model-merging

—Wp, 1<

paradigm. In practice, recent works including
Fisher-Merging (Matena and Raffel, 2022) Reg-
Mean (Jin et al., 2022), AdaMerging (Yang et al.,
2023) and Concrete Subspace Learning (Tang et al.,
2023) explicitly rely on training data samples or
even test data for optimization. Therefore, using a
limited number of unlabeled data samples is widely
adopted in the field. We further discuss this prob-
lem in Appendix C.4.

3.3 Spectral Rank Allocation

We have introduced the construction of our pu-
rified task vector in Section 3.2. However, when
merging multiple fine-tuned models, assigning the
rank 7 to each model is highly non-trivial. This is
because the fine-tuned individual models vary in
their adaptation to rank pruning; some fine-tuned
weights are more robust and can preserve perfor-
mance even after aggressive rank pruning, while
others are more sensitive. As a result, applying a
naive rank strategy can lead to performance degra-
dation. To optimize rank allocation under a spec-
ified preserved rank ratio p, we propose a layer-
wise optimization framework that determines the
preserved rank of linear layer ! by minimizing a
summation of normalized activated pruning error
from different models. This strategy enables an
adaptive preservation of task-specific knowledge
during the merging process.

We introduce the activated pruning error with
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Figure 3: Model rank pruning with different decomposition methods. The results show that the context-oriented
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rank 7! as:
ISVD,(WiCh) — wicl|3, ©)

where ¢ refers to the i-th model. This error es-
timates the activated distance between our puri-
fied task vector and the original plain task vector.
Since the plain task vector retains the full capa-
bilities through fine-tuning, this error serves as a
measure of how well the purified task vector pre-
serves task-specific knowledge. In practice, we
further normalize it with amaX(Wl-l Cf) to ensure
comparability across different models with various
spectral magnitudes. This normalization bounds
the scaled spectrum within a range from the inverse
of its condition number to 1, thus enabling a fair
assignment of rank across models. The normalized
activated pruning error is defined as:

i!j
l

i,max

2

j:rﬁ—i-l

ISVD,.(WiCh —wiclz & (a )

(Umax(Wilef))Q

Building on this formulation, we define the overall
objective for the [-th layer as:

5 |ISVD,.(WC) - WiCHE

min , 3
2 VIO
KR!

where R' refers to full rank. Minimizing the ob-
jective Equation (3) can be effectively approached
using a greedy algorithm, and the whole procedure
has been summarized in Algorithm 1. In this pro-
cedure, for each layer [, we iteratively remove the

component associated with the smallest normalized

l
. ol .
singular value, defined as s! . = 7

27‘7 .
i, max

achieving optimality of Equation (3) through the
greedy process. To prevent excessive rank pruning
that causes performance degradation, we introduce
a threshold v as a stopping ratio. This rank strat-
egy enables spectrum-based rank allocation while
respecting the global rank constraint.

, thereby

4 Experiments

In this section, we provide the results on the GLUE
benchmarks using RoOBERTa-base (Liu et al., 2019)
and DeBERTa-base (He et al., 2020), as well as the
generation benchmarks with LLaMA2-7B (Tou-
vron et al., 2023) on mathematical solving and
code generation tasks. We evaluate PAVE with
various merging methods, including Task Arith-
metic (Ilharco et al., 2022), Ties-Merging (Yadav
et al., 2023), EMR-Merging (Huang et al., 2024),
and WUDI-Merging (Cheng et al., 2025). We also
included RegMean (Jin et al., 2022) as a baseline
that uses training samples during the merging pro-
cess, and include DOGE-Merging with Task Arith-
metic (Wei et al., 2025), Subspace Boost (simpli-
fied as SubBo) (Skorobogat et al., 2025) with Ties-
Merging, Twin-Merging (Lu et al., 2024) and ISO-
Merging (Marczak et al., 2025) as plain SVD-based
merging baselines. For further detailed experimen-
tal settings and hyperparameters, please refer to
Appendix A.

4577



Methods | COLA SST-2 MRPC STSB QQP MNLI QNLI RTE | Average
Individual | 60.18 94.04 89.22 90.63 9141 8720 9271 79.06 | 85.55
RegMean 3667 90.6 7574 62.68 8355 70.02 8235 5848 | 70.01
DOGE-Merging 28.64 8853 81.13 7846 8234 5953 7727 67.87 | 70.46
ISO-Merging 2847 8693 80.64 67.63 8474 6523 7875 7329 | 70.71
EMR-Merging 3996 9335 8627 8277 89.72 8545 89.57 7437 | 80.18
EMR-Merging W/ DARE | 40.58 9323 8652 82.86 89.93 8598 89.68 75.09 | 80.4870-30
EMR-Merging W/ PAVE | 60.42 93.69 87.75 89.73 89.13 8527 92.09 76.17 | 84.28 %0
Ties-Merging 2048 8440 81.13 58.19 8570 64.65 74.81 42.96 | 64.04
Ties-Merging W/ DARE | 17.56 83.83 8039 63.60 8579 64.82 7324 4477 | 64.25702!
Ties-Merging W/ PAVE 2545 8245 7941 64.03 8543 69.93 77.19 51.62 | 66.937%%
WUDI-Merging 22.13 8945 80.15 6124 8235 6580 77.85 6534 | 68.04
WUDI-Merging W/ DARE | 2349 8945 80.15 61.24 8235 6580 77.85 6534 | 68207016
WUDI-Merging W/ PAVE | 34.77 8876 80.39 6882 8326 7150 7858 6426 | 71.2917%2°

Table 1: Results of merging fine-tuned RoOBERTa models on eight datasets from GLUE benchmark.

Methods | COLA SST2 MRPC STSB QQP MNLI QNLI RTE | Average
Individual | 59.10 9506 8921 91.31 91.50 88.52 93.30 69.31 | 84.66
RegMean 2259 93.00 7255 2799 81.89 7377 7344 81.80 | 65.87
DOGE-Merging 280 75.60 69.11 53.39 64.05 4427 5402 5134 | 51.82
ISO-Merging 742 6092 6735 4491 63.12 6593 7001 4531 | 53.12
Twin-Merging 46.13 93.10 7324 7757 8623 7268 89.86 61.73 | 75.06
EMR-Merging 47.05 9472 7132 8757 8836 8738 9229 6426 | 79.11
EMR-Merging W/ DARE | 47.76  94.61 7206 8730 88.77 87.67 9228 66.43 | 79.617%°
EMR-Merging W/ PAVE | 61.32 9450 8431 89.54 9034 8750 93.01 60.65 | 82.647%"3
Task Arithmetic 3.03 75.00 6838 5272 6344 4346 51.16 50.90 | 51.01
Task Arithmetic W/ DARE | 2.84 68.81 6838 5424 6438 4223 55.15 49.46 | 50.687 "%
Task Arithmetic W/ PAVE | 2.18 7546 6838 5590 64.00 4348 6125 51.99 | 52.837%82
Ties-Merging 536 6628 6863 19.09 63.68 4044 5539 4874 | 4595
Ties-Merging W/ DARE 6.03 5642 6887 061 6628 4211 5400 51.26 | 43.19727
Ties-Merging W/ SubBo 3.08 66.63 6863 2586 6351 41.88 57.66 50.54 | 47.22F127
Ties-Merging W/ PAVE 139 6835 68.63 3676 63.12 44.01 5936 50.90 | 49.0613'*

Table 2: Results of merging fine-tuned DeBERTa models on eight datasets from GLUE benchmark.

4.1 Effect of Decomposition in
Knowledge-Aware Subspaces

We demonstrate the effectiveness of decomposition
in knowledge-aware subspaces through a series of
numerical experiments. As concluded in Figure 3,
we prune individual ROBERTa models fine-tuned
on six GLUE tasks using various decomposition
methods. The decomposition methods mentioned
in Figure 3 are summarized as follows: SVD (Meng
et al., 2024) applies singular value decomposition
directly to the weights. ASVD (Yuan et al., 2023)
introduces a diagonal scaling matrix, where each
diagonal entry corresponds to the average absolute
value of the associated feature. CO-SVD (Yang
et al., 2024b) leverages covariance matrices. In the

CO-SVD random variant, the covariance matrix is
replaced by a sampled random square matrix of [-
1,1], serving as a task-agnostic baseline. CO-SVD
with CoL A derives the covariance matrix using
samples from CoLA, highlighting the impact of
selecting samples from an appropriate task.

From Figure 3, it is evident that, decomposition
methods that incorporate task information (CO-
SVD, ASVD) outperform those that do not (SVD,
CO-SVD random). In particular, CO-SVD demon-
strates superior performance compared to ASVD,
as CO-SVD preserves context information more
effectively through task-specific activations. No-
tably, performance advantages of CO-SVD become
even more prominent at pruning larger ranks, where
other methods exhibit sharp degradation, indicating
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Mathematical Solving |

Code Generating

Methods

| GSM8K MATH | HumanEval MBPP
Individual Math 54.9 10.7 - -
Individual Code - - 39.6 30.1
Average Merging 322 5.0 292 29.0
Average Merging W/ DARE | 31.9 Y% 50700 29.810:6 28.6 0+
Average Merging W/ PAVE | 324702 50700 31170 29.070-0
Task Arithmetic 34.3 4.1 33.5 27.6
Task Arithmetic W/ DARE | 323720 44103 323712 28.671°
Task Arithmetic W/ PAVE 34.5702 4101 354119 28.010-4

Table 3: Results of merging fine-tuned LLaMA-2-7B models on Math and Code tasks. Model merging on generative
tasks is particularly challenging, as it requires preserving the full reasoning ability across the entire generated
response rather than making an instance-level prediction, and only a limited number of existing studies have explored

this setting.

Algorithm 1 Spectral rank allocation strategy

Require: Models {M{W{},, -, M{Wk},}, data
sampling from target tasks {X1, Xo,---, Xk}, a pre-
served rank ratio p, a stopping ratio .

1: Feed X; into M{Wf} £, Calculate covariance matrices
for all layers and for all models, {C! }fl’L, and the rank
of each layer {R'}1 ;.

2: for! =1to Ldo .

3: Apply SVD to W}C! and compute {aﬁ’j}f{jR', sort

them in descending order. ’

K,R! .
;.5 by the largest singular value,

. K,R!
— Ti,j
]
i,max i,j

4:  Normalize {0} ;}

I VK,R!
{Si,j}i,j

5. Initialize {r}}/;" = {R'}[S"

6:  Initialize index set I = {1,2,--- , K}

7 while Z=17 > pdo

8: Pick up the smallest Si’,rl. across ¢ € I, suppose it
is Si,ri

9: rb=rl—1

10: if . < vR' then

11: remove t from 1

12: end if

13:  end while

14: end for

15: Output: the rank ratios for each individual model,

L YK
{p,}K Y DY
= SE R,
= K3

CO-SVD’s effectiveness in condensing knowledge-
awareness. This result shows that, compared with
plain SVD and other methods, CO-SVD provides
more accurate component analysis and more ro-
bust pruning, which highlights the advantage of
our method over existing SVD-based approaches.

It is noteworthy that the input must origi-
nate from the corresponding task to construct
knowledge-aware subspace. When using CoLLA
samples to generate the covariance matrix, perfor-
mance drops significantly across all tasks. These

results suggest knowledge-awareness is crucial for
successful rank preservation, and emphasize the
importance of introducing knowledge-aware sub-
spaces for purified task vectors.

4.2 Model Merging for GLUE Tasks

To evaluate the effectiveness of PAVE, we first
present results on GLUE tasks using RoBERTa
as the backbone model. The numerical results
are summarized in Table 1. We observe that
PAVE yields a notable average performance gain of
+4.10% when applied to EMR-Merging, reducing
the gap to just 1.27% from the individual mod-
els’ average performance. For specific tasks such
as CoL A, PAVE significantly improves the score
from 39.96% to 60.42%, even surpassing the indi-
vidual model’s score of 60.18%. These improve-
ments are not limited to EMR-Merging. PAVE
also shows improvements with Ties-Merging and
WUDI-Merging. For example, when integrating on
WUDI-Merging, PAVE achieves an average gain
of +3.25%, outperforming the competitive base-
lines including RegMean, DOGE-Merging, and
ISO-Merging, as well as the DARE-enhanced vari-
ant.

Similar to the experimental setting for ROBERTa,
we evaluate our method on DeBERTa and present
the results in Table 2. PAVE cooperates effectively
with EMR-Merging, achieving a substantial aver-
age performance gain of +3.53%, narrowing the
average gap to 2.02% compared to the averaged per-
formance (84.66%) of individual models. Notably,
on CoLA, PAVE boosts performance to a new high
of 61.32%, even surpassing the individual model’s
score of 59.10%, also achieving an improvement
of 14.27% over the EMR-Merging baseline. Be-
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yond EMR-Merging, PAVE also improves results
in Task Arithmetic and Ties-Merging settings. In
Ties-Merging, it achieves a considerable gain of
+3.11% over the original baseline.

4.3 Model Merging for Generative Tasks

For generative tasks, we conduct experiments merg-
ing the math model WizardMath-7B-V1.0 (Luo
et al., 2023) and the code model LLaMA-2-7B-
EvolCodeAlpaca (Agarwalla et al., 2024). As
shown in Table 3, PAVE demonstrates a marked im-
provement of +1.9% on Human Eval compared to
both baselines. Notably, PAVE achieves the high-
est Human Eval score (35.4%) among all merg-
ing strategies, demonstrating the effectiveness of
our purified task vectors in code generation tasks.
In the mathematical solving tasks, PAVE consis-
tently maintains or modestly improves performance
across both GSM8K (+0.2%) and MATH (+0.1%)
compared to the Task Arithmetic baseline. It is
worth noting that, in contrast to the randomness
in DARE, PAVE is more stable and practical, as
none of the merged models show any degradation
on the individual tasks. This stability, combined
with consistent improvements across multiple tasks,
highlights the robustness and practical advantage
of PAVE.

While PAVE consistently avoids degradation, its
absolute gains on generative tasks are more modest
than those observed on GLUE. This may reflect the
greater difficulty of merging generative capabilities
rather than reduced localization of such capabili-
ties. To disentangle these factors, we additionally
evaluate rank pruning on WizardMath-7B-V1.0 in
Appendix C.5. CO-SVD substantially outperforms
plain SVD under aggressive pruning, suggesting
that knowledge-aware decomposition remains ef-
fective at localizing useful components in gener-
ative models, while the remaining challenge lies
primarily in combining multiple generative capa-
bilities.

5 Conclusion

In this paper, we propose the purified task vec-
tor (PAVE) as a plug-in method for task vector-
based merging approaches. PAVE employs context-
oriented decomposition to identify and prune re-
dundancies of the task vectors in knowledge-aware
subspace, thereby mitigating conflicts arising from
redundancy. To further optimize the rank alloca-
tion across different fine-tuned models and improve

the overall merging performance, we introduce a
spectral rank allocation strategy that optimizes the
summation of normalized activated pruning errors.
In experiments, we demonstrate the effectiveness
of PAVE with a wide range of merging methods,
tasks and model architectures. Furthermore, we ex-
plore the integration of alternative decomposition
techniques within the PAVE framework and con-
firm its compatibility with existing model merging
approaches.

Limitations

While PAVE demonstrates consistent improve-
ments across various merging methods, model ar-
chitectures, and datasets, it still has two main lim-
itations. First, PAVE relies on task-specific data
samples. Although many existing merging methods
also use data samples in their merging procedures,
and we provide a detailed discussion on data acces-
sibility in Appendix C.4 together with two possible
solutions when task data are unavailable, PAVE
is still not a strictly data-free plug-in method for
model merging. This reliance weakens its appeal
in strictly data-free merging scenarios.

Second, compared with methods that mainly
modify weights through element-wise masking,
PAVE introduces additional computational over-
head due to the SVD-based decomposition. Al-
though the overall computational cost of PAVE re-
mains acceptable in practice, as shown in Figure 4,
it is still more expensive than mask-based methods.

Acknowledgments

The research reported in this publication was sup-
ported by funding from King Abdullah University
of Science and Technology (KAUST) - Center of
Excellence for Generative Al, under award num-
ber 5940. For computer time, this research used
Ibex managed by the Supercomputing Core Labo-
ratory at King Abdullah University of Science and
Technology (KAUST) in Thuwal, Saudi Arabia.

References

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama
Ahmad, Ilge Akkaya, Florencia Leoni Aleman,
Diogo Almeida, Janko Altenschmidt, Sam Altman,
Shyamal Anadkat, and 1 others. 2023. Gpt-4 techni-
cal report. arXiv preprint arXiv:2303.08774.

Abhinav Agarwalla, Abhay Gupta, Alexandre Marques,
Shubhra Pandit, Michael Goin, Eldar Kurtic, Kevin

4580



Leong, Tuan Nguyen, Mahmoud Salem, Dan Alis-
tarh, and 1 others. 2024. Enabling high-sparsity foun-
dational llama models with efficient pretraining and
deployment. arXiv preprint arXiv:2405.03594.

Wasi Uddin Ahmad, Aleksander Ficek, Mehrzad
Samadi, Jocelyn Huang, Vahid Noroozi, Somshubra
Majumdar, and Boris Ginsburg. 2025. Opencodein-
struct: A large-scale instruction tuning dataset for
code llms.

Jacob Austin, Augustus Odena, Maxwell Nye, Maarten
Bosma, Henryk Michalewski, David Dohan, Ellen
Jiang, Carrie Cai, Michael Terry, Quoc Le, and 1
others. 2021. Program synthesis with large language
models. arXiv preprint arXiv:2108.07732.

Rich Caruana. 1997. Multitask learning. Machine
learning, 28:41-75.

Daniel Cer, Mona Diab, Eneko Agirre, Inigo Lopez-
Gazpio, and Lucia Specia. 2017. Semeval-2017
task 1: Semantic textual similarity-multilingual and
cross-lingual focused evaluation. arXiv preprint
arXiv:1708.00055.

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan,
Henrique Ponde De Oliveira Pinto, Jared Kaplan,
Harri Edwards, Yuri Burda, Nicholas Joseph, Greg
Brockman, and 1 others. 2021. Evaluating large
language models trained on code. arXiv preprint
arXiv:2107.03374.

Gong Cheng, Junwei Han, and Xiaoqiang Lu. 2017.
Remote sensing image scene classification: Bench-
mark and state of the art. Proceedings of the IEEE,
105(10):1865-1883.

Runxi Cheng, Feng Xiong, Yongxian Wei, Wanyun Zhu,
and Chun Yuan. 2025. Whoever started the interfer-
ence should end it: Guiding data-free model merging
via task vectors. arXiv preprint arXiv:2503.08099.

Mircea Cimpoi, Subhransu Maji, Tasonas Kokkinos,
Sammy Mohamed, and Andrea Vedaldi. 2014. De-
scribing textures in the wild. In Proceedings of the
IEEE conference on computer vision and pattern
recognition, pages 3606-3613.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian,
Mark Chen, Heewoo Jun, Lukasz Kaiser, Matthias
Plappert, Jerry Tworek, Jacob Hilton, Reiichiro
Nakano, Christopher Hesse, and John Schulman.
2021. Training verifiers to solve math word prob-
lems. arXiv preprint arXiv:2110.14168.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. Bert: Pre-training of deep
bidirectional transformers for language understand-
ing. In Proceedings of the 2019 conference of the
North American chapter of the association for com-
putational linguistics: human language technologies,
volume 1 (long and short papers), pages 4171-4186.

Bill Dolan and Chris Brockett. 2005. Automati-
cally constructing a corpus of sentential paraphrases.
In Third international workshop on paraphrasing
(IWP2005).

Alexey Dosovitskiy, Lucas Beyer, Alexander
Kolesnikov, Dirk Weissenborn, Xiaohua Zhai,
Thomas Unterthiner, Mostafa Dehghani, Matthias
Minderer, Georg Heigold, Sylvain Gelly, and 1
others. 2020. An image is worth 16x16 words:
Transformers for image recognition at scale. arXiv
preprint arXiv:2010.11929.

Guodong Du, Junlin Lee, Jing Li, Runhua Jiang, Yifei
Guo, Shuyang Yu, Hanting Liu, Sim K Goh, Ho-Kin
Tang, Daojing He, and 1 others. 2024. Parameter
competition balancing for model merging. Advances
in Neural Information Processing Systems, 37:84746—
84776.

Antonio Andrea Gargiulo, Donato Crisostomi,
Maria Sofia Bucarelli, Simone Scardapane, Fabrizio
Silvestri, and Emanuele Rodola. 2025. Task
singular vectors: Reducing task interference in
model merging. In Proceedings of the Computer
Vision and Pattern Recognition Conference, pages
18695-18705.

Danilo Giampiccolo, Bernardo Magnini, Ido Dagan, and
William B Dolan. 2007. The third pascal recognizing
textual entailment challenge. In Proceedings of the
ACL-PASCAL workshop on textual entailment and
paraphrasing, pages 1-9.

Pengcheng He, Xiaodong Liu, Jianfeng Gao, and
Weizhu Chen. 2020. Deberta: Decoding-enhanced
bert with disentangled attention. arXiv preprint
arXiv:2006.03654.

Patrick Helber, Benjamin Bischke, Andreas Dengel,
and Damian Borth. 2019. Eurosat: A novel dataset
and deep learning benchmark for land use and land
cover classification. IEEE Journal of Selected Topics
in Applied Earth Observations and Remote Sensing,
12(7):2217-2226.

Dan Hendrycks, Collin Burns, Saurav Kadavath, Akul
Arora, Steven Basart, Eric Tang, Dawn Song, and Ja-
cob Steinhardt. 2021. Measuring mathematical prob-
lem solving with the math dataset. arXiv preprint
arXiv:2103.03874.

Yen-Chang Hsu, Ting Hua, Sungen Chang, Qian Lou,
Yilin Shen, and Hongxia Jin. 2022. Language model
compression with weighted low-rank factorization.
arXiv preprint arXiv:2207.00112.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan
Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
Weizhu Chen, and 1 others. 2022. Lora: Low-rank
adaptation of large language models. ICLR, 1(2):3.

Chenyu Huang, Peng Ye, Tao Chen, Tong He, Xi-
angyu Yue, and Wanli Ouyang. 2024. Emr-merging:
Tuning-free high-performance model merging. Ad-
vances in Neural Information Processing Systems,
37:122741-122769.

4581


https://arxiv.org/abs/2504.04030
https://arxiv.org/abs/2504.04030
https://arxiv.org/abs/2504.04030

Gabriel Ilharco, Marco Tulio Ribeiro, Mitchell Worts-
man, Suchin Gururangan, Ludwig Schmidt, Han-
naneh Hajishirzi, and Ali Farhadi. 2022. Edit-
ing models with task arithmetic. arXiv preprint
arXiv:2212.04089.

Shankar Iyer, Nikhil Dandekar, Kornél Csernai, and 1
others. 2017. First quora dataset release: Question
pairs. data. quora. com.

Xisen Jin, Xiang Ren, Daniel Preotiuc-Pietro, and
Pengxiang Cheng. 2022. Dataless knowledge fu-
sion by merging weights of language models. arXiv
preprint arXiv:2212.09849.

Jonathan Krause, Michael Stark, Jia Deng, and Li Fei-
Fei. 2013. 3d object representations for fine-grained
categorization. In Proceedings of the IEEE inter-
national conference on computer vision workshops,
pages 554-561.

Yann LeCun. 1998. The mnist database of handwritten
digits. http://yann. lecun. com/exdb/mnist/.

Chunyuan Li, Heerad Farkhoor, Rosanne Liu, and Jason
Yosinski. 2018. Measuring the intrinsic dimension of
objective landscapes. In ICLR.

Dengjie Li, Tiancheng Shen, Yao Zhou, Baisong
Yang, Zhongying Liu, Masheng Yang, Bernard
Ghanem, Yibo Yang, Yujie Zhong, and Ming-Hsuan
Yang. 2025. Optimizing singular spectrum for
large language model compression. arXiv preprint
arXiv:2502.15092.

Muyang Li, Yujun Lin, Zhekai Zhang, Tianle Cai, Xiuyu
Li, Junxian Guo, Enze Xie, Chenlin Meng, Jun-Yan
Zhu, and Song Han. 2024a. Svdquant: Absorbing
outliers by low-rank components for 4-bit diffusion
models. arXiv preprint arXiv:2411.05007.

Yixiao Li, Yifan Yu, Chen Liang, Nikos Karampatzi-
akis, Pengcheng He, Weizhu Chen, and Tuo Zhao.
2024b. Loftq: LoRA-fine-tuning-aware quantization
for large language models. In ICLR.

Jian Liang, Wenke Huang, Xianda Guo, Guancheng
Wan, Bo Du, and Mang Ye. 2025. Thanora: Task
heterogeneity-aware multi-task low-rank adaptation.
arXiv preprint arXiv:2505.18640.

Shih-Yang Liu, Chien-Yi Wang, Hongxu Yin, Pavlo
Molchanov, Yu-Chiang Frank Wang, Kwang-Ting
Cheng, and Min-Hung Chen. 2024. Dora: Weight-
decomposed low-rank adaptation. In Forty-first In-
ternational Conference on Machine Learning.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Dangi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
Roberta: A robustly optimized bert pretraining ap-
proach. arXiv preprint arXiv:1907.11692.

Ilya Loshchilov and Frank Hutter. 2017. Decou-
pled weight decay regularization. arXiv preprint
arXiv:1711.05101.

Zhenyi Lu, Chenghao Fan, Wei Wei, Xiaoye Qu, Dan-
gyang Chen, and Yu Cheng. 2024. Twin-merging:
Dynamic integration of modular expertise in model
merging. Advances in Neural Information Process-
ing Systems, 37:78905-78935.

Haipeng Luo, Qingfeng Sun, Can Xu, Pu Zhao, Jian-
guang Lou, Chongyang Tao, Xiubo Geng, Qingwei
Lin, Shifeng Chen, and Dongmei Zhang. 2023. Wiz-
ardmath: Empowering mathematical reasoning for
large language models via reinforced evol-instruct.
arXiv preprint arXiv:2308.09583.

Daniel Marczak, Simone Magistri, Sebastian Cygert,
Bartlomiej Twardowski, Andrew D Bagdanov, and
Joost van de Weijer. 2025. No task left be-
hind: Isotropic model merging with common
and task-specific subspaces. arXiv preprint
arXiv:2502.04959.

Michael S Matena and Colin A Raffel. 2022. Merging
models with fisher-weighted averaging. Advances in
Neural Information Processing Systems, 35:17703—
17716.

Fanxu Meng, Zhaohui Wang, and Muhan Zhang. 2024.
Pissa: Principal singular values and singular vectors
adaptation of large language models. Advances in
Neural Information Processing Systems, 37:121038-
121072.

Swaroop Mishra, Matthew Finlayson, Pan Lu, Leonard
Tang, Sean Welleck, Chitta Baral, Tanmay Ra-
jpurohit, Oyvind Tafjord, Ashish Sabharwal, Peter
Clark, and 1 others. 2022. Lila: A unified bench-
mark for mathematical reasoning. arXiv preprint
arXiv:2210.17517.

Yuval Netzer, Tao Wang, Adam Coates, Alessandro Bis-
sacco, Baolin Wu, Andrew Y Ng, and 1 others. 2011.
Reading digits in natural images with unsupervised
feature learning. In NIPS workshop on deep learn-
ing and unsupervised feature learning, volume 2011,
page 4. Granada.

The-Hai Nguyen, Dang Huu-Tien, Takeshi Suzuki, and
Le-Minh Nguyen. 2025. Regmean++: Enhancing ef-
fectiveness and generalization of regression mean for
model merging. arXiv preprint arXiv:2508.03121.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sas-
try, Amanda Askell, Pamela Mishkin, Jack Clark, and
1 others. 2021. Learning transferable visual models
from natural language supervision. In International
conference on machine learning, pages 8748-8763.
PmLR.

Alec Radford, Karthik Narasimhan, Tim Salimans, and
Ilya Sutskever. 2018. Improving language under-
standing by generative pre-training. Technical report.

Alec Radford, Jeffrey Wu, Rewon Child, David Luan,
Dario Amodei, Ilya Sutskever, and 1 others. 2019.
Language models are unsupervised multitask learn-
ers. OpenAl blog, 1(8):9.

4582



Maithra Raghu, Justin Gilmer, Jason Yosinski, and
Jascha Sohl-Dickstein. 2017. Svcca: Singular vector
canonical correlation analysis for deep learning dy-
namics and interpretability. In NeurIPS, volume 30.

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and
Percy Liang. 2016. Squad: 100,000+ questions
for machine comprehension of text. arXiv preprint
arXiv:1606.05250.

Ronald Skorobogat, Karsten Roth, and Mariana-Iuliana
Georgescu. 2025. Subspace-boosted model merging.
arXiv preprint arXiv:2506.16506.

Richard Socher, Alex Perelygin, Jean Wu, Jason
Chuang, Christopher D Manning, Andrew Y Ng, and
Christopher Potts. 2013. Recursive deep models for
semantic compositionality over a sentiment treebank.
In Proceedings of the 2013 conference on empiri-
cal methods in natural language processing, pages
1631-1642.

Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky,
Ilya Sutskever, and Ruslan Salakhutdinov. 2014.
Dropout: a simple way to prevent neural networks
from overfitting. The journal of machine learning
research, 15(1):1929-1958.

Johannes Stallkamp, Marc Schlipsing, Jan Salmen, and
Christian Igel. 2011. The german traffic sign recog-
nition benchmark: a multi-class classification compe-
tition. In The 2011 international joint conference on
neural networks, pages 1453-1460. IEEE.

Wenju Sun, Qingyong Li, Wen Wang, Yangliao Geng,
and Boyang Li. 2025. Task arithmetic in trust region:
A training-free model merging approach to navigate
knowledge conflicts. In Proceedings of the 33rd
ACM International Conference on Multimedia, pages
5178-5187.

Anke Tang, Li Shen, Yong Luo, Liang Ding, Han Hu,
Bo Du, and Dacheng Tao. 2023. Concrete subspace
learning based interference elimination for multi-task
model fusion. arXiv preprint arXiv:2312.06173.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Al-
bert, Amjad Almahairi, Yasmine Babaei, Nikolay
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti
Bhosale, and 1 others. 2023. Llama 2: Open foun-
dation and fine-tuned chat models. arXiv preprint
arXiv:2307.09288.

Simon Vandenhende, Stamatios Georgoulis, Wouter
Van Gansbeke, Marc Proesmans, Dengxin Dai, and
Luc Van Gool. 2021. Multi-task learning for dense
prediction tasks: A survey. IEEE transactions on pat-
tern analysis and machine intelligence, 44(7):3614—
3633.

Ke Wang, Nikolaos Dimitriadis, Guillermo Ortiz-
Jimenez, Francois Fleuret, and Pascal Frossard.
2024a. Localizing task information for improved
model merging and compression. arXiv preprint
arXiv:2405.07813.

Xin Wang, Yu Zheng, Zhongwei Wan, and Mi Zhang.
2024b. Svd-llm: Truncation-aware singular value de-
composition for large language model compression.
arXiv preprint arXiv:2403.07378.

Alex Warstadt, Amanpreet Singh, and Samuel R Bow-
man. 2019. Neural network acceptability judgments.
Transactions of the Association for Computational
Linguistics, 7:625-641.

Yongxian Wei, Anke Tang, Li Shen, Zixuan Hu, Chun
Yuan, and Xiaochun Cao. 2025. Modeling multi-
task model merging as adaptive projective gradient
descent. arXiv preprint arXiv:2501.01230.

Adina Williams, Nikita Nangia, and Samuel R Bow-
man. 2017. A broad-coverage challenge corpus for
sentence understanding through inference. arXiv
preprint arXiv:1704.05426.

Mitchell Wortsman, Gabriel Ilharco, Samir Ya Gadre,
Rebecca Roelofs, Raphael Gontijo-Lopes, Ari S Mor-
cos, Hongseok Namkoong, Ali Farhadi, Yair Car-
mon, Simon Kornblith, and 1 others. 2022. Model
soups: averaging weights of multiple fine-tuned mod-
els improves accuracy without increasing inference
time. In International conference on machine learn-

ing, pages 23965-23998. PMLR.

Jianxiong Xiao, James Hays, Krista A Ehinger, Aude
Oliva, and Antonio Torralba. 2010. Sun database:
Large-scale scene recognition from abbey to zoo. In
2010 IEEE computer society conference on computer
vision and pattern recognition, pages 3485-3492.
IEEE.

Shitao Xiao, Zheng Liu, Peitian Zhang, and Xingrun
Xing. 2023. Lm-cocktail: Resilient tuning of lan-
guage models via model merging. arXiv preprint
arXiv:2311.13534.

Feng Xiong, Runxi Cheng, Wang Chen, Zhanqiu Zhang,
Yiwen Guo, Chun Yuan, and Ruifeng Xu. 2024.
Multi-task model merging via adaptive weight disen-
tanglement. arXiv preprint arXiv:2411.18729.

Prateek Yadav, Derek Tam, Leshem Choshen, Colin A
Raffel, and Mohit Bansal. 2023. Ties-merging: Re-
solving interference when merging models. Ad-
vances in Neural Information Processing Systems,

36:7093-7115.

Enneng Yang, Li Shen, Zhenyi Wang, Guibing Guo,
Xiaojun Chen, Xingwei Wang, and Dacheng Tao.
2024a. Representation surgery for multi-task model
merging. arXiv preprint arXiv:2402.02705.

Enneng Yang, Zhenyi Wang, Li Shen, Shiwei Liu, Guib-
ing Guo, Xingwei Wang, and Dacheng Tao. 2023.
Adamerging: Adaptive model merging for multi-task
learning. arXiv preprint arXiv:2310.02575.

Yibo Yang, Xiaojie Li, Zhongzhu Zhou, Shuaiwen Song,
Jianlong Wu, Ligiang Nie, and Bernard Ghanem.
2024b. Corda: Context-oriented decomposition
adaptation of large language models for task-aware

4583



parameter-efficient fine-tuning. Advances in Neural
Information Processing Systems, 37:71768-71791.

Yibo Yang, Sihao Liu, Chuan Rao, Bang An, Tiancheng
Shen, Philip HS Torr, Ming-Hsuan Yang, and
Bernard Ghanem. 2025. Dynamic context-oriented
decomposition for task-aware low-rank adaptation
with less forgetting and faster convergence. arXiv
preprint arXiv:2506.13187.

Le Yu, Bowen Yu, Haiyang Yu, Fei Huang, and Yongbin
Li. 2024. Language models are super mario: Absorb-
ing abilities from homologous models as a free lunch.
In Forty-first International Conference on Machine
Learning.

Zhihang Yuan, Yuzhang Shang, Yue Song, Qiang
Wu, Yan Yan, and Guangyu Sun. 2023. Asvd:
Activation-aware singular value decomposition for
compressing large language models. arXiv preprint
arXiv:2312.05821.

Qingru Zhang, Minshuo Chen, Alexander Bukharin,
Nikos Karampatziakis, Pengcheng He, Yu Cheng,
Weizhu Chen, and Tuo Zhao. 2023. Adalora: Adap-
tive budget allocation for parameter-efficient fine-
tuning. arXiv preprint arXiv:2303.10512.

Yu Zhang and Qiang Yang. 2018. An overview of multi-
task learning. National Science Review, 5(1):30-43.

Tianyu Zheng, Ge Zhang, Tianhao Shen, Xueling Liu,
Bill Yuchen Lin, Jie Fu, Wenhu Chen, and Xiang
Yue. 2024. Opencodeinterpreter: Integrating code
generation with execution and refinement. arXiv
preprint arXiv:2402.14658.

A Implementation Details

A.1 Model Merging on GLUE Benchmarks

In Section 4.2, we employ RoBERTa-base (Liu
et al., 2019) and DeBERTa-base (He et al., 2020) as
the base model. The performance of each method
is evaluated by eight tasks in the GLUE benchmark
tasks, including CoLA (Warstadt et al., 2019), SST-
2 (Socher et al., 2013), MRPC (Dolan and Brockett,
2005), STS-B (Cer et al., 2017), QQP (Iyer et al.,
2017), MNLI (Williams et al., 2017), QNLI (Ra-
jpurkar et al., 2016), RTE (Giampiccolo et al.,
2007). For evaluation, CoL A is assessed using the
Matthews correlation coefficient, STS-B is mea-
sured by the average of Pearson and Spearman
correlation coefficients, and the remaining tasks
are evaluated based on accuracy. The ROBERTa
checkpoints used for model merging are publicly
available via the links in (Huang et al., 2024). The
DeBERTa checkpoints are obtained by training
DeBERTa-base individually on each GLUE task for
5 epochs using the AdamW (Loshchilov and Hutter,
2017) optimizer with a learning rate of 2 x 1075, a

warm-up phase of 100 steps, and a weight decay of
1072

Following the setting in Huang et al. (2024), we
report the numerical experiments of PAVE with
various merging methods including Task Arith-
metic (Ilharco et al., 2022), Ties-Merging (Ya-
dav et al., 2023) and EMR-Merging (Huang et al.,
2024). We also evaluate these methods with plug-in
method DARE (Yu et al., 2024). Following the stan-
dard setting of each method, the hyperparameter
A in Task Arithmetic and Ties-Merging is selected
from {0.1, 0.3, 0.5, 0.7, 0.9} based on the best
performance. Specifically, for the ROBERTa exper-
iments, we set A = 0.3 for Task Arithmetic and
A = 0.9 for Ties-Merging; for BERT experiments,
we set A = 0.1 and A\ = 0.5, respectively. The op-
timization in WUDI-Merging performed over 300
iterations with a learning rate of 2 x 10~°. The
dropout ratio for DARE is fixed to 0.1 to avoid
instability. The preserved rank ratio p of PAVE is
chosen from { %, %, %, g—i}, and the stopping ratio
issettoy = p — 1_7". The number of examples
used to generate context matrix is 4096.

To attain optimal performance on GLUE bench-
marks, PAVE progressively assigns full rank to
AWpavg according to the performance of the plain
merging method. This design reflects the observa-
tion that certain tasks are more sensitive and cannot
tolerate aggressive pruning. At each step, we apply
full rank to the task whose performance is furthest
from that of its individual model. This process
continues until all task vectors are full rank. As a
result, we obtain K merged models and select the
one with the highest average performance. Since
model merging is not computationally expensive
and requires no training, the computational cost of
such procedure remains acceptable.

A.2 Model Merging on Generation
Benchmarks

Following the setup of DARE presented in Yu
et al. (2024), we evaluate PAVE on mathemat-
ical solving and code generation tasks, as de-
scribed in Section 4.3. For mathematical solv-
ing, we consider GSM8K (Cobbe et al., 2021) and
MATH (Hendrycks et al., 2021), while for code
generation, we use HumanEval (Chen et al., 2021)
and MBPP (Austin et al., 2021). We adopt the
LLaMA-2-7B (Touvron et al., 2023) model as the
base model. For mathematical solving, we utilize
the fine-tuned model WizardMath-7B-V1.0 (Luo
et al., 2023), while for code generation, we employ
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Methods | COLA SST-2 MRPC STSB QQP MNLI QNLI RTE | Average
Individual | 59.10 9506 8921 9131 9150 8852 9330 69.31 | 84.66
EMR-Merging 47.05 9472 7132 8757 8836 8738 9229 64.26| 79.11
EMR-Merging W/ PAVE plain | 59.88 94.61 82.60 88.83 9040 87.35 9244 5848 | 81.82
EMR-Merging W/ PAVE 6132 9450 8431 89.54 9034 87.50 93.01 60.65 | 82.64
Task Arithmetic 303 7500 6838 5272 6344 4346 51.16 5090 | 51.01
Task Arithmetic W/ PAVE plain | 2.56  74.73 68.38 54.83 64.03 42.84 60.19 51.16 | 52.34
Task Arithmetic W/ PAVE 2.18 7546 6838 5590 64.00 4348 6125 51.99 | 52.83
Ties-Merging 536 6628 68.63 19.09 63.68 4044 5539 4874 | 45.95
Ties-Merging W/ PAVE plain | 1.04 7007 68.87 3133 63.16 43.89 57.79 50.18 | 48.29
Ties-Merging W/ PAVE 139 6835 68.63 3676 63.12 4401 5936 50.90 | 49.06

Table 4: Results of merging fine-tuned DeBERTa models on eight datasets from GLUE benchmark.

Methods | COLA SST-2 MRPC STSB QQP MNLI QNLI RTE | Average
Individual | 59.10 9506 8921 9131 9150 88.52 9330 69.31 | 84.66
EMR-Merging 4705 9472 7132 8757 8836 87.38 9229 64.26 | 79.11
EMR-Merging W/ SVD 6220 93.58 83.82 89.40 89.45 76.72 92.53 58.48 | 80.77
EMR-Merging W/ ASVD 6233 9507 8456 89.73 89.98 87.44 92.86 61.01 | 82.87
EMR-Merging W/ SVD-LLM | 61.82 9472 84.07 89.55 90.10 87.44 9290 61.37 | 82.74
EMR-Merging W/ PAVE 6132 9450 8431 89.54 90.34 87.50 93.01 60.65 | 82.64
Task Arithmetic 303 7500 6838 5272 6344 4346 51.16 50.90 | 51.01
Task Arithmetic W/ SVD 296 7030 6838 37.90 6430 4288 67.01 53.07| 50.85
Task Arithmetic W/ ASVD 253 7603 6638 5560 64.08 4323 6127 51.62| 52.59
Task Arithmetic W/ SVD-LLM | 2.74 7489 6838 5548 64.02 4354 6145 51.62| 52.76
Task Arithmetic W/ PAVE 2.18 7546 6838 5590 64.00 4348 6125 51.99 | 52.83
Ties-Merging 536 6628 68.63 19.09 63.68 4044 5539 4874 | 4595
Ties-Merging W/ SVD 329 5390 6838 6.15 6298 3534 5422 5271 | 41.29
Ties-Merging W/ ASVD 174 6686 68.63 17.19 62.84 4033 53.10 46.57 | 44.22
Ties-Merging W/ SVD-LLM | 1.13  67.89 68.63 2333 63.09 43.02 57.84 4874 | 46.70
Ties-Merging W/ PAVE 139 6835 68.63 3676 63.12 4401 5936 5090 | 49.06

Table 5: Results of merging fine-tuned DeBERTa models on eight datasets from GLUE benchmark.

LLaMA-2-7B-EvolCodeAlpaca (Agarwalla et al.,
2024). Additionally, code samples are drawn from
the CodeFeedBack dataset (Zheng et al., 2024) to
support covariance matrix generation. The Task
Arithmetic hyperparameter A is selected from the
set {0.5,1}, and the dropout ratio for DARE is
fixed at 0.2. The pruning rank for PAVE is chosen
from {4, 6,8, 16}. The number of examples used
to generate context matrix is 512.

B Theoretical Analysis and Proofs

In this section, we present a theoretical analysis
along with proofs for the theorems introduced in
the previous sections.

Theorem 1: Suppose C, is an ideal symmet-
ric positive definite activation for knowledge pre-
serving in the decomposition of W € R™*", Let
WTT(C’) = SVD,.(WC)C~!. Assuming

or(WCy) > o1 (WC,).

Then there exist constants & > 0 and € > 0 such
that for every SPD matrix C satisfying

[C = Cill2 <,
we have
IWH(C) = WH(C)lr < K[C = Cull2,

where K is a constant independent of ||C' — C,||2.
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Methods SUN397 Cars RESISC45

EuroSAT

SVHN GTSRB MNIST DTD Average

EMR-Merging W/ PAVE N=4096 | 76.34+ < 0.1
EMR-Merging W/ PAVE N=2048 | 76.3+ < 0.1
EMR-Merging W/ PAVE N=1024 | 76.5+ < 0.1
EMR-Merging W/ PAVE N=512 | 76.74+ < 0.1
EMR-Merging W/ PAVE N=256 | 76.2+ < 0.1 74.1& < 0.1
EMR-Merging W/ PAVE N=128 | 75.84 < 0.1 74.1+ < 0.1

EMR-Merging W/ PAVEN=64 | 75.6+ =0.2 743+ =0.1

743+ < 0.1
71.5+= < 0.1
725+ < 0.1
74.7+ < 0.1

93.84+ < 0.1
94.24+ < 0.1
9424+ < 0.1
94.0+ < 0.1
93.5+£ < 0.1
934+ =0.1
93.6+ = 0.1

99.3+ < 0.1
99.24+ < 0.1
99.1+ < 0.1
99.3+ < 0.1
99.1+£ < 0.1
98.9+ < 0.1
98.7+ < 0.1

99.6+ < 0.1
99.6+ < 0.1
99.6+ < 0.1
99.5+ < 0.1
99.24+ < 0.1
99.5+ < 0.1
99.5+ < 0.1

76.1+ < 0.1
75.0+£ < 0.1
748+ < 0.1
7444+ < 0.1
763+ < 0.1
74.6+ = 0.1
74.6+ =0.2

89.2+ < 0.1
88.8+ < 0.1
88.9+ < 0.1
89.1+ < 0.1
89.0+ < 0.1
88.7£ =0.1
88.6+ =102

96.7+ < 0.1
96.7+ < 0.1
96.7+ < 0.1
96.7+ < 0.1
96.3+ < 0.1
964+ < 0.1
96.2+ < 0.1

97.6+ < 0.1
97.6+ < 0.1
97.7+ < 0.1
97.84+ < 0.1
97.1+£ < 0.1
97.0+ < 0.1
96.5+ < 0.1

Table 6: Detailed ablation on Figure 4.

Proof. The key is to prove that |[W; (C) —
Wl (Cy)||F is locally Lipschitz smooth at C,.
Since we have

Wi(C) - Wi(C.)

r

=(SVD,(WC) — SVD,(WC,))C™!
+SVD,(WC,)(C™! = 7).

Therefore,

IWH(C) = W C) || F
<||SVD,(WC) — SVD,(WC,)|[r[|[C 7|2
+[|SVD, (WC,) | plC™" = O 2.

Because C, is SPD, the matrix inverse is lo-
cally Lipschitz in a neighborhood of C. Therefore,
|C~Y|2 is bounded and ||C~1 — C Y2 is locally
Lipschitz at C,.

Moreover, the assumption

o (WCL) > 00y (WC,)

implies that the rank-r truncated SVD map is lo-
cally Lipschitz at WC,. Since C' — W is lin-
ear, then we have ||SVD,(WC)—SVD,(WC,)|
is locally Lipschitz at C,. Hence ||W,(C) —
W, (Cy)||F is locally Lipschitz at C, which com-
pletes the proof.

O

C Additional Analysis and Results

C.1 Ablation Studies on Rank Allocation
Strategy

We evaluate our rank allocation strategy Algo-
rithm 1 in Table 4, using the same DeBERTa ex-
periment settings on models and merging meth-
ods in Section 4.2. The plain method uses a fixed
preserved rank ratio across all layers and models.
Compared to this baseline, our adaptive strategy
consistently improves performance across differ-
ent merging settings. In EMR-Merging, the rank
strategy improves the average performance from

81.82% to 82.64% (+0.82%). In other merging
methods like Task Arithmetic and Ties-Merging,
the gains are +0.49% (from 52.34% to 52.83%)
and +0.77% (from 48.29% to 49.06%), respectively.
These results suggest that uniform pruning repre-
sents a naive and suboptimal approach, while our
rank allocation strategy enables better performance
under the same pruning budget. Additionally, we
include further experiments, presenting numerical
results when PAVE is integrated with alternative
decomposition methods, as well as an analysis of
sample size and runtime performance. Please refer
to Appendix C for the results.

C.2 Task Vector with Various Decomposition
Methods

In this section, we present numerical experiments
evaluating the performance of various decomposi-
tion methods applied to our decomposition-based
task vector. The setting of models and merg-
ing methods follow the DeBERTa settings in Sec-
tion 4.2. The evaluated decomposition methods
include: The basic SVD method (Meng et al.,
2024), directly approximates the fine-tuned weights
via a plain SVD decomposition. ASVD (Yuan
et al., 2023), incorporates an input-dependent diag-
onal scaling matrix derived from the average abso-
lute values of the previous layer’s outputs. SVD-
LLM (Wang et al., 2024b), applies Cholesky de-
composition to the previous layer’s output. CO-
SVD (Yang et al., 2024b), as the default decom-
position method embedded in PAVE, utilizes the
covariance matrix of the output of the previous
layer as the activation matrix. Among the eval-
uated methods, CO-SVD demonstrates the most
consistent performance on Task Arithmetic and
Ties-Merging. When the decomposition method in
PAVE is switched from CO-SVD to ASVD, the re-
sulting variant achieves the best performance with
EMR-Merging. These results highlight the strong
potential of our decomposition-based purified task
vector framework, which is designed to integrate
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Figure 4: Performance and runtime analysis of PAVE
across different sample sizes. Top: Mean performance
(solid line) and standard deviation (shaded region) over
3 random seeds of EMR-Merging with PAVE, showing
consistent improvements as more samples are used. A
detailed ablation has been included in Table 6. Bottom:
PAVE runtime grows with number of samples.

Methods | Average Performance \ Time (min)
WUDI 68.04 i 2.1
WUDI W/ PAVE | 71.297%%° 44722

Table 7: Comparison of computational cost and average
performance. Adding PAVE to WUDI improves the
average performance while introducing an acceptable
increase in computation time.

seamlessly with a variety of decomposition meth-
ods.

C.3 Analysis of Sample Size and Time
Efficiency

We next analyze the impact of sample size on the
stability, efficiency, and reproducibility of PAVE.

As illustrated in Figure 4, larger sample sizes gen-
erally reduce the variance while maintaining strong
overall performance of EMR-Merging with PAVE,
highlighting its stability and robustness. When the
sample size is very small, due to the regulariza-
tion, the method degenerates to plain SVD, which
explains the lower performance observed in this
regime. Importantly, we observe that even a mod-
erate sample size (256-512) is sufficient to yield
substantial performance gains, offering a practical
trade-off between accuracy and computational cost.
This finding suggests that PAVE can be effectively
deployed in practice without incurring excessive
runtime overhead, while still preserving most of
the performance benefits of using larger sample
sizes. Throughout our numerical experiments, we
increased the number of samples up to 4096 to en-
sure a stable and consistent demonstration of our
method’s performance. Employing larger sample
sizes also helps ensure the reproducibility of our
results. All runtime measurements were conducted
on a workstation equipped with a single NVIDIA
A100 GPU and 8 CPUs, with 512 GB of RAM.

C.4 Data Accessibility

In this section we discuss the condition when train-
ing data is strictly unavailable. In fact, the use
of a limited number of data samples is not only
widely accepted but also integral to several estab-
lished merging techniques. For example, Fisher-
Merging (Matena and Raffel, 2022) RegMean (Jin
et al., 2022) and RegMean++ (Nguyen et al., 2025)
explicitly rely on training data samples, while test-
time adaptation methods like AdaMerging (Yang
etal., 2023) and Concrete Subspace Learning (Tang
et al., 2023) also require test data to optimize an
entropy-based objective.

Our method PAVE similarly relies on a small
number of task-domain samples to compute the
covariance matrix. Importantly, our approach does
not require full access to the training set. As demon-
strated in Figure 4, as few as 256 samples are suf-
ficient to achieve strong performance and induce
minor variance. To further address the concerns
about strictly data-free settings, we additionally
provide two alternative solutions that do not rely
on the original training data.

Using data from a related domain. The sam-
ples we use serve only to activate the model’s
weights during decomposition. If the original train-
ing data is no longer accessible, it is sufficient to
use data drawn from a similar knowledge domain.
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Mathematical Solving | Code Generating

Methods

GSM8K MATH | HumanEval MBPP
Individual Math 54.9 10.7 - -
Individual Code - - 39.6 30.1
Average Merging 322 5.0 292 29.0
Average Merging W/ DARE 31.9 9% 50100 29.870-6 28.6 4
Average Merging w/ PAVE 324102 50100 31,1749 29.010-0
Average Merging W/ PAVE related domain data | 32.37%* 5110 31,1749 204704
Average Merging W/ PAVE synthetic data 322100 5 F0:1 30.9747 293103

Table 8: Results of merging fine-tuned LLaMA-2-7B models on Math and Code tasks.

Methods SUN397 Cars RESISC45 FEuroSAT SVHN GTSRB MNIST DTD | Average
Individual ViT-B/32 753 777 96.1 99.7 97.5 98.7 99.7  79.4 | 90.5
EMR-Merging 752 72.8 93.5 99.5 96.9 98.1 99.6  74.4 | 88.7
EMR-Merging W/ PAVE | 763 743 93.8 99.3 96.7 97.6 99.6  76.1 | 89.2105
Individual ViT-B/16 790  87.0 96.4 99.1 97.7 99.0 99.7 823 | 92.5
EMR-Merging 78.5  82.6 95.4 99.1 97.6 98.8 99.6 783 | 91.2
EMR-Merging W/ PAVE | 802  82.8 96.1 99.2 97.6 98.7 99.6  78.9 | 91.705
Individual ViT-L/14 823 924 97.4 100 98.1 99.2 99.7  84.1 | 94.2
AWD-Merging 762 854 88.7 96.1 92.4 92.3 99.3  69.4 | 87.5
DOGE-Merging 705 74.8 88.7 94.1 91.6 95.7 98.8  72.5 | 85.9
EMR-Merging 83.1 907 96.7 99.7 97.9 99.1 99.6  82.7 | 93.7
EMR-Merging W/ PAVE | 836  91.7 97.2 99.8 99.7 98.9 99.7 822 | 941104

Table 9: Results of merging fine-tuned ViT models on 8 image classification benchmarks.

Such insight has been shared in the prior study
(Yang et al., 2024b). Following this principle, we
can also use data from a similar domain without
access to the source training data. Concretely, in
our generative task experiments under the previous
setting, the covariance matrix is generated by sam-
ples from the training set of GSM8K and MATH
and CodeFeedBack. In the following experiments,
we show that Lila-Math (Mishra et al., 2022) and
OpenCodelnstruct (Ahmad et al., 2025) can effec-
tively replace samples from the original training
sets.

Using LLM-generated synthetic data. When
even related-domain datasets are unavailable, one
can use synthetic data generated by large language
models in the same knowledge domain. In practice,
the prompt for synthetic data generation can be
composed of a basic task description, a knowledge
domain description, and a few examples. The basic
task description helps the language model recog-
nize that the prompt concerns a sample generation
task, while the knowledge domain description pro-
vides information of the knowledge domain, and
a few examples can improve the consistency of

generation. Such synthetic data are sufficient to
activate the relevant parameter subspaces for our
decomposition procedure.

We include numerical results in Table 8, which
validate the effectiveness of the two proposed data-
free solutions. Therefore, when the source train-
ing data is strictly inaccessible, one can easily use
dataset in similar knowledge domain or use LLMs
to generate synthetic data in similar knowledge do-
main, and still achieve good performance using
PAVE.

C.5 Pruning Analysis on Generative Tasks

To further examine whether covariance-based sub-
space purification is effective for generative models,
we conducted an additional rank-pruning experi-
ment on WizardMath-7B-V 1.0 using GSM8K in
Table 12. The results show that CO-SVD preserves
math reasoning ability better than plain SVD, espe-
cially under stronger rank pruning. This suggests
that covariance-based decomposition can still local-
ize useful task-relevant components in larger gen-
erative models, and the final merging gains remain
limited by the difficulty of combining different gen-
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Layers | 3 4 5 6 7 8 9 10 11 12
DeBERTa

CoLA ‘ 1.03 1.11 097 1.03 1.01 1.05 094 092 090 0.89 091 0.69

MRPC ‘ 0.81 050 048 0.68 0.79 076 094 0.81 122 096 097 1.12

QQP ‘ 1.17 1.17 1.18 1.13 1.13 1.14 1.12 1.17 1.09 1.14 1.15 1.01
Table 10: Normalized assigned pruning ranks across layers

Task ‘ CoLA SST-2 MRPC STSB QQP MNLI QNLI RTE

Assigned Rank / Uniform Rank ‘ 0.96 1.21

0.84 1.17  1.13  1.09 0.87 0.72

Table 11: Average normalized assigned pruning ranks for different downstream tasks.

WizardMath-7B-V1.0 on GSM8K | SVD | CO-SVD

Pruning rank = 16 48.59 51.32
Pruning rank = 64 47.08 50.94
Pruning rank = 128 44.50 50.49
Pruning rank = 256 36.16 49.35

Table 12: Comparison of SVD and CO-SVD under
different pruning ranks for WizardMath-7B-V1.0 on
GSMBK.

erative abilities.

C.6 Model Merging for ViT Models

Settings. Following the setup of EMR-Merging
presented in Huang et al. (2024), we employ
ViT-B/32, ViT-B/16 and ViT-L/14 (Radford et al.,
2021) as the base model to evaluate the perfor-
mance of PAVE across 8 image classification
tasks: SUN397 (Xiao et al., 2010), Cars (Krause
et al.,, 2013), RESISC45 (Cheng et al., 2017),
EuroSAT (Helber et al., 2019), SVHN (Netzer
et al., 2011), GTSRB (Stallkamp et al., 2011),
MNIST (LeCun, 1998), and DTD (Cimpoi et al.,
2014). The preserved rank ratio p of PAVE is cho-
sen from {%, %, %, %}, and the stopping ratio is
settoy =p — I_Tp. The checkpoints are publicly
accessible via the link provided in Ilharco et al.
(2022).

Results. As shown in Table 9, while the
plain EMR-Merging method already demonstrates
strong performance against other baselines includ-
ing AWD-Merging and DOGE-Merging, PAVE
still consistently enhances the performance across
all ViT variants. For ViT-B/32, PAVE improves the
average accuracy by +0.5% (from 88.7% to 89.2).

On the more capable ViT-B/16 model, PAVE again
contributes an improvement of +0.5%, increasing
the average from 91.2% to 91.7%.

C.7 Layer-wise Analysis of the Spectral Rank
Allocation Strategy

To better understand the behavior of the proposed
spectral rank allocation strategy, we analyze the
assigned pruning ranks across different layers and
tasks. We report the assigned rank normalized by
the corresponding uniform-rank baseline, where
a value greater than 1 indicates that more ranks
are preserved than under uniform allocation, and
a value smaller than 1 indicates more aggressive
pruning.

Layer-wise analysis. We observe task-specific
layer-wise patterns for some fine-tuned models.
As shown in Table 10, the CoLA model tends to
preserve relatively more ranks in the early layers,
while the MRPC model exhibits the opposite be-
havior, allocating more ranks to the later layers.
In contrast, the QQP model maintains relatively
uniform rank assignments across layers. These ob-
servations suggest that different downstream tasks
rely on different parts of the network.

However, these patterns are not consistent across
all tasks. Averaging the assigned ranks over all
fine-tuned models, we do not observe any particu-
lar layer that consistently receives higher or lower
ranks than the uniform baseline. Similarly, the aver-
age assigned ranks for attention and FFN modules
are also close to the uniform allocation. These ob-
servations suggest that the rank allocation strategy
does not exhibit a systematic architectural prefer-
ence toward specific layers or module types.
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Task-level analysis. In contrast, we find that the
allocation strategy varies more significantly across
tasks than across network depth. As shown in Ta-
ble 11, some tasks consistently receive higher pre-
served ranks than the uniform baseline (e.g., SST-2,
STS-B, QQP, and MNLI), whereas others are as-
signed lower ranks (e.g., CoLA, MRPC, QNLI, and
RTE). This result suggests that the proposed strat-
egy primarily adapts to the characteristics of the
downstream task rather than to fixed architectural
positions. It also supports our motivation that differ-
ent fine-tuned models exhibit different robustness
to rank pruning, making adaptive rank allocation
preferable to a uniform pruning strategy.
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