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Abstract

Model merging integrates multi-task capabili-
ties into Large Language Models without re-
training, with spectral space offering better
disentanglement of task interference than tra-
ditional parameter-space methods. However,
current spectral approaches rely on static and
one-off operations like truncation, which lack
the granularity to resolve residual feature con-
flicts, resulting in a suboptimal merged model
with unsatisfied multi-task performances. To
bridge this gap, we propose LoRA-DV, a uni-
versal post-hoc framework that continuously
refines merged weights via a Spectral Re-
thinking Mechanism. By employing itera-
tive anisotropic scaling to modulate Difference
Vectors (DVs)—defined as parameter displace-
ments from the pre-trained state that encapsu-
late historical optimization knowledge—LoRA-
DV acts as a high-precision spectral equalizer
to suppress noise and amplify task signals with
minimal learnable parameters. Experiments
show that LoRA-DV significantly enhances
existing baselines, effectively reducing spec-
tral interference and boosting multi-task perfor-
mance through fine-grained calibration.

1 Introduction

Large Language Models (LLMs) have achieved re-
markable proficiency across a broad spectrum of
natural language processing tasks. The accessibil-
ity of high-performance open-source foundations
has catalyzed the proliferation of specialized ex-
pert models, ranging from automated code gener-
ation to clinical medical analysis. This shift from
monolithic general-purpose systems toward a di-
verse ecosystem of domain-centric intelligence rep-
resents a significant paradigm shift. This naturally
motivates the question of whether multiple task-
specific expert LLMs can be unified into a single
general-purpose model with multi-task capabilities
(ITharco et al., 2023; Yadav et al., 2023).

Currently, model merging has emerged as an effi-
cient paradigm for integrating multiple specialized
models into a unified framework without the pro-
hibitive cost of joint training. A cornerstone of
this field is Task Arithmetic (TA) (Ilharco et al.,
2023), which defines a Task Vector as the element-
wise difference between a fine-tuned model and its
pre-trained base. By linearly combining these vec-
tors, TA enables highly efficient capability transfer.
Building on the efficacy of TA, more advanced
methodologies have explored sophisticated strate-
gies for learning task vector coefficients to improve
multi-task performance. These include one-off
learning frameworks, such as Ties-Merging (Ya-
dav et al., 2023), Model Breadcrumbs (Davari and
Belilovsky, 2024), and Consensus Merging (Wang
et al., 2024), as well as inference-time dynamic
learning exemplified by Twin-Merging (Lu et al.,
2024) and EMR-Merging (Huang et al., 2024).

Traditional methods have predominantly oper-
ated in the parameter space. However, recent evi-
dence suggests that traditional algorithms systemat-
ically exacerbate task interference during merging
(Yadav et al., 2023; Yang et al., 2024b), causing
a suboptimal trade-off among tasks where gains
in one area come at the expense of others. This
phenomenon is primarily caused by treating neural
networks as flattened parameter vectors, thereby
overlooking the critical algebraic structure inherent
within weight matrices. Consequently, applying
TA methods to such flattened updates frequently
precipitates severe task interference, as it fails to
account for the complex geometric interactions be-
tween the subspaces of task-specific weights.

To resolve this issue, current studies have tran-
sitioned the merging paradigm toward the spectral
domain (Stoica et al., 2025; Gargiulo et al., 2025;
Marczak et al., 2025). Singular Value Decompo-
sition (SVD) offers a clear physical interpretation
by decomposing weights into singular vectors and
values, representing knowledge directions and their



corresponding importance. Through this geomet-
rically informed lens, spectral methodologies can
explicitly quantify the scaling of task vectors along
critical parameter directions, facilitating a more
granular analysis of inter-task interactions during
the merging process.

Despite their potential, current spectral method-
ologies still face limitations. Most rely on static,
one-off operations during initial aggregation, such
as heuristic rank truncation (Gargiulo et al., 2025)
or isotropic alignment (Marczak et al., 2025).
These strategies lack sufficient granularity; they fail
to adaptively calibrate task weights in the spectral
space, leaving residual feature conflicts unresolved.
Consequently, the merged model fails to achieve
an optimal trade-off given the historical knowledge
already acquired. Specifically, static strategies lack
the capacity to adaptively balance task-specific rep-
resentations, often leading to suboptimal compro-
mises where dominant tasks suppress minority or
conflicting ones. This rigidity prevents the model
from searching for solutions that minimize interfer-
ence, limiting its ability to exploit shared structures
while preserving task-specific nuances.

Building on this, we argue that effective model
merging requires a spectral rethinking mecha-
nism. This mechanism leverages Difference Vec-
tors (DVs) (Wang et al., 2025)—which encode his-
torical optimization knowledge—to perform post-
hoc reflection in the spectral space. Such reflection
enables dynamic adjustments that discover better
task trade-offs and reduce interference adaptively.
To make this practical at the LLM scale, we adopt
LoRA (Hu et al., 2022) as the problem-aligned
parameterization. By exploiting the inherent low-
rank structure of LoRA, iterative spectral analysis
becomes computationally efficient, allowing us to
learn a minimal set of parameters to suppress inter-
task interference.

Thus, in this paper, we introduce LoRA-DV, a
universal correction framework designed to dynam-
ically modulate the spectral distribution captured in
DVs. Rather than introducing new task knowledge,
LoRA-DV recalibrates the existing spectral distri-
bution to correct imbalanced or conflicting modes
that emerge after merging. Functioning as a high-
precision spectral equalizer, LORA-DV employs
iterative SVD-based anisotropic scaling. It intro-
duces a negligible number of learnable parameters—
approximately 0.1% of the original LoRA parame-
ter count—to selectively suppress noisy modes and
amplify constructive signals under sparse data guid-

ance. Through extensive experiments on the 8-task
GLUE benchmark and diverse generative scenar-
ios, we demonstrate that LORA-DV significantly
enhances existing merging baselines. Our results
show consistent performance gains across models
ranging from Flan-T5 to Qwen-14B, effectively
reducing task interference.

2 Related Work

2.1 Model Merging

Model merging is an established paradigm for en-
dowing pre-trained models with multi-task capabil-
ities without the prohibitive costs of joint train-
ing . Early approaches, such as Model Soups
(Wortsman et al., 2022), demonstrated that av-
eraging the weights of multiple fine-tuned mod-
els can enhance generalization. Building on this,
Task Arithmetic (TA) (Ilharco et al., 2023) in-
troduced task vectors—defined as the element-
wise difference between fine-tuned and pre-trained
weights—enabling the efficient addition or removal
of specific capabilities. However, naive weight av-
eraging often induces significant task interference.

To mitigate this, subsequent research has focused
on refining the merging process within the param-
eter space. Ties-Merging (Yadav et al., 2023) re-
solves interference by trimming redundant parame-
ters and aligning sign conflicts. Similarly, DARE
(Yu et al., 2024) employs random dropouts to spar-
sify dense task vectors, thereby reducing inter-task
overlap. Other methodologies, such as TALL-Mask
and Consensus Merging (Wang et al., 2024), uti-
lize task-specific masks to localize and retain only
critical information. While effective, these meth-
ods predominantly operate in a flattened parameter
space. They often neglect the underlying geometric
structures and spectral properties of weight matri-
ces, which we argue are essential for fine-grained
interference resolution. LoORA-DV bridges this gap
by leveraging these spectral attributes to resolve
task interference.

2.2 SVD for Model Merging

The structural insights provided by Singular Value
Decomposition (SVD) have recently been applied
to model merging. KnOTS (Stoica et al., 2025)
utilizes SVD by concatenating task-specific LoRA
matrices and averaging their right-singular vectors
to reconstruct the final merged weights. Similarly,
TSV (Gargiulo et al., 2025) analyzes the interac-
tions between the singular vectors of different tasks



to quantify interference and guide the merging pro-
cess. Furthermore, Isotropic Merging (Iso) (Mar-
czak et al., 2025) demonstrates that flattening the
singular value spectrum can significantly enhance
the alignment between merged and task-specific
subspaces.

While sharing the motivation for spectral anal-
ysis, we contend that these prior methods rely on
static operations that lack the granularity to resolve
residual feature conflicts. In contrast, LoORA-DV
dynamically modulates the spectral distribution to
effectively reduce task interference and optimize
multi-task performance.

3 Preliminaries

Low-Rank Adaptation (LoRA) Low-Rank
Adaptation (LoRA) (Hu et al., 2022) is a widely
used parameter-efficient finetuning paradigm that
freezes the pretrained weight matrix Wy €
R¥**and learns a low-rank parameter updated AW
via a rank decomposition. The LoRA mechanism
can be described as follows:

W =Wy + AW, AW = BA, (1)
where
BeR™ AeR™ r<min(d k). (2)

With only A, B are trainable, LoRA significantly
reduces the trainable parameters and lower the hard-
ware demand while maintaining comparable or bet-
ter model performance.

From Task Vectors to Difference Vectors Task
Vector (TV) (Ilharco et al., 2023) represents the
element-wise difference between the model param-
eters of a pre-trained model and a finetuned model
on a specific target. For task t, given pre-trained
model weights as 0., and the fine-tuned model
weights 6}, the task vector is:

7t = 0f — Opre- (3)

Through simple vector arithmetic(addition, nega-
tion), task arithmetic enables effective model merg-
ing with high efficiency.

Difference Vectors (DVs) (Wang et al., 2025),
as the extension of the TVs can be defined as the
displacement from the pre-trained point at any op-
timization state. For an arbitrary parameter state 0,
the DV can be calculated as:

5 =0 — O 4)

As the cumulative outcome of optimization, DVs
encode the historical information from pre-training
to the current point. With perturbing along the
direction of the DVs, model weights are able to
jump out of the local optima and keep searching
without any extra components.

4 Methodology

We argue that spectral merging should not end
at the initial decomposition. Thus, treating the
merge as a one-off terminal operation is insuffi-
cient that spectral magnitudes can remain uncal-
ibrated, leaving residual conflicts and producing
suboptimal multi-task synergy. This motivates our
central mechanism of spectral rethinking which
rectifies the merged weight distribution after the
initial model merging state.

4.1 Rethinking Mechanism

Our rethinking mechanism aims to adjust the pa-
rameter distribution of a merged model, however,
due to the large scale of LLM tasks, the rethink-
ing mechanism requires a framework that can effi-
ciently adapt and regulate the distribution of model
parameters. Therefore, we anchor the mechanism
on LoRA difference vectors which is the natural
carrier in the PEFT regime. Meanwhile its intrinsic
low-rank form renders iterative spectral analysis
computationally practical.

Formally, let ;. be the pre-trained model pa-
rameters and {7; }¥, as task vectors form N LoRA
modules where each LoRA task vector is 7; =
B; A;. Thus, the standard initial merged state is:

N
Hmerged = apre + Z ;T (5)
=1

Here, «; is an isotropic scaling term. Most exist-
ing approaches simply tune a; while ignoring the
internal task interference. To dynamically adjust
the weight distribution to suppress the task inter-
ference, we leverage the difference vectors of the
merged model where:

0= amerged - epre- (6)

Since the difference vector § contains the historical
knowledge model learned form the pretrained to
the merged state. Thus, we can realize our spectral
rethinking mechanism through anisotropic scaling
in singular-value space of the difference vectors.



Initial Merging Phase

Spectral Rethinking Phase

~
Current N

/ \ Merged Weights : \
. o9 ‘ \

| Difference Weights
| L, 50 =90 _g,.. 5 Update |
[ > fort+1

| %
|
Base Weights (fpas) |
w Spectral Rethinking Mechanism
> 50 07

|

|

|

|

|

Initial Merged |

Task 2 Weights |
P}

|

|

|

I

|

TN [T

I
I
I
I
I
I
I
| Task 1
|
|
|
|
|
|
|

|

|

|

|

Rethinked |

& Weights |
Orethink

|

|

|

|

1

1

¢ REEoEi
;
~ v o5y

Figure 1: Overall pipeline of LORA-DV, After the initial aggregation of base and LoRA weights, the Spectral
Rethinking Mechanism is employed. It iteratively recalibrates the spectral distribution of difference vectors via
SVD-based anisotropic scaling to reduce task interference effectively.

Given a layer-wise difference matrix AW € 4,
we perform the SVD decomposition:

AW =USV', % =diag(oy,...,0,). (7)

The singular vectors can now be seen as the
knowledge directions while singular values are the
strength. To recalibrate strengths without destroy-
ing learned geometry, we freeze U and V' and intro-
duce a learnable anisotropic scaling vector A € R"
that initialized to ones to dynamically re-weights
the singular values:

AW =UMNADVT. (8)

Equation 8 is the core rethinking action, instead
of globally shrinking or truncating an update, we
apply fine-grained gains per spectral mode, sup-
pressing conflict noise modes while amplifying
constructive task modes.

4.2 TIterative Rethinking Strategy

However, task interference is often layered, a sin-
gle step correction may not adjust the parameter
distribution into an optimal state. Thus, we intro-
duce the iterative rethinking strategy. Formally, de-
fine {0} with 0©is the initial merged model
weights. At iteration ¢ + 1, we can extract the
difference vector:

8 =) — e ©)

Then we apply the layer-wise rethinking operation.
For each layer-wise difference matrix AW® ¢
6(®), we perform SVD:

AW® = gOSOYOT 5O — diag(ay, ...

(10)
and introduce a learnable anisotropic scaling vec-
tor A() € R"(initialized to ones). With freezing
U® and V), the spectrally reweighted update is

reconstructed as:

AWY —uOA® o xOyyoT )

4.3 General Learning Objective

To make our rethinking mechanism well-defined
at the model level and propose the general learn-
ing objective, we learn a global set of anisotropic
scaling coefficients across all layers simultaneously.
Formally, introduce a unified layer index set £. For
each / € L, let AWg(t) € 61 denote the corre-
sponding layer-wise difference matrix. The spec-
tral rethinking SVD is AW = uPxPy©,]
followed by a learnable anisotropic scaling vector
Agt). We define a global transform F (-) by apply-
ing the rethinking operation to all layers at iteration
t + 1 where:

Fyo (5(15)) — {Ue(t) (Agt) ® Eﬁt)) Vé‘l'} ’

el

AD = (AP} e, (12)

Under a small calibration set D..;p, the overall
objective is to jointly optimize the entire collection

A = {Aét)}ge £ by minimizing the calibration

,O'T).



loss computed on the full model:

A*(t) = arg I/I\l(lfl)l E(epre + FA(t) (5(t)); Dcalib) .
(13)

4.4 Loss Functions

Notably, our spectral rethinking mechanism is
available on both supervised and unsupervised
training scenarios with different loss functions. For
supervised training, we adopt the traditional cross-
entropy loss. For unsupervised training loss L5,
following (Yang et al., 2024b), we use Shannon en-
tropy of the predicted output of the neural network:

C
Euns = - Zp(ﬁi,c) logp(gi,c)-

c=1

(14)

Here, p(y; ) denotes the prediction probability of
input sample x; is class ¢. According to (Yang
et al., 2024b), the entropy loss in eq 14 is highly
correlated to the actual prediction loss, thus, using
the above unsupervised loss on the unlabeled cali-
bration sets, our spectral rethinking mechanism is
able to work effectively on unsupervised settings.

5 Experiment

5.1 Experimental Settings

Benchmarks and Baselines. For discriminative
language tasks, following the standard setup (Yang
et al., 2024b; Wang et al., 2024), we employ Flan-
T5-base and Flan-T5-large (Chung et al., 2024) as
the backbone and evaluate on the 8-task GLUE
benchmark(Wang et al., 2019) to investigate the
performances across fundamental linguistic under-
standing tasks. For language generative tasks, fol-
lowing the setting in (Lu et al., 2024), we evaluate
Qwen-14B (Bai et al., 2023) on four scenarios: gen-
eral knowledge (MMLU (Hendrycks et al., 2021)),
factualness (Truthful QA (Lin et al., 2022)), safety
(BBQ (Parrish et al., 2022)), and summarization
(CNN-DailyMail (Nallapati et al., 2016)).

Since LoRA-DV functions as a universal post-
hoc rethinking module rather than a standalone
merging method, we evaluate it atop representa-
tive general merging frameworks to demonstrate its
effectiveness, including Model Soups (Wortsman
et al., 2022), Task Arithmetic (Ilharco et al., 2023),
Ties-Merging (Yadav et al., 2023), EMR-Merging
(Huang et al., 2024), and DARE (Yu et al., 2024).

Implementation Details. We first obtain task-
specific experts via LoRA fine-tuning. For Flan-T5-
base and Flan-T5-large, we adopt the pre-trained
LoRA adapters directly from the official Fusion-
Bench (Tang et al., 2025). For Qwen-14B, we set a
higher LoRA rank of » = 32. The model is trained
for 3 epochs using the Adam optimizer with a learn-
ing rate of 2 x 10~* and a batch size of 128. For
our method LoRA-DV, we perform Singular Value
Decomposition (SVD) on the task vectors of each
LoRA adapter. To learn the anisotropic scaling fac-
tors for the singular values, we randomly sample a
tiny calibration set of 32 samples from the training
sets of the merged tasks. We optimize the scaling
factors using the Adam optimizer with a learning
rate of 0.005. The optimization process consists
of 3 iterations, each comprising 10 epochs. More
details in the Appendix.

5.2 Main Results

Results of Medium-Sized Models. For medium-
sized language models, we select Flan-T5-base and
Flan-T5-large (Chung et al., 2024) as base models
and use eight discriminative tasks from the GLUE
benchmark as target tasks. As detailed in Table 1
and Table 2, our method substantially outperforms
baselines on average. For Flan-T5-base, LoRA-
DV achieves consistent improvements across all
methods. Specifically, the fully calibrated LoRA-
DV improves WA, TA, TIES, and EMR by 2.7%,
2.4%, 2.6%, and 2.3%. Specifically, our approach
achieves significant gains, such as a 4.4% improve-
ment on MNLI under TA and a 6.7% improve-
ment on STSB under EMR. Remarkably, even with
unlabeled data (denoted as Yes(unlabeled)), our
method still consistently surpasses the standard
baselines, yielding average improvements of 1.2%,
1.1%, 1.4%, and 0.9% for WA, TA, TIES, and
EMR, respectively. This validates the effectiveness
of our spectral rethinking mechanism.

Similarly, for Flan-T5-large, our method yields
average gains of 1.9% for WA, 1.7% for TA, 1.9%
for TIES, and 1.6% for EMR. LoRA-DV main-
tains a significant advantage even with unlabeled
data, outperforming the corresponding baselines by
0.9%, 0.9%, 1.3%, and 0.7% on average. Although
the baselines marginally outperform our method on
QQP in isolated cases, the performance gap is neg-
ligible and does not diminish the overall superiority
of our approach.



Table 1: Performances of Flan-T5-base in 8 GLUE tasks. “Individual” refers to the metrics of each fine-tuned
model on the dataset on which it was trained. Bold means the best performance across different methods. “No”
indicates that LORA-DV is not applied; “Yes (unlabeled)” indicates LORA-DV uses entropy minimization (Eq. 14)

on unlabeled data; and “Yes” indicates the use of the full LoORA-DV.

Method ~ LoRA-DV |CoLA MNLI MRPC QNLI QQP RTE SST2 STSB| Avg.
Individual - | 69.1 827 855 909 840 845 929 874 | 846
No 69.7 597 789 90.1 838 805 912 720 | 782
WA Yes(unlabeled) | 70.1 614 792 90.6 834 819 926 758 |79.4 12
Yes 707 644 805 917 839 835 933 792 |80.9 7%
No 688 552 787 89.8 837 79.1 915 724 | 774
TA  Yes(unlabeled)| 69.0 57.7 792 903 83.8 817 91.7 743 |78.5 %)
Yes 69.1 59.6 799 90.7 84.5 829 928 78.9 |79.8 c24%)
No 683 563 794 898 837 794 916 712 | 7715
TIES  Yes(unlabeled) | 68.4 592 79.9 903 828 81.7 923 763 |78.9 ¢1aa)
Yes 68.6 617 80.5 912 834 831 93.1 789 |80.1c26%
No 718 624 797 923 843 80.1 927 754 | 798
EMR  Yes(unlabeled) | 71.7 63.1 79.0 92.8 84.1 831 934 78.1 |80.7 cosw)
Yes 719 663 794 937 84.5 844 947 821 |82.123%

Table 2: Performances of Flan-T5-large in 8 GLUE tasks. “Individual” refers to the metrics of each fine-tuned
model on the dataset on which it was trained. Bold means the best performance across different methods. “No”
indicates that LoORA-DV is not applied; “Yes (unlabeled)” indicates LoORA-DV uses entropy minimization (Eq. 14)

on unlabeled data; and “Yes” indicates the use of the full LoORA-DV.

Method LoRA-DV ‘COLA MNLI MRPC QNLI QQP RTE SST2 STSB‘ Avg.
Individual - | 802 885 892 944 872 917 952 909 | 89.6
No 74.6 843 84.1 928 863 874 948 88.0 86.5
WA Yes(unlabeled) | 76.2  85.6 853 933 86.2 88.1 951 89.2 |87.4 0.9%)
Yes 768 870 865 938 87.0 898 958 90.8 |88.4 i)
No 769 854 853 939 858 88.1 952 87.8 87.3
TA Yes(unlabeled) | 77.3  86.2 869 946 863 90.1 952 89.3 |88.2 +0.9%)
Yes 785 875 875 948 864 90.5 958 910 |89.0 ¢
No 771 851 863 939 860 877 951 830 | 874
TIES Yes(unlabeled) | 78.6  87.2 873 943 86.1 893 958 90.6 | 88.7 +1.3%)
Yes 792 879 882 948 866 90.5 96.0 912 |89.3 i)
No 788 867 859 941 861 87.8 950 884 | 879
EMR Yes(unlabeled) | 79.5 87.8 875 943 86.2 889 953 89.1 |88.6 +0.7%)
Yes 80.5 89.0 880 952 868 90.5 96.0 90.0 |89.5crew)
Results of Large Language Models. To further  the TIES framework, our label-free method even

demonstrate the effectiveness of LoORA-DV in large
language models, we supplement experiments on
Qwen-14B. The experimental results of Qwen-14B
are presented in Table 3, respectively. For Qwen-
14B, our method achieves superior performance
compared to both standard baselines and their
DARE-enhanced variants. Specifically, under the
TA framework, LoORA-DV improves the average
score by 1.44%, surpassing the DARE-enhanced
baseline. Similarly, under TIES, our approach
yields an average improvement of 1.13%, with
substantial gains observed on BBQ and MMLU
benchmarks. Notably, LORA-DV maintains a com-
petitive performance even with unlabeled calibra-
tion data. LoRA-DV with unlabeled data (denoted
as (unlabeled)) yields average improvements of
0.96% and 0.55% over the standard TA and TIES
baselines, respectively. It is worth noting that under

surpasses the DARE-enhanced baseline (55.24 vs.
54.63). Although it performs slightly lower than TA
w/ DARE (55.84 vs. 56.08), it still exhibits highly
competitive performance given the unlabeled cali-
bration data. These results indicate that our method
remains robust and effective even when scaling to
larger models and diverse task distributions, regard-
less of data availability.

5.3 Mechanism Analysis

In this section, we conduct a qualitative analysis to
investigate the mechanism of LoRA-DV. Figure 2a
illustrates the distribution of the learned scaling
factors ), visualizing how the model modulates fea-
ture importance. Specifically, we observe that the
model selectively amplifies singular values corre-
sponding to core task-specific directions (A > 1.0),
while explicitly suppressing components associ-



Table 3: Performances of Qwen-14B on general knowledge, factualness, safety, and summarization tasks. “Indi-
vidual” refers to the metrics of each fine-tuned model on the dataset on which it was trained. Bold means the best
performance across different methods. “No” indicates that LoORA-DV is not applied; “No (w/ DARE)” indicates that
DARE is applied instead of LoORA-DV; “Yes (unlabeled)” indicates LoORA-DV uses entropy minimization (Eq. 14)
on unlabeled data; and ““Yes” indicates the use of the full LoORA-DV.

Method LoRA-DV | MMLU  TruthfulQA ~ BBQ CNN | Avg.
Individual ‘ 69.07 53.33 93.53 19.46 ‘ 58.85
No 68.33 52.39 78.24 20.55 54.88
TA No (w/ DARE) 68.53 51.68 82.83 21.29 56.08
Yes (unlabeled) 68.67 51.98 81.29 21.41 55.84 (+0.96%)
Yes 69.17 52.59 81.71 21.79 56.32 (+1.44%)
No 68.27 49.08 84.11 17.29 54.69
TIES No (w/ DARE) 69.31 52.08 81.19 15.92 54.63
Yes (unlabeled) 69.04 49.31 84.70 17.92 55.24 (+0.55%)
Yes 69.78 49.95 85.37 18.17 55.82 +1.13%)
Spectral Filtering Mechanism in Layer 0.10 1 Baseline =1 Ours (LoRA-DV)
3.0 --- Baseline (A=1)
- Spectral Scaling Trend © 0.08
- 25 Task Feature Amplification g : " _ -
': Interference Suppression E |
o 0n
b+ B 0.06
C —
'S ~
o [}
£ =)
= g 0.04
[+ [
w0 >
<
0.02
-0.5
0 25 50 75 100 125 150 175 200 0.00
Index j of Singular Values : COLA SST2 MRPC QQP STSB MNLI QNLI RTE

(a) Spectral filtering mechanism

(b) Reduction in representation bias

Figure 2: Mechanism analysis of LORA-DV. (a) Visualization of learned anisotropic scaling factors A; across
singular value indices, illustrating the selective amplification of task-specific components and suppression of
interference. (b) Comparison of representation bias (average L, distance) between Task Arithmetic and LoORA-DV
across GLUE tasks, demonstrating consistent mitigation of representation drift.

Table 4: Ablation study of LoORA-DV

Method Flan-T5-base Flan-T5-large
Baseline 774 87.3
Random perturbation 23.5 29.0
Isotropic (scalar) scaling 78.2 87.5
LoRA-DV 79.8 89.2

ated with task interference or (A < 1.0). This phe-
nomenon implies that LoORA-DV effectively em-
powers the model to rethink, thereby decoupling
critical task signals from interference.

To empirically validate LoORA-DV reduces task
interference, we employ the metric of representa-
tion bias (Yang et al., 2024a), defined as the av-
erage L distance between the hidden states of
the merged model and those of the original single-
task experts. This metric reflects task interference
by quantifying the discrepancy between merged
features and task-specific optimal features, with
lower values indicating better mitigation of task
interference. As shown in Figure 2b, compared to
the baseline, LORA-DV consistently yields signifi-

cantly lower representation bias across all evaluated
tasks. This reduction provides strong evidence that
our anisotropic spectral calibration effectively miti-
gates representation drift, significantly alleviating
task interference during the merging process.

5.4 Ablation Study

To demonstrate the effectiveness of our approach,
we conducted ablation studies for LoORA-DV, sum-
marized in Table 4. Replacing the learned spec-
tral scaling with random perturbation leads to a
drastic performance loss, highlighting the critical
need for precise spectral calibration. Blind stochas-
tic regularization impairs the model’s capabilities,
confirming that the directionality of the spectral
update is essential. Replacing the fine-grained
anisotropic vector with isotropic (scalar) scaling
also results in a clear drop in performance, demon-
strating the value of spectral-wise control. This is
likely because isotropic scaling applies a uniform
gain across all singular values, limiting its ability
to disentangle constructive task features from con-
flicting noise within the same layer. In contrast,
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Figure 3: Further analysis of LORA-DV on GLUE benchmark. (a) Performance of Flan-T5-base with varying
numbers of rethinking iterations 7'. (b) Performance of Flan-T5-base with respect to the size of the calibration
dataset IV. (c) Performance stability of Flan-T5-base and Flan-T5-large across varying initial scaling coefficients,

demonstrating robustness to hyperparameter initialization.

LoRA-DV’s anisotropic capability allows for the
precise suppression of specific interference modes
that a global scalar cannot address.

5.5 Further Analysis

Impact of Rethinking Iterations. In this section,
we investigate the impact of LoRA-DV to the itera-
tion depth 7', Figure 3 (a) illustrates the progress of
average GLUE performance as the iteration depth
T increases. Compared to the non-iterative base-
line, the initial rethinking step (1" = 1) yields a
substantial gain, boosting the score to 78.4. Al-
though a transient performance dip is observed at
T = 2 (78.1)—possibly attributable to unstable
spectral calibration in intermediate steps—the per-
formance recovers robustly and reaches 79.8 at
T = 3. Further extending the iterations to 7' = 4
results in a marginal improvement to 79.9. Given
the negligible performance gain beyond the third
iteration, this demonstrates the rapid convergence
of our approach. Accordingly, we adopt T' = 3 as
the default setting.

Impact of Calibration Set Size. We analyze the
dependency on the calibration set size IN. In Fig-
ure 3 (b), the method exhibits distinct behaviors
across different sizes. Notably, in the absence of
labeled data (N = 0), LoRA-DV, which employs
entropy minimization (Eq. 14), already yields a per-
formance of 78.5, superior to the baseline. How-
ever, introducing a tiny labeled set (N = 4) causes
a temporary performance dip to 77.6, which still
remains above the baseline. Performance rapidly
recovers as N increases to 8 and 16, where the
calibration set becomes representative enough to
capture global conflict patterns. The score reaches
a significant high at N = 32 (79.8) and shows fur-
ther improvements at N = 64, finally saturating at
N = 128 (80.5). The performances demonstrate

that LoORA-DV demonstrates robust performance
not only with calibration data but also remains re-
markably effective in label-free scenarios.

Robustness to Initialization. Traditional merg-
ing methods often require meticulous tuning of
the global scaling factor A\. To assess the ro-
bustness of our approach, we evaluate the per-
formance of both Flan-T5-base and Flan-T5-large
across a wide range of initial scaling coefficients
Ainit € [0.1,1.0]. As visualized in Figure 3 (c),
LoRA-DV demonstrates remarkable stability. Re-
gardless of the initial value, the average scores for
Flan-T5-base fluctuate minimally between 79.6 and
80.2, while Flan-T5-large remains steady around
89.0. This indicates that LoRA-DV can dynami-
cally rectify the weight distribution to an optimal
state, effectively eliminating the need for the man-
ual hyperparameter grid search required by tradi-
tional scalar scaling methods.

6 Conclusion

In this paper, we demonstrate that treating model
merging as a one-off operation fails to effectively
reduce task interference under the current accumu-
lated historical knowledge model learned, whereas
the spectral properties of Difference Vectors offer
a granular view for disentangling such conflicts.
We argue that the task interference among expert
models can be further reduced by dynamically mod-
ulating the difference vector in the spectral space.
Thus, we introduce LoRA-DYV, a universal and ef-
fective post-hoc rethinking framework that resolves
interferences via anisotropic scaling, capable of op-
erating with unlabeled data. Extensive experiments
demonstrate the effectiveness of our method over
state-of-the-art baselines. We believe that this work
is one step toward shifting from static parameter
aggregation to dynamic spectral rethinking.



Limitations

Task vectors depend on the particular pre-trained
model, it is not yet feasible to compose and transfer
knowledge across different architectures. With a
suitable projection mechanism, this may become
feasible in future work.

Ethical Considerations

Data Usage and Privacy. Our research uti-
lizes publicly available datasets, including GLUE,
MMLU, GSMS8K, and specific domain datasets
such as MedQA and HealthcareMagic. We have
strictly adhered to the licenses and usage terms of
these datasets (e.g., MIT, Apache-2.0, and CC-BY)
as detailed in Appendix A.1. No private or person-
ally identifiable information is collected or used in
this study.

Potential Risks in Critical Domains. We evalu-
ate our method on medical datasets (MedQA and
HealthcareMagic) to demonstrate the effectiveness
of model merging in heterogeneous tasks. However,
we emphasize that the merged models are intended
solely for research purposes. They have not under-
gone rigorous clinical validation and should not be
used for providing medical advice or diagnosis in
real-world scenarios.

Bias and Safety. Model merging inherits the ca-
pabilities but also potentially the biases of the pre-
trained base models and fine-tuned experts. To
monitor this, we included safety and bias bench-
marks (BBQ and TruthfulQA) in our evaluation.
While our method shows competitive performance
on these benchmarks, users should exercise caution
and conduct comprehensive safety testing before
deploying merged models in sensitive applications.
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A Appendix
A.1 Experiment Details

Here we detailed illustrate the setting of our exper-
iments

A.1.1 Benchmark.

Discriminative Tasks. we conduct experiments
on the GLUE benchmark (Wang et al., 2019) with
eight discriminative tasks, which is designed for
classification tasks except for STS-B for the regres-
sion task. The detail of eight dataset can be found
in the paper of Wang et al. (Wang et al., 2019).
Consistent with prior research (Yu et al., 2024) we
still split 10% of the training set as a validation set
and employ the original validation data as the test
set.

The licenses of QNLI, COLA, and STS-B are
licensed under CC-BY-SA. QQP is licensed under
MIT. SST-2 and MRPC are licensed under Apache
2.0. MNLI is licensed under OANC. RTE is li-
censed under CC BY 4.0. Thus, these datasets in
GLUE are available for non-commercial research
purposes.

Generative Tasks. Following the paper of Lu et
al (Lu et al., 2024), we conduct experiments on
four benchmarks:

* MMLU (Hendrycks et al., 2021): Designed to
evaluate general and STEM knowledge, this
benchmark encompasses 57 distinct subjects
ranging from elementary to professional diffi-
culty levels. We employ Exact-Match as the
primary evaluation metric.

TruthfulQA (Lin et al., 2022): This bench-
mark assesses the factualness and truthfulness
of language models through a set of 817 ques-
tions. It covers 38 diverse categories, includ-
ing health, law, finance, and politics, with per-
formance measured using the Exact-Match
metric.

BBQ (Parrish et al., 2022): Utilized for safety
evaluation, this dataset identifies social biases
against protected classes across nine social
dimensions within U.S. English-speaking con-
texts. We utilize Exact-Match as the metric
for this assessment.

CNN-DailyMail (Nallapati et al., 2016): This
dataset serves as our benchmark for text sum-
marization tasks. It requires the model to gen-
erate concise summaries from news articles,
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and we evaluate the generation quality using
ROUGE-2 scores (Lin and Hovy, 2003).

We evaluated these tasks using the HELM bench-
mark (Liang et al., 2023) in a few-shot setting. For
MMLU and Truthful QA, which lack official train-
ing sets, we used the Dolly-15k dataset (Conover
etal., 2023) for MMLU and the BigBench-sampled
dataset for Truthful QA.

The MMLU dataset is under the MIT License.
TruthfulQA and CNN-DailyMail are under the
Apache-2.0 License. BBQ is under the CC-BY
4.0 License.

Heterogeneous Tasks. Following Hi-Merging
(Fu et al., 2025), we conduct experiments on three
benchmarks:

* GSMSK (Cobbe et al., 2021): A dataset con-
sisting of 8.5K high-quality grade school math
word problems. It is designed to evaluate a
model’s ability to perform multi-step mathe-
matical reasoning and basic arithmetic calcu-
lations to reach the correct solution. We report
the accuracy as the evaluation metric.

* MedQA (Jin et al., 2021): A large-scale open-
domain question answering benchmark col-
lected from professional medical board exam-
inations. It assesses the model’s capacity to
apply extensive professional medical knowl-
edge and clinical reasoning to solve complex
multiple-choice questions. We employ Accu-
racy as the evaluation metric.

* HealthcareMagic (Li et al., 2023): A dataset
comprising approximately 100,000 authentic
patient-physician conversations sourced from
an online medical consultation platform. It
evaluates the model’s ability to understand
patient inquiries and generate helpful medi-
cal responses. We assess performance using
BLEU-4 (Papineni et al., 2002) and ROUGE
(Lin and Hovy, 2003).

The GSM8K and MedQA datasets are under the
MIT License. HealthcareMagic is under Apache-
2.0 License.

A.1.2 Language Model Backbone.

For discriminative tasks, we use Flan-T5-base and
Flan-T5-large (Chung et al., 2024) as our pre-
trained backbone and select the official LoRA mod-
ule from FusionBench (Tang et al., 2025). For



generative tasks, we utilized Qwen-14B (Bai et al.,
2023) as the base model, fine-tuned via LoRA (Hu
et al., 2022). The training setup consisted of a rank
of 32, a batch size of 128, and a learning rate of
2¢~4 over 3 epochs.

A.1.3 Baselines Details.

In this section, we provide a detailed description of
the baseline models adopted for our comparative
analysis.

* Individual: This setting deploys a dedicated
fine-tuned model for each distinct task. While
it eliminates inter-task interference, it lacks
the capability to handle multiple tasks concur-
rently. We treat this as the upper bound of
performance for single-task evaluation.

Weight Averaging (Wortsman et al., 2022) :
Representing the most rudimentary merging
strategy, this method calculates the element-
wise mean of parameters across different mod-
els. Itis generally regarded as the lower bound
for model merging performance.

Task Arithmetic (Ilharco et al., 2023): This
method leverages the concept of “task vec-
tors”—derived by subtracting the pre-trained
weights from the fine-tuned ones. These vec-
tors are then aggregated and added to the base
model to enable multi-task learning.

Ties-Merging (Yadav et al., 2023): Designed
to mitigate task interference, Ties-Merging fo-
cuses on removing redundant parameter up-
dates. The algorithm proceeds through three
distinct phases: Trim, Elect Sign, and Disjoint
Merge.

Task Arithmetic (w/ DARE) (Yu et al.,
2024): This variant integrates the DARE tech-
nique, which applies Bernoulli resampling to
sparsify the delta parameters (with a 70% drop
rate) prior to executing Task Arithmetic (II-
harco et al., 2023).

Ties-Merging (w/ DARE) (Yu et al., 2024):
Analogous to the approach above, this method
employs DARE to induce sparsity (70% ran-
dom drop) before applying the standard Ties-
Merging (Yadav et al., 2023) protocol.

EMR-Merging (Huang et al., 2024): This
tuning-free method introduces a unified model
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paired with lightweight task-specific modula-
tors. It employs a three-stage process which
is elect, mask, and rescale to align parameter
direction and magnitude for each specific task
without additional training.

* EMR-Merging (Huang et al., 2024): This
tuning-free method introduces a unified model
paired with lightweight task-specific modula-
tors. It employs a three-stage process which
is elect, mask, and rescale to align parameter
direction and magnitude for each specific task
without additional training.

* DELLA-Merging (Deep et al., 2024): This
approach extends DARE by refining the pa-
rameter pruning process. Specifically, it de-
termines the drop probability for each delta
vector according to its absolute magnitude,
which effectively mitigates instability during
the merging process.

To determine the optimal coefficients for Task
Arithmetic and Ties-Merging, we perform a small-
scale grid search on the validation datasets. For
DARE Merging, we adopt a constant coefficient of
0.7, consistent with the settings in prior works (Yu
et al., 2024).

A.1.4 Hyperparameter.

For Flan-T5-base and Flan-T5-large (Chung et al.,
2024), we select a learning rate of 0.005 and opti-
mize the anisotropic scaling factors using the Adam
optimizer. The optimization process consists of
3 rethinking iterations, with each iteration com-
prising 10 epochs. We utilize a calibration set
constructed by randomly sampling 32 examples
from the validation set of each task involved in
the merger. For the Llama-3-8B (Grattafiori et al.,
2024) and Qwen-14B (Bai et al., 2023), we main-
tain the same calibration data size and the number
of iterations, we adjust the learning rate to 0.0001
and reduce the training duration to 5 epochs per
iteration. Finally, all experimental results reported
in this paper are averaged over three independent
runs.

A.1.5 Further Experiment.

To further evaluate the generalization capability of
LoRA-DV on other large-scale architectures and
its efficacy in handling highly heterogeneous task
interference, we conducted additional experiments
using Llama-3-8B (Grattafiori et al., 2024). Specif-
ically, we constructed a challenging cross-domain



Table 5: Performances of Llama-3-8B on heterogeneous merging scenarios, combining mathematical reasoning
(GSMSK) and medical expertise (MedQA and HealthcareMagic). TA, TIES, DARE, and DELLA represent different
merging frameworks, while Yes denotes the application of LoORA-DV. B-4, R-1, R-2, and R-L refer to BLEU-4,
ROUGE-1, ROUGE-2, and ROUGE-L, respectively. Bold means the best performance across different methods.

MedQA HealthcareMagic GSMSK
Method LoRA-DV | e, | B4 RI  R2 RL | Acc Ave.
Individual - 63.59 ‘ 3142 30.11 9.74 19.11 69.75 37.29
TA No 61.43 31.56 27.06 5.03 15.99 73.16 35.71
Yes 61.98 31.63 27.12 5.08 16.09 74.15 36.01 +0.30%)
TIES No 60.96 35.38 28.83 6.24 17.95 70.28 36.61
Yes 62.22 3531 28.76 6.18 17.87 71.57 36.99 (+0.38%)
DARE No 60.33 31.62 27.18 5.04 1599 73.31 35.58
Yes 61.27 32.17 2749 5.22 16.34 74.07 36.09 +0.51%)
DELLA No 61.51 20.33 2346 3.82 1257 74.98 32.78
Yes 63.32 2042 23.53 391 12.65 75.82 33.28 (+0.50%)
No 61.35 3223 27.25 5.12 16.16 72.18 35.72
TIES (w/ DARE) Yes 63.39 3224 27.60 5.20 16.41 73.92 36.46 (+0.74%)
No 61.39 21.06 2371 3.86 12.79 74.01 32.80
TIES (w/DELLA) Yes 62.45 21.14 2380 398 12.88 74.83 33.18 (+0.38%)

merging scenario that combines mathematical rea-
soning (GSMS8K (Cobbe et al., 2021)) with medical
expertise (MedQA (Jin et al., 2021) and Health-
careMagic (Li et al., 2023)).

The quantitative results are presented in Table 5.
Our method demonstrates consistent improvements
across all evaluated merging frameworks, includ-
ing advanced composite methods such as TIES
(w/ DARE) and TIES (w/ DELLA). On average,
LoRA-DV outperforms the baselines in all settings.
Notably, in this scenario involving the fusion of
disparate domains, our approach significantly en-
hances domain-specific performance. For instance,
under the TIES (w/ DARE) setting, LORA-DV im-
proves MedQA accuracy by approximately 2.04%
compared to the baseline. Furthermore, our method
consistently enhances the average performance on
GSMBSK across all settings, demonstrating its effec-
tiveness in preserving critical reasoning capabilities
during the heterogeneous merging process

A.1.6 Compute Resources Used and
Runtimes.

The LoRA fine-tuning process is conducted on
Nvidia A100 GPUs with 80GB VRAM. Specifi-
cally, training single-task LoRA models for Qwen-
14B across the four generative tasks took approx-
imately 1-2 hours per task, training single-task

14

LoRA for Llama-3-8B need 1-2 hours on single
GPUs. The other part of experiment is conduct
on 2 Nvidia GeForce RTX 3090s, 1 iteration for
medium-size model (Flan-T5-base and Flan-T5-
large) costs 30 seconds - 1 minute, for large lan-
guage model (Llama3-8B and Qwen-14B) costs 3
minutes - 5 minutes.
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