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Abstract

Model merging aims to integrate multiple task-adapted
models into a unified model that preserves the knowledge
of each task. In this paper, we identify that the key to this
knowledge retention lies in maintaining the directional con-
sistency of singular spaces between merged multi-task vec-
tor and individual task vectors. However, this consistency
is frequently compromised by two issues: i) an imbalanced
energy distribution within task vectors, where a small frac-
tion of singular values dominate the total energy, leading
to the neglect of semantically important but weaker compo-
nents upon merging, and ii) the geometric inconsistency of
task vectors in parameter space, which causes direct merg-
ing to distort their underlying directional geometry. To ad-
dress these challenges, we propose DC-Merge, a method
for directional-consistent model merging. It first balances
the energy distribution of each task vector by smoothing
its singular values, ensuring all knowledge components
are adequately represented. These energy-balanced vectors
are then projected onto a shared orthogonal subspace to
align their directional geometries with minimal reconstruc-
tion error. Finally, the aligned vectors are aggregated in
the shared orthogonal subspace and projected back to the
original parameter space. Extensive experiments on vision
and vision-language benchmarks show that DC-Merge con-
sistently achieves state-of-the-art performance in both full
fine-tuning and LoRA settings. The implementation code is
available at https://github.com/Tobeginwith/DC-Merge.

1. Introduction

Pre-trained models are the foundation of modern machine
learning systems [3, 4, 52, 71]. In practice, they are typ-
ically fine-tuned for specialization in specific tasks [17,
18, 28, 65]. A growing body of research has focused

*Equal contribution, †Corresponding author

on model merging [37], which integrates multiple task-
adapted models into a unified model while preserving each
task’s capability. Many methods have been proposed to
improve the effectiveness of model merging by reducing
sign conflicts [68], by aligning gradients [11], or through
magnitude-based selection [12, 30, 45]. Despite its poten-
tial to enable efficient multi-task adaptation without retrain-
ing, existing approaches often suffer performance degra-
dation after merging [37], especially when tasks originate
from heterogeneous domains [11]. Recent studies aim to
reduce the interference among different tasks [6, 20, 43],
while the underlying mechanism of how task-specific capa-
bilities are preserved after merging remains underexplored.
A central question thus arises: what property must be pre-
served to retain each task’s ability after merging?

Following Task Arithmetic (TA) [29], we define a task
vector as the parameter difference between a fine-tuned
model and its pre-trained counterpart. Each task vector can
be decomposed via singular value decomposition (SVD)
into a set of orthogonal knowledge vectors, each represent-
ing a distinct adaptation direction weighted by its singular
value. We term each of these directions as a knowledge
component and the corresponding singular values reflect the
energy distributed across these components. We observe
that task performance after model merging primarily de-
pends on the directional consistency between the merged
and original task vectors. Specifically, as long as the di-
rections of the knowledge components are preserved, the
merged model retains most task capabilities, even if their
energy distribution changes. In contrast, slight directional
deviations significantly degrade performance, indicating
that maintaining directional consistency of knowledge com-
ponents is crucial to maintaining task performance.

To quantify this consistency, we propose directional sim-
ilarity (DirSim), which measures the consistency of direc-
tional geometry between two task vectors while discounting
the influence of energy distribution. Unlike cosine similar-
ity, which emphasizes consistency of high-energy compo-

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

22248



nents, DirSim also accounts for the directional consistency
of weaker yet semantically informative components. Em-
pirically, DirSim shows a strongly positive correlation with
post-merge task-wise performance, validating it as a reliable
indicator of knowledge preservation.

Despite its importance, directional consistency is often
violated by two fundamental issues. First, the energy dis-
tribution of task vectors is imbalanced, where a few sin-
gular values capture most of the energy (as shown in Fig-
ure 1), causing the model to overemphasize on high-energy
directions and thereby hindering generalization and direc-
tional geometry preservation. Second, directly merging
task vectors in the original parameter space leads to basis
misalignment: different tasks span heterogeneous low-rank
subspaces whose orientations are not geometrically aligned.
Consequently, the merged task vector fails to preserve the
directional geometry of each task vector that characterizes
the task’s knowledge. To address these challenges, we pro-
pose a new method called DC-Merge, which explicitly en-
forces directional consistency between the merged multi-
task vector and each original task vector. DC-Merge con-
sists of two complementary modules: i) energy smoothing
redistributes the singular values of each task vector to bal-
ance the energy distribution of its knowledge components,
thereby preventing the merging process from overlooking
weaker but semantically rich directions within each task
vector. ii) cover space merging then projects all smoothed
task vectors into a shared orthogonal subspace before ag-
gregation, ensuring that merging occurs under a consistent
cover basis without cross-task directional interference. To-
gether, these modules preserve the task directional geome-
try during merging, enabling stable multi-task compatibility
and strong generalization. Extensive experiments on both
full fine-tuning (FFT) and LoRA [26] setups show that DC-
Merge achieves state-of-the-art results on both vision and
vision-language benchmarks while maintaining high direc-
tional consistency with original task vectors.

In summary, our key contributions are as follows:

• We correlate the model merging performance with a novel
concept directional consistency between the merged
multi-task vector and individual task vectors.

• We introduce DirSim, a new metric that isolates di-
rectional consistency from energy distribution effects.
DirSim shows a strong positive correlation with the per-
formance of merged model.

• We propose DC-Merge, a method that enhances direc-
tional consistency by first balancing energy distribution
of task vectors and then merging them within a shared
orthogonal subspace.

• Extensive experiments on vision and vision-language
benchmarks demonstrate that DC-Merge achieves state-
of-the-art performance in both FFT and LoRA settings.

2. Directional Consistency Matters
This section reveals the intrinsic imbalance of energy distri-
bution across knowledge components and presents empiri-
cal evidence confirming the importance of directional con-
sistency in model merging. We also introduce a new metric
to quantify this consistency. Unless otherwise specified, the
experiments in this section are based on a ViT-B-32 vi-
sual encoder [15] under LoRA configuration.

2.1. Preliminary
Model Merging. Given a pre-trained parameter set W 0

and a collection of fine-tuned models {W i}Ti=1 obtained
from distinct tasks, model merging seeks a merged param-
eter set W̃ that approximates the behavior of each W i on
its corresponding task.
Task Vectors. For a FFT model of the i-th task, the task
vector is defined as ∆W i = W i −W 0, which captures
the direction and magnitude of adaptation in the weight
space [29]. In the LoRA paradigm, the task-specific update
is parameterized explicitly as ∆W LoRA

i = BiAi, where
Ai ∈ Rr×d and Bi ∈ Rd×r. Thus, LoRA directly pro-
duces a compact and structured low-rank task vector.
Unified View and Low-Rank Merging. Although FFT and
LoRA differ in parameterization, they are inherently con-
nected under a unified low-rank formulation. Empirically,
FFT updates ∆W i tend to reside in a low-dimensional sub-
space [26] and can be well approximated by a truncated
SVD as ∆W i ≈ U iΣiV

⊤
i . From this perspective, LoRA

explicitly constrains the parameter updates to a low-rank
subspace, whereas FFT implicitly exhibits a similar low-
rank structure that can be revealed through singular value
analysis and compression. This insight bridges the two ap-
proaches under a unified low-rank adaptation paradigm.

Building on this unified view, model merging can be
viewed as an operation on these low-rank matrices. The
merging process thus involves: i) extracting low-rank rep-
resentations for each task vector, ii) merging these low-
rank matrices to effectively integrate multi-task knowledge,
and iii) constructing the final model by combining the pre-
trained weights and merged multi-task vector through W̃ =

W 0 +∆W̃ .

2.2. Balanced Energy Enhances Generalization
A New Perspective on Task Vectors. We first provide a
new interpretation of task vectors from the viewpoint of
their intrinsic low-rank structure. Given a task vector ∆W
with rank r ≪ d, we can decompose it using SVD:

∆W =

r∑
i=1

σiuivi⊤, (1)

where {ui}ri=1 and {vi}ri=1 are the left and right singu-
lar vectors, respectively, and {σi}ri=1 are the correspond-
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Figure 1. The singular value distribution of task vectors averaged
across all layers. We normalize each singular value by the largest
one within each dataset to eliminate the magnitude discrepancy
among different datasets.

ing singular values. From this decomposition, each term
σiuivi⊤ can be regarded as a specific knowledge vector for
task adaptation, and the adaptation direction uivi⊤ is de-
fined as a knowledge component. The singular value σi

quantifies the degree to which the corresponding knowl-
edge component is utilized, thus the distribution of σ =
(σ1, . . . , σr) can be interpreted as the energy distribution
across knowledge components.
Observation: Singular Values Follow a Long-Tailed Dis-
tribution. An important empirical observation arises when
analyzing the low-rank task vectors obtained from practical
training. As shown in Figure 1, the decomposed knowledge
vectors {σiuiv

⊤
i }ri=1 usually follow a long-tailed energy

distribution, where a small fraction of knowledge compo-
nents dominate the total energy, indicating that the knowl-
edge captured by the task vector is inherently imbalanced.
This intrinsic imbalance leads to a potential drawback in
model behavior: as a small number of knowledge compo-
nents dominate the task adaptation, the model tends to over-
fit to specific patterns while neglecting weaker but semanti-
cally important components.

To further illustrate this phenomenon, Figure 2a presents
the transfer performance in eight tasks, contrasting the re-
sults before and after balancing the internal knowledge of
each task vector. The diagonal elements of each heatmap
represent the degree to which the original task’s capability
is preserved, while the off-diagonal elements measure the
zero-shot transferability to other tasks, reflecting how well
the knowledge generalizes beyond its training domain. As
shown in Figure 2a (left), directly using the original low-
rank task vector obtained from fine-tuning causes severe
performance degradation on unrelated tasks, with many
off-diagonal entries significantly suppressed, implying that
over-concentrated energy distribution harms cross-task gen-
eralization. In contrast, Figure 2a (right) displays the results
of energy-balanced task vectors constructed by a simple av-
eraging strategy:

∆W =

(∑r
i=1 σ

i

r

)( r∑
i=1

uivi⊤

)
. (2)

The diagonal elements are quite close to 1.0, indicating that

the vast majority of task capability is preserved, and the off-
diagonal elements increase notably, suggesting improved
zero-shot transfer and multi-task compatibility.
Revisiting Task Vector Similarity from a Knowledge De-
composition Perspective. To further analyze the under-
lying reason behind better generalization capabilities after
balancing the energy distribution, we revisit the cosine sim-
ilarity between task vectors [29] from the perspective of
knowledge decomposition. We argue that this metric can
be interpreted as the expressive capacity of one task vector
to represent another, i.e., how well the knowledge of task t
can be linearly reconstructed by task s.
Proposition 1 Given the knowledge vector decompositions
of two task vectors ∆W s and ∆W t, their cosine similarity
can be equivalently expressed as

CosSim(∆W s,∆W t) =
⟨∆W s,∆W t⟩

∥∆W s∥F ∥∆W t∥F

=
σs R(s, t)

(
σt

)⊤
∥σs∥2 ∥σt∥2

,

(3)

where R(s, t) ∈ Rn×m is defined entry-wise as:

Ri,j(s, t) =
(
ui
s

)⊤
uj
t

(
vj
t

)⊤
vi
s. (4)

Remark. The matrix R(s, t) measures the directional con-
sistency between the two knowledge bases. Each entry
Ri,j(s, t) = (ui

s)
⊤uj

t (v
j
t )

⊤vi
s quantifies how the j-th

knowledge component of task t can be projected onto the
i-th knowledge component of task s. Therefore, R(s, t)
can be interpreted as a projection operator that expresses
the knowledge geometry of task t in the basis of task
s. From this perspective, the overall cosine similarity
CosSim(∆W s,∆W t) = σsR(s,t)(σt)

⊤

∥σs∥2∥σt∥2
can be viewed

as the weighted aggregation of these projections, reflect-
ing how effectively task s can represent or reconstruct the
knowledge of task t. When the rank m of ∆W t is higher
than the rank n of ∆W s, this interpretation is particularly
intuitive: ∆W s spans a lower-dimensional subspace that
attempts to encode the richer knowledge geometry of task
t. Thus, a higher CosSim indicates stronger expressiveness
of task s with respect to task t. We leave further analysis of
this perspective in Appendix C.
Energy-Balanced Knowledge Components Enhance
Multi-Task Performance. Building upon the cosine sim-
ilarity analysis above, we can now explain why energy-
balanced task vectors achieve stronger multi-task capability.
When singular values σ are highly skewed, the correspond-
ing task vectors collapse onto a few dominant knowledge
components, limiting the span of the subspace and thereby
reducing its expressive coverage over other tasks. In con-
trast, balancing the energy distribution across knowledge
components prevents representational collapse and enlarges
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Figure 2. (a) Comparison of cross-task transferability before (left) and after (right) balancing the energy distribution. The diagonal
elements represent the relative performance of each task with respect to its fine-tuned model, while the off-diagonal elements indicate
the relative transfer performance on other tasks, normalized against their zero-shot baseline. (b) Each task vector’s cosine similarity with
multi-task vector (lines) and average normalized transfer accuracy of each task vector (bars). We compare original task vectors and their
energy-balanced counterparts. The energy-balanced task vectors achieve higher CosSim with the multi-task vector (we use ∆Iso-C [46] for
simplicity) and better cross-task generalization, indicating that balancing the energy distribution across knowledge components enhances
multi-task expressiveness.

the subspace, thereby enhancing its ability to encode multi-
ple tasks.

To verify this, we compute the cosine similarity between
the single-task vectors and multi-task vector, and compare
it with that of the energy-balanced task vectors obtained by
Eq. (2). As shown in Figure 2b, the balanced vectors con-
sistently exhibit higher cosine similarity with the multi-task
model vector. Empirically, this aligns with higher average
normalized transfer accuracy. These results suggest that en-
ergy smoothing improves the task vector’s ability to repre-
sent multi-task knowledge.

2.3. Measuring Directional Consistency

Directional Knowledge Similarity. We now delve into the
underlying mechanism of task knowledge preservation. The
cosine similarity can be factorized into two components:
i) matrix R(s, t) quantifies the directional consistency be-
tween the two knowledge components, and ii) singular val-
ues σs,σt encode the importance of these knowledge com-
ponents. While both terms contribute to the overall sim-
ilarity, we argue that the preservation of task ability pri-
marily depends on the directional consistency rather than
on the energy distribution. Empirically, this observation is
supported by the fact that energy-balanced task vectors can
largely maintain the performance of the original task vec-
tor, which implies that as long as the relative directions of
knowledge vectors are preserved, the model can retain most
of its learned behavior.

To isolate this directional factor and quantify it explic-
itly, we propose a new similarity metric that removes the
influence of energy distribution by uniformizing it with
σ̄s = 1n√

n
, σ̄t =

1m√
m

. Substituting back to the cosine simi-

larity leads to a purely directional consistency measure:

DirSim(∆W s,∆W t) ≜ σ̄s R(s, t)
(
σ̄t

)⊤
=

1√
nm

1⊤
n R(s, t)1m.

(5)

DirSim equally considers the similarity between every pair
of directions, whereas CosSim is subject to the similarity
among the dominant directions (Figure 3a). A higher value
DirSim implies that the two task vectors share more direc-
tionally consistent knowledge components and that one can
better represent the other within its knowledge basis.

To verify the above claim, we conduct controlled pertur-
bation experiments and analyze how the retained task per-
formance correlates with both DirSim and CosSim. As il-
lustrated in Figure 3b, performance decreases as DirSim
declines, indicating that directional inconsistency leads to
substantial performance loss. In contrast, when only en-
ergy is redistributed while the directions remain aligned,
performance remains largely stable despite notable changes
in CosSim. These results provide strong empirical evidence
that preserving knowledge directions is the key to maintain-
ing task ability, while variation of energy distribution has a
relatively minor effect. We leave implementation details in
Appendix E.3.
Directional Similarity for Post-merge Task-wise Perfor-
mance. Building upon the previous analysis, we argue
that preserving the directions of knowledge components is
the key factor for retaining each task’s performance dur-
ing model merging. To quantify this, one might consider
computing the directional similarity (DirSim) between each
task vector ∆W i and the merged task vector ∆W̃ . How-
ever, ∆W̃ aggregates multiple task vectors, introducing di-
rectional redundancy that artificially deflates DirSim.
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Figure 3. (a) Comparison of CosSim and DirSim. DirSim considers the similarity between every pair of directions equally, whereas
CosSim mainly focuses on the similarity among the dominant directions while ignoring the minor ones. (b) Empirical validation of the
importance of preserving directional geometry. Solid line: task performance vs. DirSim under random directional perturbations; dashed
line: task performance vs. CosSim under energy distribution perturbations. (c) Correlation of task-wise performance with projected
DirSim. The overall correlation is positive (Pearson R = 0.64) and per-method averages follow the same trend. Similar patterns persist
under larger task scales as illustrated in Figure 7. We utilize Normalized Accuracy Improvement (NAI) [46] to measure task-wise perfor-
mance in (b) and (c).

To address this, we consider the task-specific activation
of the merged vector by projecting it onto the low-rank fea-
ture subspace. Empirical evidence shows that features from
a given task i collapse into a low-rank subspace U i [13, 19].
We thus project the merged multi-task vector onto the low-
rank feature subspace to acquire the task-activated part:

∆W̃ i = U iU
⊤
i ∆W̃ . (6)

We then compute DirSim(∆W i,∆W̃ i) as our metric for
task-wise capability retention.

In practice, the exact low-rank feature subspace U i

is inaccessible and we approximate it using the subspace
spanned by the left singular vectors of ∆W i. As shown
in Figure 3c, the projected DirSim computed in this man-
ner exhibits a clear monotonic relationship with the nor-
malized accuracy improvement of merged models across
different datasets and methods. Points with higher pro-
jected DirSim correspond to better task knowledge reten-
tion. This confirms that the proposed projected DirSim can
measure how well task-specific knowledge is preserved dur-
ing model merging.

3. The Proposed DC-Merge Approach
The goal of our method is to preserve the complete direc-
tional geometry of task vectors during model merging. To
this end, we propose two modules, i.e., energy smoothing
and cover space merging.
Energy Smoothing for Balanced Knowledge Represen-
tations. As discussed in Section 2.2, the imbalanced energy
distribution of knowledge components biases the merging
process, potentially ignoring the direction of weaker but se-
mantically rich knowledge components. To mitigate these
issues, we balance the energy distribution of each task
vector via energy smoothing before merging. For each

Algorithm 1 DC-Merge

1: Input: Task vectors {∆i}Ti=1 with ∆i ∈ Rm×n

2: Output: Merged multi-task vector ∆̃
3: ▷ Step 1: Construct cover space for all task vectors
4: for i = 1→ T do
5: Compute r-rank SVD: ∆i ≈ U

(r)
i Σ

(r)
i V

(r)⊤
i

6: Smoothing Σ
(r)
i by Σ

(r)

i = diag([σ1
i ;σ

2
i ; . . . ;σ

r
i ])

7: Reconstruct ∆i = U
(r)
i Σ

(r)

i V
(r)⊤
i

8: end for
9: Obtain concatenated basis U ,V by Eq. (9)

10: Whitening U and V respectively to obtain Ũ and Ṽ
11: ▷ Step 2: Project ∆i onto cover space and merge
12: Project each ∆i and obtain M i by Eq. (10)
13: M̃ ← Merging({M i}Ti=1) via TA or TIES
14: ▷ Step 3: Project M̃ back to parameter space
15: Construct mask M← block-diag(1r×r, · · · ,1r×r)

16: Obtain merged task vector ∆̃ by Eq. (11)

task vector ∆i, we consider its knowledge decomposition
∆i =

∑r
j=1 σ

j
iu

j
iv

j⊤
i , where σi = (σ1

i , . . . , σ
r
i ) contains

the singular values sorted in descending order. Instead of di-
rectly using the original energy distribution σi, we replace it
with a smoothed version σi to redistribute the energy more
evenly across the top-r components, alleviating dominance
on a few knowledge components.

For example, we consider the simple yet effective form
of smoothing by replacing all top-r singular values with
their mean: σi =

(
1
r

∑r
j=1 σ

j
i

)
1r, which equalizes the

contribution of all retained knowledge components. For
completeness, additional smoothing strategies are discussed
in Appendix E.4. We then perform merging on these
energy-balanced task vectors rather than the original ones.
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Projection and Merging in the Cover Space. Directly
merging task vectors in the original parameter space may
distort directional geometry due to misaligned subspaces
{(U i,V i)}. To preserve directional consistency across all
tasks, we seek a pair of shared orthonormal basis (Ũ , Ṽ )
that define a cover space capturing the directional geometry
of all task vectors, and perform merging within the cover
space. The objective can be formulated as:

min
Ũ ,Ṽ

T∑
i=1

r∑
j=1

min
σj

i∈Rk

∥∥∥uj
iv

j⊤
i − Ũ diag(σj

i ) Ṽ
⊤∥∥∥2

F
,

s.t. Ũ
⊤
Ũ = Ṽ

⊤
Ṽ = I.

(7)

where k = rT . The inner minimization over σj
i determines

the optimal coefficients along the cover basis. Using Propo-
sition 2(a), we obtain the surrogate objective:

max
Ũ ,Ṽ

T∑
i=1

r∑
j=1

∥∥σ(Ũ , Ṽ ,uj
iv

j⊤
i )
∥∥2
2
,

s.t. Ũ
⊤
Ũ = Ṽ

⊤
Ṽ = I,

(8)

where σ(U ,V ,∆) = diag
(
U⊤∆V

)
∈ Rk denotes pro-

jection onto the shared dyadic directions.
As directly optimizing Eq. (8) incurs non-trivial compu-

tational overhead, we adopt whitening [54] here as it serves
as a near-optimal solution to Eq. (8) while being compu-
tationally efficient. In Appendix D, we provide an itera-
tive approach for constructing cover basis and theoretically
show its relation to the whitening transformation. Specifi-
cally, we construct the cover basis (Ũ , Ṽ ) by whitening the
column-wise concatenated per-task knowledge basis:

U = [U
(r)
1 , . . . ,U

(r)
T ], V = [V

(r)
1 , . . . ,V

(r)
T ]. (9)

Thus, Ũ
⊤
Ũ = Ṽ

⊤
Ṽ = I defines an orthogonal basis that

contains the union of all tasks’ directional geometry. Each
smoothed task vector is then projected onto cover space by:

M i = Ũ
⊤
∆i Ṽ . (10)

This projection ensures that all task vectors are expressed
under shared cover basis, which facilitates directionally
consistent task vectors aggregation via existing element-
wise merging methods, such as TA [29] and TIES-
Merging [68], to obtain M̃ . Finally, the merged multi-task
vector is reconstructed by projecting M̃ back to the original
parameter space:

∆̃ = Ũ (M̃ ⊙M) Ṽ
⊤
, (11)

where M serves as a structural mask. We leave further
discussion of the structural mask in Appendix D and sum-
marize the key steps of our approach in Algorithm 1.

4. Experiments

In this section, we evaluate the performance of DC-Merge
against existing baselines through extensive experiments
using vision models and vision-language models (VLMs) in
both FFT and LoRA settings, demonstrating the versatility
of DC-Merge. We further perform comprehensive ablation
studies to analyze the effectiveness of each key component
in DC-Merge.

4.1. Results for Vision Tasks

In this subsection, we investigate the merging of vision
models. For fully fine-tuned vision models, following
prior works [20, 46], we use 8-task, 14-task, and 20-
task benchmarks for evaluation, respectively, and employ
three CLIP [52] variants: ViT-B-32, ViT-B-16, and
ViT-L-14 as visual encoders [15]. For LoRA fine-tuned
vision models, we extend previous evaluations by assessing
both our method and existing baselines on a larger number
of tasks, specifically 8, 12 and 16. Consistent with prior
work [6, 20, 46, 58], we report the average absolute and
normalized accuracy of merged models.

In the full parameter fine-tuning setting, we compare
our method against Weight Averaging [64], Task Arith-
metic [29], TIES-Merging [68], Consensus TA [62], TSV-
M [20] and Iso-CTS [46]. For LoRA fine-tuned models,
Task Arithmetic, KnOTS-TIES [58], WUDI-Merging [6],
TSV-M, and Iso-CTS serve as baselines. We provide details
on benchmarks and experimental setups in the Appendix E.

Table 1 shows the results of merging vision models fine-
tuned by LoRA. Across three different backbones, the per-
formance of our method consistently surpasses the cur-
rent state-of-the-art methods. Moreover, the performance
gains remain substantial with the growth of tasks. We
also conduct experiments on the checkpoints provided by
KnOTS [58], where our method still achieves superior per-
formance compared to existing state-of-the-art methods.
The corresponding results are reported in Appendix F.1.
Table 2 presents the results under the full fine-tuning set-
ting. The results demonstrate that our approach not only
exhibits strong capability when merging LoRA fine-tuned
models but also achieves state-of-the-art performance under
the FFT scenario. Notably, the superiority of our method
becomes more significant as the number of tasks increases.

4.2. Results for Vision-Language Tasks

In the multi-modal model merging setting, we compare our
method with Task Arithmetic, TIES-Merging, DARE [69],
PCB-Merging [16], and RobustMerge [70] on eight multi-
modal datasets using LLaVA-v1.5-7B [38] as backbone.
Following the experimental setup of RobustMerge, we fur-
ther evaluate the merged model on four additional datasets
to assess its generalization ability to unseen tasks. We adopt
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Method
ViT-B-32 ViT-B-16 ViT-L-14

8 tasks 12 tasks 16 tasks 8 tasks 12 tasks 16 tasks 8 tasks 12 tasks 16 tasks

Individual 87.82 88.90 87.50 89.71 90.76 89.11 92.36 93.57 92.11
Task Arithmetic 52.80(61.73) 60.76(69.12) 60.04(68.94) 57.70(65.30) 64.26(71.12) 62.40(70.16) 68.29(74.38) 73.69(78.84) 69.98(75.58)
KnOTS-TIES 55.93(65.03) 63.03(71.43) 61.78(70.78) 60.80(68.59) 66.35(73.38) 64.31(72.29) 73.61(79.92) 75.64(80.90) 72.19(77.98)

WUDI-Merging 55.25(64.38) 62.20(70.64) 61.24(70.27) 58.95(66.63) 65.29(72.29) 64.59(72.51) 69.78(75.91) 74.25(79.45) 71.79(77.59)
TSV-M 58.91(68.25) 65.30(73.86) 63.51(72.72) 62.97(70.87) 68.92(76.06) 67.21(75.35) 76.52(83.00) 79.67(85.13) 74.37(80.31)
Iso-CTS 63.01(72.71) 66.28(75.01) 64.61(74.02) 69.06(77.38) 71.52(78.87) 69.88(78.22) 81.64(88.31) 81.35(86.87) 77.50(83.65)

DC-Merge 64.17(73.90) 68.40(77.22) 66.27(75.80) 70.53(78.86) 73.12(80.56) 70.57(78.91) 82.61(89.42) 83.62(89.31) 79.53(85.71)

Table 1. Average absolute accuracy results on vision model merging benchmarks in LoRA setting; subscript (in parentheses) is the average
normalized accuracy. The best results are in bold and the second-best are underlined.

Method
ViT-B-32 ViT-B-16 ViT-L-14

8 tasks 14 tasks 20 tasks 8 tasks 14 tasks 20 tasks 8 tasks 14 tasks 20 tasks

Individual 92.83 90.88 91.37 94.64 92.76 93.17 95.81 94.29 94.73
Weight Averaging 66.34(72.13) 64.34(71.12) 61.04(67.53) 72.22(76.60) 69.46(74.82) 65.31(70.36) 79.56(83.15) 76.73(81.10) 71.60(75.60)
Task Arithmetic 70.79(76.55) 65.32(72.09) 60.52(66.79) 75.41(79.58) 70.52(75.89) 65.78(70.76) 84.93(88.65) 79.41(83.95) 74.01(78.07)
TIES-Merging 75.09(81.08) 68.02(74.83) 63.38(69.90) 79.74(84.34) 73.22(78.73) 68.18(73.26) 86.88(90.69) 79.46(84.05) 75.71(79.80)
Consensus TA 75.03(80.84) 70.39(77.36) 65.43(71.98) 79.39(83.86) 74.39(79.92) 69.76(74.93) 86.34(90.08) 82.22(86.94) 79.00(83.22)

TSV-M 85.86(92.31) 80.06(87.88) 77.07(84.29) 89.01(93.94) 84.58(91.01) 80.57(86.45) 92.98(96.98) 89.17(94.43) 87.72(92.50)
Iso-CTS 86.20(91.78) 81.71(89.70) 78.05(85.48) 90.91(95.95) 86.40(92.81) 82.38(88.36) 94.69(98.81) 90.98(96.28) 90.05(94.88)

DC-Merge 87.05(93.55) 82.52(90.62) 80.58(88.18) 90.78(95.83) 87.06(93.70) 84.57(90.76) 94.31(98.38) 91.01(96.43) 90.51(95.43)

Table 2. Average absolute accuracy results on vision model merging benchmarks in FFT setting; subscript (in parentheses) is the average
normalized accuracy. The best results are in bold and the second-best are underlined.

the checkpoints released by RobustMerge and provide de-
tailed experimental configurations in Appendix E.

As shown in Table 3, our method notably outperforms
existing state-of-the-art methods on both seen and unseen
tasks, demonstrating that its applicability is not limited to
vision models but can also scale to large multi-modal mod-
els. We also evaluate the generalization capability to un-
seen tasks of our method on vision models and the detailed
results are presented in Appendix F.3.

Method Seen Tasks Unseen Tasks

Zeroshot 43.37 25.22
Individual 69.23 −
Multi Task 63.62 36.06

Task Arithmetic 53.93 33.31
DARE-Merging 53.84 33.15
TIES-Merging 53.09 33.14
PCB-Merging 53.70 33.53
RobustMerge 57.33 37.99

DC-Merge 59.63 39.84

Table 3. Performance on MM-MergeBench [70], containing eight
seen tasks (LoRA fine-tuned) and four unseen tasks. The best re-
sults are in bold and the second-best are underlined. We report
average absolute accuracy. See Appendix F.7 for detailed results.

4.3. Ablations and Analysis
Unless otherwise specified, all experiments in this subsec-
tion are conducted in LoRA setting.
The Effectiveness of Energy Smoothing. We investigate
the impact of our energy smoothing strategy on the perfor-

mance of our method, with the results summarized in Ta-
ble 4. The results align well with our observations: ap-
plying energy smoothing to each task vector effectively en-
sures that all the knowledge components can be adequately
expressed, leading to a significant improvement in overall
performance. Notably, preserving a moderate degree of
skewness in the energy distribution (i.e., linear smoothing)
can yield better results than averaging. We provide addi-
tional comparisons of smoothing strategy on ViT-B-16
and ViT-L-14 in Appendix E.4.

Method 8 tasks 12 tasks 16 tasks

No smoothing 69.27 74.60 74.47
Averaging 73.09 (+3.82) 76.42 (+1.82) 75.51 (+1.04)
Linear smoothing 73.90 (+4.63) 77.22 (+2.62) 75.80 (+1.33)

Table 4. Performance comparison of different smoothing strate-
gies. We report average normalized accuracy using ViT-B-32.

Impact of Performing a Post-hoc Pruning. In Algorithm
1, we perform a post-hoc pruning by applying a mask M
to mitigate directional inconsistency of different tasks be-
fore projecting the merged parameter matrix M̃ back to the
original parameter space. Table 5 presents the effect of such
structural pruning on overall performance in both LoRA and
FFT settings. The performance degradation becomes more
pronounced with the increase of tasks. Moreover, since
the number of fine-tuned parameters in the FFT setting is
substantially larger than that in LoRA, incorporating masks
leads to significant performance gains of up to 10.55% in
average normalized accuracy, highlighting the crucial role
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that structural pruning plays in preventing cross-task direc-
tional inconsistency. We investigate the impact of mask size
on the performance in Appendix D.

Method Tasks w/o mask w/ mask

FFT
8 tasks 87.98 93.55 (+5.57)
14 tasks 82.39 90.50 (+8.11)
20 tasks 77.63 88.18 (+10.55)

LoRA
8 tasks 73.61 73.90 (+0.29)
12 tasks 75.94 77.22 (+1.28)
16 tasks 74.42 75.80 (+1.38)

Table 5. Comparison of performance with and w/o applying
masks. We report average normalized accuracy using ViT-B-32.

Impact of Merging in the Shared Cover space. To main-
tain the directional geometry of each task vector, we project
the smoothed task vectors onto a shared subspace prior to
model merging. As shown in Table 6, compared to merging
in the original parameter space, CSM significantly boosts
the performance of both TA [29] and TIES [68]. More-
over, after applying energy smoothing to the task vectors,
the performance is further enhanced, indicating that the two
main components of our proposed method are complemen-
tary. An illustrative example provided in Appendix D fur-
ther demonstrates the importance of shared cover basis in
preserving the directional structure of task vectors.

Method 8 tasks 12 tasks 16 tasks

Vanilla TA 61.73 69.12 68.94
TA + ES 69.12 (+7.39) 74.35 (+5.23) 73.01 (+4.07)
TA + CSM 68.13 (+6.40) 73.92 (+4.80) 72.64 (+3.70)
TA + CSM + ES 73.82 (+12.09) 77.16 (+8.04) 75.73 (+6.79)

Vanilla TIES 62.09 69.30 70.06
TIES + ES 69.94 (+7.85) 74.97 (+5.67) 74.74 (+4.68)
TIES + CSM 69.27 (+7.18) 74.60 (+5.30) 74.47 (+4.41)
TIES + CSM + ES 73.90 (+11.81) 77.22 (+7.92) 75.80 (+5.74)

Table 6. Performance of individually applying energy smoothing
(ES) and cover space merging (CSM) as well as combining them to
TA or TIES compared with vanilla settings. We report the average
normalized accuracy using ViT-B-32.

5. Related Work
Model merging has emerged as a promising approach to
integrate expert models fine-tuned on different downstream
tasks into a single multi-task model. Task Arithmetic
(TA) [29] first introduces the concept of a task vector, de-
fined as the difference between an expert and its pre-trained
model, and combines them through scaled averaging to con-
struct a merged model. Subsequent studies propose metic-
ulously crafted parameter-wise strategies to mitigate inter-
ference during merging. TIES [68] reduces sign conflicts
by adopting the majority sign across all models. Consensus
Merging [62] applies binary masks to exclude parameters

important to fewer than two tasks. Recent studies WUDI-
Merging [6] and FDA [55] optimizes the merged task vector
to keep the output of merged model align with each fine-
tuned model given the same input of corresponding task.

These merging methods are data-free, producing merged
task vectors that can be directly integrated into the pre-
trained model. A number of recent approaches, however,
focus on creating model with multi-task capabilities by
modifying the inference stage. Twin-Merging [42] com-
poses task-specific components at test time, requiring two
forward passes. EMR-Merging [27] employs additional
per-task masks and rescalers for inference. In this paper,
we restrict our study to merging methods which are data-
free and leave the inference stage unaffected.
SVD-based Model Merging. Recent data-free model
merging methods have incorporated SVD to improve per-
formance [58, 63]. State-of-the-art approaches include
TSV-M [20], which enforces orthogonality between task-
specific subspaces to reduce task interference, and Iso-
CTS [46], which standardizes singular values after combin-
ing a common subspace constructed by TA [29] and task-
specific subspaces. More recently, ESM [36] projects pa-
rameter updates into an activation-aware essential subspace
and applies polarized scaling to amplify critical weights. In
contrast to these methods, our approach prioritizes the di-
rectional consistency of each original task vector with the
merged vector. We achieve this by balancing the energy
distribution of knowledge components and performing the
merge process within a shared orthogonal subspace induced
by a pair of cover basis.

6. Conclusion and Limitation
Conclusion. In this work, we are the first to identify that
preserving the directional consistency of task vectors af-
ter merging is crucial for retaining the capabilities of in-
dividual tasks. Building upon this insight, we propose
DC-Merge, which maintains the directional consistency be-
tween the merged multi-task vector and each original task
vector by energy smoothing and cover space merging. Our
method achieves state-of-the-art performance in both FFT
and LoRA settings.
Limitation. There still exists a noticeable performance gap
between merging LoRA fine-tuned models and full param-
eter fine-tuned models. This phenomenon may arise from
the number of knowledge components in each task vector.
A larger number of knowledge components provides redun-
dancy that is robust to direction shift, whereas a smaller set
makes the task vector more fragile to directional inconsis-
tency. The knowledge components of each LoRA task vec-
tor are scarce, even fewer than the LoRA rank due to its
long-tailed energy distribution. A potential remedy lies in
promoting a balanced energy distribution of the knowledge
components during fine-tuning.
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