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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 hitps://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
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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-
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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
and a collection of fine-tuned models {W;}Z ;| obtained
from distinct tasks, model merging seeks a merged param-
eter set W that approximates the behavior of each W; on
its corresponding task.
Task Vectors. For a FFT model of the i-th task, the task
vector is defined as AW, = W; — W, 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 AW%ORA = B;A,;, where
A; € R4 and B; € 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 AW ; tend to reside in a low-dimensional sub-
space [26] and can be well approximated by a truncated
SVD as AW, =~ U Z-Z]iVZT. From this perspective, LoORA
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 W=
Wy + AW

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 AW
with rank r» < d, we can decompose it using SVD:

AW = Z cutv'T, (1
i=1
where {u'}7_; and {v'}"_, are the left and right singu-

lar vectors, respectively, and {o;}7_; 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
o'u'v’T can be regarded as a specific knowledge vector for
task adaptation, and the adaptation direction u’v’" is de-
fined as a knowledge component. The singular value o’
quantifies the degree to which the corresponding knowl-
edge component is utilized, thus the distribution of o =
(o',...,0") 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 {o;u;v; }7_, 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:

o 22:1 a' - i,dT
AW = <r ;u v . )

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 ¢
can be linearly reconstructed by task s.

Proposition 1 Given the knowledge vector decompositions
of two task vectors AW s and AW, their cosine similarity
can be equivalently expressed as
(AW o, AW )
AW [|F |AW || F
T
os R(s,t) (o)

|osll2 |ove]|2

CosSim(AW ,, AW,) =

where R(s,t) € R™*™ is defined entry-wise as:

R, (s, t) = (ui)—ruj (vj)—rvi. 4)
Remark. The matrix R(s,t) measures the directional con-
sistency between the two knowledge bases. Each entry
R;(s,t) = (ul)Tuf (v])Tv’ quantifies how the j-th
knowledge component of task ¢ 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 ¢ in the basis of task
s. From this perspective, the overall cosine similarity

CosSIm(AW ,, AW ;) = % can be viewed
as the weighted aggregation of 'theselprojections, reflect-
ing how effectively task s can represent or reconstruct the
knowledge of task . When the rank m of AW, is higher
than the rank n of AW, this interpretation is particularly
intuitive: AW 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 o 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 Ajso.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 o, o, 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
Lw  Substituting back to the cosine simi-
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larity leads to a purely directional consistency measure:

DirSim(AW ., AW,) 2 &, R(s,t) (1)
5

- \/7% 1, R(s,t) 1,,. ®
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 AW ; and the merged task vector AW . How-
ever, AW 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 ¢ collapse into a low-rank subspace U ; [13, 19].
We thus project the merged multi-task vector onto the low-
rank feature subspace to acquire the task-activated part:

AW, = U,U] AW. (6)

We then compute DirSim(AW ;, AW;) as our metric for
task-wise capability retention.

In practice, the exact low-rank feature subspace U;
is inaccessible and we approximate it using the subspace
spanned by the left singular vectors of AW ;. 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

Input: Task vectors {A;}X | with A; € R™*"
Output: Merged multi-task vector A
> Step 1: Construct cover space for all task vectors
fort=1—Tdo
Compute r-rank SVD: A; ~ Uz(-T)Egr) Vgr)T
Smoothing Egr) by iﬁ’“) = diag([7;;5%;...;57])
Reconstruct A; = UET)EET)VZ(»T)T
end for
Obtain concatenated basis U, V' by Eq. (9) _ _
Whitening U and V respectively to obtain U and V'
> Step 2: Project A; onto cover space and merge
: Project each A; and obtain M ; by Eq. (10)
. M «+ Merging({M;}L ) via TA or TIES
> Step 3: Project M back to parameter space
: Construct mask M < block-diag(1,x, -
: Obtain merged task vector A by Eq. (11)
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task vector A;, we consider its knowledge decomposition
A =370 wlv!", where o; = (0},...,07) contains
the singular values sorted in descending order. Instead of di-
rectly using the original energy distribution o;, we replace it
with a smoothed version & ; 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: &; = (1>, o-{) 1,., 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.



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;,V;)}. To preserve directional consistency across all
tasks, we seek a pair of shared orthonormal basis (U, V')
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:

T r
min Y ) " min

J cRk
U,v i=1 j—1 o, €R

. ~ T2
wvl’ — U diag(e?) V H ,
)

~T ~ ~T ~
st. U U=V V=1

where k = rT'. The inner minimization over O’g determines
the optimal coefficients along the cover basis. Using Propo-
sition 2(a), we obtain the surrogate objective:

T T o o
maxzz HO'(U, V,uzva)H;

UV i=1 j=1 3
~T ~ ~T ~
st. U U=V V=1,

where o(U,V,A) = diag (UTAV) € R 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 (U, V') by whitening the
column-wise concatenated per-task knowledge basis:

v=wv{. .. v 9
T~ =T~ )
Thus, U U =V V = 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,=U A, V. (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 M. Finally, the merged multi-task
vector is reconstructed by projecting M back to the ori ginal
parameter space:

A-UMoMV', (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



ViT-B-32 ViT-B-16 ViT-L-14
Method
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 ~ 52.8061.73) 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 55.9365.03) 63.03(71.43) 61.78(70.78) 60.80(68.59) 66.35(73.38) 64.31(72.20) 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 58.9168.25) 65.30(73.86) 63.51(72.72) 62.97 (70.87) 68.92(76.06) 67.21(75.35) 76.52(33.00) 79.67(85.13) 74.37(80.31)
Iso-CTS 63.01(72.71) 66.28(75.01) 64.61(74.02) 69.0677.38) 71.52(78 g7 69.88(78.22) 81.64(ss.31) 81.35(s6.87) 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(8331) 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.

ViT-B-32 ViT-B-16 ViT-L-14
Method
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(7]_12) 61-04(67.53) 72-22(76,60) 69.46(74_82) 65.31(7036) 79.56(83_15) 76.73(81_]0) 71.60(75,60)
Task Arithmetic 70.7976.55) 65.32(72.09) 60.5266.79) 75.41(79.58) 70.52(75.89) 65.78(70.76) 84.93 8s.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(84.54) 73.22(7&73) 68.18(73,25) 86.88(90,69) 79.46(84.05) 75.71(79,30)
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) 7900(83,22)
TSV-M 85.86(92.31) 80.06(s7.88) 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(85.45) | 90.91(95.95)  86.40(92.81) 82.38(88.36) | 94.6998.81)  90.98(96.28) 90.05(94.88)
DC-Merge 87.05(93.55) 82.52(90.62) 80.58(sg.18) | 90.78(9583) 87.06(93.70) 84.57(90.76) | 94.31(98.35) 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
I, 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 M 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



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/0 mask w/ mask
8 tasks 87.98 93.55 (+5.57)
FFT 14 tasks 82.39 90.50 (+8.11)
20 tasks 77.63 88.18 (+10.55)
8 tasks 73.61 73.90 (+0.29)
LoRA 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) 7474 (+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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DC-Merge: Improving Model Merging with Directional Consistency

Supplementary Material

A. Notations

We present the definitions used in our paper and their corre-
sponding mathematical symbols in Table 7 for ease of ref-
erence.

B. Proof of Proposition 1

Proof 1 Let the (reduced) SVDs (knowledge-vector decom-
positions) of the two task updates be

AW, = Zoi u’ (vi)—r = U, diag(c®) V],
= (12)

S \T

AW, = Zag u] (v{) = U, diag(c’) V],
j=1

where {u'}?_| and {vi}7_, (resp. {u? }ity and {v] )
are orthonormal left/right singular vectors of AW 4 (resp.
AW,), and o, € RY,, o € RY, collect the singular
values in descending order. We calculate the numerator and
denominator of CosSim as follows:

Numerator. Using the Frobenius inner product (A, B) =
tr(A" B) and bilinearity, we have:

(AW, AW,) = <z wl (o) S od (v;‘)T>
i=1 j=1

=30 oto (ut (v) ot () ).

=1 j=1 (13)

For rank-one matrices ab' and cd' we have
(ab" ed") = (aT¢) (b"d). Thus, we have:

(s o) (w2) ) = () Tl - (1) o

Therefore, we have:

<AWS,AWt> = iiogaf (ug)—rug (v{)Tvi

i=1 j=1

Iiﬁj(s,t)
=o,R(s,t)o] = o,R(s,t)o],
(15)
where we have defined R(s,t) € R™ ™ entrywise by

R;j(s,t) = (ul)Tu] (v]) vl

Denominator.  For any matrix A with SVD A =
S otutv'T, the Frobenius norm satisfies |A|% =

> (09 ? Hence

" 1/2
(AW, - (zw) = el
=1
1/2 (16)

= locl

S

aw i, = | Sy

J=1

Conclusion. Combining the numerator and denominator
gives

(AW o, AW )
IAW?|[p AW
o5 R(s,t) (04)"

losllz llovell2

CosSim (AW, AW ) =
a7

which proves the proposition.

C. CosSim as Expressiveness via Coefficient
Projections

Setting and notation. Let A € R™*" andletU € Rmxk,
V € R™** have orthonormal columns, i.e., U'U =
V 'V = I,. Define the bi-directional coefficient vector

o(U,V,A) 2 diag(UTA V) € R*.

Proposition 2 With the notation above, the following hold:
(A) Least-squares fitting < maximizing (>-coefficients.

min min
U,V ogcR*

A—Udi TH A
Udiag(a) V|| ¢ max|o(U,V, Al

(18)
(B) Cosine similarity with the unweighted dyadic sum <
maximizing (1-coefficients.

: T
hax CosSim (A,UV ) - r(rjl):aL‘3<||a'(U7V,A)H1 (19)

The equivalences are up to the usual sign-alignment of col-
umn pairs {(u;, vj)}é?:1 (flipping both signs leaves UV "
unchanged), which can be chosen to make all entries of
o(U,V,A) nonnegative.



Table 7. List of definitions and their corresponding mathematical symbols used in this paper.

Symbol Definition
Wo, {W. L, The weights of pretrained model
Wil The weights of T tasks fine-tuned model
AW, The task vector of task ¢
AW, =37, ojujv] Knowledge decomposition of AW,
ol ulvl T j-th knowledge vector of AW ;
wlvl’ j-th knowledge component of AW ;
o= (o},...,0) Energy distribution of task i
{u! vg T}§:1 Directional geometry of task
AW, = (Z;l i ) (22:1 ul v’ ) Energy-balanced task vector of task ¢
ﬁv/, AW The weights of merged model and merged task vector, respectively
UY ), VET) The top-r left and right singular vectors of AW,
U,v The concatenated per-task knowledge basis
(U,V) The shared cover basis across all tasks

M;=U' AW,V
M = Element-wise Merging({M;}L_)
M = block-diag(1,xr, -+, Lrxr)

Task vector i under shared cover space induced by (U, V')

The merged vector under shared cover space
Structural mask for reconstructing parameters

Proof 2 (A). Fix U,V orthonormal and consider
T2
min || A — U diag(o) V H
oERE F
Let C = U'AV and d = diag(C) = o(U,V,A).
Using orthonormality and the bilinearity of the Frobenius
inner product,

(A, Udiag(o)V ") = (C, diag(o

Zd 0j.

Therefore

2
HA - Udiag(o’)VTHF

= HAHF + Hdlag ||F - QZd gj (20)

k
= A7+ (0] — 2d;0;).
j=1

The unique minimizer is o; = dj for all j, i.e, 0* = d =
o(U,V,A), and the minimal value equals

k
2
Az => d = |Al: - o, vV, A);
j=1
Hence, after inner minimization over o, the outer opti-

mization over U,V minimizes the residual iff it maximizes
llo(U,V, A)|ls, proving Eq. (18).

(B). Using (A, B) = tr(A" B), we have:

k
(A, UVT) =aUTAV)=> (UTAV);
j=1

k
Z (U,V,A) = |loU,V,A)|,

(21)
after sign alignment (flip (w;,v;) together if needed).
(VU'UVT) = tr(VVT) =

k. Therefore

(A, UV
JA[F [TV F
_Nle@, v, a)]],
AlrvE

Since the denominator is independent of (U, V'), maximiz-
ing the cosine is equivalent to maximizing ||lo(U,V , A)|1
establishing Eq. (19).

CosSim (A, UVT> =
(22)

Interpretation. Each entry of o(U,V,A) =
diag(U TAV) is a bi-directional projection of A onto the
dyad ujva (input- and output-side alignments jointly).
Part (A) shows that the best reconstruction by dyads in the
basis (U, V) is achieved when the coefficients equal these
projections, and the residual decreases as the ¢ energy of
the projections increases. Part (B) shows that the cosine
with the unweighted dyadic sum Uv'is (up to a constant)



the ¢; sum of these projections. Consequently, a higher
cosine indicates stronger ability of the basis (U, V) to
express (encode) the knowledge contained in A—exactly
mirroring the main-text view where R(s,t) aggregates
bi-directional projections to quantify how effectively task s
represents task ¢.

D. Theoretical Analysis of Merging in the
Cover Space

In this section, we first provide a theoretical justification for
whitening-based construction of cover space. The empiri-
cal results provide an intuitive and solid validation of the
proposed objective in Eq. (8). We also present visualization
of task representations in cover space and investigate the ef-
fect of structural mask. Finally, we provide a toy example
to intuitively demonstrate the crucial role that shared cover
space plays in directional preservation.

Theoretical Analysis of Whitening-based Cover Space
Construction.  First, by expanding and applying the
Hadamard norm inequality, we obtain:

NGRS

i=1j=1

-3 e (@ o D)
i=1 j=1

>3 w)e (7o)

=@ w)e (v V)

<|o"ol, [V,
F F

(23)

2

F

where U = (UW,... . UY) and Vv =
([V(lr), ceey Vg: )]) This shows that the surrogate objective

~ T 2
is upper-bounded by two alignment terms HU UHF and

~T 2 ~
HV VH , which characterize how well U aligns with all
F
UET) and how well V aligns with all VET).
Next, using the diagonal-trace inequality and arithmetic
mean inequality, we have:

67w > o (&)= L (67

(24)

7], = s (7 V)= L (570"

we see that maximizing the surrogate in Eq. (8) effectively
corresponds to maximizing these trace terms. Hence, the
optimal (U, V') should maximize the average alignment
with each task knowledge directions.

Finally, whitening [54] naturally achieves this objective:

(25)

T
This whitening-based alignment maximizes tr (U U) and

~T
tr (V V), which correspond to the lower-bound traces in

Eq. (24). Therefore, whitening can be interpreted as an effi-
cient approximate solution to the subspace alignment prob-
lem in Eq. (7), providing a computationally simple yet the-
oretically justified way to construct shared cover basis.
Validation of Objective for Cover Basis. We further ver-
ify the rationality of the proposed trace-based objective by
directly optimizing it to obtain the cover basis that mini-
mizes reconstruction error, and compare the result with the
whitening-based approximation. Our goal is to confirm that
whitening indeed provides a close approximation to the op-
timal cover subspace defined by Eq. (8).

To optimize a set of rank-k orthonormal bases in a d-
dimensional space, we employ a differentiable parameter-
ization using skew-symmetric matrices [35]. Specifically,
any orthonormal matrix U,V € R%*¥ can be expressed as

U= exp(A) 607

V = exp(B) Vy (26)

where A, B € R%*? is a skew-symmetric matrix (A’ =
—A, B = —B) and Uy, V is an initial orthonormal ba-
sis. This parameterization utilizes the isomorphic proper-
ties of Lie groups and rotation operations [35] and ensures
that U, V' always remains on the Stiefel manifold S(d, k),
thus preserving orthogonality during gradient-based opti-
mization.

To further validate the rationality of our optimization
target, we optimize the cover basis following Algorithm 2
Starting from a poor initialization (ﬁo, ‘70) obtained by
decomposing the merged task vector from TA [29] through
SVD, we perform iterative optimization toward the objec-
tive in Eq. (8). Figure 4 illustrates the optimization trajec-
tory of the alignment score (left) and its logarithmic scale
counterpart (right), along with the corresponding accuracy
evolution by using corresponding cover basis. Initially, the
alignment score is low, indicating poor consistency between
the cover basis and the directions of each task. As optimiza-
tion proceeds, both the alignment score and downstream
task accuracy increase steadily and exhibit similar trends,
confirming that higher alignment directly translates to im-
proved task retention and generalization. In particular, the
convergence of the alignment score to a stable maximum
implies that the optimized basis successfully captures the
shared directional geometry among all tasks.



Algorithm 2 Optimization of Cover Basis via Skew-
Symmetric Parameterization

1: Input: Task directional geometry {u{ v{ T =1, Task
vectors{ A;}L_ |, learning rate 7, maximum iteration
steps L

2: Output: Optimized cover basis ﬁ, Vv

3: > Step 1: Initialize cover basis

4: Initialize A, B € R*9 as zero matrices
A T

5: Up, Vo= SVD(ZZ’:I AL)

6: > Step 2: Iterative optimization of cover basis
7. for{=1— Ldo B B _
8 U+ exp(A—A Uy, V + exp(B—BT) Vo

9: Compute alignment score £ from Eq. (8)

10: Compute gradients VoL, VL

11: A~ A+nVal, B+ B+nVpLl

12: end for

13: return U,V

Notably, the final alignment and accuracy achieved by
the optimized cover basis closely match those obtained via
our whitening-based construction, validating that whitening
provides a strong approximation to the optimal solution of
the cover subspace objective. Therefore, this empirical re-
sults confirm the theoretical justification that whitening acts
as an efficient surrogate optimizer for constructing a shared
cover basis.

Visualization of Task Representations in Cover Space.
To provide an intuitive illustration of how each task vector is
represented in the cover space constructed by Algorithm 2,
we visualize the representation in Figure 14 using a block-
wise averaged aggregation. We perform the optimization
for 250 steps on ViT-B-32 8-task benchmark in LoRA
setting, and the size of each block is r x r.
Effect of Structural Masking. After projection and merg-
ing within the cover space, a block-diagonal mask M is
applied:

Ay = ﬁ(M@M) ‘7T.
We now investigate the underlying mechanism of the block-
diagonal mask. Consider T task vectors {A;}1; that share
approximately directional geometry. Suppose that there ex-
ist shared orthonormal basis U, V' such that each task vec-
tor can be represented as:

. ~T
A; ~ Udiag(o;)V | Q7

~T ~ ~T ~
withU U =V V = I. In this case, the merged model
vector obtained by summation or averaging becomes:

T ~ T T
> Ai~U <Z diag(ai)> V., (28)
=1 =1

which clearly preserves the original knowledge directions
U and V and g; is the corresponding optimal coefficients
under U and V for A;. That is, merging under a fixed
cover basis ensures that the directional geometry of all task
vectors remains unchanged while only the coefficients are
combined. We construct a pair of cover basis under which
task representations are largely distributed along diagonal
blocks. When restricted to these diagonal components,
merging does not change task directions. The mask explic-
itly suppresses off-diagonal elements to remove cross-task
directional inconsistency that induces task interference.

The size of mask controls the trade-off between direc-
tional preservation and individual task reconstruction fi-
delity. In the extreme case where the mask size is 1 (i.e.,
only diagonal elements retained), merging reduces to purely
aggregating the aligned components without mixing any di-
rections, which perfectly preserves subspace directions but
sacrifices per-task reconstruction fidelity. As the mask size
increases, more cross-task interactions are included, im-
proving reconstruction of each individual task at the cost of
slight directional deviation. Therefore, M implicitly bal-
ances between directional consistency and task-specific fi-
delity.

FFT LoRA

63.5

Average Absolute Accuracy (%)

ér 4‘r 2‘r ;' r}Z r/‘4 r}8 ér 4‘r ir 1" r/'2 r}4 r}8

Mask size Mask size
Figure 5. The average absolute accuracy of DC-Merge with mask
size {8r,4r,2r,r,7/2,7/4,r/8} in FFT (left) and LoRA (right)
settings. Performance peaks near r for FFT and shows a milder
variation for LoRA (slightly improves till » then decreases), in-
dicating that moderate masks retain performance while overly
small/large masks degrade it. The results are based on ViT-B-32
8-task benchmark.

Illustrative Example. We provide a simple two-task ex-
ample to intuitively demonstrate the advantage of merging
within the shared cover space. Consider two tasks, each
represented by a single knowledge component:

Uy = V1 = [1, 0]T

uy = vy = [0.1104, 0.9939] "
When directly merging in the parameter space,

10121 0.1098
Ay =wv] +uze; = [0.1098 0.9878]
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Figure 4. Optimization trajectory of the cover basis. We start from a poor initialization (ﬁo, ‘70) obtained by SVD of task vectors

from TA and iteratively optimize the surrogate objective in Eq. (8). (a) The optimization trace of alignment score and average normalized
accuracy of DC-Merge under linear scale. (b) The same process in semi-log scale for better visibility of early-stage dynamics. Both align-
ment score and accuracy increase monotonically during training and converge to a stable optimum, demonstrating that higher alignment
directly corresponds to stronger task retention. The final accuracy and alignment closely match those of the whitening-based approxima-

tion, confirming that whitening yields a near-optimal cover basis.

the resulting SVD gives principal directions:
u) = v} =[0.7451, 0.6669] ',
ulhy = vh = [0.6669, —0.7451] ",

which significantly deviate from the original task directions,
implying that direct merging distorts the directional geo-
metric of task knowledge.

In contrast, when get shared cover basis by whitening the
concatenation per-task knowledge basis before merging, we
have:

U=V = [ull’ué]v

where uj = [0.9985, —0.0533]T ,ub = [0.0533,0.9985].
When only using a diagonal mask M, the resulting direc-
tional equal to U, V' remains nearly aligned with the orig-
inal task directions. This demonstrates that whitening pre-
serves the cover geometry of knowledge directions and pre-
vents directional shift during model merging. The visual-
ization of this result can refer to Figure 6.

E. Experimental Details

In this section, we first provide an overview of datasets and
evaluation metrics employed in our experiments. We then
present the implementation details of our experiments in
depth and conclude with a discussion of different smoothing
strategies.

E.1. Datasets and Metrics

We present the datasets in the vision model bench-
marks as follows. For full fine-tuning setting, the 8-task
benchmark comprises the following datasets: Cars [32],
DTD [7], EuroSAT [24], GTSRB [57], MNIST [34], RE-
SISC45 [5], SUN397 [67] and SVHN [48]. The 14-
task benchmark extends the previous one by incorporat-
ing six additional datasets: CIFAR100 [33], STL10 [9],

= Knowledge Vector of Task 1 Projection Vector of Task 1

e Knowledge Vector of Task 2 Projection Vector of Task 2

Knowledge Vector of Merged Model Shared Cover Space

Original Parameter Space

Shared Cover Space

T o) @
(O] 2 /
- ——
Directions of Both Tasks Distort !
(©)] “@

Figure 6. Illustration of mitigating directional shift when merging
in the shared cover space. We take w1 and u» as example. Left: (1)
The direction of w1 and w2. (2) Directly merging in the original
parameter space yields u} and u5, causing severe directional devi-
ation. Right: (1) The direction of u1 and u2. (2) Obtain u} and u5
by whitening. (3) Project 1 and w2 onto the space spanned by )
and u5. (4) Aggregate the projections along the directions of u}
and u5 respectively as merged knowledge vectors, which signifi-
cantly alleviates directional shift.

Flowers102 [49], OxfordIlITPet [50], PCAM [60] and
FER2013 [21]. The 20-task benchmark adds another
six datasets to the 14-task configuration: EMNIST [10],
CIFARI10 [33], Food101 [2], FashionMNIST [66], Ren-
deredSST2 [56] and KMNIST [8].

For LoRA setting, the 8-task benchmark includes the
same datasets as in the full fine-tuning setting. The 12-
task benchmark extends the previous one by introducing
four new datasets: CIFAR100 [33], Flowers102 [49], Ox-
fordIIITPet [50] and STL10 [9]. The 16-task benchmark
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Figure 7. (a) Correlation of task-wise performance with DirSim. The result is based on ViT-B—-32 8-task benchmark with our check-
points, while we utilize checkpoints provided by KnOTS [58] for Figure 3c. (b) Layer-averaged projected DirSim between merged
multi-task vector and original task vectors for varying number of tasks. (c) Task-wise NAI of the merged model for varying number of
tasks. (b) and (c) are based on merging LoRA fine-tuned ViT-B-32 models.

further adds four datasets to the 12-task configuration:
FER2013 [21], CIFARI10 [33], FashionMNIST [66] and
RenderedSST2 [56].

The MM-MergeBench [70] contain 8 multimodal
datasets as seen tasks: ScienceQA [40], ImageNet [14],
VQAv2 [22], REC-COCO [31, 44], OCRVQA [47],
Flickr30k [51], VizWiz-caption [23] and IconQA [39],
along with 4 additional datasets as unseen tasks for gen-
eralizability evaluation: ImageNet-R [25], AOKVQA [53],
Screen2Word [61], TabMWP [41].

Since models fine-tuned on different datasets exhibit
varying absolute accuracies, we measure the performance
of the merged model by its average normalized accuracy:

) 1 & acc(Opr,1)
Average Normalized Accuracy = E ; ace(6:,7)
(29)
where acc(6;, ) denotes the absolute accuracy of the model
fine-tuned on task 4, acc(0yr, ) denotes the absolute accu-
racy of the merged model on task 7, and 7' is the total num-
ber of tasks.
Normalized Accuracy Improvement (NAI) is another
commonly-used metric which incorporates zero-shot per-
formance of each task. NAI of task ¢ is defined as

NAI(Bar. 01 00) — acc(Opr,1) — acc(by, 1)

acc(0;,1) — acc(Bo, 1) (30)

where acc(fy, i) denotes the zero-shot performance on task
1. We use NAI to evaluate the task-wise performance of
merged models in Figure 3b, 3c and 7.

E.2. Implementation Details

Compute resources. All experiments involving the fine-
tuning and merging of vision models are performed on a
single NVIDIA RTX 4090, while the merging of vision-
language models is conducted on a single NVIDIA A6000.

Choice of rescaling coefficient. For DC-Merge and other
baselines which require a rescaling coefficient o before
merging, we integrate the merged multi-task vector AW
with the pretrained weights W to obtain the merged model
by:

W =W, + aAW, 31)
where « is chosen on a held-out validation set. Exception-
ally, we adopt a fixed a = 2.0 for DC-Merge following
RobustMerge [70] in MM-MergeBench.

Choice of checkpoints. We directly utilize the checkpoints
released by TSV-M for evaluation in Table 2, which ensures
a fair comparison with the state-of-the-art method Iso-CTS
and other baselines. Similarly, we adopt the checkpoints
released by RobustMerge in MM-Merge-Bench evaluation
(Table 3) for fair comparison with baseline methods. Unlike
previous works that only consider evaluation for LoRA fine-
tuned vision models on the 8-task benchmark, we extend
our evaluation to 12-task and 16-task benchmarks. Thus, we
perform LoRA fine-tuning of vision models by ourselves
and results with respect to LoRA fine-tuned vision mod-
els are based on our checkpoints unless otherwise specified.
We present the training details as follows.

Fine-tuning vision models with LoRA. We obtain
the CLIP visual encoders ViT-B-32, ViT-B-16 and
ViT-L-14 from Hugging Face (HF). These models are
then fine-tuned by LoRA using pe ft library. Across all our
experiments of vision models, we set the LoRA target mod-
ules to the query, key, value and output projection weights,
which are the only learnable modules. We set the LoRA
rank to be 16, LoRA alpha to be 16, LoRA dropout to be
0.1 and disable the use of bias parameters. All vision mod-
els are trained using the AdamW optimizer, with a cosine
learning rate scheduler using Cross-Entropy loss. We use a
standard learning rate of 3e-4, weight decay of le-1 and la-
bel smoothing set to 0 across all datasets and different types
of visual encoders. The text encoder in the CLIP model



remains frozen across all our experiments of vision models.
Choice of hyperparameters. We adopt TIES-Merging
(TIES) [68] for aggregation in the shared cover space across
all our experiments, and the top-k parameter (i.e., the per-
centage of elements retained) in TIES is fixed to 0.1. For
hyperparameter r, we plot the performance of our method
with different r values in Figure 8 for both LoRA and FFT
settings. Consequently, in all LoRA fine-tuning scenarios
including vision models and vision-language models, we set
r to the LoRA rank. For FFT setting, we set r to LMJ
(see Algorithm 1).

LoRA FFT

cy (%)
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=
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Figure 8. Impact of hyperparameter » in LoRA and FFT set-
tings. We report average normalized accuracy of DC-Merge on
ViT-B-32 8-task benchmark. The empirical results align with
our motivation to preserve the directional geometry of each task
vector after merging as much as possible.

Baseline adaptation in LoRA settings. The state-of-the-
art approaches TSV-M [20] and Iso-CTS [46] are also based
on SVD. Unfortunately, the former ignores merging models
fine-tuned by LoRA and the latter does not specify details
of LoRA model merging neither in its paper nor in its code-
base. We assume that ranks of the merged vectors Arsy.m
and Aps.cts should be T x LoRA _rank where T’ is the total
number of tasks. This setting aligns with our hyperparame-
ter r in LoRA setting.

Merging parameters with non-matrix structure. Some
weights of the neural networks are represented by vectors,
e.g. bias vectors and parameters of layer normalization [1].
Following previous works [20, 46], we apply simple aver-
aging to merge these parameters.

E.3. Details of Perturbation for Figure 3b

We separately construct controllable energy distribution and
directional perturbation to verify that maintaining direc-
tional geometry is the key to maintaining performance.
Controllable Energy Distribution Perturbation. When
keeping the directions U ;, V'; fixed and perturbing only the
energy distribution o; to &;, we have

CosSim(A;, A;) = CosSim(;, 5;), (32)

where A; = U; diag(¢;) V. Hence, to obtain a con-

trollable energy distribution perturbation, it suffices to con-

struct &; such that CosSim(o;,6;) = p, where p € [0, 1]
prescribes the perturbation degree.

Leto = o; € RY, and let ¢ € RL, be a balanced
spectrum (e.g., the averaging or linearly smoothed spectrum
that preserves total energy). We define the unit reference
s = HGH and extract a component orthogonal to s from

o by Gram-Schmidt:
— Ti
R /L (33)
o= (s"a) sl

For any target p € [0, 1], we set

S =ps + V1—p2st, o =

By definition we have ||S]|2 = 1, ||s||2 = 1, and s
0. Therefore,

lol2s. (34)

Tel —

T

o O
CosSim(o,0) = ———— = s's
(2:8) = o2 o 35)

=ps's++/1—p2s'st

Hence Eq. (34) yields an energy distribution perturbation
with prescribed cosine p while keeping directions (U ;, V)
unchanged.

Controllable Directional Perturbation. To investigate the
sensitivity of model merging to changes in knowledge di-
rections, we introduce a procedure for applying control-
lable directional perturbations such that the resulting rep-
resentation A; satisfies DirSim(A;, A;) = p. Specifically,
we perturb the orthogonal directions U; and V'; by mixing
them with randomly sampled bases from their orthogonal
complements.

Let Ul and Vl denote the orthogonal complements of
U, and V;, respectively. We randomly select r orthonor-
mal columns U; C Ui and V,c Vi, then construct the
perturbed bases Ul( ) and Vl( ) as linear combinations:

Ui(p) = VoU; + mﬁu
N ~ (36)
Vilp) =vpVit V1-pVi,
which satisfy the orthonormality U,(p) Ui(p) =
Vi (p)TVilp) = 1I. The perturbed task  vector

A; with directional geometry (U;(p), V;(p)) achieves
DirSim(A;, Al) = p, which can be easily verified by:

tr (Ujﬁi(p)f’i(p)TVi)

r (37)
tr (p i Ir><r) o

r

])lI‘SlI?(l(AZ7 &z) =

where the second equality holds because U, U;(p) =
V’L(p)TVZ = \/]3 I,....



ViT-B-16 ViT-L-14 LLaVA-v1.5-7B
Method
8 tasks 12 tasks 16 tasks 8 tasks 12 tasks 16 tasks ‘ 8 tasks
No smoothing 71.64 76.13 75.48 83.96 85.63 80.86 79.10
Linear smoothing 78.69 (+7.05) 80.35 (+4.22) 78.82 (+3.34) 89.22 (+5.26) 89.11 (+3.48) 85.38 (+4.52) 87.58 (+8.48)
Averaging 78.86 (+7.22) 80.56 (+4.43) 78.91 (+3.43) 89.42 (+5.46) 89.31 (+3.68) 85.71 (+4.85) 87.91 (+8.81)

Table 8. Performance with different smoothing strategies. We report average normalized accuracy.
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Figure 9. (a) The relationship between energy retention ratios and fractions of singular values averaged across all datasets. The result is
based on the ViT-B-32 8-task benchmark. FFT (Truncated) considers reconstructing each task vector using the top-r singular values (and
their associated singular vectors) in the full fine-tuning setting without additional smoothing. (b) Comparison of cross-task transferability
w/o (left) and w/ (right) further balancing the energy distribution after truncating long-tailed energy parts. Compared with LoRA setting,
applying energy smoothing in FFT scenario yields relatively small improvements in generalization.

E.4. Smoothing Strategies

In line 6 of Algorithm 1, we mention the smoothing of Elm.
Here, we propose two explicit smoothing strategies as fol-
lows.

Averaging. We consider the simplest and most effective
form of smoothing by replacing all top-r singular values
with their average value:

T
=. _ } J 1
O avg = , a; r-
j=1

Linear Smoothing. Beyond uniform averaging, we further
consider a more flexible linear smoothing strategy that con-
trols the energy flattening degree through a single hyperpa-
rameter p. Specifically, we first constrain the ratio between
the largest and smallest smoothed singular values to be no

greater than p, i.e.,
. (o
= min VAR

Omin
We then generate a linearly decreasing distribution w =
[wy,wa, ..., w,] whose entries sum to one, such that
w1 /Wy = Tmax/Tmin- Finally, we scale this distribution by
the sum of singular values, yielding the smoothed energy

distribution
T
ﬁi,linear = § o5 | w.
Jj=1

(38)

Umax max

(39)

O min

(40)

This procedure maintains the relative ordering of the sin-
gular values while reducing their extreme disparity. We
set p to 5.0 in all LoRA scenarios, including vision mod-
els and vision-language models. We provide a comprehen-
sive comparison between averaging and linear smoothing
in Table 4 for ViT-B-32 and Table 8 for ViT-B-16 and
ViT-L-14. We report the better result of the two afore-
mentioned smoothing strategies in Table 1 and 3.

Besides, directly utilizing top-r singular values along
with their corresponding singular vectors of each task vector
to obtain A; without any additional smoothing (i.e., skip-
ping line 6 in Algorithm 1) can also serve as an implicit
smoothing strategy, as it truncates the long-tailed energy
parts. We only apply this truncation strategy to full fine-
tuned vision models since we set r to LoRA rank in LoRA
setting. Surprisingly, we notice that applying truncation
to long-tailed singular values without further smoothing in
FFT scenario can generally exhibit similar energy distribu-
tion to explicitly linearly smoothing in LoRA setting.

It is worth noting that energy smoothing can enhance
cross-task transferability of each task vector at a cost of task
performance fidelity (see Figure 2a and 9b), so there may
exist a trade-off between its pros and cons. To verify this,
we perform a linear interpolation between original singular
values of each task vector and averaging smoothed ones by:
= 4

()
21’ ,0rig

1-n=)

i,avg

(41)

The results are presented in Figure 10. With 7 decreases, the



Datasets

Method
Cars DTD EuroSAT GTSRB MNIST RESISC45 SUN397 SVHN Average

Task Arithmetic 82.0 73.6 48.8 42.1 53.1 71.5 97.5 41.2 63.7
KnOTS-TIES 82.7 73.7 49.3 48.9 68.9 70.9 95.5 53.8 68.0
WUDI-Merging 82.4 73.5 48.6 46.8 54.5 72.4 96.0 46.5 65.1
TSV-M 83.9 75.1 52.4 45.5 58.3 73.1 97.6 45.3 66.4
Iso-CTS 83.3 84.7 49.0 79.6 69.4 82.3 99.0 53.2 75.1
DC-Merge 90.9 79.6 65.5 54.0 92.6 75.0 98.2 66.8 77.8

Table 9. Performance on ViT-B-32 8-task benchmark using checkpoints provided by KnOTS. We report normalized accuracy.
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Figure 10. The relationship between average absolute accuracy of
DC-Merge in LoORA/FFT setting and interpolation coefficient 7.

energy distribution of each task vector tends to be smoother.
We notice a consistent performance improvement as each
flm is smoothed gradually in LoRA setting, while a reverse
trend can be observed in FFT setting. This phenomenon
suggests that the aforementioned truncation strategy is suf-
ficient to ensure the top-r knowledge components to be ad-
equately expressed within each task vector, while further
smoothing induces additional bias for individual tasks and
thereby harms overall performance. We thus explicitly ap-
ply smoothing to LoRA fine-tuned task vectors across all
experiments while obtaining A; solely by retaining top-r
knowledge vectors as implicitly smoothing in FFT setting.

F. Additional Experiments and Analyses

In this section, we extend our evaluations of DC-Merge
to additional checkpoints, larger task scales, and varying
smoothing levels, demonstrating its strong robustness and
scalability. Furthermore, we empirically verify that the two
key modules in DC-Merge are both effective to preserve di-
rectional geometry of task vectors during merging and as-
sess the generalization capability of DC-Merge on vision
tasks. Finally, we provide a step-by-step analysis on com-
putational complexity of our method.

F.1. Additional checkpoints

Ideally, the performance of a well-designed model merg-
ing method is robust to various checkpoints. For LoRA

setting, we present the performance of DC-Merge along
with all baselines on ViT-B-32 checkpoints provided by
KnOTS [58] in Table 9. DC-Merge still achieves the state-
of-the-art performance, outperforming Iso-CTS by 2.7%.
For FFT setting, we provide the results on 8-task bench-
marks using checkpoints from Task Arithmetic [29] in Ta-
ble 10, where the capability of DC-Merge is consistently
superior (or comparable) to state-of-the-art methods.

Method | viT-B-32 ViT-B-16 ViT-1-14
Zeroshot 48.3 55.5 64.7
Individual 90.5 92.6 94.2
Task Arithmetic 70.5 74.6 84.6
Fisher Merging 68.3 71.7 83.7
RegMean 71.8 76.6 82.2
PCB-Merging 76.3 81.5 87.5
TSV-M 83.8 87.2 91.5
Iso-CTS 84.0 88.6 92.9
DC-Merge | 85.1 88.8 92.7

Table 10. Performance on 8-task benchmark using checkpoints
provided by Task Arithmetic. We report average absolute accu-
racy.

F.2. Complementary Modules in DC-Merge

We conduct comparative experiments on vanilla Task
Arithemetic (TA) [29] to demonstrate that both energy
smoothing (ES) and cover space merging (CSM) are con-
ducive to maintaining the directional consistency between
merged vector and original task vectors. As illustrated in
Figure 11, individually applying ES and ESM significantly
boosts the projected DirSim(AW;, AW ;) of each task.
Furthermore, by combining ES and CSM, we can achieve
higher projected DirSim, indicating that the two key mod-
ules in DC-Merge are complementary.

We also present the task-wise projected CosSim of TA
and DC-Merge on ViT-B-32 8-task benchmark in Fig-
ure 12. While TA exhibits higher projected CosSim on each
individual task, its projected DirSim is much lower than
DC-Merge across all tasks, indicating that TA fails to retain
the directions of weaker but semantically important knowl-
edge components within each task vector in the merging
process and thereby suffers more performance degradation
on each task than our method.



Seen Tasks

‘ Unseen Tasks

Method

Cars DTD EuroSAT GTSRB  MNIST RESISC45 SUN397  SVHN  Average ‘ CIFAR100 Flowers Pets STL10  Average

Individual 76.61 67.34 98.19 98.29 99.15 93.97 72.49 96.50 87.82 - - - - -
Zeroshot 59.49 44.15 44.30 32.27 47.94 60.25 63.21 31.42 47.88 64.61 66.18 87.74 96.77 78.83
Task Arithmetic 59.82 44.31 46.52 34.71 63.43 65.78 62.61 45.25 52.80 43.83 62.30 82.12 96.14 71.10
KnOTS-TIES 61.39 44.79 48.26 43.42 71.24 65.49 63.48 49.36 55.93 47.21 62.11 82.97 96.03 72.08
WUDI-Merging 60.89 45.64 51.82 39.90 66.96 67.40 63.32 46.12 55.25 46.81 62.05 82.46 96.19 71.89
TSV-M 62.66 46.54 55.44 46.88 75.86 69.37 63.84 50.66 58.91 51.13 61.87 84.33 96.27 73.40
Iso-CTS 60.72 52.34 64.26 52.31 82.80 72.87 63.68 55.10 63.01 52.64 60.14 84.37 95.67 73.21
DC-Merge ‘ 62.93 50.00 61.15 57.27 84.79 75.29 64.98 56.93 64.17 56.90 61.44 85.08 96.00 74.86

Table 11. Performance of eight seen tasks and four unseen tasks on ViT-B-32 in LoRA setting. We report absolute accuracy.

Seen Tasks

‘ Unseen Tasks

Method

Cars DTD EuroSAT GTSRB  MNIST RESISC45 SUN397  SVHN  Average ‘ CIFAR100 Flowers Pets STL10  Average

Individual 89.18 77.93 98.44 99.11 99.28 96.95 80.49 97.53 92.36 — — — — -
Zeroshot 77.94 55.64 64.68 50.68 76.16 71.33 68.34 58.58 65.42 76.13 79.43 93.32 99.39 87.07
Task Arithmetic 79.01 57.39 66.07 55.72 80.15 74.25 68.90 64.85 68.29 57.28 65.71 83.52 98.95 76.36
KnOTS-TIES 81.39 60.53 71.22 65.98 89.48 79.48 69.41 71.36 73.61 57.50 72.01 90.33 98.84 79.67
‘WUDI-Merging 79.62 58.19 66.56 57.26 85.03 76.51 68.59 66.49 69.78 60.81 69.65 87.26 99.03 79.19
TSV-M 82.53 62.61 75.74 75.12 88.74 82.52 70.32 74.61 76.52 60.79 73.42 91.55 98.86 81.15
Iso-CTS 81.74 67.34 84.56 88.03 96.96 86.44 69.53 78.50 81.64 61.90 72.68 91.62 98.31 81.13
DC-Merge ‘ 83.17 68.35 84.78 88.48 97.06 86.84 71.78 80.45 82.61 65.40 72.07 91.79 98.45 81.93

Table 12. Performance of eight seen tasks and four unseen tasks on ViT-L-14 in LoRA setting. We report absolute accuracy.
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Figure 11. DirSim of TA w/o and w/ CSM and ES on ViT-B-32
8-task benchmark in LoRA setting. Both two modules in DC-
Merge enhance DirSim (AW ;, AW ;) of each task.
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Figure 12. Projected CosSim of TA and DC-Merge (Ours) on
ViT-B-32 §-task benchmark in LoRA setting.

F.3. Generalization Capability on Vision Tasks

We evaluate the generalization capability with four addi-
tional vision tasks on both ViT-B-32 and ViT-L-14 8-

task benchmarks in LoRA setting and the results are re-
spectively presented in Figure 11 and 12. Unlike vision-
language tasks, all baselines along with DC-Merge exhibit
limited generalization capabilities due to the complexity of
unseen tasks. Nevertheless, DC-Merge consistently outper-
forms other methods across both benchmarks.

F.4. Computational Complexity Analysis

We provide a comprehensive computational complexity
analysis on DC-Merge in this subsection. For simplicity,
we follow previous work [46] to consider a deep neutral net-
work with L layers, and each layer consists of a single task
vector A; € R™"*"™, Besides, we consider the traditional full
SVD implementation with a complexity of O(n?) [59] and
compute r-rank SVD by first computing full SVD and then
retaining the top-r singular values and their corresponding

singular vectors. Supposing that the number of tasks is 7',

the step-by-step computational complexity of DC-Merge is:

e Compute r-rank SVD for each task vector A; in each
layer, with the total complexity of O(TLn?);

¢ Perform energy smoothing for each task vector in each
layer, with the total complexity of O(T Lr);

¢ Reconstruct energy-balanced task vector A; layer-wise,
with the total complexity of O(T Ln?r);

» Whiten concatenated basis U € R"*¥ and V' € R"*F
respectively, with the total complexity of O(TL(nk? +
k%))

¢ Project each energy-balanced task vector A; onto cover
space for each layer, with the total complexity of
O(TL(nk? + n%k));

» Merge { M}~ , via TA or TIES layer-wise, with the total
complexity of O(TLk?);



Seen Tasks ‘ Unseen Tasks

Method
SciQA Image VQA REC OCR VizWiz Flickr IconQA  Average ‘ AVQA  Image-R S2W TabMWP  Average
Individual 83.74 96.02 67.58 43.40 65.50 64.80 57.29 75.54 69.23 - - — - -
Zeroshot 61.73 40.87 62.88 36.10 41.16 41.03 49.07 14.09 43.37 51.62 28.27 5.98 15.01 25.22
Multi Task 76.90 74.08 67.05 35.98 65.37 66.67 56.09 66.87 63.62 76.33 41.39 8.34 18.20 36.06

Task Arithmetic 71.94 57.49 67.06 38.90 62.87 44.80 49.20 39.21 53.93 74.78 37.37 7.52 13.57 33.31
DARE-Merging 71.59 57.25 66.26 39.38 62.56 44.93 49.13 39.59 53.84 73.75 37.67 7.56 13.62 33.15
TIES-Merging 71.49 55.88 66.73 39.67 65.12 44.35 47.06 34.46 53.09 73.43 38.44 7.47 13.23 33.14
PCB-Merging 71.10 57.82 67.59 38.22 64.35 44.58 48.90 37.01 53.70 74.57 36.28 7.84 15.44 33.53

TSV-M 75.66 78.61 59.48 41.92 41.71 41.19 52.23 45.97 54.60 77.29 42.72 11.12 13.80 36.23
‘WUDI-Merging 69.46 78.40 56.84 38.95 38.58 40.23 51.13 38.82 51.55 68.56 41.57 11.16 11.80 33.27
Iso-CTS 77.54 77.01 63.50 45.72 40.75 42.34 54.74 53.25 56.86 78.48 44.81 11.21 13.99 37.12
RobustMerge 73.43 65.54 67.20 44.80 62.97 46.61 52.80 45.90 57.33 79.30 45.79 9.23 17.62 37.99
DC-Merge 77.05 73.33 65.87 47.88 59.66 45.23 55.06 52.92 59.63 ‘ 79.30 50.24 10.88 18.94 39.84

Table 13. Task-wise absolute accuracy results on MM-MergeBench [70], containing eight seen tasks (LoRA fine-tuned) and four unseen
tasks. The best results are in bold and the second-best are underlined.

* Project the aggregated M back to original parame-
ter space for each layer, with the total complexity of
O(TL(nk* + n2k)).

As r < |n/T|, the overall computational complexity of

DC-Merge is O(TLn?), which shares the same asymp-

in energy distribution. We present the performance of DC-
Merge on 8-task benchmark in LoRA setting with varying
p values in Figure 13. Notably, DC-Merge exhibits strong
robustness to the choice of p, achieving state-of-the-art per-
formance across a wide range of smoothing levels.

totic computational complexity with the current state-of-art
method TSV-M [20] and Iso-CTS [46]. In practical applica-
tions, we recommend using randomized SVD for low-rank 73.51
approximation to enhance computational efficiency.

=—0— DC-Merge — — Iso-CTS

73.01 —o= ViT-B-32

7854 M

78.0 4

F.5. Performance under Increasing Task Scales

We compare the performance of DC-Merge with existing
state-of-the-art methods under different task scales (i.e., the
number of tasks). As illustrated in Table 14, with the in-
crease of task scales, DC-Merge consistently achieves state-
of-the-art overall performance while WUDI-Merging [6] ca.5. -
suffers severe performance degradation. Furthermore, the e e e e e e
superiority of DC-Merge becomes more significant as the ’ ’ »

task scale increases, which demonstrates the strong robust-
ness of our method to task scales. The same trend can be
observed in Table 2 on ViT-B-16 and ViT-L-14.

77.5 1

Average Normalized Accuracy (%)

%
X
o
L

Figure 13. Performance of DC-Merge with respect to various
smoothing levels in linear smoothing. We report average normal-
ized accuracy. When p = 1.0, linear smoothing reduces to simple

averaging.
Method | 8 tasks 14 tasks 20 tasks
Zeroshot 48.26 57.21 56.10 . . s
il 0283 00,88 o1 37 F.7. Scaling to Vision-Language Models
80.06 3788 77.07(84.29) Table 13 presents task-wise performance of existing base-

WUDI-Merging 86. 47(93 05)
Iso-CTS 86.20(91.78)

78.87(86.71)
81.71(59.70)

69.90(76.71)
78.05(g5.48)

lines in Table 3, along with additional state-of-the-art meth-
ods TSV-M [20], WUDI-Merging [6] and Iso-CTS [46].
While some state-of-the-art approaches struggle to main-
tain strong performance, DC-Merge consistently achieves
superior results on both seen and unseen tasks, demonstrat-
ing that the effectiveness of DC-Merge is not limited to
vision models, but naturally extends to large-scale multi-
modal models.

TSV-M 85.86(92.31)

DC-Merge 87. 05(93 55) 82'52(90.62) 80-58(88.18)

Table 14. Performance on ViT-B-32 benchmarks in FFT setting.
We report average absolute accuracy and subscript (in parentheses)
is the average normalized accuracy.

F.6. Performance on Varying Smoothing Levels

In Appendix E.4, we propose a flexible linear smoothing
strategy that controls the energy flattening degree through a
single hyperparameter p. Higher p indicates more skewness
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Figure 14. Visualization of task representations in the shared cover space. We apply block-diagonal masks to eliminate cross-task direc-
tional interference (off-diagonal blocks) when projecting the aggregated task representations back to parameter space, where the mask size
implicitly balances directional preservation and task fidelity. (Continued on next page)
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Figure 14. Visualization of task representations in the shared cover space. We apply block-diagonal masks to eliminate cross-task direc-
tional interference (off-diagonal blocks) when projecting the aggregated task representations back to parameter space, where the mask size
implicitly balances directional preservation and task fidelity. (Continued on next page)
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Figure 14. Visualization of task representations in the shared cover space. We apply block-diagonal masks to eliminate cross-task direc-
tional interference (off-diagonal blocks) when projecting the aggregated task representations back to parameter space, where the mask size
implicitly balances directional preservation and task fidelity.
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Figure 15. Layer-wise visualization of projected DirSim with each individual task. The results are based on ViT-B-32 8-task benchmark
in LoRA setting. DC-Merge consistently exhibits higher projected DirSim with task vectors across all layers.
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