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Sapienza University of Rome
gargiulo.1769185@studenti.uniroma1.it {crisostomi, rodola}@di.uniroma1.it
simone.scardapane@uniroma1.it {bucarelli, fsilvestri}@diag.uniroma1.it

Abstract

Task Arithmetic has emerged as a simple yet effective
method to merge models without additional training. How-
ever, by treating entire networks as flat parameter vectors,
it overlooks key structural information and is susceptible to
task interference. In this paper, we study task vectors at
the layer level, focusing on task layer matrices and their
singular value decomposition. In particular, we concen-
trate on the resulting singular vectors, which we refer to
as Task Singular Vectors (TSV). Recognizing that layer task
matrices are often low-rank, we propose TSV-Compress
(TSV-C), a simple procedure that compresses them to 10%
of their original size while retaining 99% of accuracy. We
further leverage this low-rank space to define a new mea-
sure of task interference based on the interaction of singu-
lar vectors from different tasks. Building on these findings,
we introduce TSV-Merge (TSV-M), a novel model merg-
ing approach that combines compression with interference
reduction, significantly outperforming existing methods.

1. Introduction
The widespread availability of pre-trained models and pub-
lic repositories has driven the development of techniques for
efficiently combining and reusing existing models. Among
these techniques, model merging approaches enable the cre-
ation of multi-task models without additional training. One
popular approach, Task Arithmetic (TA) [22], stands
out for its simplicity and effectiveness. However, by treat-
ing entire networks as high-dimensional vectors, TA and
subsequent works overlook crucial structural information
[9, 10, 24, 32, 38, 51, 53]. This flattened view limits these
approaches to coarse-grained measures like cosine similar-
ity for assessing inter-task interactions.

⋆ denotes equal contribution.
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Figure 1. Mean accuracy of a ViT-L-14 merged over 8, 14, and
20 tasks respectively. By significantly surpassing existing meth-
ods, TSV-M establishes the new state of the art in model merging.

In this work, we instead focus on preserving and lever-
aging the natural structure of neural networks by examining
weight differences at the layer level while retaining their
matrix form wherever possible. Our approach begins by
examining per-layer task matrices, which represent weight
changes for each task, through singular value decomposi-
tion (SVD). This decomposition yields singular vectors and
singular values that capture the most significant directions
of variation within each layer. We term these singular vec-
tors Task Singular Vectors (TSV), as they provide an in-
terpretable basis for assessing task-specific contributions at
each layer. Importantly, in accordance with recent litera-
ture on PEFT (cfr. Sec. 2), our analysis confirms that task
matrices are inherently low-rank, meaning that only a small
portion of TSVs is sufficient to represent the layer’s func-
tion with high fidelity.

Building on this insight, we introduce TSV-Compress
(TSV-C), a simple yet effective procedure to compress
task vectors down to 10% of their original size while
maintaining 99% of the original accuracy. Focusing on
only a fraction of the most relevant TSVs for each task,
TSV-Compress enables efficient storage and processing
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of task-specific information without waiving performance.
Beyond compression, examining the interplay of TSVs

across different tasks provides a geometrically informed
framework for analyzing task interference at the individual
layer level. By assessing how singular vectors from differ-
ent tasks align or diverge within each layer, this approach
offers a significantly more fine-grained understanding of
inter-task interactions, going beyond global vector similar-
ity metrics like cosine similarity. Building upon these prin-
ciples, we introduce TSV-Merge (TSV-M), a novel model
merging method that combines compression and task inter-
ference reduction. This is achieved by discarding the irrel-
evant singular vectors for each task and then reducing their
inter-task interference with a whitening transformation over
their similarity matrix. We empirically show our approach
to effectively reduce task interference, and the reduction to
be complementary to the compression step. We then eval-
uate our approach across several benchmarks and show it
outperforms existing methods by an average of ∼ 15% ac-
curacy points, establishing the new state of the art by a large
margin. We release all our code for research purposes1.

In summary, our contribution is 4-fold:
• We study the singular value decomposition of per-layer

task matrices, showing them to be low-rank and measur-
ing the interplay of singular vectors from different tasks;

• We introduce TSV-C, a method that builds on this insight
to compress task vectors by a factor of 10× while pre-
serving 99% of their original accuracy;

• We propose TSV-M, a model merging technique that
complements compression with a task interference reduc-
tion step by applying a whitening transformation to decor-
relate singular vectors across tasks;

• We conduct extensive experiments on multiple computer
vision datasets, showing that TSV-M significantly out-
performs existing model merging methods and provide
in-depth analyses to uncover the underlying factors con-
tributing to its success.

2. Related Work

Model Merging offers an efficient alternative to ensem-
bling by combining existing models without the need for
further training. Several approaches address this by de-
termining the neuron permutations that align the models
into a shared optimization basin, after which the models
are combined using a straightforward averaging method.
[1, 8, 25, 36, 43]. An alternative line of approaches focuses
on the multi-task scenario, where a single pre-trained model
is fine-tuned for different tasks [10, 22, 32, 40, 46, 48, 51,
53, 54]. The prerequisites for methods in this category are
outlined in Table 1. Task Arithmetic [22] introduces
the concept of task vectors, which are the weight differences

1https://github.com/AntoAndGar/task singular vectors

Table 1. Model merging approaches and their requirements.

Method Additional Extra Validat. data
training storage inputs labels

Weight Avg. [48] × × × ×

Fisher-Merg. [32] × × ✓ ×
RegMean [24] × × ✓ ×

EMR-Merging [20] × ✓ × ×
TALL-Mask [46] × ✓ × ×
TSV-C (Ours) × ✓ × ×

Task Arith. [22] × × ✓ ✓
Ties-Merging [51] × × ✓ ✓
AdaMerging [52] ✓ × ✓ ×

Consensus-TA [46] × × ✓ ✓
TSV-M (Ours) × × × ×

between fine-tuned models and the pre-trained base model.
By averaging these vectors, a merged multi-task model can
be created; conversely, negating a task vector allows for for-
getting a specific task. TIES [51] addresses redundancies
in model parameters by first selecting the top-k most signif-
icant parameter changes and then constructing a sign vector
based on the majority sign across all models. The latter is
used to merge the task vectors disjointly, meaning the av-
erage is not computed when a parameter is zero or when
parameters disagree in sign. Similarly, DARE [53] ran-
domly resets redundant parameters to their pre-trained val-
ues and rescales the remaining parameters by a factor pro-
portional to the dropped ones, aiming to reduce interference
among tasks. Fisher Merging [32] and RegMean [24]
merge models by performing weighted averaging, utiliz-
ing the Fisher information matrix and the inner product of
input vectors, respectively. Model Breadcrumbs [10]
focuses on merging only significant weights by discarding
outliers and both minor and large perturbations in the fine-
tuned parameters. More recently, Wang et al. [46] observed
that tasks often utilize non-overlapping sets of weights.
They propose two methods: the first, TALL-Mask, uses
binary masks to activate important task-specific weights, re-
quiring extra storage (as does our method TSV-C) for the
masks. The second, Consensus Merging, leverages
these masks to remove parameters that are important to less
than two tasks. Like our approach, TwinMerging [31]
and SMILE [44] apply SVD to layer task matrices. How-
ever, neglecting singular vector interference, they require a
router to selectively activate a subset during inference.

Unlike existing approaches, our methods explicitly ad-
dress task interference by leveraging the geometric structure
of singular vectors to minimize interactions between task-
specific parameters. Rather than averaging or selectively
merging parameters as prior techniques do, we decorrelate
singular vectors to directly reduce interference across tasks.
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Additionally, we achieve targeted compression by isolating
each task’s unique components, storing only essential parts,
and ensuring minimal interference, a step beyond traditional
SVD-based compression approaches.

SVD for Model Compression A significant body of work
explores low-rank decompositions for fully-connected and
convolutional layers [11, 12, 16, 23, 27], as well as tensor
decompositions [12, 16, 26]. These approaches typically
achieve a layer-by-layer factorization of a trained network,
focusing on minimizing the difference between the original
and the low-rank approximated weight matrices. This is ac-
complished using techniques like SVD [12, 16, 23, 27] or
iterative optimization [23, 26]. While other methods such
as weight quantization, knowledge distillation, and pruning
exist, we utilize SVD not only for low-rank approximation
and compression but also because its matrix decomposition
properties make it particularly effective in analyzing and
mitigating interference.

3. Task Singular Vectors

In this section, we introduce key concepts for understanding
our approach, including a new measure of task interference
that is central to our method.

3.1. Background

We build on Task Arithmetic (TA), which defines
task vectors capturing the differences in model weights for
individual tasks. Formally, the weights θMT of a multi-task
model for T tasks are computed by aggregating the task-
specific weight differences, or task vectors, as follows:

θMT = θpre + α

∑T
i=1 τi
T

, (1)

where θpre is the set of pretrained model weights, α is a
scaling factor, and τi = θfti − θpre is the task vector for
task i, with θfti being the fine-tuned weights for the task.
Differently from TA, however, we consider these operations
at the layer level. From this perspective, Eq. (1) becomes

θ
(l)
MT = θ(l)pre + α

∑T
i=1 ∆

(l)
i

T
, (2)

where θ
(l)
pre encodes the pretrained weights for layer l, and

∆
(l)
i = θ

(l)
fti − θ

(l)
pre is the task-specific weight difference for

task i at layer l. When layer l has a matrix structure, we call
its corresponding ∆i

l the per-layer task matrix for task i.
When this is not the case, our framework defaults to stan-
dard TA. For brevity, we will generally omit the layer index
and refer to the layer-l task matrix ∆l

i as ∆i.

Decomposing layer task matrices
Treating layer-wise weights as structured entities rather
than flattened vectors enables us to analyze their SVD,
revealing low-rank properties and deeper insight into the
inter-task interactions. Given two tasks i, j, we consider the
SVD of their task matrices ∆i and ∆j at a generic layer:

∆i = UiΣiV
⊤
i , ∆j = UjΣjV

⊤
j

where Ui, Uj and Vi, Vj are the matrices of left and right
singular vectors respectively, and Σi,Σj are diagonal ma-
trices of singular values. Due to their role in assessing task-
specific contributions, we term the obtained singular vectors
Task Singular Vectors (TSV).

Importantly for our treatment, we can equivalently write
the aggregated task matrices in Eq. (2) in terms of their sin-
gular vectors and values. By defining U = [U1 · · ·UT ] as
the column-wise concatenation of all the left TSVs, V =
[V1 · · ·VT ] as the row-wise concatenation of the right TSVs,
and Σ as the block diagonal matrix with {Σi}Ti=1 along its
diagonal, we can write:

M = UΣV ⊤ =

T∑
i=1

UiΣiV
⊤
i =

T∑
i=1

∆i . (3)

In the simple case where T = 2, M would be given by:

M =
[
U1 U2

] [ Σ1 0
0 Σ2

] [
V ⊤
1

V ⊤
2

]
= ∆1 +∆2 .

When concatenating singular components from different
tasks, we violate certain properties of the SVD. Specifically,
the matrices U and V become non-orthogonal because sin-
gular vectors from different tasks may overlap. Addition-
ally, the singular values Σi from different tasks can vary
significantly in magnitude, which may bias the merging pro-
cess toward tasks with larger singular values.

3.2. Low-rank nature of layer task matrices
We start our analysis by studying the low-rank properties of
per-layer task matrices. Interpreting SVD as a sum of rank-
one matrices, for each task i, by Eckart-Young’s theorem
[14] we get the best approximation (in Frobenius norm) of
each task matrix ∆i by retaining only the top-k singular
values and their corresponding vectors:

∆̂i =

k∑
j=1

σi
ju

i
jv

i⊤
j . (4)

As we show in Fig. 2, we find task matrices to be inher-
ently low-rank: a small subset of TSVs is sufficient to rep-
resent the layer’s function with high fidelity. In particular,
even when preserving only 3% of the singular components
per task, the mean accuracy drops by merely 1.5%. This is
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Figure 2. Mean absolute accuracy of the ViT-B-32model across
increasing fractions of retained singular components, averaged
over 20 tasks. The red line represents the average accuracy of the
original fine-tuned models with full-rank task matrices, while the
green line shows the accuracies using low-rank approximations.

noticeable considering that 97% of singular components in
each layer matrix are discarded. Building on this insight,
we propose in Sec. 4.1 a compression algorithm that main-
tains 99% of the accuracy while shrinking the task vectors
to 10% of their original size.

Given this low-rank structure, it is natural to aggregate
task matrices within their subspaces. We, therefore, obtain
a reduced version of the aggregation matrix M (Eq. (3)) as:

M̂ =

T∑
i=1

ÛiΣ̂iV̂
⊤
i =

T∑
i=1

k∑
j=1

σi
ju

i
jv

i⊤
j , (5)

where Ûi and V̂i contain the top-k left and right singular
vectors for task i, respectively, and Σ̂i is the diagonal ma-
trix of the top-k singular values σi

j . This formulation high-
lights that the low-rank approximation M̂ utilizes the most
relevant singular components from each task to effectively
combine the task-specific weight differences.

3.3. Singular Task interference
We hereby introduce a score of task interference based on
the interplay of TSVs from different tasks, which we term
Singular Task Interference (STI)

STI
(
{∆i}Ti=1

)
= ∥(U⊤U − I)Σ(V ⊤V − I)∥1 , (6)

where U , Σ and V are obtained by concatenating the sin-
gular value decompositions ({Ui}Ti=1, {Σi}Ti=1 {Vi}Ti=1) of
per-layer task matrices {∆i}Ti=1 as detailed in Sec. 3.1. In
the expression above, high inner product values for U⊤U
and V ⊤V imply a higher likelihood of interference, with
minimal interference ideally yielding identity matrices.

The underlying intuition is that overlapping singular vec-
tors suggest shared features in the weight space across tasks.
Such overlap can introduce interference when models are
merged, ultimately degrading performance on individual
tasks. We refer to Fig. 3 for a real example over eight tasks.

4. Approach
We demonstrate below how TSVs can be used for both com-
pression and task interference reduction.

4.1. TSV for compression
When the task is known or inferred (e.g. with a router, as
in Mixture-of-Experts [15, 39] techniques), we can lever-
age the low-rank structure of per-layer task matrices (see
Sec. 3.2) to effectively compress these ones while discard-
ing task singular vectors from different tasks. In particular,
given a known or inferred task index h, we set other task
components to zero, reducing Eq. (5) to:

M̂ =

T∑
i=1

1
[i=h]

k∑
j=1

σi
ju

i
jv

i⊤
j =

k∑
j=1

σh
j u

h
j v

h⊤
j = ∆̂i . (7)

This formula yields a low-rank approximation of ∆h, where
only the top k singular components of the task-specific ma-
trix are retained. Here, the same number of components k is
taken from each task to ensure that each layer is compressed
by a factor of 1

T relative to the original dimension. Increas-
ing k improves approximation but reduces the compression.

4.2. TSV for model merging
In scenarios where the task identity is not known before-
hand, we address the standard model merging problem by
combining Task Singular Vectors (TSVs) to create a single
model that performs well jointly across all tasks.

To reduce our measure of task interference, we decor-
relate the TSVs of different tasks (encoded as columns in
Û and V̂ ) by whitening these matrices to minimize their
correlations. This can be achieved by applying the transfor-
mation X 7→ X(X⊤X)−

1
2 to both Û and V̂ . For improved

numerical stability, we reformulate this whitening as an or-
thogonal Procrustes problem, seeking the orthogonal matrix
Û⊥ that minimizes the projection error:

min
Û⊥

∥Û⊥ − Û∥F s.t. Û⊤
⊥ Û⊥ = I , (8)

and similarly for V̂ . This problem admits a closed-form
solution via the SVD Û = PDQ⊤, yielding Û⊥ = PQ⊤

(similarly for V̂⊥).

Proposition 4.1. The transformations X 7→ X(X⊤X)−
1
2

(whitening) and X 7→ PQ⊤ (Procrustes), where X =
PDQ⊤ is the SVD of X , are equivalent.

Proof. Given X = PDQ⊤ and recalling that D⊤D =
D2 for diagonal matrices, simple algebraic manipulation
yields X⊤X = QD2Q⊤. It follows that (X⊤X)−1/2 =
QD−1Q⊤, therefore the whitening transformation can be
rewritten as X(X⊤X)−1/2 = (PDQ⊤)(QD−1Q⊤) =
PDID−1Q⊤ = PQ⊤, completing the proof.

18698



0 100 200 300 400 500 600 700

0

100

200

300

400

500

600

700

UTU

0 100 200 300 400 500 600 700

0

100

200

300

400

500

600

700

V TV

-0.50

-0.40

-0.30

-0.20

-0.10

0.00

0.10

0.20

0.30

0.40

0.50

S
im

ila
ri

ty

Figure 3. Visualization of task interference among 8 tasks computed on the first attention layer of a ViT-B-32. The diagonal blocks dis-
play intra-task similarities, while the off-diagonal blocks illustrate inter-task similarities. The zoomed-in section highlights the interaction
between the right singular vectors of the 3rd and 4th tasks.
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Figure 4. Absolute accuracy of a ViT-B-32 merged over 8, 14, and 20 tasks, respectively.

Once the (rank-reduced) TSV matrices Û and V̂ are
decorrelated, we reconstruct the merged layer as in Eq. (5);
see Algorithm 1 for the complete steps.

5. Results
We evaluate our approaches over three different suites of
tasks having cardinality 8, 14, and 20, respectively. The
first one, introduced in [22], consists of datasets: Cars
[28], DTD [4], EuroSAT [19], GTSRB [42], MNIST [30],
RESISC45 [3], SUN397 [50], and SVHN [33]. The bench-
mark with 14 tasks builds on the preceding one, incorpo-
rating six additional datasets: CIFAR100 [29], STL10 [6],
Flowers102 [34], OxfordIIITPet [35], PCAM [45],
and FER2013 [18]. Finally, the 20-tasks benchmark in-

cludes the preceding 14 plus the following six: EMNIST
[7], CIFAR10 [29], Food101 [2], FashionMNIST [49],
RenderedSST2 [41], and KMNIST [5].

5.1. Model merging results

We evaluate our method on three variants of the CLIP [37]
model, each employing a different size of ViT [13] vi-
sual encoder: ViT-B-32, ViT-B-16, and ViT-L-14.
The main benchmarks involve merging 8, 14, and 20 tasks,
mirroring the experimental setup described in Wang et al.
[46]. We compare our approach against several training-
free model merging methods, including weight averaging,
Task Arithmetic [22], and Consensus Merging
[46]. For reference, we include the performance of zero-
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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

Zeroshot 48.26(53.59) 57.21(63.69) 56.10(62.41) 55.34(59.34) 61.28(66.19) 59.73(64.52) 64.70(68.00) 68.20(72.15) 65.23(68.99)
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)
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 (Ours) 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)

Table 2. Average absolute accuracy results on model merging benchmarks; subscript (in parentheses) is the normalized average accuracy.

Algorithm 1 TSV-Merge.

Require: Task matrices ∆1, . . . ,∆T , scaling factor α
Ensure: Merged model weights θMT

1: for i = 1 to T do
2: Compute SVD: ∆i = UiΣiV

⊤
i

3: Retain first 1
T singular components of Ui, Σi, and Vi

4: end for
5: Concatenate the matrices:
6: U ← [U1 |U2 | . . . |UT ]
7: Σ← block-diag(Σ1,Σ2, . . . ,ΣT )
8: V ← [V1 |V2 | . . . |VT ]
9: Compute the SVD of U and V :

10: U = PUDUQ
⊤
U V = PV DV Q

⊤
V

11: Obtain the orthogonal matrices:
12: U⊥ = PUQ

⊤
U V⊥ = PV Q

⊤
V

13: Reconstruct the merged matrix:
14: M̂ ← U⊥ΣV

⊤
⊥

15: Construct merged model weights:
16: θMT ← θpre + αM̂
17: return θMT

shot models in Table 2 to represent the minimum achievable
accuracy, and the average of individually fine-tuned models
in Table 3 to indicate the maximum potential gains. Perfor-
mance metrics were assessed using both the average abso-
lute accuracy and the average normalized accuracy, calcu-
lated as detailed in Appendix B.1.

As presented in Table 2, our method achieves state-
of-the-art results across all benchmarks, regardless of the
ViT size or the number of tasks involved. Notably, the
most significant improvements were observed with the
smaller ViT-B-32 encoder, where our approach outper-
forms Task Arithmetic and Consensus TA by an
average of +15.45% and +10.71% absolute accuracy, re-
spectively. Furthermore, when utilizing the ViT-L-14
model, our method attains an average normalized accuracy
of 96.98%. This indicates that we can effectively replace
eight individual task-specific models with a single merged
model, incurring only a −3.02% reduction in average ac-
curacy. These results highlight the promise of our model
merging technique as a cost-efficient alternative to mixtures
of experts, multi-task learning, and ensembling methods.

We report in Fig. 4 the per-dataset accuracies.

5.2. Compression results
In Table 3 we report the results for our compression algo-
rithm TSV-C. We compare our method with TALL-masks
[46], which stores very sparse binary masks for each task.
As shown in Table 3, our method always retains more than
99% of the original accuracy for all considered benchmarks
and models. The results of TSV-C are comparable to those
of TALL-masks [46], with the former slightly underper-
forming TALL-masks for small ViTs and the latter gain-
ing the upper hand in the larger-scale one. In general, how-
ever, the two approaches differ by less than 1% accuracy on
average. Regarding the storage, our method stores only the
top 1

T singular vectors per task, which leads to a fixed stor-
age requirement of approximately twice the size of the orig-
inal model, regardless of the number of tasks. By storing bi-
nary masks, TALL-masks instead results in a storage size
that varies with their compressibility, increasing with the
number of tasks. This variability can lead to unpredictable
storage requirements and may diminish compression bene-
fits when masks are less compressible.

Our results show that TSV-C effectively balances com-
pression and performance by leveraging the most significant
TSVs. Maintaining near-original accuracy, our approach is
particularly suitable for scenarios where storage constraints
are critical but high model performance is still required.

6. Analysis
In this section, we begin by conducting an ablation study to
assess the contributions of interference reduction and low-
rank compression to the overall performance. Next, we
study how task interference varies across layers of differ-
ent depths. Finally, we empirically show that our method
does not require tuning a scaling coefficient.

6.1. Ablation study
TSV-M combines low-rank approximation with task inter-
ference reduction. To evaluate the contribution of each
component, we conducted an ablation study summarized
in Table 4. Applying low-rank approximation alone to
the layer task matrices results in worse performance than
vanilla Task Arithmetic, shown in the first row where
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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

Finetuned 92.83(100) 90.88(100) 91.37(100) 94.64(100) 92.76(100) 93.17(100) 95.81(100) 94.29(100) 94.73(100)
TALL-Mask+TIES 93.13(100.37) 90.92(100.04) 91.11(99.70) 94.68(100.04) 92.69(99.90) 93.05(99.87) 95.96(100.15) 93.40(99.09) 93.91(99.16)
TSV-C (Ours) 92.62(99.74) 90.29(99.28) 90.64(99.14) 94.47(99.79) 92.25(99.41) 92.53(99.27) 95.68(99.85) 94.04(99.72) 94.42(99.66)

Table 3. Average absolute accuracy results across all compression benchmarks for different models and varying number of tasks, subscript
(in parentheses) the normalized average accuracies. Our TSV-C compression method consistently achieves over 99% of the original fine-
tuned models’ accuracy while significantly reducing storage requirements.

Low-rank Interf. ViT-B-32

approx. reduction 8 tasks 14 tasks 20 tasks

× × 76.5 (+0.0) 72.1 (+0.0) 66.8 (+0.0)
✓ × 75.2 (-1.3) 71.0 (-1.1) 66.3 (-0.5)
× ✓ 82.6 (+7.4) 75.7 (+4.7) 69.9 (+3.6)
✓ ✓ 92.3 (+9.7) 87.9 (+12.2) 84.3 (+14.4)

Table 4. Comparison of different versions of Task
Arithmetic, comprising either the low-rank approxima-
tion step, the interference reduction step, or both. The method
performing both corresponds to the proposed TSV-Merge.
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Figure 5. Approximation error from the orthogonalization of the
TSVs through Procrustes for the ViT-B-32model across 8 tasks.
The violin plots represent layer-wise approximation error distribu-
tions for U and V in both full-rank and low-rank cases.

neither component is applied. In contrast, applying task in-
terference reduction alone, while keeping full-rank matri-
ces, significantly improves performance, with gains rang-
ing from +3.1% to +6.1%. However, the best results are
achieved only when both steps are combined, yielding sub-
stantial performance improvements of +15.8% to +17.5%.

To explain why interference reduction applied to low-
rank approximations in TSV-M outperforms its application
to full-rank matrices, we analyze the errors introduced dur-
ing the orthogonalization of the full-rank U and V matrices.
As shown in Fig. 5, orthogonalizing full-rank matrices in-
curs significant approximation errors, measured by the sum
of the Frobenius norms of reconstruction errors for the con-
catenated U and V matrices across all layers.

For example, in the ViT-B-32 model with 8 tasks, the
full-rank setting exhibits a wider error distribution with a

higher average, indicating greater variability and larger ap-
proximation discrepancies. In contrast, the low-rank setting
produces a more compact and lower error distribution, sug-
gesting better consistency in approximation across layers.
In the following, we prove that this is not specific to the
chosen model but a general property of our approach. The
proof can be found in Appendix C.3.

Theorem 6.1. Let T ∈ N such that T > 4. Define
U = [U1, . . . , UT ] as the matrix obtained by concatenat-
ing T orthogonal matrices Ui, each of shape n × n. Let
Û = [Û1, . . . , ÛT ] be the matrix formed by truncating each
Ui to its first k columns. Denote by X and X̂ the matrices
resulting from Procrustes orthonormalization of U and Û ,
respectively. If k ≤ nT−2

√
T

T , then

∥U −X∥F ≥ ∥Û − X̂∥F .

Intuitively, the theorem asserts that the approximation
error introduced by orthogonalization via Procrustes is
smaller when applied to the concatenation of truncated ma-
trices, compared to the concatenation of the original full-
rank matrices, provided the rank of the truncated matrices
satisfies certain conditions. To better understand the state-
ment of the theorem, consider the case T = 10, as in our
scenario. The term T−2

√
T

T = 10−2
√
10

10 ≥ 1
3 . In our case,

we choose k ≈ n
T . For T = 10, this gives k ≈ n

10 , which is
indeed smaller than n

3 , satisfying the condition k ≤ 1
3n.

We emphasize that other orthogonalization methods,
such as Gram-Schmidt, are ineffective in this context be-
cause they do not preserve the overall structure of the orig-
inal data. Gram-Schmidt sequentially orthogonalizes vec-
tors without minimizing deviation from the original set, po-
tentially resulting in significant distortions.

Finally, the substantial reduction in approximation error
suggests that, while the advantages of interference reduc-
tion are considerable, they may be offset by the errors in-
troduced when applied to full-rank matrices. In contrast,
starting with low-rank approximations captures the essen-
tial information of each task, making the orthogonalization
step less costly in terms of approximation error.

6.2. Per-layer task interference
We analyze task interference on a per-layer basis using
Eq. (6). As shown in Fig. 6, interference is highest in the
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Figure 6. Singular Task Interference (STI) across layers in a
ViT-B-32 for 20 tasks. STI is high in early layers sharing com-
mon knowledge and lower in more specialized ones.

0.6 0.7 0.8 0.9 1.0 1.1 1.2 1.3 1.4 1.5

Alpha Value

B-16 0

B-16 1

B-16 2

B-16 3

B-16 4

B-16 5

B-16 6

B-32 0

B-32 1

B-32 2

B-32 3

B-32 4

B-32 5

B-32 6

L-14 0

L-14 3

L-14 4

M
o
d

el
+

T
as

k
s

Id
s

89.80 91.36 92.73 93.61 93.98 93.98 94.06 93.30 92.90 91.78

85.46 87.82 89.49 90.88 91.54 92.12 92.12 91.76 90.96 89.89

93.59 94.73 95.44 95.85 96.00 95.74 95.63 95.23 94.50 93.81

91.91 93.75 95.08 96.18 96.44 96.26 95.85 94.82 93.81 92.42

87.31 90.14 92.04 93.68 94.66 95.46 95.62 95.22 94.56 93.19

92.71 93.52 94.43 94.43 94.43 94.29 93.74 93.00 92.26 91.21

91.79 93.19 93.86 94.34 94.63 94.76 94.62 94.01 93.23 92.04

88.23 89.84 90.95 91.85 92.03 92.22 91.71 91.16 90.49 89.22

86.66 88.94 90.59 91.58 91.68 91.15 90.52 89.81 88.67 87.19

91.32 92.88 93.74 93.93 94.21 94.02 93.60 92.76 91.78 90.66

90.13 92.40 93.76 94.50 95.02 94.39 93.76 92.64 90.91 88.96

86.85 90.12 92.39 93.73 94.57 94.53 93.83 92.87 91.52 90.61

90.32 91.24 91.77 92.10 91.97 91.99 91.78 91.35 90.78 89.31

91.47 92.34 92.83 93.04 93.02 93.01 92.50 91.43 90.81 89.60

92.77 93.97 95.09 95.79 96.14 96.03 96.10 95.76 95.76 95.38

95.68 97.07 97.93 98.36 98.65 98.87 98.65 98.51 98.13 97.84

95.66 97.30 98.67 99.19 99.52 99.46 99.47 99.20 98.86 98.29 80

84

88

92

96

100

A
ve

ra
ge

N
or

m
al

iz
ed

A
cc

u
ra

cy
(%

)

Figure 7. Best average normalized accuracy for different alpha
values. The vertical labels indicate different sets of 8 tasks.

initial transformer layers and decreases significantly in the
deeper layers. This aligns with the understanding that early,
generalized layers capture common features across tasks,
increasing the potential for conflict, while deeper layers are
more specialized for specific tasks, reducing shared repre-
sentation and interference. For brevity, we grouped layers
within each transformer block in our analysis; each “Layer
n” in Fig. 6 includes two attention matrices and two MLP
matrices. A layer-by-layer analysis is provided in Fig. 14.

6.3. Choice of the interpolation coefficient
The aggregation in Eq. (2) involves a scaling coefficient α,
typically tuned using a validation set, that can have a signifi-
cant impact on the accuracy of the final model. However, as
shown in Fig. 7, our approach consistently achieves the best
results with α = 1.0, indicating that no additional scaling
is necessary. Although purely empirical, this finding spares
further tuning and validation data, thereby enhancing the
practicality and efficiency of our method.

6.4. Effect of task interference reduction
We report in Fig. 8 the interference of a ViT-B-32 model
both before and after the application of our TSV-M pipeline,

0.70 0.75 0.80 0.85 0.90
Average Normalized Accuracy

0

20000

40000

60000

80000

In
te

rf
er

en
ce

Task Arithmetic

TSV-Merge

Number of Tasks

8 tasks

14 tasks

20 tasks

Figure 8. Singular Task Interference (STI) and average normal-
ized accuracy for Task Arithmetic and TSV-Merge on the
ViT-B-32model, evaluated across merges of 8, 14, and 20 tasks.

assessed across three distinct sets of tasks with different car-
dinalities. In all instances, we observed that a reduction
in interference is closely associated with a significant gain
in accuracy. This provides empirical evidence for the ef-
fectiveness of our approach in minimizing interference and,
ultimately, enhancing the merging process.

7. Conclusions

In this paper, we tackled the problem of model merging by
analyzing the SVD of per-layer task matrices, confirming
their inherent low-rank structure and leveraging their singu-
lar vectors to define task interference.

Building on the former insight, we introduced
TSV-Compress (TSV-C), a model compression al-
gorithm that reduces task vectors to 10% of their original
size while retaining 99% of the original accuracy. Unlike
existing methods, our approach maintains a constant stor-
age requirement, independent of the number of tasks. We
then developed TSV-Merge (TSV-M), combining low-
rank approximation with interference reduction to create
a novel model merging technique. Achieving normalized
accuracy up to 97%, our method offers a storage-efficient
alternative to MoEs, ensembles, and multi-task learning.

Our extensive evaluation revealed that while interference
reduction contributes most to performance improvements,
the optimal results are achieved in combination with com-
pression. We also observed that task interference decreases
in deeper layers, and importantly, that our method does not
require tuning a scaling coefficient.

Exploring alternative methods for task importance and
rank approximation could be a valuable direction for fu-
ture work. Currently, we use a uniform rank across tasks,
approximating each task vector to 1

T of the layer’s dimen-
sionality. However, techniques like those from Idelbayev
and Carreira-Perpinán [21] or optimal hard thresholds from
Gavish and Donoho [17] could be applied to select the op-
timal rank for each task individually.
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