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Abstract

Current methods for editing pre-trained models face sig-
nificant challenges, primarily high computational costs and
limited scalability. Task arithmetic has recently emerged
as a promising solution, using simple arithmetic opera-
tions—addition and negation—based on task vectors which
are the differences between fine-tuned and pre-trained model
weights, to efficiently modify model behavior. However, the
full potential of task arithmetic remains underexplored, pri-
marily due to limited mechanisms for overcoming optimiza-
tion stagnation. To address this challenge, we introduce the
notion of difference vector, a generalized form of task vec-
tors derived from the historical movements during optimiza-
tion. Using difference vectors as directed perturbations, we
propose the Difference Vector-based Anisotropic Scaling It-
erative algorithm (DV-BASI) to enable a continuous opti-
mization process for task arithmetic methods without rely-
ing on any additional modules or components. Notably, by
leveraging escapability and directional advantages of differ-
ence vectors, the average performance on different tasks of
the multi-task model merged by DV-BASI may even outper-
form models individually fine-tuned. Based on this observa-
tion, we extend the application of difference vectors to a fea-
sible fine-tuning method for single-task models. On the prac-
tical side, DV-BASI allows expressive searching directions
with few learnable parameters and forms a scalable frame-
work. We also integrate DV-BASI with task arithmetic meth-
ods and advanced optimization techniques to achieve state-
of-the-art performance on both supervised and unsupervised
evaluation protocols.

code — https://github.com/smithgun2005/DVBASI

Introduction
Pre-trained models are essential in contemporary machine
learning systems due to their efficiency and transferabil-
ity. Editing models after pre-training is widely recognized
as an effective way to enhance model performance on spe-
cific downstream tasks (Wortsman et al. 2022; Zhuang et al.
2021; Matena and Raffel 2022), mitigate undesired behav-
iors (Santurkar et al. 2021; Ribeiro and Lundberg 2022;
Murty et al. 2022), align models with human preferences
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(Askell et al. 2021; Ouyang et al. 2022; Kasirzadeh and
Gabriel 2022), or incorporate new information (Cao, Aziz,
and Titov 2021; Mitchell et al. 2022a,b). However, tradi-
tional editing approaches, which rely on expensive joint fine-
tuning across multiple tasks (Vu et al. 2022) and human
feedback (Matthews 1975), face limitations in scalability
and accessibility. Moreover, optimizing models for down-
stream tasks often comes at the expense of diminished pre-
training performance or zero-shot accuracy (Garipov et al.
2018; Loshchilov and Hutter 2019; Stallkamp et al. 2011a).

Recently, innovative research on task arithmetic has intro-
duced cost-effective and scalable model editing techniques
(Ilharco et al. 2023; Yadav et al. 2023; Yang et al. 2024;
Ortiz-Jiménez, Favero, and Frossard 2023; Yoshida et al.
2025; Zhang et al. 2024). By leveraging the concept of
task vector that is defined as the element-wise difference
between the weights of fine-tuned and pre-trained models,
task arithmetic can modify various models through sim-
ple arithmetic operations on these vectors (Ilharco et al.
2023). Specifically, negating a task vector can eliminate un-
desirable behaviors on specific tasks (task negation), while
adding task vectors from different tasks can lead to the cre-
ation of a multi-task model that performs well on multiple
tasks simultaneously (task addition). Recent advances on
linearized task vectors deepen the theoretical understanding
on task arithmetic by addressing the interference among task
vectors. Through techniques based on model linearization
via the neural tangent kernel approximation (Ortiz-Jiménez,
Favero, and Frossard 2023) and τ -Jacobian product regular-
ization (τJp Reg) (Yoshida et al. 2025) during the model pre-
training stage, the linearized task vectors can be produced
with less weight disentanglement error.

Although recent studies have advanced our understand-
ing of task arithmetic, current approaches for designing task
vector combination strategies have not yet realized the full
potential of task arithmetic. Ideally, a merged multi-task
model edited through task arithmetic is expected to achieve
performance comparable to that of individually fine-tuned
single-task models. However, due to the limited expressive
power of combination coefficients learned via coarse grid
search (Ilharco et al. 2023; Yadav et al. 2023), this goal
remains elusive in practice. Although current finer-grained
Parameter-Efficient Fine-Tuning (PEFT) task vector combi-
nation methods based on block-wise optimization (Zhang
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Figure 1. The overall iterative procedure of DV-BASI is illustrated in (a). Starting from pre-trained weights θpre, the model
initially reaches a local optimum θ0 during the first major optimization step. At each local optimum θj , DV-BASI computes
difference vectors δj (indicated by purple arrows), which provide directional guidance for further optimization (δ̂j denotes the
directional vector of δj). Based on these difference vectors, we apply anisotropic scaling matrices Λj to create more flexible
exploration directions, aiming to find a potentially better global solution. (b) provides a detailed illustration of the anisotropic
scaling process for a difference vector. Assume each difference vector has two parameter blocks δj = (δ

(1)
j , δ

(2)
j ). Each block is

independently scaled by the anisotropic matrix Λj (where Λj = (Λ
(1)
j ,Λ

(2)
j )), which offers more expressive searching directions

compared to using a scalar scaling coefficient α (Zhang et al. 2024). (c) visualizes the iterative optimization path of DV-BASI in
a loss landscape. It demonstrates how difference vectors function as directed perturbations, effectively helping model weights
escape from the current local optima (red circles) to continue searching anisotropically (the purple line represents the anisotropic
scaling trajectory of DV-BASI, based on gradient descent) for a potentially better solution in the parameter space.

et al. 2024; Yang et al. 2024) are addressing this issue,
they are still fundamentally constrained by their single-step
nature. Specifically, optimization often stops prematurely
when model parameters become trapped in local optima
where gradients vanish, thus impeding further exploration.
Therefore, analogous to traditional parameter optimization
methods, developing a multi-step optimization approach that
can efficiently escape local optima and realize continuous
optimization to find a better global solution is a crucial task.

To address this challenge, we propose a difference vector-
based anisotropic scaling iterative algorithm (DV-BASI) to
achieve continuous exploration in the parameter space, as il-
lustrated in Figure 1. We extend the concept of task vectors
to a more general difference vector, defined as the element-
wise difference between the weights of a model in any arbi-
trary state during training and those of the pre-trained model.
Similar to task vectors as knowledge carriers, the difference
vector, as a cumulative result of previous optimizations, con-
tains information of historical movements about the model
weights from the training process. Through theoretical and
empirical analysis, we demonstrate that difference vectors
enable continuous model optimization with the following
merits: (i) Escapability and Directional Advantage: When
model weights are trapped in a local optimum, the updated
difference vector at that point acts as a directed perturba-
tion, effectively helping the model weights escape the cur-
rent critical point and continue searching for a potentially
better solution. (ii) Component-Free Continuity: Continuous
exploration in the parameter space relies solely on the up-
dates of the difference vector, without depending on addi-
tional components such as adapters (Houlsby et al. 2019),

prompts (Jia et al. 2022), or LoRA (Hu et al. 2022).

We demonstrate that DV-BASI is a scalable multi-step
task arithmetic framework. Adhering to the standard evalu-
ation protocols of task arithmetic (Ilharco et al. 2023; Ortiz-
Jiménez, Favero, and Frossard 2023; Yoshida et al. 2025)
and its extended PEFT paradigm (Zhang et al. 2024; Yang
et al. 2024), our framework can seamlessly integrate with
existing task arithmetic techniques (for example τJP and aT-
LAS) and adapt both unsupervised and supervised learning
settings, delivering state-of-the-art (SOTA) performance. To
further highlight its scalability from an optimization stand-
point, we propose a Multi-Objective Optimization (MOO)
strategy that treats each task as an independent objective as
a case study to extend our learning framework.

The contributions of methods are as follows: (1) We ex-
tend the learning paradigm of task arithmetic to a multi-
step approach called DV-BASI by employing difference vec-
tors. DV-BASI can effectively enhance task arithmetic per-
formance and realize state-of-the-art (SOTA) performance
under both supervised and unsupervised settings. Empiri-
cal analyses and theoretical explanations demonstrate that
difference vectors possess escapability and directional ad-
vantages, enabling conventional methods to escape local op-
tima for further improvement. Additionally, the component-
free nature of difference vectors promotes continuous ex-
ploration in the parameter space. (2) Leveraging the benefits
of our difference vectors, we expand the application scope
of task arithmetic to further enhance the performance of al-
ready fine-tuned single-task models. (3) The proposed DV-
BASI is a novel and scalable framework that can easily inte-
grate with conventional task arithmetic methods. This inte-
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gration effectively unleashes their potential, resulting in bet-
ter performances.

Models and Difference Vectors
Investigations into task arithmetic, as initially explored in
(Ilharco et al. 2023), have revealed intriguing attributes of
task vectors across diverse models. Following the estab-
lished setting of aTLAS (Zhang et al. 2024), this study fo-
cuses on the CLIP (Radford et al. 2021) model, leveraging
its extensive availability and manageable scale to facilitate a
deeper analysis. Specifically, we derive task vectors through
fine-tuning the image encoder while preserving the text rep-
resentations. This method ensures that image encoders fine-
tuned on distinct datasets produce features within a unified
representational space, thanks to a common text encoder. As
a result, task vectors from these fine-tuned encoders can be
more seamlessly integrated to create a cohesive multi-task
model.

Formally, let the CLIP image encoder be represented as
f : X × Θ → Z , where for an input image x ∈ X and
parameters θ ∈ Θ, z = f(x; θ) denotes the learned latent
representation of the input image. Let the weights of a pre-
trained model be θpre, and the weights of its fine-tuned ver-
sion be θ

(i)
ft , with i ∈ N+, where i indexes a dataset D(i).

Following Ilharco et al. (Ilharco et al. 2023), we define a
task vector as τ (i) = θ

(i)
ft − θpre.

Generally, task arithmetic methods merge task vectors
into a multi-task model by developing efficient weighting
schemes to combine them. Given the high-dimensional and
complex nature of model parameter spaces, merged models
often encounter local optima, where standard training fails
to significantly reduce loss or enhance model performance.
Garipov et al. (Garipov et al. 2018) have shown that despite
the complexity of the loss surfaces of deep neural networks,
optimal points are not isolated and can be connected through
a simple low-loss path. This finding demonstrates the ratio-
nality to continue searching for other possible better solu-
tions as long as along the proper direction.

The difference vector is instrumental in constructing a
multi-step approach to assist task arithmetic in escaping lo-
cal optima for further enhancement. When a merged model
becomes temporarily trapped in a local optimum θ∗, the dif-
ference vector δ can be defined as the element-wise differ-
ence between θ∗ and θpre, that is δ = θ∗ − θpre. Since task
vectors act as carriers of knowledge (Zhang et al. 2024), dif-
ference vectors, as generalized task vectors, also encapsulate
the historical model knowledge from the pre-trained to the
local optima.

Escaping Optimization Stagnation via
DV-BASI

DV-BASI is an extensible multi-step task arithmetic frame-
work that can be used to optimize the models merged in the
previous iteration. Starting from the initial optimal point θ0
the corresponding initial difference vector δ0 is defined as
the element-wise difference between θ0 and θpre. Notably,
the initial optimal point θ0 represents the parameters of a

Algorithm 1: DV-BASI
Input: Pre-trained weights θpre, initial weights θ0 (obtained
by pre-defined model merging methods), learning rate η,
number of iterations M
Output: Final weights θM

1: for m = 1 to M do
2: δm−1 ← θm−1 − θpre // Difference vector
3: Initialize Λ

(0)
m−1

4: for t = 0, 1, . . . until early stopping do
5: Λ

(t+1)
m−1 ← Λ

(t)
m−1 − η∇

Λ
(t)
m−1

L(θ(t)m−1) // Solve
Eq.(5)

6: end for
7: Let Λ∗

m−1 be the converged scaling matrix
8: θm ← θm−1 + Λ∗

m−1δm−1

9: end for

model that have been merged by pre-defined methods, such
as aTLAS and τJP reg as shown in our Experiments. Here,
the first iteration is formulated as:

δ0 = θ0 − θpre, θ1 = θ0 + Λ0δ0, (1)

where θ1 represents the updated model parameters, and Λ0 is
a learnable anisotropic scaling matrix, which will be detailed
in Equations 3 and 4.

During each iteration process, if the model’s weights get
stuck in a local optimal solution that is difficult to break
through (manifested as no improvement in accuracy over
several epochs), the best-performing parameters will be se-
lected as the starting point for the subsequent iteration. Here,
the difference vector is updated to serve as a directed pertur-
bation, propelling the model parameters away from this local
optimum to facilitate ongoing exploration. Generally, in the
(j+1)-th iteration, the difference vector δj is updated based
on θj , and the update for the next optimum θj+1 is given by:

δj = θj − θpre, θj+1 = θj + Λjδj . (2)

To effectively explore the next optimum in each iteration,
an anisotropic scaling mechanism is applied to the differ-
ence vectors, enabling flexible and controllable exploration
within the parameter space. Typically, parameters across dif-
ferent layers of neural networks have distinct roles and func-
tionalities. Inspired by Zhang et al. (Zhang et al. 2024),
instead of using a scalar α to scale the difference vector,
we decompose the difference vector into parameter blocks
δ = (δ(1), δ(2), ..., δ(n)) and assign each block an indepen-
dent learnable scaling coefficient for anisotropic exploration
in the parameter space. Consequently, we introduce a block
diagonal scaling matrix Λ:

Λ =

λ
(1)I(1) · · · 0

...
. . .

...
0 · · · λ(n)I(n)

 , (3)

where λ(i) denotes the coefficient for each block, and I(i)

represents the identity matrix. This results in anisotropic
scaling of the difference vector, expressed as:

Λδ = (Λ(1)δ(1),Λ(2)δ(2), ...,Λ(n)δ(n)). (4)
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(a) (b) (c)

Figure 2. Figure (a) and (b) show the stepwise relative accuracy of supervised model merging (using ViT-B/32 as pre-trained
backbone) and its growth within 4 DV-BASI iterations. Figure (c) compares the unsupervised model merging performance of
10 different initial scaling coefficients (0.1 to 1.0) among 3 pre-trained backbones (ViT-B/32, ViT-B/16, and ViT-L/14).

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

Initial weights (θ0) 82.9 82.8 90.2

Random perturbation (θj+1 = θj + Λj∥δj∥Rj) 5.6 6.3 4.2
Isotropic (scalar) scaling (θj+1 = θj + αjδj) 83.3 83.6 90.3
Anisotropic scaling (θj+1 = θj + Λjδj) 83.9 85.3 90.8

Table 1. Unsupervised model merging performance comparison between different types of perturbations and scaling strategies.
Rj denote the unit random vector.

The anisotropic scaling matrix Λ is the sole learnable pa-
rameter within each iteration. Assuming a supervised learn-
ing context, the optimization problem for the (j+1)-th iter-
ation is formulated as:

argmin
Λj

E(x,y)∼D

[
L
(
f(x; θj + Λjδj), y

)]
, (5)

where L denotes the cross entropy loss function for the tar-
get task, and D = {D(i)}ni=1 represents n target datasets
from which (x, y) is drawn. Notably, when adapting DV-
BASI to an unsupervised learning scenario, the detailed un-
supervised loss function can be found in the Appendix. The
iterative learning process is introduced in Algorithm 1.

The DV-BASI is a scalable framework, that allows an
advanced optimization paradigm, can be flexibly integrated
into other task arithmetic approaches. We introduce a Multi-
Objective Optimization (MOO) approach, treating each task
as a distinct objective and facilitating balanced optimization
across multiple tasks. By employing the concept of Pareto
optimality, we utilize the Multiple Gradient Descent Algo-
rithm (MGDA) (Désidéri 2012) to ascertain the most bal-
anced optimization direction, effectively minimizing losses
across tasks as parallel objectives. The specifics of our MOO
algorithm are elaborated in the Appendix.

Empirical Analysis
Difference vector is the cumulative result of all success-
ful optimization steps taken so far, containing information
about directions that have successfully reduced the loss in
the previous training process. By applying difference vectors
as perturbations, we can deliberately push the weights along

the direction known to be effective, thereby escaping the cur-
rent equilibrium in a guided manner. In this section, we will
further discuss the escapability of the difference vectors and
directional advantages compare to random perturbations.

Escapability: Difference vectors, functioning as directed
perturbations, can effectively push the model weights
away to escape the optimization stagnation points. To
empirically verify its escapability, we illustrate the stepwise
relative accuracy (accuracy of merged model divided by that
of the fine-tuned models) and its growth interval, in Fig-
ures 2 (a) and (b), where all results are produced under a su-
pervised learning setting. We experiment with 4 iterations,
within the same iteration, the accuracies are marked with
the same color, and the value of each point represents the
result obtained after each training epoch. In (a), after ap-
plying DV-BASI, the relative accuracy iteratively increases
and finally outperforms 100%. This observation means that
the performances of the merged model exceed those of fine-
tuned models. In (b), we can observe that during the early
stages of each iteration, when the difference vectors are up-
dated, the performances improve significantly, but as train-
ing progresses, the improvement gradually stagnates. When
we update the difference vector at the beginning of each it-
eration, the previously stagnated optimization can resume.
These results explicitly illustrate that our method effectively
helps the model to escape from local stagnation and results
in continuous improvement.

Unlike random perturbations, difference vectors as
knowledge carriers contain knowledge learned from previ-
ous training steps.

26313



T.V. Methods ViT-B/32 ViT-B/16 ViT-L/14

Target (↓) Control (↑) Target (↓) Control (↑) Target (↓) Control (↑)

n/a Pre-trained 48.1 63.4 55.5 68.3 64.9 75.5

Unsupervised

Std.

Task arithmetic 24.0 60.9 21.3 65.4 19.0 72.9
Ties-Merging 21.8 61.7 24.3 67.0 26.6 74.4
aTLAS 23.3 60.7 21.0 65.0 17.8 73.2
aTLAS + DV-BASI 20.3−1.5 60.2 20.2−0.8 65.0 15.2−2.6 72.5

Lin.
Task arithmetic 10.9 60.8 11.3 64.8 7.9 72.5
τJP reg 6.7 60.8 4.7 66.0 3.7 73.0
τJP reg + DV-BASI 5.7−1.0 60.8 4.4−0.3 65.0 3.6−0.1 73.2

Supervised

Std. aTLAS∗ 19.4 61.2 18.1 65.8 17.8 73.3
aTLAS∗ + DV-BASI∗ 10.7−8.7 60.6 14.5−3.6 64.9 12.6−5.2 72.5

Lin.
aTLAS∗ 11.1 61.0 10.2 65.6 12.6 73.1
aTLAS∗+ DV-BASI∗ 9.5−1.6 61.3 8.4−1.8 65.0 11.2−1.4 73.2
τJP reg + DV-BASI∗ 4.1−7.0 61.0 3.6−6.6 65.4 2.1−10.5 73.6

Table 2. Performances of task negation averaged across eight datasets. All our results maintain at least 95% of the pre-trained
accuracy on the control dataset. Results marked with an asterisk * indicate the supervised setting.

Denote k as the step index, K as the total number of train-
ing steps to reach the local optimal point θ∗, and θ(k) repre-
sents the model weights at kth step, we have:

δ = θ∗ − θpre =

K∑
k=1

∆θ(k), ∆θ(k) = θ(k) − θ(k−1).

(6)
To further investigate the effect of the initial scaling coef-

ficient α for each parameter block on the performance, we
evaluate the merged model’s under an unsupervised setting
with different initial α values (from 0.1 to 1.0). As shown in
Figure 2 (c), we observe that, across the range of initial scal-
ing coefficients, DV-BASI consistently improves model per-
formance compared to the initial pre-trained weights. This
suggests that as long as the perturbation is applied in a
proper direction, DV-BASI is insensitive to α and it is possi-
ble to converge to a better solution. Intuitively, the observa-
tions may mainly be attributed to the directional advantage
of the difference vector, which leads to an exploration of the
following directional properties of difference vectors.

Directional Advantage: Compared to random perturba-
tions, using difference vectors as perturbations has a di-
rectional advantage. They always point in the direction
where model weights improved in previous optimization
steps. To demonstrate the advantage of perturbing along
the direction of difference vectors, we compare the model
performance with that of a model using random perturba-
tions (with the same magnitude as our difference vectors)
under an unsupervised model merging setting. Meanwhile,
we also compare model performances under anisotropic and
isotropic scaling strategies, respectively. As observed in Ta-
ble 1, unlike difference vectors, random perturbations lead
to a catastrophic drop in performance, indicating the ne-
cessity of perturbing along the direction of difference vec-
tors. A more theoretical perspective on why this phenomenon
exists (Random perturbations can degrade model perfor-
mance, whereas difference vectors contribute to continued

optimization) is illustrated in the Appendix. Meanwhile, the
results show that compared to isotropic scaling, scaling the
difference vector anisotropically is more likely to realize a
better model performance due to its flexibility in searching
directions.

Our difference vector functions similarly to the momen-
tum term in traditional gradient-based optimization, where
the update direction from the historical optimization steps
serves as an inertial force to help the model escape from the
current local minimum (where gradients vanish). However,
like momentum, the direction provided by the difference
vector does not guarantee convergence to a better global op-
timum. In fact, in the context of task arithmetic, referenc-
ing a global historical update direction is often significantly
more effective than using a random one 1 with significantly
higher probability of reaching a better solution.

Computational Efficiency Due to the iterative nature of
DV-BASI, our method introduces some additional training
time and storage overhead. While it is difficult to fairly
compare all methods because of reproducibility issues, we
emphasize that DV-BASI achieves comparable computa-
tional efficiency to current advanced approaches. In terms
of training time, compared with fine-tuning-based methods
such as Adamerging (Yang et al. 2024) and aTLAS (Zhang
et al. 2024) that both require learning sophisticated merg-
ing coefficients during training, our method directly takes
the merged model as input and only introduces training time
for refining it. Therefore, DV-BASI has comparable runtime
to these methods. For pre-training-based methods (e.g., τJp
Reg (Yoshida et al. 2025), Linearized Task Vector (Ortiz-
Jiménez, Favero, and Frossard 2023)) that require substan-
tial time to train each task-specific vector, DV-BASI is more
efficient in terms of total time consumed. Regarding storage,
DV-BASI only needs to maintain one merged model and per-
form 3–5 refinement iterations. This results in storing only
4–6 models in total, which is significantly more resource-
efficient than existing methods. In summary, although DV-
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T.V. Methods ViT-B/32 ViT-B/16 ViT-L/14

Abs. (↑) Rel. (↑) Abs. (↑) Rel. (↑) Abs. (↑) Rel. (↑)

n/a Pre-trained 48.1 – 55.5 – 64.9 –

unsupervised

Std.

Task arithmetic 70.1 77.2 73.6 79.9 82.9 87.9
Ties-Merging 74.2 84.8 78.6 87.6 85.0 91.9
AdaMerging 80.1 88.5 82.9 89.7 90.8 96.4
aTLAS 82.9 91.4 82.8 89.6 90.2 95.8
aTLAS + DV-BASI 83.9+1.0 92.8+1.4 85.3+2.5 92.5+2.9 90.8+0.6 96.4+0.6

Lin.
Task arithmetic 74.7 85.2 77.5 86.2 84.8 91.9
τJP reg 84.5 97.6 87.6 98.1 90.8 99.0
τJP reg + DV-BASI 86.7+2.2 99.8+2.2 88.0+0.4 98.6+0.5 91.8+1.0 100.1+1.1

Supervised

Std.
aTLAS∗ 84.1 92.8 82.9 89.7 91.4 97.1
aTLAS∗ + DV-BASI∗ 85.9+1.8 94.8+2.0 87.2+4.3 94.6+4.9 91.6+0.2 97.4+0.5

aTLAS∗ + DV-BASI∗ + MOO∗ 86.2+2.1 95.1+2.3 87.7+4.8 95.1+5.4 91.8+0.4 97.6+0.5

Lin.
aTLAS∗ 83.4 95.4 85.4 95.1 88.7 96.1
aTLAS∗ + DV-BASI∗ 86.6+3.2 99.1+3.7 87.5+2.1 97.4+2.3 90.0+1.3 97.5+1.4

τJP reg + DV-BASI∗ 87.5+4.1 100.8+5.4 89.1+3.7 99.8+3.7 92.3+3.6 100.6+4.5

Table 3. Performances of task addition averaged across eight datasets. We report absolute accuracy (Abs.) and relative accuracy
(Rel.) with respect to the average accuracy of model fine-tuned on single tasks. Results marked with an asterisk * indicate the
supervised setting.

BASI introduces moderate additional computation, it still
maintains a comparable and controllable level of computa-
tional cost.

Experiments
This section shows the effectiveness of improving task arith-
metic performance by applying our DV-BASI algorithm un-
der both supervised and unsupervised settings. Our exper-
iments are conducted under both supervised and unsuper-
vised conditions, further experimental results and details
are included in the Appendix. For a supervised condition,
we use normal cross-entropy as our loss function. For unsu-
pervised situations, following Yang et al. (Yang et al. 2024),
we use entropy minimization as an optimization surrogate
objective function to find the best group of coefficients each
iteration (details included in Appendix).

Methods ViT-B/32 ViT-B/16 ViT-L/14

Zeroshot 60.40 65.05 72.88
aTLAS 65.16 69.60 75.30
DV-BASI 66.76 70.84 76.01

Table 4. Performance of test-time adaptation

Datasets Following the typical evaluation procedure (Il-
harco et al. 2023; Yoshida et al. 2025; Ortiz-Jiménez,
Favero, and Frossard 2023; Yang et al. 2024; Zhang et al.
2024), we focus on the computer vision task and apply our
DV-BASI to 8 image classification tasks: Cars (Krause et al.
2013), DTD (Cimpoi et al. 2014), EuroSAT (Helber et al.
2018), GTSRB (Stallkamp et al. 2011b), MNIST (Deng
2012), RESISC45 (Cheng, Han, and Lu 2017), SUN397
(Xiao et al. 2016), and SVHN (Netzer et al. 2011). For task
negation, we add ImageNet as a control dataset.

Compared Methods We conduct our experiment under
supervised and unsupervised conditions. For supervised
conditions, we choose aTLAS as our baseline method. For
unsupervised task-arithmetic based approaches, we choose
a training-free method (original task arithmetic with stan-
dard task vectors (Ilharco et al. 2023) and linearized task
vectors (Ortiz-Jiménez, Favero, and Frossard 2023) and
Ties-Merging (Yadav et al. 2023)) as our baseline method.
AdaMerging (Yang et al. 2024) and aTLAS (Zhang et al.
2024) (We use the entropy minimization mentioned before
to modify an unsupervised version of aTLAS) are selected
as our Train-based baseline method.

Implementation The experiments are performed on
NVIDIA GeForce RTX 4090 GPUs. For the initial model
state θ0, we use our reproduced result on different baseline
methods. Both supervised and unsupervised conditions are
performed by taking ViT-B/32, ViT-B/16, and ViT-L/14 ar-
chitectures in CLIP (Radford et al. 2021) as backbones. All
models are optimized by applying the AdamW (Loshchilov
and Hutter 2017) optimizer with a learning rate of 0.01. To
identify local minima, we adopt a commonly used criterion
based on the model’s performance on the validation/test set.
Within 60 epochs, we use early stopping with a patience of
5 epochs to judge the best models (local optima points in
parameter space), and then use such a best model to update
the difference vector to search continuously.

Task Negation Task negation aims to reduce the model’s
performance on a target task while maintaining performance
on a control task. Following the standard evaluation proce-
dure, the model is expected to forget as much as possible on
the target task under the constraint of maintaining at least
95% performance on the control task.

Denote the validation set for the target task by Dt and
the control task by Dc. We apply a simultaneous gradient
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Datasets Cars DTD RESISC45 SUN Food101 ImageNet Caltech256 PascalVOC Country221 UCF101

Finetune 78.26 78.94 95.94 75.40 88.58 76.41 92.60 88.42 21.99 85.01
DV-BASI 80.30 78.94 96.05 75.65 89.70 78.40 92.73 89.48 23.70 85.20

CIFAR10 SVHN CIFAR100 FGVCAircraft Flowers OxfordPet CUB200 UCF101 Caltech101 EuroSAT AVG
98.05 97.38 89.09 40.70 90.08 92.15 73.56 85.01 94.41 98.89 82.04
98.35 97.42 89.09 42.90 91.95 92.21 73.56 85.14 94.47 99.70 82.74

Table 5. Results of applying DV-BASI after fine-tuning on different 20 tasks. CLIP with the ViT-B/32 backbone is used.

descent on the control task and gradient ascent on the target
task. Thus, the optimization problem in (j + 1)-th iteration
can be described as:

argmin
Λj

E(x,y)∈Dt
[−L (f(x; θj + Λjδj), y)]

+ E(x,y)∈Dc
[L (f(x; θj + Λjδj), y)] .

(7)

The findings presented in Table 2 demonstrate that DV-
BASI significantly mitigates undesired biases (i.e., reduc-
ing performances of the target tasks) while sustaining over
95% accuracy on control tasks. Under supervised and un-
supervised conditions, for both linearized task vectors and
standard task vectors, DV-BASI can effectively improve task
negation and achieve SOTA performances.

Task Addition Task addition aims to create a multi-task
model on several target datasets by adding task vectors from
those target datasets. This operation allows us to transfer or
reuse the knowledge from models individually fine-tuned on
specific tasks. Moreover, we embed the MOO algorithm we
proposed and the regularization of τ JP into our DV-BASI in
the cases of standard task vector and linearized task vector.

As illustrated in Table 3, DV-BASI enhances the perfor-
mance of multi-task models merged through task addition.
Specifically, DV-BASI achieves SOTA performance in both
supervised and unsupervised task addition settings with both
linearized and standard task vectors. Notably, when DV-
BASI is applied to linearized task vectors, the relative ac-
curacy may even exceed 100 percent. This highlights that
DV-BASI fully utilizes the potential of task vectors and may
even surpass the performances of fine-tuned models.

Test-Time Adaptation Test-time adaptation (TTA)
(Liang, Hu, and Feng 2020; Sun et al. 2020; Wang et al.
2020) operates under the premise of absent labeled data
for the target task, focusing on bolstering model robustness
against domain shifts and out-of-distribution scenarios.
Specifically, let T = {τ (i)}ni=1 represent the collection
of task vectors for all accessible target sets, with D(i)

denoting the corresponding dataset for task vector τ (i). For
each target dataset D(i), the subset T \ {τ (i)} is utilized
to learn composition and mitigate knowledge leakage. We
adhere to the experimental setup of (Zhang et al. 2024),
conducting offline adaptation on 22 image classification
datasets (further details in the Appendix) with ViT-B/32,
ViT-B/16, and ViT-L/14 architectures from CLIP (Radford
et al. 2021) serve as our backbone models. As shown in
Table 4, DV-BASI delivers superior performance across all
models, achieving 66.76, 70.84, and 76.01, respectively,
outperforming aTLAS by 1.60, 1.24, and 0.71 points. These

findings underscore DV-BASI’s proficiency in knowledge
transfer, facilitating more effective adaptation in the absence
of labeled data.

Enhancing Single-Task Performance Beyond Fine-
Tuning Inspired by the observation that the performance
of the multi-task model merged by DV-BASI may outper-
form fine-tuned models, we wonder if DV-BASI is applica-
ble to further improve model performance after fine-tuning
on different datasets. Thus, we treat the fine-tuned weights
of each dataset as the initial weights θ0 and apply DV-BASI
to explore the possibility of further improvement. In our ex-
periment, we chose 20 datasets from 22 datasets (due to the
fine-tune accuracies on both MNIST and GTSRB already
exceeding 99 percent) in the previous TTA experiment, and
ViT-B-32 in CLIP (Radford et al. 2021) as the backbone. All
fine-tuned weights of 20 datasets are obtained from aTLAS
(Zhang et al. 2024). As shown in Table 5, the average accu-
racy among 20 datasets increases after applying DV-BASI.
In detail, for 17 out of 20 tasks, model performances can be
further improved. This demonstrates the potential of lever-
aging the difference vector for single-task tuning. Therefore,
we believe that editing atuningune models with the differ-
ence vectors is very promising and has great potential for
future development.

Conclusion
In this paper, we introduced DV-BASI, a novel multi-
step optimization framework that extends the paradigm of
task arithmetic by leveraging difference vectors as directed
perturbations. Unlike traditional single-step arithmetic or
parameter-efficient fine-tuning methods, DV-BASI offers a
component-free and scalable way to continuously escape op-
timization stagnation through anisotropic scaling of differ-
ence vectors. Our theoretical and empirical analysis high-
lighted several properties of DV-BASI. We conducted ex-
periments across task arithmetic, test-time adaptation, and
single-task tuning to demonstrate the validity of our ap-
proach with supervised and unsupervised objectives.
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