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Abstract

Task vectors capture how a model changes during fine-tuning by recording the
difference between pre-trained and task-specific weights. The composition of task
vectors, a key operator in task arithmetic, enables models to integrate knowledge
from multiple tasks without incurring significant additional inference costs. In this
paper, we propose variational task vector composition (VTVC), where composition
coefficients are taken as latent variables and estimated in a Bayesian inference
framework. Unlike previous methods that operate at the task level, our framework
focuses on sample-specific composition. Motivated by the observation of structural
redundancy in task vectors, we introduce a Spike-and-Slab prior that promotes
sparsity and aims to preserve the most informative components. To further address
the high variance and sampling inefficiency in sparse, high-dimensional spaces, we
develop a gated sampling mechanism that constructs a controllable posterior by fil-
tering the composition coefficients based on both uncertainty and importance. This
yields a more stable and interpretable variational framework by deterministically
selecting reliable task components, reducing sampling variance while improving
transparency and generalization. Experimental results demonstrate that our method
achieves state-of-the-art average performance across a diverse range of benchmarks,
including image classification and natural language understanding. These findings
highlight the practical value of our approach, offering a new, efficient, and effective
framework for task vector composition.

1 Introduction

Task vectors represent the difference between a model’s pre-trained and fine-tuned weights, capturing
the changes during fine-tuning on specific tasks. Using task vectors, task arithmetic [17] enables
simple and efficient model editing. The composition of task vectors, a key operator in task arithmetic,
enables models to integrate knowledge from multiple tasks without increasing additional inference
costs. Task vector composition has demonstrated strong performance across a variety of domains,
including computer vision [14], natural language processing [4 1, 23, 13], and multimodal learning
[16, 26]. This approach provides a practical solution for knowledge integration and model editing
[48, 44, 53, 46].

In recent years, the composition of task vectors has been widely studied to improve efficiency and
controllability [52]. Some works focus on improving task vector representations by redesigning spaces
and developing parameterization techniques to better capture the relationships between tasks [30, 9].
Others extend the functional scope of task vectors to reduce computational overhead [41, 14, 15].
Advances in composition methods also enable more effective integration of knowledge across multiple
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tasks, enhancing both the controllability and interpretability of modelsg4]. Meanwhile, in the
broader eld of meta-learning, researchers have also explored using probabilistic frameworks such as
variational inference to learn task-adaptive modules, thereby improving the model's generalization
ability on new tasksi5, 8]. While recent works have made notable progress, three key challenges
remain under-explored. (1) Existing approaches typically rely on deterministic composition schemes,
lacking mechanisms to quantify uncertainty. (2) Most methods operate at the task level, which
limits their ability to adapt to sample-level variability. (3) Task vector spaces often exhibit redundant
structure, which may reduce ef ciency in both inference and storage.

In this paper, we propose a novel approach for the Variational Task Vectors Composition (VTVC).
Our main contributions are as follows: (i) We cast task vector composition as a variational inference
problem and introduce an amortized inference network to model sample-speci ¢ posteriors over
composition coef cients. This formulation enables ef cient integration of domain-speci ¢ knowledge

at the sample level and overcomes the limitations of conventional task-level composition. (ii) To
address the structural redundancy in task vector spaces, we introduce a Spike-and-Slab prior that
promotes sparsity by modeling the variational posterior as a mixture of zero-valued spikes and
Gaussian slabs. This structured prior guides the variational posterior to focus on essential task
components, enhancing interpretability and improving the ef ciency of sample-speci ¢ composition.
(iii) To address the high variance and sampling inef ciency of traditional sampling-based inference,
we develop a controllable posterior via gated sampling, which deterministically Iters composition
coef cients based on their estimated uncertainty and importance. By deterministically selecting task
coef cients based on uncertainty and importance, the proposed framework avoids the high variance of
stochastic sampling, highlights the components that contribute to adaptation, and promotes consistent
inference, making it more stable, interpretable, and reliable.

We evaluate our framework on diverse benchmarks in computer vision and natural language process-
ing. Experimental results show that VTVC achieves strong performance in various task arithmetic
scenarios, including task addition and task negation. Our analyses of the three main contributions—
variational composition, Spike-and-Slab priors, and the gated sampling process highlight the method's
advantages. We demonstrate its ability to integrate sample-level knowledge, reduce redundancy, and
improve inference stability.

2 Related work

Task vector composition and task arithmetic. Task arithmetic is a central technique in the model
merging eld, which aims to combine multiple specialized models into dné [The eld has

been widely studied to improve ef ciency and controllabilityZ], with theoretical foundations
established from perspectives like the Neural Tangent Kernel and generalization arzalyss. [

Early frameworks like aTLAS introduced anisotropic scaling for more precise cobttplA key
challenge is managing interference between task parameters. Recent work has largely focused on two
directions. The rstis leveraging sparsity, where methods like DARE merge only the critical, sparse
parameters to improve ef ciency(), 43, 11]. The second direction focuses on directly resolving
task interference, with methods aligning parameter sigrisdr redesigning task vector spaces to

nd less con icting representation[ 54, 4]. The functional scope of task vectors has also been
extended in various applications, from vision to language modélsifl, 15]. Other approaches
achieve sample-level adaptation by modifying the model architecture uses Mixture-of-Experts (MoE)
modules to dynamically route inputs to different task vect86§.[While these methods are effective,
they are largely deterministic. In contrast, we propose a probabilistic inference framework that learns
sample-speci c composition coef cients, uniquely allowing it to quantify and leverage uncertainty
without requiring architectural changes.

Applications of Spike-and-Slab priors. Spike-and-Slab priors are widely used in Bayesian sparse
modeling to distinguish between important and unimportant variaBles’]. The foundational

work by Mitchell et al. P8] introduced them as mixture distributions for effective variable selection.
While traditional estimation relied on MCMC samplinid], the need for scalability on large datasets
has prompted a shift toward more ef cient variational inference (VI) approacties{]. In deep
learning, these priors have been applied to tasks like unsupervised image classi taljavith

recent studies also exploring structured forms to model complex correlafigns B6, 27]. However,

their practical integration with large deep models remains a challenge, especially for sample-speci ¢
sparse inference.



3 Preliminary

In transfer learning and multi-task learning, task-speci c knowledge is often captured by modeling
changes in network parameters, including models based on GILJRGPT-2 [37], and T5 B3]. In

this paper, we focus particularly on CLIP, as it offers powerful multimodal representations and aligns
with experimental settings used in previous work.

Formally, denote the CLIP image encoder as a fundtioK !Z , Where for an input image

x 2 X and parameters2 , the outpuiz = f(x; ) represents the learned latent representation
for the input image. Given the pre-trained parametegsand the ne-tuned parameters in a
downstream task the corresponding task vector is de ned as= o- In practice, we follow
standard procedures by ne-tuning only the image encoder while keeping the text encoder xed,
which helps maintain feature alignment across tasks.

Task vectors can be composed through various arithmetic operations, and the most common operation
is task addition. In task addition, given a task vector pbatith N task vectors gY, ne-tuned

on different task]s_, with a global learnable scaling factoa uni ed model can be constructed as:

new= ot i“il i. This form of composition has shown strong practical value, enabling

effective integration of knowledge from multiple tasks into a single model and demonstrating superior
transfer capabilities in image classi cation and transfer learning benchmarks.

Task vectors can also be decomposed into block-wise representations. Based on functional parti-
tioning, aTLAS p1] divides each task vector into M parameter blocké / gj"il , and assigns an

independent scaling coef cient{ to each block. Such modular decomposition also enables the
exploration of task relevance at different network layers or functional units, which can be further
exploited in downstream analysis. The composed model parameters can then be written as:

XM 4
= ot ol (1)
=1 j=1

This block-wise formulation enables ner-grained knowledge integration and provides a foundation
for ef cient multi-task learning and task transfer. While most existing methods perform task vector
composition at the task level with xed coef cients, they fail to capture ne-grained differences
between samples. To address this limitation, we model composition at the sample level, where the
coef cients become functions of the inpxt Formally, the parameters of a sample-speci c merged
model (x) can be written as:

x) = ot zZi(x) i (non-block case); (2)
i=1

XM .
X)= o+ z; (x) | (block case): (3)
i=1 j=1

Here,z; (x) andz; (x) are sample-speci ¢ coef cients produced by an inference network that takes
X as input. This ner-grained approach allows the model to adapt to input variability and enhances
performance in heterogeneous environments, underpinning our proposed variational framework.

4 Methodology

This section introduces our proposed framework for the variational composition of task vectors. In
Section 4.1, we reformulate the composition problem as a variational inference process and introduce
an amortized inference network to model sample-speci ¢ posteriors over composition coef cients.
To address the structural redundancy in task vector spaces, we then introduce a Spike-and-Slab prior
to promote sparsity by modeling the variational posterior as a mixture distribution in section 4.2. We
also propose a controllable posterior with gated sampling that automatically selects informative task
vectors in section 4.3, which enhances the model's generalization capability and robustness.



4.1 Variational Composition of Task Vectors

Conventional task vector composition is typically performed as a direct and deterministic modi -
cation of model weights, lacking any mechanism for uncertainty quanti cation. As a result, such
approaches are less capable of adapting to sample-speci ¢ variations and cannot estimate uncertainty
in the composition process. In our variational inference framework, the composition coef cients
z are treated as latent variables, while the inpaind labels/ are

observed. Figure 1 illustrates the probabilistic dependencies. Ac-

cording to Bayesian theory, our objective is to compute the posterior

distributionp(zjx;y) . Since the posterior is typically dif cult to

compute directly, variational inference introduces a parameterizable

approximate posterior distributiay(zjx) , leading to the evidence

lower bound (ELBO):

logp(yix) E q@ix [logp(yix;2)] D« (a(@ix)iip(2)):  (4)

Here, the rst term represents the expected log-likelihood, WhiE|h
promotes the model to make accurate predictions, while the sec
term is the KL divergence, which regularizes the posterior towards
the prior to prevent over tting. This framework naturally recasts the composition problem as an
inference task, allowing us to incorporate exible prior knowledge, such as sparsity or structural
constraints, into the composition process. The detailed mathematical derivation is provided in
Appendix A.1.

To ef ciently realize sample-level variational inference, we employ amortized inference by de-
signing a neural network with parameterdo parameterize the posterior distributian:(zjx) =

N(z; (X); (x)). This network takes samplesas inputs and predicts the parameters of the
composition coef cient distributioz. Amortized inference improves both ef ciency and scalability
by sharing parameters across samples.

re 1: Variational Composi-
of Task Vectors.

In summary, sample-level composition allows the model to adapt composition coef cients to indi-
vidual inputs, offering ner control over task integration and leading to improved generalization in
heterogeneous settings. This represents a fundamental difference from task-level approaches. How-
ever, conventional variational inference typically uses Gaussian priors, which are unable to capture
or address structural redundancy in task vector spaces. This can lead to inef cient composition and
increased risk of over tting.

4.2 Spike-and-Slab Priors for Sparse Representations

The standard Gaussian prior is widely used, but it fails to capture the structural properties inherent
in high-dimensional task vector spaces. As illustrated in Fig. 2, we conduct a thorough redundancy
analysis of task vector representations. Using t-SNE and singular value decomposition, we nd
signi cant redundancy in task vectors, which leads to inef cient integration and a higher risk of
over tting. For instance, over 95% of the variance can be explained by fewer than 40 principal
components across all datasets, highlighting substantial compressibility. Moreover, when input
samples are located near the boundaries of multiple task domains, Gaussian priors are unable to
capture the multimodal nature of the underlying composition, thereby limiting model performance on
heterogeneous data.

Our variational composition framework offers a exible way of incorporating prior knowledge to
address the issue of structural redundancy in task vector representations. We introduce a Spike-and-
Slab prior, which effectively promotes structural sparsity in the compositions of task vectors. The
Spike-and-Slab prior is de ned as a mixture distribution:

P@A=1 ) o@D+ NzO0; 2 ()

where ((z) denotes the Dirac delta distribution at zelko(z; 0; 2) denotes a Gaussian distribution

with zero mean and variancé, and is the mixture coef cient that controls the expected sparsity

of the coef cients. The Spike-and-Slab prior allocates probability mass between a point mass at
zero (the spike) and a continuous Gaussian distribution (the slab). This ensures that coef cients are
either exactly zero or drawn from the Gaussian, thereby enabling explicit and interpretable structure
selection. By promoting coef cient sparsity, the Spike-and-Slab prior automatically identi es and
retains the most important task vector components while effectively eliminating irrelevant ones. This
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