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Abstract

In-context learning (ICL) in large language
models (LLMs) has been shown to operate
through task vectors—the representation that
summarizes the mapping induced by in-context
demonstrations and can be composed by simple
arithmetic operations. While this phenomenon
is well studied in LLMs, its extension to vision-
language models (VLMs) remains underex-
plored. In this work, we systematically exam-
ine the additive compositionality of in-context
task vectors in VLMs, extracted from text-
side hidden representations. Specifically, we
construct compositional visual reasoning tasks
with clearly defined subtasks and extract task
vectors from few-shot demonstrations. Em-
pirical experiments show that the vector for
a complex task can be approximated by adding
the vectors of its constituent subtasks. Beyond
this, we analyze token-level contextual embed-
dings and show that additive composition arises
because complex-task representations emerge
as the superposition of atomic subtask compo-
nents.

1 Introduction

Recent work in natural language processing (NLP)
has extensively examined the mechanism of
ICL (Min et al., 2022; Olsson et al., 2022; Wei et al.,
2022; Xie et al., 2022). Several studies show that
the effect of an in-context prompt can be summa-
rized as a task vector—an activation pattern captur-
ing task-specific behavior, which can be extracted
from few-shot demonstrations (Hendel et al., 2023;
Todd et al., 2023). Such vectors in LLMs can of-
ten be combined arithmetically, e.g., by addition
or subtraction, to induce new behaviors (Liu et al.,
2023b).

However, while recent studies have begun ex-
tending task-vector analysis to multimodal set-
tings (Luo et al., 2024; Huang et al., 2024a), the
compositionality of task vectors—whether they can

be additively combined to represent complex mul-
timodal reasoning—remains largely unexplored.

Although VLMs inherit the decoder architecture
of LLMs, their visual encoders and cross-modal
alignment components add representational com-
plexity. Hence, it remains unclear whether the
task-vector arithmetic observed in text-only mod-
els can be extended to VLMs, since visual and
textual spaces may not be perfectly aligned, and
cross-modal interactions could disrupt the linearity
of task-vector arithmetic.

To address this gap, we systematically investi-
gate the additive compositionality of task vectors
in VLMs. We design compositional visual reason-
ing tasks with clearly defined subtasks, extract task
vectors from in-context demonstrations, and test
whether the task vector for a complex task can be
approximated by summing those of its atomic sub-
tasks. We further analyze why compositionality
holds through contextual embedding alignment.

Our main contributions are as follows: (1) We
show that in-context task vectors in VLMs are addi-
tively compositional—complex-task vectors can be
reconstructed from atomic ones, matching few-shot
performance and exhibiting representational and
causal alignment; (2) Our token-level contextual
embedding analysis shows that complex-task rep-
resentations preserve the structure of their atomic
subtasks, providing representational evidence con-
sistent with additive compositionality.

2 Related Work

2.1 In-context Task Vectors

Recent studies reveal that transformer activations
encode reusable task representations during in-
context learning. Hendel et al. (2023) show that
such internal vectors capture task rules, while Todd
et al. (2023) identify function vectors via targeted
attention-head interventions. Luo et al. (2024) ex-
tend this to VLMs, finding modality-invariant task
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Figure 1: Pipeline for task vector extraction, injection, and composition in VLMs. (a) Extract subtask vectors
from in-context demonstrations paired with a fixed dummy query (Extraction Prompt), reading the last text token
representation. (b) Inject task vectors into the Injection Target Prompt (single real query, no demonstrations) to steer
model outputs.

Figure 2: Subtask-level injection vs. 3-shot perfor-
mance comparison. Points near the dashed y=x line in-
dicate that task vectors extracted from the same demon-
strations and injected at inference can reproduce 3-shot
performance without demonstrations.

vectors shared across inputs. Unlike prior work on
task arithmetic in parameter space (Ilharco et al.,
2023), we focus on in-context task vectors that
emerge in activation space.

2.2 Compositionality in VLMs

Instruction-tuned VLMs such as LLaVA-1.5 and
InstructBLIP (Liu et al., 2023a; Dai et al., 2023)
perform well in CLEVR, GQA, NLVR2 (Johnson
et al., 2017; Hudson and Manning, 2019; Suhr et al.,
2019), yet they still struggle with compositional
generalization (Huang et al., 2024b). We focus
on the inference stage and test whether such com-
positional abilities can emerge implicitly through
additive composition of in-context task vectors.
Related work has analyzed visual encoders (Be-
rasi et al., 2025) or linearly combined trained soft
prompts (Perera et al., 2023).

3 Method

We hypothesize that task vectors in VLMs exhibit
additive compositionality—that is, the vector for
a complex reasoning task can be approximated by
the sum of its constituent subtask vectors.

We employ three prompt formats to operational-
ize task-vector extraction and evaluation: (i) a
Few-Shot Prompt (k demonstrations + query)
used to elicit task-specific behavior; (ii) an Ex-
traction Prompt (same demonstrations + fixed
dummy query) used to extract task vectors; and
(iii) an Injection Prompt (query only) used to test
the injected vectors during inference. Task vectors
are defined as the last-token hidden state at layer ℓ
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Dataset / Task 3-shot (IDEFICS-8B) θTcomplex θTcompose Random Injection layer

CLEVR (10 two-attribute combinations)

color-material 0.92± 0.015 0.72± 0.040 0.90± 0.010 0.22± 0.031 17

color-size 0.76± 0.274 0.85± 0.123 0.63± 0.235 0.44± 0.052 17

shape-color 0.83± 0.263 0.97± 0.025 0.76± 0.344 0.41± 0.023 17

shape-position 0.80± 0.061 0.69± 0.389 0.67± 0.155 0.39± 0.067 20

size-position 0.69± 0.240 0.44± 0.206 0.56± 0.316 0.37± 0.054 20

shape-material 0.76± 0.143 0.70± 0.111 0.71± 0.092 0.40± 0.065 17

shape-size 0.68± 0.175 0.74± 0.097 0.67± 0.142 0.42± 0.073 17

size-material 0.59± 0.166 0.51± 0.132 0.49± 0.118 0.38± 0.059 20

position-material 0.65± 0.152 0.60± 0.121 0.61± 0.109 0.40± 0.063 20

color-position 0.67± 0.178 0.63± 0.139 0.65± 0.124 0.43± 0.071 17

GQA (3 two-attribute combinations)

shape-color 0.74± 0.145 0.65± 0.097 0.69± 0.101 0.21± 0.054 17

shape-material 0.71± 0.139 0.62± 0.105 0.64± 0.096 0.37± 0.052 17

color-material 0.69± 0.132 0.60± 0.098 0.62± 0.092 0.21± 0.049 17

Table 1: Task vector composition results on CLEVR (10 two-attribute combinations) and GQA (3 two-attribute
combinations) datasets using the IDEFICS-8B model. θTcomplex denotes vectors extracted from compositional task
prompts; θTcompose denotes the composed sum of atomic subtask vectors. Random denotes a random composition
baseline with randomly composed subtask vectors injection. The last column shows the best injection layer for each
task.

under the Extraction Prompt as follows:

θ(ℓ) = h
(ℓ)
Extraction

The task vector is injected into the same layer of
the query prompt as follows:

h̃(ℓ) = h
(ℓ)
Query + θ(ℓ).

Using these prompts, we implement a three-step
framework (Fig. 1): (1) Construct structured visual
reasoning tasks with defined atomic and composite
queries; (2) Extract task vectors from demonstra-
tions using the Extraction Prompt; and (3) Inject
composed vectors into query-only prompts to eval-
uate additive compositionality by comparing their
effects with directly extracted complex-task vec-
tors. A compositional task Tcomplex is formed by
combining atomic subtasks Tsub that probe single
attributes. For two subtasks Tsub1 and Tsub2, their
composed vector is as follows:

θ
(ℓ)
Tcompose

= θ
(ℓ)
Tsub1

+ θ
(ℓ)
Tsub2

,

which is injected into the corresponding complex
query and compared against θ(ℓ)Tcomplex

to assess ad-
ditive compositionality. This comparison is used
solely to assess representational equivalence be-
tween task vectors.

4 Experiments

4.1 Setup
We evaluate the additive compositionality of in-
context task vectors across atomic and compo-

sitional visual reasoning tasks on CLEVR and
GQA (Laurençon et al., 2023a; Liu et al., 2023a;
Johnson et al., 2017; Hudson and Manning, 2019).
In CLEVR, we define five atomic subtasks—shape,
color, material, size, and position—yielding ten
pairwise compositional tasks (e.g., shape–color,
color–material). In GQA, we use three atomic
subtasks (shape, color, material) and their three
possible pairwise combinations.

We use three representative VLMs: IDEFICS-
8B, LLaVA-1.5-7B, and Qwen2-VL-7B-Instruct
(Laurençon et al., 2023b; Liu et al., 2023a; Wang
et al., 2024). All models are evaluated on the same
200 test instances per task, and each result is aver-
aged over three random seeds.

4.2 Results

Task Vector Injection Reproduces Subtask Per-
formance. We first evaluate whether task vectors
can recover task-specific behavior without demon-
strations. As shown in Fig. 2, their injection perfor-
mance closely matches the few-shot results across
all subtasks and models, indicating that task vectors
effectively capture and transfer subtask knowledge
(see Appendix A for detailed results on GQA and
other models).

Task Vectors are Additively Compositional.
We test whether a compositional task vector θTcomplex

can be approximated by summing its atomic sub-
tasks as defined in Section 3. Also, we randomly
sum two subtask vectors from attibute pool to make
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Figure 3: Layerwise cosine similarity between composed and combined task vectors. Representative case:
CLEVR dataset, IDEFICS-8B, k = 3. θTcompose consistently shows higher similarity to θTcomplex than the random-
composition baseline across middle layers.

random composition as the baseline and inject
it into Injection Prompt. As shown in Table 1,
injecting θTcompose achieves accuracy comparable
to directly using θTcomplex , while random compo-
sition perform notably worse. The cosine simi-
larity in Fig. 3 further shows that θTcomplex aligns
more closely with θTcompose than with random com-
position, confirming that compositional behavior
emerges from the linear recombination of subtask
representations. We also find that IDEFICS-8B
shows the strongest additive approximation (e.g.,
shape–color: θTcomplex = 0.68 vs. θTcompose = 0.71
in Table 5), Qwen2-VL-7B exhibits moderate but
stable approximation (e.g., 0.73 vs. 0.50), while
LLaVA-1.5-7B shows the weakest alignment. Im-
portantly, these differences closely mirror the mod-
els’ zero-shot and few-shot capabilities (Table 5
and 6 in Appendix A).

To further stress-test additive compositional-
ity beyond pairwise settings, we evaluate three-
attribute compositional tasks. Specifically, we con-
struct four compositional tasks of three-attributes
by combining atomic subtasks from shape, color,
size, material, position. The results are summa-
rized in Table 2. Overall, we observe that addi-
tive composition remains effective in several tri-
attribute tasks, significantly outperforming random
baselines and in some cases even matching or ex-
ceeding directly extracted complex-task vectors.

For tasks involving only object-centric at-
tributes—such as color-size-material and shape-
color-size: θTcompose achieves strong performance
(0.96 and 0.90, respectively), closely matching or
surpassing θTcomplex . This suggests that atomic at-
tribute representations can be linearly superposed
even when more than two attributes are involved,
supporting the scalability of additive composition-

Task θTcomplex θTcompose Random

color-size-material 0.86 0.96 0.58
shape-color-size 0.87 0.90 0.56
shape-color-position 0.77 0.52 0.37
shape-material-position 0.57 0.62 0.43

Table 2: Results on tri-attribute compositional tasks.

ality beyond pairwise settings.

5 Analysis

5.1 Importance of Attention Heads
We argue that if θTcompose and θTcomplex rely on similar
internal components to affect model predictions,
then overlap in the attention heads implicated by
task-vector injection provides complementary ev-
idence—beyond behavioral accuracy—that they
encode similar task representations.

To identify attention heads that are important
for task-vector-induced behavior, we measure the
change in model predictions after ablating each
head’s output (Todd et al., 2023). For each attention
head hl,i, we quantify the effect of ablating the head
under a given condition as follows:

CIE(hl,i) = ∥logits − logitszeroed∥2.

We compute this quantity under θTcompose injection,
θTcomplex injection, and a zero-shot baseline, and de-
fine

∆CIE(hl,i) =
∣∣CIEinjection − CIEzero-shot

∣∣

to isolate heads whose influence changes most
strongly due to task-vector injection.

We then rank all heads by ∆CIE and compare
the top-10 head sets between complex-task injec-
tion and composed-vector injection. We observe
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Figure 4: Token-level embedding alignment for composi-
tional tasks (color–size). Average cosine similarity between
identical tokens in few-shot atomic and complex prompts.
Confirming that each subtask contributes an independent fea-
ture subspace that can be linearly combined in compositional
task.

an overlap of 0.7 suggestting that both types of vec-
tors engage largely overlapping sets of functionally
important heads, supporting their representational
similarity.

5.2 Similarity of Contextual Representations
We hypothesize that the additive compositionality
of task vectors is reflected directly in the model’s
contextual representations: the representation of
a complex task can be approximated by the linear
combination of constituent subtask representations.

To verify this, we analyze token-level contex-
tual embeddings in the representative color-size
task group on IDEFICS-8B. We focus on the same
tokens but in different context that carry identi-
cal semantics in complex and atomic task prompt
types (e.g., the token cube appearing in “<image>
cube → yes” and “<image> red cube → no”). We
then compute cosine similarities between paired
tokens and average the results across examples.
We additionally compute cosine similarity between
mismatched tokens as random baseline— for exam-
ple, taking the token brown from an atomic color
prompt and comparing it to a different token from
the corresponding complex task.

As shown in Fig. 4, matched tokens in the
color–size task reach cosine similarities near 0.9,
while random pairs stay around 0.3. The nearly
identical embeddings suggest that complex tasks
are encoded as superpositions of atomic compo-
nents, with each subtask contributing an indepen-
dent feature subspace. Task vectors from atomic
prompts can thus be additively combined to recon-
struct the complex-task representation.

6 Conclusion

We provide the first systematic evidence that in-
context task representations in VLMs follow the

principle of additive compositionality. Task vectors
extracted from few-shot demonstrations can be ad-
ditively combined to reconstruct complex-task be-
havior, achieving few-shot–level performance with-
out demonstrations. Analysis of token-level embed-
dings reveals that this compositionality stems from
the superposition of atomic subtask representations
within the model’s hidden space, offering an expla-
nation for why linear task-vector arithmetic yields
modular and interpretable reasoning.

Limitations

Our study focuses on controlled visual reason-
ing tasks (CLEVR, GQA) with minimal prompts,
which may not reflect open-domain multimodal
reasoning. We analyze only direct vector addition,
leaving learned compositions for future work.
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A Appendix

Hyperparameter Configuration. We use the
default decoding and model configuration pro-
vided by the corresponding model implementa-
tions, with the following settings made explicit
for reproducibility. decoding is performed with
max_new_tokens = 2 and do_sample = False,
corresponding to deterministic greedy decoding
without temperature sampling. We set use_cache
= False to ensure consistent extraction of hid-
den states, and enable return_hidden_states =
True when analyzing layer-wise contextual em-
beddings. All inputs are padded to equal length
(padding = True) for batched inference. Decod-
ing is therefore fully deterministic, ensuring that
observed performance differences stem from task-
vector manipulation rather than stochastic varia-
tion.

Models. LLaVA-1.5 (Liu et al., 2023a) is an
open-source, transformer-based chatbot that learns
to follow multimodal instructions. It achieves this
by taking a foundational LLaMA or Vicuna lan-
guage model and further training it with instruction-
following data created by GPT. IDEFICS-8B (Lau-
rençon et al., 2023b) an open-source, multimodal
AI model capable of processing any mix of image
and text inputs to generate text outputs. Qwen2
(Wang et al., 2024) series comprises multiple sizes
of decoder language models, offered as founda-
tional models and specialized chat versions. These
models leverage the Transformer architecture and
are distinguished by advanced components such
as SwiGLU activation, attention QKV bias, and
Group Query Attention. Furthermore, Qwen2 fea-
tures an improved tokenizer designed for adapt-
ability across numerous natural languages and pro-
gramming codes.

Reproducibility and Code Release We
will release the code upon publication
at: https://github.com/SSSSSeki/
task-vector-compositionality

AI Assistance Disclosure. The authors acknowl-
edge the use of an AI writing assistant for refining
sentence structure, improving grammatical accu-
racy, and enhancing the clarity of the manuscript’s
language. All scientific content and interpretations
remain the sole responsibility of the authors.
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Figure 5: Subtask-level injection vs. 3-shot perfor-
mance comparison on LLaVA-1.5-7B and Qwen2-VL-
7B-Instruct.

Figure 6: Subtask-level injection vs. 3-shot performance
comparison on GQA.
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Figure 7: Layerwise cosine similarity between composed and combined task vectors. Representative case: GQA
dataset, IDEFICS-8B, k = 3.

Dataset / Task 3-shot θTcomplex θTcompose Injection layer

CLEVR (5 two-attribute combinations)
color_material 0.60 ± 0.12 0.11 ± 0.19 0.17 ± 0.18 17
color_size 0.37 ± 0.02 0.12 ± 0.11 0.14 ± 0.12 17
shape_color 0.70 ± 0.04 0.10 ± 0.17 0.18 ± 0.16 17
shape_position 0.81 ± 0.19 0.81 ± 0.00 0.22 ± 0.09 17
size_position 0.95 ± 0.13 0.95 ± 0.00 0.27 ± 0.10 18

GQA (3 two-attribute combinations)
shape_color 0.71 ± 0.14 0.65 ± 0.10 0.69 ± 0.08 17
shape_material 0.68 ± 0.13 0.61 ± 0.09 0.64 ± 0.10 17
color_material 0.64 ± 0.13 0.58 ± 0.10 0.61 ± 0.09 17

Table 3: Task vector composition results on CLEVR (5 two-attribute combinations) and GQA (3 two-attribute
combinations) using the LLaVA-1.5-7B model.

Dataset / Task 3-shot θTcomplex θTcompose Injection layer

CLEVR (5 two-attribute combinations)
color_material 0.44 ± 0.11 0.68 ± 0.01 0.19 ± 0.11 21
color_size 0.65 ± 0.04 0.69 ± 0.07 0.22 ± 0.08 24
shape_color 0.34 ± 0.08 0.35 ± 0.08 0.18 ± 0.10 21
shape_position 0.56 ± 0.03 0.59 ± 0.12 0.23 ± 0.09 22
size_position 0.79 ± 0.18 0.90 ± 0.08 0.25 ± 0.11 22

GQA (3 two-attribute combinations)
shape_color 0.69 ± 0.15 0.66 ± 0.09 0.62 ± 0.10 22
shape_material 0.65 ± 0.13 0.63 ± 0.10 0.59 ± 0.11 22
color_material 0.63 ± 0.13 0.61 ± 0.10 0.58 ± 0.11 22

Table 4: Task vector composition results on CLEVR and GQA using the Qwen2-VL-7B-Instruct model.
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Model Shots Zeroshot eval Few-shot eval θTcomplex θTcompose Best layer

Shape–Material

IDEFICS-8B 1-shot 0.00 0.72 0.41± 0.05 0.38± 0.04 18
IDEFICS-8B 2-shot 0.00 0.72 0.77± 0.04 0.68± 0.05 19
Qwen2-VL-7B-Instruct 1-shot 0.00 0.60 0.26± 0.06 0.20± 0.05 22
Qwen2-VL-7B-Instruct 2-shot 0.00 0.63 0.53± 0.06 0.47± 0.05 22
LLaVA-1.5-7B 1-shot 0.00 0.45 0.25± 0.05 0.27± 0.05 21
LLaVA-1.5-7B 2-shot 0.00 0.45 0.33± 0.05 0.30± 0.05 21

Shape–Color

IDEFICS-8B 1-shot 0.18 0.77 0.32± 0.03 0.35± 0.03 16
IDEFICS-8B 2-shot 0.18 0.83 0.68± 0.04 0.71± 0.04 21
Qwen2-VL-7B-Instruct 1-shot 0.00 0.72 0.48± 0.09 0.22± 0.05 23
Qwen2-VL-7B-Instruct 2-shot 0.00 0.75 0.73± 0.09 0.50± 0.07 23
LLaVA-1.5-7B 1-shot 0.00 0.70 0.10 0.25± 0.04 21
LLaVA-1.5-7B 2-shot 0.00 0.73 0.18 0.28± 0.05 24

Table 5: Few-shot scaling analysis (0–2 shots) of task vector composition on representative CLEVR tasks. Results
are shown for shape–material (top) and shape–color (bottom) combinations. Only these tasks are evaluated for
0–2 shots to complement the main 3-shot experiments.

Model Shots Zeroshot eval Few-shot eval θTcomplex θTcompose Best layer

Shape–Material

IDEFICS-8B 1-shot 0.00 0.70 0.33± 0.05 0.38± 0.05 19
IDEFICS-8B 2-shot 0.00 0.70 0.79± 0.04 0.70± 0.04 20
Qwen2-VL-7B-Instruct 1-shot 0.00 0.56 0.21± 0.06 0.18± 0.05 22
Qwen2-VL-7B-Instruct 2-shot 0.00 0.60 0.54± 0.06 0.45± 0.05 22
LLaVA-1.5-7B 1-shot 0.00 0.10 0.21± 0.05 0.23± 0.05 21
LLaVA-1.5-7B 2-shot 0.00 0.50 0.21± 0.05 0.25± 0.05 21

Shape–Color

IDEFICS-8B 1-shot 0.21 0.75 0.03± 0.02 0.18± 0.02 16
IDEFICS-8B 2-shot 0.21 0.83 0.70± 0.05 0.76± 0.03 21
Qwen2-VL-7B-Instruct 1-shot 0.00 0.75 0.55± 0.10 0.17± 0.05 24
Qwen2-VL-7B-Instruct 2-shot 0.00 0.73 0.80± 0.09 0.53± 0.07 23
LLaVA-1.5-7B 1-shot 0.00 0.75 0.00 0.27± 0.04 21
LLaVA-1.5-7B 2-shot 0.00 0.75 0.01 0.24± 0.05 24

Table 6: Few-shot scaling analysis (0–2 shots) of task vector composition on representative GQA tasks. Results are
shown for shape–material (top) and shape–color (bottom) combinations. Only these tasks are evaluated for 0–2
shots to complement the main 3-shot experiments.
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