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Abstract

Multimodal in-context learning (ICL) is becoming a key ca-
pability that allows large vision-language models (LVLMs)
to adapt to novel tasks without parameter updates, which ex-
pands their usefulness in many real-world applications. How-
ever, ICL performance remains unstable even when the in-
context demonstrations (ICDs) are well matched, showing that
LVLMs still struggle to make full use of the provided context.
While existing work mainly focuses on prompt engineering
or post-hoc logit calibration, we study the attention mecha-
nisms inside LVLMs to address their inherent limitations. We
identify two important weaknesses in their self-attention that
hinder effective ICL. To address these weaknesses, we propose
Context-Aware Modulated Attention (CAMA), a training-
free and plug-and-play method that dynamically adjusts atten-
tion logits based on the input in-context sequence. CAMA uses
a two-stage modulation process that strengthens attention to
semantically important tokens, especially visual ones. Across
four LVLMs and seven benchmarks, CAMA consistently out-
performs vanilla models and baselines, showing clear effec-
tiveness and generalization. It can also activate the intended
benefits of prompt engineering methods and remains robust
across different sequence configurations. Therefore, CAMA
opens up new directions for improving multimodal reasoning
through a deeper understanding of attention dynamics.

Extended version — https://arxiv.org/abs/2505.17097

Introduction
Large vision-language models (LVLMs) have emerged as
powerful tools for multimodal information processing and
generation (Zhao et al. 2023). Through large-scale pretrain-
ing, they integrate visual and textual signals into the shared
representation space of large language models (LLMs) and
have achieved notable success across vision-language tasks
(Ye et al. 2023; Liu et al. 2023). However, adapting LVLMs
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Figure 1: (a) Example of a 3-shot multimodal in-context se-
quence. (b)-(d) present the vanilla model, adding an instruc-
tion to the sequence, and our proposed method, CAMA,
respectively. All attention heatmaps come from layer 18, and
redder regions indicate stronger attention.

to new domains remains challenging due to the high costs of
multimodal data preparation and training.

To reduce these costs, researchers are applying in-context
learning (ICL), a technique widely used in LLMs (Brown
et al. 2020; Dong et al. 2024), to LVLMs (Li 2025). In ICL, a
few in-context demonstrations (ICDs) are added to the input
as reference examples. This allows the model to adapt to new
tasks by interpreting the demonstrations without parameter
updates. Recent progress in model architectures and training
protocols enables LVLMs to process multiple images and
perform interleaved reasoning, which makes multimodal ICL
practical (Alayrac et al. 2022; Laurençon et al. 2024a; Bai
et al. 2025; Chen et al. 2024c). These advances expand the
practical use of LVLMs across a wide range of applications
(Doveh et al. 2024; Chen et al. 2025; Guo et al. 2024).

However, the benefits of multimodal ICL can be dimin-
ished by its pronounced instability. Recent studies have found
that LVLMs’ ICL is highly sensitive to subtle prompt details.

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

6610



Minor changes in the order or formatting of ICDs can cause
significant performance swings (Liu et al. 2022; Gao, Fisch,
and Chen 2021; Lu et al. 2022). This sensitivity becomes
stronger when the number of ICDs increases or when the task
requires complex multimodal reasoning (Chen et al. 2023;
Li et al. 2025b). To improve multimodal ICL in LVLMs,
two main routes have been explored. The first optimizes the
prompt. It adds guiding text, highlights key image regions,
or selects and orders ICDs with predefined metrics (Li et al.
2024b; Yang et al. 2023). Nonetheless, prompt engineering
needs substantial prior knowledge, shows limited stability,
and is heavily dependent on the base model. The second
route edits the internal logits of the models, as in contrastive
decoding (Lee, Tsai, and Chiu 2024). This approach alters
reasoning more directly but needs distorted inputs and extra
forward passes for calibration (Liu, Zheng, and Chen 2024).
Since practical ICL prioritizes efficiency, our work investi-
gates the following questions: What is the intrinsic limitation
underlying the instability of multimodal ICL in LVLMs? Can
we address it using a more efficient, training-free method?

In pursuit of these questions, we examine the attention dy-
namics of LVLMs during multimodal ICL. Because their in-
puts interleave images and texts, we move beyond the existing
focus on single-image scenarios and analyze LVLMs from
two distinct perspectives: (1) text-based visual grounding
within each image-text pair, and (2) query-sample-driven at-
tention allocation across ICDs. We visualize attention deficits
in both aspects through targeted experiments and verify that
these deficits lead to insufficient utilization of the in-context
sequence by the LVLM, resulting in unstable multimodal
ICL. In response to these deficits, we present Context-Aware
Modulated Attention (CAMA), a training-free method that
dynamically modulates the model’s internal attention log-
its during inference based on the input context. CAMA ad-
dresses the two deficits with a two-stage modulation that
targets the shallow and middle layers of the decoder. Stage I
applies intra-ICD grounding, highlighting the image tokens
in each ICD and in the query sample that best align with their
accompanying text, which reduces the attention sink intro-
duced by the interleaved image-text format. Stage II performs
query-centric routing, reallocating attention among ICDs in
proportion to their value to produce the desired answer, thus
improving the use of context. Experiments demonstrate that
CAMA delivers consistent performance gains for multimodal
ICL, providing insights for reshaping attention mechanisms
to build models with better visual capabilities.

The contributions of this paper are summarized below:
• We analyze LVLMs’ attention dynamics in multimodal

ICL beyond single-image settings and reveal two deficits:
weak vision-text alignment within each pair and misalign-
ment between the query sample and its ICDs.

• Building on the identified deficits, we introduce CAMA,
the first training-free and model-agnostic method de-
signed to enhance multimodal ICL. CAMA applies a two-
stage modulation of internal attention logits that steers the
model toward the tokens most relevant to ICL.

• Extensive experiments demonstrate that CAMA improves
multimodal ICL across diverse LVLMs and benchmarks.

Ablation studies confirm the necessity of each design and
reveal CAMA’s broader potential.

Related Work
In-context Learning (ICL). ICL enables models to solve
unseen tasks by conditioning on an input sequence of in-
put–output examples (i.e., ICDs) without updating any pa-
rameters (Brown et al. 2020; Dong et al. 2024). This capabil-
ity markedly improves their practicality and is especially
valued in resource-intensive multimodal domains (Wies,
Levine, and Shashua 2023). Large vision–language models
(LVLMs) gain ICL capabilities through targeted pretraining
or fine-tuning on interleaved image–text data, as in Flamingo
(Alayrac et al. 2022) and LLaVA-NeXT (Li et al. 2024a).
Now, it has become a core ability of commercial model fam-
ilies such as QwenVL (Bai et al. 2025) and InternVL (Chen
et al. 2024c). Consequently, recent work has begun to explore
the mechanisms of multimodal ICL (Doveh et al. 2024; Chen
et al. 2025). However, few studies probe internal attention.
Therefore, cross-modal interactions in multimodal ICL re-
main only partially understood, which prevents state-of-the-
art (SOTA) models from fully exploiting ICL’s potential.

Enhancing Multimodal ICL. Limited use of
input-sequence information by LVLMs is considered a
major source of instability in multimodal ICL (Liu et al.
2022; Gao, Fisch, and Chen 2021; Li et al. 2023). Three
solution paths have thus emerged. First, task-oriented
datasets combined with instruction tuning (Jiang et al. 2024;
Chen et al. 2024b) or direct preference optimization (DPO)
(Jia et al. 2025) train LVLMs to reason across multiple ICDs.
Second, prompt-level methods optimize ICD selection with
metrics such as similarity scores and information entropy
(Li et al. 2024b; Yang et al. 2023; Zhou et al. 2024; Wu
et al. 2022), or by training automatic selectors (Li et al.
2025c; Yang et al. 2024). Third, calibration-based methods
adjust LVLMs’ final logits using contrastive decoding (Kim
et al. 2024; Fazli, Wei, and Zhu 2025; Li et al. 2025a).
While these approaches improve performance, they all
face challenges. The first requires extensive curated data
and parameter updates, the second is less adaptable to
fixed-prompt scenarios, and both depend on the base model.
The third needs to design distorted input sequences, plus
multiple forward passes. In contrast, our CAMA sidesteps all
these drawbacks by modulating attention logits at inference
time without additional data or tuning.

Attention Dynamics in Multimodal ICL
Background and Notation
Current-generation LVLMs generally consist of three core
components: a vision encoder that processes images, a pro-
jector that converts visual features into embeddings, and an
autoregressive LLM that decodes both image and text em-
beddings to produce output. In multimodal ICL, LVLM typ-
ically takes an interleaved image-text sequence as input, as
illustrated in Figure 1(a). This work focuses mainly on visual
question-answering (VQA), which emphasizes both visual
perception and language-based reasoning.
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We consider an LVLM M, which generates the answer
𝑦 given an 𝑛-shot sequence 𝑋 as input. 𝑋 consists of 𝑛 in-
context demonstrations (ICDs) and a single query sample:

𝑦 ←M(𝑋),
𝑋 = (𝑋 𝐼

1 , 𝑋
𝑇
1 , . . . , 𝑋

𝐼
𝑛, 𝑋

𝑇
𝑛 , 𝑋

𝐼
𝑛+1, 𝑋

𝑇
𝑛+1),

(1)

where the query sample is indexed as 𝑛 + 1 for unified no-
tation. 𝑋 𝐼

𝑖
∈ R𝑆𝐼

𝑖
×𝐷 denotes the token sequence of the 𝑖-th

image, 𝑋𝑇
𝑖
∈ R𝑆𝑇

𝑖
×𝐷 denotes the token sequence of the 𝑖-th

text segment and 𝐷 is the dimensionality of hidden states.
𝑆𝐼
𝑖

and 𝑆𝑇
𝑖

are the token counts of the 𝑖-th image and text
segment, respectively. 𝑆 =

∑𝑛+1
𝑖=1 (𝑆𝐼𝑖 + 𝑆𝑇𝑖 ) is the total length

of the token sequence and S is its index set. Within each
ICD, the text tokens can be further divided into a question
part and an answer part, whose counts are 𝑆𝑄

𝑖
and 𝑆𝐴

𝑖
. S𝐼

𝑖
, S𝑄

𝑖

and S𝐴
𝑖

denote the token index sets for the image, question,
and answer of the 𝑖-th ICD, respectively.

The sequence 𝑋 is then passed to the LLM ofM, which
performs an 𝑁-layer decoder forward pass. Each layer con-
tains a multi-head attention (MHA) module. The ℎ-th head
in the 𝑙-th layer maps the hidden states of 𝑋 to queries
𝑄𝑙,ℎ ∈ R𝑆×𝐷𝑘 , keys𝐾 𝑙,ℎ ∈ R𝑆×𝐷𝑘 , and values𝑉 𝑙,ℎ ∈ R𝑆×𝐷𝑘

by linear transformations, where 𝐷𝑘 is the head dimension.
Attention logits A𝑙,ℎ ∈ R𝑆×𝑆 is given by:

A𝑙,ℎ =
𝑄𝑙,ℎ (𝐾 𝑙,ℎ)⊤
√
𝐷𝑘

, (2)

which directly reveals both the direction and intensity of in-
teractions between any two tokens during the forward pass.
After applying a causal mask followed by softmax, A𝑙,ℎ be-
comes the attention weight matrix that is multiplied with the
value 𝑉 𝑙,ℎ to produce the head’s attention output.

Attention Deficits of LVLMs
To understand the instability of multimodal in-context learn-
ing in LVLMs, we delve into the model’s attention mecha-
nism to analyze its dynamics in both effective and ineffective
scenarios. Our objective is to uncover distinct patterns that
distinguish these cases. Specifically, we investigate attention
dynamics at two levels: (1) Within each ICD: We exam-
ine text-based visual grounding to verify whether the model
pays attention to relevant objects in the images. (2) Across
ICDs: We evaluate whether the model effectively distributes
attention among different ICDs according to their relevance
to the query. To ensure generalizable experimental results,
we experiment with 3-shot settings on two LVLMs: LLaVA-
NeXT-7B (Li et al. 2024a) and Idefics2-8B (Laurençon et al.
2024b). Query samples and ICDs are taken from the valida-
tion and training sets of VQAv2, respectively.

Setups. We pair each query with three ICDs of the same
question type (e.g., “How many” or “Is there”) and process
the resulting sequences using both LVLMs. From this pool,
we identify 2,500 sequences where LLaVA-NeXT-7B pro-
duces a correct answer while Idefics2-8B fails, and another
2,500 sequences with the opposite outcome. These form two
distinct sets of 5,000 cases each: a “correct” group (indicating
effective ICL) and a “wrong” group (indicating ineffective
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Figure 2: Layer-wise trends of the intra-ICD alignment score
𝑠𝑎𝑙𝑖𝑔𝑛 and and the key ICD contribution score 𝑠𝑐𝑜𝑛𝑡𝑟𝑖𝑏 in
effective and ineffective multimodal ICL. Pos 1, 2, and 3
denote the key ICD position in the sequence.

ICL). For each sequence, we manually annotate bounding
boxes on the ICD images based on their corresponding tex-
tual descriptions. We then extract attention maps from each
model layer, identify the top 20% most-attended regions, and
compute their Intersection over Union (IoU) with the anno-
tated boxes to obtain the intra-ICD alignment score 𝑠align.
Additionally, we sample 10,000 sequences from the original
pool and replace two of the three ICDs in each sequence with
unrelated images. This leaves only one key ICD that matches
the query type. For each sequence, we then create three vari-
ants by placing the key ICD in the three slots, respectively.
Using the same processing pipeline, we build new correct
and wrong groups with 5,000 cases each. For these groups,
we compute saliency maps (Wang et al. 2023) at each layer
and measure the proportion of information flow from the
key ICD to the generated answer tokens relative to the total
layer-wise flow. This yields the contribution score 𝑠contrib.

Results. As shown in Figure 2, in the correct group,
LVLMs exhibit significantly higher 𝑠align in the shallow lay-
ers (Layers 2–4), with the largest score gap compared to
the wrong group also occurring in these early layers. This
suggests that effective ICL relies on aligning visual atten-
tion with textual semantics from the outset. Furthermore, in
the correct group, 𝑠contrib shows a marked increase beginning
around Layer 10 and remains consistently high through Layer
20. In contrast, this rise is absent in the wrong group, where
scores remain consistently lower. This pattern indicates that
attention allocation in the middle layers, driven by the rele-
vance of the query, is another key factor for successful ICL.
We refer to the failure of LVLMs to establish either of these
attention behaviors as attention deficits, which contribute
to instability in ICL. We also observe that the earlier an ICD
appears in the sequence, the lower its alignment and contri-
bution scores are across all layers and across both groups.

We distill three core findings from the above results:
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Figure 3: An overview pipeline of CAMA.

• Finding 1: In shallow layers, LVLMs struggle to focus
on visual information that aligns with the text semantics
within each image-text pair.

• Finding 2: In middle layers, LVLMs struggle to prioritize
the key ICDs that match the query.

• Finding 3: Both deficits are amplified by the position
of ICDs, with those earlier in the sequence experiencing
more severe impacts.

Method
Overview
To mitigate the two attention deficits at inference time with-
out training, we introduce Context-Aware Modulated At-
tention (CAMA). CAMA dynamically reshapes the internal
attention logits according to the input sequence during the
prefilling process, encouraging the model to focus on the
tokens most critical to effective ICL. The overall pipeline is
depicted in Figure 3. Building on Finding 1 and 2, we divide
CAMA into two stages, each attached to a different depth of
the LLM and mainly aimed at a specific deficit:
• Stage I: In the shallow layers, CAMA performs Intra-

ICD grounding. At this stage, for each ICD, we first
locate the key image tokens that are essential to justify
the provided answer. We then amplify the attention paid
to these tokens so the model captures the critical visual
cues, laying a solid foundation for subsequent ICL.

• Stage II: In the middle layers, CAMA performs query-
centric routing. At this stage, we operate at the attention
head level to manage the complex interactions between
the query sample and the ICDs. Specifically, we identify
the heads that exhibit the strongest query-to-ICD atten-
tion and rescale their logits based on the cross-modal
similarity between the query and each ICD.

Stage I: Intra-ICD grounding
Stage I operates on the shallow layer set LstageI, focusing on
improving image-text alignment within each ICD to enhance
LVLM’s early perception of key visual features. This not only
mitigates the early attention deficits but also benefits subse-
quent layers. To achieve this goal, we first need to identify
the key visual tokens in each ICD based on the semantics of
its paired Q-A text. However, conventional metrics, such as
summing attention scores from text to image tokens or rely-
ing on embedding similarity, are inadequate for multimodal
ICL, as they may exacerbate attention deficits or fail to cap-
ture the nuanced semantics of Q-A dialogues (Marino et al.
2021). To address this, we introduce a dynamic attention
increment strategy tailored to multimodal ICDs.

For the 𝑖-th ICD in 𝑋 , we designate three anchor tokens
T𝑖: the first token of the question S𝑄

𝑖
[0], the first token of

the answer S𝐴
𝑖
[0] and the last token of the answer S𝐴

𝑖
[−1].

In our setting, these tokens are typically “Q”, “A”, and a
punctuation mark (as illustrated in Figure 1(a)). After the first
layer, the forward pass enables these tokens to capture and
summarize the semantics of the preceding tokens. Therefore,
they can be treated as proxies for the overall semantics of the
image, the question, and the answer. We begin by computing
the attention distributions that these anchor tokens assign to
every image token 𝑗 ∈ S𝐼

𝑖
in layer 𝑙 ∈ LstageI:

𝑃𝑙 (T𝑖) = softmax 𝑗

(
1
𝐻

𝐻∑︁
ℎ=1

A𝑙,ℎ (T𝑖 , 𝑗)
)
∈ R1×𝑆𝐼

𝑖 , (3)

where T𝑖 ∈ {S𝑄

𝑖
[0], S𝐴

𝑖
[0], S𝐴

𝑖
[−1]} denotes the anchor to-

kens. The inner summation averages the logits over all 𝐻
heads in 𝑙, and the row-wise softmax turns this average into
a probability distribution across the image tokens.

Next, we calculate the differences between these distribu-
tions as dynamic attention increments. They provide bias-
reduced estimates of the image tokens’ contributions to both
question understanding and answer making within each ICD.
We quantify them by defining two non-negative forward gains
𝑐1
𝑙,𝑖
, 𝑐2

𝑙,𝑖
∈ R1×𝑆𝐼

𝑖 in a divergence-like form:

𝑐1
𝑙,𝑖 =

[
𝑃𝑙 (S𝐴

𝑖 [0])− 𝑃𝑙 (S
𝑄

𝑖
[0])

]
+ · log

𝑃𝑙 (S𝐴
𝑖
[0])

𝑃𝑙 (S𝑄

𝑖
[0])

, (4)

𝑐2
𝑙,𝑖 =

[
𝑃𝑙 (S𝐴

𝑖 [−1])− 𝑃𝑙 (S𝐴
𝑖 [0])

]
+ · log

𝑃𝑙 (S𝐴
𝑖
[−1])

𝑃𝑙 (S𝐴
𝑖
[0])

, (5)

where [·]+ keeps only the positive values by setting all neg-
ative ones to zero. After summing the two gains, column 𝑗

is the score of the 𝑗-th image token:

𝑠𝑖, 𝑗 =
∑︁

𝑙∈LstageI

(𝑐1
𝑙,𝑖 + 𝑐

2
𝑙,𝑖) [ 𝑗] . (6)

A larger 𝑠𝑖, 𝑗 indicates that the token plays a more signif-
icant role in the visual perception of the image by LVLM
based on the corresponding Q-A pair and is therefore more
closely aligned with the text semantics. For each 𝑖-th ICD,
we take the image token indices with the top-𝑘I% scores
and define them as the key set KI 𝑖 . Finally, we modulate
the attention logits in Eq.2 to amplify the key image tokens’
incoming attention:

A𝑙,ℎ (𝑟, 𝑗) ← A𝑙,ℎ (𝑟, 𝑗) + 𝑛 − 𝑖 + 1
𝑛

𝑠𝑖, 𝑗

max
𝑗′∈KI 𝑖

𝑠𝑖, 𝑗′ + 𝜖
. (7)

where 𝜖 = 1𝑒−6, 𝑗 ∈ KI 𝑖 and 𝑟 denotes any later token in 𝑋 .
The factor (𝑛−𝑖+1)/𝑛 is used to offset the position bias noted
in Finding 3. Note that during this stage, we also detect and
enhance the query sample’s key image tokens through only
𝑐1
𝑙,𝑛+1. With intra-ICD grounding, image tokens that align

well with corresponding textual semantics receive greater
attention in subsequent layers and during answer generation,
providing a bias-corrected basis for deeper reasoning.
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Stage II: Query-centric routing
After highlighting the most semantically aligned image to-
kens in Stage I, Stage II works on the middle layersLstageII to
refine the global information flow under the guidance of the
query. Inspired by (Singh et al. 2024), which shows that spe-
cific attention heads dominate the information flow from the
query sample to ICDs during ICL, we perform fine-grained
and targeted modulation at the head level to lessen the influ-
ence of other complex interactions in multimodal ICL.

We first use the attention flow from the query sample to
the context (i.e., ICDs) as a signal to identify query-centric
heads. As information gradually shifts toward later tokens
in the middle layers, and text typically exhibits a stronger
attention-flow tendency (Gao et al. 2019), we measure the
query→context flow using only the query sample’s text. Re-
call that S𝑇

𝑛+1 denotes the text token index set of the query
sample. For each head ℎ in layer 𝑙 ∈LstageII, we compute:

𝜌𝑙,ℎ =
1
|S𝑇

𝑛+1 |

∑︁
𝑞∈S𝑇

𝑛+1

∑︁
𝑐∈S𝑐𝑡𝑥

A𝑙,ℎ (𝑞, 𝑐), (8)

where Sctx =
⋃𝑛

𝑖=1
(
S𝐼
𝑖
∪S𝑄

𝑖
∪S𝐴

𝑖

)
. 𝜌𝑙,ℎ aggregates the atten-

tion flow from the query sample to the preceding context,
allowing us to quantify each head’s contribution in that di-
rection. The heads are then ranked by 𝜌𝑙,ℎ, and the top-𝑘II%
are chosen as query-centric heads, forming the setHQC

𝑙
.

Next, we perform ICD-level attention modulation within
each query-centric head. In the middle layers, token-level
attention becomes blurred by aggregation and is suboptimal
for separating the contributions of individual ICDs. Thus,
we propose a similarity-based method. To balance semantic
maturity and clarity, the hidden states from the final layer of
Stage I, LstageI [−1], are used for subsequent computations.

For the embeddings of the 𝑖-th ICD taken fromLstageI [−1],
we compute the mean of the key image tokens KI 𝑖 to ob-
tain a visual vector and the mean of all question-and-answer
tokens to obtain a textual vector. We then concatenate these
two vectors and apply ℓ2-normalization to the resulting em-
bedding, yielding the joint representation 𝑝𝑖 . We apply the
same steps to the query sample to obtain 𝑝query. The cosine
similarity between 𝑝𝑖 and 𝑝query is the query-centric score:

𝑤𝑖 =
exp

(
⟨𝑝𝑖 , 𝑝query⟩

)∑𝑛
𝑘=1 exp

(
⟨𝑝𝑘 , 𝑝query⟩

) . (9)

The score 𝑤𝑖 quantifies how semantically relevant each
ICD is to the query sample. Applying this score in the
query-centric heads mitigates the LVLM’s difficulty in locat-
ing crucial contexts and improves answer generation. Specif-
ically, for each head ℎ ∈ HQC

𝑙
in layer 𝑙 ∈ LstageII, we mod-

ulate the attention logits in Eq.2 as follows:

A𝑙,ℎ (𝑟, 𝐽) ← A𝑙,ℎ (𝑟, 𝐽) + 𝑛 − 𝑖 + 1
𝑛

𝑤𝑖 . (10)

We apply this modulation to all key image tokens and
text tokens of each ICD to maintain completeness, so 𝐽 ∈
(KI 𝑖∪S𝑄

𝑖
∪S𝐴

𝑖
) and 𝑟 denote any subsequent token in 𝑋 . (𝑛−

𝑖 + 1)/𝑛 applies the same position decay as in Eq.7. Stage II

enhances the attention given to each ICD in proportion to its
contribution, ensuring that key information is not lost within
the extensive context. The two stages of CAMA jointly enable
the LVLM to exploit the provided context more effectively.
All remaining layers maintain their original attention.

Experiments
Setup
Benchmarks and models. Following the standard multi-
modal ICL evaluation (Awadalla et al. 2023), we test CAMA
on VQAv2 (Goyal et al. 2017), VizWiz (Gurari et al. 2018),
and OK-VQA (Marino et al. 2019). To further assess the
generalization of CAMA, we also evaluate it on GQA (Hud-
son and Manning 2019), TextVQA (Singh et al. 2019),
the CLEVR subset of VL-ICL bench (Zong, Bohdal, and
Hospedales 2024), and MMStar (Chen et al. 2024a). In ad-
dition to LLaVA-NeXT-7B and Idefics2-8B, we also report
results on two latest LVLMs, InternVL2.5-8B (Chen et al.
2024c) and Qwen2.5VL-7B (Bai et al. 2025).
Baselines. We compare CAMA with five baselines.
(1) Vanilla denotes the vanilla models. (2) The
instruction-augmented method (+Inst) add an instruction be-
fore each sequence: “First, study the examples we provide.
Then utilize what you have learned to answer the new ques-
tion.” (3) Contrastive decoding (CD) (Lee, Tsai, and Chiu
2024) replaces each ICD image with a blank one and uses
the distorted logits to calibrate the original logits. (4) Visual
enhancement (VE) (Su et al. 2025) manually draws a red
bounding box around the relevant region of each ICD image.
(5) SoFt Attention (SoFA) (Tian et al. 2025) is a training-free
method that inserts a bidirectional attention mask after ev-
ery two decoder layers, which reduces position bias when
multiple images are contained in the input.
Implementation details. For each benchmark, samples in its
validation set act as query samples, each paired with eight
randomly retrieved ICDs from the training split, forming
an 8-shot sequence. Stage I is applied to the 2nd and 3rd
layers. Stage II is applied to every second layer from the 7th
through the 19th. We set 𝑘I = 𝑘II = 20. All experiments are
conducted on NVIDIA H200 GPUs.

Main Results
CAMA is effective and robust across all VQA bench-
marks and LVLMs. Table 1 presents accuracy results across
seven VQA benchmarks for four LVLMs with varying input
image resolutions and LLM decoders. CAMA achieves the
highest accuracy in all 28 experiments, surpassing all base-
lines. On average, it raises accuracy over the vanilla models
by 2.96%. Notably, stronger models benefit even more: In-
ternVL2.5 and Qwen2.5VL see improvements of 3.61% and
3.15%, respectively, compared to 2.35% on LLaVA-NeXT
and 2.73% on Idefics2. These findings show that CAMA is
both effective and generalizable. With its plug-and-play de-
sign, CAMA can consistently enhance emerging open-source
LVLMs, which gives it strong practical value.
CAMA can activate the effect of prompt-based meth-
ods. We also report results that combine CAMA with a
prompt-based baseline, as shown in Table 1 in the rows
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LVLM Method VQAv2 VizWiz OK-VQA GQA TextVQA CLEVR MMStar Avg.

LLaVA-NeXT

Vanilla 61.86 37.64 57.63 55.38 61.93 16.50 44.72 47.95
+Inst 61.69 38.52 58.21 55.70 61.74 17.46 43.95 48.18
CD 61.79 37.70 57.48 55.46 62.07 17.18 41.59 47.61
VE 61.94 37.58 57.97 55.29 61.78 18.16 44.92 48.23

SoFA 63.21 38.09 58.14 57.42 62.28 14.29 45.71 48.45
CAMA 64.46 39.87 59.94 58.60 63.40 18.67 47.16 50.30

CAMA(+Inst) 64.89 40.23 60.27 58.71 63.61 21.28 47.42 50.92
CAMA(VE) 65.24 40.67 60.58 59.04 64.07 23.17 47.71 51.50

Idefics2

Vanilla 57.32 38.46 43.60 57.49 70.02 34.61 42.65 49.16
+Inst 57.61 38.25 43.75 57.38 70.30 35.48 42.51 49.21
CD 56.83 38.19 43.47 57.30 68.87 33.70 41.49 48.55
VE 57.28 38.89 44.26 57.98 71.18 36.41 42.93 49.85

SoFA 59.04 38.95 46.12 57.75 72.31 34.44 43.29 50.27
CAMA 60.53 39.90 47.23 59.79 74.38 36.52 44.86 51.89

CAMA(+Inst) 60.74 40.37 47.69 60.00 76.21 38.95 44.59 52.40
CAMA(VE) 60.82 40.16 47.80 60.08 75.72 39.58 45.27 52.78

InternVL2.5

Vanilla 69.58 58.27 62.32 67.21 80.29 56.91 62.70 65.33
+Inst 69.89 58.92 62.18 67.53 81.10 57.34 62.38 65.53
CD 69.81 58.79 63.01 67.54 80.17 57.11 62.56 65.57
VE 69.80 58.96 63.14 67.28 80.39 59.53 62.95 66.00

SoFA 70.85 59.62 62.48 68.30 82.75 59.12 62.70 66.55
CAMA 72.54 62.15 66.27 70.68 85.19 61.45 64.27 68.94

CAMA(+Inst) 72.61 62.48 65.58 70.93 85.46 64.67 63.37 68.97
CAMA(VE) 72.85 64.57 66.73 71.30 85.66 64.90 63.79 69.97

Qwen2.5VL

Vanilla 71.94 57.39 65.70 82.31 83.61 62.83 65.18 69.85
+Inst 72.43 57.80 66.18 83.57 83.72 63.65 66.03 70.43
CD 72.31 57.35 66.07 82.49 83.76 62.72 65.63 70.05
VE 72.69 59.30 66.41 84.55 83.92 63.26 66.47 70.94

SoFA 72.31 59.06 67.28 84.52 84.34 64.85 66.87 71.32
CAMA 74.96 60.83 68.80 85.32 87.14 66.15 67.78 73.00

CAMA(+Inst) 74.79 61.28 69.21 85.26 86.87 67.02 67.39 73.12
CAMA(VE) 75.22 62.37 69.74 85.69 87.89 66.81 67.70 73.63

Table 1: Accuracy of 8-shot ICL on seven VQA benchmarks for four LVLMs under different enhancement methods. The highest
value is highlighted in bold, and the second highest is underlined. The cells shaded in light gray present the results of CAMA.

Method Image captioning Classification Storytelling
Flickr30k MSCOCO Hatefulmemes L-I-VST

Vanilla 69.93 112.46 75.16 38.61
+Inst 71.28 114.36 76.20 38.46
CD 72.35 114.97 74.38 40.32

SoFA 72.65 115.89 76.51 40.41
CAMA 73.88 116.72 77.49 41.79

CAMA(+Inst) 74.37 117.04 77.93 42.38

Table 2: Average performance of 8-shot multimodal ICL on
four benchmarks spanning three additional tasks, reported
using CIDEr↑ , ROC-AUC↑, and L-I-score↑, respectively.

“CAMA(+Inst)” and “CAMA(VE)”. We find that a prompt-
based method alone gives only a marginal performance gain,
which confirms the attention deficits inside LVLMs. When
we add CAMA the model not only improves on its own
but also activates the real benefit of these methods. For
example, +Inst exceeds the vanilla model by just 0.27%,
whereas CAMA lifts this improvement to 3.28% and adds an-
other 0.32% over using CAMA alone. The performance gain
brought by CAMA’s activation is most evident on CLEVR,
where VE sharply reduces the difficulty of cognizing the
original image-text mapping. This result further confirms
CAMA’s practical promise, as it allows curated prompts to
exert their full effect and maximizes model performance.

CAMA exhibits strong cross-task generalization. To fully
evaluate the generalization of CAMA, we introduce three
additional tasks beyond VQA: image captioning, image clas-
sification, and visual storytelling. In these tasks, the text
paired with each image is no longer a Q-A pair; instead, it
is a caption, a class label, or a narrative sentence, and all
three start with the prefix “A:”. The text part of the query
sample only contains “A:”. Therefore, for these tasks, Stage
I of CAMA is based solely on attention gains 𝑐1

𝑙,𝑖
to identify

key image tokens. The results are reported in Table 2. CAMA
again achieves superior performance on all these tasks and
activates the gains of +Inst, showing that its benefits extend
beyond VQA to broader interleaved scenarios.

Ablation Study and Analyses
Adaptability to diverse ICD counts. It is non-trivial for en-
hancement methods to adapt to different shot counts to meet
various practical needs. As Figure 4(a) shows, CAMA con-
sistently outperforms the vanilla model in 2, 4, 8, and 16-shot
configurations, yielding gains of 2.15% to 6.52%. These re-
sults validate CAMA’s generalization across diverse scenar-
ios and its ability to meet varying requirements. Meanwhile,
CAMA’s advantage grows as the sequence length increases,
which aligns with Finding 3 because longer contexts inten-
sify positional bias. As LVLMs’ context windows expand,
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Figure 4: Average performance of CAMA across four LVLMs
and seven VQA benchmarks as the count of ICDs and se-
quence configuration strategies vary.

Method VQAv2 VizWiz OK-VQA GQA TextVQA
CAMA 68.12 50.69 60.56 68.60 77.53

w/o Stage I 67.05 49.23 59.46 68.09 76.99
w/o Stage II 66.41 48.87 58.40 67.21 76.08

Stage I
w/o increment 67.14 48.86 59.28 67.39 76.80
w/o top-𝑘I% 67.44 50.10 59.82 67.93 77.14
w/o position 67.91 50.12 60.02 68.05 76.98

Stage II
w/o top-𝑘II% 67.18 49.25 59.84 68.11 76.69
𝐿stageI [0] 67.85 49.16 60.28 68.20 77.05

w/o position 68.03 49.84 60.19 68.20 77.12

Table 3: Average 8-shot performance of CAMA on four
LVLMs under different ablation settings. “w/o increment”
disables dynamic attention increment and computes the at-
tention score using only S𝐴

𝑖
[−1]. “w/o top 𝑘I%/𝑘II%” applies

CAMA to all image tokens or heads. “𝐿stageI [0]” computes
similarity with embeddings from 𝐿stageI [0]. “w/o position”
removes the position-decay factor.

CAMA provides a promising path for further progress.
Adaptability to diverse sequence configurations. The
in-context sequence configuration is key to ICL performance.
Our main experiments build sequences through uniform ran-
dom sampling, while some advanced systems use embedding
similarity to improve sequence quality. Each candidate ICD
and the query sample are encoded using CLIP-ViT-L/14 to
compute cosine similarity, and the top eight matches are se-
lected as ICDs. I2I uses only image embeddings, and IQ2IQ
concatenates image and question embeddings. We also in-
clude TACO (Li et al. 2025c), a state-of-the-art ICD retriever
based on language models. As shown in Figure 4(b), CAMA
consistently improves accuracy by 2.59% to 5.08%. Stronger
retrieval gives larger gains, which shows that the activation
effect of CAMA also applies to configuration methods.
The superiority of CAMA designs. We conduct a compre-
hensive ablation study on the two stages of CAMA and the
key components within each stage (Table 3). Removing either
Stage I or Stage II leads to a noticeable drop in performance,
with the absence of Stage II resulting in a more substantial
degradation. This confirms that the two-stage modulation is
necessary and that stronger query-guided reasoning is more
crucial for multimodal ICL. Disabling each key design of
a stage also produces different levels of degradation. We
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Figure 5: Average performance of CAMA on seven VQA
benchmarks while varying 𝐿stageI, 𝐿stageII, 𝑘I, and 𝑘II. Ran-
dom7 means randomly choosing seven layers.

draw the following conclusions: (1) Selecting the key image
tokens is essential when enhancing image tokens in shal-
low layers. It prevents our modulation from being diluted by
the later softmax. (2) Query-centric heads play a vital role
in multimodal ICL. Targeted enhancement of these heads
promotes specific information flows. (3) The dynamic atten-
tion increment avoids the bias introduced by the attention
sink. (4) The position-decay factor in CAMA effectively al-
leviates position bias when LVLMs perform ICL with long
sequences, preventing crucial information at the beginning
of the sequence from being overlooked. This is particularly
important in multimodal ICL, where each image consumes
a large number of tokens and leads to long contexts, thereby
improving overall performance. As the number of ICD shots
increases, the position factor becomes more significant.
Impact of the selection of layers and hyperparameters.
As shown in Figure 5, the performance of CAMA remains
stable as we vary the layers where the two stages are ap-
plied. Meanwhile, when 𝑘I is set between 20% and 40%,
CAMA stays consistent, and when 𝑘II is between 10% and
30%, CAMA also stays consistent. This behavior indicates
that query-centric heads are more targeted than key image
tokens, yet both possess a relatively wide optimal range. The
results demonstrate that CAMA is robust to layer and hy-
perparameter choices and does not require carefully curated
tuning strategies, highlighting its practicality and efficiency.

Conclusion
We introduce CAMA, a plug-and-play and training-free at-
tention modulation method that enhances multimodal ICL.
We begin by analyzing the attention dynamics of LVLMs in
this setting and, guided by the findings, design a two-stage
modulation pipeline for CAMA. CAMA effectively corrects
attention deficits and guides the model to focus on image
regions that contribute the most to multimodal ICL. Exper-
iments across multiple benchmarks and LVLMs show that
CAMA achieves superior results. We believe that CAMA
can inspire new directions for future advances of LVLM.
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