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Abstract
Multi-Modal In-Context Learning (MM-ICL)
is commonly employed to enhance perfor-
mance of Large Vision-Language Models
(LVLMs) on downstream tasks. However, as
next-generation models like QwenVL and In-
ternVL have been optimized through instruc-
tion tuning and alignment, their baseline capa-
bilities have been strengthened. This necessi-
tates a re-evaluation of the effectiveness and op-
timal configuration of MM-ICL across different
models. By evaluating diverse LVLMs span-
ning different parameter scales (7B–32B) and
accessibility settings (open-source and closed-
source) across eight cross-domain datasets, this
paper systematically investigates the perfor-
mance of MM-ICL under varying model capa-
bilities and task settings. Experimental results
indicate that, beyond validating established pat-
terns, next-generation models exhibit distinct
phenomena: in certain logical reasoning and
format-sensitive tasks, the introduction of MM-
ICL does not necessarily yield improvements
and can even lead to performance degradation
in specific scenarios. We analyze these obser-
vations and, based on extensive experimental
data, provide new recommendations for select-
ing MM-ICL strategies for LVLMs.

1 Introduction

Large Vision-Language Models (LVLMs) (Qin
et al., 2025; Alayrac et al., 2022; Laurençon
et al., 2024; Liu et al., 2023; Wang et al., 2024a)
have evolved rapidly, exhibiting exceptional per-
formance across various multimodal understanding
and reasoning tasks (Li and Lu, 2024). To extend
these models to new tasks without incurring high
fine-tuning costs, Multimodal In-Context Learning
(MM-ICL) has emerged as a prevalent paradigm
(He et al., 2023; Zhang et al., 2023). By sim-
ply prepending a few retrieved image-text demon-
stration pairs to the query, MM-ICL activates the
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Figure 1: The evolving impact of MM-ICL across model
generations. (a) The early model IDEFICS relies on
ICL for significant gains. (b) In contrast, the modern
Qwen2.5-VL exhibits performance comparable to its
zero-shot baseline, indicating diminished ICL utility.

model’s potential, guiding it to capture task intent
and standardize output formats.

Prior work has demonstrated the effectiveness
of MM-ICL on early commonly used LVLMs (e.g.,
Flamingo and IDEFICS) among traditional vision-
language tasks (primarily VQA tasks (Sidorov
et al., 2020; Goyal et al., 2017; Marino et al., 2019)
and captioning tasks (Lin et al., 2014; Sidorov et al.,
2020)). With the rapid advancement of LVLMs,
overall model performance has improved substan-
tially and the application scenarios have become
increasingly complex. However, whether the MM-
ICL paradigm remains effective across modern
models and diverse domains has not yet been sys-
tematically investigated. Based on our observa-
tions using LVLMs with a pilot study, the perfor-
mance of MM-ICL on next-generation models de-
viates somewhat from previous empirical findings.
Specifically, as shown in Figure 1, when applying
traditional MM-ICL methods to newer models, the
performance gains on certain tasks were marginal
or even deteriorated. This inspires us to revisit the
application of MM-ICL on contemporary models
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and tasks through the lens of ICL theory.
In this paper, we aim to investigate the question:

When and How to use MM-ICL for modern
LVLMs? To further answer three critical research
questions: (RQ1) When is MM-ICL effective or
ineffective, (RQ2) How to configure MM-ICL for
modern models, (RQ3) How do Post-Training and
Explicit Inputs affect MM-ICL? With these ques-
tions in mind, we conducted a large-scale empiri-
cal study focused on optimal MM-ICL configura-
tion strategies. Our evaluation is comprehensive
in both breadth and depth, covering representa-
tive LVLMs spanning diverse capability levels, pa-
rameter scales (from 7B to 32B), and accessibility
settings (open-source and closed-source), includ-
ing the latest state-of-the-art models such as GPT-
5. We further evaluate these models across eight
cross-domain benchmarks, including mathematical
reasoning, visual grounding, video understanding,
and VQA tasks with varying focuses. Through
systematically evaluating mainstream training-free
MM-ICL strategies across different tasks and mod-
els, we disentangle the relationship between model
capabilities, task characteristics, and MM-ICL con-
figurations.

Based on these extensive evaluations, we summa-
rize several key empirical findings corresponding
to the preceding three research questions: (1) The
role of MM-ICL in contemporary LVLMs appears
to be increasingly task-dependent rather than uni-
formly beneficial. MM-ICL helps in distribution-
shifted settings like VizWiz, but on complex rea-
soning tasks such as MathVista, stronger models
may see little or even negative benefit from demon-
strations. This suggests that for strong zero-shot
models, in-context examples can sometimes disrupt
rather than improve performance. (2) Our compar-
ative analysis shows that, for several contemporary
stronger models evaluated in this study, the perfor-
mance differences among retrieval strategies be-
come relatively small, which is different from the
phenomenon described in early models (Li et al.,
2024b). In some settings, simple retrieval strategies
and even random sampling achieve performance
comparable to more sophisticated methods. (3)
Our analysis further suggest that the performance
of MM-ICL may vary after the model undergoes
post-training. Within the evaluated model families,
instruction tuning improves zero-shot instruction-
following performance while reducing the addi-
tional gains obtained from in-context demonstra-
tions. Preference-aligned variants also exhibit task-

dependent changes in zero-shot and few-shot per-
formance.

The main contributions of this paper can be sum-
marized as follows:

• We conduct extensive MM-ICL evaluations
across diverse LVLMs and multimodal task
domains, providing a systematic comparison
of how contemporary models and earlier base-
lines benefit from in-context demonstrations.

• We identify task- and model-dependent behav-
iors of MM-ICL, showing that demonstrations
remain beneficial in several settings while
yielding limited or negative gains for some
stronger models on specific reasoning and vi-
sual grounding tasks.

• We examine the relationship between post-
training stages and MM-ICL behavior, and
provide an exploratory comparison of explicit
LoRA adaptation and in-context prompting
using the same retrieved demonstrations.

2 Related Work

In-context learning (ICL) has emerged as a power-
ful paradigm where large language models (LLMs)
can solve new tasks by being given a few exam-
ple demonstrations in a prompt rather than being
fine-tuned (Brown et al., 2020; Rubin et al., 2022;
Zhang et al., 2023; Olsson et al., 2022) Recently,
investigations on LVLMs demonstrate that the ICL
paradigm can handle multimodal tasks (Li et al.,
2025a; Awadalla et al., 2023; Baldassini et al.,
2024)

In practice, the effectiveness of ICL is influenced
by a multitude of factors. Prior research in NLP has
extensively investigated the influence of demonstra-
tions, selection (Liu et al., 2022; Rubin et al., 2022),
ordering (Lu et al., 2022), and prompt design on
ICL performance. Similar studies have recently
been extended to Multi-modal ICL (MM-ICL) (Li
et al., 2024b; Chen et al., 2025). However, these
studies remain confined to traditional pre-trained
models. Whether similar conclusions apply to the
latest generation of LVLMs, which incorporate ex-
tensive post-training techniques, remains an open
question.

Complementary to these empirical studies on
demonstration selection and prompt design, a grow-
ing body of theory interprets ICL as an implicit
algorithm executed inside the Transformer.Early
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analyses on linear models show that Transformer-
based in-context learners can implement or ap-
proximate standard estimators such as gradient de-
scent, ridge regression, least-squares regression,
and Bayesian predictors, with the effective algo-
rithm depending on depth, noise level, and architec-
ture design (Akyürek et al., 2023; von Oswald et al.,
2023). Subsequent work further shows that trained
Transformers can learn stable algorithmic proce-
dures at inference time, implement preconditioned
gradient descent, and even perform in-context al-
gorithm selection across different data-generating
processes (Li et al., 2023; Ahn et al., 2023; Bai
et al., 2023). Recent analyses of linear attention
and linear Transformer blocks additionally clarify
how context length, pretraining diversity, and ar-
chitectural components such as MLP layers shape
the risk and approximation behavior of ICL (Zhang
et al., 2024a,b; Lu et al., 2024c). These theoretical
results mainly study simplified unimodal regression
settings, but they provide a useful lens for under-
standing MM-ICL: demonstrations may not merely
provide superficial examples; they can induce an
inference-time update or algorithmic bias that inter-
acts with the model’s pretrained and post-trained
priors.

To further optimize MM-ICL for enhanced ef-
ficacy and stability across an expanding range of
novel scenarios, researchers have introduced var-
ious optimization frameworks. Some approaches
employ lightweight auxiliary models to autoregres-
sively select and arrange demonstrations, capturing
task-specific mappings and ordering dependencies
for optimal sequence configuration (Yang et al.,
2024; Li, 2025; Li et al., 2025b). Some works fo-
cus on inference efficiency by compressing demon-
strations into learnable latent vectors or attention
biases, effectively mimicking the in-context learn-
ing mechanism through internal state shifting with-
out processing raw examples (Peng et al., 2024;
Jiang et al., 2025). These methods typically neces-
sitate the construction of large-scale, high-quality
supervised datasets for training, which imposes
significant computational overhead and data en-
gineering challenges. However, these model- or
data-specific strategies cause the model to lose gen-
eralization and flexibility when deployed in real ap-
plications. In this paper, we focus on training-free
scenarios and provide practical guidelines regard-
ing adaptability and usage principles by analyzing
the performance of MM-ICL across various tasks
and LVLMs with different training strategies.

3 Preliminaries

The Paradigm of In-context Learning. The ICL
paradigm refers to how LLMs can perform new
downstream tasks simply by being given a prompt
consisting of a few demonstrations. We formalize
this problem as follows: Given the task and its a
set of prepared demonstrations D = {d1..., dn},
each di = (xi, yi) includes input xi and output yi.
For a test query xq, ICL constructs a prompt P that
contains several demonstrations {d̂i} ⊆ D, with
which the LLMs generate the corresponding output
yq. In this work, we focus on the multimodal ICL
(MM-ICL), where each input xi has both textual
and visual tokens.

The Explanation of In-context Learning. The
mechanistic essence of ICL is formally conceptu-
alized as a process of implicit parameter optimiza-
tion (Dherin et al., 2025). Under this framework, a
transformer block is viewed as a specific instance
of a contextual block, which consists of a contex-
tual layer A(·) (generalizing structures such as self-
attention or RNNs) stacked with a subsequent neu-
ral layer MW (typically an MLP). The contextual
layer implicitly transforms the provided demonstra-
tions C = {d̂1, . . . , d̂n} into a low-rank weight
update for the weight matrix W of the neural layer.
This allows the model to behave as if it has under-
gone a task-specific fine-tuning step at inference
time without explicit gradient updates. Formally,
the output of a contextual block on query xq con-
ditioned on context C, denoted as TW (C, xq), is
equivalent to the execution of an updated weight
matrix W ′ = W +∆W on the query alone:

TW (C, xq) = TW+∆W (xq), (1)

where ∆W is a rank-1 implicit update derived from
the context:

∆W =
(W∆A)A(xq)

⊤

∥A(xq)∥2
. (2)

In this formulation, A(xq) represents the output of
the contextual layer without context, and ∆A =
A(C, xq)−A(xq) is the context vector that captures
task-specific information from the demonstrations.

Crucially, this implicit fine-tuning is not a single
global event but is executed independently and se-
quentially across the stacked layers of the model.
As the context information flows through each suc-
cessive block, the contextual layer of the l-th layer
generates a local weight update ∆W (l) based on its
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specific hidden representations. This update recon-
figures the mapping rules of the l-th MLP, and the
resulting output serves as the refined input for the
(l + 1)-th layer. This layer-wise recursive process
identifies the processing of demonstrations in ICL
with implicit gradient descent dynamics, whereby
the entire model dynamically re-organizes its in-
ternal logic to adapt to the intended multimodal
task.

4 When and How to use MM-ICL for
modern LVLMs?

As LVLMs evolve from pre-trained baselines to so-
phisticated, instruction-tuned, and human-aligned
systems, the prevailing assumption that “more con-
text yields better performance” requires rigorous
re-examination. To systematically address the re-
search questions, we establish a three-dimensional
analytical framework. This framework decon-
structs the interactions among task characteristics,
configuration strategies, and the intrinsic priors of
strong models, formulating specific hypotheses to
guide our experimental validation.

4.1 RQ1: When is MM-ICL effective or
ineffective?

While ICL is widely recognized for its ability to fa-
cilitate rapid adaptation to downstream tasks, its ef-
fectiveness is not uniform across all scenarios. We
aim to identify specifically which models benefit
from ICL and in which task domains this paradigm
remains applicable.

Based on the theory of implicit weight updates
discussed in Section 3, ICL can be characterized as
a process of inference-time learning. Since demon-
strations do not explicitly provide the ground truth
for the test query, the model must rely on implicit
parameter updates to rapidly identify the task for-
mat and requirements. However, modern LVLMs
have already established robust reasoning capa-
bilities and logical priors through extensive post-
training, such as instruction tuning and RLHF. Ex-
trapolating from this theory, for the tasks where
the model is already highly fitted, the additional
weight updates triggered by in-context demonstra-
tions may disrupt the model’s established logic,
leading to performance degradation. Conversely,
for out-of-distribution (OOD) tasks with unique
formats where the model’s post-training is insuffi-
cient, this mechanism serves as a crucial adaptation
tool to bridge the domain gap and enhance perfor-

mance.

To verify this, we curate diverse datasets rang-
ing from General VQA to Complex Reasoning
tasks. These benchmarks cover distinct data dis-
tributions and cognitive demands. By evaluating
varying model architectures against these datasets,
we systematically investigate the boundaries of ICL
effectiveness, determining where it serves as a cat-
alyst and where it might act as a hindrance.

4.2 RQ2: How to configure MM-ICL for
modern models?

How to best configure in-context demonstrations
remains a widely discussed topic. Previous efforts
have analyzed the factors affecting MM-ICL ef-
fectiveness (Qin et al., 2024), and specifically ex-
plored demonstration strategies for VQA (Li et al.,
2024b). While these studies established founda-
tional paradigms, they were largely restricted to
earlier model architectures and traditional tasks. To
complement and extend these findings, our study
investigates whether such configurations remain ef-
fective for next-generation frontier models across a
more diverse range of benchmarks, including com-
plex logical reasoning and format-sensitive scenar-
ios. To address this, we conduct extensive studies
utilizing multiple retrieval strategies (e.g., random
vs. semantic) and varying shot counts. Our goal is
to explore the “configuration boundarie” of MM-
ICL and determine whether new models exhibit
different sensitivities to context quality and quan-
tity compared to their predecessors.

4.3 RQ3: How do Post-Training and Explicit
Inputs affect MM-ICL?

Our third research question investigates why dif-
ferent LVLMs may exhibit different responses to
in-context demonstrations. Modern LVLMs often
undergo multiple post-training stages, such as in-
struction tuning and preference alignment, which
may alter their instruction-following behavior, rea-
soning patterns, and sensitivity to additional con-
text.

To investigate the specific impact of these post-
training stages on ICL performance, we design
comparative experiments to isolate the effects of
instruction tuning and preference alignment, ana-
lyzing whether “alignment” comes at the cost of
in-context learnability.
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Table 1: Comprehensive performance comparison of LVLMs across five diverse task domains. The “↑↑” metric
indicates the absolute gain of the best few-shot performance over the zero-shot baseline. Bold and underline denote
the highest and second-highest improvements within each benchmark, respectively.

Large Visual Language Models

LLaVa-1.5 Qwen2.5-VL-7B InternVL3 Deepseek-VL IDEFICS Qwen2.5-VL-32B GPT-5

TASK 1: Logical Reasoning (Accuracy %)

MathVista
Zero-shot 25.80 60.40 70.00 36.40 21.20 64.40 79.40
MM-ICL 33.80 57.60 66.60 40.80 36.20 62.40 79.80

↑↑ 8.00 -2.80 -3.40 4.40 15.00 -2.00 0.40

MMMU
Zero-shot 33.30 51.20 56.10 35.30 32.80 57.30 62.00
MM-ICL 43.80 51.60 56.56 35.40 32.80 61.80 63.00

↑↑ 10.50 0.40 0.46 0.10 0.00 4.50 1.00

TASK 2: General VQA (Consensus Accuracy %)

OKVQA
Zero-shot 56.24 50.98 56.20 57.51 18.18 53.69 35.72
MM-ICL 68.63 63.51 69.23 67.83 62.15 62.40 57.24

↑↑ 12.39 12.53 13.03 10.32 43.97 8.71 21.52

VQAv2
Zero-shot 74.18 80.60 79.67 77.88 40.15 78.64 63.50
MM-ICL 84.67 80.90 85.63 84.80 80.50 79.76 80.02

↑↑ 10.49 0.30 5.96 6.92 40.35 1.12 16.52

VizWiz
Zero-shot 59.56 62.54 49.23 49.19 34.94 63.18 53.36
MM-ICL 71.35 73.91 74.71 72.64 71.70 68.68 65.44

↑↑ 11.79 11.37 25.48 23.45 36.76 5.50 12.08

TASK 3: Chart & Doc Understanding (Relaxed Accuracy %)

ChartQA
Zero-shot 19.40 84.80 78.30 65.80 14.30 83.96 79.90
MM-ICL 29.30 84.80 83.60 63.30 27.40 84.53 87.24

↑↑ 9.90 0.00 5.30 -2.50 13.10 0.57 7.34

TASK 4: Visual Grounding (Acc@IoU≥0.5 (%))

RefCOCOg
Zero-shot 34.90 86.10 61.60 47.50 2.70 79.22 5.60
MM-ICL 26.40 61.60 76.90 35.40 13.70 86.10 9.40

↑↑ -8.50 -24.50 15.30 -12.10 11.00 6.88 3.80

TASK 5: Video Understanding (Accuracy %)

MVBench
Zero-shot − 60.00 67.00 − − 55.60 59.60
MM-ICL − 65.60 75.60 − − 63.30 64.40

↑↑ − 5.60 8.60 − − 7.70 4.80

Average Improvement 7.80 0.36 8.84 4.37 22.88 4.12 8.43

5 Experimental Setup

Models and Tasks. We evaluate seven LVLM
configurations from six model families, includ-
ing open-weight models ranging from 7B to 32B
and the closed-source frontier model. specifically
IDEFICS (Laurençon et al., 2023), LLaVA-1.5 (Liu
et al., 2024), Deepseek-VL (Lu et al., 2024a),
Qwen2.5-VL-7B, Qwen2.5-VL-32B (Bai et al.,
2025), and InternVL3 (Zhu et al., 2025) and GPT-5.
Our evaluation spans five distinct task categories:
General VQA (Marino et al., 2019; Goyal et al.,
2017; Bigham et al., 2010), Reasoning (Lu et al.,
2024b; Yue et al., 2024), Visual Grounding (Mao
et al., 2016), Chart Reasoning (Masry et al., 2022),
and Video Understanding (Li et al., 2024a), uti-
lizing task-specific metrics for assessment. Note
that video understanding tasks are exclusively con-
ducted on models equipped with native video capa-
bilities.

MM-ICL Configuration. Following mainstream
strategies (Li et al., 2024b; Qin et al., 2024), we
construct the final input sequence by combining

a system prompt, retrieved demonstrations, and
the user query, all formatted according to each
model’s specific conversation template. To inves-
tigate the impact of example selection, we com-
pare five strategies: Random Select (RS); Visual
Retrieval (VR) based on image similarity; Text Re-
trieval (TR) utilizing question semantics; Semantic
Pair Retrieval (SPR) focusing on QA logic; and
Multimodal Retrieval (MR) via joint embeddings.
Comprehensive experimental settings are detailed
in Appendix A.

6 Results Analysis

6.1 When is MM-ICL Effective or Ineffective?
Overall effects of MM-ICL across models. Ta-
ble 1 presents the MM-ICL performance of dif-
ferent LVLMs across five task categories. The
results show that the overall effect of MM-ICL
differs substantially across models. IDEFICS, an
earlier model with relatively limited zero-shot ca-
pability, obtains a large average improvement of
22.88 points after introducing in-context demon-
strations. In comparison, the gains are smaller and
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Figure 2: Model Performance Across Different Strategies. bars with a dotted pattern indicate the best result, while
bars with a diagonal hatched pattern represent the second-best result within each model group

Table 2: Exploratory comparison of zero-shot inference,
standard 4-shot MM-ICL, and LoRA-based test-time
adaptation. Each model–task setting uses 100 evaluation
samples.

Model Dataset Zero-shot 4-shot MM-ICL LoRA TTT

Qwen2.5-VL-7B MathVista 42% 41% 43%
Qwen2.5-VL-7B MMMU 48% 43% 49%
InternVL3-8B MathVista 55% 49% 54%
InternVL3-8B MMMU 45% 46% 46%

more task-dependent for several stronger models.
Qwen2.5-VL-7B shows only a marginal average
improvement of 0.36 points, while Qwen2.5-VL-
32B and GPT-5 achieve average improvements of
4.12 and 8.43 points, respectively. These results
indicate that MM-ICL is not uniformly beneficial
for stronger models. While its overall gains are
limited for models such as Qwen2.5-VL-7B and
Qwen2.5-VL-32B, GPT-5 still benefits noticeably
on several tasks.

Exploratory LoRA-based Adaptation. We
compare standard 4-shot MM-ICL with query-
specific LoRA adaptation on Qwen2.5-VL-7B and
InternVL3-8B, evaluating 100 samples per task on
MathVista and MMMU. For each query, both meth-
ods use the same four retrieved demonstrations:
MM-ICL includes them in the inference context,
whereas LoRA uses them for temporary parameter
updates, followed by inference without demonstra-
tion tokens. Table 2 shows that LoRA adaptation
differs from zero-shot by at most one percentage
point across all four model–task settings, with no
consistent gain observed. Standard 4-shot MM-ICL
yields lower accuracy in three settings, although the
magnitude of the decrease varies. These results pro-
vide an exploratory comparison of two ways to use
retrieved demonstrations. Since LoRA explicitly
updates model parameters, this comparison does
not establish the mechanism underlying MM-ICL.

The Task-specific Suitability of MM-ICL. As
shown by the cross-row comparisons in Table
1, the effectiveness of MM-ICL varies substan-
tially across task categories. In logical reasoning
tasks, MM-ICL provides limited benefits for sev-
eral stronger models and can even lead to perfor-
mance degradation. On MathVista, Qwen2.5-VL-
7B, Qwen2.5-VL-32B, and InternVL3-8B decrease
by 2.80, 2.00, and 3.40 points, respectively, while
GPT-5 achieves only a marginal gain of 0.40 points.
On MMMU, Qwen2.5-VL-7B, InternVL3-8B, and
GPT-5 obtain relatively small gains of 0.40, 0.46,
and 1.00 points, respectively, whereas Qwen2.5-
VL-32B improves by 4.50 points. These results
suggest that, for reasoning-intensive tasks, addi-
tional demonstrations do not consistently provide
substantial benefits to models with strong zero-shot
performance.

In contrast, MM-ICL remains beneficial in sev-
eral general VQA and distribution-shifted set-
tings. On VizWiz, which contains low-quality im-
ages and unanswerable questions, Qwen2.5-VL-
7B, InternVL3-8B, Qwen2.5-VL-32B, and GPT-5
improve by 11.37, 25.48, 5.50, and 12.08 points,
respectively. GPT-5 also achieves substantial gains
on OKVQA and VQAv2, improving by 21.52
and 16.52 points. Moreover, on MVBench, MM-
ICL improves Qwen2.5-VL-7B, InternVL3-8B,
Qwen2.5-VL-32B, and GPT-5 by 5.60, 8.60, 7.70,
and 4.80 points, respectively. These results indicate
that MM-ICL remains useful when demonstrations
help models accommodate distribution shifts or
satisfy task-specific output requirements.

Summary. In summary, MM-ICL is strongly de-
pendent on both model and task. While earlier
models like IDEFICS benefit clearly, stronger mod-
els show more selective gains. It often helps lit-
tle or even hurts on reasoning-heavy tasks, but re-
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marks of different models across varying k-shot settings.

mains useful on VQA and distribution-shifted tasks
such as VizWiz, even for strong models like GPT-5.
Therefore, MM-ICL should be applied selectively
rather than assumed to be universally beneficial.

6.2 How to configure MM-ICL for modern
models?

Retrieval Strategy. Figure 2 presents a compar-
ative analysis of various LVLMs across different
retrieval strategies. The experimental results show
that MR and SPR generally achieve strong per-
formance, ranking as either the best or second-
best strategies across multiple models. This in-
dicates that demonstrations retrieved using multi-
modal and semantic information remain effective
choices for MM-ICL. Meanwhile, the influence
of retrieval strategy becomes less pronounced for
stronger models. Specifically, the gap between
the best and worst strategies is 11.5 points for
IDEFICS, but decreases to 3.1, 1.7, 1.8, and 1.0
points for Qwen2.5-VL-7B, InternVL3-8B, GPT-5,
and Qwen2.5-VL-32B, respectively. These results
suggest that, although MR and SPR remain gen-
erally reliable strategies, modern LVLMs are less
sensitive to the specific retrieval method used.

Demonstration Number. Figure 3 presents the
average scores achieved by different models un-
der various k-shot configurations. Model behav-
iors vary significantly across different architec-
tures. IDEFICS shows consistent improvement
as the number of demonstrations increases. Con-
versely, models with high zero-shot baselines, such
as Qwen2.5-VL-7B, experience a performance de-
cline. This suggests that external examples may
conflict with their internal priors. The most signifi-
cant performance shift occurs during the transition

Table 3: Comparison of performance gains for
IDEFICS2-Base and IDEFICS2-Instruction under Zero-
shot with instruction (Inst. Gain) and 2-shot (ICL Gain)
settings.

Dataset Inst. Gain (Zero-shot) ICL Gain (2-shot)

Base Instruct Base Instruct

VQAv2 -29.9 +0.4 +22.4 -1.7
OKVQA -13.6 -1.6 +30.2 +0.6
VizWiz -12.9 +16.7 +50.7 +30.0
MMMU -2.4 +5.4 -14.2 +2.2
ChartQA 0.0 0.0 +10.5 +1.1
RefCOCOg +0.4 +1.8 +2.1 -0.5
MathVista +3.0 -2.5 +5.5 +0.8

Average -7.9 +2.9 +15.3 +4.6

from zero-shot to one-shot. Beyond k = 1, perfor-
mance gains diminish or stabilize for most models.
Therefore, a single demonstration is often sufficient
to define the task format, while additional examples
provide limited benefit.

Summary. In conclusion, for modern LVLMs,
the dependency on specific retrieval algorithms de-
creases as model capabilities scale. We therefore
suggest prioritizing generally robust retrieval strate-
gies as a sufficient baseline. Instead, the focus
should shift to strictly limiting demonstration quan-
tity. Our findings show that heavily instruction-
tuned models perform best with a 1-shot setup, as
additional examples tend to introduce contextual
noise and degrade zero-shot priors. Thus, the “Ro-
bust Retrieved 1-shot" configuration emerges as
the most efficient and stable strategy for real-world
applications.

6.3 How Post-Traing influence the MM-ICL
performance

MM-ICL under Instruction Tuning. To quan-
tify the influence of instruction tuning on ICL per-
formance, we conduct a comparative analysis us-
ing the base and instruction-tuned versions of the
IDEFICS2 model family. As illustrated in Table
3, when examining zero-shot performance with
instructions alone, the base model suffers an aver-
age decline of 7.9%, while the instruction-tuned
model yields a 2.9% gain. This indicates that the
instruction tuning indeed significantly enhances
the model’s ability to follow natural language in-
structions. However, the instruction-tuned model
demonstrates a significantly lower performance
gain from MM-ICL compared to the base model.
Specifically, the IDEFICS2-Base model achieves a
significant average gain of 15.3% under the MM-
ICL setting, whereas the IDEFICS2-Instruction
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Figure 4: Comparison of Instruction Tuning Model and MPO Alignment Model. MPO stands for InternVL3 with
MPO alignment; k denotes the number of demonstrations (k = 0 means non-ICL).

model shows a limited improvement of only 4.6%.
This comparison suggests that instruction tuning
improves instruction-following performance while
reducing the additional gains obtained from MM-
ICL within the IDEFICS2 model family.

MM-ICL under Preference Alignment. To fur-
ther investigate the impact of preference align-
ment on MM-ICL, we perform a comparative anal-
ysis between the original instruction-tuned and
MPO versions of InternVL3 models (Zhu et al.,
2025), the latter of which incorporates an addi-
tional preference alignment stage (Wang et al.,
2024b). As illustrated in Figure 4, in the zero-
shot setting (k = 0), InternVL3-MPO exhibits a
performance decline compared to the instruction
version on several tasks, especially the format-
sensitive tasks (i.e., VizWiz and ChartQA). For
instance, the VizWiz score drops notably from 66.7
to 52.1, and the ChartQA score drops from 83.6
to 80.4. Conversely, on the reasoning-intensive
task MathVista, the MPO-aligned model achieves
a superior zero-shot score of 66.0, compared to
61.0 for the instruction-tuned model. However,
introducing MM-ICL (k = 2) significantly alters
this landscape: on tasks like VizWiz, ChartQA
and RefCOCOg, InternVL3-MPO gains substan-
tial improvements (e.g., VizWiz rising to 69.9),
or even surpassing the instruction baseline (e.g.,
RefCOCO reaching 77.0). These results indicate
that while the MPO alignment process enhances
specific reasoning capabilities, it may temporar-
ily weaken zero-shot proficiency in other domains.
Crucially, MM-ICL can serve as a key activator,
helping the MPO model recapture its suppressed
capabilities in certain tasks. This activation di-
minishing returns in domains where the model is
already highly optimized.

Summary. Overall, post-training changes how
LVLMs benefit from in-context demonstrations. In-
struction tuning reduces the additional MM-ICL
gains in the IDEFICS2 comparison, while prefer-
ence alignment changes the task-wise behavior of
InternVL3 and leaves room for MM-ICL to recover
performance on selected tasks. These findings are
consistent with our observations in Section 6.1: for
modern LVLMs, the usefulness of MM-ICL de-
pends on the model state and the target task.

7 Conclusion

This study systematically investigates the effective-
ness and configuration of Multi-Modal In-Context
Learning (MM-ICL) for modern Large Vision-
Language Models (LVLMs). Our experiments
across seven LVLM configurations from six model
families and eight cross-domain benchmarks show
that MM-ICL remains beneficial for several out-
of-distribution and format-sensitive tasks, while
providing limited or even negative gains on some
complex reasoning tasks for stronger models. Fur-
thermore, we find that as model capabilities scale,
the performance disparity between advanced re-
trieval strategies and random sampling diminishes,
with a demonstration often being sufficient to de-
fine task intent.Meanwhile, our controlled analy-
ses suggest that post-training stages influence how
models benefit from in-context examples We hope
these findings will provide practical recommenda-
tions for selecting MM-ICL strategies and guide
future research in understanding the evolving inter-
action between context and model capabilities.

Limitation

Although this study evaluates MM-ICL across
LVLMs with different capability levels and acces-
sibility settings, several limitations remain. First,
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our experiments mainly focus on short-form mul-
timodal tasks, such as VQA, visual grounding,
and structured reasoning. Whether the observed
model- and task-dependent patterns generalize to
a broader range of frontier LVLMs or open-ended
multimodal interaction scenarios remains to be in-
vestigated. Second, we employ standard input-
output demonstrations without considering more
structured prompting strategies, such as Chain-of-
Thought, which may influence MM-ICL perfor-
mance on reasoning-intensive tasks. Finally, our
exploratory LoRA adaptation experiment covers
two models and two tasks, with 100 evaluation
samples per task and a single adaptation configura-
tion. Its findings are limited to these settings and do
not establish the mechanism underlying MM-ICL.
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A Implementation Details

A.1 Dataset

This section details the dataset splitting strategies
and specific evaluation sample sizes employed in
our study. For datasets possessing standard parti-
tions (i.e., Training/Validation or Validation/Test
splits)—specifically VQAv2, VizWiz, OK-VQA,
ChartQA, and RefCOCOg—we designate the orig-
inal Training or Validation sets as the Support Set
for retrieving in-context demonstrations. Conse-
quently, the original Validation or Test sets serve as
the final Evaluation Set to assess ICL performance.

For comprehensive benchmarks with specific
structures, we adopt the following splitting pro-
tocols:

• MMMU: We utilize the Dev split as the Sup-
port Set and the Val split as the Evaluation
Set, aggregating samples across different cate-
gories.

• MathVista: The TestMini subset is randomly
partitioned into Support and Evaluation sets
at a 1:1 ratio.

• MVBench: Samples from all tasks are mixed
and subsequently split with a ratio of 70% for
the Support Set and 30% for the Evaluation
Set.

To balance evaluation comprehensiveness with
computational efficiency, the specific sample sizes
used for evaluation are detailed in Table 4.

Dataset Evaluation Size Support Size

VQAv2 5,000 443,757
OK-VQA 5,000 9,009
VizWiz 4,319 23,954
ChartQA 1,920 28,299
RefCOCOg 1,000 7,573

MMMU 900 150
MathVista 500 500
MVBench 500 2,660

Table 4: Overview of the evaluation sample sizes across
different datasets.

A.2 ICL Configuration Strategies

To systematically investigate the impact of demon-
stration selection, we implement five distinct re-
trieval strategies. These strategies range from
stochastic selection to advanced multimodal match-
ing:

• Random Select (RS): As a baseline, exam-
ples are randomly sampled from the support
corpus without considering the input query.

• Visual Retrieval (VR): This method utilizes
a pre-trained visual encoder (e.g., CLIP) to
identify and retrieve examples that are visually
coherent with the query image or video.

• Text Retrieval (TR): We compute semantic
vector similarity between the textual compo-
nent of the user’s query and the questions in
the support set to find semantically relevant
examples.

• Semantic Pair Retrieval (SPR): To capture
both the task logic and the expected answer
format, this strategy calculates the similarity
between the user’s input question and the can-
didate “Question-Answer” pairs.

• Multimodal Retrieval (MR): This approach
employs a unified multimodal encoder to map
image-text pairs into a shared embedding
space, facilitating the retrieval of examples
based on holistic multimodal similarity.

Encoder Implementation. To enable the re-
trieval strategies described above, we employ spe-
cific encoders tailored to different modalities:

• Text-Encoder: We utilize the Qwen3-
embedding model to encode textual queries
and captions.

• Visual-Encoder: For static images, we em-
ploy CLIP (ViT-L/14) for feature extraction.
For video inputs, features are extracted using
InternVideo2.

• Multi-modal Encoder: We leverage BLIP-
2 to extract joint embeddings for image-text
pairs, ensuring alignment across modalities.

A.3 Prompt Construction and Inference
Settings

We explicitly design distinct instructions tailored
to different types of tasks to ensure clarity and
adherence to the model’s capabilities.

General VQA. For standard visual question an-
swering tasks such as VQAv2 and OKVQA, the
instruction emphasizes conciseness. The prompt
is:
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Instruction: provide an answer to the question. Use
the image to answer. Answer with a single word or
phrase.

For the VizWiz dataset, which contains unan-
swerable visual queries, we append a specific
clause to handle uncertainty:

Instruction: provide an answer to the question. Use
the image to answer. Answer with a single word or
phrase. If you don’t know the answer, just answer
‘unanswerable’.

Video Understanding. For video tasks like
MVBench, the model is required to attend to tem-
poral dynamics and specific object details. The
system prompt is:

Carefully watch the video and pay attention to
the cause and sequence of events, the detail and
movement of objects, and the action and pose of
persons. Based on your observations, select the
best option that accurately addresses the question.

Visual Grounding. For RefCOCOg, strict for-
matting constraints are applied to the output coor-
dinates. The prompt specifies the bounding box
normalization and ordering:

Bounding box coordinates are specified in the for-
mat (top-left x, top-left y, bottom-right x, bottom-
right y). All values are floating point numbers
bounded between 0 and 1. Only answer with box
coordinates in this format:(0.20, 0.35, 0.80, 0.55)
Please provide the bounding box coordinate of the
region this sentence describes:

Reasoning Tasks. For MMMU, the instruction
varies by question type. For multiple-choice ques-
tions, we use:

Answer with the option’s letter from the given
choices directly.

Whereas for open-ended questions, the prompt is
simply “Answer the question using a single word
or phrase.”.

For MathVista, we employ dynamic prompts
based on the required answer format. For questions
requiring an integer answer, the prompt is:

Please answer the question requiring an integer
answer and provide the final value, e.g., 1, 2, 3, at
the end.

For questions requiring floating-point precision
(e.g., two decimal places), we explicitly instruct

the model:

Please answer the question requiring a floating-
point number with two decimal places and provide
the final value, e.g., 1.23, 1.34, 1.45, at the end.

Similarly, customized prompts are applied for text-
based choices, 1-decimal floats, and list outputs to
match the evaluation scripts strictly.

Decoding Settings. To eliminate the influence
of sampling stochasticity on the evaluation of ICL
strategies and to ensure the reproducibility of our
results, we employ Greedy Decoding (i.e., temper-
ature set to 0) across all model generation phases.

A.4 Exploratory LoRA-based Adaptation
Motivated by the theoretical perspective discussed
in Sec. 3, we compare two ways of using retrieved
demonstrations: standard MM-ICL and explicit
LoRA adaptation. We evaluate Qwen2.5-VL-7B
and InternVL3-8B on MathVista and MMMU, us-
ing 100 evaluation samples per task. This experi-
ment provides an exploratory comparison of their
observed performance.

Adaptation Configuration We use the following
configuration:

• Target Modules: LoRA adapters are applied
to the MLP layers within the Transformer
blocks. Only the adapter parameters are train-
able; all original model parameters remain
frozen.

• Adapter Rank: We use rank-1 LoRA
adapters (r = 1), motivated by the low-rank
adaptation perspective in Sec. 3. This choice
constrains the adaptation capacity but does not
establish equivalence with implicit updates
during in-context inference.

• Evaluation and Demonstrations: We evalu-
ate 100 query samples from each of the Math-
Vista and MMMU evaluation sets. For each
query, four demonstrations are retrieved from
the corresponding support set using SPR. The
same four demonstrations are used for both
standard 4-shot MM-ICL and LoRA adapta-
tion. Zero-shot inference serves as the base-
line on the same evaluation queries.

Test-Time Adaptation Pipeline For each query
xq, adaptation and inference are performed inde-
pendently:
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1. Initialization: A temporary LoRA adapter is
attached to the frozen model and initialized
independently for the current query.

2. Adaptation: The adapter is updated using the
four retrieved demonstrations (k = 4). We
use SGD with a learning rate of 1 × 10−3.
The demonstrations are processed sequen-
tially, with one gradient update per demonstra-
tion, yielding four adaptation steps per query.

3. Inference: The adapted model answers xq
without including the retrieved demonstra-
tions in the inference context.

4. Reset: After inference, the temporary adapter
is discarded. The next query starts from the
original frozen model with a newly initialized
adapter, preventing adaptation from accumu-
lating across evaluation queries.

Scope of the Analysis This experiment com-
pares explicit parameter adaptation with standard
in-context prompting using the same retrieved
demonstrations. LoRA introduces gradient-based
optimization, whereas standard MM-ICL leaves
model parameters unchanged. Consequently, dif-
ferences between the two conditions cannot isolate
the causal effect of demonstration tokens or verify
the mechanism underlying MM-ICL. Our obser-
vations are limited to the evaluated models, task
subsets, and adaptation configuration; they do not
establish the general effectiveness or ineffective-
ness of LoRA adaptation.

B Detailed Experimental Results

This appendix reports the complete per-dataset re-
sults underlying the aggregate comparisons in the
main paper. Tables 5 and 6 cover reasoning tasks;
Tables 7–9 cover general visual question answer-
ing; and Tables 10–12 cover structured visual un-
derstanding, visual grounding, and video under-
standing. For all image-based benchmarks, we re-
port seven LVLM configurations under five demon-
stration selection strategies and k ∈ {0, 1, 2, 3, 4}.
For MVBench, we evaluate the four video-capable
models with k ∈ {0, 1, 2}. Since the full tables are
large and are intended primarily for verification,
they are presented as a consecutive table catalogue;
a concise takeaway is placed directly below each
table rather than separated into intervening prose
sections.
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Table 5: Reasoning Task: MathVista. Full results under different demonstration selection strategies and shot
settings.

Strategy Shots (k) LLaVA-1.5-7B Qwen2.5-VL-7B Qwen2.5-VL-32B InternVL3-8B Deepseek-VL IDEFICS GPT-5

RS

k = 0 25.80 60.40 64.40 70.00 36.40 21.20 79.40
k = 1 24.40 53.80 62.00 65.20 37.40 23.00 77.60
k = 2 26.60 52.60 59.80 66.20 36.60 23.40 76.00
k = 3 24.60 52.60 60.20 66.40 38.20 23.60 73.60
k = 4 26.20 52.80 60.80 65.20 37.20 25.00 76.20

Avg. 25.52 54.44 61.44 66.60 37.16 23.24 76.56

VR

k = 0 25.80 60.40 64.40 70.00 36.40 21.20 79.40
k = 1 29.20 53.20 62.20 65.00 35.80 27.20 76.00
k = 2 30.00 56.40 59.80 63.80 38.20 27.00 76.80
k = 3 28.40 57.60 59.80 63.40 38.20 27.80 78.20
k = 4 28.80 54.80 59.40 63.20 40.40 27.80 66.80

Avg. 28.40 56.32 61.28 65.12 37.88 26.16 76.08

TR

k = 0 25.80 60.40 64.40 70.00 36.40 21.20 79.40
k = 1 29.20 53.80 62.40 65.40 35.40 27.20 79.80
k = 2 29.40 55.40 60.20 65.40 38.20 25.20 78.80
k = 3 28.20 57.00 59.80 64.00 37.00 29.20 79.40
k = 4 30.40 57.60 59.40 63.40 39.80 26.60 77.40

Avg. 28.48 56.56 61.36 65.64 37.44 25.84 78.40

SPR

k = 0 25.80 60.40 64.40 70.00 36.40 21.20 79.40
k = 1 33.80 54.20 62.40 66.60 39.40 30.00 78.60
k = 2 32.40 56.20 60.00 65.80 40.80 28.40 79.20
k = 3 30.40 54.60 59.80 62.60 39.60 29.80 78.60
k = 4 28.80 54.80 61.20 62.40 39.40 28.20 66.80

Avg. 30.12 55.88 61.64 65.56 39.16 27.52 76.52

MR

k = 0 25.80 60.40 64.40 70.00 36.40 21.20 79.40
k = 1 32.80 47.80 61.80 60.00 34.40 26.80 68.40
k = 2 32.80 46.20 59.80 58.00 34.60 36.20 68.80
k = 3 30.00 45.80 60.00 58.00 33.00 32.20 66.60
k = 4 28.40 44.40 59.60 57.40 32.60 34.40 66.20

Avg. 29.84 48.76 61.16 60.76 34.24 30.16 69.88

Takeaway: MathVista highlights the potential interference of demonstrations in complex reasoning: while selected examples
benefit weaker models, Qwen2.5-VL-7B, Qwen2.5-VL-32B, InternVL3-8B, and GPT-5 do not exceed their zero-shot results.
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Table 6: Reasoning Task: MMMU. Full results under different demonstration selection strategies and shot settings.

Strategy Shots (k) LLaVA-1.5-7B Qwen2.5-VL-7B Qwen2.5-VL-32B InternVL3-8B Deepseek-VL IDEFICS GPT-5

RS

k = 0 33.30 51.20 57.30 56.10 35.30 32.80 62.00
k = 1 33.80 50.50 57.80 53.40 31.60 28.00 61.40
k = 2 34.60 47.50 57.80 54.80 31.80 24.50 63.00
k = 3 32.50 47.70 54.80 54.70 28.10 27.30 62.10
k = 4 32.40 50.10 58.20 53.80 29.00 25.00 62.50

Avg. 33.32 49.40 57.18 54.56 31.16 27.52 62.20

VR

k = 0 33.30 51.20 57.30 56.10 35.30 32.80 62.00
k = 1 34.30 48.50 55.20 54.00 33.80 24.80 63.00
k = 2 33.50 48.30 56.10 53.40 34.00 22.80 62.00
k = 3 32.80 48.20 55.20 54.60 29.50 26.10 63.00
k = 4 33.30 47.30 56.00 55.50 29.10 25.40 61.30

Avg. 33.44 48.74 55.96 54.74 32.34 26.38 62.40

TR

k = 0 33.30 51.20 57.30 56.10 35.30 32.80 62.00
k = 1 33.30 51.60 56.20 56.10 35.40 32.80 61.60
k = 2 33.30 51.20 57.10 56.10 35.30 32.80 61.70
k = 3 33.30 51.30 56.10 56.00 35.40 32.80 60.60
k = 4 33.30 51.00 58.00 56.00 35.30 32.80 61.00

Avg. 33.30 51.24 56.94 56.08 35.36 32.80 61.48

SPR

k = 0 33.30 51.20 57.30 56.10 35.30 32.80 62.00
k = 1 34.10 46.80 56.00 53.40 33.10 27.60 61.40
k = 2 34.50 45.50 54.40 52.30 32.70 24.30 62.50
k = 3 35.10 46.80 54.60 53.60 28.80 23.10 62.40
k = 4 33.30 47.40 55.80 54.50 29.40 25.50 61.70

Avg. 34.06 47.54 55.62 53.98 31.88 26.66 62.06

MR

k = 0 33.30 51.20 57.30 56.10 35.30 32.80 62.00
k = 1 38.00 33.40 61.80 54.00 33.80 25.40 60.80
k = 2 41.60 34.40 43.30 54.44 31.40 24.40 61.40
k = 3 43.80 35.60 43.60 55.44 30.90 25.50 62.10
k = 4 42.30 36.30 45.70 56.56 30.30 25.10 61.10

Avg. 39.80 38.18 50.34 55.31 32.36 26.64 61.58

Takeaway: MMMU shows a more model-dependent pattern: MR notably improves LLaVA-1.5-7B, whereas the stronger
models obtain only small gains or remain close to their zero-shot baselines.
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Table 7: General VQA Task: OK-VQA. Full results under different demonstration selection strategies and shot
settings.

Strategy Shots (k) LLaVA-1.5-7B Qwen2.5-VL-7B Qwen2.5-VL-32B InternVL3-8B Deepseek-VL IDEFICS GPT-5

RS

k = 0 56.24 50.98 53.69 56.20 57.51 18.18 35.72
k = 1 54.12 56.70 56.73 57.05 57.50 39.02 45.64
k = 2 54.33 53.75 56.88 57.28 57.44 39.55 45.36
k = 3 53.38 52.52 57.16 57.51 57.69 40.07 47.48
k = 4 52.94 42.12 56.24 57.79 57.66 40.39 48.00

Avg. 54.20 51.21 56.14 57.17 57.56 35.44 44.44

VR

k = 0 56.24 50.98 53.69 56.20 57.51 18.18 35.72
k = 1 54.08 57.02 56.60 58.00 56.92 39.80 43.00
k = 2 54.20 53.80 56.46 57.98 57.72 40.90 45.20
k = 3 53.91 51.85 56.79 58.35 57.61 41.73 46.76
k = 4 53.15 43.42 56.07 54.85 58.38 42.66 48.68

Avg. 54.32 51.41 55.92 56.81 57.63 36.65 43.80

TR

k = 0 56.24 50.98 53.69 56.20 57.51 18.18 35.72
k = 1 43.93 56.54 56.65 56.48 52.15 43.77 46.28
k = 2 44.52 52.26 56.45 57.63 54.69 45.00 49.56
k = 3 53.82 50.59 55.64 57.75 55.43 46.54 51.00
k = 4 43.11 38.80 55.00 58.28 56.02 46.94 49.32

Avg. 48.32 49.83 55.49 57.00 55.16 40.09 46.36

SPR

k = 0 56.24 50.98 53.69 56.20 57.51 18.18 35.72
k = 1 61.42 57.78 56.30 60.26 62.45 49.64 45.60
k = 2 60.55 54.33 56.71 62.64 61.72 51.94 49.64
k = 3 59.16 52.53 57.05 63.54 60.71 53.10 51.72
k = 4 56.38 38.97 56.57 63.80 59.93 52.94 52.60

Avg. 58.75 50.92 56.06 61.02 60.46 45.16 46.88

MR

k = 0 56.24 50.98 53.69 56.20 57.51 18.18 35.72
k = 1 68.63 57.03 56.59 61.47 67.83 52.94 46.40
k = 2 68.37 59.78 59.20 66.48 66.68 57.22 52.88
k = 3 65.62 62.70 61.21 68.48 65.00 60.96 56.48
k = 4 61.67 63.51 62.40 69.23 63.08 62.15 57.24

Avg. 64.11 58.80 58.62 64.10 64.02 50.29 49.70

Takeaway: MM-ICL is broadly effective on OK-VQA, with MR producing substantial gains for several models, suggesting
that demonstrations provide useful knowledge and answer-pattern cues.
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Table 8: General VQA Task: VQAv2. Full results under different demonstration selection strategies and shot
settings.

Strategy Shots (k) LLaVA-1.5-7B Qwen2.5-VL-7B Qwen2.5-VL-32B InternVL3-8B Deepseek-VL IDEFICS GPT-5

RS

k = 0 74.18 80.60 78.64 79.67 77.88 40.15 63.50
k = 1 72.62 80.90 78.50 81.20 77.77 60.88 74.36
k = 2 72.60 80.34 78.23 81.76 77.98 62.62 77.06
k = 3 72.65 80.35 78.40 81.70 78.07 62.89 80.02
k = 4 71.51 80.36 78.34 81.97 78.11 62.86 78.48

Avg. 72.71 80.51 78.42 81.26 77.96 57.88 74.68

VR

k = 0 74.18 80.60 78.64 79.67 77.88 40.15 63.50
k = 1 72.35 80.26 78.36 81.17 76.91 60.69 71.96
k = 2 71.91 79.50 78.15 81.13 77.27 62.56 73.80
k = 3 71.69 79.49 78.34 80.96 77.55 62.99 73.84
k = 4 71.46 79.60 78.37 80.96 77.81 63.25 76.34

Avg. 72.32 79.89 78.37 80.78 77.48 57.93 71.21

TR

k = 0 74.18 80.60 78.64 79.67 77.88 40.15 63.50
k = 1 57.81 79.27 77.55 80.41 63.63 59.45 73.08
k = 2 56.68 78.79 77.14 80.41 67.06 60.76 74.80
k = 3 56.23 78.98 77.25 80.09 68.38 61.33 76.20
k = 4 55.53 79.02 77.36 80.37 68.73 61.55 77.98

Avg. 60.09 79.33 77.59 80.19 69.14 56.65 71.92

SPR

k = 0 74.18 80.60 78.64 79.67 77.88 40.15 63.50
k = 1 78.28 77.78 77.00 82.12 78.75 66.76 74.74
k = 2 74.96 77.96 77.40 82.50 76.62 68.31 75.92
k = 3 74.32 78.77 78.14 82.52 76.56 69.24 78.50
k = 4 72.07 79.29 78.50 83.15 75.09 69.76 79.72

Avg. 74.76 78.88 77.94 81.99 76.98 62.84 73.61

MR

k = 0 74.18 80.60 78.64 79.67 77.88 40.15 63.50
k = 1 82.91 63.23 75.94 82.83 84.15 70.52 73.32
k = 2 84.67 77.28 76.72 84.26 84.58 74.78 76.90
k = 3 84.24 78.38 78.31 84.83 84.80 78.03 78.10
k = 4 84.09 79.52 79.76 85.63 84.80 80.50 79.98

Avg. 81.87 75.80 77.87 83.44 83.24 68.80 73.78

Takeaway: On VQAv2, demonstrations particularly help models with greater zero-shot headroom, whereas Qwen2.5-VL
models receive relatively limited additional benefit.
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Table 9: General VQA Task: VizWiz. Full results under different demonstration selection strategies and shot
settings.

Strategy Shots (k) LLaVA-1.5-7B Qwen2.5-VL-7B Qwen2.5-VL-32B InternVL3-8B Deepseek-VL IDEFICS GPT-5

RS

k = 0 59.56 62.54 63.18 49.23 49.19 34.94 53.36
k = 1 55.16 65.98 67.43 65.74 45.79 34.42 59.22
k = 2 55.42 66.44 67.49 66.62 47.34 37.98 60.78
k = 3 55.85 67.14 65.48 67.12 47.37 40.12 62.36
k = 4 55.46 66.50 60.95 67.11 46.65 41.14 62.22

Avg. 56.29 65.72 64.91 63.16 47.27 37.72 59.59

VR

k = 0 59.56 62.54 63.18 49.23 49.19 34.94 53.36
k = 1 60.34 66.97 68.68 66.61 57.86 51.11 58.60
k = 2 60.41 66.56 66.91 68.82 59.12 54.06 59.16
k = 3 60.98 67.52 65.29 68.92 58.06 55.34 61.90
k = 4 60.14 67.25 59.42 68.92 56.73 56.57 61.58

Avg. 60.29 66.17 64.70 64.50 56.19 50.40 58.91

TR

k = 0 59.56 62.54 63.18 49.23 49.19 34.94 53.36
k = 1 52.04 66.42 68.28 66.27 49.69 43.98 58.06
k = 2 52.04 66.94 66.81 67.22 50.56 47.93 61.22
k = 3 52.89 67.43 64.26 68.04 52.51 51.06 61.90
k = 4 54.01 67.33 60.81 68.57 50.04 52.20 61.98

Avg. 54.11 66.13 64.67 63.87 50.40 46.02 59.34

SPR

k = 0 59.56 62.54 63.18 49.23 49.19 34.94 53.36
k = 1 68.24 67.89 68.41 69.61 67.79 62.32 58.44
k = 2 68.27 68.73 67.67 71.85 69.65 66.64 60.30
k = 3 67.06 69.91 66.49 72.78 69.15 67.21 62.26
k = 4 65.98 70.26 63.24 73.67 67.54 67.65 62.40

Avg. 65.82 67.87 65.80 67.43 64.66 59.75 59.28

MR

k = 0 59.56 62.54 63.18 49.23 49.19 34.94 53.36
k = 1 69.44 69.86 68.37 68.87 71.00 65.24 57.58
k = 2 71.35 69.87 67.27 71.60 72.44 69.42 62.46
k = 3 70.72 73.91 66.83 73.78 72.64 70.72 64.60
k = 4 69.57 73.06 62.68 74.71 72.32 71.70 65.44

Avg. 68.13 69.85 65.67 67.64 67.52 62.40 60.62

Takeaway: VizWiz presents consistently positive MM-ICL behavior, especially under MR and SPR, supporting the value of
demonstrations for difficult or distribution-shifted visual inputs.
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Table 10: Structured Visual Task: ChartQA. Full results under different demonstration selection strategies and
shot settings.

Strategy Shots (k) LLaVA-1.5-7B Qwen2.5-VL-7B Qwen2.5-VL-32B InternVL3-8B Deepseek-VL IDEFICS GPT-5

RS

k = 0 19.40 84.80 83.96 78.30 65.80 14.30 79.90
k = 1 17.08 83.60 83.59 82.10 61.70 16.60 81.41
k = 2 17.03 82.10 83.18 83.60 61.80 17.10 81.15
k = 3 16.30 84.80 83.44 83.20 63.00 16.80 81.61
k = 4 16.30 82.80 83.23 82.80 63.30 16.50 81.98

Avg. 17.22 83.62 83.48 82.00 63.12 16.26 81.21

VR

k = 0 19.40 84.80 83.96 78.30 65.80 14.30 79.90
k = 1 18.02 82.80 83.96 81.60 58.70 17.50 82.40
k = 2 17.80 81.30 84.17 82.60 61.30 17.20 82.40
k = 3 18.20 79.50 83.91 82.20 60.40 18.00 82.66
k = 4 17.50 80.30 83.91 82.90 61.20 18.20 82.86

Avg. 18.18 81.74 83.98 81.52 61.48 17.04 82.04

TR

k = 0 19.40 84.80 83.96 78.30 65.80 14.30 79.90
k = 1 17.90 82.70 84.53 81.10 53.60 18.40 83.54
k = 2 17.20 79.00 83.85 79.80 56.30 19.20 84.32
k = 3 16.00 76.30 84.27 79.30 55.90 18.50 84.79
k = 4 16.10 78.50 84.17 80.70 56.30 19.00 85.47

Avg. 17.32 80.26 84.16 79.84 57.58 17.88 83.60

SPR

k = 0 19.40 84.80 83.96 78.30 65.80 14.30 79.90
k = 1 21.30 82.70 83.96 81.30 55.90 19.50 83.96
k = 2 21.10 78.40 83.49 80.60 57.80 20.10 85.26
k = 3 20.30 76.10 84.22 79.30 57.10 19.90 85.57
k = 4 19.50 78.60 84.27 80.00 57.80 20.00 86.04

Avg. 20.32 80.12 83.98 79.90 58.88 18.76 84.15

MR

k = 0 19.40 84.80 83.96 78.30 65.80 14.30 79.90
k = 1 28.40 82.20 83.80 83.00 61.60 20.80 84.84
k = 2 29.30 79.50 83.44 81.40 61.90 23.60 86.09
k = 3 27.00 76.20 83.75 81.20 63.30 25.30 86.98
k = 4 25.30 79.50 83.80 80.50 62.60 27.40 87.24

Avg. 25.88 80.44 83.75 80.88 63.04 22.28 85.01

Takeaway: ChartQA shows mixed effects: demonstrations improve LLaVA-1.5-7B, IDEFICS, and GPT-5, but do not improve
Qwen2.5-VL-7B over its strong zero-shot baseline.
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Table 11: Visual Grounding Task: RefCOCOg. Full results under different demonstration selection strategies and
shot settings.

Strategy Shots (k) LLaVA-1.5-7B Qwen2.5-VL-7B Qwen2.5-VL-32B InternVL3-8B Deepseek-VL IDEFICS GPT-5

RS

k = 0 34.90 86.10 79.22 61.60 47.50 2.70 5.60
k = 1 19.00 16.70 82.27 74.50 30.70 3.60 2.80
k = 2 17.80 38.50 84.52 75.70 27.50 2.90 4.00
k = 3 15.20 55.00 86.00 74.90 26.00 3.40 5.00
k = 4 17.70 54.10 86.10 75.80 27.30 3.50 3.20

Avg. 20.92 50.08 83.62 72.50 31.80 3.22 4.12

VR

k = 0 34.90 86.10 79.22 61.60 47.50 2.70 5.60
k = 1 26.40 29.10 79.63 73.90 35.40 11.30 4.80
k = 2 20.00 39.00 81.95 76.30 30.10 12.70 6.00
k = 3 17.00 50.50 83.31 76.90 27.80 13.00 7.80
k = 4 16.60 49.40 83.55 74.60 25.80 13.70 7.40

Avg. 22.98 50.82 81.53 72.66 33.32 10.68 6.48

TR

k = 0 34.90 86.10 79.22 61.60 47.50 2.70 5.60
k = 1 21.00 14.40 81.02 73.60 33.10 3.20 2.40
k = 2 18.30 57.90 84.24 74.70 23.20 3.00 3.00
k = 3 16.70 61.60 85.66 76.40 23.80 3.00 2.60
k = 4 15.30 45.40 86.10 75.30 29.10 3.00 4.60

Avg. 21.24 53.08 83.25 72.32 31.34 2.98 3.56

SPR

k = 0 34.90 86.10 79.22 61.60 47.50 2.70 5.60
k = 1 21.00 23.80 78.22 72.40 29.10 12.60 5.40
k = 2 16.70 39.00 81.23 76.20 24.60 12.40 7.60
k = 3 14.50 49.40 83.13 75.00 23.60 12.80 9.00
k = 4 14.50 49.80 83.31 74.80 24.70 13.10 9.40

Avg. 20.32 49.62 81.02 72.00 29.90 10.72 7.12

MR

k = 0 34.90 86.10 79.22 61.60 47.50 2.70 5.60
k = 1 19.90 17.90 78.80 73.60 25.90 5.30 2.80
k = 2 15.70 36.30 83.34 75.20 22.50 4.60 3.80
k = 3 14.50 50.00 84.21 74.50 18.70 6.30 4.00
k = 4 14.60 48.70 84.70 75.80 25.20 6.10 4.80

Avg. 19.92 47.80 82.05 72.14 27.96 5.00 4.32

Takeaway: RefCOCOg is highly unstable under demonstrations: InternVL3-8B and Qwen2.5-VL-32B improve, whereas
several other models degrade substantially, indicating sensitivity to grounding-format interference.
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Table 12: Video Understanding Task: MVBench. Full results under different demonstration selection strategies
and shot settings.

Strategy Shots (k) Qwen2.5-VL-7B Qwen2.5-VL-32B InternVL3-8B GPT-5

RS

k = 0 60.00 55.60 67.00 59.60
k = 1 61.40 57.20 64.60 60.00
k = 2 58.60 56.60 61.00 60.00

Avg. 60.00 56.47 64.20 59.87

VR

k = 0 60.00 55.60 67.00 59.60
k = 1 63.00 60.20 66.20 64.40
k = 2 57.20 59.30 61.40 60.60

Avg. 60.13 59.03 64.93 61.67

TR

k = 0 60.00 55.60 67.00 59.60
k = 1 59.20 53.60 58.20 63.20
k = 2 56.20 54.80 57.80 62.80

Avg. 58.60 55.40 61.73 61.80

SPR

k = 0 60.00 55.60 67.00 59.60
k = 1 63.60 60.20 75.60 –
k = 2 65.60 63.30 69.60 61.80

Avg. 63.47 60.17 71.27 61.70

MR

k = 0 60.00 55.60 67.00 59.60
k = 1 63.20 61.60 68.00 60.60
k = 2 60.80 61.40 66.00 63.40

Avg. 61.67 60.00 66.80 61.40
Takeaway: On MVBench, a small number of appropriately selected examples is sufficient to yield improvements; SPR is
particularly effective for the open-weight video-capable models.
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