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Abstract

Vision-language models (VLMs) have achieved impressive
performance across a wide range of multimodal reasoning
tasks, but they often struggle to disentangle fine-grained vi-
sual attributes and reason about underlying causal relation-
ships. In-context learning (ICL) offers a promising avenue
for VLMs to adapt to new tasks, but its effectiveness criti-
cally depends on the selection of demonstration examples.
Existing retrieval-augmented approaches typically rely on
passive similarity-based retrieval, which tends to select cor-
related but non-causal examples, amplifying spurious as-
sociations and limiting model robustness. We introduce
CIRCLES (Composed Image Retrieval for Causal Learn-
ing Example Selection), a novel framework that actively
constructs demonstration sets by retrieving counterfactual-
style examples through targeted, attribute-guided composed
image retrieval. By incorporating counterfactual-style ex-
amples, CIRCLES enables VLMs to implicitly reason about
the causal relations between attributes and outcomes, mov-
ing beyond superficial correlations and fostering more ro-
bust and grounded reasoning. Comprehensive experiments
on four diverse datasets demonstrate that CIRCLES consis-
tently outperforms existing methods across multiple archi-
tectures, especially on small-scale models, with pronounced
gains under information scarcity. Furthermore, CIRCLES
retrieves more diverse and causally informative examples,
providing qualitative insights into how models leverage in-
context demonstrations for improved reasoning. Our code
is available at https://github.com/gzxiong/
CIRCLES.

1. Introduction

Vision-language models (VLMs) have recently demon-
strated remarkable generalization across a wide spectrum
of visual reasoning tasks, achieving impressive results on
tasks such as visual question answering [4, 16, 47], im-
age captioning [8, 50], and multimodal classification [1,
14, 38]. This progress is largely attributed to their rich
multimodal representations learned through large-scale pre-
training. However, in practice, VLMs often struggle with

fine-grained and attribute-sensitive visual reasoning, set-
tings prevalent in real-world vision applications [11, 19,
24].

To address these challenges, in-context learning (ICL)
has emerged as a powerful paradigm, enabling VLMs to
rapidly adapt to new tasks by conditioning on a small set
of demonstration examples provided at test time [3, 43, 51].
Recent work in visual ICL has highlighted the crucial role
of retrieval-based selection strategies for constructing effec-
tive demonstration sets [9, 12, 28]. Standard approaches,
such as RICES (Retrieval-based In-Context Example Se-
lection) [3, 48], assemble in-context examples by identi-
fying the nearest neighbors to the query image within the
embedding space. Follow-up works such as MUIER [32]
and MMICES [13] augment this process by leveraging mul-
timodal similarity metrics that jointly consider both visual
and textual features, enhancing the relevance of retrieved
examples to the query.

Despite these advances, such similarity-oriented selec-
tion can lead to systematic errors when critical attributes
are entangled with irrelevant co-occurrences. Because these
retrieval baselines do not explicitly control or intervene on
causal factors, models prompted with their selected demon-
strations often learn to mimic surface correlations rather
than identify the attributes that truly determine the answer.
This limitation becomes more pronounced under informa-
tion scarcity or distribution shifts, where relying solely on
correlated neighbors offers little guidance on how chang-
ing specific attributes affects the outcome. These obser-
vations motivate approaches that go beyond similarity and
instead curate demonstration sets that expose disentangled,
attribute-level variations.

To address the limitations above, we introduce CIR-
CLES (Composed Image Retrieval for Causal Learning Ex-
ample Selection), a new framework for visual in-context
learning that explicitly incorporates counterfactual reason-
ing signals into the example selection process. Unlike prior
work that selects examples only by image similarity, CIR-
CLES constructs demonstration sets by explicitly collecting
attribute-level counterfactual-style examples via composed
image retrieval (CIR), and combining them with standard
similarity-based examples to create an informative context.

24352


https://github.com/gzxiong/CIRCLES
https://github.com/gzxiong/CIRCLES

Standard Image
Retrieval

Composed Image
Retrieval

Golden-winged Warbler

Correlational Understanding

Causal Understanding

Figure 1. Illustration of how composed image retrieval provides
additional causal understanding.

As illustrated in Figure 1, standard similarity-based re-
trieval provides examples that are visually close to the query
but may share irrelevant or confounding attributes. In con-
trast, by retrieving and composing images that reflect con-
trolled interventions on key attributes (e.g., changing the
belly pattern to solid while keeping other attributes as simi-
lar as possible), CIR identifies examples that isolate the ef-
fect of each attribute on the answer (e.g., similar images
with a solid belly pattern are labeled as Pine Warbler), pro-
viding more causally informative demonstrations for ICL.

By composing causally informative examples with
similarity-based demonstrations, CIRCLES constructs
demonstration sets that better reveal the underlying fac-
tors driving the correct answer, enabling VLMs to learn
disentangled, robust, and interpretable reasoning strategies.
Our experiments on four benchmark datasets demonstrate
that CIRCLES consistently outperforms existing ICL meth-
ods across a range of VLM architectures, with pronounced
improvements on small-scale VLMs where models’ inter-
nal knowledge is limited. CIRCLES is especially effective
under challenging conditions such as information scarcity,
where the performance gap widens as relevant data becomes
limited. Qualitative analysis further shows that CIRCLES
retrieves more diverse and informative examples that clar-
ify critical attributes, providing insights into the ICL pro-
cess. Our main contributions are as follows:

* We propose CIRCLES, a novel ICL framework that en-
riches demonstration sets by retrieving counterfactual
examples, moving beyond standard similarity-based re-
trieval.

* Empirical evaluations on multiple image classification
and visual question answering datasets demonstrate con-
sistent improvements over existing ICL. methods.

» Additional analyses highlight the strength of CIRCLES in
low-data regimes and explore optimal practices for con-
structing informative demonstration sets.

2. Related Work

2.1. Multimodal Reasoning

Vision-language models (VLMs) have rapidly advanced vi-
sual tasks such as visual question answering (VQA), im-
age captioning, and multimodal classification by integrat-
ing powerful visual encoders with large language models
[3, 25, 27]. Despite these gains, several studies have high-
lighted the limitations of VLMs in compositional and causal
reasoning, revealing that state-of-the-art systems often rely
on dataset priors or spurious correlations, rather than truly
understanding fine-grained attributes or relational structure
[2, 22, 39]. For instance, models can achieve high aver-
age scores but struggle when asked to reason about the ef-
fect of specific attribute changes or to generalize to out-
of-distribution queries [21]. These observations motivate
methods that structure inference-time evidence around at-
tributes and relations rather than surface similarity.

2.2. Visual In-Context Learning

In-context learning (ICL) enables VLMs to adapt at infer-
ence time via conditioning on a small set of demonstration
examples [3, 10, 43], but the effectiveness of this process is
highly dependent on the structure of the demonstration set
[28, 31, 37]. Recent research has shown the sensitivity of
VLMs to the order, diversity, and retrieval strategies used
to assemble demonstrations [12, 20, 26, 49], demonstrating
that naive similarity-based selection can lead to inconsistent
performance, sensitivity to confounders, and susceptibility
to spurious correlations [7, 18, 52]. These findings motivate
moving beyond nearest-neighbor similarity toward example
sets that are deliberately diverse and task-aligned. Our ap-
proach complements this literature by explicitly introducing
counterfactual examples into the demonstration pool, thus
enriching the reasoning signal available to the model.

2.3. Composed Image Retrieval

Composed image retrieval (CIR) is a closely related area
that focuses on retrieving images matching complex, com-
positionally specified queries, typically combining a refer-
ence image and a manipulation text [15, 40]. Existing CIR
techniques are optimized for retrieval accuracy rather than
downstream reasoning or ICL composition [5, 44]. Datasets
such as FashionlIQ [46] and CIRR [29] have advanced re-
search on controlled attribute modifications, but these works
treat CIR as an end task. Our use of CIR diverges from this
paradigm: instead of retrieving a single modified image, we
leverage CIR to construct a set of counterfactually informa-
tive demonstrations for in-context learning. By integrating
attribute-guided text modifications with VLM-driven cap-
tioning, our method operationalizes CIR as a tool for coun-
terfactual intervention, revealing which attributes meaning-
fully influence downstream predictions.
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Figure 2. Overview of the CIRCLES framework. Given a query image I, and question ()4, the top branch illustrates correlational
understanding via standard image retrieval, while the bottom branch depicts causal understanding using attribute-guided composed image
retrieval with counterfactual captions from the VLM ®. Blue/orange rounded rectangles represent image/text embeddings. Rcorr and Reausal

denote the retrieved in-context examples for answer prediction.

3. Methodology

In this section, we introduce the CIRCLES (Composed
Image Retrieval for Causal Learning Example Selection)
framework, designed to enhance visual in-context learn-
ing for vision-language models (VLMs). CIRCLES does
not aim to perform formal causal identification. Instead,
it leverages composed image retrieval (CIR) to approxi-
mate interventions on key attributes and to facilitate im-
plicit in-context reasoning through contrastive retrieved ex-
amples. We begin by formalizing the problem and estab-
lishing notation. We then detail the CIRCLES pipeline,
which consists of three main components: (1) causal under-
standing through attribute-guided CIR, (2) correlational un-
derstanding via standard image retrieval, and (3) retrieval-
augmented inference.

3.1. Task Formulation and Notation

Let £ = {(I;,Q, Aj)};v:l denote a visual question an-
swering corpus, where I; is an image, ; a natural lan-
guage question, and A; the answer. Given a query (I, Qq),
a VLM @ produces an answer A, conditioned on the query
and an optional retrieved context R C K.

We use a frozen CLIP model E' = (f;, fr) with image
encoder f; and text encoder fr to obtain L2-normalized
embeddings. For each candidate in the training corpus, we
precompute embeddings ZJI- = fr(I;) and ijQ = fr(Q;).
At test time, we compute z} = f1(I;) and z¢ = f1(Q,)

for the query. An overview of our CIRCLES framework is
illustrated in Figure 2.

3.2. Causal Understanding via Attribute-Guided
Composed Image Retrieval

To collect demonstrations for causal understanding, CIR-
CLES identifies semantically meaningful attributes and re-
trieves counterfactual examples through a two-stage pro-
cess.

Key Attribute Identification. Given (I, Q,), we prompt
the VLM @ to extract decisive attribute-value pairs for an-
swering (4 (e.g., the attribute “breast color” has the value
“grey” in Figure 1). Let the set of attributes be

A=A{ay,...,am}, (1)
with corresponding values on I, as
Vv =(V1,...,Um), v =a;(ly). 2)

Each attribute a; has a finite value set V; (e.g., possible col-
ors for “breast color”). These attributes form the basis for
counterfactual intervention.

Counterfactual Example Retrieval. To isolate the influ-
ence of each attribute on the answer, we consider coun-
terfactual variants of the query image by changing one at-
tribute a; from its original value v; to an alternative v} €
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V; \ {v;} while keeping all other attributes fixed. Direct
identification of such counterfactuals in real datasets is gen-
erally infeasible. Therefore, for each attribute a; and can-
didate counterfactual value v}, we prompt the VLM to gen-
erate a counterfactual caption 90(a:=v3) wwhich describes 1, g
under the atomic intervention do(a; = v}) [35] with only
attribute a; set to v} and all ay-; unchanged.

For each candidate example (/;, Q;, A;) in K, we com-
pute the image-caption similarity score

S = 2l D), g

which measures the visual faithfulness of I; to the counter-
factual scenario described by lo(ai=vy),

However, relying solely on image-caption similarity can
result in retrieving examples that visually align with the
counterfactual but are not semantically relevant to the origi-
nal query, particularly when attribute changes alter the con-
text in unintended ways. To address this, we introduce an
additional question-question similarity score

txt _ QT Q
s; =12zg zf, @

which serves as a semantic constraint to ensure that re-
trieved examples not only match the counterfactual at-
tributes but also remain closely related to the original ques-
tion context.

The score for each candidate is computed as

S; = 5"+ sU, (5)

By combining both visual faithfulness and semantic rele-
vance, this scoring function identifies training examples that
best approximate the intended counterfactual scenario for
the given query.

All candidates are ranked according to S, and the top-
kcausal €xamples are selected to form the set

R (vi—vj) = TopK,(S;), ©

K3

where TopK; returns the top examples by the scores.
Aggregating across attributes and sampled counterfactuals
yields the causal retrieval pool:

Reawsat = | R (vi = 7)), (7
i=1
where 0} is one alternative value sampled from V; \ {v;}
for efficiency, especially when V; is large. In practice, we
implement this sampling by prompting the VLM to suggest
a plausible alternative value for each attribute.

3.3. Correlational Understanding via Standard Im-
age Retrieval

To complement causal understanding given by the coun-
terfactual examples, CIRCLES incorporates a correlation-
oriented retrieval stage that provides broader contextual in-
formation. Here, we retrieve images that are most similar to

the query image in the embedding space, without enforcing
any attribute-based intervention or counterfactual modifica-
tion. This approach helps the model leverage common vi-
sual or semantic patterns present in the dataset, supporting
recognition and grounding even when explicit causal factors
are absent.

For query image I, we compute the image-image simi-
larity score for all candidates in /C as

corr _ IT_ 1T
s =12y 7, ®)

and select the top-kco; most similar examples to form the
correlation retrieval set

Reorr = TopK; (s5™). )

While advanced retrieval methods exist [13, 32], we adopt
this standard image-only retrieval for its efficiency and gen-
erality, which matches the standard RICES-style baseline
[3, 48] and cleanly isolates the added value of the pro-
posed causal understanding module. Our experiments in
Appendix E further illustrate that image-only retrieval is
sufficient when the task is dominated by visual similarity
(e.g., classification), while incorporating task text into re-
trieval becomes important as question semantics become
more diverse (e.g., visual question answering).

3.4. Retrieval-Augmented In-Context Learning

The causal and correlational retrieval results are integrated
into a unified context for model inference. The final re-
trieved context is constructed as

R = Reausat U RCO[‘U (10)
which is used as context for answer generation:
Ay =215, Qe R). (11)

By exposing the model to both correlated and counterfac-
tual instances, CIRCLES encourages reasoning that goes
beyond surface-level associations and provides deeper in-
sights into the in-context learning process.

4. Experiments

4.1. Experimental Settings

Datasets. For evaluation, we consider a diverse set of
datasets: CUB [45] and Flowers [34] for fine-grained image
classification, OK-VQA [33] for open-ended visual ques-
tion answering, and VizWiz [17] for real-world visual ques-
tion answering under challenging conditions. For CUB
and Flowers, we report classification accuracy (Acc) and
weighted F1 scores. For OK-VQA and VizWiz, we use ex-
act match (EM) and word-level F1 metrics. These datasets
enable a comprehensive assessment of visual reasoning ca-
pabilities across various domains.
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Table 1. Performance comparison between CIRCLES and baseline methods across different models and datasets. Average scores are
computed by treating accuracy (Acc) as EM for classification tasks and averaging EM and F1 across all datasets. The best results for each

model and dataset are highlighted in bold.

CUB Flowers OK-VQA VizWiz Average
Model Method
Acc Fl1 Acc Fl1 EM Fl1 EM F1 EM Fl1
None 10.56  8.19 46.76 46,50 19.12 26.70 39.85 57.26 29.07 34.66
Random 9.98 8.10 37.01 39.51 2481 3074 51.84 67.08 3091 36.36
Gemma3 RICES 6540 67.62 86.70 8743 26.65 3272 56.08 70.40 58.71 64.54
-4B MUIER 6521 6742 86.39 8728 26.87 3282 56.59 70.75 58.77 64.57
MMICES 1395 1098 38.09 38.20 2624 3241 5272 6821 3275 3745
CIRCLES 7197 7239 9332 9349 3127 36.89 57.61 7135 63.54 68.53
None 30.34  25.02 6751 6433 2547 3389 56.82 7126 4504 48.62
Random  29.27 2582 7128 71.56 3359 39.56 70.13 80.54 51.07 54.37
Gemma3 RICES 7637 7625 9644 96.29 36.86 42.61 7398 8343 7091 74.65
-12B MUIER  76.51 7639 9642 96.28 36.58 4230 7372 83.04 70.81 74.50
MMICES 36.37 31.61 7136 69.13 3512 40.85 7150 81.56 53.59 55.79
CIRCLES 77.03 7690 97.77 97.75 37.75 4323 17430 8235 7171 75.06
None 7.09 597 2257 24.04 4229 46.12 7583 7858 3695 38.68
Random 1581 15.63 41.76 4457 4154 4530 7448 7740 4340 45.73
Qwen2.5 RICES 7226 73.88 93.06 92.84 4257 4626 7080 73.37 69.67 71.59
-VL-3B MUIER 7225 73.87 93.06 92.83 41.66 4582 71.61 7474 69.64 71.81
MMICES 17.26 1538 33.84 3547 3932 4295 7323 7621 4091 42.50
CIRCLES 74.89 7634 9470 94.77 4324 47.27 7293 7533 71.44 7343
None 14.83 11.79 4347 42.14 3331 3833 6870 7330 40.08 41.39
Random 2627 2442 47.15 49.74 41.66 4620 76.11 7834 47.80 49.67
Qwen2.5 RICES 82.15 8191 98.83 9885 43.66 4832 7379 76.13 7461 7630
-VL-7B MUIER  82.14 8190 98.93 9895 44.29 48.76 74.67 77.08 7501 76.67
MMICES 34.57 29.72 49.15 47.62 4340 47.66 70.69 7277 49.45 49.44
CIRCLES 82.17 82.13 9899 99.04 4354 4853 77.63 8236 75.58 78.02

Baselines.

We compare CIRCLES against several in-

context learning baselines: None: zero-shot prompting

without in-context examples. Random: in-context learn-

VLMs benefit from in-context learning, achieving 6.33%
to 118.58% relative EM improvements over the zero-shot

baseline (None). Additionally, retrieval-based methods

ing with randomly sampled examples. RICES [3, 48]: re-
trieval based on nearest neighbors using image-image sim-
ilarity. MUIER [32]: multimodal retrieval leveraging both
image-image and image-text similarities for example se-
lection. MMICES [13]: a two-stage multimodal selec-
tor that first retrieves candidates by image-image similar-
ity and then re-ranks them using text-image similarity for
improved query alignment. All methods are implemented
with Gemma3 (4B/12B) [42] and Qwen2.5-VL (3B/7B) [6]
backbones. CLIP (ViT-g/14) [36] is used as the image/text
encoder for retrieval, and the in-context example budget is
set to 32 for all methods, where CIRCLES has 16 images
in Reausal and 16 in Ror. More implementation details are
provided in Appendix A.

4.2. Performance Comparison

Table 1 presents a comprehensive evaluation of CIRCLES
and baseline methods across multiple datasets and vision-
language models (VLMs). The results show that all

(RICES, MUIER, MMICES, CIRCLES) consistently out-
perform random selection, with up to 105.56% relative im-
provement, highlighting the importance of selecting rele-
vant examples for effective in-context learning.

Moreover, CIRCLES consistently surpasses other exam-
ple selection baselines across nearly all datasets and back-
bone configurations, achieving average relative EM im-
provements ranging from 0.76% to 94.02%. This high-
lights the effectiveness of composed image retrieval (CIR)
in CIRCLES, which complements the similarity-based re-
trieval with causal understanding. The performance gains
are especially pronounced for smaller backbone models
such as Gemma3-4B and Qwen2.5-VL-3B, indicating that
CIRCLES provides substantial contextual support when the
model’s internal knowledge is limited.

Comparing performance improvements across datasets,
we find that CIRCLES yields especially pronounced gains
on fine-grained classification tasks (CUB, Flowers), where
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Figure 3. Qualitative comparison of in-context examples retrieved by RICES and CIRCLES for a CUB test image (Magnolia Warbler).
Top: standard image retrieval (IR) neighbors used by RICES, leading to incorrect predictions. Bottom: counterfactual examples from
composed image retrieval (CIR) in CIRCLES, highlighting key attribute changes and guiding the model to the correct label.

distinguishing subtle attribute differences is critical for ac-
curate predictions. This underscores the value of CIR in
scenarios requiring nuanced visual reasoning. While im-
provements on visual question answering tasks (OK-VQA,
VizWiz) are more modest, CIRCLES consistently achieves
leading results, demonstrating its effectiveness and versatil-
ity across diverse vision-language challenges.

4.3. Qualitative Analysis of CIRCLES

Figure 3 provides a qualitative comparison of in-context ex-
amples retrieved by RICES (images via standard image re-
trieval) and CIRCLES (images via both standard and com-
posed image retrieval) for a test sample from the CUB
dataset. The query image is a Magnolia Warbler, whose la-
bel is largely determined by key attributes like “black head
markings” and “white wing patches”. RICES, which op-
erates purely in the visual similarity space, retrieves a se-
quence of images that are globally similar to the query (top
row). Because these retrieved examples overrepresent Myr-
tle Warblers, the in-context prompt encourages the model
toward the incorrect Myrtle Warbler prediction.

In contrast, CIRCLES explicitly constructs counterfac-
tual examples with CIR that intervene on semantically
meaningful attributes (bottom row), retrieving images that
closely resemble the query but differ in targeted features
such as the presence or absence of “black head markings.”
This approach retrieves counterfactual examples that clearly
demonstrate how changes in key attributes result in different
bird species labels. By illustrating class transitions across
these counterfactuals, CIRCLES provides the VLM with
explicit cues about which attributes are decisive, enabling
accurate predictions and offering a more interpretable per-
spective on the in-context learning process.

4.4. CIRCLES under Information Scarcity

CIRCLES complements standard image retrieval (IR) with
CIR to provide diverse and informative in-context exam-

ples, which should be particularly beneficial when the train-
ing set contains limited information relevant to the query.
To validate this hypothesis, we assess the robustness of
CIRCLES and RICES under varying degrees of information
scarcity in the training set. Specifically, we simulate differ-
ent levels of information scarcity by randomly removing a
certain percentage of samples from the training set (rang-
ing from 0% to 75%) and evaluate the performance of each
method on the CUB dataset using different backbone mod-
els. The attribute set used in CIRCLES is fixed across all
levels of information scarcity to ensure a fair comparison.

As shown in Figure 4, both RICES and CIRCLES ex-
perience performance degradation as more training samples
are removed. However, CIRCLES consistently outperforms
RICES across all levels of information scarcity. Notably,
as the percentage of removed training samples increases,
CIRCLES’s performance advantage over RICES becomes
more pronounced. In small-scale VLMs such as Gemma3-
4B, the relative improvement of CIRCLES over RICES in-
creases from 10.05% to 16.28% when the removal percent-
age is increased from 0% to 75%. For larger models such
as Gemma3-12B, the relative improvements are smaller but
still show a consistent upward trend, rising from 0.86% with
the full training set to 4.31% when 75% of the samples are
removed.

Since CIRCLES shares the same standard image re-
trieval component as RICES, these results indicate that the
CIR component in CIRCLES effectively mitigates the chal-
lenges posed by limited relevant information in the training
set, enhancing the robustness of in-context learning under
information scarcity.

4.5. Impact of CIR Implementation on CIRCLES

To assess the impact of different CIR methods on CIRCLES
performance, we compare two representative training-free
CIR implementations: CIReVL [23] and OSrCIR [41].
CIReVL generates counterfactual captions by first produc-
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Figure 4. Performance comparison between CIRCLES and RICES
on the CUB dataset under varying levels of information scarcity in
the training set.

ing a caption for the original image and then editing it
to modify target attributes, which can sometimes result in
generic or less contextually grounded descriptions. In con-
trast, OSrCIR directly synthesizes captions conditioned on
both the query image and manipulation text, enabling more
flexible and fine-grained descriptions of attribute changes
and their interactions. This approach allows OSrCIR to
capture subtle attribute variations and complex dependen-
cies, producing counterfactuals that are more informative
and relevant for in-context learning. In our implementa-
tion of CIRCLES, we adopt OSrCIR due to its demonstrated
superiority in generating high-quality composed image re-
trievals [41].

Figure 5 compares CIRCLES instantiated with CIReVL
and OSrCIR on the CUB dataset using Gemma3-4B and
Gemma3-12B backbones. As shown, CIRCLES with CIR
implemented by OSrCIR consistently outperforms CIReVL
on both backbone VLMs, achieving relative accuracy im-
provements ranging from 5.39% to 5.56% and relative F1
improvements from 5.08% to 5.50%. These results align
with the CIR performance comparison reported in [41],
where OSrCIR demonstrated superior retrieval accuracy
over CIReVL. Overall, the quality of the CIR method di-
rectly impacts the effectiveness of CIRCLES, as more ac-
curate and contextually relevant composed image retrievals
yield better counterfactual examples for in-context learning.

As discussed in Section 3, we further augment CIR with
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Figure 5. Comparison of CIRCLES performance using CIR im-
plemented by CIReVL and OSrCIR on the CUB dataset with
Gemma3 (4B/12B) backbones.

a question-question similarity component to make the re-
trieval aware of task similarity (Equation (4)), which is not
present in the original CIR formulation [41]. Intuitively, this
term biases retrieval toward examples that not only share
visual content but also require similar reasoning skills or
knowledge types. Because CUB and Flowers have identi-
cal questions for all samples, this similarity will not have an
effect. Therefore, we evaluate the impact of our proposed
enhancement on OK-VQA and VizWiz, where questions are
more diverse.

Table 2. Performance comparison of CIRCLES on OK-VQA and
VizWiz with (w/) and without (w/0) the question-question similar-
ity component in CIR.

OK-VQA VizWiz
F1 EM F1
Gemma w/o 27.72 33.64 5740 71.65

Model  Setting

-4B w/ 3127 36.89 57.61 71.35
Gemma w/o 33.02 39.07 7437 83.20
-12B w/ 3775 4323 7430 82.35
Qwen w/o 41.12 4533 7328 7594
-3B w/ 4324 4727 7293 7533
Qwen w/o 40.80 46.22 7729 81.72
-7B w/ 4354 48.53 77.63 82.36

Table 2 compares CIRCLES performance with and with-
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out the question-question similarity term. On OK-VQA, we
observe consistent improvements across all backbone mod-
els, with relative EM gains of +5.16% to 14.32% and F1
gains of +4.28% to 10.65%. This demonstrates that explic-
itly matching questions enables retrieval of demonstrations
with similar reasoning requirements, which is particularly
beneficial for knowledge-intensive, open-ended queries. On
VizWiz, the improvements are more modest, likely due to
the highly diverse and often noisy user-generated questions
and challenging images, where textual similarity is a weaker
signal and visual cues are more influential. Nevertheless,
the addition of the similarity term does not cause signifi-
cant performance degradation, suggesting it is a robust de-
fault that can yield substantial gains when task structures
are more regular, as in OK-VQA.

4.6. Retrieval Budget Analysis

We further analyze how to best allocate the in-context ex-
ample budget between standard image retrieval (IR) and
composed image retrieval (CIR) in CIRCLES. Figure 6a
shows classification accuracy as a function of the number of
composed images retrieved (#CIR) for different settings of
standard retrievals (#IR). Increasing #CIR consistently im-
proves accuracy across all #IR configurations, highlighting
the benefit of CIR for providing targeted and informative
context. Importantly, adding composed images yields sub-
stantial gains, even when the total number of retrieved ex-
amples is lower than using only standard retrieval (grey line:
#CIR=0, #IR=32). This indicates that CIR enables more ef-
ficient use of the retrieval budget, as composed examples
focus the model on key attribute-level changes and support
causal reasoning. Overall, these results demonstrate that
combining CIR and IR leads to more informative in-context
examples and improved model performance.

While Figure 6a examines the effect of varying the num-
ber of composed images (#CIR) when only a single attribute
is intervened on (#Attributes = 1), we further analyze how

accuracy changes as both #Attributes and #CIR are var-
ied. Figure 6b presents a heatmap of CIRCLES accuracy
on CUB across different hyperparameter settings. When
the retrieval budget is limited (e.g., #CIR = 4), distribut-
ing interventions across more attributes per query yields
better performance than focusing retrievals on a single at-
tribute. As the budget increases (e.g., #CIR = 16), allocat-
ing more compositions to fewer attributes becomes advan-
tageous. This suggests that the optimal allocation of the
in-context example budget shifts from breadth (intervening
on more attributes) to depth (focusing on fewer attributes)
as #CIR grows. In practice, these results indicate that un-
der tight budgets, spreading compositions across attributes
maximizes coverage, while with larger budgets, concentrat-
ing CIR on a smaller subset of attributes provides more pre-
cise and informative interventions, because imperfect CIR
methods may not always rank the most relevant images at
the top. Further discussions on efficiency and additional de-
sign ablations are provided in Appendices B, D, and E.

5. Conclusion

We proposed CIRCLES, a retrieval-augmented ICL method
that introduces counterfactual demonstrations through
attribute-guided composed image retrieval, enabling VLMs
to reason beyond surface similarity and better capture the
causal structure underlying visual tasks. By integrating
compositional interventions with conventional similarity-
based retrieval, CIRCLES offers a principled mechanism
for enriching demonstration sets with examples that ex-
pose disentangled attribute-level variations. Our experi-
ments highlight not only consistent quantitative gains but
also qualitative improvements in the diversity and causal
informativeness of retrieved examples, particularly un-
der information-scarce regimes where traditional retrieval
methods degrade most sharply. These findings suggest that
counterfactual retrieval is a practical and effective approach
for enhancing visual in-context learning in VLMs.
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