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Abstract. In-context learning (ICL) enables large vision-language mod-
els (LVLMs) to perform tasks by following patterns in context exam-
ples, yet its potential to amplify societal biases remains underexplored.
We systematically investigate how ICL influences gender bias in LVLMs
through VL-BICLE, an evaluation framework comprising six ICL set-
tings, three tasks, and four datasets. Our experiments on six LVLMs
reveal that gendered ICL demonstrations act as a directional force, shift-
ing model bias toward the demonstrated gender through a cross-gender
mechanism that disproportionately degrades performance on the oppo-
site gender. This effect appears in image captioning and pronoun predic-
tion but not in visual question answering, indicating that gendered ICL
influences bias only when the task output involves gendered language.
Similarity-based retrieval methods inherit the training pool’s gender im-
balance and offer no debiasing advantage, while standard quality met-
rics remain blind to these bias shifts. To mitigate this bias, we replace
real in-context images with synthetic ones from stable diffusion models
while keeping captions unchanged. This simple intervention reduces gen-
der bias without degrading caption quality. The code can be found at:
https://github.com/mathfather/Gender-Bias-in-VL-ICL.

Keywords: Gender Bias · In-context Learning · Large Vision-Language
Model

1 Introduction

Large Vision-Language Models (LVLMs) are multimodal extensions of Large
Language Models (LLMs) [33]. Recent LVLMs [36,55] can take interleaved image-
text data as input [1], enabling in-context learning (ICL) which adapts model
outputs based on a few demonstration examples without fine-tuning [9, 12]. A
substantial body of work [9,50,60,64] has explored ICL for vision-language tasks
such as image captioning [46] and visual question answering (VQA) [3]. However,
prior work has highlighted gender bias in LVLMs, raising concerns about their
real-world impact [21]. Furthermore, biased contexts are found to exacerbate
these issues by amplifying underlying model biases during inference [11]. These
findings lead to the question: How does ICL influence gender bias in LVLMs?
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To address this question, we propose Vision-Language Gender Bias in ICL
Evaluation (VL-BICLE), a systematic evaluation framework comprising four
gender-composition and two similarity-based ICL settings, evaluated across three
vision-language tasks (image captioning, pronoun prediction, and VQA) on four
datasets. Experiments on six LVLMs reveal several key findings. Gendered ICL
demonstrations act as a directional force: male-only context pushes models to-
ward male bias1 while female-only context pushes toward female bias, regardless
of the model’s baseline bias direction, sometimes flipping it entirely. This shift
stems from a cross-gender mechanism where gendered demonstrations dispropor-
tionately degrade performance on the opposite gender. Similarity-based retrieval
methods inherit demographic imbalances from their source pool and offer no
debiasing advantage over random selection. Standard caption quality metrics re-
main stable even as gender bias shifts substantially. These gendered ICL effects,
observed in captioning and pronoun prediction, are absent in VQA, indicating
that ICL influences gender bias only when the task output involves gendered lan-
guage. Finally, by replacing real demonstration images with synthetic ones from
stable diffusion models (SDMs), we explore a simple yet effective gender bias
mitigation method, which works across most models without degrading caption
quality and is consistent across two different SDMs.

2 Related Work

Bias Mitigation in LVLMs Societal bias has been observed across vision-
and-language tasks including image captioning [2, 15, 19, 44, 61], text-to-image
search [47], and VQA [18], with studies showing that multimodal models can per-
petuate stereotypes [24] and that LVLMs exacerbate gender bias in downstream
tasks [17]. Several mitigation approaches have been proposed [7, 22, 47, 57], yet
most target Vision-Language Models (VLMs) such as CLIP [40] rather than
LVLMs. The few LVLM-focused methods rely on post-hoc logit calibration [58]
or inference-time steering [41], but their effectiveness remains inconsistent across
tasks [35,56].
ICL for LVLMs ICL [49], originally used in natural language tasks [9], is
defined as a paradigm that allows language models to perform tasks given only
a few examples in the form of demonstrations [12]. Inspired by the advances of
LLMs in ICL [50, 51, 60], researchers have begun to extend the idea to other
modalities. Some initial studies explored ICL in purely visual settings, where
vision models perform visual tasks (e.g ., segmentation, detection) via image
inpainting, conditioned on a few image demonstrations without task-specific
fine-tuning [6, 59]. More recently, with the proposal of multimodal models en-
abled with vision-language ICL [1, 32, 65] and trained on interleaved image-text
datasets [5,27,28,62], increasing efforts have been devoted to enhancing the ICL
performance in these LVLMs [13,64]. Still, how ICL impacts LVLMs during gen-
eration is not yet well understood [5,31]. While a few efforts have been devoted to
1 We refer to the case where an LVLM favors male samples over female ones as male

bias, and the reverse as female bias.
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optimizing in-context sequences to enhance ICL performance, such as retrieving
representative examples [29, 54] or training a small assistant model for sample
selection and ranking [53], these approaches do not aim to mitigate the societal
biases present in LVLMs. To the best of our knowledge, this is the first study to
analyze how ICL affects gender bias in LVLMs.

3 VL-BICLE

We introduce VL-BICLE (Vision-Language Gender Bias in ICL Evaluation), a
systematic pipeline for analyzing how ICL shapes gender bias in LVLMs.

3.1 Task Formalization

We conduct experiments on tasks that share a common paradigm: the input
comprises both image and text, and the prediction is obtained from the model’s
generated output, either as a token sequence or as a next-token probability
distribution.

Formally, given a dataset Dt = {(Ii, yi)}Ni=1 for task t, containing N image-
text pairs where Ii denotes the i-th image and yi denotes the ground-truth label,
a pretrained LVLM M can directly take a query image Ii as input conditioned
on a task-specific instruction pt and generate an output ŷi, without requiring
any task-specific training. This is the zero-shot setting, formalized as:

ŷi ← PM(ŷi | Ii, pt). (1)

Here ← denotes a decoding strategy, e.g ., greedy search. In the ICL (few-shot)
setting, a few examples, usually sampled from Dt, are prepended to the input
to improve performance on downstream tasks. We formalize a k-shot ICL as:

ŷi ← PM(ŷi | Skt , Ii, pt), (2)

where Skt = {(I1, y1), . . . , (Ik, yk)} denotes a sequence of in-context demonstra-
tions sampled from Dt. By systematically varying Skt , we isolate how context
impacts gender bias.

3.2 Evaluation Framework

To evaluate gender bias, we employ datasets of natural images paired with gender
labels,2 formally represented as Dt = {(Ii, yi, gi)}Ni=1 where gi ∈ {male, female},
and design four selection strategies for constructing Skt :

1. Random Sample (RS): RS constructs Skt by uniformly sampling image-
text pairs from Dt. This selection method ensures that the selected examples
follow a similar distribution to Dt, and has been commonly used as a baseline
in prior work [53,59].

2 We use binary gender categories following previous work [15,20,63]; we acknowledge
that this does not capture the full spectrum of social identities.
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2. Male-only Sample (MS): MS constructs Skt by sampling only from the
male-presenting subset {(Ii, yi, gi), gi = male} of Dt.

3. Female-only Sample (FS): FS constructs Skt by sampling only from the
female-presenting subset {(Ii, yi, gi), gi = female} of Dt.

4. Balanced Sample (BS): BS randomly selects an equal number (k/2) of
male-presenting and female-presenting examples. The selected examples are
then interleaved in an alternating gender order to construct Skt . Here Skt
always starts with a male example and ends with a female one.

This design tests whether attribute-consistent contexts amplify pre-existing
gender bias by reinforcing group-specific priors, and whether balanced contexts
can mitigate such bias. We additionally compare two similarity-based retrieval
(SBR) methods introduced in previous work [29,53] as our baselines:

5. Similarity-based Image-Image Retrieval (SIIR): SIIR selects k image-
text pairs from Dt with the highest image-to-image cosine similarity to
the query image, computed between image features from a frozen CLIP
model [40].

6. Similarity-based Image-Text Retrieval (SITR): SITR selects the top-
k image-text pairs whose text is most similar to the query image, ranked
by cosine similarity between the query image features and textual features,
both obtained from a frozen CLIP model.

For both SIIR and SITR, the more similar samples are placed closer to the
query. Although SBRs have not been previously applied to gender bias analysis
in LVLMs, these methods are among the few approaches explored for in-context
example selection in vision-language tasks [53], and have demonstrated effective-
ness in enhancing ICL performance. The ICL settings are illustrated in Fig. 1.

3.3 Datasets

We present the four datasets used in VL-BICLE, summarized in Tab. 1. All
datasets are filtered to single-person images with explicit gender labels (either
manually annotated or deterministically inferred from the available text). Each
dataset is split into a training set (used as the ICL demonstration pool) and a
validation set (used for evaluation): the training set preserves the original gender
distribution, while the validation set is down-sampled for gender balance. No-
tably, all four datasets elicit natural outputs (free-form captions or unconstrained
next-token predictions), better reflecting real-world model behavior and avoid-
ing artifacts introduced by constrained formats (e.g ., multiple-choice [30]). See
Sec. A of the supplementary material for details on data processing.
VisoGender VisoGender [14] contains images of people in 23 occupational
settings, each annotated with a perceived binary gender label. Two sub-tasks
are defined: Occupation-Object (OO), a single-subject image paired with a pos-
sessive pronoun referring to a professional object (e.g ., the doctor and his/her
stethoscope); and Occupation-Participant (OP), a two-subject image paired with
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Fig. 1: The evaluation framework of VL-BICLE. All examples are image-text pairs;
task-specific instructions are not shown in this illustration for simplicity and clarity.
LVLM and CLIP models are frozen during inference.

a possessive pronoun referring to a secondary participant (e.g ., the doctor and
his/her patient). During inference, given a query image and a template prefix
(e.g ., The doctor and [next-token]), we obtain the next-token distribution and
compare the probabilities of his and her to determine the predicted gender.
COCOBias We use the gender-annotated subset of MSCOCO [10] released by
Zhao et al . [61], which we refer to as COCOBias. We filter the dataset to retain
only single-person samples with unambiguous gender labels. During evaluation,
models generate a free-form caption for each query image, and the predicted
gender is inferred from the generated text using predefined gender word lists.
DCI Densely Captioned Images (DCI) [45] contains images from SA-1B with
dense, human-annotated captions. Similar to COCOBias, we filter the dataset to
contain only single-person images, yielding a subset of 371 images that is split
into a training pool and a gender-balanced validation set. During evaluation,
models generate a free-form caption for each query image, and the predicted
gender is inferred using the same word lists as COCOBias.
VisualCoT VisualCoT [42] provides chain-of-thought (CoT) reasoning anno-
tations for VQA; here we use its GQA [23] subset, which contains human images.
Each ICL demonstration comprises an image, a question, an optional multi-step
reasoning path, and a short answer (see Sec. C.3 of the supplementary material
for the prompts). We conduct two types of inference: with CoT and without
CoT (direct); inference without CoT directly outputs an answer given the input,
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Table 1: Dataset overview. Training sets serve as ICL demonstration pools; validation
sets are used for evaluation. All validation sets are gender-balanced.

Dataset Task Train Valid

M F All M F All

VisoGender-OO [14] Pronoun prediction 46 46 92 69 69 138
VisoGender-OP [14] Pronoun prediction 92 92 184 126 130 256

COCOBias [61] Image captioning 538 267 805 1,065 1,065 2,130
DCI [45] Image captioning 45 30 75 119 119 238

VisualCoT [42] VQA 804 264 1,068 1,056 1,056 2,112

while inference with CoT produces intermediate reasoning steps before the final
answer. To mitigate textual gender leakage during evaluation, test queries are
neutralized (replacing explicit gender words with neutral ones, e.g ., man → per-
son) while ICL demonstrations retain their original gendered phrasing, isolating
the effect of ICL context from explicit gender cues.

3.4 Evaluation Metrics

Bias Metrics Given a protected attribute of interest, a natural strategy to
quantify bias is to compute the performance disparity between its subgroups with
respect to a chosen evaluation metric. We define gender-grouped error rates in
Eq. (3) [25], where Dm

t and Df
t denote the male-presenting and female-presenting

subsets of Dt, and ei ∈ [0, 1] is the per-sample error (1 indicating an error and
0 a correct prediction; continuous for VQA). ERo denotes the overall error rate
and ERm − ERf denotes the error rate gap between gender subgroups. We use
ERm−f as the primary gender bias metric: ERm−f > 0 suggests a model makes
more errors on male-presenting samples (female bias), and ERm−f < 0 suggests
the opposite case (male bias); ERm−f closer to zero indicates more equitable
performance across gender subgroups.

ERm =
1

|Dm
t |

∑
i∈Dm

t

ei, ERf =
1

|Df
t |

∑
i∈Df

t

ei

ERo =
1

|Dt|

|Dt|∑
i=1

ei, ERm−f = ERm − ERf . (3)

Performance Metrics For image captioning performance evaluation, we uti-
lize the reference-based metric BLEU-4 [38, 39], which requires human-written
captions as ground-truth references. We also apply a reference-free metric, CLIP-
Score [16], which relies on the image-text matching of the pre-trained CLIP [40].
Statistical Metrics We additionally report two statistics: (1) for image cap-
tioning, the average caption length (AvgL) provides a coarse measure of stylistic
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Table 2: Zero-shot ERm−f across all datasets and tasks. Negative numbers indicate
male bias; positive numbers indicate female bias.

Dataset QwenVL MiniCPM Idefics3 Phi35V InternVL35 Qwen3VL

VisoGender-OO [14] −2.90 −27.54 −1.45 13.04 −4.35 2.90
VisoGender-OP [14] −8.89 −45.36 −8.10 35.91 −3.36 3.64
COCOBias [61] −0.94 −0.09 −1.69 −0.09 0.00 0.19
DCI [45] 0.84 0.84 −1.68 0.00 −0.84 −0.84
VisualCoT [42] – −0.31 – 6.42 – 1.61

similarity to the reference captions; and (2) for image captioning and pronoun
prediction, the reveal rate (RR) measures the proportion of samples in which
the LVLM explicitly mentions gender. We define a per-sample binary indicator
ri ∈ {0, 1}, where ri = 1 if the model output contains an explicit gender mention
and ri = 0 otherwise; gender-grouped reveal rates are then defined in Eq. (4):

RRm =
1

|Dm
t |

∑
i∈Dm

t

ri, RRf =
1

|Df
t |

∑
i∈Df

t

ri, RRo =
1

|Dt|

|Dt|∑
i=1

ri (4)

A lower RR indicates a tendency toward gender-neutral captions (e.g ., generates
person instead of man), which reduces the observable gender signals.

4 Experiments

LVLMs We examine how ICL impacts gender bias during generation across
six widely used LVLMs: Qwen-VL (QwenVL) [4], Idefics3-8B-Llama3 (Idefics3)
[26], Phi-3.5-vision-instruct (Phi35V) [34], MiniCPM-o 2.6 (MiniCPM) [55],
InternVL3.5-8B (InternVL35) [48], and Qwen3-VL-8B-Instruct (Qwen3VL) [52].
These models support interleaved image-text inputs, which is necessary for eval-
uation under multimodal ICL settings. All LVLMs used have publicly available
checkpoints. We evaluate all six models on all datasets, except for VisualCoT:
here we evaluate only MiniCPM, Phi35V, and Qwen3VL, as only these three
models are observed to have both consistent pattern-following ability and rea-
sonable inference speed. More details regarding models can be found in Sec. D
of the supplementary material.
Inference Details Our experiments are conducted under k-shot settings for
k ∈ {0, 2, 4, 6, 8}. All experiments use greedy search during inference. The first
four ICL settings (RS, MS, FS, BS) are applied to all datasets. SIIR and SITR
are applied only to COCOBias: VisoGender and VisualCoT lack the descriptive
captions that SITR requires, and thus we discard both datasets from retrieval
methods; the demonstration pool of DCI is too small for meaningful similarity-
based selection. For RS, MS, FS, and BS, we run each experiment five times using
independently sampled in-context sequences Skt from the training set, where
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Skt is obtained by extending Sk−2
t with two additional examples. For SIIR and

SITR, since the in-context examples are retrieved deterministically, each setting
is conducted only once. See Sec. E of the supplementary material for details.
Evaluation Details For COCOBias, the predicted gender is inferred from
each generated caption via keyword matching against pre-defined gender word
lists. A sample is counted as an error (ei = 1) if the caption mentions the wrong
gender, or if it mentions both genders at once (since we only use single-person
images for image captioning); captions containing no gendered term are treated
as unrevealed and correct (ri = 0, ei = 0). For VisoGender, the predicted gender
is derived from the next-token probabilities of his versus her ; a mismatch with
the ground-truth counts as an error, while ties are assigned ei = 0 with ri = 0.
For VisualCoT, no gender is inferred from the model’s output; gender labels
serve only to define evaluation subgroups. Following the evaluation procedure of
Shao et al . [42], each answer is assessed by GPT-OSS-20B [37] in an LLM-as-
judge manner (see Sec. F of the supplementary material for more details) that
scores the semantic similarity between the predicted and ground-truth answers,
resulting in a score si ∈ [0, 1], and the per-sample error is defined as ei = 1− si.
All ER and RR values are reported as percentages throughout the following
sections.

4.1 Analysis with VL-BICLE

Full results are in Secs. I and K–M of the supplementary material. We summarize
the main observations below.
Baseline gender bias varies across datasets and tasks The sign and
magnitude of ERm−f at zero-shot (k=0) depend on the model, dataset, and
task. Among all models, Idefics3 and InternVL35 shows consistent male bias,
and InternVL35 is never female-biased. In image captioning, only Idefics3 shows
a consistent gender preference across COCOBias and DCI; three of the six mod-
els (QwenVL, MiniCPM, and Qwen3VL) evaluated on both datasets reverse
direction between them. Across tasks, Phi35V is nearly unbiased in captioning
(ERm−f = −0.09 on COCOBias) yet strongly female-biased in pronoun pre-
diction (ERm−f = 13.04 on VisoGender-OO); conversely, InternVL35 is neutral
in captioning but male-biased in pronoun prediction. These inconsistencies sug-
gest that diagnosing a model’s gender bias from a single dataset or task [15,61]
risks overgeneralizing findings that are specific to the dataset and task at hand.
Table 2 reports the full zero-shot baselines across all settings.
Gendered ICL shifts bias toward the demonstrated gender Across im-
age captioning and pronoun prediction tasks, MS consistently shifts ∆ERk

m−f :=

ERk
m−f−ER0

m−f negative (toward male bias), while FS shifts it positive (toward
female bias); see Fig. 2. The effect is especially pronounced in pronoun predic-
tion: on VisoGender-OP, all models show positive ∆ERk=8

m−f under FS, while five
of six models show negative ∆ERk

m−f under MS; a similar pattern holds for
OO. For image captioning, the same directional pattern holds but with smaller
effect sizes: under FS, all six models shift positive on DCI and four of six on CO-
COBias; under MS, five of six models show negative ∆ERk

m−f on COCOBias at
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Fig. 2: Gendered ICL shifts bias toward the demonstrated gender.

8-shot (only Qwen3VL shifts positive). This directional shift is generally reliable:
it holds regardless of the model’s baseline bias direction. Even models that are
female-biased at zero-shot (e.g ., Phi35V and Qwen3VL in pronoun prediction)
are pushed toward male bias by MS (see Sec. I of the supplementary material).
This indicates that single-gendered ICL is a directional force, rather than a debi-
asing tool; it can flip the bias to the opposite gender (e.g ., ERm−f for MiniCPM
flips from −27.5 at zero-shot to 27.2 under 8-shot FS on VisoGender-OO).
Gendered ICL hurts performance on the opposite gender The direc-
tional bias shift described above arises from a consistent cross-gender mech-
anism: gendered ICL demonstrations hurt performance on the opposite gender
more than on the demonstrated gender. For example, under MS where only male
examples are used in the context, ERf rises while ERm stays relatively flat; sim-
ilarly under FS, ERm rises while ERf is preserved (Fig. 3). The same effect
is present in both captioning and pronoun prediction yet differs in magnitude.
In image captioning, the effect is modest: at 8-shot on COCOBias, the largest
ERf difference between MS and FS is 1.46 on Phi35V (2.25 under MS vs. 0.79
under FS); in pronoun prediction, the same mechanism produces gaps an order
of magnitude larger: on VisoGender-OP at 8-shot, ERf under MS reaches 85.5
for QwenVL (compared to 9.7 under FS), and ERm under FS reaches 67.5 for
Phi35V (compared to 9.4 under MS). Overall, the cross-gender effect is broadly
robust; at 8-shot, five of six models exhibit it across both COCOBias and DCI in
captioning, and all six models show it on both VisoGender subtasks. Qwen3VL
is the only exception in captioning: it shows no cross-gender effect at any shot
count on either dataset, because of its overall low error rates for both genders.
SBR methods inherit the training set’s gender imbalance SIIR and
SITR select ICL examples by semantic similarity rather than controlling for
gender composition. Since the original pool of COCOBias is male-skewed, both
SBR methods over-select male examples and produce bias levels comparable to
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Fig. 3: Gendered ICL context raises opposite-gender error rates more than same-gender
error rates.

(or exceeding) those of MS (as shown in Fig. 4). At 8-shot, Phi35V under SIIR
and SITR yields ERm−f of −2.25 and −2.35, respectively, showing more male
bias than male-only ICL (−1.88 ± 1.03). For InternVL35 and MiniCPM, ERm−f

under SIIR and SITR remains within one standard deviation of RS, suggesting
that retrieval-based methods, though male-skewed, have little additional effect
on these models. Qwen3VL, which has shown little sensitivity to gendered ICL
across all settings, behaves similarly under SIIR and SITR: ERm−f remains near
its baseline across all VL-BICLE settings. Overall, SIIR and SITR produce sim-
ilar gender bias levels, and neither method is consistently more biased than the
other. Furthermore, both SBR methods cannot consistently outperform MS re-
garding ERm−f , suggesting that SBR methods offer no debiasing advantage. To
separate the effect of the pool’s composition from that of the SBR mechanism
itself, we additionally run both methods over a down-sampled, gender-balanced
pool (balanced pool in Fig. 4; full results in Sec. J of the supplementary ma-
terial). Using a balanced pool recovers part of the gap opened by retrieval on
the original pool, confirming that pool composition is one of the main reasons
for gender bias; however, the recovery is only partial: QwenVL, Idefics3, and
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Fig. 4: ERm−f at 8-shot for the two SBR methods across six LVLMs on COCOBias;
negative values indicate male bias, positive values for female bias. In addition to the
original pool, we further test the retrieval methods under a down-sampled balanced
pool. Results on MS and BS settings are shown as references.

Phi35V underperform BS consistently on both SBR methods, indicating that
these methods can still reintroduce bias even from a balanced pool, since the
top-k retrieval does not force the retrieved context itself to be gender unbiased.
Caption quality metrics do not track gender bias As shown in Tab. 3
and Sec. I of the supplementary material, standard caption quality metrics re-
main largely stable across ICL settings even as gender bias shifts substantially.
CLIPScore is the most insensitive: across all six models, two image captioning
datasets, and all shot counts, the largest cross-experiment range of CLIPScore is
0.67, negligible relative to metric means (which lie between 25 and 35). BLEU-4
and AvgL show some variation across ICL settings for certain models, but this
variation does not correlate with the direction or magnitude of gender bias shifts.
BLEU-4 and CLIPScore gaps between male and female subsets are similarly un-
informative: they fluctuate near zero without systematic patterns, even when
ERm−f shifts markedly. These results indicate that quality metrics cannot serve
as proxies for gender bias.
Gendered ICL effects are absent in VQA The gendered ICL effects ob-
served in image captioning and pronoun prediction do not directly transfer to
VQA. As shown in Fig. 5, all four ICL settings (RS, MS, FS, BS) produce nearly
identical ERm and ERf across all shot counts and all three models tested, re-
gardless of the prompting style. In particular, ERm and ERf move in the same
direction rather than in opposite directions across settings, so the underlying
bias is essentially unchanged (ERm−f differs by at most 1.82 across settings),
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Fig. 5: ICL gender composition does not affect gender bias performance on QA.
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Table 3: Caption quality and ERm−f on COCOBias for Phi35V. ERm−f closer to
zero indicates lower bias. CLIP denotes CLIPScore.

ICL k BLEU↑ CLIP↑ AvgL ERm−f ICL BLEU↑ CLIP↑ AvgL ERm−f

RS

0 18.86 33.13 20.71 −0.09

MS

18.86 33.13 20.71 −0.09
2 35.84 32.08 10.70 −1.30 34.15 32.19 11.19 −0.92
4 36.19 31.77 10.09 −1.67 35.00 32.10 10.93 −2.03
6 36.54 31.90 10.12 −1.13 36.06 31.99 10.57 −2.18
8 35.89 31.84 10.20 −1.01 35.77 32.00 10.50 −1.88

FS

2 34.60 32.21 11.30 0.28

BS

33.21 32.21 11.21 −0.71
4 36.60 31.90 10.41 0.75 35.64 31.94 10.14 −1.28
6 36.44 31.85 10.19 1.43 36.03 32.01 10.26 −1.20
8 36.41 31.73 10.05 2.14 36.50 32.02 10.59 −0.75

SIIR

2 34.22 32.35 11.58 −1.31

SITR

34.76 32.63 11.85 −1.41
4 36.43 32.07 10.81 −1.97 36.34 32.40 11.07 −2.07
6 36.04 32.15 10.99 −1.60 36.27 32.47 11.17 −2.35
8 36.65 32.07 10.81 −2.25 37.16 32.39 10.96 −2.35

indicating that gendered ICL neither widens nor narrows the gender bias gap.
Within VL-BICLE, where the models, ICL settings, and gender composition
are held constant across tasks, we can reasonably attribute such contrast to the
task’s output space: gendered ICL influences gender bias level only when the
task output involves gendered language.

5 Bias Mitigation

The preceding experiments show that the gender composition of ICL examples
systematically shifts model behavior. To mitigate the effect of these contextual
details, we replace real images with synthetic ones generated using SDMs, as
gendered image generation allows for more control over what the image contains
via the prompt. Specifically, given a dataset Dt consisting of N image-caption
pairs, we utilize the captions as input to an SDM to generate corresponding
synthetic images, thus forming a synthetic dataset Ds of synthetic image-caption
pairs; we ensure that the captions used for image generation contain explicit
gender words. Subsequently, we replicate the male-only (MS) and female-only
(FS) settings of VL-BICLE, except that the in-context examples are now sampled
from Ds rather than Dt. For synthetic image generation, we employ two SDMs,
FLUX [8] and Stable Diffusion-3.5-Large (SD35L) [43]. Since generation runs
once offline over the sampling pool, no SDM is involved at inference time and
inference latency is unchanged from using real images. More details regarding
the experiment settings are shown in Sec. G of the supplementary material.
Caption quality stays stable while reveal rate drops Fig. 6 compares
CLIPScore and reveal rate RRo across two ICL settings with three different
image distributions. CLIPScore remains stable across all models and settings,
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Fig. 6: CLIPScore and reveal rate RRo across three visual distributions (COCOBias,
FLUX, SD35L) at 2-shot and 4-shot under MS and FS settings. CLIPScore remains
stable while reveal rate drops with synthetic images.

Table 4: |ERm−f | on revealed samples (ri=1) across k ∈ {4, 8}, for four LVLMs under
male-only (MS) and female-only (FS) settings. We report the gap to the COCOBias
baseline, where negative is less biased (better) and positive is more biased (worse).

Model ICL k = 4 k = 8

COCOBias FLUX SD35L Black S-NP F-NP COCOBias FLUX SD35L Black S-NP F-NP

Idefics3 MS 2.82 −0.42 −0.27 −0.32 −0.12 −0.05 2.87 −0.12 −0.30 −0.33 −0.02 −0.25
Phi35V MS 2.24 −0.36 −0.23 +2.48 +4.92 +3.70 2.04 −0.10 −0.20 +3.84 +9.41 +5.79
MiniCPM MS 0.00 +0.05 +0.07 +0.43 +0.93 +0.93 0.32 −0.24 −0.08 +0.68 +1.63 +1.10
Qwen3VL MS 0.44 −0.15 −0.07 −0.27 +2.35 +1.72 0.42 +0.00 +0.04 −0.31 +2.23 +1.74

Idefics3 FS 1.00 −0.02 −0.16 +0.95 +0.74 +1.01 0.51 +0.22 +0.00 +1.37 +1.27 +1.29
Phi35V FS 0.91 −0.25 −0.12 +0.76 +3.16 +3.65 2.53 −0.90 −0.59 +3.36 +27.91 +19.52
MiniCPM FS 0.00 +0.02 +0.05 +0.58 +0.24 +0.05 0.14 −0.12 −0.05 +1.47 +1.45 +0.94
Qwen3VL FS 0.35 −0.12 −0.07 +0.18 +1.48 +1.33 0.27 −0.08 −0.02 +0.47 +6.15 +5.45

with differences typically within 0.5, confirming that replacing real context im-
ages with synthetic ones does not degrade caption quality. Reveal rate, however,
decreases with synthetic context images for most models.
Gender bias is reduced on revealed samples when using synthetic im-
ages Evaluation results on ERm−f show that using synthetic images (both
FLUX and SD35L) yields better gender bias performance. Since RRo drops with
synthetic images, it is natural to question: does the superiority of using SDM-
generated images come from the lower reveal rate (where LVLMs become more
cautious about revealing gender, leading to loss of information density), or is it
genuinely better? To control for this, we evaluate bias on revealed samples only.
Tab. 4 reports |ERm−f | conditioned on samples where the model does reveal
gender (ri = 1). With in-context synthetic images, |ERm−f | decreases relative
to the baseline for three of the four LVLMs under both MS and FS settings.
The only exception is MiniCPM with k = 4, whose |ERm−f | on COCOBias
is already near zero for both MS and FS. FLUX and SD35L yield similar re-
ductions, suggesting the effect stems from using synthetic images rather than a
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specific generator. These results suggest that the visual content of ICL context
images influences gender bias in model outputs, even though it has little effect
on caption quality. Replacing real photographs with synthetic images offers a
simple intervention: it reduces gender bias on revealed samples, without requir-
ing changes to the example selection procedure or the caption text. We analyze
why this intervention works in Sec. H of the supplementary material.

6 Conclusion

We presented VL-BICLE, a systematic evaluation framework for analyzing how
ICL influences gender bias in LVLMs across three tasks and four datasets. Across
six LVLMs, gendered ICL demonstrations act as a directional force, pushing bias
toward the demonstrated gender through a cross-gender mechanism that de-
grades performance on the opposite gender. This effect holds in image captioning
and pronoun prediction but is absent in VQA. SBR methods inherit their source
pool’s imbalance and offer no debiasing advantage, while quality metrics remain
blind to these shifts. Replacing real in-context images with SDM-generated ones
reduces gender bias without degrading caption quality. We hope that VL-BICLE
and our findings encourage more careful consideration of context composition in
ICL-based applications of LVLMs.
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