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Single-Image Setting
User Query

There is a painting of a white vase holding ______.

LVLM

(a) yellow tulips

(b) red roses

(c) yellow tulips and red roses

Multi-Image Setting
User Query

In the first image, there is a painting of a white vase holding ______.

LVLM

(a) yellow tulips

(b) red roses

(c) yellow tulips and red roses

Figure 1: Illustration of cross-image information leakage in LVLMs in single-image vs. multi-image settings. Under
the multi-image setting, the model entangles visual features across images. As a result, the model incorrectly selects
the option that combines objects from both images, rather than the object present only in the target image.

Abstract

Large Vision-Language Models (LVLMs) ex-
hibit strong performance on single-image tasks.
However, their performance degrades signif-
icantly when handling multi-image inputs.
While this degradation has been observed in
prior work, its nature remains poorly under-
stood. We empirically observe visual elements
from different images become entangled in the
model’s representations and responses. We re-
fer to this phenomenon as cross-image infor-
mation leakage. To address this issue, we pro-
pose FOCUS, a training-free and architecture-
agnostic method. FOCUS masks all but one
image with random noise, guiding the model
to focus on the single clean image. This
process is applied across the target images
to obtain logits under partially masked con-
texts. These logits are aggregated and then re-
fined using a noise-only reference input, which
suppresses the leakage and yields more accu-
rate outputs. FOCUS consistently improves
performance on diverse multi-image bench-
marks. We further show that FOCUS gen-
eralizes to video understanding, extending its
applicability beyond static multi-image inputs.
This demonstrates that FOCUS offers a gen-
eral solution for enhancing multi-image rea-
soning without additional training or architec-
tural modifications. Source code is available at
https://github.com/yejipark-m/FOCUS.

*Works done at NAVER AI Lab.
†Corresponding author.

1 Introduction

Large Vision-Language Models (LVLMs) are de-
signed to jointly understand visual and textual in-
formation (Chen et al., 2024b; Achiam et al., 2023;
Bai et al., 2025b). They excel at vision-language
(VL) tasks (Li et al., 2024a; Daxberger et al., 2025),
including Visual Question Answering (VQA) (An-
tol et al., 2015) and Image Captioning (Herdade
et al., 2019).

Although LVLMs have shown strong perfor-
mance on VL tasks with a single image, real-world
use cases often go beyond this single-image as-
sumption. Users naturally provide multiple images
at once and expect models to integrate informa-
tion across all of them, such as comparing scenes
and resolving cross-image references to produce
a coherent response (Jiang et al., 2024). To this
end, several studies train models with interleaved
image-text sequences to explicitly enhance reason-
ing across multiple images (Awadalla et al., 2023;
Lin et al., 2024; Sun et al., 2024; Jiang et al., 2024).

However, recent studies have revealed that
LVLMs still struggle in such settings, showing a
notable performance drop when multiple images
are provided (Wang et al., 2025b; Zhang et al.,
2025). This suggests that the underlying cause of
this degradation cannot be fully attributed to insuf-
ficient training data. Yet, why this performance
degradation occurs remains largely unexplored.
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(a) yellow tulips
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LVLM + FOCUS
(a) yellow tulips
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(a) yellow tulips
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(c) yellow tulips and sunflowers(c) yellow tulips and blue irises (c) yellow tulips and blue irises(c) yellow tulips and sunflowers

Figure 2: Illustration of cross-image information leakage across different image pairs. Given the same target image
(red border), the baseline LVLM consistently selects the incorrect merged caption that combines content from both
images (Failure Cases), regardless of which non-target image is present. FOCUS mitigates this confusion and
recovers the correct answer in both cases (Corrected Results).

We observe that LVLMs tend to exhibit a phe-
nomenon we term cross-image information leak-
age, where models mix visual cues across inputs
rather than interpreting each image independently.
As illustrated in Figure 1, a model answers cor-
rectly with a single image, but fails when two im-
ages are provided simultaneously. Specifically, in
the multi-image setting, the probability of “yel-
low tulips” (the correct option) decreases. Instead,
the model mistakenly selects “yellow tulips and
red roses”. This answer merges visual content
from two separate images into a single, incorrect
response. This suggests that current LVLMs cannot
reliably isolate and reason over visual information
from multiple images independently.

Moreover, this failure is not specific to a partic-
ular image pair. In Figure 2, when the non-target
image changes from blue irises to yellow sunflow-
ers, the model predicts its incorrect answer from
“yellow tulips and blue irises” to “yellow tulips
and sunflowers”, consistently incorporating con-
tent from whichever non-target image is present.

Our analysis shows that cross-image information
leakage is closely related to multi-image under-
standing degradation. (§2.1). Under multi-image
inputs, models show an increased tendency to select
captions that merge content from both the target
and non-target images, leading to substantial per-
formance degradation. To mitigate this, one naïve
solution is to process each image independently,
given that models perform well on single images.
Yet this fails to capture inter-image relationships
that are essential for multi-image reasoning (§2.2).

To this end, we propose FOCUS, a training-
free method that mitigates cross-image information

leakage while preserving inter-image relationships.
Our key idea is to leverage the observation that
LVLMs reason well over a single image. We pro-
cess all images together to preserve inter-image
context, while guiding the model to focus on one
image at a time. Specifically, we mask all but one
image with random noise, prompting the model to
concentrate on the single clean image (§3). FO-
CUS applies this masking to each image in turn to
extract the focused logits, and aggregates the result-
ing output logits while preserving the positional
context of the images.

We validate FOCUS using diverse LVLM
families across five multi-image benchmarks:
Winoground (Thrush et al., 2022), VisMin (Awal
et al., 2024), Mantis-Eval (Jiang et al., 2024), Muir-
Bench (Wang et al., 2025b) and MIRB (Zhao et al.,
2024). FOCUS achieves consistent improvements,
with the best gains of up to +18.8 Image and
+16.8 Group score on Winoground, +44.37 Image
and +41.9 Group score on VisMin, +5.5%pts ac-
curacy on Mantis-Eval, +3.2%pts on MuirBench,
and +1.7%pts on MIRB. Beyond static multi-image
settings, FOCUS further generalizes to video un-
derstanding (Zhang et al., 2024). All gains are
achieved without any additional training or archi-
tectural changes, highlighting the effectiveness and
generalization ability of our method.

2 Motivation

2.1 Cross-image Information Leakage

We observe that the model exhibits a notable limi-
tation when processing multiple images simultane-
ously, namely cross-image information leakage.
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Figure 3: Estimation of probability density function of Qwen2.5-VL 3B predictions over three answer options. We
evaluated on 500 image pairs from VisMin (Awal et al., 2024). In the single-image setting, the correct option is
favored. In the multi-image setting, all distributions located their center near random chance (the dotted line).

This issue is closely related to how visual in-
puts are embedded and processed within an LVLM.
Most LVLMs handle multiple images as a sequence
of visual tokens, which are concatenated with text
tokens and processed through the attention mech-
anism. During this process, the tokens interact
strongly with each other due to inter-image causal
attention (Tian et al., 2025). This can cause the
attention mechanism to mix latent representations
across images and the model entangles visual se-
mantics that should remain distinct.

We empirically analyze this using 500 image
pairs from Awal et al. (2024). For each pair, we
provide three options: a correct caption for the
target image, an incorrect caption from the other
image, and a merged caption combining both (see
Figure 1, options (a)-(c)). We estimate the proba-
bility density function of model predictions over
these three options using kernel density estimation.

As in Figure 3, in the single-image setting, the
correct caption distribution is skewed toward higher
probabilities, while the incorrect and merged cap-
tion distributions concentrate at lower probabilities.
However, in the multi-image setting, the probabil-
ity of selecting the merged caption increases. For
example, in Qwen2.5-VL-3B model, all three dis-
tributions center near random chance and become
nearly indistinguishable from one another.

These results suggest that the model loses its
ability to selectively attend to the target image,
making accurate multi-image reasoning substan-
tially less reliable. We further verify that this
phenomenon persists across larger model scales,
including Qwen2.5-VL-7B and Qwen3-VL-8B,
though the degree of degradation vary with model

capacity (provided in Appendix §D.1).

2.2 Limitation of Independent Inferences
A straightforward approach to mitigate cross-image
information leakage is to perform inference on each
image independently and then aggregate the results.
However, even an optimal aggregation scheme can-
not capture inter-image relationships, which are
crucial for multi-image reasoning. Instructions
such as “Compare the second image with the first
one” or “Describe what is common across all im-
ages” inherently require reasoning about relation-
ships between images, and such cross-referential
queries are frequent in multi-image tasks.

One natural extension of this approach is to en-
code inter-image relationships explicitly through
textual prompts. For example, one can generate
an independent caption for each image and then
concatenate these descriptions alongside positional
information (e.g., “The first image shows . . . , the
second image shows . . . ”) as context for a final
inference step. However, we experiment with this
approach and find it to be ineffective. This limita-
tion is further analyzed in §4.5.

Observations

• Cross-image information leakage is closely
related to multi-image understanding degra-
dation, where models increasingly confuse
visual content across images and produce
incorrect responses.

• Processing each image independently fails to
resolve this issue, as it sacrifices inter-image
relationships essential for multi-image rea-
soning.
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Motivated by these observations, we aim to de-
sign a method that (i) jointly captures the structure
and relationships among multiple images within a
single, unified reasoning process, and (ii) mitigates
cross-image information leakage. We address this
challenge with FOCUS, described next.

3 Method

Our method is a training-free approach that en-
ables LVLMs to concentrate on one image at a time
while preserving the positional structure of multi-
image inputs. Our method consists of three steps:
(a) visual masking, (b) image-wise focused infer-
ence, and (c) contrastive aggregation. A schematic
overview of the proposed framework is shown in
Figure 4.

Visual Masking (Figure 4a). First, we prepare
masked image inputs via noise injection with scale
λ. Let N be the number of input images and ϕv(·)
denote the visual encoder that maps an image to its
token embeddings. For each target image Ii, we
corrupt all other images Ij (j ̸= i) into Ĩj , leaving
Ii clean. This produces N partially masked inputs
and one fully masked reference:

Ii = [v′1, . . . , vi, . . . , v
′
N ],

Inoise = [v′1, v
′
2, . . . , v

′
N ],

(1)

where vi = ϕv(Ii) and v′i = ϕv(Ĩi) denote the
clean and noise-corrupted visual embeddings, re-
spectively. Each Ii allows the model to focus solely
on Ii, and Inoise serves as a noise-only reference.

Image-wise Focused Inference (Figure 4b).
For each partially masked image input Ii, only
the i-th image remains unmasked. The original
image order is preserved to retain positional seman-
tics. We compute the logit distribution ℓi for each
i, where f denotes the model, X denotes the text
input:

ℓi = f(Ii,X). (2)

Figure 4(b) depicts the different logit distribu-
tions ℓi for i = 1, . . . , N obtained via focused
inference. For example, blue distribution (left) cor-
responds to the model focusing on the first image,
while the yellow one (middle) represents focus on
the second image (i.e., the clean image in I2). We
also compute a noise reference logit distribution
using the fully noise-masked input:

ℓnoise = f(Inoise,X). (3)

The gray logit distribution (right), which contains
no information from either the first or the second

Image Set Image Set  Image Set

(a)

Text Input
In the first image, there are

yellow bananas and ______. LVLM

(b)
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bottle
coffee

cup
orange

beer
bottle
coffee

cup
orange
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bottle
coffee

cup
orange

+

-

(c) beer
bottle
coffee

cup
orange

“beer”

Figure 4: Overview of FOCUS. It consists of three
main steps: (a) visual masking, (b) image-wise focused
inference, and (c) contrastive aggregation.

image, serves as a reference for isolating irrelevant
visual content during contrastive aggregation.

Contrastive Aggregation (Figure 4c). Each
ℓi contains useful signals from the clean image
Ii, but also includes residual side-effects. For in-
stance, in Figure 4(b), irrelevant token like orange
has nonzero probability by the noise masks. To
suppress these residuals, we subtract the noise ref-
erence logit ℓnoise from ℓi and aggregate the results:

ℓfinal =

N∑

i=1

(ℓi − α · ℓnoise) , (4)

where α is a hyperparameter tuned via validation
to appropriately weight the subtraction. The final
output token is then sampled from the aggregated
logits ℓfinal. Figure 4(c) illustrates this step: the
final green logit distribution, computed using Equa-
tion (4), correctly identifies beer as the answer.

The proposed method effectively suppresses
cross-image information leakage while preserving
positional structure, without requiring any model
training or architecture modification. It enables
LVLMs to perform multi-image reasoning tasks
better in a training-free, generalizable manner.

4 Experiments

4.1 Benchmarks for Multi-image Tasks
Multi-image understanding has been a fundamen-
tal challenge in visual reasoning (Suhr et al., 2017,
2018). We employ five evaluation benchmarks:
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Model Size <7B ≥7B

Family
Score T I G T I G

InternVL3 47.25 6.25 4.50 70.75 40.75 34.25
+FOCUS 47.25 27.25 19.75 69.25 42.25 35.75

Qwen2.5-VL 56.25 36.75 26.00 74.50 39.75 34.00
+FOCUS 56.25 36.50 26.00 74.50 58.50 50.75

LLaVA-OV 3.25 20.00 0.25 76.75 36.75 33.00
+FOCUS 3.25 19.25 0.75 76.75 48.50 42.25

Table 1: Comparison on Winoground across model fam-
ilies and sizes with and without FOCUS. Metrics: T
(Text), I (Image), G (Group). Bold indicates improve-
ment over the baseline.

Winoground (Thrush et al., 2022), VisMin (Awal
et al., 2024), Mantis-Eval (Jiang et al., 2024), Muir-
Bench (Wang et al., 2025b) and MIRB (Zhao
et al., 2024). We additionally evaluate FOCUS in
video understanding and long-context settings us-
ing Vinoground (Zhang et al., 2024) and MMLong-
Bench (Wang et al., 2025c), respectively. More
details and evaluation setup for each benchmark
are provided in Appendix §B and §C.

4.2 Quantitative Results

We evaluate the generalizability of the proposed
method on three representative LVLM families: In-
ternVL3 (2B, 8B) (Chen et al., 2024b), Qwen2.5-
VL (3B, 7B) (Bai et al., 2025b), and LLaVA-
OneVision (0.5B, 7B) (Li et al., 2024a). All hyper-
parameters are selected on the validation split. We
report test split performance on each benchmark.
To further validate generalizability across recent
architectures, we additionally evaluate on Qwen3-
VL (4B, 8B) (Bai et al., 2025a). Appendix §D.2
extends this to larger models, including the MoE
variant Qwen3-VL-30B-A3B and Qwen3-VL-32B.

Results on Winoground. Table 1 presents the
results on Winoground across three model fami-
lies and scales, comparing baseline with the pro-
posed FOCUS method. FOCUS consistently im-
proves the Image Score (I) and Group Score (G).
In InternVL3-2B, FOCUS increases the Image
Score from 6.25 to 27.25. Notably, Qwen2.5-VL-
7B achieves a substantial Image Score gain from
39.75 to 58.50. Overall, FOCUS tends to be effec-
tive across model families and scales, though the
degree of improvement varies.

Results on VisMin-Easy. In Table 2, FOCUS
shows substantial improvements across model fam-

Model Size <7B ≥7B

Family
Score T I G T I G

InternVL3 93.25 29.96 29.36 94.62 84.84 81.60
+FOCUS 93.34 74.33 71.26 94.70 83.05 80.83

Qwen2.5-VL 92.14 47.74 46.20 93.85 92.65 88.55
+FOCUS 92.06 56.92 55.82 93.85 92.57 88.72

LLaVA-OV 20.98 9.26 1.55 93.43 62.99 60.68
+FOCUS 20.98 27.01 8.42 93.43 64.14 62.00

Qwen3-VL 94.20 90.68 87.35 94.88 93.24 90.34
+FOCUS 94.28 92.06 88.80 94.79 93.50 90.51

Table 2: Comparison on VisMin-Easy across model
families and sizes with and without FOCUS. Metrics:
T (Text), I (Image), G (Group). Bold indicates improve-
ment over the baseline.

Model Size <7B ≥7B

Family
Score T I G T I G

InternVL3 65.53 6.84 6.17 82.86 47.66 44.80
+FOCUS 64.87 26.77 23.96 82.54 52.66 48.89

Qwen2.5-VL 77.38 27.09 22.93 84.37 53.26 49.97
+FOCUS 78.20 28.86 25.29 84.47 61.44 56.99

LLaVA-OV 1.70 20.12 0.51 80.61 44.42 38.40
+FOCUS 2.20 18.41 0.59 80.44 57.89 49.40

Qwen3-VL 83.62 49.62 46.78 82.86 56.65 52.95
+FOCUS 84.11 58.31 54.32 82.77 59.13 55.01

Table 3: Comparison on VisMin-Hard across model
families and sizes with and without FOCUS. Metrics:
T (Text), I (Image), G (Group). Bold indicates improve-
ment over the baseline.

ilies. The gains are particularly pronounced in
smaller models. InternVL3-2B improves its Image
Score from 29.96 to 74.33 and Group Score from
29.36 to 71.26. For larger models, improvements
are more modest due to stronger baselines.

Results on VisMin-Hard. In Table 3, baseline
performance is comparatively lower, as these cate-
gories require more subtle cross-image discrimina-
tion. FOCUS still yields consistent improvements
across model families. Qwen2.5-VL-7B improves
its Image Score from 53.26 to 61.44 and Group
Score from 49.97 to 56.99, while Text Score re-
mains stable. Notably, Qwen3-VL-4B achieves an
improvement of +8.69 Image Score, confirming
that FOCUS remains effective even on the latest
models.
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Model Size <7B ≥7B

Family
Dataset Mant. Muir. MIRB Mant. Muir. MIRB

InternVL3 49.77 28.04 31.32 64.98 31.62 41.86
+FOCUS 52.53 28.58 32.36 65.44 31.88 42.48

Qwen2.5-VL 55.30 30.38 49.27 70.05 29.92 50.53
+FOCUS 58.99 31.31 50.00 70.05 29.73 52.30

LLaVA-OV 36.41 21.42 22.55 57.14 28.73 48.02
+FOCUS 41.94 24.62 22.13 59.91 29.81 48.85

Avg 47.16 26.61 34.38 64.06 30.09 46.80
+FOCUS 51.15 28.17 34.83 65.13 30.47 47.88

Table 4: Mantis-Eval, MuirBench and MIRB accuracy
across model families and sizes, with and without FO-
CUS. Bold indicates improvement over the baseline.

Finding. FOCUS improves Image Score (I)
and Group Score (G), the metrics that directly
reflect multi-image reasoning, while leaving
Text Score (T) largely unchanged.

Results on Other Benchmarks. Table 4 summa-
rizes the performance of six model variants across
three benchmarks.

On Mantis-Eval, applying FOCUS leads to con-
sistent accuracy gains across all settings. For
instance, InternVL3-2B improves by +2.76%pts,
while the larger 8B model exhibits a smaller but
positive effect. Similarly, Qwen2.5-VL-3B gains
+3.69%pts, and LLaVA-OV-0.5B achieves a no-
table jump from 36.41 to 41.94. Although the abso-
lute improvements are moderate, they are meaning-
ful given the benchmark’s difficulty, indicating that
FOCUS robustly enhances performance across di-
verse architectures and scales.

On MuirBench, which emphasizes multi-image
reasoning, FOCUS again provides improvements
across nearly all model configurations: InternVL3
family shows an average gain of +0.4%pts,
Qwen2.5-VL-3B achieves +0.93%pts, and LLaVA-
OV family gains +2.14%pts. These results suggest
that FOCUS offers incremental benefits even in
complex and ambiguous multi-image settings.

Results on MIRB demonstrate similar trends.
FOCUS generally improves accuracy across model
families and sizes, though smaller models such
as LLaVA-OV-0.5B show limited or inconsistent
gains. The overall upward trend reinforces FO-
CUS as a model-agnostic enhancement for multi-
image reasoning.

Model Size <7B ≥7B

Family
Score T V G T V G

Qwen3-VL 32.60 17.60 6.20 34.40 35.60 18.20
+FOCUS 33.00 25.80 11.60 35.60 37.00 18.60

Table 5: Results on Vinoground with and without FO-
CUS. Metrics: T (Text), V (Video), G (Group). Bold
indicates improvement over the baseline.

Results on Video Understanding Benchmark.
To examine whether FOCUS generalizes be-

yond multi-image inputs to video understanding,
we evaluate on the Vinoground (Zhang et al., 2024)
benchmark. As shown in Table 5, FOCUS con-
sistently improves on Qwen3-VL-4B and Qwen3-
VL-8B. These results demonstrate that the benefits
of image-wise focused decoding also generalize to
the video domain.
Extension to Long-Context Setting. We fur-
ther examine whether FOCUS generalizes to long-
context settings (Wang et al., 2025c). Full results
and discussion are provided in Appendix §D.3.

4.3 Ablation Study

We conduct ablation studies to assess each compo-
nent of FOCUS. All experiments are conducted on
the Mantis-Eval validation set using Qwen2.5-VL-
7B. Unless otherwise specified, we set noise scale
λ = 0.3 and weighting α = 0.4.

Table 6 shows that removing noise injection
passes all images to the model without masking,
which prevents image-wise focused inference. The
model cannot isolate individual image signals and
suffers from cross-image information leakage, lead-
ing to a drop in accuracy from 76.19 to 71.43.
When noise reference subtraction is disabled, resid-
ual artifacts introduced by noise masking remain
unsuppressed during contrastive aggregation. This
allows spurious visual signals to contaminate the
final prediction. As a result, accuracy drops more
significantly, from 76.19 to 61.90.

Both components contribute meaningfully to the
final performance, confirming that noise injection
and contrastive aggregation are complementary and
jointly essential to FOCUS. Appendix §D.4 reports
further ablations on our design choices.

4.4 Cross-Image Similarity Analysis

This analysis examines how much visual repre-
sentations overlap across images in single-image
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w/o Noise (λ) w/o Reference (α) FOCUS

Acc. 71.43 61.90 76.19

Table 6: Ablation study on each component of FOCUS.
We use Qwen2.5-VL-7B on Mantis-Eval validation set.
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Figure 5: Average pairwise cosine similarity distribution
of image token representations after the LLM decoder
under three conditions. We use Qwen2.5-VL-3B on
samples with 4 images each from Mantis-Eval.

versus multi-image settings, which supports the in-
tuition behind FOCUS. We extract final hidden
states at image token positions from the model
across samples from Mantis-Eval. For each im-
age, we first average hidden states over its token
positions, then compute pairwise cosine similar-
ity across all image combinations per sample. We
compare three conditions:

• Single-Image: Each image is processed indepen-
dently via a separate forward pass.

• Multi-Image: All images are processed jointly in
a single forward pass.

• FOCUS: For each target image, noise is injected
into the remaining images and processed jointly.

As shown in Figure 5, the similarity distribu-
tion shifts rightward under joint processing. This
suggests that causal attention entangles image rep-
resentations when multiple images are processed
together. FOCUS reduces the mean similarity,
nearly recovering the single-image baseline. This
indicates that injecting noise into non-target images
discourages the model from mixing representations
across images, encouraging each image to main-
tain a more distinct representation during decoding.
We further verify that this pattern persists across
larger model scales, including Qwen2.5-VL-7B
and Qwen3-VL-8B (provided in Appendix §D.1).

Method InternVL3 Qwen2.5-VL LLaVA-OV
2B 8B 3B 7B 0.5B 7B

Process Independently

Per-Img 19.61 35.71 34.57 38.18 10.53 32.82

Process Jointly

Baseline 31.32 41.86 49.27 50.53 22.55 48.02
Conv-CD 31.68 41.07 49.64 51.29 20.43 44.79

SoFA 30.96 40.66 49.43 51.39 12.59 42.87
FOCUS 32.36 42.48 50.00 52.30 22.13 48.85

Table 7: Comparison of FOCUS with alternative ap-
proaches on MIRB. Per-Img: per-image processing.
Conv-CD: conventional contrastive decoding. SoFA:
Tian et al. (2025).

4.5 Comparison with Alternative Approaches

We compare FOCUS against three alternative ap-
proaches to multi-image reasoning.

Per-Image Processing. As discussed in §2.2,
the most straightforward way to avoid cross-image
information leakage is to process each image in-
dependently. However, this approach inherently
sacrifices the model’s ability to perform holistic
reasoning across multiple visual inputs, such as
leveraging positional or contextual relationships
among them. To mitigate this limitation, one possi-
ble strategy is to explicitly provide the image order
as part of the textual prompt during decoding.

To examine this idea, we design an experiment
where the model generates an independent response
for each image. These responses are then concate-
nated, and the original image order information is
added to the prompt to produce a final output.

As shown in Table 7, this approach leads to a
significant drop in performance compared to the
original multi-image setup. Even when the image
order is explicitly provided, the model still fails
to generate accurate answers. This result suggests
that the model effectively utilizes inter-image re-
lationships when multiple images are processed
jointly, and that such relationships cannot be easily
replaced by simple textual cues.

Conventional Contrastive Decoding. We fur-
ther investigate whether contrastive decoding (CD),
originally developed for single-image inputs, can
be effectively extended to multi-image scenarios.
Specifically, we apply VCD (Leng et al., 2024), a
representative CD method for LVLMs. We expand
VCD by contrasting the original multi-image logits
with the logits obtained from the same input with
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Do we have the same number and same type of item in both images? Answer with the option's letter from the given choices directly.
 
A: Same number and same type of item,
B: Same number but different type of item,
C: Different number but same type of item,
D: Different number and different type of item.
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C: image 3 and image 4.

Qwen2.5-VL

A: image 2 and image 3.

Qwen2.5-VL w/ FOCUS

Which two items from the last 3 images are from the first image? Answer with the option's letter from the given choices directly.
   
A: image 2 and image 3,
B: image 2 and image 4,
C: image 3 and image 4,
D: none of the above.









User(a) (b)

Figure 6: Qualitative results on Mantis-Eval. We compare the Qwen2.5-VL 3B model with and without FOCUS.
These samples require the model to interpret each image independently while also integrating information across
all images to reach the correct answer. The baseline fails under this setting, however FOCUS preserves per-image
understanding and produces the correct responses.

added noise. Unlike our method, which indepen-
dently masks each image position, VCD contrasts
all original inputs with fully noised images. It does
not consider cross-image information leakage.

Table 7 shows that conventional CD method in
multi-image contexts degrades performance for sev-
eral model families, even falling below the original
model. This demonstrates that simply transferring
CD techniques from single-image to multi-image
settings not only fails to mitigate information leak-
age but also further distracts the model’s output.

SoFA. Tian et al. (2025) propose SoFA, a
training-free method that mitigates position bias of
multi-image VL models. As SoFA targets position
bias rather than cross-image information leakage,
we include it here to examine whether mitigating
position bias also alleviates leakage.

In Table 7, SoFA does not consistently improve
performance either, and similarly drops below the
baseline in certain configurations. This suggests
that position bias and cross-image information leak-
age are distinct problems. In contrast, FOCUS
consistently outperforms all alternatives.

4.6 Accuracy-Latency Trade Off

FOCUS introduces moderate latency overhead,
which is justified by consistent accuracy gains. As
shown in Table 8, FOCUS yields up to +3.22%pt
accuracy improvement with manageable latency
cost. The overhead stays well below the naive

N
Qwen3-VL-4B Qwen3-VL-8B

Baseline +FOCUS Baseline +FOCUS

2 1.38 ± 2.82 2.12 ± 2.72 1.62 ± 2.91 2.20 ± 3.05
3 1.00 ± 1.48 2.64 ± 1.22 1.26 ± 1.78 2.67 ± 1.53
4 0.43 ± 0.34 1.35 ± 1.15 1.90 ± 4.26 2.47 ± 3.15
5 0.43 ± 0.00 1.03 ± 0.00 0.48 ± 0.00 1.04 ± 0.00

Acc. 66.82 68.66 65.44 68.66

Table 8: Latency (mean ± std, seconds) and accuracy on
Mantis-Eval across different numbers of input images.

(N+1)× cost, as we batch the forward passes into
a single inference call. Full details are provided in
Appendix §C.

4.7 Qualitative Results

In Figure 6(a), while the baseline conflates visual
content across images, FOCUS correctly differen-
tiates objects and maintains accurate counts (Fig-
ure 6(b)). Additional results are in Appendix §E.

5 Conclusion

In this work, we empirically characterize an un-
derexplored limitation of LVLMs in multi-image
settings: cross-image information leakage, where
models tend to mix visual information across im-
ages rather than reasoning over each independently.
To address this, we propose FOCUS, a training-
free inference method that masks non-target im-
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ages with noise to guide the model to attend to
one image at a time, and aggregates the resulting
logits through contrastive logit aggregation. We
validate FOCUS across diverse LVLM families
and benchmarks, and demonstrate that its bene-
fits extend to video understanding. Our results
show that FOCUS offers a practical and gener-
alizable inference-time solution for more reliable
multi-image reasoning.

Limitations

Baseline Reproducibility. Since LVLM perfor-
mance is sensitive to generation configuration and
instruction prompts, the baseline results reported
in this work may differ from those in the official
model reports of Bai et al. (2025b,a); Chen et al.
(2024b); Li et al. (2024a).
Hyperparameter Sensitivity. The hyperparame-
ters λ and α are selected per model and benchmark
via a validation set, and their generalization to un-
seen settings without validation data has not been
verified. Full hyperparameter tables are provided
in the Appendix §C.
Inference Overhead. FOCUS requires N+1 for-
ward passes for N input images, introducing addi-
tional inference cost. In practice, this overhead is
substantially smaller than the naive (N+1)× cost,
since the passes share the same sequence length
and are executed as a single batched call, yielding a
2.9 to 3.8× speedup over sequential execution (Ap-
pendix §C). Although the cost grows with the num-
ber of images, the batched implementation keeps
it well below the naive (N+1)× bound, making
FOCUS practical in typical multi-image settings.
Long-Context Applicability. Long-context multi-
image understanding is another large body of re-
search with distinct objectives from our work,
which focuses on disambiguating visual content
across a small set of images. While FOCUS shows
promising gains on long-context tasks requiring
cross-image comparison, it yields mixed results on
retrieval-heavy tasks where the bottleneck lies in
locating a single relevant image rather than disam-
biguating across multiple images.
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A Related Work

While LVLMs acheive strong performance on stan-
dard single-image tasks (Chen et al., 2024b; Li
et al., 2024a), their ability to understand multi-
image remains underdeveloped. Many open-source
LVLMs (Dai et al., 2023; Liu et al., 2023; Zhu
et al., 2024; Liu et al., 2024) are trained under the
assumption of single-image inputs, and therefore
struggle to generalize when presented with multiple
images simultaneously (Wang et al., 2025b).
Multi-Image LVLMs. To address this gap, sev-
eral recent LVLMs (Awadalla et al., 2023; Sun
et al., 2024; Laurençon et al., 2023; Lin et al.,
2024; Li et al., 2024b) have been trained using
large-scale interleaved image-text datasets (Lau-
rençon et al., 2023; Li et al., 2024b). For exam-
ple, Laurençon et al. (2023) comprises hundreds
of millions of interleaved image-text data that sup-
port multiple, contextually related images. While
these approaches improve multi-image understand-
ing capabilities, they require extensive training re-
sources (Jiang et al., 2024) and suffer from limited
reusability and flexibility due to their reliance on
model-specific architectures. However, even recent
state-of-the-art models continue to show notable
performance gaps in multi-image settings (Wang
et al., 2025b), and the underlying causes remain
insufficiently studied. Tian et al. (2025) identify
position bias in multi-image settings, where predic-
tions vary with image order. In contrast, our work
targets cross-image information leakage, where the
model confuses visual content across images re-
gardless of their order.
Training-free Methods. Training-free methods
guide generation without additional training or
architectural changes. These approaches manip-
ulate logits or hidden states during inference to
steer outputs toward desired properties (Li et al.,
2023; Malkin et al., 2022; Shi et al., 2024). Within
LVLMs, a growing body of work (Leng et al., 2024;
Huang et al., 2024; Chen et al., 2024a; Wang et al.,
2025a; Park et al., 2025; Chen et al., 2025) has
shown promising results in reducing hallucination,
but they have predominantly been developed under
single-image assumptions (Suo et al., 2025a; Dong
et al., 2025; Suo et al., 2025b; An et al., 2025). Tian
et al. (2025) propose a training-free method that
mitigates position bias by modifying inter-image
attention masks. However, their method targets
position bias rather than cross-image information
leakage. In contrast, our method directly addresses

cross-image information leakage through logit ma-
nipulation.

B Benchmarks

Winoground (Thrush et al., 2022) evaluates
whether a model can correctly associate captions
with images or vice versa. It contains 400 samples,
each consisting of two images and two captions,
{(I1, T1), (I2, T2)}, with subtle differences. The
two captions contain the same words but in a dif-
ferent order. The model must assign the correct
caption to each image.
VisMin (Awal et al., 2024) builds on this setup by
focusing on 2K image-text pairs with minimal se-
mantic differences. It is organized into four seman-
tic categories, targeting more fine-grained discrim-
ination. We further split these into VisMin-Easy
and VisMin-Hard, where VisMin-Easy contains
Object and Attribute categories, and VisMin-Hard
contains Relation and Counting categories.
VisMin-Easy tests mutually exclusive properties
by nature, as an object cannot simultaneously be-
long to two distinct categories, nor can an attribute
hold two contradictory values at once.
VisMin-Hard tests more inherently ambiguous cat-
egories, as spatial relations can co-occur across
images and numerical counts are susceptible to
cross-image information leakage.
Evaluation metrics for Winoground and VisMin.
We adopt the generative LVLM evaluation protocol
introduced in Awal et al. (2024), which is designed
to assess open-ended generation by three metrics.
• Text Score: For each input set {I1, T1, T2} and
{I2, T1, T2}, the model is prompted to choose
the caption that best matches the image. A point
is awarded only if the model selects the correct
caption for both inputs. This metric evaluates
single-image caption grounding.

• Image Score: For each input set {I1, I2, T1} and
{I1, I2, T2}, the model is prompted to select the
image that best matches the caption. A point
is awarded only if the correct image is chosen
for both inputs. This metric evaluates compara-
tive reasoning and primarily reflects multi-image
understanding.

• Group Score: It requires both the Text Score and
the Image Score to be correct. It reflects the
model’s ability to reason consistently across both
single-image and multi-image contexts.

Recet Multi-image Benchmarks. We also eval-
uate on three recent multi-image benchmarks for

656



LVLMs. Mantis-Eval (Jiang et al., 2024) covers
diverse topics such as size perception and weight
comparison. Each sample is crafted by annota-
tors to require deep cross-image understanding.
MuirBench (Wang et al., 2025b) assesses 12 multi-
image reasoning skills across 10 inter-image re-
lation types. It pairs each instance with an unan-
swerable variant to test fine-grained discrimination.
MIRB (Zhao et al., 2024) evaluates cross-image
comparison and reasoning across four categories:
perception, visual knowledge, reasoning, and multi-
hop reasoning. All three benchmarks are evaluated
by accuracy.
Vinoground (Zhang et al., 2024) is a temporal
counterfactual benchmark consisting of 1,000 short
video-caption pairs designed to evaluate whether
models can distinguish temporal differences be-
tween actions and object transformations. Models
are evaluated with Text, Video, and Group scores,
following the same protocol as Winoground.
MMLongBench (Wang et al., 2025c) is a long-
context vision-language benchmark consisting of
13,331 examples spanning five task categories, in-
cluding Visual RAG and Many-Shot ICL, eval-
uated at standardized input lengths from 8K to
128K tokens. We evaluate on four categories: ICL,
DocVQA, VRAG, and NIAH, using Qwen2.5-VL-
7B at 8K context length.

B.1 Data Usage and Licensing

All datasets used in this work are employed
strictly for research and evaluation purposes.
Winoground (Thrush et al., 2022) is used under
the Meta Images Research License, which permits
use for non-commercial research and evaluation.
Mantis-Eval (Jiang et al., 2024) is used under the
Apache 2.0 License. MuirBench (Wang et al.,
2025b) and MIRB (Zhao et al., 2024) are used
in accordance with their respective terms of use,
which permit research use with appropriate attri-
bution. All datasets are used solely for evaluation
without any modification or redistribution.

C Implementation Details

Models. We evaluate on four representative LVLM
families: InternVL3 (2B, 8B) (Chen et al., 2024b),
Qwen2.5-VL (3B, 7B) (Bai et al., 2025b), Qwen3-
VL (4B, 8B, 32B, 30B-A3B) (Bai et al., 2025a),
and LLaVA-OneVision (0.5B, 7B) (Li et al., 2024a).
All models are evaluated in a frozen state without
any fine-tuning; only the decoding phase is modi-

Dataset Var. InternVL3 Qwen2.5-VL LLaVA-OV

2B 8B 3B 7B 0.5B 7B

Winog. λ 1 1 0.6 1 1 1
α 0.6 0.8 0.15 0.2 0.1 0.3

VisMin λ 1 0.7 0.5 0.7 1 0.9
α 0.4 0.7 0.5 0.15 0.1 0.2

Mantis λ 0.8 0.3 0.8 0.3 0.1 0.2
α 0.1 0.1 0.5 0.4 0.2 0.5

Muir. λ 0.2 0.5 0.8 0.6 0.1 1
α 0.1 0.1 0.1 0.1 0.1 0.1

MIRB λ 0.3 0.2 0.1 0.3 0.1 0.1
α 0.1 -0.15 -0.2 0.1 -0.15 0.1

Table C1: Hyperparameters used for evaluation. Search
space: λ ∈ (0, 1) and α ∈ (−1, 1).

fied. Model checkpoints are publicly available on
Hugging Face.1

Decoding Setup. We use multinomial sampling
with temperature T = 0.2.
Noise Masking. Each image vi is masked using ad-
ditive uniform noise as v′i = (1−λ)·vi+λ·U(0, 1),
where λ ∈ [0, 1] is a hyperparameter controlling
the degree of corruption. The masking is ap-
plied in the normalized image space using Ima-
geNet statistics (µ = [0.485, 0.456, 0.406], σ =
[0.229, 0.224, 0.225]), then denormalized back to
pixel space and clipped to [0, 1]. The optimal value
of λ is selected via validation per model and bench-
mark.
Hyperparameter Tuning. All hyperparameters
including noise type, noise scale λ, and aggregation
weight α are selected per model and benchmark
via validation. For VisMin, we randomly sample a
subset of the training set to construct a validation
split. For benchmarks without official validation
sets, we randomly choose 10% of the test data for
this purpose.
Hyperparameter Settings To ensure reproducibil-
ity, we provide the list of hyperparameters used
in our experiments in Table C1. The two pri-
mary hyperparameters are the noise scale λ and

1https://huggingface.co/OpenGVLab/
InternVL3-2B, https://huggingface.co/OpenGVLab/
InternVL3-8B, https://huggingface.co/Qwen/Qwen2.
5-VL-3B-Instruct, https://huggingface.co/Qwen/
Qwen2.5-VL-7B-Instruct, https://huggingface.co/
Qwen/Qwen3-VL-4B-Instruct, https://huggingface.
co/Qwen/Qwen3-VL-8B-Instruct, https://
huggingface.co/Qwen/Qwen3-VL-32B-Instruct https:
//huggingface.co/Qwen/Qwen3-VL-30B-A3B-Instruct,
https://huggingface.co/llava-hf/
llava-onevision-qwen2-0.5b-ov-hf,
https://huggingface.co/llava-hf/
llava-onevision-qwen2-7b-ov-hf
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the contrastive weight α. Intuitively, λ controls the
strength of visual noise injection, while α balances
the contrastive aggregation weight. We perform a
random search over λ ∈ (0, 1) and α ∈ (−1, 1) us-
ing validation set. Across datasets and model sizes,
we observe two consistent trends: (i) the noise
scale λ generally converges to relatively large val-
ues, and (ii) the contrastive weight α remains stable
around a small magnitude. These patterns hold re-
gardless of the underlying architecture or parameter
count. More specifically, we observe that λ tends
to saturate at 1.0 for most cases in the Winoground
dataset, while α is consistently selected as 0.1 for
MuirBench.
More Details. Experiments are conducted on
NVIDIA A100 (80GB) and RTX 6000 Pro GPUs.
For memory efficiency, images are resized to
512× 512 for MuirBench and MIRB evaluations.
SoFA Reproduction. As the official implemen-
tation of SoFA (Tian et al., 2025) is unavailable,
we reproduce it based on the original paper. We
set σ = 0.5 and apply the interpolation every two
layers, following the experimental setup described
in the original work.
Accuracy-Latency Trade-off Details. We conduct
latency experiments on Mantis-Eval (Jiang et al.,
2024) using Qwen3-VL-4B and Qwen3-VL-8B
across N ∈ {2, 3, 4, 5} input images, reporting
wall-clock end-to-end latency per sample. Since
Mantis-Eval has an uneven distribution of samples
across image counts, where the N = 4 and N = 5
subsets contain significantly fewer samples than
N = 2 and N = 3, we report average latency
per N and average accuracy over the full test split
separately. For the same reason, latency should
be compared between the baseline and FOCUS
within each N rather than across different N , as
each subset has its own answer-length distribution.
Batched Implementation. Rather than running
the N+1 forward passes sequentially, we execute
them as a single batched inference call. All N+1
passes share the same sequence length, so batch-
ing is efficient on the LLM side. This keeps the
practical overhead far below the naive (N+1)×
cost.
Inference Cost We run a controlled synthetic ex-
periment to isolate how the number of input images
affects latency. For each N , we generate a fixed set
of N random image tensors of shape (512, 512, 3)
and repeat each run three times. We fix the maxi-
mum number of new tokens to 64. We report the
average per-sample latency (s/sample). As shown

Latency Speedup
N Baseline FOCUS vs. (N+1)×

2 1.87 1.96 2.86
4 1.93 2.58 3.73
8 2.11 4.97 3.81

16 2.47 14.26 2.94

Table C2: Inference cost of FOCUS versus the number
of input images N . Per-sample latency in seconds, mea-
sured on synthetic (512, 512, 3) tensors and averaged
over three runs. The last column is the speedup of our
batched implementation over the naive (N+1)× cost.

in Table C2, batched inference yields a 2.9× to
3.8× speedup over the naive (N+1)× cost across
all tested image counts. The overhead is modest
in the small-N , and our batched implementation
keeps it well below the naive (N+1)× cost as N
grows.

D Additional Experiments

D.1 Cross-Image Information Leakage in
Larger Models

We replicate the analyses from Section §2.1 and
Section §4.4 on Qwen2.5-VL-7B and Qwen3-VL-
8B to verify that cross-image information leakage
is not an artifact of smaller models.
Behavioral Analysis. Following the same setup as
Section 2.1, the model selects among a correct cap-
tion, an incorrect caption from another image, and
a merged caption combining both. As shown in Fig-
ure D1, accuracy consistently degrades under multi-
image conditions across both scales. For Qwen2.5-
VL-7B, merged-caption selection increases under
multi-image input, a direct behavioral signature
of cross-image confusion. For Qwen3-VL-8B,
merged-caption selection decreases, yet accuracy
still drops substantially (85.30 → 76.66). This sug-
gests that stronger models may exhibit leakage.
Representational Analysis. As shown in Fig-
ure D2, for Qwen3-VL-8B, multi-image input in-
creases hidden state similarity (0.340 → 0.366),
and FOCUS reduces it back toward the single-
image baseline (0.353), consistent with cross-
image entanglement at the representational level.
For Qwen2.5-VL-7B, the difference between
single- and multi-image conditions is minimal
(0.336 vs. 0.335). Nevertheless, FOCUS further
reduces similarity (0.330), suggesting active sup-
pression of cross-image leakage even when the
effect is not fully captured by this metric. These re-
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Figure D1: Estimation of probability density function of model predictions over three answer options, replicating
the analysis of Figure 3 at larger model scales: Qwen2.5-VL-7B (top) and Qwen3-VL-8B (bottom). Accuracy
consistently degrades under multi-image conditions across both scales, confirming that cross-image information
leakage is not an artifact of smaller models.

Benchmark Metric Baseline +FOCUS

VisMin
T 91.06 91.06
I 70.12 73.51
G 67.88 70.98

Mantis-Eval Acc. 64.06 66.36

Table D1: Results on Qwen3-VL-30B-A3B (MoE) on
VisMin and Mantis-Eval. FOCUS consistently im-
proves Image Score (+3.39 pp), Group Score (+3.10
pp), and Mantis-Eval accuracy (+2.30 pp), while Text
Score remains unchanged.

sults indicate that cross-image information leakage
persists across model scales, though the degree and
type of degradation vary with model capacity.

D.2 Results on Larger Models

To verify that FOCUS generalizes beyond the
model scales and architectures in our main experi-
ments, we evaluate two additional models. We first
evaluate Qwen3-VL-30B-A3B, a MoE architecture.

Benchmark Metric Baseline +FOCUS

Winoground
T 81.50 82.50
I 54.75 70.50
G 49.75 65.50

VisMin
T 91.42 91.42
I 88.08 90.12
G 83.89 85.47

Mantis-Eval Acc. 74.65 75.58

Table D2: Results with Qwen3-VL-32B. T, I, and G
denote Text, Image, and Group score. VisMin results
are averaged over the Object, Attribute, and Counting
categories.

As shown in Table D1, FOCUS consistently im-
proves multi-image relevant metrics across both
benchmarks, confirming that its benefits are not
limited to dense architectures.

We further evaluate Qwen3-VL-32B on
Winoground, VisMin, and Mantis-Eval. As shown
in Table D2, FOCUS yields substantial gains on
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Figure D2: Average pairwise cosine similarity distribution of image token representations under three conditions
(single-image, multi-image, and +FOCUS), replicating the analysis of Figure 5 at larger model scales: Qwen2.5-
VL-7B (left) and Qwen3-VL-8B (right).

Winoground, improving the Image Score from
54.75 to 70.50 and the Group Score from 49.75 to
65.50. These results indicate that FOCUS remains
effective at larger scale, and that its gains are not
an artifact of smaller architectures.

D.3 Extension to Long-Context Setting.

Category Dataset Metric Baseline +FOCUS

ICL
Cars Acc 20.75 26.42
Food Acc 24.00 34.00
iNat Acc 18.00 22.00

DocVQA
LongDocURL doc_qa 58.94 60.60
MMLongDoc doc_qa 51.05 53.29
SlideVQA doc_qa 65.75 68.68

VRAG
InfoSeek SubEM 60.76 59.78
ViQuAE SubEM 55.68 54.19

NIAH

VH-Single Acc 55.57 55.85
VH-Multi Acc 54.37 54.77
MM-NIAH Count Soft Acc. 36.88 38.95
MM-NIAH Retriev. Acc. 25.56 25.06
MM-NIAH Reason. Acc. 51.87 51.52

Average 44.55 46.54

Table D3: Results on MMLongBench (Wang et al.,
2025c) using Qwen2.5-VL-7B. FOCUS shows con-
sistent gains on ICL and DocVQA tasks requiring cross-
image comparison.

We examine whether FOCUS generalizes to
long-context settings by evaluating on MMLong-
Bench (Wang et al., 2025c) across four task cate-
gories (ICL, DocVQA, VRAG, and NIAH) using
Qwen2.5-VL-7B at 8K context length. Hyperpa-
rameters are set to α = 0.1 and λ = 0.1 for most
datasets, with per-dataset selection for a subset of
tasks. Since long-context multi-image understand-

ing is a large body of research (Wang et al., 2024)
with distinct objectives from our work, we do not
claim full applicability to this setting. Nevertheless,
as shown in Table D3, FOCUS shows promising
gains on tasks that align with our design objective
of cross-image disambiguation, particularly on ICL
and DocVQA tasks. Results are mixed on VRAG
and NIAH tasks, where the bottleneck lies in locat-
ing a single relevant image within a long context
rather than disambiguating across multiple images
simultaneously.

D.4 Ablation Study

We conduct ablation studies to assess each compo-
nent in FOCUS. All experiments are conducted on
the Mantis validation set using Qwen2.5-VL 7B.
If not specified, we set noise scale λ = 0.3 and
weighting α = 0.4.

Effect of Noise Type. In Table D4 (a), we com-
pare three types of noise: Gaussian, Impulse, and
Uniform for masking non-target images during FO-
CUS inference. Although all noise variants serve to
suppress irrelevant image cues, their effectiveness
varies. Uniform noise yields the highest accuracy
at 76.19%. In contrast, Gaussian and Impulse noise
achieves comparatively lower accuracy.

Effect of λ (Noise Scale). Table D4 (b) reports
the effect of the noise strength λ, which controls
how much noise is applied to non-target images.
A low value λ = 0.1 moderately improves per-
formance to 71.43%, but is insufficient to fully
suppress leakage. A high value λ = 1.0 degrades
performance to 52.38% by overly corrupting the
image. Our default setting λ = 0.3 yields the high-
est performance at 76.19%, demonstrating that bal-
ancing semantic masking and structural retention
is key.
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(a) Noise Type (b) Noise Scale (c) Weight
Variant Acc. λ Acc. α Acc.

Gaussian 71.43 0.1 71.43 0.1 66.67
Impulse 66.67 0.3 76.19 0.4 76.19
Uniform 76.19 1.0 52.38 1.0 61.90

Table D4: Impact of FOCUS design choices: noise type,
masking strength λ, and contrastive weight α. Mantis
validation accuracies using Qwen2.5-VL-7B. Bold indi-
cates best per group.

Reference Type Mantis-Eval (Test)

w/o Reference 69.12
Clean Image as Reference 67.28
FOCUS (Noise Reference) 70.05

Table D5: Ablation on the choice of reference type,
using Qwen2.5-VL-7B on the Mantis-Eval test set. The
per-image noise term is held fixed and only the reference
type varies.

Effect of α (Weight). Table D4 (c) shows how
the contrastive weight α used to subtract noise ref-
erence fnoise affects performance. A small α = 0.1
achieves 66.67%, indicating a benefit from incor-
porating the noise-only reference. Increasing α to
0.4 (our choice) leads to the best result at 76.19%.
However, setting α = 1.0 reduces performance to
61.90%, likely due to over-suppressing the clean
image logits. This suggests that contrastive sup-
pression should be applied carefully to preserve
essential signal while reducing information leak-
age.

Effect of Reference Type Table D5 compares
three choices of reference type on the Mantis-Eval
test set. We hold the per-image noise term fixed
and vary only the reference. is designed to cancel
the spurious signal that masking introduces (i.e.,
the added noise), not genuine image content. A
clean image reference removes real visual infor-
mation along with the artifact. It reduces accuracy
to 67.28%, worse than using no reference at all
(69.12%). Pure noise instead improves over that
baseline, reaching 70.05%. This confirms that the
clean-image reference removes useful visual evi-
dence, while the noise reference cancels only the
masking artifact.

D.5 Detailed VisMin Results

VisMin(Awal et al., 2024) contains four semantic
categories: Object, Attribute, Relation, and Count-
ing. Image–text pairs differ only minimally within

each category, which makes the benchmark highly
sensitive to multi-image reasoning. In Table D6,
we present results with and without FOCUS.
Object. FOCUS shows clear gains in both the Im-
age Score and the Group Score. These metrics are
essential for evaluating cross-image understanding.
Improvements appear in almost every model group
except InternVL3-8B.
Attribute. In InternVL3-2B, FOCUS achieves
nearly three times higher Group Score compared
to the baseline. This result highlights its strength-
ened capability in distinguishing fine-grained vi-
sual properties across images.
Relation. Llava-OV-7B baseline obtains an Image
Score of 35.53, whereas FOCUS reaches 45.82.
The Group Score also increases from 32.15 to
42.93. These improvements demonstrate signifi-
cantly enhanced relational reasoning.
Counting. FOCUS shows consistent improve-
ments across all model groups in Counting. The
InternVL3-2B model exhibits the largest perfor-
mance increase.
Summary. Overall, FOCUS consistently and ro-
bustly outperforms the baselines across all VisMin
semantic categories. The method shows strong gen-
eralization in understanding each image while ef-
fectively mitigating cross-image information leak-
age.

E Additional Qualitative Results

Figure D3 compares baseline decoding with FO-
CUS using examples from the VisMin benchmark.
In (a), the baseline incorrectly mentions both ba-
nanas and oranges regardless of which image is
queried. In contrast, FOCUS describes only ba-
nanas for the first image and only oranges for the
second, showing a clear separation of visual con-
tent. In (b), the baseline mixes elements from both
images, referring to doughnuts and sandwiches
even when asked about one. FOCUS avoids this
confusion and generates precise, image-specific
descriptions. These examples show that baseline
decoding fails to disentangle visual signals across
multiple images, whereas FOCUS effectively sup-
presses cross-image information leakage.

Figure D4 presents additional examples from the
Mantis benchmark. In (a), the baseline misunder-
stands that the only difference between the two im-
ages is the number of items. FOCUS correctly iden-
tifies this distinction and provides the right answer.
In (b), the two images depict bacteria and viruses.
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Category Object Attribute Relation Counting

T I G T I G T I G T I G

InternVL3-2B 95.68 36.10 35.92 90.82 23.81 22.79 60.77 1.29 0.96 70.29 12.39 11.38
+ FOCUS 95.85 78.58 76.86 90.82 70.07 65.65 60.13 10.93 8.36 69.61 42.61 39.56

InternVL3-8B 96.03 86.01 83.94 93.20 83.67 79.25 90.68 47.43 46.14 75.04 47.88 43.46
+ FOCUS 95.85 85.49 83.77 93.54 80.61 77.89 89.87 50.64 48.71 75.21 54.67 49.07

QwenVL2.5-3B 94.82 48.19 47.84 89.46 47.28 44.56 83.44 24.12 20.90 71.31 30.05 24.96
+ FOCUS 94.65 60.10 59.93 89.46 53.74 51.70 84.24 24.60 21.38 72.16 33.11 29.20

QwenVL2.5-7B 96.20 94.47 92.40 91.50 90.82 84.69 91.32 50.48 49.52 77.42 56.03 50.42
+ FOCUS 96.20 95.34 93.09 91.50 89.80 84.35 91.00 58.36 56.75 77.93 64.52 57.22

LLaVA-OneVision-0.5B 29.02 10.36 2.76 12.93 8.16 0.34 0.00 21.22 0.00 3.40 19.02 1.02
+ FOCUS 29.36 28.84 11.74 12.59 25.17 5.10 0.32 15.59 0.16 4.07 21.22 1.02

LLaVA-OneVision-7B 96.03 63.04 61.83 90.82 62.93 59.52 86.17 35.53 32.15 75.04 53.31 44.65
+ FOCUS 96.03 69.43 67.88 90.82 58.84 56.12 86.17 45.82 42.93 74.70 69.95 55.86

Table D6: Performance across categories (Object, Attribute, Relation, Counting) with and without the proposed
FOCUS decoding method. T: Text Score, I: Image Score, G: Group Score. Bold indicates improvement over the
baseline. Underline highlights the largest gain within each model group for a given category.

The model should respond accurately about the
queried image, yet the baseline fails, while FOCUS
answers correctly. These cases further highlight
FOCUS’s ability to maintain image-specific rea-
soning.

F Use of AI Assistants

We used AI assistants for polishing the manuscript
and partially for code debugging. AI-generated
images were used as input images in qualitative
experiments to illustrate cross-image information
leakage.
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Describe the first/second image.

User

The image shows a woman standing a display of fruits, 
specifically . She is ...bananas and oranges

The image depicts a vibrant and lively scene at an outdoor 
market. A woman is standing behind a table filled with fresh 
fruits, including . She is ...bananas and oranges

Qwen2.5-VL

The image depicts a woman standing behind a display of 
filled with bunches of . The bananas are ...bananas

The image depicts a vibrant and lively market scene. In the 
foreground, there is a woman standing behind a wooden 
crate filled with bright orange . She is ...oranges

Qwen2.5-VL w/ FOCUS

Describe the first/second image.

User

The image shows a plate of 
The doughnuts come in various flavors ...  ...

doughnuts and sandwiches. 
The sandwiches  

The second image shows a plate with 
 on it. The sandwiches appear to be made with bread, 

lettuce, and possibly other fillings, while  ...

sandwiches and 
donuts

the donuts

Qwen2.5-VL

In this center, there close filled with various assortment of 
is prominently displayed in the foreground.glazed donuts 

The image shows a close-up view of a plate with various 
types of  and pastries. The sandwiches appear to 
be made with different types of bread, ...

sandwiches

Qwen2.5-VL w/ FOCUS

(a) (b)

Figure D3: Qualitative samples using the Qwen2.5-VL 3B model. In both multi-image settings, the baseline
decoding strategy often produces a mixed information of the other image not indicated by the question. On the
other hand, FOCUS disentangles cross-image information effectively, resulting in better multi-image understanding.
These examples illustrate that FOCUS helps generate image-specific responses while suprressing cross-image
information leakage.

Do we have the same number and same type of item in 
both images? Answer with the

option's letter from the given choices directly.

 


A: same number and same type of item,

B: same number but different type of item,

C: different number but same type of item,

D: different number and different type of item.

User

C: Different number 
but same type of item. 

Qwen2.5-VL

A: Same number and same 
type of item.

Qwen2.5-VL w/ FOCUS
B: Image 2 can survive 
without a host, but 
image 1 cannot.

Qwen2.5-VL
D: Image 2 are considered 
living organisms, but image 
1 are not.

Qwen2.5-VL w/ FOCUS

Find the difference between the images. Answer with the

option's letter from the given choices directly.

 


A: Image 1 are typically larger than image 2,

B: Image 2 can survive without a host, but image 1 cannot,

C: Image 1 contain DNA, while image 2 only contain RNA,

D: Image 2 are considered living organisms, but

     image 1 are not.

User(a) (b)

Figure D4: More qualitative samples using the Qwen2.5-VL 3B model. Examples are from the Mantis benchmark.
Figure shows that baseline decoding confuses cross-image differences, while FOCUS correctly identifies image-
specific information.
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