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Abstract

Vision-Language Models (VLMs) have demon-
strated remarkable progress in single-image
understanding, yet effective reasoning across
multiple images remains challenging. We iden-
tify a critical capability gap in existing multi-
image alignment approaches: current methods
focus primarily on localized reasoning with
pre-specified image indices (“Look at Image
3 and...”), bypassing the essential skills of
global visual search and autonomous cross-
image comparison. To address this limita-
tion, we introduce a Simple-to-Hard (S2H)
framework that systematically constructs multi-
image preference data across three hierarchi-
cal reasoning levels requiring an increasing
level of capabilities: (1) single-image localized
reasoning, (2) multi-image localized compari-
son, and (3) global visual search. Unlike prior
work that relies on model-specific attributes,
such as hallucinations or attention heuristics, to
generate preference pairs, our approach lever-
ages prompt-driven complexity to create cho-
sen/rejected pairs that are applicable across
different models. Through extensive evalua-
tions on LLaVA-v1.5 and Qwen2.5-VL mod-
els, we show that our diverse multi-image rea-
soning data significantly enhances multi-image
reasoning performance, yielding average im-
provements of 5.27% and 2.49% over baseline
methods across benchmarks. Importantly, our
approach maintains strong single-image reason-
ing performance while simultaneously strength-
ening multi-image understanding capabilities,
thus advancing the state of the art for holistic
visual preference alignment.

1 Introduction

Vision—Language Models (VLMs) (Li et al., 2025;
Bai et al., 2023; Lin et al., 2024) have recently
made rapid progress in understanding visual inputs
and solving reasoning-intensive tasks. Yet reason-
ing across multiple images remains a challenging
frontier: the model must not only interpret each
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Figure 1: Multi-image reasoning skill hierarchy: From
localized reasoning (L1: "What is the color of the car in
Image 27") to global visual search (L3: "Which image
contains a white car?"). Each level requires strictly more
capabilities than the previous.

image in isolation, but also align, compare, and in-
tegrate evidence across images. While proprietary
systems such as GPT-40 (OpenAl, 2024) demon-
strate strong multi-image capabilities, open-source
VLMs (Li et al., 2025; Zhang et al., 2024) still
struggle to reliably aggregate information when vi-
sual context is distributed across several images.
The difficulty compounds as the number of images
grows, increasing both the search space and the
need for consistent cross-image correspondence.
Effective multi-image reasoning therefore hinges
on two core abilities: (1) localizing where to look
across multiple images, and (2) composing infor-
mation from multiple regions into a coherent con-
clusion. Existing work primarily addresses this
via multi-image pre-training (Awadalla et al., 2023)
and supervised fine-tuning (SFT) (Jiang et al.,
2024; Chen et al., 2024b; Liu et al., 2024c), with
only a few studies (Liu et al., 2025) approaching
the problem from the perspective of visual prefer-
ence alignment. In particular, (Liu et al., 2025) ob-
serves that simply incorporating multi-image data
during SFT is not sufficient to improve multi-image
reasoning—and can, in some cases, even degrade
performance on single-image tasks—thereby moti-
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Figure 2: Overview of our method. We transform single-image data sources (e.g., LLaVA 665k, ImageNet)
into multi-image datasets across visual modalities with progressively increasing cognitive load. Our synthetic
transformation pipeline creates task hierarchies that advance from basic single-image understanding to complex
multi-image reasoning requiring visual comparison, spatial reasoning, and cross-modal integration.

vating Direct Preference Optimization (DPO)-style
preference alignment for multi-image reasoning.
However, a key challenge is constructing multi-
image preference pairs because (1) each example
must include a carefully selected set of multiple
images and corresponding questions, and (2) each
example requires well-curated chosen and rejected
text response. These requirements make large-scale
human annotation prohibitively expensive, motivat-
ing synthetic data approaches for generating multi-
image preference data.

While recent work—most notably MIA-DPO
(Liu et al., 2025)—proposes promising strategies
for generating synthetic preference pairs, its data
curation remains fundamentally limited in captur-
ing the skills required for robust multi-image rea-
soning. In particular, it relies on questions that pre-
specify where the model should look (e.g., “What
is the color of the car in Image 2?” given multiple
images). By explicitly indicating which image(s)
to examine, this formulation sidesteps key compe-
tencies in which the model must autonomously de-
termine relevant visual evidence, compare images,
and compose information across multiple views.
Therefore, we argue that, beyond simply reducing
the cost of large-scale data generation, it is cru-
cial to explicitly define the capabilities needed for
multi-image reasoning and to ensure that data cura-
tion targets them. In this regard, let us consider the
progression of multi-image reasoning capabilities:

* Level 1 (Single-Image Localized): "What is the
color of the car in Image 27" — Reason about
one pre-specified image.

* Level 2 (Multi-Image Localized): "Do the cars

in Image 1 and Image 3 have same color?"
— Reason and Compare across multiple pre-
specified images, unlike Level 1 which reduces
to single-image reasoning.

* Level 3 (Global Visual Search): "Which images
contain a white car?" — Reason and Search all
images to locate relevant regions and carefully
aggregate information, unlike Level 1 and Level
2, where regions are pre-specified.

Figure 1 illustrates these capabilities, where each
level demands strictly more from the model than
the previous. Critically, MIA-DPO (Liu et al.,
2025) trains only on Level 1. We argue this is
not merely a difference in question format, but an
important gap: different formulations induce quali-
tatively different reasoning patterns with increasing
difficulty. In particular, at Level 1 the model rea-
sons about a single, pre-specified image (“look at
Image 2”); at Level 2 it must compare multiple pre-
specified images (“look at Image 1 and Image 3”);
and at Level 3 it must autonomously determine
where to look and then reason over the relevant re-
gions (e.g., “look for the image with a white car”).
Thus, we ask the question: Can preference tuning
on diverse multi-image reasoning tasks achieve
broader generalization than index-based local-
ization training alone?

More precisely, we automatically construct a di-
verse synthetic training set containing preference
pairs spanning Levels 1-3, allowing models to learn
multi-image reasoning capabilities simultaneously.
We then perform a comprehensive multi-image
DPO approach that jointly trains models across
all reasoning levels. Through systematic abla-



tions, we demonstrate that: (1) joint training on
mixed-difficulty data enables robust multi-image
reasoning, (2) models trained on diverse question
types, including global search, generalize better
than those trained only on localized questions.

Experimental results highlight a significant ca-
pability gap between our approach and the cur-
rent state-of-the-art. While MIA-DPO achieves
44.2% accuracy on Level 1-2 benchmarks, its
performance declines to 42.9% on Level 3 tasks
(Table 1). Conversely, our method—which lever-
ages training samples across all reasoning lev-
els—improves these figures to 47.9% and 45.04%,
respectively. A critical limitation of MIA-DPO is
its reliance on Level 1 examples, which hinge on
model-specific intrinsic hallucinations to generate
chosen-rejected pairs. This necessitates the genera-
tion of a new dataset for every new model architec-
ture. By introducing higher hardness levels through
prompt-driven complexity, our method alleviates
this dependency. Furthermore, our approach pre-
serves single-image reasoning capabilities, match-
ing the performance of the pre-finetuned baseline.
These findings demonstrate that our method sub-
stantially enhances multi-image reasoning across
all semantic levels without compromising founda-
tional single-image performance.

In summary, our main contributions are:

* We identify a “capability gap” in existing multi-
image alignment: current methods train only on
localized reasoning with pre-specified images
(Level 1), missing the global and partial visual
search capabilities (Levels 2-3) required for real-
world multi-image understanding.

* We develop a systematic technique for generat-
ing high-quality rejected answers from correct-
answer-only datasets, enabling comprehensive
multi-image preference optimization across all
reasoning levels without manual annotation.

» Through extensive experiments, we demonstrate
that our comprehensive multi-image DPO ap-
proach substantially outperforms existing meth-
ods while preserving single-image reasoning ca-
pabilities.

2 Proposed Method
2.1 Preliminaries

In this section, we present the concept of visual
preference alignment and use the Direct Preference
Optimization (DPO) method as a representative
example.

Visual Preference Alignment: Preference align-
ment focuses on aligning a model’s outputs with
a set of preferences. Common methods include
Reinforcement Learning from Human Feedback
(RLHF) (Yu et al., 2024a) and Reinforcement
Learning from AI Feedback (RLAIF)(Yu et al.,
2024b). Consider a dataset D where each sample
consists of an input prompt x, a preferred response
Yw, and a rejected response y;. Formally, we rep-
resent the dataset as D = {x,v,,y;}. The input
x can be an interleaved sequence of images v and
text ¢.

When a VLM processes x to generate an output
y, areward r(x,y) is assigned by a reward model
r, which assigns higher scores to preferred outputs
and lower scores to rejected ones. Visual prefer-
ence alignment aims to maximize this reward:

maxg By p y~my(ylz) [7(2, )], where 0, mg
and 7y(y|z) denote the parameters, policy, and
output distribution of VLM, respectively.

To avoid overfitting on the dataset D, a KL-
divergence loss Dyq is incorporated by preference
alignment approaches to regularize the difference
between the model’s policy my(y|z) and a refer-
ence model’s policy mf(y|z):

maxg [Eg-p yry(ylz) [r(2,9)] = 8 D (m(yla) || meer(yl))],

ey
where, the hyper-parameter 3 controls the influence
of KL-divergence on the optimization objective.
Note that the reference model is the model’s state
prior to preference alignment.

Direct Preference Optimization (DPO): To op-
timize the preference alignment objective in Eq. (1),
we can use either an online reward model (e.g.,
PPO (Schulman et al., 2017)) or pre-computed
off-line chosen/rejected pairs (e.g., DPO (Rafailov
et al., 2024)). Given its simplicity, DPO has been
widely adopted in previous visual alignment works
(Zhao et al., 2023; Zhou et al., 2024). Eq. (1)
can be reformulated as the loss function of DPO:

Lppo (mg; Trer) =

7o (yw|z) _ /8 lo

7rref(yw |I)

2
where, o(.) denotes the sigmoid function. As
shown in Eq. (2), DPO-based alignment methods
concentrate on designing input prompts x and pair-
ing each with a preferred output y,, and a rejected

output y;.

“E@y, ,yz)~D[ log 0(5 log
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Figure 3: Simple-to-Hard (S2H) DPO Data Format. Level 1: The query directly points to a specific image (e.g.,
“Caption the first image”.), and rejected pairs provide responses completely unrelated to the target image. Level 2:
The query references multiple images to enforce multi-image reasoning (e.g., “Compare the first and third images”.).
Level 3: The query is open-ended and requires the model to examine all images before identifying which one
satisfies the semantic constraint (e.g., “Caption the image containing a peacock™.).

2.2 Simple-to-hard (S2H) Tasks

We propose three Simple-to-Hard (S2H) probe
tasks with increasing levels of complexity, defined
by the cognitive load required for localization,
cross-image grounding, and reasoning. Our tasks
therefore escalate from basic single-image query to
complex multi-step reasoning that demands joint
understanding of all images. We illustrate the over-
all process in Figure 2. Below, we explain these
tasks in detail.

2.2.1 Single Image Localized (Level 1)

In the simplest case, following prior work (Liu
et al., 2025), we convert single-image datasets to
multi-image format by appending unrelated dis-
tractor images to existing VQA samples. The cho-
sen response corresponds to the gold answer for
the target image, while the rejected response is an
incorrect answer generated by the model. Criti-
cally, this approach does not establish explicit re-
lationships between images—the task simply re-
quires the model to ignore irrelevant visual context.
The rejected responses primarily arise from model
hallucinations when processing noisy multi-image
inputs, rather than from meaningful cross-image
reasoning errors. While this provides a baseline
for multi-image handling, it does not test genuine
multi-image reasoning capabilities.

2.2.2 Multi-Image Localized (Level 2)

In this category, we extend Level 1 tasks to a multi-
image setting. Rather than analyzing a single image

in isolation, we expand the context by requiring the
model to localize features across multiple images
and respond to prompts that necessitate explicit
cross-image connections. We introduce two dis-
tinct tasks in this category: (i) Kinship Recognition,
where the objective is to determine familial or so-
cial relationships within a set of facial images; and
(i1) Visual Arithmetic, which requires the model to
perform mathematical reasoning—such as count-
ing or logical operations—on shapes, numbers, and
objects distributed across several images. We se-
lect Kinship Recognition and Visual Arithmetic as
Level-2 tasks because they capture complementary
aspects of multi-image localized reasoning. Kin-
ship Recognition requires asymmetric relational
inference: although multiple images are presented,
the answer pertains primarily on a single target im-
age in relation to others, demanding cross-image
relational grounding. Visual Arithmetic, in con-
trast, requires symmetric compositional aggrega-
tion, where each image contributes equally and the
model must combine information across all images
to compute the answer. Together, these sub-skills
capture the core challenges of L2 multi-image rea-
soning.

Chosen/Rejected pair generation. For Kin-
ship Recognition, we leverage preexisting
datasets (Wang et al., 2017; Robinson et al.,
2016) to generate chosen and rejected pairs.
The process is straightforward: we first read the
labels and relationships of the individuals. If
the relationship is correct, we generate a chosen
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Figure 4: Outputs of our method on Global Visual Search. Our approach effectively isolates the queried concept

and produces accurate responses to the prompt.

deterministic caption (e.g., ‘Yes, Image 3 is...”)
and a corresponding rejected caption (e.g., ‘No,
Image 3 is not..."). Conversely, if the relationship
is incorrect, we generate a chosen-rejected pair
by flipping the responses accordingly. For Visual
Arithmetic, images are generated synthetically
using deterministic procedures, ensuring that each
image contributes clearly to the final answer while
maintaining controlled, reproducible inputs for
multi-image reasoning. For Visual Arithmetic,
images are generated synthetically by placing
random shapes and objects in each image while
keeping track of their counts. To create a question,
we randomly sample a subset of images, select
some objects, and choose a random mathematical
operator (e.g., addition, subtraction) to form a
problem whose answer depends on aggregating
information across the selected images. This
deterministic procedure guarantees correct
chosen/reject pair generation.

2.2.3 Global Visual Search (Level 3)

This category inverts the computational ordering:
the model must first perform global reasoning
across the entire image set before localizing the
relevant image. Consider the task of captioning
an image that satisfies a semantic criterion, e.g.,
“Caption the image containing a peacock”. Un-
like previous levels, localization cannot precede
reasoning. Instead, the model must evaluate all
images against the query constraint, identify the
matching instance, and only then generate the cap-
tion. This formulation tests the model’s ability to
integrate cross-image search with subsequent gen-
erative tasks.

Single-to-Multi-Image Prompt Construction.
Figure 3 (bottom) illustrates our procedure for
converting single-image captions into multi-image
chosen-rejected pairs. We construct training data

from existing annotated datasets through a two-
stage process designed to distinguish targeted
search from general summarization. Chosen pair
generation: We first select a target concept from
ImageNet (Deng et al., 2009) and sample a target
image Z,pe belonging to that concept. We then
prompt a vision-language model to generate both
(1) a detailed caption and (2) the primary object
present in the image (e.g., peacock). To form a
multi-image set, we pair Ziygee With N — 1 dis-
tractor images randomly sampled from different
concept classes, ensuring that the same primary ob-
ject does not appear in more than one image. The
chosen response is then assigned as the generated
caption. Rejected pair generation: For the same
multi-image set, we prompt the captioning model
without specifying a target object, asking it to sim-
ply “caption the images.” This yields a rejected
response that typically either aggregates informa-
tion across multiple images or provides a generic
description, failing to isolate the target. Impor-
tantly, these rejected responses are not randomly
unrelated—they represent plausible but incorrect
responses, which provides a better learning signal
to model compared to trivial negatives. We use
Qwen2.5-VL-32B (Bai et al., 2025) as the caption
generator in this work. Quality filtering: To ensure
meaningful contrast between chosen and rejected
pairs, we compute semantic similarity between the
two responses using text encoders (CLIP, MPNet).
Pairs with similarity exceeding threshold 7 (top
quartile) are discarded, as high similarity indicates
the rejected response inadvertently captured the cor-
rect behavior. This filtering ensures the contrastive
pairs provide a clear learning signal for distinguish-
ing conditional visual search from unconstrained
multi-image description.



2.3 Implementation Details

Our S2H-DPO is model-agnostic and can be di-
rectly applied to a wide range of LVLMs with-
out requiring the generation of additional train-
ing datasets, in contrast to prior approaches. We
evaluate our method on two widely used MLLMs:
LLaVA-v1.5-7B (Liu et al., 2024a) and Qwen2.5-
VL-7B (Bai et al., 2025). All models are trained
for three epochs with a learning rate of 5 X 1077,
and the temperature parameter [ is set to 0.1. We
create 20K samples for each level.

Table 1: Main results on multi-image benchmarks. We
compare our S2H-DPO with other DPO algorithms across
five multi-image benchmarks. Our method yields consistent
improvements over both the classic LLaVA-v1.5 and the re-
cent Qwen2.5-VL-7B. In contrast, single-image DPO methods
perform poorly on multi-image benchmarks.

Models Parameter BLINK Mantis NLVR2 Average

GPT-4V (Achiam et al., 2023) - 51.1 62.7 88.8 67.53
LLaVA-v1.6 (Li et al., 2025) 7B 39.6 45.6 58.9 48.03
Qwen-VL-Chat (Bai et al., 2023) 7B 31.2 39.2 58.7 43.03
VideoLLaVA (Lin et al., 2024) 7B 38.9 359 56.5 43.77
Fuyu (Bavishi et al., 2023) 8B 36.6 27.2 51.1 38.3

Idefics2 (Laurencon et al., 2024) 8B 452 489 86.9 60.33
InstructBLIP (Dai et al., 2023) 13B 422 45.6 60.3 49.37
CogVLM (Wang et al., 2024) 17B 41.5 452  58.6 48.43
Emu2-Chat (Sun et al., 2024) 37B 36.2 37.8 582 44.07
LLaVA-v1.5 (Liu et al., 2024a) 7B 37.1 419 521 43.7

+ LLaVA-RLHF (Sun et al., 2023) 7B 40.8 304 518 41.0

+ HA-DPO (Zhao et al., 2023) 7B 38.6 346 516 41.6

+ POVID (Zhou et al., 2024) 7B 19.9 37.8 214 26.37
+ MIA-DPO (Liu et al., 2025) 7B 429 442 542 47.1

+ S2H-DPO (Ours) 7B 4340 46.54 5559 |48.97
A - +6.30  +6.03 +3.49 |[+5.27
Qwen2.5-VL (Bai et al., 2025) 7B 5429 68.66 7428 |65.74
+ MIA-DPO (Liu et al., 2025) 7B 41.28 5945 74.18 |58.30
+ S2H-DPO (Ours) 7B 5585 74.19 74.67 |68.24
A - +1.56  +5.53 +0.39 [+2.49

3 Related Works in Preference Alignment

Aligning Large Language Models with human pref-
erences has become a critical requirement for their
safe and reliable deployment in real-world applica-
tions, particularly under stringent ethical and safety
constraints. Preference alignment methods can
be broadly divided into two categories. The first
involves feedback-driven alignment, which lever-
ages either human-annotated preferences (Rafailov
et al., 2024; Bai et al., 2022) or Al-generated feed-
back (Yu et al., 2024b). The second category fo-
cuses on prompt-based guidance, where carefully
designed instructions are used to steer model be-
havior without modifying model parameters (Chen
et al., 2023).

Recent studies have begun to investigate prefer-
ence alignment in the context of vision—language
large models (VLLMs). Sun et al. (Sun et al.,
2023) introduced LLaVA-RLHF, which utilizes

Table 2: Main results on single-image benchmarks. We
compare S2H-DPO with other DPO approaches across two
key single-image benchmarks. S2H-DPO maintains strong
proficiency in single-image tasks.

Models Parameter MMStar POPE Average
LLaVA-v1.6 (Liet al., 2025) 7B 37.6 703 5395
Qwen-VL-Chat (Bai et al., 2023) 7B 345 749 | 547
Idefics2 (Laurencon et al., 2024) 8B 49.5 86.2 |67.85
OpenFlamingo (Awadalla et al., 2023) 9B 36.9 52,6 4475
InstructBLIP (Dai et al., 2023) 13B 327 86.1 59.4
CogVLM (Wang et al., 2024) 17B 39.9 88.0 [63.95
Emu2-Chat (Sun et al., 2024) 37B 40.7 88.0 |64.35
LLaVA-v1.5 (Liu et al., 2024a) 7B 329 859 (594
+ LLaVA-RLHF (Sun et al., 2023) 7B 31.6 80.8 [56.2
+ HA-DPO (Zhao et al., 2023) 7B 335 843 |[589
+ POVID (Zhou et al., 2024) 7B 36.2 86.3 |61.25
+ MIA-DPO (Liu et al., 2025) 7B 329 87.2 |60.05
+ S2H-DPO (Ours) 7B 33.62 85.70 |59.66
Qwen2.5-VL (Bai et al., 2025) 7B 62.24 83.13 | 72.69
+ S2H-DPO (Ours) 7B 62.47 83.59 |73.03

human-annotated preference data to reduce hal-
lucinations in LLaVA. Li et al. (Li et al., 2024)
proposed a preference distillation framework that
transfers alignment signals into VLLMs, improving
visual grounding and response relevance. Similarly,
Yu et al. (Yu et al., 2024a) collected fine-grained
human preferences in the form of segment-level
corrections to hallucinated content and optimized
model behavior using dense supervision. HA-DPO
(Zhao et al., 2023) addresses alignment by leverag-
ing GPT-4’s API to create the required DPO data,
though it incurs substantial API expenses. POVID
(Zhou et al., 2024) induces hallucinations using
blurred images GPT-4 to generate DPO data. Re-
cently, MIA-DPO (Liu et al., 2025) automates the
generation of chosen-rejected pairs by exploiting
the model’s intrinsic hallucinations, but it still ne-
cessitates creating a fresh set of DPO data for each
model.

4 Experiments
4.1 Benchmarks

To assess our method, we evaluate its performance
across two primary categories of benchmarks. First,
we examine multi-image reasoning using three
multi-image benchmarks BLINK (Fu et al., 2024),
Mantis (Jiang et al., 2024) and NLVR2 (Suhr
et al., 2019). Second, to ensure our approach
maintains robust single-image capabilities, we test
on two single-image benchmarks, including MM-
Star (Chen et al., 2024a) and POPE (Li et al.,
2023). This extensive evaluation demonstrates our
method’s versatility and confirms significant per-
formance gains in multi-image scenarios without
sacrificing single-image proficiency.



Table 3: Effect of curriculum training strategies. Com-
parison of simple-to-hard (S2H) curriculum training
against flat training. Flat training outperforms incre-
mental curriculum training, as the latter leads to myopic
optimization that biases the model to look for localiza-
tion cues in the prompt.

Curriculum BLINK MANTIS NLVR2 Mean

LLaVA-vl.5 37.1 419 52.1 43.70
+L1 (Liu et al., 2025) 429 44.2 54.2 47.10
Li- L2 40.2 39.6 54.7 44.83
L2 flat 44.1 44.7 55.6 48.13
LI-L3 37.03 41.0 54.7 44.24
L3 flat 438 42.8 55.2 47.27
L1- (L2UL3) 40.17 41.0 5513 45.56
(L2UL3) flat 432 41.4 55.0 46.53
LI-L2-1L3 39.96 41.4 55.3 45.55

4.2 Baseline Methods

We benchmark our method against several state-of-
the-art preference optimization strategies. LLaVA-
RLHF (Sun et al., 2023) serves as the stan-
dard RLHF baseline, utilizing human and GPT-
generated feedback. HA-DPO (Zhao et al., 2023)
focuses on error correction by leveraging GPT-4V
as an expert annotator to rectify model halluci-
nations. In contrast, POVID (Zhou et al., 2024)
adopts an adversarial approach, pairing distorted
images with synthetic hallucinations to stress-test
modality alignment. Finally, we compare against
MIA-DPO (Liu et al., 2025), which automates the
generation of preference data by exploiting the
model’s internal hallucinations in multi-image con-
texts.

4.3 Results on Multi-Image Benchmarks

Results on LLaVA-1.5: We report the perfor-
mance of our method across several multi-image
benchmarks in Table 1. Our approach yields sig-
nificant gains, specifically improving by 6.30%,
6.03%, and 3.49% across three key datasets. No-
tably, on the complex BLINK benchmark—which
requires specialized domain knowledge—S2H-
DPO outperforms the LLaVA-v1.5 baseline by
6.30%. Furthermore, evaluations on the Mantis and
NLVR2 benchmarks show improvements of 6.03%
and 3.49%, respectively. These results clearly high-
light the effectiveness of our proposed method in
enhancing the model’s capacity for visual synthesis
and reasoning within multi-image contexts. We
illustrate these results in Figure 4.

Comparison with Preference Optimization base-
lines: As shown in Table 1, S2H-DPO consistently
outperforms established preference optimization
methods. While standard LLaVA-RLHF and HA-
DPO show marginal or even negative gains on

specific multi-image tasks, our method achieves
substantial improvements across all benchmarks.
Notably, compared to the closest baseline, MIA-
DPO, our approach yields an additional boost of
0.50%, 2.34%, 1.39%. These results indicate that
our method provides a more robust signal for multi-
image alignment than existing DPO or RLHF vari-
ants.

Results on QwenVL2.5-7B: As shown in
Table 1, our method consistently improves
QwenVL2.5-7B across all three multi-image bench-
marks, yielding gains of 1.56%, 5.53%, and 0.39%,
with an average improvement of 2.49%. In contrast
to preference-optimization baselines such as MIA-
DPO, which degrades performance on the first two
benchmarks, S2H-DPO achieves stable and sub-
stantial improvements across all settings, demon-
strating its effectiveness for multi-image alignment
and reasoning.

4.4 Results on Single-Image Benchmarks

While S2H-DPO is primarily designed to enhance
performance in multi-image reasoning tasks, it is
crucial that the optimized model maintains effec-
tiveness on its core capability: single-image rea-
soning. We evaluate S2ZH-DPO on established
single-image benchmarks to verify this property.
As shown in Table 2, S2H-DPO consistently out-
performs the LLaVA-v1.5 baseline and existing
preference-alignment methods, including LLaVA-
RLHF and HA-DPO, across all evaluated single-
image benchmarks. These results demonstrate that
S2H-DPO not only substantially improves multi-
image reasoning performance but also preserves
strong single-image capabilities. This dual profi-
ciency makes S2H-DPO well-suited for training
robust vision-language models capable of handling
both single- and multi-image scenarios in real-
world deployments.

5 Ablation Studies

Ablation on curriculum training and data mix-
ture: We study the effect of curriculum learning
strategies and data mixture on multimodal reason-
ing performance. Specifically, we compare incre-
mental curriculum-based training—where models
are exposed to tasks in increasing order of com-
plexity—against flat training baselines that directly
optimize on the target task distribution using dif-
ferent data mixtures. As summarized in Table 3,
we denote incremental setups as A — B, indi-
cating training on task set B after pretraining on
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Figure 5: Effect of the number of distractors (2-5) on
L3 task performance across BLINK, MANTIS, and
NLVRZ2, showing peak accuracy at 3 distractors.

A. Across all mixtures, flat training consistently
outperforms curriculum-based approaches. For ex-
ample, L2 flat training attains a mean accuracy
of 48.13%, 3.3% improvement over the L1—L2
curriculum (44.83%). This improvement corre-
sponds to gains of 3.9% and 5.1% on BLINK
and MANTIS, respectively. This trend generalizes
across task combinations: L3 flat training improves
upon L1—-L3 by 3.0% (47.27% vs. 44.24%), while
(L2UL3) flat training yields a 1.0% accuracy in-
crease over L1—(L2UL3) (46.53% vs. 45.56%).
Even the most gradual curriculum, L1—-L2—L3,
achieves only 45.55% mean accuracy, underper-
forming all flat training variants. These results
suggest that, for multimodal reasoning tasks, di-
rect exposure to the target task distribution is
more effective than gradual adaptation through
curriculum hierarchies. This is because curric-
ula based training on simpler tasks induce myopic
reasoning behavior, causing models to over-rely
on localized or explicitly referenced visual cues
present in the prompt, rather than developing a
holistic, global understanding of the visual scene.

Ablation on SFT vs DPO: We compare the effec-
tiveness of supervised fine-tuning (SFT) and direct
preference optimization (DPO) for enhancing mul-
timodal reasoning capabilities. We simply convert
the DPO data to SFT data by discarding the rejected
samples. As shown in Table 4, both approaches
substantially improve over the LLaVA-v1.5 base-
line (43.70% mean accuracy), with SFT achieving
46.92% and DPO reaching 48.97% mean accuracy.
DPO demonstrates consistent advantages across
all benchmarks, outperforming SFT by 2.88% on
BLINK (43.40% vs. 40.52%), 2.78% on MAN-
TIS (47.93% vs. 45.15%), and 0.41% on NLVR2
(55.50% vs. 55.09%). These results indicate that
preference-based optimization provides stronger
learning signals for multimodal reasoning tasks

Table 4: DPO vs. SFT on LLaVA-v1.5. Preference-
based optimization (DPO) provides stronger guidance
than standard supervised fine-tuning (SFT), leading to
improved performance across benchmarks.

Training BLINK MANTIS NLVR2 Mean
LLaVA (Liu et al., 2024b) 37.1 419 52.1 43.70
+SFT 40.52 45.15 55.09 46.92
+DPO 43.40 47.93 55.50 48.97

compared to standard supervised learning.
Ablation on number of distractors. We study the
effect of distractor count in the L3 task by train-
ing separate models on 20K samples with 2-5 dis-
tractors. Figure 5 shows the resulting accuracy
trends. Performance improves as distractors in-
crease, peaks at 3, and declines beyond that. This
suggests that while more distractors enrich super-
vision and encourage robust reasoning, too many
introduce noise. Overall, 3 distractors provide the
optimal balance between contextual diversity and
reasoning difficulty across benchmarks.

Does S2H training enhance L3 ability? To evalu-
ate this, we construct L3-style questions using the
ImageNet validation set. For each question, we ran-
domly sample a target image belonging to a object
c, and select N € {2, 3,4} distractor images from
different classes. The model is then asked: “Which
of the following images contains object?” On
500 such questions, our fine-tuned model achieves
an accuracy of 31.05%, outperforming baseline
LLaVA-v1.5 by 6.94%. This improvement indi-
cates that the proposed S2H training tasks enhances
higher-order visual reasoning and leads to stronger
L3 capability.

6 Conclusion

We identify and address a critical capability gap
in multi-image reasoning within Vision-Language
Models. While prior methods focused heavily
on localized indexing, our Simple-to-Hard (S2H)
framework demonstrates that multi-image reason-
ing requires a hierarchical approach—advancing
from basic isolation to complex global visual
search and cross-image composition. By sys-
tematically generating synthetic preference pairs
across these cognitive levels, we move beyond
model-specific hallucinations toward a more ro-
bust, prompt-driven alignment strategy. Our results
show that this comprehensive training not only sig-
nificantly improves performance on complex multi-
image benchmarks but also preserves the founda-
tional single-image reasoning capabilities.



7 Limitations

Despite its effectiveness, our S2H-DPO framework
has few limitations. First, although preference pairs
are generated without human annotation, the pro-
cess still relies on existing datasets and a strong
captioning model, whose biases may propagate
into the training data. Second, our experiments
focus on multi-image settings with a limited num-
ber of images (capped at 6 images) ; scaling to
much larger image sets may introduce additional
challenges in attention and efficiency that we do
not explore. Finally, while S2H-DPO captures key
forms of multi-image reasoning, it does not cover
all possible reasoning patterns, such as temporal
or causal reasoning across images, which we leave
for future work.
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