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Abstract001

Vision-Language Models (VLMs) have demon-002
strated remarkable progress in single-image003
understanding, yet effective reasoning across004
multiple images remains challenging. We iden-005
tify a critical capability gap in existing multi-006
image alignment approaches: current methods007
focus primarily on localized reasoning with008
pre-specified image indices (“Look at Image009
3 and...”), bypassing the essential skills of010
global visual search and autonomous cross-011
image comparison. To address this limita-012
tion, we introduce a Simple-to-Hard (S2H)013
framework that systematically constructs multi-014
image preference data across three hierarchi-015
cal reasoning levels requiring an increasing016
level of capabilities: (1) single-image localized017
reasoning, (2) multi-image localized compari-018
son, and (3) global visual search. Unlike prior019
work that relies on model-specific attributes,020
such as hallucinations or attention heuristics, to021
generate preference pairs, our approach lever-022
ages prompt-driven complexity to create cho-023
sen/rejected pairs that are applicable across024
different models. Through extensive evalua-025
tions on LLaVA-v1.5 and Qwen2.5-VL mod-026
els, we show that our diverse multi-image rea-027
soning data significantly enhances multi-image028
reasoning performance, yielding average im-029
provements of 5.27% and 2.49% over baseline030
methods across benchmarks. Importantly, our031
approach maintains strong single-image reason-032
ing performance while simultaneously strength-033
ening multi-image understanding capabilities,034
thus advancing the state of the art for holistic035
visual preference alignment.036

1 Introduction037

Vision–Language Models (VLMs) (Li et al., 2025;038

Bai et al., 2023; Lin et al., 2024) have recently039

made rapid progress in understanding visual inputs040

and solving reasoning-intensive tasks. Yet reason-041

ing across multiple images remains a challenging042

frontier: the model must not only interpret each043

Figure 1: Multi-image reasoning skill hierarchy: From
localized reasoning (L1: "What is the color of the car in
Image 2?") 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- 044

tegrate evidence across images. While proprietary 045

systems such as GPT-4o (OpenAI, 2024) demon- 046

strate strong multi-image capabilities, open-source 047

VLMs (Li et al., 2025; Zhang et al., 2024) still 048

struggle to reliably aggregate information when vi- 049

sual context is distributed across several images. 050

The difficulty compounds as the number of images 051

grows, increasing both the search space and the 052

need for consistent cross-image correspondence. 053

Effective multi-image reasoning therefore hinges 054

on two core abilities: (1) localizing where to look 055

across multiple images, and (2) composing infor- 056

mation from multiple regions into a coherent con- 057

clusion. Existing work primarily addresses this 058

via multi-image pre-training (Awadalla et al., 2023) 059

and supervised fine-tuning (SFT) (Jiang et al., 060

2024; Chen et al., 2024b; Liu et al., 2024c), with 061

only a few studies (Liu et al., 2025) approaching 062

the problem from the perspective of visual prefer- 063

ence alignment. In particular, (Liu et al., 2025) ob- 064

serves that simply incorporating multi-image data 065

during SFT is not sufficient to improve multi-image 066

reasoning—and can, in some cases, even degrade 067

performance on single-image tasks—thereby moti- 068
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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)-style069

preference alignment for multi-image reasoning.070

However, a key challenge is constructing multi-071

image preference pairs because (1) each example072

must include a carefully selected set of multiple073

images and corresponding questions, and (2) each074

example requires well-curated chosen and rejected075

text response. These requirements make large-scale076

human annotation prohibitively expensive, motivat-077

ing synthetic data approaches for generating multi-078

image preference data.079

While recent work—most notably MIA-DPO080

(Liu et al., 2025)—proposes promising strategies081

for generating synthetic preference pairs, its data082

curation remains fundamentally limited in captur-083

ing the skills required for robust multi-image rea-084

soning. In particular, it relies on questions that pre-085

specify where the model should look (e.g., “What086

is the color of the car in Image 2?” given multiple087

images). By explicitly indicating which image(s)088

to examine, this formulation sidesteps key compe-089

tencies in which the model must autonomously de-090

termine relevant visual evidence, compare images,091

and compose information across multiple views.092

Therefore, we argue that, beyond simply reducing093

the cost of large-scale data generation, it is cru-094

cial to explicitly define the capabilities needed for095

multi-image reasoning and to ensure that data cura-096

tion targets them. In this regard, let us consider the097

progression of multi-image reasoning capabilities:098

• Level 1 (Single-Image Localized): "What is the099

color of the car in Image 2?" — Reason about100

one pre-specified image.101

• Level 2 (Multi-Image Localized): "Do the cars102

in Image 1 and Image 3 have same color?" 103

— Reason and Compare across multiple pre- 104

specified images, unlike Level 1 which reduces 105

to single-image reasoning. 106

• Level 3 (Global Visual Search): "Which images 107

contain a white car?" — Reason and Search all 108

images to locate relevant regions and carefully 109

aggregate information, unlike Level 1 and Level 110

2, where regions are pre-specified. 111

Figure 1 illustrates these capabilities, where each 112

level demands strictly more from the model than 113

the previous. Critically, MIA-DPO (Liu et al., 114

2025) trains only on Level 1. We argue this is 115

not merely a difference in question format, but an 116

important gap: different formulations induce quali- 117

tatively different reasoning patterns with increasing 118

difficulty. In particular, at Level 1 the model rea- 119

sons about a single, pre-specified image (“look at 120

Image 2”); at Level 2 it must compare multiple pre- 121

specified images (“look at Image 1 and Image 3”); 122

and at Level 3 it must autonomously determine 123

where to look and then reason over the relevant re- 124

gions (e.g., “look for the image with a white car”). 125

Thus, we ask the question: Can preference tuning 126

on diverse multi-image reasoning tasks achieve 127

broader generalization than index-based local- 128

ization training alone? 129

More precisely, we automatically construct a di- 130

verse synthetic training set containing preference 131

pairs spanning Levels 1-3, allowing models to learn 132

multi-image reasoning capabilities simultaneously. 133

We then perform a comprehensive multi-image 134

DPO approach that jointly trains models across 135

all reasoning levels. Through systematic abla- 136
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tions, we demonstrate that: (1) joint training on137

mixed-difficulty data enables robust multi-image138

reasoning, (2) models trained on diverse question139

types, including global search, generalize better140

than those trained only on localized questions.141

Experimental results highlight a significant ca-142

pability gap between our approach and the cur-143

rent state-of-the-art. While MIA-DPO achieves144

44.2% accuracy on Level 1–2 benchmarks, its145

performance declines to 42.9% on Level 3 tasks146

(Table 1). Conversely, our method—which lever-147

ages training samples across all reasoning lev-148

els—improves these figures to 47.9% and 45.04%,149

respectively. A critical limitation of MIA-DPO is150

its reliance on Level 1 examples, which hinge on151

model-specific intrinsic hallucinations to generate152

chosen-rejected pairs. This necessitates the genera-153

tion of a new dataset for every new model architec-154

ture. By introducing higher hardness levels through155

prompt-driven complexity, our method alleviates156

this dependency. Furthermore, our approach pre-157

serves single-image reasoning capabilities, match-158

ing the performance of the pre-finetuned baseline.159

These findings demonstrate that our method sub-160

stantially enhances multi-image reasoning across161

all semantic levels without compromising founda-162

tional single-image performance.163

In summary, our main contributions are:164

• We identify a “capability gap” in existing multi-165

image alignment: current methods train only on166

localized reasoning with pre-specified images167

(Level 1), missing the global and partial visual168

search capabilities (Levels 2-3) required for real-169

world multi-image understanding.170

• We develop a systematic technique for generat-171

ing high-quality rejected answers from correct-172

answer-only datasets, enabling comprehensive173

multi-image preference optimization across all174

reasoning levels without manual annotation.175

• Through extensive experiments, we demonstrate176

that our comprehensive multi-image DPO ap-177

proach substantially outperforms existing meth-178

ods while preserving single-image reasoning ca-179

pabilities.180

2 Proposed Method181

2.1 Preliminaries182

In this section, we present the concept of visual183

preference alignment and use the Direct Preference184

Optimization (DPO) method as a representative185

example.186

Visual Preference Alignment: Preference align- 187

ment focuses on aligning a model’s outputs with 188

a set of preferences. Common methods include 189

Reinforcement Learning from Human Feedback 190

(RLHF) (Yu et al., 2024a) and Reinforcement 191

Learning from AI Feedback (RLAIF)(Yu et al., 192

2024b). Consider a dataset D where each sample 193

consists of an input prompt x, a preferred response 194

yw, and a rejected response yl. Formally, we rep- 195

resent the dataset as D = {x, yw, yl}. The input 196

x can be an interleaved sequence of images v and 197

text t. 198

When a VLM processes x to generate an output 199

y, a reward r(x, y) is assigned by a reward model 200

r, which assigns higher scores to preferred outputs 201

and lower scores to rejected ones. Visual prefer- 202

ence alignment aims to maximize this reward: 203

maxθ Ex∼D,y∼πθ(y∣x) [r(x, y)] , where θ, πθ 204

and πθ(y∣x) denote the parameters, policy, and 205

output distribution of VLM, respectively. 206

To avoid overfitting on the dataset D, a KL- 207

divergence loss DKL is incorporated by preference 208

alignment approaches to regularize the difference 209

between the model’s policy πθ(y∣x) and a refer- 210

ence model’s policy πref(y∣x): 211

maxθ [Ex∼D,y∼πθ(y∣x) [r(x, y)] − β ⋅DKL(πθ(y∣x) ∥ πref(y∣x))] ,
(1) 212

where, the hyper-parameter β controls the influence 213

of KL-divergence on the optimization objective. 214

Note that the reference model is the model’s state 215

prior to preference alignment. 216

Direct Preference Optimization (DPO): To op- 217

timize the preference alignment objective in Eq. (1), 218

we can use either an online reward model (e.g., 219

PPO (Schulman et al., 2017)) or pre-computed 220

off-line chosen/rejected pairs (e.g., DPO (Rafailov 221

et al., 2024)). Given its simplicity, DPO has been 222

widely adopted in previous visual alignment works 223

(Zhao et al., 2023; Zhou et al., 2024). Eq. (1) 224

can be reformulated as the loss function of DPO: 225

LDPO(πθ;πref) = 226

−E(x,yw,yl)∼D[ log σ(β log
πθ(yw∣x)
πref(yw∣x) − β log

πθ(yl∣x)
πref(yl∣x))],

(2) 227

where, σ(.) denotes the sigmoid function. As 228

shown in Eq. (2), DPO-based alignment methods 229

concentrate on designing input prompts x and pair- 230

ing each with a preferred output yw and a rejected 231

output yl. 232
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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) Tasks233

We propose three Simple-to-Hard (S2H) probe234

tasks with increasing levels of complexity, defined235

by the cognitive load required for localization,236

cross-image grounding, and reasoning. Our tasks237

therefore escalate from basic single-image query to238

complex multi-step reasoning that demands joint239

understanding of all images. We illustrate the over-240

all process in Figure 2. Below, we explain these241

tasks in detail.242

2.2.1 Single Image Localized (Level 1)243

In the simplest case, following prior work (Liu244

et al., 2025), we convert single-image datasets to245

multi-image format by appending unrelated dis-246

tractor images to existing VQA samples. The cho-247

sen response corresponds to the gold answer for248

the target image, while the rejected response is an249

incorrect answer generated by the model. Criti-250

cally, this approach does not establish explicit re-251

lationships between images—the task simply re-252

quires the model to ignore irrelevant visual context.253

The rejected responses primarily arise from model254

hallucinations when processing noisy multi-image255

inputs, rather than from meaningful cross-image256

reasoning errors. While this provides a baseline257

for multi-image handling, it does not test genuine258

multi-image reasoning capabilities.259

2.2.2 Multi-Image Localized (Level 2)260

In this category, we extend Level 1 tasks to a multi-261

image setting. Rather than analyzing a single image262

in isolation, we expand the context by requiring the 263

model to localize features across multiple images 264

and respond to prompts that necessitate explicit 265

cross-image connections. We introduce two dis- 266

tinct tasks in this category: (i) Kinship Recognition, 267

where the objective is to determine familial or so- 268

cial relationships within a set of facial images; and 269

(ii) Visual Arithmetic, which requires the model to 270

perform mathematical reasoning—such as count- 271

ing or logical operations—on shapes, numbers, and 272

objects distributed across several images. We se- 273

lect Kinship Recognition and Visual Arithmetic as 274

Level-2 tasks because they capture complementary 275

aspects of multi-image localized reasoning. Kin- 276

ship Recognition requires asymmetric relational 277

inference: although multiple images are presented, 278

the answer pertains primarily on a single target im- 279

age in relation to others, demanding cross-image 280

relational grounding. Visual Arithmetic, in con- 281

trast, requires symmetric compositional aggrega- 282

tion, where each image contributes equally and the 283

model must combine information across all images 284

to compute the answer. Together, these sub-skills 285

capture the core challenges of L2 multi-image rea- 286

soning. 287

Chosen/Rejected pair generation. For Kin- 288

ship Recognition, we leverage preexisting 289

datasets (Wang et al., 2017; Robinson et al., 290

2016) to generate chosen and rejected pairs. 291

The process is straightforward: we first read the 292

labels and relationships of the individuals. If 293

the relationship is correct, we generate a chosen 294
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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. . . ’)295

and a corresponding rejected caption (e.g., ‘No,296

Image 3 is not. . . ’). Conversely, if the relationship297

is incorrect, we generate a chosen–rejected pair298

by flipping the responses accordingly. For Visual299

Arithmetic, images are generated synthetically300

using deterministic procedures, ensuring that each301

image contributes clearly to the final answer while302

maintaining controlled, reproducible inputs for303

multi-image reasoning. For Visual Arithmetic,304

images are generated synthetically by placing305

random shapes and objects in each image while306

keeping track of their counts. To create a question,307

we randomly sample a subset of images, select308

some objects, and choose a random mathematical309

operator (e.g., addition, subtraction) to form a310

problem whose answer depends on aggregating311

information across the selected images. This312

deterministic procedure guarantees correct313

chosen/reject pair generation.314

2.2.3 Global Visual Search (Level 3)315

This category inverts the computational ordering:316

the model must first perform global reasoning317

across the entire image set before localizing the318

relevant image. Consider the task of captioning319

an image that satisfies a semantic criterion, e.g.,320

“Caption the image containing a peacock”. Un-321

like previous levels, localization cannot precede322

reasoning. Instead, the model must evaluate all323

images against the query constraint, identify the324

matching instance, and only then generate the cap-325

tion. This formulation tests the model’s ability to326

integrate cross-image search with subsequent gen-327

erative tasks.328

Single-to-Multi-Image Prompt Construction.329

Figure 3 (bottom) illustrates our procedure for330

converting single-image captions into multi-image331

chosen-rejected pairs. We construct training data332

from existing annotated datasets through a two- 333

stage process designed to distinguish targeted 334

search from general summarization. Chosen pair 335

generation: We first select a target concept from 336

ImageNet (Deng et al., 2009) and sample a target 337

image Itarget belonging to that concept. We then 338

prompt a vision-language model to generate both 339

(1) a detailed caption and (2) the primary object 340

present in the image (e.g., peacock). To form a 341

multi-image set, we pair Itarget with N − 1 dis- 342

tractor images randomly sampled from different 343

concept classes, ensuring that the same primary ob- 344

ject does not appear in more than one image. The 345

chosen response is then assigned as the generated 346

caption. Rejected pair generation: For the same 347

multi-image set, we prompt the captioning model 348

without specifying a target object, asking it to sim- 349

ply “caption the images.” This yields a rejected 350

response that typically either aggregates informa- 351

tion across multiple images or provides a generic 352

description, failing to isolate the target. Impor- 353

tantly, these rejected responses are not randomly 354

unrelated—they represent plausible but incorrect 355

responses, which provides a better learning signal 356

to model compared to trivial negatives. We use 357

Qwen2.5-VL-32B (Bai et al., 2025) as the caption 358

generator in this work. Quality filtering: To ensure 359

meaningful contrast between chosen and rejected 360

pairs, we compute semantic similarity between the 361

two responses using text encoders (CLIP, MPNet). 362

Pairs with similarity exceeding threshold τ (top 363

quartile) are discarded, as high similarity indicates 364

the rejected response inadvertently captured the cor- 365

rect behavior. This filtering ensures the contrastive 366

pairs provide a clear learning signal for distinguish- 367

ing conditional visual search from unconstrained 368

multi-image description. 369
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2.3 Implementation Details370

Our S2H-DPO is model-agnostic and can be di-371

rectly applied to a wide range of LVLMs with-372

out requiring the generation of additional train-373

ing datasets, in contrast to prior approaches. We374

evaluate our method on two widely used MLLMs:375

LLaVA-v1.5-7B (Liu et al., 2024a) and Qwen2.5-376

VL-7B (Bai et al., 2025). All models are trained377

for three epochs with a learning rate of 5 × 10
−5,378

and the temperature parameter β is set to 0.1. We379

create 20K samples for each level.380

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 35.9 56.5 43.77
Fuyu (Bavishi et al., 2023) 8B 36.6 27.2 51.1 38.3
Idefics2 (Laurençon et al., 2024) 8B 45.2 48.9 86.9 60.33
InstructBLIP (Dai et al., 2023) 13B 42.2 45.6 60.3 49.37
CogVLM (Wang et al., 2024) 17B 41.5 45.2 58.6 48.43
Emu2-Chat (Sun et al., 2024) 37B 36.2 37.8 58.2 44.07

LLaVA-v1.5 (Liu et al., 2024a) 7B 37.1 41.9 52.1 43.7
+ LLaVA-RLHF (Sun et al., 2023) 7B 40.8 30.4 51.8 41.0
+ HA-DPO (Zhao et al., 2023) 7B 38.6 34.6 51.6 41.6
+ POVID (Zhou et al., 2024) 7B 19.9 37.8 21.4 26.37
+ MIA-DPO (Liu et al., 2025) 7B 42.9 44.2 54.2 47.1
+ S2H-DPO (Ours) 7B 43.40 46.54 55.59 48.97
∆ - +6.30 +6.03 +3.49 +5.27

Qwen2.5-VL (Bai et al., 2025) 7B 54.29 68.66 74.28 65.74
+ MIA-DPO (Liu et al., 2025) 7B 41.28 59.45 74.18 58.30
+ S2H-DPO (Ours) 7B 55.85 74.19 74.67 68.24
∆ - +1.56 +5.53 +0.39 +2.49

3 Related Works in Preference Alignment381

Aligning Large Language Models with human pref-382

erences has become a critical requirement for their383

safe and reliable deployment in real-world applica-384

tions, particularly under stringent ethical and safety385

constraints. Preference alignment methods can386

be broadly divided into two categories. The first387

involves feedback-driven alignment, which lever-388

ages either human-annotated preferences (Rafailov389

et al., 2024; Bai et al., 2022) or AI-generated feed-390

back (Yu et al., 2024b). The second category fo-391

cuses on prompt-based guidance, where carefully392

designed instructions are used to steer model be-393

havior without modifying model parameters (Chen394

et al., 2023).395

Recent studies have begun to investigate prefer-396

ence alignment in the context of vision–language397

large models (VLLMs). Sun et al. (Sun et al.,398

2023) introduced LLaVA-RLHF, which utilizes399

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 (Li et al., 2025) 7B 37.6 70.3 53.95
Qwen-VL-Chat (Bai et al., 2023) 7B 34.5 74.9 54.7
Idefics2 (Laurençon et al., 2024) 8B 49.5 86.2 67.85
OpenFlamingo (Awadalla et al., 2023) 9B 36.9 52.6 44.75
InstructBLIP (Dai et al., 2023) 13B 32.7 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 32.9 85.9 59.4
+ LLaVA-RLHF (Sun et al., 2023) 7B 31.6 80.8 56.2
+ HA-DPO (Zhao et al., 2023) 7B 33.5 84.3 58.9
+ POVID (Zhou et al., 2024) 7B 36.2 86.3 61.25
+ MIA-DPO (Liu et al., 2025) 7B 32.9 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- 400

lucinations in LLaVA. Li et al. (Li et al., 2024) 401

proposed a preference distillation framework that 402

transfers alignment signals into VLLMs, improving 403

visual grounding and response relevance. Similarly, 404

Yu et al. (Yu et al., 2024a) collected fine-grained 405

human preferences in the form of segment-level 406

corrections to hallucinated content and optimized 407

model behavior using dense supervision. HA-DPO 408

(Zhao et al., 2023) addresses alignment by leverag- 409

ing GPT-4’s API to create the required DPO data, 410

though it incurs substantial API expenses. POVID 411

(Zhou et al., 2024) induces hallucinations using 412

blurred images GPT-4 to generate DPO data. Re- 413

cently, MIA-DPO (Liu et al., 2025) automates the 414

generation of chosen-rejected pairs by exploiting 415

the model’s intrinsic hallucinations, but it still ne- 416

cessitates creating a fresh set of DPO data for each 417

model. 418

4 Experiments 419

4.1 Benchmarks 420

To assess our method, we evaluate its performance 421

across two primary categories of benchmarks. First, 422

we examine multi-image reasoning using three 423

multi-image benchmarks BLINK (Fu et al., 2024), 424

Mantis (Jiang et al., 2024) and NLVR2 (Suhr 425

et al., 2019). Second, to ensure our approach 426

maintains robust single-image capabilities, we test 427

on two single-image benchmarks, including MM- 428

Star (Chen et al., 2024a) and POPE (Li et al., 429

2023). This extensive evaluation demonstrates our 430

method’s versatility and confirms significant per- 431

formance gains in multi-image scenarios without 432

sacrificing single-image proficiency. 433
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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-v1.5 37.1 41.9 52.1 43.70
+L1 (Liu et al., 2025) 42.9 44.2 54.2 47.10
L1→ L2 40.2 39.6 54.7 44.83
L2 flat 44.1 44.7 55.6 48.13
L1→ L3 37.03 41.0 54.7 44.24
L3 flat 43.8 42.8 55.2 47.27
L1→ (L2∪L3) 40.17 41.0 55.5 45.56
(L2∪L3) flat 43.2 41.4 55.0 46.53
L1→ L2→ L3 39.96 41.4 55.3 45.55

4.2 Baseline Methods434

We benchmark our method against several state-of-435

the-art preference optimization strategies. LLaVA-436

RLHF (Sun et al., 2023) serves as the stan-437

dard RLHF baseline, utilizing human and GPT-438

generated feedback. HA-DPO (Zhao et al., 2023)439

focuses on error correction by leveraging GPT-4V440

as an expert annotator to rectify model halluci-441

nations. In contrast, POVID (Zhou et al., 2024)442

adopts an adversarial approach, pairing distorted443

images with synthetic hallucinations to stress-test444

modality alignment. Finally, we compare against445

MIA-DPO (Liu et al., 2025), which automates the446

generation of preference data by exploiting the447

model’s internal hallucinations in multi-image con-448

texts.449

4.3 Results on Multi-Image Benchmarks450

Results on LLaVA-1.5: We report the perfor-451

mance of our method across several multi-image452

benchmarks in Table 1. Our approach yields sig-453

nificant gains, specifically improving by 6.30%,454

6.03%, and 3.49% across three key datasets. No-455

tably, on the complex BLINK benchmark—which456

requires specialized domain knowledge—S2H-457

DPO outperforms the LLaVA-v1.5 baseline by458

6.30%. Furthermore, evaluations on the Mantis and459

NLVR2 benchmarks show improvements of 6.03%460

and 3.49%, respectively. These results clearly high-461

light the effectiveness of our proposed method in462

enhancing the model’s capacity for visual synthesis463

and reasoning within multi-image contexts. We464

illustrate these results in Figure 4.465

Comparison with Preference Optimization base-466

lines: As shown in Table 1, S2H-DPO consistently467

outperforms established preference optimization468

methods. While standard LLaVA-RLHF and HA-469

DPO show marginal or even negative gains on470

specific multi-image tasks, our method achieves 471

substantial improvements across all benchmarks. 472

Notably, compared to the closest baseline, MIA- 473

DPO, our approach yields an additional boost of 474

0.50%, 2.34%, 1.39%. These results indicate that 475

our method provides a more robust signal for multi- 476

image alignment than existing DPO or RLHF vari- 477

ants. 478

Results on QwenVL2.5-7B: As shown in 479

Table 1, our method consistently improves 480

QwenVL2.5-7B across all three multi-image bench- 481

marks, yielding gains of 1.56%, 5.53%, and 0.39%, 482

with an average improvement of 2.49%. In contrast 483

to preference-optimization baselines such as MIA- 484

DPO, which degrades performance on the first two 485

benchmarks, S2H-DPO achieves stable and sub- 486

stantial improvements across all settings, demon- 487

strating its effectiveness for multi-image alignment 488

and reasoning. 489

4.4 Results on Single-Image Benchmarks 490

While S2H-DPO is primarily designed to enhance 491

performance in multi-image reasoning tasks, it is 492

crucial that the optimized model maintains effec- 493

tiveness on its core capability: single-image rea- 494

soning. We evaluate S2H-DPO on established 495

single-image benchmarks to verify this property. 496

As shown in Table 2, S2H-DPO consistently out- 497

performs the LLaVA-v1.5 baseline and existing 498

preference-alignment methods, including LLaVA- 499

RLHF and HA-DPO, across all evaluated single- 500

image benchmarks. These results demonstrate that 501

S2H-DPO not only substantially improves multi- 502

image reasoning performance but also preserves 503

strong single-image capabilities. This dual profi- 504

ciency makes S2H-DPO well-suited for training 505

robust vision-language models capable of handling 506

both single- and multi-image scenarios in real- 507

world deployments. 508

5 Ablation Studies 509

Ablation on curriculum training and data mix- 510

ture: We study the effect of curriculum learning 511

strategies and data mixture on multimodal reason- 512

ing performance. Specifically, we compare incre- 513

mental curriculum-based training—where models 514

are exposed to tasks in increasing order of com- 515

plexity—against flat training baselines that directly 516

optimize on the target task distribution using dif- 517

ferent data mixtures. As summarized in Table 3, 518

we denote incremental setups as A → B, indi- 519

cating training on task set B after pretraining on 520
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Figure 5: Effect of the number of distractors (2–5) on
L3 task performance across BLINK, MANTIS, and
NLVR2, showing peak accuracy at 3 distractors.

A. Across all mixtures, flat training consistently521

outperforms curriculum-based approaches. For ex-522

ample, L2 flat training attains a mean accuracy523

of 48.13%, 3.3% improvement over the L1→L2524

curriculum (44.83%). This improvement corre-525

sponds to gains of 3.9% and 5.1% on BLINK526

and MANTIS, respectively. This trend generalizes527

across task combinations: L3 flat training improves528

upon L1→L3 by 3.0% (47.27% vs. 44.24%), while529

(L2∪L3) flat training yields a 1.0% accuracy in-530

crease over L1→(L2∪L3) (46.53% vs. 45.56%).531

Even the most gradual curriculum, L1→L2→L3,532

achieves only 45.55% mean accuracy, underper-533

forming all flat training variants. These results534

suggest that, for multimodal reasoning tasks, di-535

rect exposure to the target task distribution is536

more effective than gradual adaptation through537

curriculum hierarchies. This is because curric-538

ula based training on simpler tasks induce myopic539

reasoning behavior, causing models to over-rely540

on localized or explicitly referenced visual cues541

present in the prompt, rather than developing a542

holistic, global understanding of the visual scene.543

Ablation on SFT vs DPO: We compare the effec-544

tiveness of supervised fine-tuning (SFT) and direct545

preference optimization (DPO) for enhancing mul-546

timodal reasoning capabilities. We simply convert547

the DPO data to SFT data by discarding the rejected548

samples. As shown in Table 4, both approaches549

substantially improve over the LLaVA-v1.5 base-550

line (43.70% mean accuracy), with SFT achieving551

46.92% and DPO reaching 48.97% mean accuracy.552

DPO demonstrates consistent advantages across553

all benchmarks, outperforming SFT by 2.88% on554

BLINK (43.40% vs. 40.52%), 2.78% on MAN-555

TIS (47.93% vs. 45.15%), and 0.41% on NLVR2556

(55.50% vs. 55.09%). These results indicate that557

preference-based optimization provides stronger558

learning signals for multimodal reasoning tasks559

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 41.9 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. 560

Ablation on number of distractors. We study the 561

effect of distractor count in the L3 task by train- 562

ing separate models on 20K samples with 2–5 dis- 563

tractors. Figure 5 shows the resulting accuracy 564

trends. Performance improves as distractors in- 565

crease, peaks at 3, and declines beyond that. This 566

suggests that while more distractors enrich super- 567

vision and encourage robust reasoning, too many 568

introduce noise. Overall, 3 distractors provide the 569

optimal balance between contextual diversity and 570

reasoning difficulty across benchmarks. 571

Does S2H training enhance L3 ability? To evalu- 572

ate this, we construct L3-style questions using the 573

ImageNet validation set. For each question, we ran- 574

domly sample a target image belonging to a object 575

c, and select N ∈ {2, 3, 4} distractor images from 576

different classes. The model is then asked: “Which 577

of the following images contains object?” On 578

500 such questions, our fine-tuned model achieves 579

an accuracy of 31.05%, outperforming baseline 580

LLaVA-v1.5 by 6.94%. This improvement indi- 581

cates that the proposed S2H training tasks enhances 582

higher-order visual reasoning and leads to stronger 583

L3 capability. 584

6 Conclusion 585

We identify and address a critical capability gap 586

in multi-image reasoning within Vision-Language 587

Models. While prior methods focused heavily 588

on localized indexing, our Simple-to-Hard (S2H) 589

framework demonstrates that multi-image reason- 590

ing requires a hierarchical approach—advancing 591

from basic isolation to complex global visual 592

search and cross-image composition. By sys- 593

tematically generating synthetic preference pairs 594

across these cognitive levels, we move beyond 595

model-specific hallucinations toward a more ro- 596

bust, prompt-driven alignment strategy. Our results 597

show that this comprehensive training not only sig- 598

nificantly improves performance on complex multi- 599

image benchmarks but also preserves the founda- 600

tional single-image reasoning capabilities. 601
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7 Limitations602

Despite its effectiveness, our S2H-DPO framework603

has few limitations. First, although preference pairs604

are generated without human annotation, the pro-605

cess still relies on existing datasets and a strong606

captioning model, whose biases may propagate607

into the training data. Second, our experiments608

focus on multi-image settings with a limited num-609

ber of images (capped at 6 images) ; scaling to610

much larger image sets may introduce additional611

challenges in attention and efficiency that we do612

not explore. Finally, while S2H-DPO captures key613

forms of multi-image reasoning, it does not cover614

all possible reasoning patterns, such as temporal615

or causal reasoning across images, which we leave616

for future work.617
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