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Abstract001

Understanding and reasoning with abstractive002
information from the visual modality presents003
significant challenges for current multi-modal004
large language models (MLLMs). Among the005
various forms of abstractive information, Multi-006
Modal Relational Knowledge (MMRK), which007
represents abstract relational structures be-008
tween multi-modal entities using node-edge for-009
mats, remains largely under-explored. In par-010
ticular, STructured and Abstractive Reasoning011
(STAR) on such data has received little atten-012
tion from the research community. To bridge013
the dual gaps in large-scale high-quality data014
and capability enhancement methodologies,015
this paper makes the following key contribu-016
tions: (i). An automatic STAR data engine017
to synthesize images with MMRK to build018
multi-modal instructions with reliable chain-of-019
thought thinking for various STAR tasks and020
(ii). A comprehsive two-stage training frame-021
work, accompanied by Knowledge-informed022
GRPO (KGRPO) and a suite of evaluation pro-023
tocols tailored to different STAR tasks. Based024
upon these contributions, we introduce STAR-025
64K, a dataset comprising 64K high-quality026
multi-modal instruction samples, and conduct027
experiments across 8 open-source MLLMs. Ex-028
perimental results show that our two-stage en-029
hancement framework enables smaller 3B/7B030
models to significantly outperform GPT-4o in031
STAR. Additionally, we provide in-depth anal-032
ysis regarding the effectiveness of various de-033
signs, data transferability, and scalability.034

1 Introduction035

Multi-modal large language models (MLLMs)036

(Song et al., 2023) achieve state-of-the-art under-037

standing and reasoning capabilities across various038

multi-modal tasks, and are increasingly adopted in039

fields such as automatic driving (Cui et al., 2024),040

health care (Liu et al., 2023a), agriculture (Zhu041

et al., 2024), etc. Capability enhancement and eval-042

uation of MLLMs are highly active areas, with a043
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Figure 1: Different kinds of images contain abstractive
information with complex semantics.
focus on advancing holistic model capabilities and 044

charting the limits of the MLLMs. 045

While much of the existing research is concen- 046

trated on understanding and reasoning about real- 047

world objects and scenes depicted within images 048

(Fu et al., 2024a), other studies have begun to ex- 049

plore models’ abilities to interpret and reason over 050

images that convey highly abstract semantic infor- 051

mation. As illustrated in Figure 1, these abstractive 052

semantic elements are highly diverse, including 053

charts (Masry et al., 2022), mathematical diagrams 054

(Lu et al., 2024), and more. Such abstractive se- 055

mantic information is frequently presented at a con- 056

ceptual level through artificially constructed visual 057

patterns, which are defined by humans and are ab- 058

sent in nature. Effectively reasoning about abstrac- 059

tive image inputs poses an elevated challenge for 060

MLLMs, as it demands not only basic recognition 061

but also a deeper understanding and interpretation 062

of the complex information within these human- 063

defined abstractive visual forms. 064

Among the diverse array of abstractive im- 065

ages, an important area remains underexplored: 066

STructured and Abstractive Reasoning (STAR) on 067

images with Multi-Modal Relational Knowledge 068

(MMRK). As illustrated in Figure 1, MMRK con- 069
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sists of multiple multi-modal entities and concepts070

that are interconnected by abstract relational edges,071

representing well-organized and structured factual072

knowledge. Unlike natural or other abstractive073

images, MMRK offers a flexible and structured074

format for encoding complex semantic relations,075

with broad application potential (An et al., 2025).076

The relational links act as higher-order human-077

defined abstractions, modeling intricate connec-078

tions among entities, and thus place greater de-079

mands on MLLM’s reasoning capabilities. To ac-080

curately perform STAR, MLLMs must understand081

both the entities and the underlying relational struc-082

ture. However, STAR remains largely unaddressed,083

with only a few studies (Zhang et al., 2024a, 2025d)084

briefly investigating this capability, which still face085

two critical challenges:086

(1). Lack of large-scale data synthesis method087

for STAR. From the data perspective, there is a088

shortage of high-quality MMRK images and cor-089

responding multi-modal instruction data. Auto-090

mated pipelines for generating diverse and scal-091

able MMRK datasets are missing, along with reli-092

able chain-of-thought (CoT) reasoning annotations093

needed to improve MLLM’s complex thinking and094

generalization ability.095

(2). Absence of effective enhancement and096

evaluation frameworks for STAR. From a097

methodology perspective, a systematic training and098

evaluation framework for STAR is lacking. Ex-099

isting work (Zhang et al., 2025d) only addresses100

zero-shot evaluation. Fine-tuning MLLMs on large-101

scale synthetic data is necessary to effectively en-102

hance their STAR capabilities.103

To tackle these challenges, we develop an auto-104

matic STAR data synthesis engine that first gen-105

erates images containing MMRK and then pro-106

duces instruction data accompanied by fine-grained107

CoT reasoning. Given the current limitations108

of MLLMs, our approach leverages multi-modal109

knowledge graphs (MMKGs) as the data source,110

which are structured repositories of reliable multi-111

modal information. We further introduce a variety112

of MMRK-related tasks during the synthesis pro-113

cess. In addition, we propose a two-stage training114

framework, combining supervised fine-tuning, pref-115

erence alignment (PA), and reinforcement learning116

(RL) to enhance MLLMs’ STAR capabilities and117

introduce a specialized evaluation protocol. We118

extend GRPO (Guo et al., 2025) to KGRPO with119

a knowledge-informed reward to adapt GRPO in120

STAR task scenarios. Our contribution in this paper121

can be summarized as follows: 122

(1). Automatic STAR Data Engine. We intro- 123

duce the data synthesis engine, which examines 124

MLLM capabilities from a novel perspective called 125

structured and abstractive reasoning (STAR) using 126

MMRK images. Our engine automatically gener- 127

ates high-quality instruction data using large-scale 128

MMKGs with rich relational knowledge, eliminat- 129

ing costly manual annotation. 130

(2). Comprehensive Training and Evaluation 131

Pipeline. We propose a systematic pipeline for 132

enhancing and evaluating STAR capabilities in 133

MLLMs. Our two-stage training combines instruc- 134

tion tuning for general competency and targeted 135

optimization with PA and RL-based methods, uti- 136

lizing the data synthesized by our engine. We also 137

establish a dedicated protocol for STAR evaluation. 138

(3). New KGRPO Training Strategy with 139

Knowledge-informed Reward. We propose a new 140

training strategy, KGRPO, to extend GRPO with 141

a knowledge-informed reward to reward the accu- 142

racy of factual knowledge correctness within the 143

CoT. KGRPO can reduce hallucinations in CoT 144

and improve the final performance. 145

(4). In-depth Experimental Exploration. We 146

conduct extensive experiment exploration on 5 147

famous open-source MLLM backbones from 3B 148

to 34B, aiming to identify key factors influenc- 149

ing STAR enhancement. Our results demonstrate 150

that targeted training can substantially improve 151

MLLMs’ STAR abilities with abstractive visual 152

information, uncovering the mechanisms that en- 153

able accurate reasoning in complex multi-modal 154

semantic contexts. Smaller MLLMs with 3B/7B pa- 155

rameters can outperform mainstream product-level 156

MLLMs like GPT-4o. 157

2 Related Works 158

Understanding and reasoning within highly abstrac- 159

tive visual contents are currently an important topic 160

for MLLMs. Many works (Lu et al., 2024) have 161

attempted to construct datasets and benchmarks 162

containing diverse abstract information to enhance 163

and evaluate specific capabilities of MLLMs, such 164

as mathematical reasoning (Zhang et al., 2025b) 165

and structured chart understanding (Wang et al., 166

2024). MM-Instruct (Zhang et al., 2024a) also 167

proposes a pipeline to generate diverse abstract im- 168

ages. M3STR (Zhang et al., 2025d) proposes an 169

evaluation-only framework for visual MMKG un- 170

derstanding. More detailed introduction of related 171
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Figure 2: The overview of our data engine, the training pipeline for two stages, and the seed tasks.

works are presented in Appendix A.172

3 The STAR Data Engine173

In this section, we introduce our STAR data engine,174

designed to synthesize images paired with MMRK175

and corresponding text instructions for construct-176

ing high-quality multi-modal instruction datasets177

tailored to STAR tasks. With this engine, we gen-178

erate STAR-64K with diverse task types.179

3.1 Data Engine Overview180

Figure 2 presents the overview of our data engine181

and synthesis pipeline. With an input subgraph182

sampled from MMKG with MMRK, the engine183

generates multi-modal instruction data, compris-184

ing pairs of MMRK and text instructions. Note185

that MMRK is a multi-modal knowledge subgraph,186

which is the visual modality input for MLLMs. In187

this work, we define 8 different seed tasks, focusing188

on MMRK for both structured and abstractive rela-189

tional reasoning. These seed STAR tasks designed190

by us are divided into two categories:191

Understanding the MMRK Data. Before192

MLLMs can perform complex reasoning, they must193

accurately identify and describe various compo-194

nents within MMRK. Task types in this category195

include Entity Counting (EC, Task #1), Relation196

Counting (RC, Task #2), Image Counting (IC,197

Task #3), Triple Counting (TC, Task #4), and Sub-198

graph Description (SD, Task #5). EC, RC, IC,199

and TC, respectively, require the model to count200

entities, relations, images, and triples present in201

MMRK, demonstrating its understanding of fun-202

damental elements. SD asks the MLLM to briefly203

describe the given visual MMRK, requiring it to204

grasp the global context of the data. These under-205

standing tasks are inspired by classic visual recog-206

nition and understanding benchmarks; however, in 207

the context of MMRK images, recognizing and de- 208

scribing such complex semantic networks in the 209

visual modality becomes significantly challenging. 210

Reasoning on the MMRK Data. Upon their 211

understanding of MMRK data, MLLMs are ex- 212

pected to integrate information from MMRK with 213

their own knowledge to perform advanced reason- 214

ing and predictions, which would be an advanced 215

capability for MLLMs. Therefore, we propose Er- 216

ror Detection (ED, Task #6), Entity Reasoning 217

(ER, Task #7), and Relation Reasoning (RR, Task 218

#8). ED requires MLLMs to detect the anoma- 219

lous entity that causes a factual error in the given 220

MMRK while ER and RR ask MLLMs to make a 221

choice for a certain missing entity/relation in the 222

given MMRK. Their is motivated by classic reason- 223

ing tasks like knowledge graph completion (Zhang 224

et al., 2025c) on KGs, and we hope that MLLMs 225

can demonstrate similar reasoning abilities on the 226

visual modality information containing MMRK. 227

3.2 Detailed Synthesis Pipeline 228

Based on the 8 seed tasks discussed previously, we 229

devise a five-step pipeline to synthesize MMRK im- 230

ages and text prompts, thereby constructing multi- 231

modal instruction data for STAR tasks. 232

Step 1. Data Source. We select three public 233

MMKGs as our source data: VisualSem (Alberts 234

et al., 2020), FB15K-237 (Liu et al., 2019), and 235

MKG-Y (Xu et al., 2022), which contain million- 236

scale encyclopedic common-sense knowledge with 237

images and entity descriptions as multi-modal con- 238

tents. The statistical information of the three 239

MMKGs is presented in Appendix B.1. We can de- 240

note one MMKG as KG = (E ,R, T , I,D), where 241

E ,R, T represent the entity, relation, and triple 242
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sets, respectively. I,D are the image and text de-243

scription sets for entities in the MMKG.244

Step 2. Subgraph Sampling. Next, we sample245

knowledge subgraphs KG′ ⊆ KG where its en-246

tity/relation/triple sets are the subsets of the full247

MMKG. For each sample, an entity is selected as248

the starting point, followed by a random walk that249

combines depth-first and breadth-first search until250

a specified number of entities and relations are col-251

lected. To control data complexity, we limit each252

subgraph to a maximum of 9 entities. After sam-253

pling the subgraphs, we also sample images from254

I for each entity in KG′ for visualization.255

Step 3. Task-specific Processing. Subgraph in-256

stances are then assigned to each seed task for fur-257

ther task-specific processing. EC, RC, TC, and SD258

require no additional modification. For IC, we ran-259

domly remove some of the images of entities from260

I ′, introducing missing image information and dif-261

ferentiating it from EC. In ED, a single entity is262

randomly replaced with another from the global263

entity set to introduce an error. For ER and RR, a264

target entity or relation is masked in the subgraph265

by replacing its text and image with a [MASK] mark,266

challenging the model to infer the missing infor-267

mation. After processing, we obtain a modified268

subgraph KG′′ for each subgraph KG′.269

Step 4. MMRK Image Data Synthesis. We vi-270

sualize each processed subgraph, converting it into271

the image modality using a KG visualization tool272

such as GraphViz (Ellson et al., 2004), formally rep-273

resented as: V ← GraphViz(KG′′, I ′,D′) where274

I ′,D′ are the image set and text description set275

of KG′ respectively. Finally, the MMRK image V276

integrates all entities in KG′′ with their images and277

textual descriptions, connected via directional re-278

lations. These relational edges provide structured,279

abstractive information that links entities across280

multiple modalities, making full understanding and281

reasoning over such structured abstractions a sig-282

nificant challenge for MLLMs.283

Step 5. Instruction Data Synthesis. We then284

synthesize the corresponding instruction data for285

the synthesized MMRK images. For each V , we286

prepare an input question Q and answer A to form287

one instruction instance (V,Q,A). Distinct ques-288

tion and answer templates are crafted for each seed289

task type. For a given task, Q is generated using a290

fixed template, while the answer is determined by291

the specific context of V . Meanwhile, the answer292

A is divided into two segments: a chain-of-thought 293

(CoT) thinking process and the final answer. Dif- 294

ferent tasks are associated with specific question 295

and answer templates, as well as distinct methods 296

for generating chain-of-thought (CoT) reasoning. 297

We present the technical details in Appendix B.2 298

and the instruction templates in Appendix C. 299

Information of the Synthetic Data. With the 300

mentioned pipeline in our data engine, we finally 301

generate 8000 data instances for each task and split 302

them into train/valid/test sets with 8:1:1. Therefore, 303

the full training set consists of 51200 cases, while 304

the validation and test sets consist of 6400 instances 305

of data, respectively. Therefore, we name the 64K 306

data synthesised by us as STAR-64K. 307

4 Training and Evaluation Protocol 308

In this section, we detail our training and evalu- 309

ation protocol designed to enhance the STAR ca- 310

pability of MLLMs using the large-scale bench- 311

mark synthesized by our data engine. Given that 312

existing MLLMs lack robust STAR abilities, we 313

first employ a two-stage training strategy to imbue 314

the models with these capabilities, and then com- 315

prehensively assess their performance using our 316

evaluation pipeline. 317

4.1 Training Stage 1: Supervised Fine-tuning 318

To strengthen the STAR capability of MLLMs, 319

we propose a two-stage training pipeline. In 320

Stage 1, we perform supervised fine-tuning (SFT) 321

for general capability enhancement; in Stage 2, 322

we apply PA and RL-based methods to target spe- 323

cific optimization of failure cases. We first fine- 324

tune MLLMs with visual instruction data Dsft = 325

{(Vi,Qi,Ai)}N1
i=1 synthesised by our data engine. 326

By doing this, MLLMs can learn the basic STAR 327

ability and the basic output format. 328

4.2 Training Stage 2: Targeted Optimization 329

Upon completion of Stage 1, the MLLMs demon- 330

strate baseline competency for simple understand- 331

ing and reasoning over structured information in 332

visual knowledge graphs. However, we find that 333

a single round of SFT is insufficient to fully un- 334

lock the model’s potential, especially in complex 335

or error-prone scenarios where hallucinations per- 336

sist. To address this, we introduce several different 337

strategies in Stage 2 for targeted performance im- 338

provement on these challenging cases. 339
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PA-based Optimization The data format for340

PA is Dpa = {(Vi,Qi,A(p)
i ,A(p)

i )}N2
i=1 where341

A(p)
i ,A(p)

i represent a preferred and an unpreferred342

answer for current input Vi,Qi. Specifically, we343

run inference on the training data after Stage 1 and344

select instances where the model fails to gener-345

ate correct outputs. For these instances, the gold346

answers are treated as preferred, and the incor-347

rect, model-generated answers as unpreferred, thus348

forming the PA dataset Dpa. We then adopt PA349

methods such as DPO (Rafailov et al., 2023) to350

further optimize the MLLMs, explicitly improving351

performance on hard cases.352

RL-based Optimization As RL-based post-353

training methods achieved tremendous success, we354

also employ GRPO (Guo et al., 2025) as an opti-355

mization strategy. Unlike supervised PA, RL al-356

gorithms such as GRPO optimize the model by357

setting rewards. Following the classic GRPO im-358

plementation, we adopt a 0-1 accuracy reward for359

GRPO, where the reward is 1 if the final answer is360

correct and 0 otherwise. More details of the two-361

stage pipeline are provided in Appendix B.3, where362

we present a more formalized introduction to these363

different MLLM training strategies.364

4.3 KGRPO: Improve GRPO with365

Knowledge-informed Reward366

Vanilla GRPO primarily employs accuracy rewards,367

determining rewards based solely on the correct-368

ness of outcomes. This approach overlooks the369

accuracy of the reasoning process within the CoT370

process, making it prone to hallucinations. How-371

ever, the STAR task demands high factual accuracy372

in reasoning processes. If factual errors occur in373

CoT, they can trigger cascading accumulations of374

errors in subsequent reasoning steps. To mitigate375

this issue, we introduce a new knowledge-informed376

reward rknow on top of the original accuracy reward377

racc. The reward rknow is determined by whether378

the correct entity appears in the CoT. When synthe-379

sizing the MMRK image, the entity set recorded380

in the subgraph KG′ is denoted as E ′. This reward381

can be denoted as:382

rknow =
1

|E ′|
∑
e∈E ′

F(e,A) (1)383

whereF(e,A) determines whether e appears in the384

MLLM output A. If it does, the function returns 1;385

otherwise, it returns 0. We implement this function386

using a rule-based approach. The final reward is a 387

weighted sum of the two rewards as: 388

r = ωracc + (1− ω)rknow (2) 389

, where ω is a hyper-parameter. With this design, 390

we strike a balance between CoT accuracy and 391

result accuracy, thereby better unleashing the STAR 392

capabilities of MLLM. 393

4.4 Evaluation Protocol 394

Following the two-stage training, we evaluate 395

MLLM performance on all STAR tasks using the 396

protocol below. For all tasks except Task #5, we 397

define ground-truth answers: counting tasks re- 398

quire a numerical value as the answer, while detec- 399

tion/reasoning tasks require a response or select- 400

ing a specific entity or relation within the image 401

with MMRK. Accuracy is calculated by comparing 402

predictions against the standard answers. To as- 403

sess the quality and correctness of model-generated 404

CoT reasoning, we follow the LLM-as-a-Judge 405

paradigm (Li et al., 2024), leveraging a stronger 406

LLM as an evaluator that scores the generated CoT 407

relative to our gold labels. As Task #5 is open- 408

ended, we assess subgraph descriptions using the 409

same approach as for CoT evaluation. This com- 410

prehensive protocol enables holistic assessment of 411

MLLM STAR capabilities using diverse metrics. 412

5 Experiments and Analysis 413

In this section, we introduce the detailed experi- 414

ment settings and present our results. We not only 415

investigate how training can enhance the MMRK 416

capabilities of MLLMs, but also analyze the trans- 417

ferability, scalability, reasonability, and the preser- 418

vation of MLLM’s general capabilities. 419

5.1 Experiment Settings 420

Baselines. We utilize Qwen2.5/3-VL (Bai et al., 421

2025b), LLaVA (Liu et al., 2023b) as MLLM back- 422

bones. For each backbone, we report three groups 423

of results: (1) zero-shot, (2) w/ stage 1 (Vanilla 424

SFT), and (3) w/ both stage 1 and 2. In the SFT 425

stage, we use with two settings: training on single- 426

task data or full STAR-64K dataset. For PA, we em- 427

ploy three mainstream PA methods DPO (Rafailov 428

et al., 2023), ORPO (Hong et al., 2024), and SimPO 429

(Meng et al., 2024). We also present the zero-shot 430

results of QVQ-72B (Team, 2024), Qwen2.5-VL- 431

72B (Bai et al., 2025b), GPT-4V (OpenAI, 2023), 432
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Table 1: The main experiment results on two-stage training on Qwen2.5-VL-3B/7B. For stage 1(S1), we conduct
two groups of experiments S1(single) and S1(Full), representing SFT on single task/full data. For stage 2(S2), we
employ three classic PA methods including DPO/OPRO/SimPO and two RL-based methods including GRPO and
KGRPO (ours). More detailed results on 8 open-source MLLMs are presented in Table 3 in Appendix D.2.

Settings Task#1 Task#2 Task#3 Task#4 Task#5 Task#6 Task#7 Task#8 AVG
ACC CoT ACC CoT ACC CoT ACC CoT Score ACC CoT ACC CoT ACC CoT

GPT-4v 37.75 - 41.25 - 14.00 - 40.00 - 59.25 3.63 - 29.83 - 39.13 - 33.11
GPT-4o-mini 67.50 - 72.25 - 29.88 - 31.25 - 69.13 3.50 - 29.25 - 23.00 - 40.72
GPT-4o 43.75 - 56.33 - 17.38 - 34.50 - 82.38 2.73 - 53.88 - 40.00 - 41.37

3B

Zero-shot 18.25 - 20.13 - 3.50 - 12.75 - 57.71 6.25 - 47.63 - 38.25 - 25.56
S1(Single) 51.00 62.07 56.63 74.75 10.38 28.38 20.13 31.90 58.31 20.37 32.34 52.75 53.76 64.50 54.00 41.76
S1(Full) 42.75 52.67 67.00 79.74 57.13 29.17 23.50 31.87 59.94 37.25 32.00 61.13 55.88 77.25 56.00 53.24
S2(DPO) 55.50 73.28 89.25 95.67 66.88 65.37 26.13 51.77 66.64 37.50 38.42 60.00 60.94 76.85 64.77 59.84
S2(ORPO) 39.00 64.79 84.62 94.06 59.00 60.29 17.88 43.81 66.81 37.75 39.00 59.63 61.21 77.63 65.79 55.29
S2(SimPO) 71.00 79.03 89.38 96.82 37.25 52.31 28.13 53.23 67.92 37.62 40.06 59.13 60.89 78.25 66.78 58.59
S2(GRPO) 60.00 76.49 71.63 89.06 65.75 65.17 15.88 51.62 69.98 42.38 40.02 63.13 61.97 78.13 64.02 58.36
S2(KGRPO) 75.00 81.49 85.38 93.74 68.63 69.09 21.00 53.28 71.51 44.88 41.38 63.75 63.35 79.00 68.57 63.64

7B

Zero-shot 6.13 - 12.25 - 0.13 - 13.13 - 68.62 0.75 - 26.00 - 42.88 - 21.24
S1(Single) 77.13 82.47 91.13 95.85 65.88 71.10 24.75 54.96 74.85 52.75 42.93 64.38 65.84 77.63 68.24 66.06
S1(Full) 64.88 81.79 92.75 97.38 71.37 76.70 27.62 54.07 75.71 55.87 45.23 67.50 69.40 80.13 71.52 66.98
S2(DPO) 66.50 82.11 94.00 97.79 73.50 77.32 30.25 58.67 76.44 58.63 46.10 69.37 68.79 82.00 72.35 68.84
S2(ORPO) 65.75 81.96 93.38 98.89 71.88 77.09 27.38 54.45 76.65 56.38 47.11 70.00 68.96 79.75 71.20 67.65
S2(SimPO) 69.63 82.96 93.75 97.76 75.38 78.55 29.00 56.77 76.32 57.75 46.52 68.50 68.13 81.50 71.95 68.98
S2(GRPO) 75.25 83.07 91.88 96.74 70.63 77.11 32.63 65.77 77.17 59.00 47.42 73.00 70.95 79.75 72.13 69.91
S2(KGRPO) 79.88 86.40 94.88 97.75 79.50 81.24 41.13 69.26 77.19 58.25 48.03 71.50 69.90 82.13 74.48 73.06

GPT-4o-mini/4o (OpenAI, 2024), and Qwen3-VL-433

30B (Bai et al., 2025a) for comprehensive STAR434

capability comparison.435

Hyper-parameter Settings We implement our436

two-stage training and inference process with three437

famous open-source projects: LLaMA-Factory438

(Zheng et al., 2024), vLLM (Kwon et al., 2023),439

and VERL (Sheng et al., 2024). The detailed hyper-440

parameter settings are presented in Appendix D.1.441

5.2 Main Experiment Results442

We summarize the main experimental results in Ta-443

ble 1, which reports the performance of five MLLM444

backbones on STAR tasks before and after the pro-445

posed two-stage training pipeline. Based on these446

results, we draw the following key observations:447

Existing mainstream MLLMs fail on the STAR448

tasks. From the zero-shot results of GPT models,449

it is evident that current leading MLLMs struggle450

with STAR tasks, indicating that their generaliza-451

tion capabilities do not readily extend to synthetic452

images and MMKR scenarios. Notably, after SFT453

with single-task data, Qwen2.5-VL-3B achieves a454

comparable or even slightly better overall accuracy455

than much larger models such as Qwen2.5-VL-72B456

and GPT-4o (41.76% vs. 38.74% / 41.37%). This457

suggests that the limited performance of current458

MLLMs on STAR tasks is mainly due to insuf-459

ficient relevant data during their training phases.460

Simply applying SFT on single-task data can par-461

tially unlock this latent capability, but still requires 462

further fine-grained optimization. 463

Two-stage pipeline progressively improves the 464

STAR capabilities. Comparing results across the 465

full STAR-64K dataset, we observe that stage 1 466

SFT leads to substantial improvements over zero- 467

shot performance as models adapt to synthetic mul- 468

timodal instructions and learn to solve diverse task 469

types. Stage 2 delivers additional performance 470

gains, albeit smaller than those achieved in stage 1. 471

KGRPO achieves outperforming results in 472

Stage 2. Though the three PA methods exhibit 473

strong generality and consistently improve results 474

across different backbones, the results indicate that 475

the new KGRPO strategy is better than PA and 476

GRPO. We can observe that on the 7B model, 477

the performance improvement brought by GRPO 478

(1.3%) is far less significant than that of KGRPO 479

(5.9%). This fully demonstrates the necessity of our 480

knowledge-informed reward design. This approach 481

not only enhances the accuracy of each task but 482

also markedly improves the CoT score. This aligns 483

with our expectation that correcting CoT through 484

this reward mechanism boosts overall performance. 485

Although PA also undergoes this process, its effects 486

are less pronounced than those of KGRPO. 487

5.3 Transferability Experiments 488

In addition to the main experiments, we conduct 489

a series of supplementary SFT trials using single- 490
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Figure 3: The task-wise transferability experiments.
The y-axis is the trained task for MLLMs.

task datasets, aiming to investigate the transfer-491

ability among different STAR tasks. Compared to492

joint training on the full dataset, single-task train-493

ing generally results in diminished performance494

across most tasks, with Task #1 being a notable ex-495

ception. This suggests that mixed training with496

diverse multi-task instructions promotes knowl-497

edge transfer across tasks and collectively enhances498

overall model performance. The unique case of499

Task #1, which relies predominantly on basic entity500

recognition abilities, indicates that this fundamen-501

tal capability is not further improved by subsequent502

training on more complex recognition or reasoning503

tasks. Complex tasks, on the other hand, present504

greater learning challenges for MLLMs, while sim-505

pler recognition tasks enable models to better cap-506

ture underlying patterns in MMKR images. Ad-507

ditionally, to further probe task transferability, we508

conduct supplementary SFT experiments by pair-509

ing tasks during SFT. As illustrated in Figure 3,510

pairwise task combinations reveal more nuanced511

mutual enhancement effects, with Tasks 4 and 6512

benefiting especially from being trained alongside513

other tasks. This observation is consistent with514

findings from the main experiments. Overall, these515

results suggest that MLLMs can develop emergent516

STAR capabilities through training on a broader517

and more complex set of tasks, gradually general-518

izing to new or related tasks. However, the emer-519

gence and effectiveness of such generalization crit-520

ically depend on the diversity and richness of the521

training data provided.522

5.4 Scalability Experiments523

We further investigate the scalability of the STAR524

data, aiming to determine the data volume re-525

quired to instill fundamental STAR capabilities in526

MLLMs. In Figure 4, we present the answer and527
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Figure 4: The scalability experiments for EC and ER.
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Figure 5: Ablation study on the effectiveness of CoT
prompts in the instruction data.

CoT quality results of 8 STAR tasks trained un- 528

der single-task and full-data settings from 10% to 529

100% data. The results indicate that, for all other 530

tasks except for Task #1 and Task #4, most tasks 531

exhibit a clear trend of increasing STAR capability 532

as the training data scale grows, consistent with 533

established scale laws in data-driven learning. 534

For Task #1, ACC fluctuates with increasing 535

dataset size, whereas CoT quality steadily im- 536

proves, indicating that while the model’s overall 537

counting accuracy does not consistently increase, 538

its precision in entity recognition within CoT be- 539

comes progressively better. This can be attributed 540

to the fact that MLLMs possess an inherent count- 541

ing ability that does not markedly improve with 542

further training. In contrast, their aptitude for rec- 543

ognizing and distinguishing objects in MMKR im- 544

ages advances noticeably. Task #7 follows a sim- 545

ilar pattern: ACC remains mostly unchanged, yet 546

CoT quality continues to climb, suggesting that 547

the model is refining its content identification in 548

MMKR images even as its aggregate counting capa- 549

bility remains limited by architectural constraints. 550

Considering the main experiments, the upper limit 551

of this capability on the Qwen2.5-VL-7B model 552

aligns closely with these results. To surpass current 553

limitations, it is necessary to utilize more powerful 554
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Figure 6: The modality contribution experiments.

backbones, as further scaling of training data alone555

yields diminishing returns for certain task types.556

5.5 Ablation Study557

To further investigate the key factors contributing558

to the STAR performance, we conduct two abla-559

tion studies for the CoT prompts and the modality560

information incorporated in the MMKR images.561

The effectiveness of CoT. As mentioned before,562

we construct CoT prompts for different tasks to563

guide MLLMs in identifying and reasoning over564

the relevant elements within the given MMRK565

image. To further explore its effectiveness, we566

conduct several experiments that remove the CoT567

prompts in the training data. As shown in Figure 5,568

the STAR performance of all 5 different MLLMs569

consistently degrades when the CoT prompts are570

omitted, regardless of whether models are trained571

on single-task or full multi-task data. These re-572

sults demonstrate that CoT contributes to perfor-573

mance improvement, providing effective guidance574

for models to think and solve STAR tasks.575

Entity modality contribution. To synthesize the576

MMRK images, we incorporate the entity images577

and texts in the MMKG to construct semantic-rich578

visualized subgraphs. To assess their impact on579

them, we conduct SFT experiments for Task #1580

and Task #7 by re-synthesizing MMKR images581

without entity images or without texts. These two582

tasks are entity-centric and are greatly affected by583

the completeness of entity information. As shown584

in Figure 6(1), performance drops noticeably on585

both tasks when either modality is removed, under-586

scoring the value of both visual and textual entity587

information for effective MLLM reasoning. No-588

tably, omitting entity texts leads to a greater decline,589

suggesting that textual information is more critical.590
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Figure 7: The case studies on general capabilities.
More analysis is presented in Appendix D.4. 591

5.6 Case Study 592

As illustrated in Figure 7, we assess the retention of 593

Qwen2.5-VL-7B’s commonsense knowledge at var- 594

ious stages using MMMU (Yue et al., 2024a). The 595

results show that two-stage training with STAR- 596

64K not only preserves but, in some domains like 597

arts and business, even enhances commonsense 598

knowledge. Meanwhile, KGRPO demonstrates 599

more pronounced retention and enhancement of 600

common-sense knowledge compared to methods 601

like DPO, which is a significant advantage of RL- 602

based approaches. This demonstrates that STAR 603

capabilities can be effectively integrated into exist- 604

ing MLLMs, improving their performance while 605

maintaining their commonsense abilities, which 606

would be win-win. More commonsense retention 607

experiments on TextVQA (Singh et al., 2019) and 608

OCRBench (Fu et al., 2024b) are in Appendix E. 609

6 Conclusion 610

In this paper, we investigate structured and ab- 611

stractive reasoning on images enriched with multi- 612

modal relational knowledge for MLLMs. To ad- 613

dress this research gap, we design a data engine 614

that synthesizes STAR instruction data and intro- 615

duces STAR capabilities to MLLMs through a 616

customized training and evaluation pipeline with 617

knowledge-informed KGRPO to decrease the hal- 618

lucination in the CoT for better performance. We 619

systematically assess model performance and thor- 620

oughly validate the extent of current MLLMs’ 621

STAR capabilities, as well as the improvements 622

enabled by our two-stage pipeline. Furthermore, 623

we conduct comprehensive analyses of task trans- 624

ferability, data scalability, and design reasonability 625

with general capability retention experiments to 626

show the effectiveness of our full-stack design. 627
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Limitations628

Despite the substantial work and technical con-629

tributions made in this paper, it still has several630

limitations, which are summarized as follows:631

Diversity of the MMRK data. Current data di-632

versity still presents some challenges. We primarily633

rely on general encyclopedic knowledge graphs as634

our data sources, which lack specialized knowledge635

categorized by specific domains and disciplines,636

instead containing mostly general information. Ad-637

ditionally, in task design, we employ a fixed set of638

eight task types, resulting in limited diversity in639

both tasks and data. This will be a key focus for640

future improvements and optimization.641

Shortcomings of Experimental Exploration.642

Due to limitations in computational resources and643

data scale, we were unable to conduct experiments644

on various training methods using larger MLLM645

models. This has resulted in potential limitations in646

our existing experiments regarding scalability and647

other aspects. Expanding data scale and designing648

lightweight, efficient training methods will be our649

next objectives.650

Ethics Statement651

In this paper, we utilize three open-source KGs as652

our data sources, which we then modify to gener-653

ate new datasets. Additionally, the primary MLLM654

backbones we employ are mainstream open-source655

models. We did not collect data or conduct compu-656

tational experiments in ways that violated scientific657

ethics. Therefore, our work does not involve any658

ethical issues.659

Reproducibility Statement660

We detail the entire pipeline in our methodology661

section and elaborate on the hyperparameters in-662

volved in the experimental settings. Additionally,663

we provide the relevant pipeline code in the supple-664

mentary materials to ensure the reproducibility of665

this work.666
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different connectors (Zhu et al., 2025), which sup-947

ports diverse modalities such as images (Zhu et al.,948

2023), audio (Huang et al., 2024), videos (Zhang949

et al., 2025a). A lot of datasets and benchmarks are950

developed to enhance and evaluate the specific ca-951

pabilities of MLLMs, including multi-disciplinary952

knowledge (Lu et al., 2022; Yue et al., 2024b), fine-953

grained recognition and perception (Tong et al.,954

2024), structured chart understanding (Masry et al.,955

2022; Wang et al., 2024), visual mathematical rea-956

soning (Lu et al., 2024; Zhang et al., 2025b), etc.957

Automatic data synthesis pipelines (Zhang et al.,958

2024a) are usually designed for these benchmarks959

to generate high-quality multi-modal instruction960

data from complex data sources.961

Multi-modal knowledge graphs (MMKGs)962

(Chen et al., 2024) consists of structured triple963

knowledge with multi-modal contents such as en-964

tity images (Liu et al., 2019), text descriptions965

(Yao et al., 2019), and knowledge-grounded au-966

dio/videos (Pan et al., 2022). These multi-modal967

contents enhance traditional triple-based KG with968

rich semantic information to serve diverse appli-969

cation scenarios by providing multi-modal factual970

knowledge. In the age of LLM, the combination971

of LLM and MMKG (Zhang et al., 2024b; Wan972

and Yu, 2025) attracts widespread attention from973

both academia and industry, which focuses on lever-974

aging the high-quality multi-modal knowledge to975

reduce LLM’s hallucination (Zhang et al., 2023).976

This work provides a new perspective to incorpo-977

rate the abstractive reasoning ability of MLLMs978

by synthesizing multi-modal instruction data with979

MMKGs to provide reliable MMRK.980

B Details of the Data Engine and981

Training Pipeline982

B.1 Details of our Data Source983

We present the detailed information of the MMKGs984

used in our data engine in Table 2, which includes985

FB15K-237 (Bollacker et al., 2008), MKG-Y (Xu986

et al., 2022), and VisualSem (Alberts et al., 2020).987

They are constructed from heterogeneous knowl-988

edge bases like FreeBase (Bollacker et al., 2008),989

YAGO (Suchanek et al., 2007), WikiPedia (Vran-990

decic and Krötzsch, 2014), ImageNet (Deng et al.,991

2009), and BabelNet (Navigli and Ponzetto, 2010).992

These MMKGs encompass diverse entities and re-993

lation types, with the knowledge triples they form994

containing a wide range of encyclopedic and com-995

monsense knowledge. We utilized these MMKGs996

to construct a large-scale STAR dataset based on 997

our data engine. 998

B.2 Details of Instruction Synthesis 999

For EC/RC/IC/TC, their CoT prompts are based 1000

on several CoT templates that guide MLLMs to 1001

recognize the detailed information in V , and the 1002

final answer is the proper number of elements. 1003

For SD, its CoT and final answer are combined. 1004

We generate a paragraph of words to describe the 1005

current MMRK by prompting a strong LLM with 1006

the detailed texts of the subgraph. 1007

For ED, the final answer is the disrupted entity, 1008

and we generate a CoT for error analysis based on 1009

the given knowledge contexts. For ER and RR, the 1010

final answer is the option where the entity/relation 1011

is masked, and we generate CoT to guide MLLMs’ 1012

thinking and reasoning. 1013

The overarching principle for constructing CoT 1014

is to utilize information from the subgraph before 1015

visualization as prompts for the LLM, thereby guid- 1016

ing the LLM to generate the corresponding reason- 1017

ing process. Compared to presenting MLLMs with 1018

a synthesized MMRK image, this approach yields 1019

higher-quality CoT data with fewer hallucinations. 1020

Current MLLMs lack sufficient understanding of 1021

MMRK images, leading to numerous errors. How- 1022

ever, when provided with accurate text prompts of 1023

subgraphs, LLMs can generate appropriate results. 1024

B.3 Details of Training 1025

Stage 1. Supervised Fine-tuning The SFT pro- 1026

cess, following the next token prediction paradigm, 1027

can be denoted as: 1028

Lsft = −E(Vi,Qi,Ai)∼Dsft
[logPM(Ai | Vi,Qi)]

(3) 1029

where PM represents the conditional probability 1030

of the current answer given by the MLLMM. 1031

Stage 2. Preference Alignment The PA process 1032

with DPO can be denoted as: 1033

Lpa = −E
[
log σβ

(
log

PM(A(p)
i | Vi,Qi)

PMref
(A(p)

i | Vi,Qi)

− log
PM(A(u)

i | Vi,Qi)

PMref
(A(u)

i | Vi,Qi)

)]
(4) 1034

where σ is the sigmoid function and β is the tem- 1035

perature hyper-parameter. Mref represents the 1036

reference model, which is the MLLM trained after 1037
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Table 2: Statistical information about the MMKG data source used in our data engine.

Dataset Entity Relation Triple Data Source

FB15K-237 14541 237 310116 FreeBase
MKG-Y 15000 16 26638 YAGO

VisualSem 89896 13 1481007 Wikipedia, ImageNet, BabelNet

stage 1 in practice. Note that in our experiments,1038

other improved versions of DPO, such as ORPO1039

(Hong et al., 2024) and SimPO (Meng et al., 2024),1040

are also employed in stage 2. By maximizing the1041

likelihood of preferred answers and minimizing1042

that of unpreferred ones, the loss function refines1043

the model’s output distribution, thereby boosting1044

accuracy on challenging data.1045

Stage 2. GRPO In stage 2, we have another1046

option: using RL-based methods represented by1047

GRPO. This training process can be expressed as:1048

Lgrpo = −E(Vi,Qi)∼D,{ai}Gi=1∼πold(A|Vi,Qi)

1

G

G∑
i=1(

min
( πθ(ai|Vi,Qi)

πθold(ai|Vi,Qi)
Ai, clip(

πθ(ai|Vi,Qi)

πθold(ai|Vi,Qi)
,

1− ϵ, 1 + ϵ)Ai

)
− βDKL(πθ||πref )

)
(5)1049

where {ai}Gi=1 is the sampled output group with G1050

different outputs from the old policy model πold1051

and then optimizes the policy model πθ. ϵ and1052

β are hyper-parameters, and Ai is the advantage1053

determined by a group of rewards {ri}Gi=1 corre-1054

sponding to the sampled outputs {ai}Gi=1:1055

Ai =
ri −Mean({ri}Gi=1)

Std({ri}Gi=1)
(6)1056

where Mean, Std are the mean and standard devia-1057

tion of the rewards. Typically, we adopt the same1058

design as Deepseek-R1, using an accuracy reward1059

as the reward signal for GRPO.1060

C Instruction Templates1061

This section presents the instruction templates used1062

in our MMRK data synthesis and performance eval-1063

uation process. The instruction templates we pre-1064

sented in this section include: Figure 11: the ques-1065

tion templates for 8 STAR tasks; Figure 12: the1066

answer templates (w/ CoT) for 8 STAR tasks; Fig-1067

ure 13: the instruction template used for subgraph1068

description (Task #5) quality evaluation; Figure1069

14: the instruction template used for CoT quality 1070

evaluation for other tasks. Qwen2.5-72B. 1071

D Experiments 1072

D.1 Implementation Details 1073

We conduct our experiments on 8× NVIDIA A100 1074

GPUs. The max sequence length is set to 8192 1075

and the global batch size to 8 with BF16 precision. 1076

We train MLLMs with LoRA (Hu et al., 2022) and 1077

search the rank in {8, 16}. AdamW (Loshchilov 1078

and Hutter, 2019) optimizer is used for both train- 1079

ing stages with a cosine scheduler. For stage 1, we 1080

set the training epoch to 3. The learning rate is 1081

searched in {1e−5, 1e−4, 3e−4}. For PA of stage 1082

2, we train MLLMs with further 1 epoch on the 1083

checkpoints of stage 1 and set the learning rate to 1084

1e−6. The PA data scale N2 = 16663 according 1085

to the bad cases we collect from the training set of 1086

MMRK-64K after stage 1. 1087

For GRPO/KGRPO of stage 2, we set the group 1088

size G = 5 and β to 0.01. The learning rate is fixed 1089

to 1e−6 with a batch size 512. The reward weight ω 1090

is tuned from 0.1 to 0.5. We employ the same data 1091

instances of PA methods for GRPO/KGRPO train- 1092

ing. However, due to the nature of RL algorithms, 1093

we do not need the preferred and unpreferred an- 1094

swers. We only need to use the final answer from 1095

the golden answer and the information about the 1096

entity set retained during image synthesis as the 1097

basis for calculating the reward during training. 1098

For evaluation, we employ Qwen2.5-VL- 1099

72B (Bai et al., 2025b) as an LLM judger to score 1100

model predictions (CoT and unstructured zero-shot 1101

results) against the golden labels, providing a more 1102

objective and scalable assessment. The evaluation 1103

prompt templates used are detailed in Appendix C. 1104

1105

D.2 Main Experiment Results 1106

We present the full results of the main experi- 1107

ments in Table 3, where we present more exper- 1108

imental results on more diverse backbones includ- 1109

ing Qwen2.5-3B/7B/32B, LLaVA-1.5-7B, LLaVA- 1110
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Table 3: The main experiment results on two-stage training on 8 open-source MLLMs (Qwen2.5-VL-3B/7B/32B,
LLaVA-1.5-7B, LLaVA-NEXT-34B, Qwen3-VL-2B/4B/8B). For stage 1(S1), we conduct two groups of ex-
periments S1(single) and S1(Full), representing SFT on single task/full data. For stage 2(S2), we employ
DPO/OPRO/SimPO/GRPO/KGRPO. Due to computational resource constraints, our experiments on GRPO/KGRPO
are conducted on 5 MLLMs smaller than 8B in Qwen2.5/3-VL.

Experiment Settings Task#1 Task#2 Task#3 Task#4 Task#5 Task#6 Task#7 Task#8 AVG
ACC CoT ACC CoT ACC CoT ACC CoT Score ACC CoT ACC CoT ACC CoT

QVQ-72B 30.75 - 8.25 - 5.50 - 42.50 - 50.13 4.63 - 25.38 - 16.00 - 22.89
Qwen2.5VL-72B 38.25 - 65.38 - 8.63 - 39.13 - 65.00 0.25 - 40.38 - 52.88 - 38.74
GPT-4v 37.75 - 41.25 - 14.00 - 40.00 - 59.25 3.63 - 29.83 - 39.13 - 33.11
GPT-4o-mini 67.50 - 72.25 - 29.88 - 31.25 - 69.13 3.50 - 29.25 - 23.00 - 40.72
GPT-4o 94.25 - 93.75 - 7.88 - 62.13 - 57.63 0.50 - 8.63 - 41.00 - 45.72
Qwen3-VL-30B 43.75 - 56.33 - 17.38 - 34.50 - 82.38 2.73 - 53.88 - 40.00 - 41.37

Q
w

en
2.

5-
V

L

3B

Zero-shot 18.25 - 20.13 - 3.50 - 12.75 - 57.71 6.25 - 47.63 - 38.25 - 25.56
S1(Single) 51.00 62.07 56.63 74.75 10.38 28.38 20.13 31.90 58.31 20.37 32.34 52.75 53.76 64.50 54.00 41.76
S1(Full) 42.75 52.67 67.00 79.74 57.13 29.17 23.50 31.87 59.94 37.25 32.00 61.13 55.88 77.25 56.00 53.24
S2(DPO) 55.50 73.28 89.25 95.67 66.88 65.37 26.13 51.77 66.64 37.50 38.42 60.00 60.94 76.85 64.77 59.84
S2(ORPO) 39.00 64.79 84.62 94.06 59.00 60.29 17.88 43.81 66.81 37.75 39.00 59.63 61.21 77.63 65.79 55.29
S2(SimPO) 71.00 79.03 89.38 96.82 37.25 52.31 28.13 53.23 67.92 37.62 40.06 59.13 60.89 78.25 66.78 58.59
S2(GRPO) 60.00 76.49 71.63 89.06 65.75 65.17 15.88 51.62 69.98 42.38 40.02 63.13 61.97 78.13 64.02 58.36
S2(KGRPO) 75.00 81.49 85.38 93.74 68.63 69.09 21.00 53.28 71.51 44.88 41.38 63.75 63.35 79.00 68.57 63.64

7B

Zero-shot 6.13 - 12.25 - 0.13 - 13.13 - 68.62 0.75 - 26.00 - 42.88 - 21.24
S1(Single) 77.13 82.47 91.13 95.85 65.88 71.10 24.75 54.96 74.85 52.75 42.93 64.38 65.84 77.63 68.24 66.06
S1(Full) 64.88 81.79 92.75 97.38 71.37 76.70 27.62 54.07 75.71 55.87 45.23 67.50 69.40 80.13 71.52 66.98
S2(DPO) 66.50 82.11 94.00 97.79 73.50 77.32 30.25 58.67 76.44 58.63 46.10 69.37 68.79 82.00 72.35 68.84
S2(ORPO) 65.75 81.96 93.38 98.89 71.88 77.09 27.38 54.45 76.65 56.38 47.11 70.00 68.96 79.75 71.20 67.65
S2(SimPO) 69.63 82.96 93.75 97.76 75.38 78.55 29.00 56.77 76.32 57.75 46.52 68.50 68.13 81.50 71.95 68.98
S2(GRPO) 75.25 83.07 91.88 96.74 70.63 77.11 32.63 65.77 77.17 59.00 47.42 73.00 70.95 79.75 72.13 69.91
S2(KGRPO) 79.88 86.40 94.88 97.75 79.50 81.24 41.13 69.26 77.19 58.25 48.03 71.50 69.90 82.13 74.48 73.06

32B

Zero-shot 55.50 - 70.25 - 14.88 - 1.63 - 72.08 5.38 - 37.50 - 40.38 - 37.20
S1(Single) 77.25 81.29 88.00 83.07 57.75 64.35 23.13 46.87 69.98 41.50 41.05 64.63 65.11 77.00 65.24 62.41
S1(Full) 67.75 79.84 93.63 99.70 63.13 70.21 27.50 53.93 75.07 54.00 44.16 73.50 68.90 81.75 70.59 67.04
S2(DPO) 73.25 82.12 94.50 97.73 65.75 72.46 32.50 62.61 72.98 52.38 44.67 71.25 69.95 81.63 70.75 68.03
S2(ORPO) 60.38 78.65 93.75 97.39 60.75 69.98 25.25 55.44 73.36 52.75 46.07 69.63 68.92 80.62 69.35 64.56
S2(SimPO) 76.37 82.01 89.25 92.25 66.63 73.23 32.75 60.29 74.16 54.38 45.44 71.38 69.78 82.25 71.59 68.40

L
L

aV
A

-1
.5

/N
E

X
T 7B

Zero-shot 11.75 - 2.13 - 12.88 - 4.38 - 20.27 1.13 - 36.50 - 59.88 - 18.62
S1(Single) 34.13 28.91 43.25 66.18 23.38 28.99 11.25 22.27 25.77 2.25 18.68 33.63 37.75 61.35 41.32 29.38
S1(Full) 70.38 39.02 66.75 83.89 60.75 34.50 22.25 27.30 33.24 6.50 22.93 54.50 41.76 79.62 48.61 49.25
S2(DPO) 71.25 49.41 86.13 92.02 62.63 46.40 44.75 41.84 42.34 19.37 29.23 60.63 59.50 80.25 58.59 58.42
S2(ORPO) 71.25 49.72 86.13 92.27 63.25 46.01 45.50 42.22 42.87 19.75 28.99 60.00 59.45 79.88 59.78 58.58
S2(SimPO) 67.38 48.86 86.13 92.07 63.50 46.75 39.00 41.69 42.41 20.13 28.97 59.50 57.65 80.13 58.46 57.27

34B

Zero-shot 12.25 - 7.63 - 8.25 - 19.63 - 59.31 0.63 - 45.88 - 54.88 - 26.06
S1(Single) 57.13 75.12 81.50 90.20 68.38 52.77 84.00 40.78 65.23 58.50 31.33 52.38 56.75 67.63 58.91 59.03
S1(Full) 97.50 86.05 96.75 98.04 85.00 80.79 68.13 64.35 72.02 66.63 38.67 75.25 60.90 85.00 66.39 80.79
S2(DPO) 97.88 93.05 99.25 99.62 98.88 89.98 66.87 83.30 79.43 66.38 46.94 74.75 72.32 84.62 75.79 83.51
S2(ORPO) 97.88 92.47 99.25 99.43 98.75 89.71 70.13 82.89 79.86 66.87 46.98 76.00 73.00 85.25 75.55 84.25
S2(SimPO) 98.25 92.96 99.25 99.29 98.75 90.09 62.25 82.31 79.42 67.00 45.46 73.88 71.86 85.87 76.20 83.08

Q
w

en
3-

V
L

2B

Zero-shot 74.25 - 53.75 - 18.38 - 17.00 - 74.06 8.38 - 22.75 - 44.50 - 39.13
S1(Single) 91.88 91.50 94.00 97.54 58.25 70.34 42.63 66.56 73.75 43.38 40.93 55.63 58.33 70.75 64.19 66.28
S1(Full) 98.38 94.20 99.25 99.77 96.63 91.52 64.75 82.41 79.02 67.38 48.60 63.75 65.48 83.50 75.51 81.58
S2(DPO) 99.50 94.38 99.38 99.78 98.63 91.68 64.88 85.24 79.75 71.25 48.68 65.25 66.04 85.38 76.49 83.00
S2(ORPO) 99.50 94.37 99.38 99.75 98.75 91.84 65.88 85.03 79.71 71.50 49.08 65.50 66.32 85.25 76.38 83.18
S2(SimPO) 99.38 94.34 99.38 99.71 98.50 91.60 64.63 85.39 79.95 71.13 48.64 65.75 66.21 85.13 76.47 82.98
S2(GRPO) 99.38 94.40 99.38 99.73 98.50 91.74 66.88 83.61 79.99 71.38 48.54 66.63 66.76 83.38 75.77 83.19
S2(KGRPO) 99.38 94.49 99.38 99.76 98.63 92.09 67.13 84.13 80.36 72.75 48.67 66.88 67.13 83.88 76.09 83.55

4B

Zero-shot 73.13 - 86.50 - 31.38 - 50.50 - 80.86 31.87 - 41.88 - 52.25 - 56.05
S1(Single) 96.13 92.82 97.00 98.47 90.00 86.25 55.38 72.59 76.57 52.25 46.54 64.63 66.21 73.63 68.39 75.70
S1(Full) 99.00 94.84 99.38 99.78 99.13 92.22 73.00 86.20 81.30 73.25 51.07 72.13 70.67 85.63 77.11 85.35
S2(DPO) 99.00 94.79 99.50 99.71 99.88 92.16 75.00 87.24 81.40 73.50 50.93 72.50 70.82 86.13 77.66 85.86
S2(ORPO) 99.00 94.73 99.63 99.81 99.88 92.24 74.88 87.26 81.42 73.13 50.85 72.25 70.65 85.75 77.70 85.74
S2(SimPO) 99.00 94.87 99.63 99.77 99.88 92.58 73.50 87.47 81.17 73.63 51.54 72.75 70.88 86.00 77.42 85.70
S2(GRPO) 99.63 95.07 99.50 99.68 99.25 92.54 71.88 87.40 81.47 75.75 52.68 73.00 71.57 85.25 77.00 85.72
S2(KGRPO) 99.75 95.36 99.63 99.78 99.38 92.79 76.88 87.75 81.82 76.13 53.16 73.50 71.74 85.38 77.05 86.56

8B

Zero-shot 72.00 - 88.00 - 31.13 - 48.63 - 81.30 32.13 - 41.75 - 51.50 - 55.81
S1(Single) 93.88 92.93 97.25 98.62 92.25 88.87 53.00 76.51 78.89 59.25 48.23 68.13 68.48 73.75 68.97 77.05
S1(Full) 99.50 95.86 99.50 99.74 99.13 93.14 74.38 88.10 82.67 77.63 54.13 75.00 72.91 86.75 77.84 86.82
S2(DPO) 99.88 96.13 99.50 99.74 99.25 93.17 78.50 89.67 82.68 79.00 52.71 77.88 74.10 87.88 78.69 88.07
S2(ORPO) 99.88 96.38 99.50 99.78 99.25 92.93 78.00 89.54 82.87 80.00 52.87 77.88 74.29 87.63 78.62 88.13
S2(SimPO) 99.88 96.23 99.63 99.79 99.25 93.19 79.00 89.26 82.46 80.50 53.04 77.38 73.73 87.88 78.82 88.25
S2(GRPO) 99.88 96.20 99.50 99.79 99.25 93.27 77.38 89.32 82.52 80.63 53.19 77.38 73.70 87.88 78.75 88.05
S2(KGRPO) 99.88 96.40 99.63 99.83 99.50 93.49 78.75 89.49 82.66 81.25 53.46 77.88 73.94 88.00 79.03 88.44
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Task #1: Entity Count

Task #7: Entity Reasoning

Qwen2.5-VL-3B Qwen2.5-VL-7B Qwen2.5-VL-32B LLaVA-1.5-7B LLaVA-NEXT-34B

Full Full w/o CoT Single Single w/o CoT

Task #1 EC Task #2 RC Task #3 IC Task #4 TC

Task #5 SD Task #6 ED Task #7 ER Task #8 RR

Figure 8: The scalability experiments Qwen2.5-VL-7B for 8 STAR tasks.

Task #1: Entity Count

Task #7: Entity Reasoning

Qwen2.5-VL-3B Qwen2.5-VL-7B Qwen2.5-VL-32B LLaVA-1.5-7B LLaVA-NEXT-34B

Full Full w/o CoT Single Single w/o CoT

Task #1 EC Task #2 RC Task #3 IC Task #4 TC

Task #5 SD Task #6 ED Task #7 ER Task #8 RR

Figure 9: Ablation study on the effectiveness of CoT prompts in the instruction data.

NEXT-34B, and Qwen3-VL-2B/4B/8B.1111

We can make more interesting findings from1112

the full experiment results. In terms of back-1113

bone comparison, LLaVA-1.5-7B consistently un-1114

derperforms relative to Qwen2.5-VL-7B, whereas1115

LLaVA-NEXT-34B demonstrates clear superiority1116

over Qwen2.5-VL-32B, particularly in counting-1117

related tasks such as EC, RC, IC, and TC. This1118

suggests that both architecture design and scale,1119

alongside our training paradigms, are crucial for1120

advancing STAR performance. Meanwhile, we ob-1121

serve that on the Understanding tasks (Tasks #1-3),1122

the new-generation Qwen3-VL has nearly achieved1123

perfection, indicating a substantial enhancement in1124

multimodal comprehension capabilities compared1125

to its predecessors. However, it still holds consid-1126

erable room for improvement in reasoning tasks.1127

D.3 Scalability Experiment1128

We present the full scalability experiments on 81129

tasks in Figure 8. As analyzed earlier, the scaling1130

patterns for most tasks are similar to those of Task1131

#7 ER.1132

D.4 Ablation Study Results 1133

We present the full task-wise results of modality 1134

contribution in Figure 4, which highlight the impor- 1135

tance of multi-modal entity information, with tex- 1136

tual content playing a dominant role in the STAR 1137

tasks. Only Task #1 and Task #4 exhibit unusual 1138

scaling patterns, and we have already analyzed the 1139

specific reasons for this in the main body of the 1140

text. 1141

E Case Study 1142

E.1 Error Case Analysis 1143

To provide a more intuitive understanding of the 1144

effectiveness of our two-stage training pipeline, we 1145

present a case study in this section. Before SFT 1146

(stage 1), the model’s STAR performance is no- 1147

tably poor, but undergoes marked improvement 1148

following SFT. The main experiments further re- 1149

veal that the second-stage PA process delivers addi- 1150

tional gains in STAR accuracy. To identify where 1151

these improvements occur, we analyze the distribu- 1152

tion of the model’s inference results after SFT and 1153

subsequent DPO training, as shown in Figure 10. 1154
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Table 4: Study of modality contribution on full datasets.

Setting Task1 Task2 Task3 Task4 Task5 Task6 Task7 Task8

Qwen2.5-VL
7B

w/o ent. images 55.50 75.88 48.62 26.63 67.99 32.00 52.63 65.75
w/o ent. texts 59.13 74.62 47.88 25.37 67.90 34.87 41.50 68.12
full dataset 64.88 92.75 71.37 27.62 75.71 55.87 67.50 80.13

Qwen2.5-VL
32B

w/o ent. images 49.75 83.25 42.25 29.88 66.05 29.63 42.50 68.00
w/o ent. texts 58.25 82.25 41.00 25.88 65.61 28.63 46.25 66.88
full dataset 67.75 93.63 63.13 27.50 75.07 54.00 73.50 81.75

LLaVA-1.5
7B

w/o ent. images 33.87 68.13 38.38 20.50 33.20 6.00 31.50 70.13
w/o ent. texts 37.13 67.50 42.13 21.25 33.09 6.50 33.38 69.62
full dataset 70.38 66.75 60.75 22.25 33.24 6.50 54.50 79.62

Qwen2.5-VL-3B Qwen2.5-VL-7B Qwen2.5-VL-32B LLaVA-1.5-7B LLaVA-NEXT-34B

Full Full w/o CoT Single Single w/o CoT

Task #1 EC Task #2 RC Task #3 IC Task #4 TC

Task #5 SD Task #6 ED Task #7 ER Task #8 RR

Text-rich ImagesMath Diagram Statistical Chart

Flow Charts Our MMRK Images

SFT(Right) SFT(Wrong)

DPO(Wrong)DPO(Right)

Art & Design

Business

Science

Health & Medicine

Humanities 
& Social 
Science

Tech & 
Engineering

Task #1: Entity Count

Task #7: Entity Reasoning

Art & Design

Business

Science

Health & Medicine

Humanities 
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Science

Tech & 
Engineering

(1). Modality Contribution Study

Corrected Cases by Stage 2

Task #1 EC Task #7 ER

Qwen2.5-VL-3B Qwen2.5-VL-7B

Full Full w/o CoT

Single Single w/o CoT

Art & Design

Business

Science
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Humanities 
& Social 
Science

Tech & 
Engineering

Figure 10: The case studies on general capabilities.

Our analysis shows that PA training in the second1155

stage corrects a substantial proportion of erroneous1156

outputs generated after SFT, although some errors1157

persist in a small number of cases. Overall, the1158

higher rate of corrected test predictions confirms a1159

net improvement in model performance. Moreover,1160

expanded case studies presented in Appendix E1161

demonstrate that the stage 2 PA not only increases1162

answer accuracy, but also significantly reduces hal-1163

lucinations in the CoT reasoning process.1164

Further, we present more detailed case studies to1165

illustrate the effectiveness of the two-stage training1166

pipeline. We present three cases in Figure 15, 16,1167

17. From these cases, we observe a common pat-1168

tern: both pure zero-shot results and those trained1169

solely on S1 exhibit severe hallucinations. MLLM1170

generates numerous entities and relations in CoT1171

that are entirely unrelated to the MMRK within1172

the current image, leading to erroneous final an-1173

swers. However, through targeted optimization in1174

S2, MLLM’s hallucinations are suppressed, and its1175

accuracy is evidenced by statistical results. This1176

indicates that our two-stage design has indeed func-1177

tioned as we expected.1178

Table 5: General Multi-modal understanding and rea-
soning capability on OCRBench and TextVQA.

Model OCRBench TextVQA

Base Model 61.7 52.32
S1(SFT) 61.3 54.28
S2(DPO) 62.4 54.52
S2(ORPO) 62.3 54.36
S2(SimPO) 62.0 54.58
S2(GRPO) 62.5 54.54
S2(KGRPO) 63.2 55.14

E.2 Common Multi-modal Capability 1179

Retention 1180

For the commonsense knowledge retention exper- 1181

iments, we employ MMMU (Yue et al., 2024a), 1182

which is one of the most popular MLLM bench- 1183

marks for commonsense knowledge evaluation. 1184

MMMU consists of diverse subjects which can be 1185

categorized into arts & designs, business, science, 1186

health & medical, humanities & social science, and 1187

tech & engineering. 1188

We evaluated Qwen2.5-VL-7B’s performance 1189

across these six domains on its validation set be- 1190

fore and after two-stage training. To enable clearer 1191

comparison, we applied max-min normalization to 1192

the results. The findings reveal that MLLM mod- 1193

els trained through the second phase of the STAR 1194

task demonstrate improved performance across all 1195

domains except science. This contrasts with the 1196

common observation that models lose generaliz- 1197

ability after instruction-based fine-tuning. This 1198

demonstrates that training on the STAR task can ac- 1199

tivate or enhance the common-sense knowledge of 1200

MLLMs to a certain extent without causing catas- 1201

trophic forgetting. Consequently, it can be inte- 1202

grated as a new capability into existing MLLMs, 1203

which underscores the significance of our research. 1204
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We also employ two other datasets, TextVQA1205

(Singh et al., 2019) and OCRBench (Fu et al.,1206

2024b), which are widely used for general multi-1207

modal understanding and reasoning evaluation to1208

measure the commonsense capability of MLLMs.1209

The results from these two datasets also demon-1210

strate that after training on our STAR-64K dataset,1211

the model’s multimodal generalizability did not1212

collapse or suffer catastrophic forgetting. Instead,1213

it showed slight improvements and progress, con-1214

sistent with the conclusions drawn earlier.1215

F The Use of Large Language Models1216

The primary research subject of this paper is LLM1217

& MLLM. Additionally, LLMs are employed as1218

a general assistant for code debugging and pol-1219

ishing certain paragraphs. Core idea conception,1220

experimental design, and paper writing are com-1221

pleted by human authors.1222
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Question Templates for 8 STAR Tasks

Task #1: Entity Counting
<image>Given the multi-modal knowledge graph. Please count the number of entities in it.
Task #2: Relation Counting
<image>Given the multi-modal knowledge graph. Please count the number of different relations in
it.
Task #3: Image Counting
<image>Given the multi-modal knowledge graph. Please count the number of entities that have
image information in the given knowledge graph.
Task #4: Triple Counting
<image>Given the multi-modal knowledge graph. Please count the number of knowledge triples in
it.
Task #5: Subgraph Description
<image>Given the multi-modal knowledge graph. Please describe the knowledge presented by it.
Task #6: Error Detection
<image>Given the multi-modal knowledge graph. Please point out the wrong entity in it.
Task #7: Entity Reasoning
<image>Given the multi-modal knowledge graph. One entity in it is replaced by [MASK]. Please
select one correct entity from the options.
Task #8: Relation Reasoning
<image>Given the multi-modal knowledge graph. One relation in it is replaced by [MASK]. Please
select one correct relation from the options.

Figure 11: The question templates for STAR tasks.

Answer (w/ CoT) Templates for 8 STAR Tasks

Task #1: Entity Counting
<think> There are several entities in the given multi-modal knowledge graph: {ENT1, ENT2, ......,
ENT K} Therefore, the number of entities is {ENTITY NUMBER} </think> <answer>{ENTITY
NUMBER}</answer>
Task #2: Relation Counting
<think> There are several different relations in the given multi-modal knowledge graph: {REL1,
REL2, ......, REL K} Therefore, the number of different relations is {RELATION NUMBER}
</think> <answer>{RELATION NUMBER}</answer>
Task #3: Image Counting
<think> There are several entities with images in the given multi-modal knowledge graph: {ENT1,
ENT2, ......, ENT M} Other entities without images are: {ENT1, ENT2, ......, ENT N} Therefore,
the number of entities is {IMAGE NUMBER} </think> <answer>{IMAGE NUMBER}</answer>
Task #4: Triple Counting
<think> There are several knowledge triples in the given multi-modal knowledge graph: Therefore,
the number of triples is </think> <answer></answer>
Task #5: Subgraph Description
Description of the subgraph.
Task #6: Error Detection & Task #7: Entity Reasoning & Task #8: Relation Reasoning
<think> CoT annotated by LLM </think> <answer>{OPTION}</answer>

Figure 12: The answer templates for STAR tasks.
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Instruction Template for Task5 Quality Evaluation

As an automated answer-scoring system, please evaluate the similarity between the model’s
generated responses and the correct answers.
Both of the standard answer and model generated answer are describing a knowledge graph with
several sentences.
You must determine whether the key entities, relations, and knowledge mentioned in the model’s
generated response align with the standard answer.
Ultimately, output an integer between 0 and 100, where a higher number indicates greater similarity.
Below are our defined basic scoring rules:
- 0 points: No similarity at all
- 1 to 40 points: Minor information overlap
- 40 to 60 points: Moderate information overlap
- 60 to 90 points: Substantial and detailed information overlap
- Above 90 points: Virtually identical, with only minor syntactic variations
Standard Answer:
Model Generated Answer:
Please response a number for the score directly. Do not provide any other text in the response.

Figure 13: The instruction template used for subgraph description (Task #5) quality evaluation with Qwen2.5-72B.

Instruction Template for Chain-of-thought Quality Evaluation

As an automated answer-scoring system, please evaluate the similarity between the model’s
generated thought process and the golden label for thought process.
You must determine whether the key entities, relations, and knowledge mentioned in the model’s
generated thought process align with the standard answer.
Ultimately, output an integer between 0 and 100, where a higher number indicates greater similarity.
Below are our defined basic scoring rules:
- 0 points: No similarity at all
- 1 to 30 points: Minor information overlap
- 30 to 60 points: Moderate information overlap
- 60 to 90 points: Substantial and detailed information overlap
- Above 90 points: Virtually identical, with only minor syntactic variations
- If both the thoght process and the final answer match the golden label, full score is awarded.
- If the reasoning process is incorrect but the final answer is correct, partial score may be given.
- If neither the reasoning process nor the final answer is correct, a lower score is assigned.
Standard Thought Process: {}
Model Generated Thought Process: {}
Please response a number for the score directly. Do not provide any other text in the response.

Figure 14: The instruction template used for CoT quality evaluation with Qwen2.5-72B.
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Figure 15: The MMKR image case for Task #1.

Case for Task #1

Zero-shot Answer: The multi-modal knowledge graph contains 10 entities.
Stage 1 Answer:
\n<think>\nThere are several entities in the given multi-modal knowledge
graph:\nUpper Peninsula\nChelone glabra\nChelone glabra\nHawaii Five-0\nFN
SCAR\nIndigenous sovereignty movement\nHawaii\nTherefore, the number of entities
is 7\n</think>\n<answer>7</answer>\n
Stage 2(DPO) Answer:
\n<think>\nThere are several entities in the given multi-modal knowledge graph:\nHawaii
Five-0\nChelone glabra\nUpper Peninsula\nFN SCAR\nIndigenous sovereignty
movement\nTherefore, the number of entities is 5\n</think>\n<answer>5</answer>\n
Golden Answer:
\n<think>\nThere are several entities in the given multi-modal knowledge graph:\nChelone
glabra\nHawaii Five-0\nUpper Peninsula\nFN SCAR\nHawaiian sovereignty
movement\nTherefore, the number of entities is 5\n</think>\n<answer>5</answer>\n\n
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Figure 16: The MMKR image case for Task #2.

Case for Task #2

Zero-shot Answer:
The multi-modal knowledge graph in the image contains 10 different relations. These rela-
tions are:\n\n1. RelatedTo\n2. Submachinegun\n3. MachinePistol\n4. LightMachineGun\n5.
AutomaticRifle\n6. FiringPortWeapon\n7. ColtAR15\n8. M201FiringPortWeapon\n9.
GS30A1\n10. Heckler&KochG36"
Stage 1 Answer:
\n<think>\nThere are several different relations in the given multi-modal knowl-
edge graph:\nRelatedTo\nGlossRelated\nTherefore, the number of different relations is
2\n</think>\n<answer>2</answer>\n
Stage 2(DPO) Answer:
\n<think>\nThere are several different relations in the given multi-modal knowledge
graph:\nRelatedTo\nHasA\nGlossRelated\nTherefore, the number of different relations is
3\n</think>\n<answer>3</answer>\n
Golden Answer:
\n<think>\nThere are several different relations in the given multi-modal knowledge
graph:\nRelatedTo\nIsA\nGlossRelated\nTherefore, the number of different relations is
3\n</think>\n<answer>3</answer>\n\n
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Figure 17: The MMKR image case for Task #7.
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Case for Task #7

Zero-shot Answer:
To determine the correct entity that replaces the [MASK] in the given multi-modal knowledge
graph, we need to analyze the relationships and the context provided by the other entities and their
connections.\n\n1. The graph shows a hierarchy of relationships between different types of fish
and their features.\n2. The [MASK] is connected to Scales and Swim Bladder, which are features
of fish.\n3. The options provided are:\n - A. Tropical Africa\n - B. Carnivorous Fish\n - C. Bony
Fish\n - D. Tropical fish\n - E. Philippine butterflyfish\n\nGiven that the [MASK] is related
to Scales and Swim Bladder, it is likely to be a type of fish. Among the options, Carnivorous
Fish and Tropical fish are types of fish, but Carnivorous Fish is a specific type of fish, while
Tropical fish is a broader category that could include various types of fish.\n\nSince the graph is
showing a hierarchy and the [MASK] is connected to Scales and Swim Bladder, it is more likely
to be a specific type of fish rather than a broader category like Tropical fish. Therefore, the most
appropriate choice is:\n\nB. Carnivorous Fish\n\nSo, the correct answer is B. Carnivorous Fish.
Stage 1 Answer:
\n<think>\nThe correct answer is Bony Fish because it is the most general and inclusive cat-
egory that can logically relate to Swim Bladder across all the provided triples. The other
options are either too specific (e.g., Tropical Africa, Tropical fish) or not directly relevant
(e.g., Carnivorous Fish, Philippine butterflyfish). Bony Fish fits well with the general rela-
tionship to Swim Bladder and aligns with the context of the other fish-related entities in the
triples.\n</think>\n<answer>C</answer>\n
Stage 2(DPO) Answer:
\n<think>\nThe correct entity Tropical fish is more suitable because it directly relates to the
biological and ecological context of the Swim Bladder, which is a common feature in many
fish species, including tropical fish. The other options are less suitable:\n\n- **A. Tropical
Africa**: This is a geographical region and not a biological classification, making it irrelevant to
the relationship with Swim Bladder.\n- **B. Carnivorous Fish**: While some fish are carnivorous,
this option is too specific and does not encompass all fish that have a swim bladder.\n- **C. Bony
Fish**: This is a broader classification but less specific than Tropical fish, which is a subset of
bony fish that are commonly found in tropical waters.\n- **E. Philippine butterflyfish**: This
is a specific species and not a general category, making it less suitable for the context of the
triples.\n</think>\n<answer>D</answer>\n
Golden Answer:
\n<think>\nThe correct answer is Tropical fish (D) because it fits well within the context of
the triples, which involve various types of fish and their relationship to the swim bladder. The
other options are less suitable:\n\n- A. Tropical Africa: This is a region, not a type of fish,
and does not fit the pattern of the triples.\n- B. Carnivorous Fish: While some carnivorous fish
may have swim bladders, this term is too specific and doesn’t encompass the variety of fish
mentioned.\n- C. Bony Fish: This is a broader category that includes many fish with swim
bladders, but Tropical fish is more specific and aligns better with the other fish types listed.\n- E.
Philippine butterflyfish: This is a specific species, which is too narrow compared to the general
category of Tropical fish.\n\nTropical fish is the most appropriate choice as it represents a diverse
group of fish that often have swim bladders and fits well with the other fish types mentioned in the
triples.\n</think>\n<answer>D</answer>\n\n

23


	Introduction
	Related Works
	The STAR Data Engine
	Data Engine Overview
	Detailed Synthesis Pipeline

	Training and Evaluation Protocol
	Training Stage 1: Supervised Fine-tuning
	Training Stage 2: Targeted Optimization
	KGRPO: Improve GRPO with Knowledge-informed Reward
	Evaluation Protocol

	Experiments and Analysis
	Experiment Settings
	Main Experiment Results
	Transferability Experiments
	Scalability Experiments
	Ablation Study
	Case Study

	Conclusion
	Related Works
	Details of the Data Engine and Training Pipeline
	Details of our Data Source
	Details of Instruction Synthesis
	Details of Training

	Instruction Templates
	Experiments
	Implementation Details
	Main Experiment Results
	Scalability Experiment
	Ablation Study Results

	Case Study
	Error Case Analysis
	Common Multi-modal Capability Retention

	The Use of Large Language Models

