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Abstract

Multi-modal Large Language Models001
(MLLMs) integrating images, text, and speech002
can provide farmers with accurate diagnoses003
and treatment of pests and diseases, enhancing004
agricultural efficiency and sustainability.005
However, existing benchmarks lack compre-006
hensive evaluations, particularly in multi-level007
reasoning, making it challenging to identify008
model limitations. To address this issue, we009
introduce Agri-CM3, an expert-validated010
benchmark assessing MLLMs’ understanding011
and reasoning in agricultural management. It012
includes 3,939 images and 15,901 multi-level013
multiple-choice questions with detailed014
explanations. Evaluations of 45 MLLMs reveal015
significant gaps. Even GPT-4o achieves only016
64.73% accuracy, falling short in fine-grained017
reasoning tasks. Analysis across three reason-018
ing levels and seven compositional abilities019
highlights key challenges in accuracy and020
cognitive understanding. Our study provides021
insights for advancing MLLMs in agricultural022
management, driving their development and023
application. Code and data will be released.024

1 Introduction025

The modernization and intensification of agricul-026

ture have led to increasing diversity and adaptabil-027

ity of pests and diseases, making their management028

increasingly challenging (Singh et al., 2024; Lenné029

and Wood, 2024). Traditional diagnostic methods030

primarily rely on manual observation and expert031

experience, often suffering from delays, low accu-032

racy, and high costs (John et al., 2023). With the033

rapid advancement of artificial intelligence (AI),034

particularly multi-modal large language models035

(MLLMs), agricultural pest and disease manage-036

ment have entered a new era. By integrating mul-037

tiple data modalities, MLLMs enable intelligent038

recognition, prediction, and decision support, help-039

ing farmers optimize agricultural management, re-040

duce pesticide use, and enhance sustainability (Zhu041

Q: Which of the following characteristics best 
fits the form of the pathogen of the disease
suffered by the crop in the image?
O: (A) Long oval (B) Fusiform 
     (C) Spherical    (D) Obtuse round

Perception Mixture Perception&Cognition Knowledge

MLLM

O: (B) Fusiform 

Which stage of ability 
leads to the failure in 
reasoning?

Reasoning Process:
Crop identification → Disease Diagnosis → Knowledge application

Figure 1: Existing benchmarks fail to identify the spe-
cific cause of failure in agricultural complex reasoning,
making it difficult to distinguish whether errors stem
from perception, mixed perception-cognition reasoning,
or knowledge application.

et al., 2024; Kuska et al., 2024). 042

Despite the impressive performance of state-of- 043

the-art MLLMs (Hurst et al., 2024; Team et al., 044

2024; Anthropic, 2025) in vision-language tasks 045

within the agricultural domain (Zhu et al., 2024), 046

their practical effectiveness in pest and disease 047

management remains unclear. A systematic bench- 048

mark is essential to evaluate their real-world ap- 049

plicability and reasoning capabilities in agricul- 050

tural management. Existing benchmarks, such as 051

AgriBench (Zhou and Ryo, 2024), focus primarily 052

on broader agricultural vision tasks (e.g., land seg- 053

mentation and captioning) but lack a dedicated eval- 054

uation framework for pest and disease management. 055

Furthermore, current domain-specific benchmarks 056

(Yue et al., 2024; Zhang et al., 2024b) fail to as- 057

sess models’ multi-level reasoning abilities, which 058

are critical for complex decision-making in agri- 059

cultural contexts. As illustrated in Figure 1, agri- 060

cultural multi-modal reasoning tasks involve multi- 061

ple stages, including crop identification, symptom 062

recognition and disease diagnosis, and knowledge 063
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Q: Which characteristics best fits the form of the 
pathogen of the disease suffered by the crop in 
the image?
O: (A) Long oval (B) Fusiform 
     (C) Spherical    (D) Obtuse round

Q: In which type of environment does the wheat 
aphid prefer to live?
O: (A) Sunny (B) Humid and rainy
     (C) Dry               (D) Cool and shady

Q: Which characteristics best fits the form of the 
pathogen of corn southern leaf blight?
O: (A) Long oval (B) Fusiform 
     (C) Spherical         (D) Obtuse round

Q: In which type of environment do the pests shown 
in the image prefer to live?
O: (A) Sunny (B) Humid and rainy
     (C) Dry               (D) Cool and shady

Image 
not given

Level 3: Disease-P-M-K

Level 1: Pest-K

Level 1: Diesase-K

Level 2: Pest-P-K

Q: Which characteristics best fits the form of the 
pathogen of the disease affecting the corn in the 
image?
O: (A) Long oval (B) Fusiform 
     (C) Spherical          (D) Obtuse round

Level 2: Disease-M-K

Image 
not given
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Figure 2: Left: The process of deriving high-level data with clearly specified entities into low-level data. Middle:
Distribution of labels across the entire dataset. Right: Performance of 5 MLLMs and experts on the validation set.

integration and application. Any failure at one064

stage may lead to an incorrect diagnosis. However,065

existing benchmarks do not effectively distinguish066

models’ performance at each reasoning step, mak-067

ing it difficult to diagnose the root causes of errors.068

To tackle these challenges, we propose Agri-069

CM3, a novel benchmark designed to provide a070

comprehensive, hierarchical evaluation of MLLMs071

in agricultural pest and disease management.072

Specifically, we decompose complex reason-073

ing tasks into three fine-grained sub-reasoning074

tasks: (1) Crop identification (Perception Stage).075

(2) Symptom recognition and disease diagno-076

sis (Mixture of Perception-Cognition Reasoning077

Stage). (3) Agricultural knowledge integration078

and application (Knowledge Application Stage).079

These sub-tasks are then systematically organized080

as a reasoning hierarchy, as illustrated in Figure081

2(Left): Level 1 evaluates individual sub-reasoning082

tasks. Level 2 assesses combinations of two sub-083

reasoning tasks. Level 3 examines the whole rea-084

soning pipeline involving all three tasks. Each085

evaluation is structured as multiple-choice ques-086

tions (MCQs) with detailed explanations, ensuring087

a rigorous assessment of MLLMs across different088

reasoning levels. This hierarchical design allows089

Agri-CM3 to systematically analyze models’ per-090

formance at various reasoning levels and diagnose091

their specific weaknesses.092

To construct Agri-CM3, we curated 3,939 high-093

quality images covering diverse pest and disease094

categories, rigorously filtered through model gen-095

eration and expert validation. We designed 15,901096

MCQs based on these images and conducted ex-097

tensive evaluations on 38 open-source MLLMs098

and seven proprietary state-of-the-art MLLMs, re-099

vealing several key insights: (1) Open-source 100

MLLMs Surpassing Proprietary Models. (2) Mix- 101

ture cognition-perception reasoning tasks are the 102

key factor limiting model performance. (3) Multi- 103

modal training boosts performance in single-text 104

tasks. 105

In summary, the key contributions of our work 106

are as follows: 107

• To the best of our knowledge, we are the first 108

multi-modal benchmark for agricultural pest 109

and disease management, covering a wide 110

range of pests and diseases. The benchmark 111

is rigorously filtered and validated by experts, 112

ensuring high quality. 113

• We decompose complex reasoning tasks and 114

combine them based on practical needs, result- 115

ing in a multi-level benchmark. This frame- 116

work allows for a comprehensive assessment 117

of model capabilities at each reasoning stage, 118

helping identify weaknesses in various steps. 119

• We evaluated various models and summarized 120

several key insights. Our findings provide 121

valuable guidance for future research and de- 122

velopments in this area. 123

2 Related Work 124

2.1 Multi-modal Large Language Models 125

MLLMs have introduced a new paradigm for rea- 126

soning, offering a natural and intuitive way to in- 127

teract with users (Zhu et al., 2024). These models 128

have demonstrated outstanding potential for ap- 129

plications in various vertical domains (Xie et al., 130

2024; Xiao et al., 2025). Currently, leading pro- 131

prietary MLLMs have achieved exceptional perfor- 132

2



mance in multi-modal understanding and reason-133

ing tasks. Meanwhile, the research community has134

developed various open-source MLLMs with multi-135

modal instruction-tuning datasets (Zhang et al.,136

2024a). Notable open-source models include the137

InternVL series (Chen et al., 2024b), LLaVA series138

(Liu et al., 2024), Qwen-VL series (Wang et al.,139

2024b), DeepSeek series (Wu et al., 2024), and140

MiniCPM-V series (Yao et al., 2024), which have141

been rapidly adopted across diverse domains.142

To address domain-specific challenges, re-143

searchers have developed specialized MLLMs144

trained and fine-tuned on domain-specific datasets.145

For example, medical MLLMs (Li et al., 2023;146

Moor et al., 2023) and Financial MLLMs (Xie et al.,147

2024) have been proposed to enhance AI capabil-148

ities in their respective fields. In the agricultural149

domain, Wang et al. (2024a) fine-tuned a multi-150

modal agricultural model based on LLaVA (Liu151

et al., 2023b), demonstrating promising potential152

in pest and disease diagnosis. These advancements153

highlight the growing impact of MLLMs in agri-154

culture, yet a standardized evaluation framework155

remains necessary to assess their real-world perfor-156

mance systematically.157

2.2 MLLM Benchmarks158

Despite the rapid progress of MLLMs, systematic159

benchmarking is equally crucial. It helps evalu-160

ate strengths and weaknesses, guiding optimization161

and accelerating real-world application. Several162

multi-modal benchmarks, such as MMMU (Yue163

et al., 2024) and CMMMU (Zhang et al., 2024b),164

cover multiple vertical domains. However, their165

domain-specific evaluation capabilities are limited.166

To address domain-specific needs, researchers have167

developed specialized benchmarks for evaluating168

MLLMs in fields such as medicine (Sun et al.,169

2025; Chen et al., 2024a) and industry (Jiang et al.,170

2025). In the agricultural domain, Zhou and Ryo171

(2024) proposed AgriBench, a multi-modal bench-172

mark focusing on landscape understanding tasks.173

While AgriBench provides a general framework174

for evaluating MLLMs’ multi-modal reasoning in175

agriculture, it lacks a dedicated assessment for176

pest and disease management. Furthermore, ex-177

isting domain-specific benchmarks fail to distin-178

guish which specific reasoning abilities contribute179

to model failures in complex reasoning tasks. Iden-180

tifying these deficiencies at a granular level is es-181

sential for improving MLLMs and guiding future182

model development.183

To address this gap, we propose Agri-CM3, a 184

benchmark designed to systematically evaluate 185

MLLMs’ hierarchical reasoning abilities in agri- 186

cultural pest and disease management. Unlike ex- 187

isting benchmarks, Agri-CM3 explicitly evaluates 188

models across multiple reasoning levels, provid- 189

ing fine-grained insights into their strengths and 190

weaknesses. 191

3 The Agri-CM3 Benchmark 192

3.1 Design Principal 193

Existing benchmarks often evaluate complex rea- 194

soning tasks as a whole, especially for tasks involv- 195

ing multiple reasoning steps, such as agricultural 196

knowledge reasoning. This approach fails to ac- 197

curately identify model strengths and weaknesses 198

at each reasoning stage, leading to a lack of clear 199

guidance for future model improvements. 200

To address this limitation, we propose Agri- 201

CM3, which aims to comprehensively assess the 202

complex reasoning capabilities of models in agri- 203

cultural pest and disease management through a 204

multi-level evaluation framework. We decompose 205

the complex reasoning task into three key sub-tasks: 206

i. Perception (P): The ability to identify crops and 207

pests. ii. Mixed Perception-Cognition Reasoning 208

(M): The ability to identify crop symptoms and rea- 209

son diseases. iii. Knowledge Application (K): The 210

ability to integration and apply agricultural knowl- 211

edge. These key abilities are then combined into 212

three levels based on task-specific needs: 213

Level 1: Evaluates model performance on a sin- 214

gle sub-reasoning task. 215

Level 2: Assesses the model’s ability to perform 216

a combination of two sub-reasoning tasks. 217

Level 3: Evaluates the model’s performance 218

across the full reasoning chain. 219

Through this layered design, Agri-CM3 provides 220

a comprehensive evaluation of a model’s capabili- 221

ties at different reasoning stages, offering detailed 222

feedback on performance at each level. The overall 223

data collection and generation process is illustrated 224

in Figure 3. 225

3.2 Data Collection and Preprocessing 226

Traditional agricultural visual datasets typically fo- 227

cus on a single crop or pest type. However, an 228

expert in agricultural pest and disease management 229

should be capable of identifying and diagnosing 230
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Figure 3: Overview of the Agri-CM3 generation process. Left: The collection and processing of images and
background knowledge. Right: Multi-level data generation, followed by filtering using LLMs, and final validation
by agricultural experts.

various pests and diseases. To address this, we ex-231

tensively collected existing agricultural pest and232

disease image datasets, resulting in 21 datasets,233

including 11 crops, 45 diseases, and 107 pests.234

To ensure the diversity, we applied K-means235

(Arthur and Vassilvitskii, 2007) clustering to group236

images and filter out highly similar images. We237

filtered out low-resolution images to ensure that238

details are clearly visible, resulting in a final aver-239

age resolution of 1,800 × 1,500 for the retained240

images. Additionally, we enlisted professional agri-241

cultural experts to filter out unusable images manu-242

ally. To prevent data leakage, we did not directly243

use image-question pairs from existing datasets.244

Instead, we collected images and their correspond-245

ing captions and employed GPT-4o to generate246

image-text question-answer pairs and other options.247

Besides, we sourced domain-specific agricultural248

knowledge from professional agricultural books249

and reputable encyclopedic websites, ensuring the250

model generated questions based on accurate, rel-251

evant knowledge. See the Appendix A.1 for more252

details.253

3.3 Data Generation and Expert Validation254

To ensure the accuracy and diversity of the gen-255

erated data, we not only provide crop, disease,256

and pest labels but also select relevant background257

knowledge to generate high-quality knowledge rea-258

soning data. To facilitate manual validation of the259

generated data, we include answer explanation in260

the generated data, ensuring that each question is261

supported by a clear and justified rationale.262

High-level Data Generation. We begin by gen- 263

erating high-level knowledge reasoning data based 264

on agricultural pest and disease images and relevant 265

background knowledge. The tasks include Disease- 266

P-M-K, Disease-P-M, and Pest-P-K. These tasks 267

require the model to perform multiple reasoning 268

steps, including crop and pest identification, symp- 269

tom recognition and disease diagnosis, followed 270

by final knowledge reasoning. Pest identification 271

involves only perceptual stage, with high-level data 272

considering only P-K. 273

Low-level Data Derivation. After generating 274

high-level data, we derive low-level data by ex- 275

plicitly replacing entities in the high-level data 276

questions. This method allows us to generate data 277

at different reasoning stages, thus providing more 278

granular tasks that align with the evaluation needs 279

of each reasoning level. 280

Data Filtering. To ensure that the generated data 281

relies heavily on the image information, we use 282

three LLMs to answer questions based on the ques- 283

tion and options. We then filter out the data where 284

two models provide correct answers, as these are 285

deemed to have low dependency on the images. 286

This ensures that the final dataset accurately re- 287

flects the image content. 288

Expert Validation. To guarantee the quality of 289

the generated data, we employed two agricultural 290

experts for manual validation. Initially, we ran- 291

domly selected 200 data samples for annotation, 292

including questions, options, answers and answers 293

explanations. By evaluating the consistency of their 294
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Model Validation
Total

Test
Total

Disease Pest

P M P-M K M-K P-M-K P K P-K

Random Choice 23.22 25.14 25.44 26.04 25.44 24.15 24.31 26.61 25.04 24.94 24.89
Expert Performance 79.56 – – – – – – – – – –

Multi-Modal Large Language Model(MLLMs): Text + Image as Input

LLaVA-1.5-13B (Liu et al., 2023a) 41.33 38.19 43.87 53.00 52.41 40.52 42.54 42.38 23.40 33.31 36.47
Phi-3.5-Vision (Abdin et al., 2024) 46.11 41.69 39.14 57.99 53.85 44.10 44.66 45.18 30.01 38.50 40.29
Deepseek-VL2 (Wu et al., 2024) 46.33 42.91 36.18 47.93 41.5 48.12 48.47 45.23 37.28 44.17 42.56
Yi-VL-34B (AI et al., 2024) 48.78 45.98 49.79 52.83 38.46 51.25 48.43 44.25 42.68 46.50 44.76
CogVLM2 (Hong et al., 2024) 48.11 46.37 76.84 45.65 43.11 39.45 39.53 37.24 58.92 38.21 40.91
Cambrian-34B (Tong et al., 2024) 56.00 49.16 74.13 54.35 45.98 53.13 45.41 38.71 53.99 47.91 39.11
MiniCPM-V2.6 (Yao et al., 2024) 54.67 52.24 65.34 58.58 54.35 49.02 46.70 45.96 64.05 44.85 45.42
GLM4V-9B (GLM et al., 2024) 56.00 52.65 86.73 55.62 56.04 50.72 47.84 47.71 57.79 43.32 44.17
LLaVA-1.6-34B (Liu et al., 2024) 57.78 52.71 59.09 59.51 54.35 57.60 51.96 50.47 54.58 48.51 47.76
LLaVA-OneVision-7B (Li et al., 2024) 57.00 53.92 70.33 58.66 53.00 51.25 50.78 50.54 64.87 45.86 46.41
Molmo-7B (Deitke et al., 2024) 55.89 54.76 54.69 66.19 59.93 52.50 49.92 49.77 67.41 47.91 47.54
InternVL-2.5-8B (Chen et al., 2024b) 59.67 55.73 70.58 62.13 57.06 55.37 52.43 50.54 64.16 49.20 48.13
Qwen2-VL-7B (Wang et al., 2024b) 60.00 56.32 85.88 58.92 57.82 54.20 47.88 46.27 70.34 47.43 46.26
InternVL-2.5-26B (Chen et al., 2024b) 64.78 61.97 74.30 71.09 66.61 63.69 57.06 56.07 72.57 54.91 51.50
Molmo-72B (Deitke et al., 2024) 66.33 63.13 63.14 73.96 71.01 66.01 60.75 59.56 68.86 58.37 55.61
LLaVA-OneVision-72B (Li et al., 2024) 69.00 64.37 78.61 72.19 68.98 65.38 60.99 58.79 70.07 57.32 57.66
Qwen2-VL-72B (Wang et al., 2024b) 72.00 64.81 80.98 73.29 72.36 65.74 61.77 59.95 72.07 55.07 56.27
InternVL-2.5-38B (Chen et al., 2024b) 68.11 65.31 74.81 76.67 70.16 65.65 61.30 60.26 75.04 56.84 56.89
InternVL-2.5-78B (Chen et al., 2024b) 69.89 65.49 79.54 76.67 72.78 65.56 60.44 59.33 73.04 58.00 56.38
Qwen-VL-PLUS (Wang et al., 2024b) 51.67 51.54 80.56 47.76 48.27 47.14 45.29 42.69 68.39 40.23 45.42
Yi-Vision (AI et al., 2024) 61.56 56.59 60.27 58.66 55.45 60.82 53.61 51.01 70.31 51.85 48.35
Qwen-VL-MAX (Wang et al., 2024b) 59.44 57.97 76.84 60.19 60.19 62.25 52.04 48.83 66.12 53.46 49.67
GPT-4o-mini (Hurst et al., 2024) 63.00 58.21 79.88 69.99 67.12 53.49 52.28 48.37 68.78 48.87 47.80
Gemini-1.5-flash (Team et al., 2024) 64.67 61.73 87.57 68.55 69.74 57.33 52.51 52.72 80.40 49.92 47.73
GPT-4o (Hurst et al., 2024) 67.33 63.64 83.85 69.48 68.30 65.65 54.71 49.53 80.09 56.84 51.10
Gemini-1.5-pro (Team et al., 2024) 67.78 64.73 89.18 69.82 70.33 62.43 57.30 54.20 78.72 57.36 52.49

Large Language Models (LLMs): Only Text as Input

GLM4-9B (GLM et al., 2024) 41.89 35.37 34.66 38.55 27.98 45.26 40.03 38.72 21.56 41.67 36.91
Qwen2.5-7B (Hui et al., 2024) 40.67 35.37 36.43 44.04 19.78 48.21 40.89 37.48 20.74 42.04 36.69
InternLM2.5-7B (Cai et al., 2024) 40.44 36.55 44.55 39.73 32.12 46.33 39.72 38.34 22.38 42.12 35.48
GPT-3.5-Turbo (OpenAI, 2023) 39.11 37.01 32.04 44.72 32.29 45.80 43.33 39.04 23.28 41.55 39.11
GPT-4-Turbo (Achiam et al., 2023) 47.11 41.84 33.39 43.20 35.08 57.07 52.83 46.27 23.08 50.36 44.21

Table 1: The zero-shot result of different models in Agri-CM3. The best results are highlighted in bold, while
the second-best is underlined. The abbreviation in Agri-CM3 means P: Perception, M: Mixture of Perception and
Cognition Reasoning, and K: Knowledge Application. Test Total represents the average of all test instances.

annotations, if the consistency is below 90%, we295

retrain the experts on the inconsistent annotated296

data and reassess their consistency until it exceeds297

90%. Only after reaching this threshold can we298

proceed with the formal annotation process. For299

detailed annotation procedures, please refer to the300

Appendix A.3.301

3.4 Data Analysis302

Base Statistics. The Agri-CM3 contains 3939303

high-quality images and 15,901 multiple-choice304

questions across three reasoning levels, six disease305

tasks, and three pest tasks. 900 samples, 100 from306

each subclass, form the validation set, with the307

remaining 15,001 used for testing. More details in308

Appendix A.4.309

Multi-modal diversity. Figure 11 illustrates the310

semantic space representation of images encoded311

by CLIP (Radford et al., 2021). The results demon- 312

strate that Agri-CM3 spans a broad semantic space, 313

highlighting its rich semantic diversity and compre- 314

hensive coverage. 315

4 Experiments 316

4.1 Experiments Setting 317

In this study, we conduct a systematic evaluation 318

of various MLLMs, including 38 open-source and 319

seven proprietary models, to assess their perfor- 320

mance on the Agri-CM3 benchmark. All evalua- 321

tions are conducted in a zero-shot setting, mean- 322

ing that the models do not receive any example 323

prompts during reasoning and have not been trained 324

explicitly on tasks related to the benchmark. This 325

approach allows us to measure the generalization 326

ability of MLLMs in agricultural pest and disease 327

management and evaluate their reasoning capabili- 328
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ties on unseen tasks. All experiments are executed329

on 4 NVIDIA H800 GPUs (80GB memory). De-330

tailed experimental settings and hyperparameter331

configurations are provided in the Appendix B.332

4.2 Main Results333

In this section, we comprehensively compare vari-334

ous LLMs and MLLMs using the Agri-CM3 bench-335

mark. For clarity, we present results from selected336

models in Table 1, while the complete experimental337

results and data can be found in the Appendix A.4338

and C. Based on these results, we summarize the339

following key findings:340

Agri-CM3 remains a challenging benchmark.341

The results from Table 1 show that 26 out of the342

35 MLLMs achieved a performance below 60%.343

The top-performing model on the test set reached344

65.49%, demonstrating that real-world applications345

in agricultural pest and disease management still346

face significant challenges. Specifically, the mod-347

els showed limited success in high-level reasoning348

tasks, with the Disease-P-M-K and Pest-P-K tasks349

achieving only 59.33% and 56.38%, respectively.350

These results highlight substantial room for im-351

provement, particularly in complex reasoning.352

Open-source MLLMs gradually outperform353

proprietary models. The top-performing open-354

source model, InternVL-2.5-78B, achieved 65.49%355

on the test set, outperforming the best proprietary356

model, Gemini-1.5-Pro, by 0.73%. This result sug-357

gests that the application potential of open-source358

MLLMs in agricultural tasks is steadily increasing,359

and in some cases, they have already surpassed360

proprietary models. It also highlights the impor-361

tance of open-source technologies in the future of362

agricultural intelligence.363

Optimal MLLMs performance still below expert364

level. We evaluated the performance of MLLMs365

and agricultural experts on the validation set. As366

shown in Table 1 and Figure 2 (right), although367

the optimal MLLM has demonstrated strong per-368

formance on certain tasks, there remains a perfor-369

mance gap of approximately 8% compared to ex-370

perts. This indicates that while current MLLMs371

have made notable progress in agricultural tasks,372

further optimization is needed to integrate high-373

level reasoning and domain-specific knowledge.374

Besides, the experts’ performance did not meet375

the expected level of excellence. Although agricul-376

tural experts have in-depth knowledge of specific377
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Figure 4: Scaling law of model size in Agri-CM3. We
use the InternVL-2.5 series as examples.

crops or pests, their performance decreases when 378

dealing with a broader range of crops and diseases 379

due to the specialized nature of their research. This 380

suggests that while experts have substantial advan- 381

tages in specific areas, both their performance and 382

that of the models are limited when faced with 383

broader agricultural scenarios. 384

4.3 Further Analysis 385

Larger models improve performance, but with di- 386

minishing returns. We conducted experiments 387

using InternVL-2.5 with different parameter sizes, 388

as shown in Figure 4. The results indicate that 389

as the model size increases, overall performance 390

improves significantly. For tasks across different 391

reasoning levels, larger models consistently outper- 392

form smaller ones, with an average performance 393

gap of 24.78% between the largest and smallest 394

models. However, as the parameter size further in- 395

creases, the rate of performance improvement grad- 396

ually slows, exhibiting diminishing returns. This 397

suggests that although larger models enhance accu- 398

racy, the benefits of increasing model size become 399

less pronounced. 400

Mixed-reasoning tasks are the key factor limiting 401

model performance. To explore the impact of 402

different reasoning levels on model performance, 403

we use Disease-P-M-K as a case study. By succes- 404

sively specifying entities in the question: starting 405

from Disease-P-M-K, then specifying crop to cre- 406

ate Disease-M-K, and further specifying disease 407

to obtain Disease-K, we investigate how different 408

reasoning levels influence model performance. The 409

experimental results are shown in Figure 5. The re- 410

sults indicate that eliminating perception reasoning 411

(Disease-M-K) leads to only a modest performance 412

improvement of approximately 2.32% on average. 413

However, when mixed perception-cognition rea- 414
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soning is further removed (Disease-K), the perfor-415

mance increase becomes more significant, with an416

average improvement of 6.00%. This suggests that417

mixed-reasoning tasks are more challenging for the418

models, and improving their ability in this area is419

key to further enhancing model performance.420

Multi-modal training boosts performance in421

single-text tasks. In this benchmark, the Disease-422

K and Pest-K tasks focus on evaluating pest and423

disease knowledge in a single-text modality. We424

compared the performance of MLLMs and their425

corresponding LLMs on these tasks, as shown in426

Figure 6 and 12. The results demonstrate that, af-427

ter multi-modal training, MLLMs exhibit signif-428

icant improvements in single-text modality tasks429

compared to their corresponding LLMs, with an430

average performance increase of 5.06% and 4.01%.431

This phenomenon indicates that multi-modal train-432

ing not only enhances models’ ability for joint rea-433

soning over images and text but also improves their434

adaptability and generalization to complex contexts435

through image information processing, align with436

the conclusions of Ji et al. (2024).437
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Figure 7: In-Context Learning performance of InternVL-
2.5-38B under different shots.

4.4 Exploration 438

The structured reasoning process enabled by CoT 439

leads to superior performance. We applied the 440

CoT (Wei et al., 2022) method to enable step-by- 441

step thinking and assessed its impact on perfor- 442

mance. As shown in Table 2, GPT-4o demonstrated 443

significant improvement, particularly in complex 444

multi-step reasoning tasks. Compared to other mod- 445

els, GPT-4o effectively follows the multi-step pro- 446

cess required by the benchmark: first identifying 447

the crop, diagnosing the disease, and then perform- 448

ing knowledge integration and application based on 449

the options. Other models, lacking such structured 450

reasoning, tend to provide answers without step- 451

by-step logic, resulting in less pronounced CoT 452

performance. A detailed case analysis is provided 453

in Appendix D.1. 454

In-context learning cannot stably improve per- 455

formance. In this experiment, we conducted in- 456

context learning with different shot counts using 457

InternVL-2.5-38B, as shown in Figure 7. The re- 458

sults indicate that, despite some fluctuations in ac- 459

curacy across different shot counts, there is no clear 460

upward trend or consistent performance improve- 461

ment. The main reason for this may be that as the 462

number of images increases, the model could be- 463

come confused due to the additional information, 464

leading to potential interference. Therefore, this 465

issue is likely related to the selection of examples 466

in in-context learning. Future work could further 467

explore the selection of examples. 468

The dataset relies heavily on visual input. To as- 469

sess the dataset’s dependency on the visual modal- 470

ity, we conducted experiments on datasets requir- 471

ing image input for responses, comparing model 472

performance with and without image input. Specif- 473

ically, we evaluated MLLMs of different scales 474
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Model CoT Validation
Total

Test
Total

Disease Pest

P M P-M K M-K P-M-K P K P-K

InternVL-2.5-8B
✗ 59.67 55.73 70.58 62.13 57.06 55.37 52.43 50.54 64.16 49.20 48.13
✓ 58.22 ↓ 1.5 55.30 ↓ 0.4 69.32 ↓ 1.3 61.62 ↓ 0.5 59.59 ↑ 2.5 50.89 ↓ 4.5 52.83 ↑ 0.4 51.09 ↑ 0.6 64.71 ↑ 0.5 46.78 ↓ 2.4 48.53 ↑ 0.4

InternVL-2.5-38B
✗ 68.11 65.31 74.81 76.67 70.16 65.65 61.30 60.26 75.04 56.84 56.89
✓ 64.56 ↓ 3.5 59.89 ↓ 5.4 73.29 ↓ 1.5 72.02 ↓ 4.7 64.07 ↓ 6.1 58.05 ↓ 7.6 55.97 ↓ 5.3 53.34 ↓ 6.9 70.15 ↓ 4.9 52.86 ↓ 4 49.45 ↓ 7.4

InternVL-2.5-78B
✗ 69.89 65.49 79.54 76.67 72.78 65.56 60.44 59.33 73.04 58.00 56.38
✓ 67.56 ↓ 2.3 61.71 ↓ 3.8 79.37 ↓ 0.2 74.22 ↓ 2.5 69.23 ↓ 3.5 61.81 ↓ 3.8 55.42 ↓ 5.0 55.52 ↓ 3.8 69.87 ↓ 3.2 53.86 ↓ 4.1 50.70 ↓ 5.7

Qwen2-VL-7B
✗ 60.00 56.32 85.88 58.92 57.82 54.20 47.88 46.27 70.34 47.43 46.26
✓ 60.00 ↓ 0.0 55.87 ↓ 0.5 79.71 ↓ 6.2 62.55 ↑ 3.6 61.12 ↑ 3.3 51.61 ↓ 2.6 48.04 ↑ 0.2 47.59 ↑ 1.3 69.41 ↓ 0.9 45.90 ↓ 1.5 46.08 ↓ 0.2

Qwen2-VL-72B
✗ 72.00 64.81 80.98 73.29 72.36 65.74 61.77 59.95 72.07 55.07 56.27
✓ 67.44 ↓ 4.6 62.19 ↓ 2.6 79.46 ↓ 1.5 71.17 ↓ 2.1 66.53 ↓ 5.8 65.21 ↓ 0.5 55.57 ↓ 6.2 55.44 ↓ 4.5 70.42 ↓ 1.6 54.83 ↓ 0.2 52.97 ↓ 3.3

GPT-4o-mini
✗ 63.00 58.21 79.88 69.99 67.12 53.49 52.28 48.37 68.78 48.87 47.80
✓ 61.78 ↓ 1.2 56.14 ↓ 2.1 82.25 ↑ 2.4 68.30 ↓ 1.7 66.78 ↓ 0.3 52.06 ↓ 1.4 48.12 ↓ 4.2 46.03 ↓ 2.3 64.67 ↓ 4.1 46.66 ↓ 2.2 45.75 ↓ 2.0

GPT-4o
✗ 67.33 63.64 83.85 69.48 68.30 65.65 54.71 49.53 80.09 56.84 51.10
✓ 70.56 ↑ 3.2 65.43 ↑ 1.8 87.91 ↑ 4.1 78.95 ↑ 9.5 75.23 ↑ 6.9 61.45 ↓ 4.2 58.48 ↑ 3.8 54.04 ↑ 4.5 80.13 ↑ 0.0 53.94 ↓ 2.9 52.49 ↑ 1.4

Table 2: Performance comparison of different MLLMs with and without CoT.

InternVL-2.5
(8B)

Qwen2-VL
(7B)

InternVL-2.5
(26B)

InternVL-2.5
(38B)

GPT-4o-mini GPT-4o
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Figure 8: The average performance of different models
on seven image-dependent tasks, comparing results with
and without the use of images.

under both settings. The results, shown in Figure 8,475

indicate a significant performance drop across all476

models when visual information is removed. This477

finding demonstrates that the dataset is highly de-478

pendent on visual input, as models require image479

information for practical reasoning.480

5 Error Analysis and Future Work481

In this section, we analyze the errors of GPT-4o482

CoT predictions by randomly sampling 200 incor-483

rect predictions from the most challenging pest and484

disease reasoning tasks. These errors were anno-485

tated and categorized by agricultural experts, and486

the distribution is shown in Figure 9. Analysis re-487

veals that the primary cause of errors is the lack of488

domain-specific knowledge, particularly in disease489

reasoning tasks. Additionally, in pest reasoning490

tasks, the model’s insufficient expertise leads to491

inaccurate pest identification and noticeable per-492

ceptual errors, highlighting the limitations of cur-493

rent models: insufficient training on specialized494

agricultural knowledge. To address these issues,495

Question Misunderstanding
3.00%

Perceptual Error
27.50%

Lack of Knowledge
68.00%

Refuse to Answer
0.50%

Irrelevant Response
1.00%

Figure 9: Overall error distribution for 200 annotated
GPT-4o errors.

future work should focus on enhancing domain 496

knowledge. Overcoming these challenges will im- 497

prove the performance of multi-modal models in 498

agricultural disease and pest reasoning tasks. De- 499

tailed case studies and analyses are provided in the 500

Appendix D.2. 501

6 Conclusion 502

In this study, we introduce Agri-CM3, an innova- 503

tive multi-level benchmark designed to comprehen- 504

sively evaluate the complex reasoning capabilities 505

of MLLMs in agricultural pest and disease man- 506

agement, filling a gap in the field. This multi-level 507

design not only evaluates the model’s ability in indi- 508

vidual sub-reasoning tasks but also tests its perfor- 509

mance in combined reasoning tasks and complete 510

reasoning chains, offering clear direction for future 511

model optimization. Additionally, Agri-CM3 pro- 512

vides valuable insights for designing and evaluating 513

MLLMs. Our study emphasizes the importance of 514

integrating visual and language modalities and vali- 515

dates the crucial role of domain-specific knowledge 516

in vertical tasks. 517
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Limitations518

In this study, we introduced Agri-CM3, a multi-519

level benchmark designed to evaluate the complex520

reasoning abilities of MLLMs in agricultural pest521

and disease management. Although we have con-522

sidered various factors, there are still some limita-523

tions. Firstly, the current benchmark is based on524

the Chinese language, which limits its applicability525

to multilingual tasks. Future work will address this526

by constructing an English benchmark based on En-527

glish sources. Secondly, agricultural experts typi-528

cally specialize in specific areas, which may impact529

the accuracy of annotations for tasks outside their530

area of expertise. This specialization bias could531

lead to annotation inconsistencies, especially for532

tasks involving different crops or pests. To address533

this, future efforts may incorporate multi-domain534

experts or cross-domain knowledge to enhance an-535

notation accuracy and consistency.536
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A Dataset Agri-CM3 Details 830

A.1 Data Collection 831

To ensure high-quality image data, we collected a 832

large number of images from existing agricultural 833

pest and disease datasets and related websites, re- 834

sulting in 21 distinct pest and disease datasets (see 835

Table 3). We filtered the images based on resolution 836

and excluded those with fewer instances. Addition- 837

ally, we applied K-means clustering to eliminate 838

highly similar images, ensuring dataset diversity. In 839

the end, we retained 5,727 high-quality images. To 840

further validate the images, two agricultural experts 841

were hired to review and filter out the following 842

categories of unusable images: 843

i. Images containing crop, disease, pest names, 844

or symptom-related terms. 845
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Dataset Name Dataset Type # Crop # Disease/Pest Link

PlantDoc-Dataset (Singh et al., 2020) Disease 13 28 https://github.com/pratikkayal/PlantDoc-Dataset
Rice disease image classification Disease 1 5 https://www.kaggle.com/nurnob101/rice-disease
Rice Diseases Disease, Pest 1 4 https://www.kaggle.com/renzmarrionperea/ricedisease
ai_challenger_pdr2018 Disease 10 40 https://aistudio.baidu.com/datasetdetail/76075
Agricultural Pest Research Base Disease, Pest 8 40 http://www.icgroupcas.cn/website_bchtk/fuwu.html
CGIAR Computer Vision for Crop Dis-
ease

Disease 1 3 https://www.kaggle.com/datasets/shadabhussain/
cgiar-computer-vision-for-crop-disease

IP102 v1.1 (Wu et al., 2019) Pest 8 102 https://github.com/xpwu95/IP102
Wheat Leaf Dataset (Getachew, 2021) Disease 1 3 https://data.mendeley.com/datasets/wgd66f8n6h/1
Large Wheat Disease Classification
Dataset (Goyal et al., 2021)

Disease 1 4 https://drive.google.com/drive/folders/
1OHKtwD1UrdmhqxrpQEeF_X_pqKotxRGD

Spectral and image dataset of apple leaf
diseases and insect pests in China in
2015 (Gao et al., 2020)

Disease, Pest 1 3 https://www.agridata.cn/data.html#/datadetail?id=
4363

Image dataset of six common orchard
pests including Bactrocera dorsalis
(Zhang et al., 2022)

Pest 0 6 https://www.agridata.cn/data.html#/datadetail?id=
286640

Corn Disease Image Database Disease 1 5 https://www.agridata.cn/data.html#/datadetail?id=
288848

Field images of maize annotated
with disease symptoms (Wiesner-Hanks
et al., 2018)

Disease 1 1 https://osf.io/p67rz/

Database of rice pests and diseases in
the field in South China and Southwest
China from 2018 to 2020

Disease, Pest 1 20 https://www.agridata.cn/data.html#/datadetail?id=
291593

Data on the occurrence of insect pests
in major crop fields in China from 2013
to 2018

Pest 5 53 https://www.agridata.cn/data.html#/datadetail?id=
4437

Data on the occurrence of major crop
field diseases in China from 2013 to
2018

Disease 5 34 https://www.agridata.cn/data.html#/datadetail?id=
4436

Atlas of Alfalfa Diseases, Insect Pests,
and Natural Enemies and Dataset of
Major Alfalfa Diseases in Heilongjiang
Province (2015-2016) (Li, 2023)

Pest 1 203 https://www.scidb.cn/en/detail?dataSetId=DS_
455c0351d04b4a7e912b6d01a66ee5f7

Rice Leaf Diseases (Shah et al., 2017) Disease 1 3 https://archive.ics.uci.edu/dataset/486/rice+leaf+
diseases

Eggplant Disease Recognition Dataset
(Mafi et al., 2023)

Disease, Pest 1 13 https://data.mendeley.com/datasets/r3tb5mzn4d/2

paddy-doctor-diseases-medium (A
et al., 2022)

Disease, Pest 1 13 https://ieee-dataport.org/competitions/
design-classifier-classify-diseases-paddy-based-leaf-color

Baidu Encyclopedia Data Pest 1 5 https://baike.baidu.com/

Table 3: Sources for agricultural pest and disease image data collection.

ii. Images with large watermarks obscuring key846

features of pests and diseases.847

iii. Images unrelated to pests and diseases.848

After filtering, we obtained 3,939 high-quality849

agricultural pest and disease images with crop and850

pest labels. These images formed the foundation851

for generating subsequent question-answer data.852

To ensure the quality of the generated content853

and prevent hallucinations, we gathered domain-854

specific background knowledge related to pests855

and diseases. The sources included professional856

agricultural books, Baidu Baike1, and Wikipedia2,857

totaling 5.2 million words of specialized content.858

This knowledge was structured into a database for859

reference by GPT-4o during data generation, pro-860

viding a solid foundation for generating precise and861

reliable question-answer data.862

1https://baike.baidu.com/
2https://zh.wikipedia.org/

A.2 Data Generation 863

Firstly, we use GPT-4o to generate high-level com- 864

plex reasoning data based on agricultural pest and 865

disease images, crop, pest, and disease captions, 866

along with relevant agricultural background knowl- 867

edge. Based on this high-level data, we progres- 868

sively derive low-level complex reasoning data, 869

with the derivation sequence shown in Table 4 and 870

the prompts provided in Prompt A.1, A.2 A.3, and 871

A.4. To ensure the accuracy of the generated data, 872

we provide an example to guide the model towards 873

generating more accurate results. 874

It is important to note that the pest recognition 875

task only involves the perception stage, and there- 876

fore, the mixture of perception-cognition reasoning 877

stage is not included in the generation of high-level 878

pest data. 879
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Prompt A.1: High-Level Data Generation

【指令】你是一名农学领域的教师，你需要依据作物疾病某个方面的背景知识生成考察知识的推理逻辑图，然后
依据图片和逻辑图再生成多项单选题。通过逻辑图生成问题是为了引导学生从识别图中的作物开始，逐步深入到
判断是该作物的哪种疾病、该疾病的相关特性是什么，从全面考察他们在农学领域的知识运用与逻辑思维能力。
【示例】
{Example}

【信息】
作物：{Crop Name}
疾病：{Disease or Pest Name}
背景知识：{Background Knowledge}

【要求】
1. 逻辑图的前两个节点固定为"作物"，"疾病"，逻辑图至少包含4个节点。
2. 根据图片和逻辑图生成问题和选项，保证问题需要根据图片才能回答。
3. 问题中不应出现作物名称，疾病名称、害虫名称、致病因子的名称、致病因子的类型（如孢子、细菌等）。
4. 每个选项由一个词或者一个短语组成。
5. 答案中给出正确选项的字母。
6. 根据逻辑图和背景知识给出解题逻辑，每个步骤对应逻辑图中的一个节点，每一步中要有推理的结果。
7. 对于每个选择题输出生成选择题用到的背景知识。
8. 输出选项解析，逐个分析选项。
9. 生成3个多项选择题。

Derivation Sequence

Disease-P-M-K
Specified Crop−−−−−−−−−→ Disease-M-K

Specified Disease−−−−−−−−−−−→ Disease-K

Disease-P-M
Specified Crop−−−−−−−−−→ Disease-M

Pest-P-K
Specified Pest−−−−−−−−−→ Pest-K

Disease-P
Disease-P

Table 4: Derivation sequence of high to low level com-
plex reasoning data.

A.3 Expert Validation880

To ensure the quality of the generated data, we in-881

corporated external domain-specific background882

knowledge during the generation process. How-883

ever, due to the inherent hallucination issue of884

MLLMs, errors in the data are unavoidable. There-885

fore, we hired two agricultural experts to annotate886

the data and filter out erroneous entries. To ensure887

annotation consistency, the experts underwent train-888

ing, followed by the annotation of 200 samples for889

preliminary labeling. The annotation consistency890

was calculated, and when it fell below 90%, fur-891

ther training was provided to address discrepancies,892

followed by reannotation of another 200 samples.893

The detailed process is shown in Figure 10. After894

two training rounds, the experts achieved over 90%895

consistency, with the results in Table 5.896

A.4 Data Statistics897

Through rigorous expert review, we obtained 3,939898

high-quality images and 15,901 multiple-choice899

questions. A total of 900 high-resolution data en-900

tries were selected from each category, with 100901

Metrics Round 1 Round 2

# Consistency of Question 92.5 94.0
# Consistency of Options 90.5 93.0
# Consistency of Answer 87.5 92.5
# Consistency of Answer Explanation 87.5 93.0

Table 5: Consistency among experts in different labeling
rounds.

entries per category, to form the Validation set. 902

The remaining 15,001 entries were used as the Test 903

set. The dataset includes 11 crops, 45 diseases, and 904

107 pests. Figure 14 shows data cases for different 905

tasks, and Figure 13 illustrates the label distribution 906

across the global, disease, and pest levels, indicat- 907

ing a balanced distribution across all labels. 908

Further statistical analysis of the dataset is pro- 909

vided in Table 6, demonstrating the high image 910

quality of Agri-CM3. The average resolution is 911

1800 × 1500 pixels, ensuring high clarity and de- 912

tail. Additionally, homogenized images were fil- 913

tered out automatically by the model, ensuring di- 914

versity. All images were also manually annotated 915

and validated by agricultural experts to guarantee 916

data reliability and usability. 917

A.5 Diversity Analysis of Agri-CM3 918

Image Diversity Analysis. Figure 11 illustrates 919

the spatial representations of images encoded using 920

CLIP (Radford et al., 2021). The wide distribution 921

of image representations across the space indicates 922

rich semantic content and intense coverage, sug- 923
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Prompt A.2: High-Level Data Generation (Translation)

[Instruction]You are a teacher in the field of agronomy. Based on the background knowledge of a crop disease in a specific
aspect, you are required to generate a reasoning logic diagram to assess the knowledge. Then, based on the diagram,
generate multiple-choice questions. The purpose of generating questions from the logic diagram is to guide students from
identifying the crop to gradually delving into determining the type of disease affecting the crop, its related characteristics,
and comprehensively assess their knowledge application and logical thinking abilities in the field of agronomy.
【Example】
{Example}

【Information】
Crop: {Crop Name}
Disease: {Disease or Pest Name}
Background Knowledge: {Background Knowledge}

【Requirements】
1. The first two nodes of the logic diagram should be fixed as “Crop” and “Disease,” and the diagram should include at least
four nodes.
2. Generate questions and options based on the image and logic diagram, ensuring that the questions can only be answered by
referring to the diagram.
3. The question should not mention the crop name, disease name, pest name, pathogen name, or the type of pathogen (such as
spores, bacteria, etc.).
4. Each option should be a word or a short phrase.
5. Provide the correct option in the answer key.
6. Based on the logic diagram and background knowledge, provide the reasoning for solving the question, where each step
corresponds to a node in the diagram. Each step should have a reasoning outcome.
7. Provide the background knowledge used to generate the multiple-choice questions.
8. Output option analysis, analyzing each option individually.
9. Generate three multiple-choice questions.

Prompt A.3: Low-Level Data Derivation

【指令】你是一名农学老师，你现在要修改一个农学多项选择题的问题，将原先没有明确作物和疾病名称、结合
图片进行的提问，改为在题目中给出作物名称、结合图片进行提问。
【示例】
{Example}

【信息】
作物：{Crop Name}
需要修改的问题：{Question}

gesting that the dataset has a high diversity and924

comprehensive representation. This diversity en-925

ables a comprehensive evaluation of the model’s926

ability across various agricultural pest and disease927

management tasks.928

Text Diversity Analysis. Further analysis of929

phrase frequencies in questions and options is pre-930

sented in the word clouds in Figure 15. In the931

question word cloud, terms like “害虫 (Pest)”, “病932

害 (Disease)”, “特征 (Characteristic)” and “防治933

(Prevention)” dominate, reflecting the benchmark’s934

focus on agricultural pest and disease management,935

aligning with our objectives. In the option word936

cloud, terms like “水稻 (Rice)”, “小麦 (Wheat)”937

and “稻瘟病 (Rice Blast)” are prominent, validat-938

ing the targeted approach of our dataset in reflect-939

ing key agricultural issues.940

B Evaluation 941

For closed-source models, we directly call the cor- 942

responding APIs. For open-source models, if the 943

model supports vLLM3, we deploy it in the Ope- 944

nAI API format and test it according to the API call 945

procedure. If the model does not support vLLM, 946

we use the official inference method provided by 947

the model developers to perform reasoning. During 948

the evaluation, to ensure the stability of the results, 949

we set the temperature parameter to 0.0 and the 950

maximum output length to 1024. 951

See Prompt B.1, B.3, B.5 for the prompts in the 952

experiment. The English Prompt after translation 953

is B.2, B.4, and B.6. 954

3https://github.com/vllm-project/vllm
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Prompt A.4: Low-Level Data Derivation (Translation)

【Instruction】You are an agronomy teacher. You are now required to modify a multiple-choice question in agronomy by
revising the original question, which previously did not specify the crop and disease names and was based on images, to a
version where the crop name is provided in the question along with the image for reference.
【Example】
{Example}

【Information】
Crop: {Crop Name}
Question to be modified: {Question}

Figure 10: Expert annotation training process. To ensure annotation quality and consistency, formal annotation
begins only when expert agreement exceeds 90%.

Disease Pest

Figure 11: Image spatial representation via CLIP encod-
ing and PCA dimensionality reduction.

B.1 Evaluation Metric955

Our benchmark consists entirely of multiple-choice956

questions. For models that directly respond with an957

option, we evaluate their performance by matching958

the answer string with the correct option. For CoT959

methods, we consider the final answer provided960

after the reasoning process. The evaluation met-961

ric used is accuracy (ACC), calculated using the962

formula:963

ACC =
n

N
. (1)964

Prompt B.1: Zero-Shot Normal

以下是一道农学单项选择题，不需要做任何分析和解
释，直接输出答案。

问题：{question}
选项：{options_str}
答案：

Prompt B.2: Zero-Shot Normal (Translation)

The following is a single-choice question in Agronomy.
No analysis or explanation is required, just output the
answer.

Question: {question}
Options: {options_str}
Answer:

where n denotes the amount of data answered cor- 965

rectly and N denotes the amount of all data. 966

B.2 Evaluation Models 967

In this study, we evaluated 45 MLLMs and 5 LLMs 968

on Agri-CM3. The specific parameters of these 969

models are listed in Table 7. 970

C Supplementary Results 971

In this section, we present the complete experimen- 972

tal results for all models on the benchmark in Table 973

8, including 45 MLLMs and 5 LLMs. Addition- 974

ally, Table 9 provides the full CoT experimental 975
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Metric Validation
Overall

Test
Overall

Diease Pest

P M P-M K M-K P-M-K P K P-K

Avg. Question Length 19.43 19.40 12.61 18.56 22.70 17.63 24.80 22.59 13.37 21.36 21.95
Avg. Option Length 3.66 3.55 2.03 5.11 3.55 5.11 3.54 3.54 3.39 3.28 3.28

# Question / # Images 900 / 200 15001 / 3767 1283 / 1283 1283 / 1283 1283 / 1283 1218 / – 1375 / 1160 1389 / 1160 2656 / 2656 2586 / – 2828 / 2332
Avg. Image Resolution 2081 × 1642 1815 × 1489 2128 × 1783 2128 × 1783 2128 × 1783 – 2171 × 1808 2186 × 1819 1444 × 1140 – 1449 × 1139

Table 6: Detailed statistics on the Agri-CM3 benchmark.

Prompt B.3: Zero-Shot CoT

以下是一道农学单项选择题，请一步一步地思考，并
在最后给出答案。

问题：{question}
选项：{options_str}
答案：

Prompt B.4: Zero-Shot CoT (Translation)

The following is a single-choice question in Agronomy.
Please think step by step and provide the answer at the
end.

Question: {question}
Options: {options_str}
Answer:

results for 11 models of varying scales, covering976

both open-source and proprietary models.977

D Case Study978

D.1 GPT-4o CoT Case Study979

Through analyzing the CoT responses of GPT-4o980

and InternVL-2.5-78B, we observed that GPT-4o981

effectively follows the multi-level reasoning pro-982

cess required by the benchmark, as shown in Fig-983

ure 16. Specifically, GPT-4o diagnoses the disease,984

analyzes key features, and performs knowledge in-985

tegration and application, ultimately selecting the986

correct answer through option analysis. In con-987

trast, InternVL-2.5-78B lacks this structured rea-988

soning process. These findings demonstrate that989

GPT-4o’s structured multi-step reasoning signifi-990

cantly enhances CoT performance. This highlights991

the importance of multi-level structured reason-992

ing in improving model performance and provides993

valuable insights for future model optimization.994

D.2 Error Analysis and Case Study995

We randomly selected 200 erroneous predictions996

from GPT-4o’s CoT responses in the most chal-997

lenging disease and pest reasoning tasks. These998

errors were annotated by two agricultural experts999

and categorized into five types:1000

Prompt B.5: Few-Shot Normal

以下是一道农学单项选择题，不需要做任何分析和解
释，直接输出答案。
以下是一些示例：
{examples}

现在，请根据以下题目输出答案：
问题：{question}
选项：{options_str}
答案：

Prompt B.6: Few-Shot Normal (Translation)

The following is a single-choice question in Agronomy.
No analysis or explanation is required, just output the
answer.
Here are some examples:
{examples}

Now, please output the answer based on the following
question:
Question: {question}
Options: {options_str}
Answer:

• Question Misunderstanding: Errors caused 1001

by incorrect comprehension of the question. 1002

• Perceptual Error: Errors in interpreting vi- 1003

sual information from images. 1004

• Lack of Knowledge: Errors due to incorrect 1005

or insufficient application of domain-specific 1006

knowledge. 1007

• Irrelevant Response: Model responses unre- 1008

lated to the question. 1009

• Refuse to Answer: The model refuses to re- 1010

spond due to privacy or safety concerns. 1011

Through the analysis of error distributions, we 1012

identified the following characteristics: In disease 1013

reasoning tasks, which involve a relatively small 1014

number of crop types (only 11), perceptual tasks 1015

are relatively simple, and most errors are attributed 1016

to a lack of domain knowledge. This indicates that 1017

models require further enhancement in domain- 1018

specific knowledge reasoning to handle disease- 1019

16



Models Size Vision Encoder LLM Parameter Link

LLaVA1.5-7B 7.06B CLIP ViT-L/14 Vicuna-v1.5-7B https://huggingface.co/llava-hf/llava-1.5-7b-hf
LLaVA1.5-13B 13.4B CLIP ViT-L/14 Vicuna-v1.5-13B https://huggingface.co/llava-hf/llava-1.5-13b-hf
LLaVA-1.6-7B 7.57B CLIP ViT-L/14 Mistral-7B https://huggingface.co/llava-hf/llava-v1.6-mistral-7b-hf
LLaVA-1.6-13B 13.4B CLIP ViT-L/14 Vicuna-v1.5-13B https://huggingface.co/llava-hf/llava-v1.6-vicuna-13b-hf
LLaVA-1.6-34B 34.8B CLIP ViT-L/14 Nous-Hermes-2-Yi-34B https://huggingface.co/llava-hf/llava-v1.6-34b-hf

LLaVA-OneVision-7B 8.03B SigLIP-SO400M Qwen2-7B https://huggingface.co/llava-hf/llava-onevision-qwen2-7b-ov-hf
LLaVA-OneVision-72B 73.2B SigLIP-SO400M Qwen2-72B https://huggingface.co/llava-hf/llava-onevision-qwen2-72b-ov-hf
Phi-3.5-vision-instruct 4.15B CLIP ViT-L/14 Phi-3 Mini https://huggingface.co/microsoft/Phi-3.5-vision-instruct

Qwen-VL-Chat 9.6B ViT-bigG Qwen-7B https://huggingface.co/Qwen/Qwen-VL-Chat
Qwen2-VL-7B-Instruct 8.29B ViT-bigG Qwen2-7B https://huggingface.co/Qwen/Qwen2-VL-7B-Instruct
Qwen2-VL-72B-Instruct 73.4B ViT-bigG Qwen2-72B https://huggingface.co/Qwen/Qwen2-VL-72B-Instruct
MiniCPM-Llama3-V2.5 8.54B SigLip-400M Llama3-8B-Instruct https://huggingface.co/openbmb/MiniCPM-Llama3-V-2_5

MiniCPM-V2.6 8.1B SigLip-400M Qwen2-7B https://huggingface.co/openbmb/MiniCPM-V-2_6
MiniCPM-o-2.6 8.67B SigLip-400M et al. Qwen2.5-7B https://huggingface.co/openbmb/MiniCPM-o-2_6

CogVLM2 19.5B EVA-CLIP-E LLaMA3-8B https://huggingface.co/THUDM/cogvlm2-llama3-chat-19B
GLM-4V-9B 13.9B EVA-CLIP-E GLM4-9B https://huggingface.co/THUDM/glm-4v-9b

InternVL2-1B 938M InternViT-300M-448px Qwen2-0.5B-Instruct https://huggingface.co/OpenGVLab/InternVL2-1B
InternVL2-2B 2.21B InternViT-300M-448px internlm2-chat-1.8b https://huggingface.co/OpenGVLab/InternVL2-2B
InternVL2-4B 4.15B InternViT-300M-448px Phi-3-mini-128k-instruct https://huggingface.co/OpenGVLab/InternVL2-4B
InternVL2-8B 8.08B InternViT-300M-448px internlm2.5-7b-chat https://huggingface.co/OpenGVLab/InternVL2-8B
InternVL2-26B 25.5B InternViT-6B-448px-V1-5 internlm2-chat-20b https://huggingface.co/OpenGVLab/InternVL2-26B
InternVL2.5-1B 938M InternViT-300M-448px-V2.5 Qwen2.5-0.5B-Instruct https://huggingface.co/OpenGVLab/InternVL2_5-1B
InternVL2.5-2B 2.21B InternViT-300M-448px-V2.5 internlm2.5-1.8b-chat https://huggingface.co/OpenGVLab/InternVL2_5-2B
InternVL2.5-4B 3.71B InternViT-300M-448px-V2.5 Qwen2.5-3B-Instruct https://huggingface.co/OpenGVLab/InternVL2_5-4B
InternVL2.5-8B 8.08B InternViT-300M-448px-V2.5 internlm2.5-7b-chat https://huggingface.co/OpenGVLab/InternVL2_5-8B
InternVL2.5-26B 25.5B InternViT-6B-448px-V2.5 internlm2.5-20b-chat https://huggingface.co/OpenGVLab/InternVL2_5-26B
InternVL2.5-38B 38.4B InternViT-6B-448px-V2.5 Qwen2.5-32B-Instruct https://huggingface.co/OpenGVLab/InternVL2_5-38B
InternVL2.5-78B 78.4B InternViT-6B-448px-V2.5 Qwen2.5-72B-Instruct https://huggingface.co/OpenGVLab/InternVL2_5-78B

Yi-VL-6B 6.6B CLIP ViT-H/14 Yi-6B-Chat https://huggingface.co/01-ai/Yi-VL-6B
Yi-VL-34B 34B CLIP ViT-H/14 Yi-34B-Chat https://huggingface.co/01-ai/Yi-VL-34B

Deepseek-vl2-tiny 1.0B/3.37B SigLIP-SO400M DeepSeek-MoE https://huggingface.co/deepseek-ai/deepseek-vl2-tiny
Deepseek-vl2-small 2.8B/16.1B SigLIP-SO400M DeepSeek-MoE https://huggingface.co/deepseek-ai/deepseek-vl2-small

Deepseek-vl2 4.05B/27.5B SigLIP-SO400M DeepSeek-MoE https://huggingface.co/deepseek-ai/deepseek-vl2
Molmo-7B 8.02B CLIP ViT-L/14 Qwen2-7B https://huggingface.co/allenai/Molmo-7B-D-0924
Molmo-72B 73.3B CLIP ViT-L/14 Qwen2-72B https://huggingface.co/allenai/Molmo-72B-0924
Cambrian-8B 8.33B SVA Llama3-8B-Instruct https://huggingface.co/nyu-visionx/cambrian-8b
Cambrian-13B 13.4B SVA Vicuna-v1.5-13B https://huggingface.co/nyu-visionx/cambrian-13b
Cambrian-34B 34.8B SVA Hermes2-Yi-34B https://huggingface.co/nyu-visionx/cambrian-34b

GPT-4o – – – –
GPT-4o-mini – – – –

Gemini-1.5-flash – – – –
Gemini-1.5-pro – – – –

Yi-Vision – – – –
Qwen-VL-PLUS – – – –
Qwen-VL-MAX – – – –

GLM4-9B 9.4B – – https://huggingface.co/THUDM/glm-4-9b-chat
Qwen2.5-7B 7.62B – – https://huggingface.co/Qwen/Qwen2.5-7B-Instruct

InternLM-2.5-7B 7.74B – – https://huggingface.co/internlm/internlm2_5-7b-chat
GPT-3.5-Turbo – – – –
GPT-4-Turbo – – – –

Table 7: The model architecture of 45 MLLMs and 5 LLMs evaluated on Agri-CM3.
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Figure 12: Performance of different MLLMs and their
corresponding LLMs on Pest-K (text modality).

related tasks effectively. In contrast, pest reason-1020

ing tasks, with 107 pest types, exhibit significantly1021

higher perceptual complexity, making perceptual1022

errors the primary cause of failures. Analysis re-1023

veals that the perceptual errors in pest reasoning1024

tasks typically arise from the model’s failure to ac-1025

curately identify pests, which stems from a lack of 1026

domain-specific knowledge. 1027

Future efforts should strengthen models’ ability 1028

to combine visual perception with domain-specific 1029

knowledge to improve performance in complex 1030

reasoning tasks. Additionally, expanding datasets 1031

to cover a broader range of pest and disease types 1032

and with improving multi-modal fusion techniques 1033

will be crucial for reducing errors and enhancing 1034

reasoning accuracy. Detailed case analyses for the 1035

five error types are provided in Figures 18, 19, 20, 1036

21, 22, and 23. 1037
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Figure 13: Label distribution across the global, disease, and pest levels.

Disease-P-M-K
Question: 图片中叶片上的黄色孢子堆通常会有怎样的排列特征？
Options: A. 随机  B. 零星   C. 成行  D. 集中
Answer: C

Disease-M-K
Question: 图片中小麦叶片上的黄色孢子堆通常会有哪些排列特征？
Options: A. 随机  B. 零星   C. 成行  D. 集中
Answer: C

Disease-K
Question: 小麦条锈病中的黄色孢子堆通常具有怎样的排列特征？
Options: A. 随机  B. 零星   C. 成行  D. 集中
Answer: C

Image 
Not Given

Disease-P-M
Question: 这片叶子可能感染了哪种疾病？
Options: A.小麦条锈病  B.水稻稻瘟病   C.小麦白粉病  D.玉米黑粉病
Answer: A

Disease-M
Question: 这片小麦叶子可能感染了哪种疾病？
Options: A.小麦条锈病  B.水稻稻瘟病   C.小麦白粉病  D.玉米黑粉病
Answer: A

Disease-P
Question: 图片中出现的是哪种作物？
Options: A. 大豆  B.玉米   C.水稻  D.小麦
Answer: D

Pest-P-K
Question: 哪个时期最可能促使图片中害虫对作物的严重危害？
Options: A.气温较高时  B.干旱季节  C.霜冻期结束时  D.湿润初春
Answer: A

Pest-K
Question: 哪个时期最可能促使麦长管蚜对作物的严重危害？
Options: A.气温较高时  B.干旱季节  C.霜冻期结束时  D.湿润初春
Answer: A

Pest-P
Question: 这张图中的害虫是什么？ 
Options: A.苹果蠹蛾 B.草地贪夜蛾 C.麦长管蚜 D.小菜蛾
Answer: C

Image 
Not Given

Figure 14: Data cases in the Agri-CM3 benchmark. The abbreviation in Agri-CM3 means P: Perception, M: Mixture
of Perception and Cognition, and K: Knowledge Application.

(a) Word Cloud of All Questions (b) Word Cloud of All Options

Figure 15: The word frequency information for both questions and options is separately calculated and presented in
the form of word clouds.
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Model Validation
Total

Test
Total

Disease Pest

P M P-M K M-K P-M-K P K P-K

Random Choice 23.22 25.14 25.44 26.04 25.44 24.15 24.31 26.61 25.04 24.94 24.89
Expert Performance 79.56 – – – – – – – – – –

Multi-Modal Large Language Model(MLLMs): Text + Image as Input

LLaVA-1.6-13B (Liu et al., 2024) 33.33 31.43 35.42 36.77 28.74 42.49 30.61 30.17 24.37 35.24 28.12
Cambrian-8B (Tong et al., 2024) 40.11 37.59 41.42 52.75 47.17 40.07 36.63 33.9 30.05 36.56 34.38
LLaVA-1.5-7B (Liu et al., 2023a) 38.00 35.67 27.73 51.99 51.99 40.70 40.66 40.82 22.65 32.94 32.84
Deepseek-vl2-tiny (Wu et al., 2024) 40.22 36.38 28.57 49.2 41.08 38.82 37.33 36.77 23.83 39.5 39.44
LLaVA-1.5-13B (Liu et al., 2023a) 41.33 38.19 43.87 53.00 52.41 40.52 42.54 42.38 23.40 33.31 36.47
Cambrian-13B (Tong et al., 2024) 41.56 38.78 54.86 52.16 45.05 41.86 36.08 32.74 30.59 38.82 33.8
InternVL-2-1B (Chen et al., 2024c) 44.33 39.11 47.00 50.63 43.28 42.31 37.83 37.40 27.50 39.58 39.41
Deepseek-VL2-small (Wu et al., 2024) 44.56 39.42 48.35 45.98 37.28 47.58 44.86 42.13 19.95 43.48 41.02
InternVL-2.5-1B (Chen et al., 2024b) 44.33 40.71 50.55 48.01 39.39 35.78 38.78 36.70 44.41 35.64 39.85
LLaVA-1.6-7B (Liu et al., 2024) 42.11 40.73 45.82 52.41 46.58 40.34 42.62 42.46 33.06 37.97 39.08
Phi-3.5-Vision (Abdin et al., 2024) 46.11 41.69 39.14 57.99 53.85 44.10 44.66 45.18 30.01 38.50 40.29
Deepseek-VL2 (Wu et al., 2024) 46.33 42.91 36.18 47.93 41.5 48.12 48.47 45.23 37.28 44.17 42.56
InternVL-2-2B (Chen et al., 2024c) 47.11 42.96 45.31 51.23 47.17 42.22 40.27 38.96 44.91 39.74 41.09
Qwen-VL (Bai et al., 2023) 46.11 44.26 66.61 45.98 37.70 44.54 40.58 39.66 47.65 41.67 39.63
MiniCPM-V2.5 (Yao et al., 2024) 44.78 44.75 64.33 47.00 46.49 50.09 42.62 42.07 40.14 45.53 38.20
InternVL-2-4B (Chen et al., 2024c) 50.00 45.04 56.72 55.45 50.04 47.85 46.08 44.87 36.03 42.04 42.89
Yi-VL-6B (AI et al., 2024) 49.56 45.45 35.93 49.54 41.67 49.19 47.96 45.72 50.94 43.04 43.66
Yi-VL-34B (AI et al., 2024) 48.78 45.98 49.79 52.83 38.46 51.25 48.43 44.25 42.68 46.50 44.76
InternVL-2.5-2B (Chen et al., 2024b) 50.56 46.14 55.79 59.34 52.41 46.24 42.54 39.27 48.63 42.04 39.81
CogVLM2 (Hong et al., 2024) 48.11 46.37 76.84 45.65 43.11 39.45 39.53 37.24 58.92 38.21 40.91
Cambrian-34B (Tong et al., 2024) 56.00 49.16 74.13 54.35 45.98 53.13 45.41 38.71 53.99 47.91 39.11
MiniCPM-o-2.6 (Yao et al., 2024) 55.78 51.56 65.51 58.07 51.48 52.42 46.75 45.23 60.52 45.37 44.83
InternVL-2-8B (Chen et al., 2024c) 56.33 51.70 56.21 58.41 53.34 54.03 48.98 48.76 57.75 47.02 46.44
InternVL-2.5-4B (Chen et al., 2024b) 55.33 51.76 64.92 58.24 51.23 55.19 52.04 49.38 54.03 46.30 45.93
MiniCPM-V2.6 (Yao et al., 2024) 54.67 52.24 65.34 58.58 54.35 49.02 46.70 45.96 64.05 44.85 45.42
GLM4V-9B (GLM et al., 2024) 56.00 52.65 86.73 55.62 56.04 50.72 47.84 47.71 57.79 43.32 44.17
LLaVA-1.6-34B (Liu et al., 2024) 57.78 52.71 59.09 59.51 54.35 57.60 51.96 50.47 54.58 48.51 47.76
LLaVA-OneVision-7B (Li et al., 2024) 57.00 53.92 70.33 58.66 53.00 51.25 50.78 50.54 64.87 45.86 46.41
Molmo-7B (Deitke et al., 2024) 55.89 54.76 54.69 66.19 59.93 52.50 49.92 49.77 67.41 47.91 47.54
InternVL-2.5-8B (Chen et al., 2024b) 59.67 55.73 70.58 62.13 57.06 55.37 52.43 50.54 64.16 49.20 48.13
Qwen2-VL-7B (Wang et al., 2024b) 60.00 56.32 85.88 58.92 57.82 54.20 47.88 46.27 70.34 47.43 46.26
InternVL-2-26B (Chen et al., 2024c) 61.33 57.01 81.4 64.67 60.27 56.26 49.06 49.92 66.82 50.2 46.08
InternVL-2.5-26B (Chen et al., 2024b) 64.78 61.97 74.30 71.09 66.61 63.69 57.06 56.07 72.57 54.91 51.50
Molmo-72B (Deitke et al., 2024) 66.33 63.13 63.14 73.96 71.01 66.01 60.75 59.56 68.86 58.37 55.61
LLaVA-OneVision-72B (Li et al., 2024) 69.00 64.37 78.61 72.19 68.98 65.38 60.99 58.79 70.07 57.32 57.66
Qwen2-VL-72B (Wang et al., 2024b) 72.00 64.81 80.98 73.29 72.36 65.74 61.77 59.95 72.07 55.07 56.27
InternVL-2.5-38B (Chen et al., 2024b) 68.11 65.31 74.81 76.67 70.16 65.65 61.30 60.26 75.04 56.84 56.89
InternVL-2.5-78B (Chen et al., 2024b) 69.89 65.49 79.54 76.67 72.78 65.56 60.44 59.33 73.04 58.00 56.38
Qwen-VL-PLUS (Wang et al., 2024b) 51.67 51.54 80.56 47.76 48.27 47.14 45.29 42.69 68.39 40.23 45.42
Yi-Vision (AI et al., 2024) 61.56 56.59 60.27 58.66 55.45 60.82 53.61 51.01 70.31 51.85 48.35
Qwen-VL-MAX (Wang et al., 2024b) 59.44 57.97 76.84 60.19 60.19 62.25 52.04 48.83 66.12 53.46 49.67
GPT-4o-mini (Hurst et al., 2024) 63.00 58.21 79.88 69.99 67.12 53.49 52.28 48.37 68.78 48.87 47.80
Gemini-1.5-flash (Team et al., 2024) 64.67 61.73 87.57 68.55 69.74 57.33 52.51 52.72 80.40 49.92 47.73
GPT-4o (Hurst et al., 2024) 67.33 63.64 83.85 69.48 68.30 65.65 54.71 49.53 80.09 56.84 51.10
Gemini-1.5-pro (Team et al., 2024) 67.78 64.73 89.18 69.82 70.33 62.43 57.30 54.20 78.72 57.36 52.49

Large Language Models (LLMs): Only Text as Input

GLM4-9B (GLM et al., 2024) 41.89 35.37 34.66 38.55 27.98 45.26 40.03 38.72 21.56 41.67 36.91
Qwen2.5-7B (Hui et al., 2024) 40.67 35.37 36.43 44.04 19.78 48.21 40.89 37.48 20.74 42.04 36.69
InternLM2.5-7B (Cai et al., 2024) 40.44 36.55 44.55 39.73 32.12 46.33 39.72 38.34 22.38 42.12 35.48
GPT-3.5-Turbo (OpenAI, 2023) 39.11 37.01 32.04 44.72 32.29 45.80 43.33 39.04 23.28 41.55 39.11
GPT-4-Turbo (Achiam et al., 2023) 47.11 41.84 33.39 43.20 35.08 57.07 52.83 46.27 23.08 50.36 44.21

Table 8: The zero-shot result of 45 MLLMs and 5 LLMs in Agri-CM3. The best results are highlighted in bold,
while the second-best is underlined. The abbreviation in Agri-CM3 means P: Perception, M: Mixture of Perception
and Cognition Reasoning, and K: Knowledge Application. Test total represents the average of all test instances.
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Model CoT Validation
Total

Test
Total

Disease Pest

P M P-M K M-K P-M-K P K P-K

InternVL-2.5-1B
✗ 44.33 40.71 50.55 48.01 39.39 35.78 38.78 36.70 44.41 35.64 39.85
✓ 39.33 ↓ 5.0 35.01 ↓ 5.7 39.05 ↓ 11.5 41.50 ↓ 6.5 31.87 ↓ 7.5 34.97 ↓ 0.8 35.01 ↓ 3.8 32.89 ↓ 3.8 36.62 ↓ 7.8 31.54 ↓ 4.1 34.49 ↓ 5.4

InternVL-2.5-2B
✗ 50.56 46.14 55.79 59.34 52.41 46.24 42.54 39.27 48.63 42.04 39.81
✓ 46.00 ↓ 4.6 41.14 ↓ 5.0 40.41 ↓ 15.4 53.09 ↓ 6.2 44.46 ↓ 7.9 40.07 ↓ 6.2 40.58 ↓ 2.0 35.85 ↓ 3.4 44.48 ↓ 4.2 37.69 ↓ 4.4 38.05 ↓ 1.8

InternVL-2.5-4B
✗ 55.33 51.76 64.92 58.24 51.23 55.19 52.04 49.38 54.03 46.30 45.93
✓ 52.78 ↓ 2.5 48.76 ↓ 3.0 57.31 ↓ 7.6 53.34 ↓ 4.9 44.38 ↓ 6.8 53.67 ↓ 1.5 49.84 ↓ 2.2 45.26 ↓ 4.1 49.73 ↓ 4.3 46.54 ↑ 0.2 45.20 ↓ 0.7

InternVL-2.5-8B
✗ 59.67 55.73 70.58 62.13 57.06 55.37 52.43 50.54 64.16 49.20 48.13
✓ 58.22 ↓ 1.5 55.30 ↓ 0.4 69.32 ↓ 1.3 61.62 ↓ 0.5 59.59 ↑ 2.5 50.89 ↓ 4.5 52.83 ↑ 0.4 51.09 ↑ 0.6 64.71 ↑ 0.5 46.78 ↓ 2.4 48.53 ↑ 0.4

InternVL-2.5-26B
✗ 64.78 61.97 74.30 71.09 66.61 63.69 57.06 56.07 72.57 54.91 51.50
✓ 62.78 ↓ 2.0 61.97 ↓ 0.0 74.30 ↓ 0.0 73.37 ↑ 2.3 68.30 ↑ 1.7 56.89 ↓ 6.8 55.10 ↓ 2.0 52.41 ↓ 3.7 71.67 ↓ 0.9 50.52 ↓ 4.4 49.85 ↓ 1.6

InternVL-2.5-38B
✗ 68.11 65.31 74.81 76.67 70.16 65.65 61.30 60.26 75.04 56.84 56.89
✓ 64.56 ↓ 3.5 59.89 ↓ 5.4 73.29 ↓ 1.5 72.02 ↓ 4.7 64.07 ↓ 6.1 58.05 ↓ 7.6 55.97 ↓ 5.3 53.34 ↓ 6.9 70.15 ↓ 4.9 52.86 ↓ 4 49.45 ↓ 7.4

InternVL-2.5-78B
✗ 69.89 65.49 79.54 76.67 72.78 65.56 60.44 59.33 73.04 58.00 56.38
✓ 67.56 ↓ 2.3 61.71 ↓ 3.8 79.37 ↓ 0.2 74.22 ↓ 2.5 69.23 ↓ 3.5 61.81 ↓ 3.8 55.42 ↓ 5.0 55.52 ↓ 3.8 69.87 ↓ 3.2 53.86 ↓ 4.1 50.70 ↓ 5.7

Qwen2-VL-7B
✗ 60.00 56.32 85.88 58.92 57.82 54.20 47.88 46.27 70.34 47.43 46.26
✓ 60.00 ↓ 0.0 55.87 ↓ 0.5 79.71 ↓ 6.2 62.55 ↑ 3.6 61.12 ↑ 3.3 51.61 ↓ 2.6 48.04 ↑ 0.2 47.59 ↑ 1.3 69.41 ↓ 0.9 45.90 ↓ 1.5 46.08 ↓ 0.2

Qwen2-VL-72B
✗ 72.00 64.81 80.98 73.29 72.36 65.74 61.77 59.95 72.07 55.07 56.27
✓ 67.44 ↓ 4.6 62.19 ↓ 2.6 79.46 ↓ 1.5 71.17 ↓ 2.1 66.53 ↓ 5.8 65.21 ↓ 0.5 55.57 ↓ 6.2 55.44 ↓ 4.5 70.42 ↓ 1.6 54.83 ↓ 0.2 52.97 ↓ 3.3

GPT-4o-mini
✗ 63.00 58.21 79.88 69.99 67.12 53.49 52.28 48.37 68.78 48.87 47.80
✓ 61.78 ↓ 1.2 56.14 ↓ 2.1 82.25 ↑ 2.4 68.30 ↓ 1.7 66.78 ↓ 0.3 52.06 ↓ 1.4 48.12 ↓ 4.2 46.03 ↓ 2.3 64.67 ↓ 4.1 46.66 ↓ 2.2 45.75 ↓ 2.0

GPT-4o
✗ 67.33 63.64 83.85 69.48 68.30 65.65 54.71 49.53 80.09 56.84 51.10
✓ 70.56 ↑ 3.2 65.43 ↑ 1.8 87.91 ↑ 4.1 78.95 ↑ 9.5 75.23 ↑ 6.9 61.45 ↓ 4.2 58.48 ↑ 3.8 54.04 ↑ 4.5 80.13 ↑ 0.0 53.94 ↓ 2.9 52.49 ↑ 1.4

Table 9: All experimental results for performance comparison of different mlms with and without CoT.

GPT-4o CoT Response: 
从图片中可以看出，该作物的病害为一种锈病。锈病通常由真菌引起，而这些病原体在萌发和传播时需要一定
的湿度。
分析过程：
1. 锈病的特点：锈病是由真菌引起的，病菌孢子在萌发和侵入宿主植物时，需要高湿度的环境。
2. 真菌孢子萌发的湿度需求：一般来说，锈病病菌孢子的萌发通常需要空气相对湿度达到 95%-100% 的水平。
因此，这样的病害通常在潮湿、雨雾多的环境下容易爆发。
3. 选项分析：

• A. 40%：湿度较低，不可能支持真菌孢子的萌发。
• B. 55%：仍然偏低，也不适合锈病病菌的萌发。
• C. 75%：虽然湿度较高，但对于锈病来说通常不足以确保孢子萌发。
• D. 100%：这是典型的适合锈病病菌萌发的湿度范围。

答案：D. 100%

Question: 图片中的作物病害萌发所需的湿度是多少？ 

Options: A: 40%   B: 55%    C: 75%   D: 100%
Answer: D

Background Knowledge: 小麦秆锈病菌对湿度要求较高，需要水滴或100%湿度才能萌发。

InternVL-2.5-78B CoT Response: 
要确定图片中的作物病害萌发所需的湿度，我们需要分析图片中的植物病害特征。图片中可以看到植物叶片上
有明显的锈斑，这通常是锈病的症状。锈病是由真菌引起的，常见于高湿度环境中。
锈病的病原菌通常在相对湿度较高时萌发和传播。根据植物病理学的知识，锈病的病原菌在相对湿度达到75%
以上时，会更有利于其孢子的萌发和侵染。
因此，结合图片中的病害特征和锈病的湿度需求，答案是：C. 75%

Disease-P-M-K: Wheat Stem Rust

Figure 16: Comparison of CoT responses between GPT-4o and InternVL-2.5-78B. GPT-4o demonstrates superior
performance due to its reasoning logic, which better aligns with the benchmark’s evaluation criteria. Red bold
highlights the wrong content.
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Figure 17: Error distribution on different complex reasoning tasks.

Error Analysis:
模型缺乏专业知识答错题目，如果准确诊断为苹果黑星病，便可以根据专业知识确定苹果黑星病病原菌最适生
长温度为20℃。

Disease: 苹果黑星病

Question: 这种疾病在什么温度下生长最为理想？

Options: A: 30℃ B: 10℃ C: 20℃ D: 25℃

Answer: C

GPT-4o Response:
从图片看，这种疾病显然是由真菌病害引起的，看起来很像霉菌或白粉病。真菌病害通常在温暖潮湿的环境中
生长最为理想。真菌普遍在20℃到25℃的温度下生长得很好。30℃可能会太高，抑制一些真菌的生长，10℃则
可能太低而不利于活跃生长。因此，答案可能是在20℃或25℃。在选择20℃或25℃之间时，考虑到许多霉菌类
真菌在较温暖的环境中活跃，因此25℃可能更为合理。
答案：D. 25℃

Disease-P-M-K: Lack of Knowledge

Figure 18: A lack of knowledge example in Disease-P-M-K. Red bold highlights the wrong content.
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Error Analysis:
模型缺乏专业知识答错题目，根据相关的农学专业知识可知叶蝉科的成虫具有强趋光性，因此相对于阴影处，
该害虫更喜欢在较亮的区域活动。

Pest: 叶蝉科

Question: 图片中展示的害虫通常活跃在哪种环境区域？

Options: A: 亮色区域 B: 阴影处 C: 水面 D: 干燥处

Answer: A

GPT-4o Response:
这是一只叶蝉科的害虫，通常以吸食植物汁液为生，并且其颜色鲜艳显眼，如红色和蓝色，这表明它可能有捕
食者防御的特性。以下是对问题的逐步分析：

第一步：害虫特征分析
叶蝉类害虫通常生活在植物表面，尤其是叶片表面，这与图片展示的虫子形态和它站在叶片上的姿态是吻合的。

第二步：与环境的关系
叶蝉类害虫一般会选择适宜其生存和繁殖的环境区域，具体特点如下：
- 亮色区域 (A)：叶蝉可能会暴露于阳光下，但这并不是其最偏好的环境，因为阳光直射可能会导致过热。
- 阴影处 (B)：叶蝉多数活跃在植物叶片的背面或阴影较多的地方，以躲避阳光直射以及捕食者。
- 水面 (C)：叶蝉并不生活在水面，它们与植物密切相关。
- 干燥处 (D)：干燥的环境并不是叶蝉的主要活动场所，因为它们需要植物汁液以维持生存。

Pest-P-K: Lack of Knowledge

Figure 19: A lack of knowledge example in Pest-P-K. Red bold highlights the wrong content.

Error Analysis:
模型感知图片中病害类型发生错误，由图片中茄子叶片发生皱缩卷曲、黄化可以感知、推断可能感染为茄子病
毒病，但是模型错误感知为白粉病，导致后续判断错误。

Disease: 茄子病毒病

Question: 这种病害在什么环境条件下更容易发生？

Options: A: 阴凉湿润 B: 短日照 C: 低温多湿 D: 高温干旱

Answer: D

GPT-4o Response:
根据图片中植物叶片上的白色粉状物质，这种病害很可能是白粉病。白粉病是由子囊菌目真菌引起的一种常见
作物病害，通常表现为叶片上出现白色粉状霉层。
白粉病通常在以下环境条件下更容易发生：
- 高湿度：高湿度有利于真菌孢子的萌发和繁殖。
- 温度适中：白粉病在温暖的天气中更为常见。
根据这些信息，以及选项来看：
- A. 阴凉湿润：不完全符合，因为虽然湿润有利于病害发生，但阴凉的环境不太符合白粉病的高发条件。
- B. 短日照：与白粉病的发生没有直接关系。
- C. 低温多湿：低温环境通常不利于白粉病的发展。
- D. 高温干旱：干旱不利于白粉病，但略高的温度可能会促进白粉病在温暖湿润环境中的发展。
虽然题目提供的选项可能不完全匹配白粉病的典型环境条件，但在这些选项中，“阴凉湿润”相对于其他选项
来说可能更能引发白粉病的发生，尽管它并不是最完美的描述。因此，选择：
A. 阴凉湿润

Disease-P-M-K: Perceptual Error

Figure 20: An example of perceptual error in Disease-P-M-K. Red bold highlights the wrong content.
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Error Analysis:
模型感知错误，没有正确判断出图中害虫的种类是豆芫菁，因此未能正确推断害虫的越冬场所（土中越冬）。

Pest: 豆芫菁

Question: 图片中的昆虫若以幼虫形式度过冬天，会在哪里越冬呢？

Options: A: 土表越冬 B: 土中越冬 C: 植物越冬 D: 水越冬

Answer: B

GPT-4o Response:
这是一只黑肩绿天牛（Atanycolus cappaerti），通常称为“红头黑肩天牛”，成虫通体黝黑，头部呈明显红色。

在思考这道题目时，重点在于确定这种昆虫的幼虫习性。天牛科（Cerambycidae）的昆虫幼虫主要以木材或植
物组织为食，这通常意味着它们会在木质植物中度过一部分或全部幼虫阶段。因此，这类昆虫的幼虫经常会在
植物组织中（如枯死或衰弱的树干、树枝中）越冬。

所以，考虑到黑肩绿天牛属昆虫的一般生活习性，幼虫最有可能是在植物组织中度过冬天。

因此，图片中的昆虫若以幼虫形式度过冬天，会在哪里越冬呢？选择C. 植物越冬。

Pest-P-K: Perceptual Error

Figure 21: An example of perceptual error in Pest-P-K. Red bold highlights the wrong content.

Error Analysis:
题目中的“栽培防病策略”是指农业防治措施，而模型给出的答案是“喷施杀菌剂”。尽管喷施杀菌剂也能有
效防治病害，但它属于化学防治措施，与题目要求不符，反映出模型对问题的理解存在偏差。

Disease: 小麦叶锈病

Question: 为减缓图片中病害的扩展，采用哪种栽培防病策略最为合适？

Options: A: 喷施杀菌剂 B: 及时排水 C: 增施氮肥 D: 深耕灭茬

Answer: B

GPT-4o Response:
这张图片中显示的病害是小麦锈病，其特征是叶片上出现黄色至橙色的小斑点。这种病害是由真菌引起的，主
要通过空气传播，在较潮湿的条件下容易扩散。
为了减缓这种病害的扩展，我们需要采取一种有效的栽培策略。让我们依次分析各个选项：
A. 喷施杀菌剂：这是应对真菌性病害的常见方法，通过直接杀灭病原体，可以有效控制病害的扩散。
B. 及时排水：虽然过多的潮湿可能促进锈病的发展，但仅仅排水通常不足以有效控制病害。
C. 增施氮肥：过分施用氮肥可能导致植株过于茂盛，透风性变差，反而可能加重病害。
D. 深耕灭茬：这是一种清除土壤表面作物残留的方法，可以减少病原菌的越冬体积，但对于已经发病的植株来
说，短期内效果有限。
综上所述，对于已经出现的小麦锈病，喷施杀菌剂是最直接和有效的防治措施。因此，正确答案是：
A. 喷施杀菌剂

Disease-P-M-K: Question Misunderstanding

Figure 22: A question misunderstanding example in Disease-P-M-K. Red bold highlights the wrong content.
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Error Analysis:
模型的回复的问题与题目中描述的问题不一致：问题中提问的是蚜虫的“腹管”结构是什么时候出现的，而模
型回复的是蚜虫出现的时期。

Pest: 蚜虫

Question: 图中所示害虫特征——腹管——首次出现在什么地质年代？

Options: A:侏罗纪 B: 二叠纪 C:三叠纪 D: 白垩纪

Answer: D

GPT-4o Response:
这道题目要求我们确定图中所示的“腹管”这一害虫特征首次出现的地质年代。
- 图中展示的是蚜虫（Aphid），这些昆虫广为人知的特征之一就是腹部有突出的腹管。
- 根据化石记录，蚜虫的祖先被认为出现在二叠纪（Permian）时代后期，并在三叠纪（Triassic）时期得以发展。
- 尤其是蚜虫在三叠纪已经出现，它们的化石已在这段时期的地层中被发现。
因此，考虑到问题中问的是“首次出现在什么地质年代”，答案是C. 三叠纪。

Pest-P-K: Question Misunderstanding

Figure 23: A question misunderstanding example in Pest-P-K. Red bold highlights the wrong content.
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