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Abstract001

Vision evaluations are typically done through002
multi-step processes. In most contemporary003
fields, experts analyze images using structured,004
evidence-based adaptive questioning. In plant005
pathology, botanists inspect leaf images, iden-006
tify visual cues, infer diagnostic intent, and007
probe further with targeted questions that adapt008
to species, symptoms, and severity. This struc-009
tured probing is crucial for accurate disease010
diagnosis and treatment formulation. Yet cur-011
rent vision-language models are evaluated on012
single-turn question answering. To address this013
gap, we introduce PlantInquiryVQA, a bench-014
mark for studying multi-step, intent-driven vi-015
sual reasoning in botanical diagnosis. We for-016
malize a Chain of Inquiry framework model-017
ing diagnostic trajectories as ordered question-018
answer sequences conditioned on grounded vi-019
sual cues and explicit epistemic intent. We020
release a dataset of 24,964 expert-curated plant021
images and 138,078 question-answer pairs an-022
notated with visual grounding, severity labels,023
and domain-specific reasoning templates. Eval-024
uations on top-tier Multimodal Large Language025
Models reveal that while they describe visual026
symptoms adequately, they struggle with safe027
clinical reasoning and accurate diagnosis. Im-028
portantly, structured question-guided inquiry029
significantly improves diagnostic correctness,030
reduces hallucination, and increases reasoning031
efficiency. We hope PlantInquiryVQA serves032
as a foundational benchmark in advancing re-033
search to train diagnostic agents to reason like034
expert botanists rather than static classifiers.035

1 Introduction036

Visual Question Answering (VQA) (Antol et al.,037

2015) datasets have become a central paradigm038

for evaluating multimodal reasoning, with applica-039

tions spanning medical imaging, scientific image040

analysis, and embodied agents (Das et al., 2017;041

Abacha et al., 2019; Liu et al., 2024). Recent VQA042

benchmarks Wei et al. (2022) have largely con-043

Figure 1: Unlike static QA datasets that ask generic
questions regardless of disease status, our framework
aligns the epistemic intent of the inquiry with visual
severity. The diagram illustrates how the questioning
focus evolves with disease progression in Sunflower
(Alternaria Leaf Spot). The cognitive task transitions
from Ambiguity Resolution (Diagnosis) in early stages
to Future Forecasting (Prognosis) and Action Planning
(Management) in advanced stages, ensuring questions
are contextually relevant to the visual evidence.

tributed in improving Vision Language Models’ 044

capability of understanding complex multiobject- 045

multifocus scenarios. In VQA, images are ana- 046

lyzed in the context of a given question, requir- 047

ing strong understanding of both visual cues and 048

natural language processing (Antol et al., 2015; 049

Andreas et al., 2016; Abacha et al., 2019). Ad- 050

vanced VQA datasets now focus on multipanel, 051

multichoice and strong visual-language grounded 052

question-answer (QA) pairs (Fan et al., 2024; Liu 053

et al., 2024). These large datasets enable Mul- 054

timodal Large Language Models (MLLMs) to 055

have more nuanced understanding and generation 056

of content that blends both visual and linguistic ele- 057

ments. Despite these advances, most existing VQA 058
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benchmarks and plant-focused vision datasets re-059

main fundamentally question-centric: they treat060

each image as an independent input to a single061

query or a static set of QA pairs, rather than as062

the starting point of a goal-directed, adaptive in-063

quiry. In agricultural vision specifically, widely064

used datasets primarily target classification and065

segmentation tasks, such as plant disease recog-066

nition and leaf-level diagnosis, and do not capture067

the hierarchical, evidence-conditioned questioning068

strategies employed by domain experts (Singh et al.,069

2020; Mohanty et al., 2016).070

However, in many real-world applications, effec-071

tive visual reasoning does not arise from answer-072

ing isolated questions. Instead, it emerges from073

a deliberate sequence of interdependent inquiries,074

where each question is conditioned on prior obser-075

vations, and follows a sequential narrative trajec-076

tory (Pearl and Mackenzie, 2018; Andreas et al.,077

2016). The sequence and intent of the questions078

are as critical as the answers themselves. This is079

particularly evident in the field of botanical sci-080

ence where each plant sample is given unique con-081

sideration based on its visual appearance. Expert082

botanists conduct the holistic evaluation of a leaf083

sample, from species identification, to disease diag-084

nosis and prognosis-prediction through a process of085

structured hierarchical and evidence-driven ques-086

tioning strategy (Agrios, 2005; Schumann et al.,087

1991). This process, which we refer to as a Chain-088

of-Inquiry (CoI), is grounded in visual cues identi-089

fied from the sample image and varies substantially090

depending on the plant’s health condition. For ex-091

ample, when disease symptoms are ambiguous, ex-092

perts prioritize differential diagnosis, comparative093

visual analysis, and disease progression prediction094

(Strange, 2003). Conversely, for samples exhibiting095

severe damage and clearly manifested symptoms,096

the expert CoI shifts toward disease management,097

prevention strategies, and earlier intervention sce-098

narios. As a result, each plant sample is treated as099

a distinct case, warranting its own adaptive ques-100

tioning strategy.101

Though Large Language Models have made102

significant progress in implementing Chain-of-103

Thought (CoT) reasoning for high level planning104

and task completion, similar multistep exploration105

remains underexplored in designing VQA datasets106

(Wei et al., 2022; Kojima et al., 2022). This gap107

raises a fundamental question: how well can simi-108

lar structured probing be translated through visual109

Question Answer pairs. In this paper we introduce110

PlantInquiryVQA a multi-step hierarchical ques- 111

tion answering benchmark with 24,964 curated and 112

expert validated plant images and 138k correspond- 113

ing question answer pairs related to the botanical 114

field. We design 7 distinct question categories capa- 115

ble of extracting all relevant information regarding 116

a plant sample’s holistic evaluation. We then clas- 117

sify 12 unique visual-cue dependent and narrative 118

driven adaptive CoI. Our implementation strategy 119

allows for each plant sample to have its unique 120

questioning trajectory specific to its visual cues 121

with sequence of interconnected questions and an- 122

swers. These serve as the precondition for in-depth 123

multistage reasoning and contextual semantic anal- 124

ysis. Finally, we benchmark popular open-sourced 125

and proprietary MLLMs on the PlantInquiryVQA 126

benchmark and conduct thorough error analysis 127

with the help of expert verification. 128

Our contribution includes: 129

1. The PlantInquiryVQA Benchmark: We re- 130

lease a large-scale dataset of 25k manually 131

curated images across diverse crop species, 132

annotated with expert-verified visual cue de- 133

scriptions and domain-specific knowledge 134

bases. 135

2. The Chain-of-Inquiry (CoI) Framework: 136

We formalise a novel reasoning taxonomy for 137

PlantInquiryVQA, classifying 12 unique rea- 138

soning templates into 7 distinct cognitive cat- 139

egories (including Etiological Reasoning, Dif- 140

ferential Diagnosis, and Counterfactual Anal- 141

ysis). 142

3. Diagnostic Reasoning Evaluation: We con- 143

duct a comprehensive evaluation of both 144

closed- and open-source MLLMs. Our results 145

show that question-guided protocols signifi- 146

cantly reduce hallucination and improve diag- 147

nostic correctness, while sequential chains of 148

inquiry enhance explainability efficiency. 149

2 Related Works 150

Visual Question Answering (VQA). Antol et al. 151

(2015) combines image understanding with natural 152

language processing to answer queries about visual 153

content. Unlike standard classification, VQA fa- 154

cilitates interactive question–answering, allowing 155

models to capture and articulate complex relation- 156

ships within an image. As such, the application 157

of VQA now spans multiple domains. These in- 158

clude: educational tools, customer service systems, 159
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Figure 2: Overall Methodology Pipeline for PlantInquiryVQA CoI Dataset Generation. The process is divided into
three phases: (1) Extracting grounded visual cues using VLM guided by expert schemas; (2) Structuring botanical
knowledge to map disease severity to diagnostic intent; and (3) A dynamic LLM generation pipeline that injects
specific reasoning modules based on the determined intent and visual evidence.

and autonomous driving etc. In particular, VQA160

shows exceptional potential in the field of patho-161

logical diagnosis and health inquiry (Zhang et al.,162

2023a). Current medical VQA benchmarks include163

PMC-VQA Zhang et al. (2023a), SLAKE Liu et al.164

(2021), Path-VQA He et al. (2020), and VQA-RAD165

Lau et al. (2018). However, these datasets are fo-166

cused on medical diagnostics. In agriculture, exist-167

ing popular datasets like PlantVillage (Hughes and168

Salathé, 2015), PlantDoc Singh et al. (2020), and169

PlantSeg Wolny et al. (2020) focus on classification170

or segmentation tasks. While they support disease171

detection, they do not enable interactive reasoning172

through question–answer formats.173

Chain-of-Thought in Multimodal Models. Par-174

allel to these advances, benchmark datasets have175

also evolved to test deeper cognitive capabilities176

through Chain-of-Thought (CoT). Originally pro-177

posed for text-based Large Language Models by178

Wei et al. (2022), CoT marked a paradigm shift by179

prompting models to decompose complex prob-180

lems into intermediate logical steps rather than181

mapping inputs directly to outputs. This method-182

ology has recently been adapted for Multimodal183

Large Language Models (MLLMs), where the rea-184

soning chain must ground linguistic tokens in vi-185

sual features to reduce hallucination (Zhang et al.,186

2023b). Recent frameworks like Multimodal-CoT187

Zhang et al. (2023b); Liu et al. (2024) demonstrate188

that incorporating explicit reasoning paths signif-189

icantly improves performance on complex vision- 190

language tasks. However, in the majority of these 191

works, CoT is treated primarily as a prompting 192

strategy or a latent capability of the model architec- 193

ture, rather than an explicit structural requirement 194

inherent to the dataset itself. 195

Structured and Hierarchical VQA. Conse- 196

quently, there have been efforts to translate this 197

step-by-step reasoning into VQA dataset design. 198

Recent benchmarks have attempted to introduce 199

structure into visual questioning; for instance, 200

BloomVQA Gong et al. (2024) organizes ques- 201

tions based on Bloom’s taxonomy of cognitive 202

complexity, while MedCoT Liu et al. (2024) uti- 203

lizes hierarchical expert agents to simulate medical 204

reasoning flows. Similarly, conversational bench- 205

marks like Das et al. (2017)) introduced the con- 206

cept of multi-turn visual dialogue. However, most 207

existing hierarchical datasets rely on static ques- 208

tion taxonomies or crowd-sourced dialogues that 209

lack the goal-oriented precision of a domain ex- 210

pert (Gong et al., 2024). They generally fail to 211

capture the causal dependency of professional di- 212

agnosis, where the formulation of the next question 213

is strictly conditional on the visual evidence veri- 214

fied in the previous step. PlantInquiryVQA fills 215

this gap by making the CoI, an explicit dataset- 216

level artifact: the dataset’s question sequences are 217

constructed to mirror the adaptive, decision-driven 218

workflows of domain experts. 219
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3 Methodology220

3.1 Formalization of Chain-of-Inquiry221

We define the CoI as a visual-semantic trajectory222

conditioned on diagnostic intent. Let X denote the223

set of plant images and V be the space of explicit224

visual cues (e.g., chlorosis patterns, lesion mar-225

gins). For a given image x ∈ X , we extract a set of226

grounded visual descriptors vx ∈ V .227

CoI C is defined as an ordered sequence of T228

dialogue turns:229

C(x, vx) =
〈
(q1, a1), (q2, a2), . . . , (qT , aT )

〉
(1)230

where each question qt is conditioned on the vi-231

sual evidence vx, the previous context Ht−1 =232

{(qi, ai)}t−1
i=1, and a latent diagnostic intent k ∈ K.233

Here, the intent space K is stratified into three pri-234

mary epistemic goals derived from expert botany:235

1. Diagnosis (kD): Identifying health status and236

discriminating between similar pathologies (Differ-237

ential Diagnosis).238

2. Prognosis (kP ): Predicting disease trajectory,239

temporal evolution, and causal etiology.240

3. Management (kM ): Prescribing remediation241

strategies and formulating counterfactual preventa-242

tive reasoning.243

Thus, the generation of a specific CoI is mod-244

eled as sampling from a conditional distribution245

P (C | x, vx, k), ensuring that the dialogue trajec-246

tory aligns with the clinical necessity of the plant247

sample.248

3.2 Visual Cue Extraction and CoI249

Classification250

In extracting relevant visual cues from a sample im-251

age, we strictly adhere to the Symptomatological252

Diagnostic Protocol, as defined in Agrios (2005).253

We recruited two PhD-level and four graduate-level254

botanists specializing in plant pathology as Subject255

Matter Expert (SMEs to define a "Visual Parsing256

Schema". Following the diagnostic criteria out-257

lined by Agrios (2005); Streets (1972), the experts258

established a structured feature extraction template259

comprising three critical diagnostic dimensions:260

Symptomatology, Distribution Patterns, Disease261

Severity Quantification. A comprehensive descrip-262

tion of these criteria are provided in the appendix263

A.5. In the pilot phase, each SME applied this264

schema to a randomized batch of 50 images. To265

ensure inter-annotator consistency, batches were266

cross-verified among the group, synthesizing a uni-267

fied, expert-validated template.268

Automated Extraction & Validation. Leverag- 269

ing this expert-derived schema, we prompted three 270

open-source Vision-Language Models (VLMs) to 271

generate dense, fine-grained visual cue descriptions 272

for a batch of 500 images. As shown by the com- 273

parative benchmarking in Table 1, Qwen3-VL-4B 274

outperformed all other models. Consequently, we 275

used Qwen3-VL-4B to extract visual cues for the 276

entire corpus of 24,964 images. Given the scale 277

of the dataset, exhaustive expert annotation was 278

infeasible. We therefore employed a hybrid val- 279

idation strategy: (1) Qwen3-VL extracted visual 280

cues using expert-designed schemas; (2) GPT-4V 281

Achiam et al. (2023) acted as an external evaluator 282

to cross-verify the extracted cues, flagging outputs 283

with high semantic divergence from Qwen3-VL; 284

(3) finally, domain experts conducted a rigorous 285

Clinical Factuality check on all flagged instances 286

plus 5000 randomly sampled images. Experts anno- 287

tated errors in two categories: Object Hallucination 288

(mentioning symptoms, e.g., "halo", not present in 289

the image) and Attribute Mismatch (incorrectly de- 290

scribing color or texture). The model achieved a 291

Factuality Score of 93.8%, defined as the propor- 292

tion of generations free from critical clinical errors. 293

Appendix A.5.3 includes the comaprative analysis 294

of model–extracted visual cues together with the 295

expert-annotated, knowledge-based cues . 296

We rely on human specialists to collect high- 297

quality groundtruth QA chains for plant pathology 298

diagnosis. We ask our botanists to compile rele- 299

vant and semantically rich question samples from 300

established botanical sources (Agrios, 2005; Schu- 301

mann et al., 1991; Strange, 2003; Streets, 1972). 302

While classical literature outlines the biological 303

phases of diagnosis (e.g., Symptomatology, Etiol- 304

ogy, Epidemiology), there is no standard taxonomy 305

for interrogating them in a visual dialogue. To 306

bridge this gap, our SMEs classify the standard 307

diagnostic inquiries in 7 general categories: Vi- 308

sual Perception & Grounding: Corresponds to 309

the Symptomatology (Strange, 2003). Diagnostic 310

Reasoning: Aligns with the Differential Diagnosis 311

(Streets, 1972). Causal Reasoning: Derived from 312

Etiology. Risk Assessment: Maps to Epidemiol- 313

ogy. Prognosis Prediction: Models the Disease 314

Cycle. Prescriptive Reasoning: Corresponds to 315

Disease Management. Counterfactual Reason- 316

ing: Simulates retrospective analysis (e.g., ‘What 317

if treatment had occurred earlier?’), a crucial com- 318

ponent of post-epidemic evaluation and learning. 319

We choose a random sample of 600 images from 320
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Figure 3: Qualitative Examples of 12 Distinct CoI Trajectories. The framework adapts questioning strategies across
four varying axes of diagnostic complexity: (1) Health Status (Healthy, Diseased, Senescence, Pest Damaged); (2)
Disease Severity, showing evolving logic for Mild, Moderate, and Severe Maize infection; (3) Instance Variety,
handling Multi-disease and Cross-species constraints; and (4) Epistemic Intent, illustrating the cognitive shift from
Diagnosis to Prognosis and Management based on visual evidence.

our dataset and ask the experienced botanists to321

conduct a clinical evaluation of each sample and322

note down their questioning strategy. Here we iden-323

tify three distinct intent evident among the ques-324

tioning arc for a given plant image. These intents325

are explained in 3.1 and further explained here:326

For samples exhibiting Mild or ambiguous symp-327

toms, the CoI intent Diagnosis (kD) focuses on328

differential diagnosis. Botanists compare disease329

symptoms and ask clarifying questions to distin-330

guish the observed pathology from potential looka-331

likes. Conversely, for samples classified as Moder-332

ate, the focus shifts to Causal & Prognosis (kP ).333

Here, the inquiries emphasize understanding the334

disease’s spread and inferring the environmental335

conditions such as humidity or soil pH that likely336

facilitated the infection. Finally, for Severe cases337

where damage is extensive, the expert intent shifts338

to Management (kM ). The reasoning chain here is339

primarily focused on identifying immediate strate-340

gies for disease remedy and employing counterfac-341

tual analysis (e.g., "How would the plant’s condi-342

tion differ if intervention had occurred two weeks343

prior?") to simulate critical care scenarios. Follow-344

ing this schema, We translate the botanist chain of345

thought into 12 distinct Chain-of-Inquiry, cover-346

ing 4 Health Status (Healthy, Diseased, Senescence,347

Pest Damaged), 3 Disease Severity (Mild, Moder-348

ate, Severe), 2 Instance Variety (Multi-disease Oc-349

Model Score (%)
Qwen3-VL 184 (73.6%)
Gemma3-4B 58 (23.2%)
LLaVA-1.5 8 (3.2%)
Model Score (%)
Qwen3-VL 185 (74.0%)
Gemma3-4B 61 (24.4%)
LLaVA-1.5 4 (1.6%)

Table 1: Comparative analysis of three open-source
models for visual grounding (top) and specificity (bot-
tom).

currence, Cross-species Occurrence) and 3 Epis- 350

temic Intent (Diagnosis, Prognosis, Management). 351

Appendix A.7 shows the each CoI with correspond- 352

ing image and varying question samples. 353

3.3 Dataset Generation Pipeline 354

We developed a structured generation pipeline 355

governed by the configuration tuple T = 356

(c, s, ks, Vcues), corresponding to Biological condi- 357

tion, Severity, Severity derived Intent, and Visual 358

cues. This decoupling allows us to generate di- 359

verse reasoning chains even for the same image 360

(e.g., asking for Management advice on a Mild case 361

vs. a Severe case). Here, we employed Qwen2.5- 362

7B-Instruct (Yang et al., 2025) to dynamically as- 363

semble dialogue trajectories from question tem- 364
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plates. Here, the epistemic goal k (Diagnosis (kD),365

Prognosis (kP ) and Management(kM )) modulates366

the information density based on severity status s.367

To further enhance complexity, we inject specific368

reasoning modules (e.g., temporal_evolution,369

remediation_strategy e.t.c) directly into the370

chains. Figure 2 shows the overall generation of the371

PlantInquiryVQA dataset. Our tiered approach372

ensures that PlantInquiryVQA covers the full spec-373

trum of diagnostic difficulty, from routine identi-374

fication to complex, multi-step clinical reasoning.375

We provide the detailed module injection logic and376

generation protocols in Appendix A.6.377

4 Experiment378

We first evaluate eighteen leading Multimodal379

Large Language Models (MLLMs) on the PlantIn-380

quiry VQA benchmark. Then, based on the evalua-381

tion results, we conduct a thorough error analysis382

and ablation study to isolate the impact of our CoI383

framework on diagnostic reasoning.384

4.1 Experimental Setup385

MLLMs The MLLMs we adopt in the evalua-386

tion include both open-weight models and propri-387

etary models accessed via API. The open-weight388

MLLMs include the Qwen series (Qwen3-VL-32B,389

Qwen2.5-VL-72B/32B, Qwen-VL-Plus) , Gemma390

variants (Gemma-3-27B) , and the Ministral fam-391

ily (Ministral-8B/3B). We also evaluate a distilled392

lightweight model, Nemotron-Nano-12B, to as-393

sess performance at the edge. For proprietary394

models, we evaluate Gemini-2.5-Pro, Gemini-2.5-395

Flash, and the recently released Gemini-3-Flash.396

Evaluation In our evaluation process, we em-397

ploy a dual-metric strategy. For linguistic quality,398

we report standard lexical metrics (F1, BLEU-4,399

ROUGE-L). However, given the clinical nature400

of the task, lexical overlap is often insufficient.401

Therefore, we introduce domain-specific alignment402

scores: Clinical Factuality, Disease Accuracy,403

and Visual Grounding Quality (VG). These met-404

rics are defined in appendix A.1.405

4.2 Main Result406

We evaluate the dataset using a Cumulative Con-407

text Test, in which each successive question is408

conditioned on the full history of preceding ques-409

tions and generated answers in the chain. Com-410

parative performance across models is reported in411

Table 2. The results reveal that Gemini-3-Flash412

model consistently outperforms all other evaluated 413

architectures, establishing a highest on this bench- 414

mark. It achieves the highest scores across both 415

standard lexical metrics and domain specific align- 416

ment score. This performance gap suggests that 417

advanced closed-source models possess superior 418

instruction-following capabilities, allowing them 419

to better handle the long context dependencies re- 420

quired by CoI. Unlike smaller models that often 421

lose track of the diagnostic "narrative" after sev- 422

eral turns, Gemini-3-Flash maintains coherence, 423

accurately translating visual symptoms into precise 424

disease identifications and safety-compliant advice. 425

Interestingly, while Gemini-3-Flash excels in 426

clinical reasoning, the GroK-4.1-Fast maintains 427

the highest Visual Grounding (VG) score. This 428

indicates that while models these model excels at 429

"accurately describing raw visual features such as 430

"yellow spots" or "necrotic margins, they struggle 431

to synthesize that evidence into a coherent clinical 432

diagnosis. This discrepancy highlights that "see- 433

ing" the symptom is not equivalent to "diagnosing" 434

the pathology, underscoring the necessity of our 435

CoI framework to bridge this cognitive lapse. 436

The most prominent finding from Table 2 is the 437

substantial domain gap in current state-of-the-art 438

MLLMs regarding botanical pathology. Even the 439

top-performing model, Gemini-3-Flash, achieves 440

a Clinical Utility score of only 0.188 and a Dis- 441

ease Identification score of 0.444. This indicates 442

that PlantInquiry VQA represents a significantly 443

hard benchmark; models struggle to translate visual 444

signals into accurate, safe clinical diagnoses. 445

4.3 Error Analysis 446

Intending to identify why models fail or succeed 447

within our framework, we move beyond simple 448

accuracy metrics. We leverage the structured na- 449

ture of PlantInquiry VQA to conduct comparative 450

experiments that isolate specific reasoning capabil- 451

ities. 452

How does the structure of inquiry influence 453

diagnostic accuracy? To evaluate if the questions 454

themselves act as effective attention mechanisms, 455

we conducted a Protocol Structure Benefit Test. 456

We compared model performance under two con- 457

ditions: (1) Direct Diagnosis, where the model is 458

simply asked to identify the disease from the im- 459

age. 460
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Lexical Metrics Domain Alignment & Quality

Model F1 BLEU-4 R-L Dis Clin. Safe. VG Len.

GEMINI-3-FLASH 0.255 0.033 0.196 0.444 0.188 0.147 0.259 85.8
GEMINI-2.5-PRO 0.225 0.016 0.132 0.357 0.112 0.040 0.408 142.9
QWEN3-VL-235B 0.210 0.013 0.120 0.348 0.111 0.035 0.489 143.9
SEED-1.6-FLASH 0.226 0.022 0.139 0.344 0.120 0.075 0.394 99.1
LLAMA-3.2-90B-VISION 0.212 0.014 0.105 0.340 0.185 0.214 0.372 134.9
LLAMA-4-MAVERICK 0.212 0.013 0.103 0.329 0.175 0.202 0.397 144.5
GEMINI-2.5-FLASH 0.226 0.018 0.145 0.299 0.098 0.046 0.392 163.5
QWEN3-VL-32B 0.182 0.011 0.096 0.288 0.096 0.035 0.475 227.8
GEMMA-3-27B 0.192 0.011 0.103 0.272 0.086 0.032 0.353 156.9
PIXTRAL-12B 0.225 0.016 0.122 0.272 0.145 0.159 0.368 98.0
QWEN2.5-VL-32B 0.177 0.009 0.076 0.254 0.078 0.017 0.463 260.4
PHI-4-MULTIMODAL 0.177 0.010 0.097 0.254 0.087 0.040 0.358 167.2
QWEN2.5-VL-72B 0.236 0.016 0.123 0.247 0.080 0.040 0.375 106.2
GROK-4.1-FAST 0.203 0.016 0.132 0.224 0.067 0.009 0.498 100.7
MISTRAL-MEDIUM-3.1 0.211 0.015 0.119 0.205 0.062 0.023 0.360 110.7
MINISTRAL-8B 0.180 0.010 0.094 0.197 0.060 0.020 0.394 151.8
MINISTRAL-3B 0.166 0.007 0.083 0.189 0.059 0.020 0.372 163.0

Table 2: Main Results on Test Set. GEMINI-3-FLASH demonstrates significant superiority, achieving the highest
scores across all lexical and domain-specific semantic metrics. SEED-1.6-FLASH shows competitive performance
with strong disease accuracy (0.344). LLAMA-3.2-90B-VISION and LLAMA-4-MAVERICK exhibit high clinical
utility and safety scores. QWEN-VL-PLUS maintains the highest Visual Grounding (VG) quality (0.508), followed
by GROK-4.1-FAST (0.498), suggesting a trade-off between clinical reasoning accuracy and pure descriptive
grounding.

Figure 4: Protocol Structure Benefit Test for Qwen25-
VL-32B and Ministral-8B. Both models achieve better
Diagnosis Correctness scores using questions as context
(48.8% and 47.4%, respectively).

(2). Question-Guided, where the model is pro-461

vided with the list of diagnostic questions (e.g.,462

“Are the margins water-soaked?”) before mak-463

ing a diagnosis. From Figure 4, we observe that 464

the Question-Guided condition yields significantly 465

higher diagnosis Correctness across all three dis- 466

ease status (mild, moderate and severe) compared 467

to the direct approach. In the Direct condition, 468

models often hallucinate common diseases based 469

on prior bias (e.g., assuming “Early Blight” for any 470

tomato leaf). However, the specific questions force 471

the model to attend to fine-grained features (lesion 472

margins or halo presence), effectively constraining 473

the search space and reducing hallucination. Ap- 474

pendix A.8 shows the accuracy trajectory as the 475

inquiry progresses for all other models. 476

Does the Chain of Inquiry promote reason- 477

ing efficiency? A key hypothesis of our work is 478

that structured inquiry should lead to more efficient 479

information retrieval, rather than just "chattier" re- 480

sponses. To test this, we conducted a Ratio Test 481

to measure the Explainability Efficiency (E), de- 482

fined as the ratio of verified visual cues extracted 483

per 100 words generated (see Appendix A.1 for E 484

definition). We compared two settings: Scaffolded, 485

the model answers questions in isolation without 486

access to the previous dialogue history and Guided, 487

the model answers questions sequentially, with the 488

ground-truth history of previous turns provided as 489

context. 490

7



Model Scaffolded Guided ∆%

Eff. Cues Words Eff. Cues Words

GROK-4.1-FAST∗ 4.54 8.49 220.6 5.20 5.80 135.0 14.54
GEMINI-2.5-FLASH 2.60 8.65 456.0 3.67 4.71 181.0 41.15
GEMINI-2.5-PRO 2.95 6.11 268.6 3.58 4.00 147.9 21.36
QWEN3-VL-32B 2.88 8.82 362.6 3.33 5.96 206.4 15.63
SEED-1.6-FLASH 3.22 5.63 198.1 3.75 4.10 125.0 16.46
QWEN2.5-VL-32B 1.60 6.81 471.4 2.94 4.47 249.2 83.75
QWEN2.5-VL-72B 2.46 4.53 212.0 2.92 3.47 171.9 18.70
NEMOTRON-NANO-12B 3.84 5.72 164.7 3.34 4.32 165.4 (−14.97)
PIXTRAL-12B 2.53 4.00 217.1 2.90 3.20 145.0 14.62
LLAMA-3.2-90B-VISION 2.40 4.18 197.6 2.85 3.50 140.0 18.75
GEMMA-3-27B 1.88 6.61 411.0 2.38 4.77 256.2 26.60
MINISTRAL-3B 2.26 5.30 247.8 2.71 3.30 152.1 19.91
MINISTRAL-8B 2.21 5.19 264.2 2.65 3.70 172.4 19.91
QWEN-VL-PLUS 1.63 7.85 536.5 2.53 4.92 282.0 55.21
MISTRAL-MEDIUM-3.1 2.35 4.75 228.6 2.70 3.60 155.0 14.89
LLAMA-4-MAVERICK 2.31 4.32 208.7 2.65 3.40 145.0 14.72
PHI-4-MULTIMODAL 1.94 6.71 423.4 2.55 4.80 240.0 31.44

Table 3: Visual Feature Extraction Efficiency. Green cells denote the higher-performing prompting strategy per
model. ∆% indicates relative improvement of the better setting over the weaker one. Eff. = Efficiency Score, Cues
= Average Cues Found, Words = Average Word Count.

Figure 5: Ratio Test comparison across Scaffolded (case
1) and Guided (case 2) settings. It can be seen that
the Explainability Efficiency increases for all models
excluding NEMOTRON-NANO-12B.

The results, depicted in Table 3, reveal a crucial491

insight into how models utilize context: 1. Ca-492

pable models like Gemini-2.5-Flash and Qwen3-493

VL show a significant increase in efficiency in the494

Guided setting (e.g., Gemini-2.5-Flash improves495

from 2.60 to 3.67). When provided with the chain496

history, these models stop “hedging” or repeating497

basic observations (e.g., “This is a leaf”) and focus498

entirely on the new, specific visual evidence re-499

quired by the current question. 2. The lightweight500

Nemotron-Nano-12B experienced a performance501

drop in the Guided setting (3.84 to 3.34). This502

suggests that smaller models may struggle with503

“context distraction,” where a longer dialogue his-504

tory interferes with, rather than aids, the immediate505

visual processing task.506

5 Conclusion 507

In this work, we introduced PlantInquiryVQA, a 508

benchmark designed to shift agricultural AI from 509

static classification to dynamic, expert-level diag- 510

nostic reasoning. By formalizing the Chain-of- 511

Inquiry framework, we modeled the adaptive ques- 512

tioning strategies of botanists, creating a dataset of 513

24,964 curated images and 138k dialogue turns 514

that simulate real-world clinical workflows. Our 515

extensive evaluation reveals a critical reality: while 516

current MLLMs demonstrate impressive visual per- 517

ception, a significant "domain gap" remains in their 518

ability to perform safe clinical reasoning. Although 519

Gemini-3-Flash achieved state-of-the-art perfor- 520

mance, its Clinical Utility score (0.188) and Safety 521

score (0.147) indicate that models are not yet re- 522

liable enough for autonomous deployment. Fur- 523

thermore, we identified a distinct trade-off between 524

visual grounding and logical deduction, with mod- 525

els like Grok-4.1-Fast often describing symptoms 526

more accurately than they diagnose them. However, 527

our ablation studies confirm that the CoI struc- 528

ture itself, specifically the use of guided, intent- 529

driven inquiry, significantly enhances reasoning 530

efficiency, reducing hallucination and increasing 531

the information density of model responses. We 532

hope PlantInquiryVQA serves as a foundational 533

testbed for the next generation of "AI botanists", 534

agents capable not just of seeing a disease, but of 535

reasoning through its management to secure global 536

food systems. 537
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Limitations538

While PlantInquiryVQA represents a significant539

advancement in agricultural visual reasoning, sev-540

eral limitations constrain its immediate applicabil-541

ity. Primarily, real-world plant pathology requires542

holistic sensory inputs beyond a single static im-543

age, such as tactile feedback (texture) and environ-544

mental context (soil moisture), which our single-545

frame optical dataset cannot replicate. Furthermore,546

despite the structured CoI framework, our exper-547

iments show that even top-tier models continue548

to hallucinate safety, occasionally classifying dis-549

eased samples as healthy; this "false reassurance"550

poses a tangible risk, necessitating that this sys-551

tem be used currently as a decision-support tool for552

experts rather than an autonomous replacement. Fi-553

nally, the current benchmark is exclusively English-554

based, which limits accessibility for smallholder555

farmers in non-English speaking regions who stand556

to benefit most from automated diagnostics.557
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A Appendix 862

This appendix provides additional details and re- 863

sources referenced in the main paper. 864

A.1 Plant Disease Datasets 865

section A provides a comprehensive overview of 866

publicly available plant disease datasets used in 867

PlantInquiryVQA and their licensing information. 868

Dataset Name License Ref.

PlantVillage CC0 (Hughes
and
Salathé,
2015)

Chili Plant Leaf Disease CC BY 4.0 (Nirob
et al.,
2025b)

Banana and Banana Leaf
Dataset

CC BY 4.0 (Das
et al.,
2025)

Bottle Gourd Disease &
Growth Stages

CC BY 4.0 (Nirob
et al.,
2025a)

Plant Leaf Disease Recogni-
tion Database

CC BY 4.0 (Ahmed
et al.,
2024)

Papaya Leaf Disease CC BY 4.0 (Al Banna
et al.,
2024)

Eggplant Leaf Disease Dataset CC BY 4.0 (Rafe
et al.,
2025)

Lychee Plant Diseases CC BY 4.0 (Hossain
et al.,
2025c)

TLD-BD (Tea Leaf) CC BY 4.0 (Ahmed
and
Ahmed,
2025)

Leaf Disease (Bitter Gourd,
Okra, Pumpkin)

CC BY 4.0 (Islam
et al.,
2025)

Advanced Tea Crop Disease
Study

CC BY 4.0 (Ahmad,
2024)

Plant Pathology Challenge
2020 (Apple)

CC BY 4.0 (Thapa
et al.,
2020)

Lentil Plant Disease CC BY 4.0 (Mahamud
and
Tapos,
2024)

SAR-CLD-2024 (Cotton) CC BY 4.0 (Bishshash
et al.,
2024)

Apple Leaf Diseases (ICAR-
CITH)

CC BY 4.0 (ICAR-
CITH,
2024)

Hibiscus and Tea Leaf CC BY 4.0 (Billah
et al.,
2025b)

869
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Dataset Name License Ref.

MoringaLeafNet CC BY 4.0 (Khan
et al.,
2025)

BDLitchi CC BY 4.0 (Ahamed
et al.,
2025)

Mango leaf datasets CC BY 4.0 (Ali
et al.,
2022;
Hossan
and
Reyad,
2025)

Sunflower Fruits and Leaves CC BY 4.0 (Rajbongshi
et al.,
2022)

Multifaceted Rose Leaf Dis-
ease

CC BY 4.0 (?)

Real-World Papaya Leaf CC BY 4.0 (Rashid
et al.,
2024)

Hibiscus Leaf Diseases Classi-
fication

CC BY 4.0 (Billah
et al.,
2025a)

Tomato disease datasets CC BY 4.0 (Liu,
2025;
Imtiaz
et al.,
2024;
Bapari
et al.,
2025)

Arabian Jasmine (AJLCD-
2025)

CC BY 4.0 (Ayon
et al.,
2025)

Durian leaf diseases (Vietnam) CC BY 4.0 (Truong
et al.,
2025)

BrinjalFruitX CC BY 4.0 (Hasan
et al.,
2025b)

BDRubberLeaf CC BY 4.0 (Deb Nath
et al.,
2025)

Cauliflower Diseases CC BY 4.0 (Matin
et al.,
2025)

CitrusLeafVision (Lemon) CC BY 4.0 (Deb Nath,
2025)

Tomato (Bangladesh high reso-
lution)

CC BY 4.0 (Bapari
et al.,
2025)

Jackfruit Plant Leaf Disease CC BY 4.0 (Huq
et al.,
2025)

Cotton Leaf Image Dataset CC BY 4.0 (Bishshash
et al.,
2024;
Ripon
et al.,
2025)

870

Dataset Name License Ref.

Comprehensive Mango Leaf CC BY 4.0 (Hossan
and
Reyad,
2025)

AgriLeafNet CC BY 4.0 (Haque
and Al-
Imran,
2025)

Pisum sativum (Pea) CC BY 4.0 (Thite
and Patil,
2025)

Turmeric Plant Leaf Disease CC BY 4.0 (Hossain
et al.,
2025b)

Niphad Grape Leaf Disease
(NGLD)

CC BY 4.0 (Dharrao
et al.,
2025)

LitchiLeaf4001 CC BY 4.0 (Hasan
et al.,
2025a)

Eggplant leaves (multiple
datasets)

CC BY 4.0 (Nirob
et al.,
2024;
Rafe
et al.,
2025)

Sunflower Plant Health &
Growth Stage

CC BY 4.0 (Sagor
et al.,
2025)

Burmese Grape Leaf Disease CC BY 4.0 (Rahman
et al.,
2025)

Black Gram Leaf CC BY 4.0 (Hridoy
et al.,
2025)

Tomato Leaf Diseases (addi-
tional)

CC BY 4.0 (Hossain
et al.,
2025a;
Imtiaz
et al.,
2024;
Liu,
2025)

UGV Guava Leaves Disease
(Bangladesh)

CC BY 4.0 (Hassan
et al.,
2025)

CAIR-BGD-2025 (Bottle
Gourd)

CC BY 4.0 (Nirob
et al.,
2025a)

High-Resolution Eggplant
Leaf

CC BY 4.0 (Hasan
et al.,
2025c)

Banana Leaves Imagery
Dataset

CC BY 4.0 (Das
et al.,
2025)

Rice Leaf Bacterial and Fungal
Disease

CC BY 4.0 (Hasan
et al.,
2023)

Rice Leaf Disease and Pest
Overview

CC BY 4.0 (Rifat
et al.,
2024)

871
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Dataset Name License Ref.

Rice Leaf Diseases Dataset CC BY 4.0 (Antony,
2023)

Disease Dataset of Wheat CC BY 4.0 (Radowan
and
Ayon,
2025)

Winter Wheat Leaf Images CC BY-NC 3.0 (Bhagirath
et al.,
2023)

Cucumber Disease Recogni-
tion

CC BY 4.0 (Sultana
et al.,
2022)

Benchmark Dataset for Plant
Leaves

CC BY 4.0 (Zitu
et al.,
2024)

872

873

This datasets in total contain 321k plant images874

across 39 crop species and 119 total disease.875

A.1 Semantic and Clinical Metrics876

To assess the model’s reliability in a high-stakes877

agricultural context, we define four domain-878

specific metrics beyond standard lexical overlap.879

Let R denote the model-generated response and G880

the expert-verified ground truth.881

1. Disease Identification Score (Sdis). Measures882

the strict semantic retrieval of the correct pathogen883

or condition name. Let Edis be the set of normal-884

ized disease entities extracted from G.885

Sdis(R,G) = max
e∈Edis

I(e ⊆ normalize(R)) (2)886

where I(·) is the indicator function, returning 1 if887

the specific disease entity is explicitly present in888

the response, and 0 otherwise.889

2. Safety Score (Ssafe). Quantifies the model’s890

ability to avoid "False Reassurance" errors (i.e.,891

classifying a diseased plant as healthy), which is892

the most critical failure mode in phytopathology.893

For the subset of diseased samples Dpos:894

Ssafe = 1−
∑

i∈Dpos
I(“Healthy” ∈ Ri)

|Dpos|
(3)895

A score of 1.0 indicates zero false negatives (no896

diseased plant was misdiagnosed as healthy).897

3. Clinical Utility Score (Sclin). A composite898

metric evaluating the holistic value of the diagno-899

sis. It aggregates correctness (Sdis) and actionable900

management advice (Sact), penalized by safety vi-901

olations (Psafe).902

Sclin = α · Sdis + β · Sact − γ · (1− Ssafe) (4)903

where Sact measures the semantic overlap of re- 904

mediation keywords (e.g., "fungicide", "pruning") 905

with the ground truth, and weights are empirically 906

set to α = 0.5, β = 0.3, γ = 0.2 to prioritize 907

accurate identification. 908

4. Visual Grounding Quality (Svg). Evaluates 909

the hallucination rate of visual symptoms. Let VG 910

be the set of expert-verified visual cues (e.g., "yel- 911

low halo", "necrotic center") and VR be the set 912

of visual descriptors extracted from the model re- 913

sponse. We define Svg as the recall of validated 914

cues: 915

Svg =
|VR ∩ VG|

|VG|
(5) 916

High Svg indicates the model is attending to correct 917

symptomological features rather than generating 918

generic crop descriptions. 919

5. Visual Feature Extraction Efficiency (E). 920

Quantifies the density of useful visual information 921

per unit of text generated. It is defined as the ratio 922

of verified visual cues (|VR∩VG|) to the total word 923

count (WR) of the response: 924

E =
|VR ∩ VG|

WR
× 100 (6) 925

A higher E score indicates that the model is provid- 926

ing concise, grounded evidence rather than verbose 927

or irrelevant filler text. 928

A.2 Data Preprocessing and Quality 929

Assurance 930

To ensure the integrity and robustness of the 931

PlantInquiryVQA benchmark, we implemented a 932

rigorous, multi-stage preprocessing pipeline. This 933

pipeline was designed to eliminate redundancy, 934

standardize visual inputs, and audit the dataset for 935

potential biases or labeling errors prior to annota- 936

tion. 937

A.3 Data Cleaning and Standardization 938

Duplicate Detection and Removal: We employed 939

a two-tiered approach to identify and remove du- 940

plicate entries. First, exact duplicates were identi- 941

fied using MD5 file hashing. Second, to capture 942

"near-duplicates" (e.g., images that were slightly 943

compressed or resized but visually identical), we 944

utilized Perceptual Hashing (pHash). We calcu- 945

lated the Hamming distance between image hashes 946

and set a threshold of 10 bits to flag near-duplicates. 947

Standardization: All images were standard- 948

ized to a resolution of 1024 pixels. To preserve 949
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the biological integrity of the leaf structures, we950

avoided simple stretching or cropping. Instead, we951

utilized a padding method: images were resized to952

fit within the target dimensions while maintaining953

their original aspect ratio, with the remaining area954

padded with black pixels. This ensures that criti-955

cal visual features, such as lesion shape and leaf956

margins, remained undistorted. Finally, files were957

renamed using a consistent ‘class_index‘ schema958

to facilitate easier handling.959

A.3.1 Technical Audits and Bias Analysis960

Following standardization, we conducted a series961

of automated audits to assess image quality and962

potential dataset artifacts.963

Visual Quality Metrics: We computed techni-964

cal quality indicators for every image to flag low-965

quality samples.966

Blur Detection: We calculated the variance of967

the Laplacian operator to detect excessive blurri-968

ness.969

Exposure Analysis: We measured pixel inten-970

sity histograms to detect over-exposure (clipping971

at 255) and under-exposure (clipping at 0).972

Color Saturation: We analyzed the mean satu-973

ration in HSV space to identify washed-out images.974

Flagged images were reviewed manually to deter-975

mine if they retained sufficient diagnostic value.976

Latent Space Consistency Check: To identify977

potential mislabeled samples, we projected all im-978

ages into a latent embedding space using a pre-979

trained ResNet-18 model. We applied a K-Nearest980

Neighbors (KNN, 3) algorithm using cosine sim-981

ilarity. Images where the majority of neighbors982

belonged to a different class than the query image983

were flagged as "suspicious" (e.g., a Bacterial Spot984

image surrounded by Leaf Miner images in the em-985

bedding space). This audit identified 12 potentially986

mislabeled images for expert review.987

Background Bias Assessment: To ensure the988

model learns from plant features rather than back-989

ground artifacts, we performed a background bias990

check. We generated binary leaf masks using991

HSV color thresholding to isolate leaf pixels from992

the background. We then computed 30-bin hue993

histograms for the background pixels solely. By994

comparing the mean background hue distributions995

across classes, we confirmed that no specific dis-996

ease class was strongly correlated with a unique997

background color (e.g., blue tarps vs. brown soil),998

which mitigates the risk of "Clever Hans" effects999

where models cheat by relying on background1000

Metric Value

Total QA Pairs 138,068
Unique Images 24,964
Avg. Questions per Image 5.53
Crop Species 34
Disease Types 116
Crop-Disease Combinations 204
Question Categories 2,350

Class Balance
Healthy Samples 14,858 (10.76%)
Diseased Samples 123,210 (89.24%)

Table 4: Dataset Overview and Scale. The dataset
covers 204 real-world crop-disease associations with
high-density conversational annotations.

Category QA Samples % Total

Disease 120,162 87.0%
Healthy 14,858 10.8%
Senescence 2,832 2.1%
Insect Damage 216 0.2%

Table 5: Distribution of Biological Conditions. The
taxonomy distinguishes between biotic diseases and
non-pathological states like senescence and pest dam-
age.

cues. Through this systematic filtering process, 1001

we eliminate all corrupted samples, resulting in a 1002

curated pool of 152,783 images spanning 34 crop 1003

species and 116 disease categories. From this col- 1004

lection, we select 24,964 images to construct the 1005

final PlantInquiryVQA dataset. 1006

A.4 Dataset Analysis 1007

We present a comprehensive statistical analysis of 1008

the PlantInquiryVQA benchmark, highlighting its 1009

scale, biological diversity, and conversational depth. 1010

The dataset comprises 138,068 QA pairs grounded 1011

in 24,964 unique images, representing the largest 1012

publicly available CoI dataset for plant pathology 1013

(Table 4 and Table 5). The dataset spans 34 crop 1014

species and 116 disease types, resulting in 204 1015

valid crop-disease combinations. Further analysis 1016

of the dataset is provided below. 1017

Granularity of Disease Severity. Unlike stan- 1018

dard classification benchmarks that treat disease 1019

as a binary state, PlantInquiryVQA provides fine- 1020

grained severity annotations for all diseased sam- 1021

ples. As shown in Table 6, the data follow a natural 1022

distribution: Mild cases (20.3%) represent early 1023

detection scenarios; Moderate cases (55.6%) re- 1024

flect the most common field presentation; and Se- 1025

vere cases (24.1%) represent critical intervention 1026
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Figure 6: Distribution of diseased samples in the PlantIn-
quiryVQA benchmark, shown as a hierarchical break-
down from disease category to severity level and crop
species. The dataset is dominated by Moderate cases,
with substantial representation of Severe and Mild con-
ditions across diverse crops, mirroring real-world plant
pathology distributions. This structure motivates sever-
ity aware Chain of Inquiry trajectories, where diagnostic
focus shifts with visual disease progression.

Severity Level Samples % of Diseased

Mild 24,332 20.3%
Moderate 66,838 55.6%
Severe 28,992 24.1%

Total Annotated 120,162 100.0%

Table 6: Severity-Level Annotations. Granular severity
labels enable the model to perform prognostic modeling
beyond binary detection.

stages. This granularity enables models to perform1027

prognostic reasoning, predicting disease evolution1028

based on visual severity cues.1029

Conversational Complexity. To support robust1030

multi-hop reasoning, the dataset emphasizes deep1031

conversational trajectories. Table 7 illustrates that1032

77.9% of images are associated with chains of 61033

or more questions, with a global average of 5.531034

questions per image. This depth allows for com-1035

plex logical flows, requiring models to track con-1036

text across temporal (progression), spatial (local-1037

ization), and causal (etiology) dimensions. Further-1038

more, 86% of these samples feature explicit visual1039

grounding, linking textual tokens to 74,000 unique1040

visual attention patterns.1041

Figure 7: Distribution of question and answer lengths in
PlantInquiryVQA, shown in both characters and words.
Answers are substantially longer than questions, reflect-
ing the dataset’s emphasis on detailed, multi-step diag-
nostic reasoning.

Questions per Image Image Count % of Dataset

1 2 <0.1%
2 1,277 5.1%
3 1,598 6.4%
4 2,640 10.6%
6 15,971 64.0%
7 3,476 13.9%

Avg: 5.53 Total: 24,964 100.0%

Table 7: Conversational Depth. Over 77% of images
contain 6 or more questions, facilitating deep multi-turn
reasoning and context tracking.

A.5 Visual Cue Extraction Supplimentary 1042

A.5.1 Expert Visual Parsing Schema 1043

To ensure high-fidelity visual grounding, we estab- 1044

lished a standardized diagnostic protocol derived 1045

from established phytopathology literature Agrios 1046

(2005); Streets (1972). Annotators were instructed 1047

to parse visual evidence across three distinct mor- 1048

phological dimensions: 1049

1. Symptomatology and Morphological Charac- 1050

terization. Annotators characterized fine-grained 1051

attributes of individual lesions to differentiate 1052

pathogens. Key discriminators included Lesion 1053

Geometry (e.g., circular fungal spots vs. vein- 1054

constrained angular bacterial lesions), Margin Def- 1055

inition (e.g., chlorotic halos indicative of toxin 1056

production or water-soaked bacterial borders), and 1057

Textural Features (e.g., raised galls, powdery 1058

mycelial growth, or necrotic shot-holes). 1059
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2. Spatial Distribution Patterns. Global symp-1060

tom arrangement provided critical etiological con-1061

text. The schema required analysis of Anatomi-1062

cal Preference (e.g., interveinal, vein-banding, or1063

marginal symptoms) and Colony Density, specif-1064

ically distinguishing between isolated discrete le-1065

sions and coalescing necrotic patches that indicate1066

rapid disease progression.1067

3. Disease Severity Quantification (SAD1068

Methodology). To standardize subjective sever-1069

ity estimates, we employed the Standard Area Di-1070

agram (SAD) methodology Del Ponte et al. (2017);1071

Madden et al. (2007).Annotators visually compared1072

the total necrotic or chlorotic surface area of the1073

sample against crop-specific SAD reference tem-1074

plates to estimate the percentage of infected leaf1075

area (S), classifying samples into three intervention1076

tiers:1077

• Mild (S < 15%): Early-stage infection typi-1078

cally requiring monitoring.1079

• Moderate (15% < S < 30%): Established1080

infection necessitating curative intervention.1081

• Severe (S > 30%): Advanced tissue collapse1082

often triggering salvage or removal protocols.1083

A.5.2 Model Selection1084

To empirically select the optimal model for the cue1085

extraction pipeline, we evaluated three candidate1086

VLMs on a stratified sample of 500 images. We de-1087

veloped a composite scoring framework to quantify1088

the quality of generated descriptions across three1089

dimensions: grounding, specificity, and structural1090

completeness.1091

1. Visual Grounding Score (Svg). This metric1092

assesses the density of verifiable visual attributes1093

versus vague or hallucinated content. It is cal-1094

culated as a weighted summation of detected de-1095

scriptors, penalized by ambiguity: (i. Rich De-1096

scriptors (+2): Count of specific attributes (col-1097

ors, shapes, textures, patterns). ii. Color Diver-1098

sity (+3): Reward for identifying multi-chromatic1099

symptoms (e.g., "yellow halo around brown spot").1100

iii. Grounding Indicators (+1): Explicit ref-1101

erences to visual evidence (e.g., "visible," "ob-1102

served," "located"). iv. Penalties: Vague terms1103

(e.g., "maybe," "some") incur a −0.5 penalty. Un-1104

supported metric measurements (e.g., "5mm wide")1105

incur a severe −2 penalty to discourage halluci-1106

nated precision.1107

2. Specificity Score (Ssp). This score measures 1108

the granularity of the generated text, prioritizing 1109

fine-grained morphological details over generic 1110

statements. Points are accumulated based on the 1111

frequency of distinct attribute categories: i. Chro- 1112

matic Precision (+3): Weighted heavily to prior- 1113

itize exact color matching (e.g., "necrotic black" 1114

vs. "dark"). ii. Morphometric Detail (+3): Men- 1115

tions of relative size or scale. iii. Textural Char- 1116

acterization (+2): Explicit references to surface 1117

topology (e.g., "raised," "powdery," "sunken"). 1118

A.5.3 Extracted Visual Cues Examples 1119

Comparitive (side-by-side) analysis of the expert 1120

identified and Qwen-3VL-4B extracted visual cues 1121

for a sample image is shown in Figure 8 and Figure 1122

9 1123

A.6 Generation logic 1124

Our developed generation pipeline is governed by 1125

the following logic. 1126

1. Condition (c) & Severity (s) Initialization: 1127

The pipeline first identifies the biological state c ∈ 1128

{Healthy,Diseased, Senescent,Desiccated}. 1129

If c = Diseased, the severity s modulates the 1130

information density of the response. 1131

2. Intent-Driven Module Injection (k): Unlike 1132

static VQA, the dialogue trajectory is dynamically 1133

assembled based on the epistemic goal k: 1134

• Diagnosis (kD): For Mild cases, in- 1135

jects differential_verification and 1136

cross_crop_comparison modules to focus 1137

on early symptom detection and rule out 1138

lookalikes. For Moderate/Severe cases, 1139

it triggers cause_determination to iden- 1140

tify environmental and pest conditions 1141

contributing to the disease spread. 1142

• Prognosis (kP ): Activates 1143

temporal_evolution modules. The 1144

model reasons about the disease’s past 1145

(etiology/environment) and future (spread 1146

rate), 1147

scaling complexity with s. 1148

• Management (kM ): Injects 1149

remediation_strategy modules. If 1150

Mild, focuses on monitoring and cultural 1151

controls (prevention). If Severe, focuses on 1152

chemical intervention and “rescue” scenarios 1153

(crisis management). 1154
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3. Counterfactual & Reasoning Augmentation:1155

To further enhance complexity, we inject coun-1156

terfactual turns (e.g., "How would the diagnosis1157

change if the lesions were water-soaked?") into a1158

subset the chains, specifically targeting the logic1159

defined in "Instance Variety" heuristic.1160

A.7 Diverse CoI Scenarios1161

The CoI trajectories accros all 12 distinct scenar-1162

ios are shown in Figure 10, Figure 11, Figure 12,1163

Figure 13 and Figure 14.1164

A.8 Semantic Accuracy Evolution per Inquiry1165

Step1166

Figure 15 presents a comprehensive layer-wise1167

analysis of semantic accuracy evolution across the1168

seven-step diagnostic trajectory for all 12 evalu-1169

ated models. By stratifying performance across1170

three disease severity levels—Mild (Green), Mod-1171

erate (Orange), and Severe (Red)—we observe a1172

distinct divergence in reasoning stability. High-1173

performing models generally exhibit a monotonic1174

increase in semantic alignment as the inquiry pro-1175

gresses, confirming the CoI framework’s ability to1176

refine diagnostic grounding through iterative evi-1177

dence accumulation. However, this positive trajec-1178

tory is notably dampened in severe cases, where1179

extensive tissue necrosis introduces visual ambigu-1180

ity that limits the efficacy of the refinement process1181

compared to the linear gains observed in mild in-1182

fection phenotypes.1183
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Figure 8: Comparison of extracted visual cues for Litchi

Figure 9: comparison of extracted visual cues for Bitter Gourd
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(a) Corn: Mild Infection

[SEVERITY STATUS: MILD]
Q1: Can you describe the disease we’re seeing here?
A: We see distinct, discontinuous yellow streaks running parallel to the veins. This is
characteristic of early Maize Streak Virus (MSV).
[Cat: Diagnosis | Ground: Yellow streaks, parallel orientation]
Q2: How does this look different from Gray Leaf Spot?
A: Gray Leaf Spot forms rectangular, gray-to-tan lesions. These are continuous yellow
streaks, not necrotic rectangles.
[Cat: Differential Diagnosis | Ground: Lesion shape, color]
Q3: How bad is the infection according to your assessment?
A: It is mild. The streaks are sparse and the majority of the leaf surface remains green
and photosynthetic.
[Cat: Severity Assessment | Ground: Lesion density]

(b) Corn: Moderate

Infection

[SEVERITY STATUS: MODERATE]
Q1: What’s causing these yellow stripes on my corn leaves?
A: The Maize Streak Virus has progressed. The insect vector (leafhopper) has likely spread
the virus, causing these chlorotic bands.
[Cat: Causal Reasoning | Ground: Chlorotic bands]
Q2: How severe does this look? Is it worth treating?
A: This is moderate severity. The streaks are coalescing. You must control the leafhopper
vector immediately to save the yield.
[Cat: Actionable Severity | Ground: Coalescence]
Q3: Will these yellow marks get worse if left untreated?
A: Yes. The chlorosis will expand, reducing the plant’s ability to photosynthesize, which
will stunt the cob development.
[Cat: Prognosis | Ground: Chlorosis extent]

(c) Corn: Severe Infection

[SEVERITY STATUS: SEVERE]
Q1: How bad does it look? Is it really severe?
A: It is severe. The yellow streaking covers almost the entire leaf surface, leaving very
little green tissue for photosynthesis.
[Cat: Severity Assessment | Ground: High chlorosis coverage]
Q2: Do we need to act fast or can we wait?
A: Urgent action is required, though at this stage, the damage to the current crop’s yield is
likely irreversible. Focus on preventing spread to neighbors.
[Cat: Urgent Management | Ground: Leaf integrity]
Q3: Without treating right away, what will happen in the next day or two?
A: The leaves will likely turn necrotic (brown/dead) and dry out completely, leading to
plant death or total yield failure.
[Cat: Consequence Prediction | Ground: Necrosis risk]

Figure 10: Diagnostic Reasoning across Disease Severity Stages. This figure demonstrates how PlantInquiryVQA
adapts its questioning strategy as the infection progresses in Maize Streak Virus. (a) Mild: The focus is on
Differential Diagnosis to distinguish the initial streaks from fungal mimics. (b) Moderate: The inquiry shifts to
Vector Control and Prognosis as the infection becomes established. (c) Severe: The reasoning transitions to Damage
Assessment and Salvage, acknowledging the critical loss of photosynthetic capability.
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(a) Jackfruit: Anthracnose

Q1: How many spots do you see on this jackfruit leaf?
A: Around 10 to 15 spots (moderate). Mostly scattered across midleaf region.
[Cat: Severity | Ground: Number of spots, Distribution]
Q2: What does the central part of these spots look like?
A: Pale pinkish-white to light tan. Characteristic of anthracnose in jackfruit.
[Cat: Lesion Characteristics | Ground: Color of central area]
Q3: Are there any signs of the disease getting worse?
A: No, lesions are well-defined with clear red-brown/purple margins. Not merging yet.
[Cat: Progression | Ground: Marginal color, Lesion coalescence]
Q4: What should we do to manage this anthracnose outbreak?
A: Start by pruning affected leaves/branches. Apply fungicides and ensure air circulation.
[Cat: Management | Ground: Treatment]
Q5: Could environmental factors contribute to this infection?
A: Yes, high humidity and poor air circulation promote spread.
[Cat: Causes | Ground: Environmental conditions]
Q6: What changes do you expect to see in the next couple of weeks?
A: If untreated, spots might grow slightly larger but remain scattered.
[Cat: Future Outlook | Ground: Expected lesion progression]

(b) Grape: Anthracnose

Q1: How many spots do you see on this grape leaf?
A: Around 15 to 20 small/medium spots, mostly tan to brown.
[Cat: Severity | Ground: Number, Size, Color]
Q2: What kind of spots does anthracnose usually make on grape leaves?
A: Small, circular, reddish-brown to black spots. Scattered or clustered near midrib.
[Cat: ID | Ground: lesion characteristics, distribution]
Q3: Is this infection severe for grapes?
A: Moderate infection (15-20 spots). Not severe yet, but needs attention.
[Cat: Severity | Ground: Severity]
Q4: Should I start treating these spots right away?
A: Yes, treat immediately to prevent spread. Use recommended fungicides.
[Cat: Immediate Management | Ground: Treatment, Management]
Q5: What caused these spots on my grape leaves?
A: Likely Colletotrichum spp. fungi. High humidity/poor air favor growth.
[Cat: Causes | Ground: Causal agent, Environmental factors]
Q6: What changes might we expect in the next couple of weeks?
A: Spots may grow and potentially merge, leading to extensive damage if untreated.
[Cat: Future Outlook | Ground: Expected progression, Monitoring]

Figure 11: Cross-species Occurrence of Anthracnose. The figure illustrates how PlantInquiryVQA adapts
its CoI to host-specific manifestations of the same pathogen (Colletotrichum spp.). (a) Jackfruit: The dialogue
identifies the classic "bird’s-eye" lesions (pale centers, dark margins) and recommends mechanical intervention
(pruning) suitable for tree canopies. (b) Grape: The dialogue identifies smaller, necrotic tan/brown spots typical
of vine infections and prioritizes immediate chemical suppression to prevent rapid merging. This highlights the
model’s ability to generate context-aware reasoning that reflects the distinct biological symptoms and management
protocols unique to each crop species.
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(a) Mango: Gall Midge

Q1: What crop is showing these little brown spots?
A: It’s mango trees... spots are small, round, and mostly found on the top side.
[Cat: Crop ID | Ground: size, shape, location]
Q2: Can you describe the spots on the leaves?
A: The spots are small, brown, round... maybe just a bit bigger than a pinhead.
[Cat: Symptoms | Ground: size, color, shape]
Q3: How does this compare to other diseases I might see?
A: Different from powdery mildew (no white powder) and bacterial leaf spot (no water-
soaked edge).
[Cat: Differential Diagnosis | Ground: comparison, edge]
Q4: Could you explain what causes these spots?
A: Caused by the gall midge insect laying eggs... larvae form bumps that turn brown.
[Cat: Causes | Ground: insect, egg-laying]
Q5: Are these spots going to get worse?
A: Damage looks minor. Won’t likely spread much more; tree should recover.
[Cat: Prognosis | Ground: spread, severity]
Q6: Do you notice anything else unusual besides the spots?
A: Everything else seems normal. No wilting, curled leaves; texture is smooth.
[Cat: Additional Cues | Ground: texture, wilting]
Q7: What can I do if I want to prevent these spots?
A: Ensure air circulation, keep area clean, avoid overhead watering.
[Cat: Prevention | Ground: air_circulation, cleanliness]

(b) Mango: Sooty Mold

Q1: How widespread is this sooty mould on my mango leaves?
A: Moderately spread across many parts... covering a good portion of surfaces.
[Cat: Severity | Ground: overall color, surface texture]
Q3: What are the common symptoms of Sooty Mold in mango?
A: Black, fuzzy coating on top side... rubs off easily... associated with honeydew.
[Cat: ID | Ground: colors, patterns]
Q2: Can you tell me how to control this on my mango trees?
A: Wash leaves with water... apply neem oil/soap (often follows insect infestation).
[Cat: Management | Ground: lesion characteristics, distribution]
Q4: Why did my mango leaves get these spots?
A: Likely insect infestation producing honeydew... colonized by fungi (e.g., aphids/scale).
[Cat: Causes | Ground: lesion characteristics, distribution]
Q5: What changes can I expect in the next few days?
A: Mould will continue to grow if conditions remain favorable. Check regularly.
[Cat: Future Outlook | Ground: distribution, lesion characteristics]
Q6: Is there anything else I need to worry about?
A: Obscures photosynthesis... ensure you manage underlying pests to prevent future issues.
[Cat: Impact/Management | Ground: leaf condition]

Figure 12: Multi-disease Occurrence within a Single Crop Species. The figure demonstrates distinct CoI
trajectories for different pathologies affecting the same host (Mango). (a) Gall Midge: The dialogue focuses
on structural damage (raised bumps), ruling out fungal pathogens via differential diagnosis, and identifying the
insect vector. (b) Sooty Mold: The dialogue identifies a superficial fungal issue ("rubs off"), links it to secondary
insect activity (honeydew), and focuses on cleaning the leaf surface to restore photosynthesis. This validates that
PlantInquiryVQA generates context-specific reasoning chains even when the crop type is identical.

22



(a) Peach: Bacterial Spot

[EPISTEMIC INTENT: DIAGNOSIS]
Q1: What disease is affecting this peach leaf?
A: This is Bacterial Spot (Xanthomonas campestris). It appears as small, angular lesions
that eventually cause the tissue to drop out.
[Cat: Identification | Ground: Angular spots, tissue loss]
Q2: How can I tell this isn’t fungal "shot hole" disease?
A: Bacterial spots are typically more angular and concentrated near the leaf tip/margins.
Fungal shot holes usually have distinct purple halos.
[Cat: Differential Diagnosis | Ground: Lesion shape, margins]
Q3: What specific visual cue confirms bacteria?
A: The "shot-hole" effect where dead tissue falls out, leaving ragged holes, without the
presence of fungal spores.
[Cat: Symptomatology | Ground: Holes, ragged edges]

(b) Guava: Nutrient

Deficiency

[EPISTEMIC INTENT: PROGNOSIS]
Q1: Do you think this will get worse if left untreated?
A: Given it’s mild now, if we address nutrient levels, it should improve. Without interven-
tion, it could spread to younger leaves.
[Cat: Early Stage Prognosis | Ground: Current severity, distribution]
Q2: What changes do you expect in the next few weeks?
A: You might see interveinal chlorosis intensifying. Older leaves may turn completely
yellow and drop prematurely.
[Cat: Future Outlook | Ground: Chlorosis progression]
Q3: Are there any signs of the deficiency getting severe?
A: Not yet. The spotting is scattered and the leaf structure is intact. Severe cases would
show necrotic browning.
[Cat: Progression | Ground: Leaf integrity, spotting density]

(c) Cauliflower: Downy

Mildew

[EPISTEMIC INTENT: MANAGEMENT]
Q1: Is it too late to treat these Downy Mildew spots?
A: It’s not too late, but act quickly. Damage is severe/irreversible, but treatment can stop
spread to the head.
[Cat: Urgent Treatment | Ground: Severity, leaf condition]
Q2: What should I have done differently to prevent this?
A: Treated early when small pale spots appeared. Improved drainage and air circulation
would have prevented this.
[Cat: Prevention | Ground: Lesion characteristics]
Q3: If I don’t treat this immediately, what happens?
A: The leaf will turn completely brown and die within days. The infection will likely spread
to the edible curd.
[Cat: Consequence Analysis | Ground: Leaf condition]

Figure 13: Evolution of Epistemic Intent across Disease Severity. The figure illustrates how the CoI shifts its
reasoning goal based on the visual status of the plant. (a) Diagnosis: In the early/mild stage (Peach), the focus is
on Identification and distinguishing symptoms from lookalikes. (b) Prognosis: In the mild/chronic stage (Guava),
the inquiry shifts to Predicting the trajectory of the condition (recovery vs. decline). (c) Management: In the
severe/terminal stage (Cauliflower), the reasoning pivots entirely to Intervention, focusing on salvage, containment,
and future prevention strategies.
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(a) Cherry: Healthy

Control

[CONDITION: HEALTHY]
Q1: What crop is shown in this image?
A: Cherry.
[Cat: Crop ID]
Q2: Is this leaf healthy or diseased?
A: Healthy. It shows uniform green color, intact structure, no lesions or spots.
[Cat: Health Status | Ground: Uniform green color, intact structure]
Q3: How does this differ from one affected by fungal diseases?
A: Fungal diseases cause spots/lesions. The absence of these and presence of uniform
green confirm this is healthy.
[Cat: Verification | Ground: Absence of lesions]
Q4: What visual signs would indicate disease on this Cherry leaf?
A: We would look for discoloration or abnormal growth. This leaf shows none of these
indicators.
[Cat: Symptom Indicators | Ground: Intact tissue]

(b) Senescence / Dryness

[CONDITION: ABIOTIC STRESS]
Q1: Can you tell me what’s causing these leaves to turn brown?
A: Due to senescence or dryness. The whole leaf is brown, dry, and papery.
[Cat: ID | Ground: Uniform brownish-tan, papery texture]
Q2: How severe is this condition right now?
A: Quite severe. Entire leaf is dry with no sign of recovery.
[Cat: Severity | Ground: Entire leaf discolored]
Q3: What might have led to such a severe state?
A: Likely lack of water, poor soil, or heat stress. Uniform browning suggests environmental
stress.
[Cat: Cause | Ground: Uniform surface affection]
Q4: Do we need to act quickly to stop this from getting worse?
A: Yes. Without treatment, the leaf will drop off soon.
[Cat: Urgency | Ground: Dryness, no partial vitality]

(c) Bottle Gourd: Pest

Damage

[CONDITION: PEST INFESTATION]
Q1: How much damage does this look like it’s doing?
A: Moderate damage. Leaves are mostly healthy but have holes and curling edges.
[Cat: Severity | Ground: Leaf condition, holes]
Q2: Could these holes be from something other than pests, like sunburn?
A: No, these are clearly pest holes. Sunburn causes scorch marks, not neat-edged openings.
[Cat: Differential Diagnosis | Ground: Holes vs scorch marks]
Q3: What kind of treatment do you suggest?
A: Use vegetable-formulated insecticide or organic neem oil.
[Cat: Management | Ground: Lesion characteristics]
Q4: Do you think the damage will get worse if I don’t do anything?
A: Yes, larger lesions may grow and affect more surface area.
[Cat: Prognosis | Ground: Lesion distribution]
Q5: How can I prevent this from happening again?
A: Crop rotation, row covers, and removing fallen debris.
[Cat: Prevention | Ground: Causes]

Figure 14: Beyond Pathogenic Disease: Healthy, Abiotic, and Pest Conditions. This figure illustrates the dataset’s
coverage of diverse plant health states. (a) Healthy Control: The model validates health by citing "uniform green
color" and the absence of lesions. (b) Senescence: The inquiry identifies abiotic stress (aging/dryness) based on
global uniform browning and papery texture, distinguishing it from focal infection. (c) Pest Damage: The reasoning
chain differentiates physical damage (holes) from pathogenic spots and recommends insect-specific treatments
(Neem oil) rather than fungicides.
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Figure 15: Semantic Accuracy Evolution across the Chain-of-Inquiry Trajectory. The figure illustrates the
layer-wise diagnostic accuracy improvement for all 12 evaluated models as they progress through the 7-step
diagnostic inquiry. Green lines indicate Mild infection, showing the strongest positive trajectory, while Red lines
(Severe) indicate lower baselines and higher volatility. We observe a consistent positive reasoning trajectory, where
accuracy improves with each subsequent question, validating the hypothesis that structured inquiry refines diagnostic
precision over time. Notably, the performance is stratified by disease severity: models consistently achieve the
highest accuracy on Mild cases (green lines), where visual symptoms are distinct, but struggle with Severe cases (red
lines), where extensive tissue necrosis often obscures the discriminative features required for accurate grounding.
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Figure 16: A comprehensive analysis of diverse disease distribution across crops species of the final PlantInquiryVqa
dataset
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