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A Data Source364

The MIRAGE benchmark is constructed from a large-scale archive of real-world agricultural consulta-365

tions obtained from Ask Extension [22], a U.S. national digital platform maintained by the Extension366

Foundation. Ask Extension is part of the broader Cooperative Extension System, a federally supported367

network of land-grant universities that delivers science-based, community-oriented education and368

services across the United States. The platform connects members of the public, such as farmers,369

gardeners, or homeowners, with university-affiliated experts who provide timely, research-backed370

responses to their questions.371

Inquiries submitted through the Ask Extension portal are answered by a diverse pool of domain372

specialists, including university faculty, Extension educators, and trained volunteers such as Master373

Gardeners. These responses reflect both academic rigor and region-specific expertise, leveraging374

a unique model of public scholarship that blends localized agricultural knowledge with the latest375

findings from land-grant institutions. This institutional provenance ensures that the answers used in376

our dataset are highly reliable, authored by qualified experts, and grounded in scientifically validated377

practices.378

We collected approximately 285,393 interactions (218,431 for single-turn; 66,962 for multi-turn) from379

the Ask Extension platform, spanning from December 2012 to April 2025. Each entry captures a real380

question from a user, along with the corresponding expert response, and may include user-uploaded381

images, time of submission, and geographic metadata.382

39%35.5%

25.5%

30%

70%

Figure 3: Filtered AskExtension data—(left) number of images per user question, (center) number of
URLs per expert answer, and (right) distribution of total URL content length.

As seen in Figure 3, Our filtered AskExtension dialogues are strongly multimodal and reference-rich.383

Users typically include one to three images in their questions, about 35% of turns have a single384

image, 26% include two, and 39% include three. Experts in turn ground their advice in external385

sources: roughly 70% of answers cite a single URL, while the remaining 30% provide two. The total386

amount of content fetched from those links spans from about 2 000 up to 10 000 tokens per response,387

indicating that experts draw on substantial external context to support their guidance.388

B Related Works389

Multimodal Large Language Models: Recent advances in multimodal large language models390

(LLMs) have markedly expanded vision–language reasoning capabilities. Proprietary models such391

as GPT-4 [8], Claude 3 Sonnet [10], and Google’s Gemini [51] demonstrate strong capabilities392

in unifying visual and textual modalities, achieving notable success across diverse multimodal393

benchmarks. Concurrently, open-source models—including Qwen-VL 2.5 [14], Gemma 3 [52], and394

InternVL-3 [68]—have narrowed the performance gap while remaining publicly accessible. Although395

these models excel on general-domain benchmarks, they underperform in agriculture: they lack396

fine-grained visual expertise, agronomic terminology, and the ability to reason about rare biological397

entities and management practices. MIRAGE is designed to expose these weaknesses by providing398

domain-specific, multimodal tasks that require expert-level diagnosis and advice.399
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Figure 4: Overview of the tasks in MIRAGE dataset. Dialogues can be single-turn or multi-turn.
MMST tasks feature teo subsets: Standard and Contextual

Multimodal Agricultural Benchmarks: Agricultural benchmarks [17, 23, 28] have progressed400

from controlled, image-only datasets to more realistic vision–language corpora. Early resources such401

as PlantVillage [33] and PlantDoc [48] emphasise leaf-level disease classification under laboratory402

and in-field conditions, respectively. The AgMMU [27] benchmark augments field images with403

farmer–expert dialogues, yet its evaluation is dominated by short, synthetic multiple-choice questions404

that limit open-ended reasoning. The recent Crop Disease Domain Multimodal (CDDM) [39] corpus405

contributes 137k crop–disease images paired with 1 M single-turn QA pairs, but it focuses narrowly on406

disease identification and management. In contrast, MIRAGE is derived from large-scale, real-world407

consultations covering more than 7000 biological entities; it offers both single-turn and multi-turn408

tasks, explicitly models clarify-or-respond decisions, and scores long-form answers along multiple409

dimensions of reasoning quality, thereby providing a far more ecologically valid and challenging test410

bed.411

Long-Form Question Answering Evaluation: Lexical-overlap metrics such as ROUGE [36], BLEU412

[43], and BERTScore [67] are ill-suited to evaluating open-ended, knowledge-intensive answers,413

as they correlate poorly with human judgements. Recent work therefore adopts LLM-as-Judge414

paradigms, exemplified by AlpacaEval [20], MT-Bench [13], and G-Eval [40], in which powerful415

LLMs are prompted to assess responses along axes such as factuality, coherence, and completeness.416

While these methods better align with human preferences, single-model evaluations remain vulner-417

able to bias and opacity. MIRAGE employs an interpretable ensemble of reasoning-focused LLM418

judges DeepSeek-R1-Distilled [31], Qwen 3-32B [5], and Phi-4-Reasoning [6] and by conducting419

three independent generation–evaluation passes per sample. This multi-model, multi-run protocol420

enhances robustness, enables variance analysis, and provides publicly inspectable rationales, yielding421

transparent and reproducible long-form QA evaluation.422
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C MIRAGE-MMST423

C.1 Benchmark Details424

We summarize the key statistics of MIRAGE-MMST dataset in Table 4, which forms the single-turn425

evaluation component of the MIRAGE benchmark. The dataset is partitioned into three subsets:426

Standard, Contextual, and Standard Training Data, each designed to support different evaluation and427

training objectives.428

Table 4: Statistics for MIRAGE-MMST
Overall Statistics Standard Contextual Standard Training Data

Total Samples 8 184 3 934 17 532
Total Images 15 069 8 069 33 120

Per-Sample Statistics

Avg. Question Words 69.57 80.94 67.53
Avg. Answer Words 163.13 222.97 171.18
Avg. Number of Images 1.84 2.05 1.89

Category Statistics

Total IDENTIFICATION TASKS 4 324 - 7 398
Plant Identification 2 600 - 3 919
Insect and Pest Identification 1 146 - 2 131
Plant Disease Identification 578 - 1 348

Total MANAGEMENT TASKS 3 860 3 934 8 957
Plant Care and Gardening Guidance 1 609 1 797 3 707
Insect and Pest Management 725 641 1 689
Plant Disease Management 1 047 1 184 2 445
Weeds / Invasive Plants Management 479 312 1 116

Others - - 1 177

Entity Statistics

Plant Entities 4 485 999 1 725
Insect / Pest Entities 1 732 306 840
Plant Disease Entities 639 200 320

Overall Composition: The dataset comprises a total of 29,650 high-quality user-expert interactions429

and over 56,000 user-submitted images. The Standard Benchmark subset contains 8,184 samples,430

while the Contextual Benchmark includes 3,934 samples that explicitly rely on implicit context (e.g.,431

location-related, timing-related) not explicitly derivable from image or user query and metadata. An432

additional 17,532 samples are used for training and pre-tuning models.433

Per-Sample Characteristics: Each sample includes both user and expert turns along with image434

inputs. On average, standard samples contain 69.6 words in user questions, 163.1 words in expert435

answers, and 1.84 images per sample. Contextual samples tend to be longer and more detailed, with436

80.9 words per question, 222.9 words per answer, and a slightly higher image count (2.05 images per437

sample), reflecting the increased reasoning burden in these settings.438

Task Category Distribution: MIRAGE-MMST covers a broad spectrum of expert tasks, which are439

grouped into two high-level categories: A.) Identification Tasks (7398) including, Plant Identification440

(3,919), Insect and Pest Identification (2,131), Plant Disease Identification (1,348) & B.) Management441

Tasks (8957) spanning, Plant Care and Gardening Guidance (3,707), Insect and Pest Management442

(1,689), Plant Disease Management (2,445), Weed and Invasive Plant Management (1,116)443

Entity Coverage: The dataset includes over 7,000 unique biological entities, with fine-grained444

coverage across: 4,485 plant species, 1,732 insect/pest categories and 639 plant disease types.445
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C.2 Data Curation Details446

Our benchmark utilizes real-world dialogue data sourced from online platforms, necessitating a447

rigorous multi-step curation process to ensure the dataset’s high quality and relevance. The curation448

process comprises four main steps (See Figure 5):449

Figure 5: An Illustration of Data Curation Process for MIRAGE-MMST

Step 1: Data Cleaning450

The initial step involved removing unsatisfactory or incomplete data points. We first sampled the451

data and conducted manual checking, identifying four primary issues. Specifically, we excluded452

dialogues where the expert: (1) recommended contacting another individual or organization; (2)453

requested additional information from the user without providing a complete standalone response, as454

the benchmark focuses exclusively on single-turn dialogues; (3) expressed uncertainty regarding their455

response; or (4) explicitly indicated an inability to assist. Subsequently, we employed GPT-4o-mini456

to automate the filtering of these identified issues. Manual verification and automated filtering were457

iteratively performed to refine and optimize the filtering prompts. Final results of this process are458

described in Section C.3. Additionally, expert responses containing inaccessible or broken URLs459

were removed to ensure the dataset’s integrity and usability.460

Let the initial dataset of raw expert-user dialogues be denoted as:461

D0 = {(qi, ai,mi)}Ni=1

where qi is the user query, ai is the expert response, mi is associated metadata (e.g., images,462

timestamp, location), and N is the number of raw entries.463

Filtering Unvalid Samples We define a filtering function fvalid : D0 → {0, 1}, which retains a464

dialogue only if the response:465

• is complete (not asking for follow-up or deferring);466

• does not express uncertainty or redirect the user;467

• is not a broken or inaccessible URL;468

The cleaned dataset is:469

D1 = {(qi, ai,mi) ↑ D0 | fvalid(qi, ai,mi) = 1}

Step 2: Data Categorization470

Data Classification: We categorized the dataset into subsets relevant to agricultural language model471

research, resulting in seven primary categories grouped into two subsets: Subset 1: Identification472

(Plant Identification, Insect and Pest Identification, Plant Disease Identification) and Subset 2:473

Management (Plant Disease Management, Insect and Pest Management, Plant Care and Gardening474

Guidance, Weeds/Invasive Plants Management). Dialogues not fitting these categories were labeled475

as "Others." We used GPT-4.1 to classify the dataset.476
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Let C : D1 → C be a classifier mapping each sample to one of K = 7 predefined agronomic477

categories. Define:478

cati = C(qi, ai,mi)

Entity Extraction: We extracted relevant entities based on the assigned category: plant names for479

Plant Identification, Plant Care and Gardening Guidance, and Weeds/Invasive Plants Management;480

insect or pest names for Insect and Pest Identification and Management; and disease names for Plant481

Disease Identification and Management. We used GPT-4.1-mini to extract the entities. These entities482

are then enriched with their synonyms (See Section C.4).483

Let Eplant, Epest, Edisease be entity extractors for respective domains. Then:484

ei =






Eplant(qi, ai), if cati ↑ {Plant ID, Plant MG, Care/Weeds MG}
Epest(qi, ai), if cati ↑ {Pest ID, Pest MG}
Edisease(qi, ai), if cati ↑ {Disease ID, Disease MG}

Contextual-Aware Labeling: Contextual-aware labeling involved analyzing expert answers that485

leveraged implicit context such as user location and timing. These instances included cases where486

experts cited location-specific regulations or practices, provided location-dependent advice, referenced487

current weather conditions specific to the user’s location and timing (e.g., recent drought, frost488

conditions), or offered time-specific recommendations. These were labeled as "location_related" or489

"time_related" data. We used GPT-4o and GPT-4o-mini to label the data. This step also involved490

manual checking. Final results of this process are described in Section C.3.491

Let ωctx : D1 → {0, 1} indicate whether a sample includes contextual elements (e.g., location-specific492

recommendations):493

ωctx(qi, ai,mi) =

{
1 if contextual reasoning is present
0 otherwise

Split the dataset as:494

Dstandard = {(qi, ai,mi, cati, ei) | ωctx = 0}, Dcontextual = {(qi, ai,mi, cati, ei) | ωctx = 1}

Step 3: Data Reformatting495

Content Removal and Question Enhancement: We reformatted the remaining data to enhance496

clarity and appropriateness for language model benchmarks. Specifically, we removed personal497

identification information, references specific to the "Ask Extension" service, and content unsuitable498

for interactions with language models (e.g., mentions of voicemails). Additionally, relevant details499

from dialogue titles were merged into questions when they provided additional context. We used500

GPT-4.1-mini model to reformat the data.501

Integration of Supplementary Content: Approximately half of the expert responses contained URLs502

referencing supplementary information. To enrich these responses, we crawled and extracted the503

content from these URLs. Subsequently, we used the GPT-4.1 model to integrate this supplementary504

content with the original expert answers, producing more detailed and comprehensive responses.505

Identification Answer Reconstruction with Visual Enhancement: Initial identification (ID) dataset506

expert responses included reasoning processes and conclusions but lacked consistent formatting,507

comprehensive visual descriptions, and complete reasoning chains. We utilized the GPT-4.1-mini508

model, capitalizing on its multimodal and information integration capabilities, to reconstruct and509

enhance these responses. This involved adding detailed descriptions of key visual characteristics510

(such as distinguishing features of plants and insects, or observable symptoms of plant diseases)511

and constructing clear, coherent reasoning chains. The standardized answers were formatted into a512

concise single-paragraph structure, clearly presenting both the reasoning process and the final result,513

thereby facilitating efficient benchmark evaluation.514

Let DID ↓ Dstandard ↔Dcontextual with cati ↑ {Plant ID, Pest ID, Disease ID}. We define an enhanced515

answer:516

a→i = llm(ai,mi)
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The reconstructed dataset is:517

DID-enhanced = {(qi, a→i,mi, cati, ei) ↑ DID}

Step 4: Data Splitting518

We first divided the dataset into standard and contextual subsets based on contextual-aware labeling.519

Standard Data: The standard data subset was partitioned into benchmark (30%) and training (70%)520

datasets. The splitting aimed to maximize diversity by ensuring at least one sample per entity in the521

benchmark, which led to some entities appearing exclusively in the benchmark due to limited samples.522

Additionally, we preserved the original distribution across all seven categories and maintained the523

proportion of URL-based responses within each category. Ultimately, we obtained a Standard524

Benchmark dataset of 8,184 dialogues and a training dataset of 17,532 dialogues.525

Contextual Data: Context-sensitive questions were augmented with explicit user location and timing526

details. Due to their complexity, these were entirely allocated to the Contextual Benchmark, totaling527

3,934 dialogues.528

We define a stratified sampling function S : Dstandard → {0, 1} for selecting 30% of data for529

benchmarking:530

Dstandard
benchmark = {x ↑ Dstandard | S(x) = 1}, Dstandard

train = Dstandard \ Dstandard
benchmark

C.3 Manual Check and Model Selection for Data Sanitation531

As part of our data curation pipeline, we conducted a targeted analysis of user-expert conversations to532

identify specific characteristics that affect data quality. This step was essential for filtering low-value533

interactions and retaining samples that reflect sensitivity to latent contextual reasoning typical in534

real-world agricultural consultations.535

We focused on three key characteristics:536

• Unsatisfactory: These include expert replies that fail to provide meaningful or actionable537

guidance. Common patterns include vague disclaimers such as “I’m not sure how to help you538

with this” or deferrals to third-party support (“You may want to contact your local extension539

office”). These represent non-informative speech acts and were marked for exclusion from540

the curated dataset to maintain high informational integrity.541

• Location-related: Many expert responses assumed the user’s geographic context, such as542

referencing local regulations, climate patterns, or soil characteristics, without this context543

being explicitly provided by the user. While this introduces contextual elision, these544

responses are not deficiencies; they reflect realistic, situated expertise. We retained these545

samples, recognizing their value in evaluating models’ ability to interpret or recover latent546

geographic/location-related context.547

• Time-related: Similarly, several expert responses implicitly relied on temporal context,548

such as seasonal crop cycles or pest development stages. These exhibited temporal under-549

specification, where the meaning of the advice depends on when the consultation occurred550

(e.g., “The pest is likely in its larval stage right now” during a spring consultation). These in-551

teractions were preserved as they reflect authentic domain-specific reasoning under temporal552

constraints.553

To identify these characteristics at scale, we first manually annotated a stratified sample of 111554

conversations. Each was labeled with one or more of the above characteristics. We then used few-555

shot prompting to evaluate a set of large language models (LLMs) on their ability to classify these556

characteristics. For each model, we provided a set of illustrative examples demonstrating how each557

characteristic manifests in expert replies. We measured performance using standard classification558

metrics: accuracy, precision, recall, and F1 score, broken down by characteristic type. (See Table 5)559

Based on this evaluation, we selected gpt-4o-min plus analysis for filtering unsatisfactory data and560

labeling location-related data; gpt-4o plus analysis for labeling time-related data in our data curation561

workflow.562
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Table 5: Performance of various LLMs on conversational characteristic classification. "Model +
Analysis" denotes that the model first generates an analysis before classification; "Model" indicates
direct classification without intermediate analysis.

Characteristic Count Model Accuracy Precision Recall F1 Score

Unsatisfactory 51

gpt-4o-mini 0.855 9 0.830 2 0.862 7 0.846 2
gpt-4o 0.819 8 0.792 5 0.823 5 0.817 1
gpt-4o-mini + analysis 0.855 9 0.777 8 0.960 8 0.9176
gpt-4o + analysis 0.828 8 0.796 3 0.843 1 0.833 3
gemini-2.0-flash 0.873 9 0.836 4 0.902 0 0.888 0
gemini-2.0-flash + analysis 0.882 9 0.865 4 0.882 4 0.878 9

Location-related 25

gpt-4o-mini 0.828 8 0.571 4 0.960 0 0.845 1
gpt-4o 0.918 9 0.833 3 0.800 0 0.806 5
gpt-4o-mini + analysis 0.927 9 0.840 0 0.840 0 0.8400
gpt-4o + analysis 0.909 9 0.857 1 0.720 0 0.743 8
gemini-2.0-flash 0.837 8 0.594 6 0.880 0 0.802 9
gemini-2.0-flash + analysis 0.882 9 0.687 5 0.880 0 0.833 3

Time-sensitive 16

gpt-4o-mini 0.855 9 0.500 0 1.000 0 0.833 3
gpt-4o 0.918 9 0.652 2 0.937 5 0.862 1
gpt-4o-mini + analysis 0.855 9 0.500 0 0.937 5 0.797 9
gpt-4o + analysis 0.964 0 0.875 0 0.875 0 0.8750
gemini-2.0-flash 0.675 7 0.307 7 1.000 0 0.689 7
gemini-2.0-flash + analysis 0.846 8 0.484 8 1.000 0 0.824 7

C.4 Biological Entity Synonymy Collection563

To facilitate fair evaluation of biological entity identification in model outputs, we developed a564

comprehensive name collection pipeline that aggregates all valid references, both scientific and ver-565

nacular, for biological entities in our dataset. Rather than standardizing to a single canonical form, our566

objective was to compile an exhaustive synonymy for each entity, enabling robust matching regardless567

of the nomenclatural variant used. The system queries multiple authoritative taxonomic databases via568

their APIs in a hierarchical approach, beginning with the Global Biodiversity Information Facility569

(GBIF) [2] and extending to iNaturalist [54] Encyclopedia of Life (EOL) [1], Integrated Taxonomic570

Information System (ITIS) [3], Wikipedia [58], and NCBI Taxonomy [4]. Queries are enhanced571

with category-specific context (e.g., kingdom Plantae for botanical entries) to improve retrieval572

accuracy. For each entity, we preserve all retrieved scientific names (including accepted names,573

synonyms, and historical nomenclature) and vernacular names across languages, with metadata574

indicating the source authority. This comprehensive approach prevents unfair penalization during575

model evaluation when, for instance, a model correctly identifies an organism using its scientific576

name (Phytolacca americana) while the reference answer uses a common name ("pokeweed"), or vice577

versa. The resulting enriched dataset maintains the original hierarchical structure while appending all578

valid nomenclatural alternatives, thereby supporting more equitable assessment of biological entity579

recognition capabilities.580

D MMST Evaluation Criteria581

D.1 Reasoning LLM-as-Judge582

D.1.1 Traditional LLM-as-Judge583

Traditional metrics for evaluating long-form question answering have significant limitations. Research584

by Xu et al. [60] reveals that established approaches like ROUGE and BERTScore frequently diverge585

from human quality assessments, creating a fundamental evaluation challenge. A breakthrough586

solution has emerged in the form of language model-based evaluation frameworks. Cortes et al.587

[19] found that carefully designed prompting strategies with advanced models like GPT-4 can588
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achieve remarkable alignment with human judgment, particularly when assessing the thoroughness589

of responses. This paradigm shift suggests that AI systems themselves may offer the most effective590

tools for evaluating complex natural language generation tasks.591

LLMs have become widely adopted as evaluators in benchmarks like AlpacaEval [21], MT-Bench592

[13], and Chatbot Arena [16], where models such as GPT-4 conduct pairwise preference assessments593

based on helpfulness, factuality, and engagement. Frameworks like G-Eval [40] further enable594

fine-grained scoring by prompting models to assess specific dimensions using structured rubrics.595

These LLM-based evaluations have shown stronger alignment with human judgments than traditional596

metrics, especially on long-form and knowledge-intensive tasks.597

However, relying on a single model introduces concerns around opacity, bias, and instability, including598

self-preference and sensitivity to output variance. To address this, we implement a multi-model,599

multi-run evaluation protocols that improve interpretability, reduces bias, and yields more robust and600

reproducible assessments.601

D.1.2 Leveraging an Interpretable Ensemble of Reasoning LLMs602

To address the limitations of single-model, single-pass evaluation pipelines, we propose an in-603

terpretable and robust evaluation framework based on an ensemble of reasoning-capable LLMs:604

Deepseek-R1-Distilled [31], Qwen-3-32B [5], and Phi-4-Reasoning [6]. These models were selected605

not only for their demonstrated strength in multi-hop reasoning and long-form comprehension but606

also for their open accessibility, ensuring that our evaluation protocol is fully transparent and repro-607

ducible without dependence on proprietary APIs. Our evaluation protocol is also distinguished by its608

multi-run robustness. For each benchmark sample, we perform three independent inference runs of609

the candidate model to capture natural generation variability. Each of these outputs is then evaluated610

independently by the full ensemble of three judge models. This results in nine total evaluations611

per sample, allowing us to report aggregated metrics that reflect not only average performance but612

also stability and consistency across generations and evaluators. We further analyze cross-model613

agreement and judgment variance to ensure evaluation fidelity. This interpretable ensemble-based614

and multi-run evaluation represents a significant step forward in the use of LLMs as evaluators. It615

brings together the benefits of scale and automation while maintaining experimental rigor.616

D.2 Reliability and Robustness of Multi-Judge Evaluation617

To ensure the statistical robustness and reproducibility of our evaluation framework, we go beyond618

model-averaged scores and perform formal inter- and intra-judge reliability assessments. These anal-619

yses validate both the consistency across judges (inter-rater agreement) and stability within individual620

judges across multiple runs (intra-rater reliability), providing a more rigorous characterization of621

evaluation quality.622

Inter-Judge Agreements: We assess agreement between our ensemble of LLM judges: Deepseek-623

R1-Distilled, Qwen-3-32B, and Phi-4-Reasoning, using two complementary statistical measures:624

• Fleiss’ Kappa: To measure categorical agreement across multiple judges, we binarize625

evaluation outcomes (e.g., correct vs. incorrect) and compute Fleiss’ ε [25], a widely used626

metric for evaluating agreement on nominal data among fixed raters. This quantifies how627

consistently the LLM judges classify outputs beyond what would be expected by chance.628

• Kendall’s W (Coefficient of Concordance: For tasks involving ordinal scoring or ranking629

of generations, we compute Kendall’s W [24], a non-parametric measure of rank correlation.630

This accounts for judges using different scoring scales by focusing on relative orderings.631

To accommodate tied ranks, we use the corrected-for-ties version of Kendall’s W. The632

coefficient ranges from 0 (no agreement) to 1 (perfect agreement), enabling us to quantify633

the degree of concordance in evaluative judgments.634

The results of our inter-judge reliability analysis, shown in Figure 6, reveal consistently high agree-635

ment among the three LLM judges across a diverse set of evaluated models. Fleiss’ ε scores for the ID636

task (binary classification) generally fall within the 0.75–0.88 range, indicating “good” to “excellent”637

agreement by standard interpretation guidelines The bottom plot presents inter-judge agreement638

measured by Kendall’s W across four evaluation dimensions: accuracy, completeness, parsimony,639

and relevance, for 23 vision-language models. Overall, models exhibit moderate to strong agreement640
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Figure 6: (Top): Inter-judge reliability of LLM-based evaluation using Fleiss’ ε (binary classification
of ID correctness) across evaluated models on MMST-ID. Each bar represents the agreement among
the three ensemble judges—Deepseek-R1-Distilled, Qwen 3 32B, and Phi-4-Reasoning. (Bottom):
Kendall’s W across four evaluation dimensions in MMST-MD: accuracy, completeness, parsimony,
and relevance—for 23 vision-language models. Higher values indicate stronger rank correlation
among the three LLM judges.

(W = 0.69–0.87), indicating consistent ranking behavior among the three LLM judges. Agreement is641

highest for accuracy. In contrast, parsimony scores demonstrate lower concordance (W = 0.64–0.73),642

indicating greater variability in how judges interpret brevity or conciseness. Qwen, Claude, and643

Gemma families show relatively stable agreement across all four dimensions, highlighting their644

reliability as evaluated agents. The relatively lower agreement for some models, such as LLaVA-645

based variants and InternVL3-2B, particularly on reasoning metrics, highlights instances where judge646

interpretations diverged, possibly due to varied output styles or ambiguous task completions.647

Intra-Judge Reliability: In addition to evaluating agreement across different models, we assess648

intra-judge reliability by running each judge model three independent times on the same set of649

samples. This allows us to measure the stability of each model’s judgments under natural generation650

variability.651

For this purpose, we compute the Intraclass Correlation Coefficient (ICC), which quantifies how652

consistently a single model scores the same item across multiple runs. ICC is particularly suited653

for this setting as it accounts for both within-subject and between-subject variability, providing a654

continuous-scale assessment of intra-rater consistency. Following established interpretative guidelines655

[18] we classify ICC values into bands (e.g., moderate, good, excellent) to report the strength of656

reliability for each judge.657

To assess the consistency of our LLM-based judges, we conducted a three-run intra-rater reliability658

analysis using the Intraclass Correlation Coefficient (ICC2) shown in Figure 7, separately computed659

for binary ID judgments and ordinal reasoning assessments. The results indicate that both DeepSeek-660

R1 and Qwen3-32B exhibit strong intra-judge reliability. DeepSeek-R1 shows excellent agreement661

on ID assessments across almost all models, with ICC2 values typically in the 0.85–0.90 range. We662

also observe that LLaVA-based models tend to show more intra-model fluctuation, potentially due to663

less structured or variable outputs.664
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Figure 7: Intra-rater reliability (ICC2) of our interpretable ensemble judges over three independent
runs, shown for two judge models. (Top): DeepSeek-R1-Distill and Bottom: Qwen3-32B. Both
models exhibit consistently high reliability of judgement on MMST-ID

D.3 Diagnostic Parsimony665

Diagnostic parsimony refers to the principled restraint in offering explanations, favoring the simplest666

account consistent with observed evidence while avoiding unnecessary speculation. [42] shows667

that humans have a robust bias toward simpler explanations, not just for cognitive ease but because668

simplicity aids understanding, memory, and decision-making. In agriculture, this principle is espe-669

cially critical: farmers and gardeners often seek immediate, actionable advice under time-sensitive670

or resource-constrained conditions. Overly elaborate responses can obscure key insights, introduce671

confusion, or even lead to misapplied interventions. As in medicine and law, where expert communi-672

cation must balance completeness with clarity, parsimony is a cornerstone of effective agronomic673

consultation. LLM/LVLM answers in such knowledge-intensive domains must therefore strive to be674

concise yet comprehensive, ensuring the user gets just enough information to act confidently. Studies675

show that human evaluators, particularly non-experts, tend to prefer shorter, to-the-point responses,676

even when some details are omitted [61].677

However, many instruction-following LLMs/LVLMs often default to verbose outputs, including678

tangential or overly cautious elaborations. As illustrated in Figure 8, when responding to a user’s679

concern about bark defects on a tree, GPT-4.1 generates a detailed and structured diagnostic explana-680

tion covering wound physiology, tree tolerance, preventative care, and multi-step recommendations.681

Qwen 2 VL 72B, while more concise, still includes speculative possibilities (e.g., fungal infection,682

water stress) and a broad checklist of actions. In contrast, the human expert offers a brief but deci-683

sive interpretation, attributing the damage to non-serious activity and explicitly recommending no684

treatment. This behavior not only hinders user trust and satisfaction but also confounds traditional685

QA metrics like exact match (EM) and F1, which are poorly suited to judge informativeness under686

parsimony constraints. [9].687
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This tree has been very happy in our soggy back yard, but we have noticed four of these bark defects along the trunk. Are 
they a problem? (Also looks like a sapsucker was in the 'hood)

The bark defects on your tree could be caused by several factors, including physical injury, fungal infection, 
or environmental stress. Here are a few possibilities: 
1. Wound Healing or Mechanical Damage The lesions on the bark may be from past injuries, such as 
branch pruning, animal damage, or impact. Trees naturally form callous tissue over wounds, but if the bark 
peels away excessively, it may indicate an issue. 

2. Fungal or Bacterial Infection If the bark is splitting or oozing sap, it might be due to pathogens like 
Botryosphaeria (a canker-causing fungus) or Pseudomonas syringae (bacterial canker). Wet conditions in 
your soggy yard may contribute to fungal infections. 

3. Sapsucker Damage The smaller holes likely indicate sapsucker activity. While sapsucker feeding 
usually doesn't cause significant harm, repeated damage can stress the tree. 

4. Water Stress or Poor Drainage If your yard remains overly soggy, root rot can weaken the tree, 
making it more susceptible to infections. 

What to Do?
1. Inspect the wood under the peeling bark – If it’s soft, discolored, or has a foul smell, it may be 

rotting. 
2. Check for signs of fungus – Fruiting bodies or dark streaks can indicate infection. 
3. Prune affected areas carefully – Remove any dead or infected wood. 
4. Improve drainage – If water retention is an issue, consider aerating the soil or creating a raised bed 

around the tree. 
5. Monitor for progression – If the lesions enlarge or spread, consulting an arborist might be necessary.

Qwen 2 VL 72B

SYSTEM PROMPT: Assume you are an agronomy expert and providing consultation to common users. As an expert, your 
task is to provide evidence-based answers to the user's concern. Analyze the image provided by user and their request 
and then respond. 

These patches of missing bark are almost certainly sap-wells made by a sapsucker (a type of small 
woodpecker) rather than a fungal canker or mechanical injury. Here’s what you need to know:
1. How sapsucker damage works
- Sap wells: Sapsuckers drill neat rows of holes through the bark and into the living cambium to drink the 
sap.
- Wound appearance: The lesions in your photo are elongated patches where the bird has gouged 
through the outer bark, exactly where you’d expect a sapsucker to feed.

2. Why it’s usually not fatal
- Compartmentalization: Healthy trees seal off (compartmentalize) small wounds by forming callus 
tissue around them.
- Tolerance: Research shows that most broadleaf trees can tolerate up to ~25–30 % trunk-area sap-well 
damage with only minor growth reduction.

3. When to worry
- Girdling risk: If successive rows encircle more than half the trunk’s circumference, sap flow can be 
seriously interrupted (girdling), which may eventually kill the tree above the wound.
- Stress factors: Because your yard is soggy, the tree is already under some root/stress pressure—
repeated drilling could push it over the edge.

4. What you can do
1.Monitor

1. Check each spring for new wells. If you see fresh feeding, take deterrent steps.
2.Protect the trunk

1. Wrap a ½″ galvanized-mesh sleeve (hardware cloth) loosely around the trunk (spring–summer), or
2. Hang shiny tape or pinwheels on nearby branches to spook the bird.

3.Promote tree vigor
1. Improve drainage (e.g. a shallow trench or raised bed) so roots aren’t water-logged.
2. Mulch (2–3 in) out to the drip line and avoid damaging roots with lawn equipment.
3. Fertilize lightly in early spring if soil tests show nutrient deficiencies.

4.Let it heal naturally
1. Do not paint or seal the wounds—studies have repeatedly shown that wound dressings do not 

speed healing and can trap moisture and pathogens.

GPT-4.1

The trunk scars do not appear to be new and look well healed. We see no rot. We can't say what 
caused the scars, perhaps old healed wounds from loss of a branch or bark cracking from winter 
temperature swings. At any rate, they do not appear worrisome. Yes, it has been visited by 
sapsuckers, briefly. Also not a problem. Trees tolerate hundreds, if not thousands, of their shallow holes. 
It is not an indicator of disease or insect problems. They feed on the sap and the insects stuck in the 
sap. No treatment is recommended. category: Plant Care and Gardening Guidance

Human Expert

Human User

Figure 8: An illustration of three different diagnostic responses to the same user request from MMST-
MG: Multiple hypotheses/conditions, speculative statements without direct evidence, technical
terminology, actionable intervention recommendations, and definitive expert assessments are each
highlighted in the figure to illustrate the taxonomy of statement types.
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E Additional MMST Benchmark Results688

E.1 MMST Benchmark Main Results689

E.1.1 Standard ID Benchmark Results690

Table 6 summarises identification accuracy (Acc, %) and reasoning accuracy (0–4 scale) for a691

diverse LVLM on the MMST Standard-ID benchmark, reporting scores under three automated692

judges—DeepSeek-R1-Distill, Qwen3-32B, and Phi-4-reasoning. The table reveals a persistent693

proprietary lead: GPT-4.1 achieves the highest scores across all judges, retaining a margin of roughly694

13 pp in identification accuracy and 0.5 points in reasoning over the strongest open-source model,695

Qwen-2.5-VL-72B-Instruct.696

Table 6: Performance Comparison of Large Language Models on MMST (Standard-ID) Benchmark

Model DeepSeek-R1-Distill Qwen3-32B Phi-4-reasoning

Acc (%) Reasoning Acc (%) Reasoning Acc (%) Reasoning

gpt-4.1 44.6 3.07 44.7 2.78 42.4 3.17
gpt-4.1-mini 36.3 2.79 35.0 2.51 32.6 2.95
gpt-4o 40.9 2.52 40.5 2.29 36.6 2.65
gpt-4o-mini 24.3 2.19 22.4 2.01 20.4 2.34
claude-3-7-sonnet 34.3 2.71 34.5 2.40 32.9 2.81
claude-3-5-sonnet 32.3 2.59 32.4 2.29 31.4 2.65
claude-3-haiku 18.7 1.83 18.4 1.63 15.8 1.92

Llama-4-Scout-17B-16E-Instruct 20.6 2.13 21.2 1.96 18.5 2.24
llava-v1.6-mistral-7b-hf 7.7 1.36 7.2 1.18 6.3 1.47
llava-onevision-qwen2-7b-ov-hf 9.9↑29 1.63↑20 9.4↑31 1.45↑23 9.0↑43 1.70↑16

Qwen2.5-VL-3B-Instruct 17.4 1.55 18.1 1.37 16.0 1.53
Qwen2.5-VL-7B-Instruct 22.5↑29 1.91↑23 23.3↑29 1.70↑24 20.5↑28 1.95↑28

Qwen2.5-VL-32B-Instruct 26.1↑16 2.54↑33 25.3↑9 2.18↑28 23.8↑16 2.57↑32

Qwen2.5-VL-72B-Instruct 30.8↑18 2.59↑2 30.3↑20 2.22↑2 28.4↑19 2.60↑1

gemma-3-4b-it 10.4 1.87 10.7 1.70 10.2 1.95
gemma-3-12b-it 16.1↑55 2.08↑11 15.9↑49 1.82↑7 15.7↑54 2.05↑5

gemma-3-27b-it 19.3↑20 2.28↑10 19.2↑21 2.03↑12 18.1↑15 2.35↑15

InternVL3-2B 10.0 1.64 8.9 1.53 8.2 1.77
InternVL3-8B 12.2↑22 1.81↑10 12.2↑37 1.64↑7 11.4↑39 1.86↑5

InternVL3-14B 14.7↑21 1.95↑8 14.2↑16 1.76↑7 13.6↑19 2.02↑9

InternVL3-38B 20.0↑36 2.13↑9 19.7↑39 1.96↑11 17.8↑31 2.26↑12

InternVL3-78B 23.9↑20 2.28↑7 22.6↑15 2.07↑6 20.8↑17 2.37↑5

Models are color-coded by type: closed-source models in red/light red, open-source models in blue/light blue.

→ values indicate percentage improvements over the previous model size in the same family. Bold purple values

highlight the best performance.
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E.1.2 Standard MG Benchmark Results697

Table 7 presents management-task performance on the MMST Standard-MG benchmark, reporting698

four rubric scores—Accuracy, Relevance, Completeness, and Parsimony (0–4 scale)—under699

the same trio of automated judges used for the ID setting. Consistent with the ID results, the700

proprietary GPT-4.1 model dominates most of metrics across all judges, outscoring the best open-701

source competitor by roughly 0.4 absolute points in Accuracy and by 0.3–0.5 in the Relevance and702

Completeness.703

Table 7: Performance Comparison of Large Vision Language Models on MMST (Standard-MG)
Benchmark

Model DeepSeek-R1-Distill Qwen3-32B Phi-4-reasoning

Acc Rel Comp Pars Acc Rel Comp Pars Acc Rel Comp Pars

gpt-4.1 3.17 3.59 3.39 2.93 3.27 3.59 3.03 2.97 3.27 3.62 3.24 3.14
gpt-4.1-mini 2.93 3.39 3.05 2.91 2.92 3.31 2.54 2.97 2.96 3.40 2.89 3.06
gpt-4o 2.75 3.14 2.57 2.91 2.77 3.10 2.17 3.07 2.78 3.23 2.55 3.03
gpt-4o-mini 2.65 3.01 2.44 2.70 2.64 2.95 2.01 2.83 2.66 3.10 2.40 2.81
claude-3-7-sonnet 2.83 3.29 2.96 2.83 2.82 3.17 2.41 2.89 2.81 3.23 2.71 2.91
claude-3-5-sonnet 2.75 3.22 2.80 2.88 2.75 3.11 2.29 2.94 2.74 3.18 2.62 2.95
claude-3-haiku 2.44 2.92 2.22 2.74 2.37 2.78 1.77 2.82 2.40 2.98 2.15 2.96

Llama-4-Scout-17B-16E-Instruct 2.53 2.96 2.48 2.55 2.51 2.86 1.99 2.63 2.49 2.98 2.34 2.64
llava-v1.6-mistral-7b-hf 2.22 2.55 2.05 2.14 2.20 2.44 1.60 2.26 2.17 2.50 1.93 2.19
llava-onevision-qwen2-7b-ov-hf 2.25 2.61 2.13 2.16 2.22 2.50 1.66 2.29 2.23 2.59 2.02 2.23

Qwen2.5-VL-3B-Instruct 2.10 2.42 1.96 2.01 2.12 2.35 1.55 2.17 2.04 2.37 1.83 2.07
Qwen2.5-VL-7B-Instruct 2.39 2.76 2.36 2.26 2.39 2.65 1.84 2.34 2.36 2.76 2.22 2.33
Qwen2.5-VL-32B-Instruct 2.84 3.25 3.14 2.52 2.80 3.11 2.56 2.31 2.85 3.22 2.93 2.45
Qwen2.5-VL-72B-Instruct 2.70 3.10 2.79 2.56 2.72 3.02 2.25 2.60 2.74 3.15 2.64 2.65

gemma-3-4b-it 2.33 2.82 2.60 2.18 2.28 2.61 2.04 2.06 2.23 2.69 2.31 2.25
gemma-3-12b-it 2.66 3.11 3.01 2.38 2.62 2.89 2.49 2.13 2.61 3.01 2.72 2.40
gemma-3-27b-it 2.80 3.25 3.15 2.52 2.79 3.05 2.65 2.29 2.71 3.11 2.82 2.48

InternVL3-2B 2.12 2.47 1.98 2.07 2.11 2.36 1.56 2.25 2.05 2.41 1.86 2.14
InternVL3-8B 2.36 2.75 2.28 2.39 2.34 2.64 1.83 2.50 2.34 2.74 2.19 2.50
InternVL3-14B 2.49 2.88 2.39 2.58 2.50 2.79 1.95 2.70 2.47 2.88 2.30 2.69
InternVL3-38B 2.56 2.96 2.44 2.66 2.56 2.89 2.01 2.80 2.56 3.01 2.39 2.78
InternVL3-78B 2.60 2.99 2.48 2.97 2.59 2.90 2.03 2.82 2.60 3.04 2.42 2.82

Models are color-coded by type: closed-source models in red/light red, open-source models in blue/light blue.

Scores represent performance on four key metrics (Accuracy / Relevance / Completeness / Parsimony) on a 0-4
scale. Bold purple values highlight the best performance on each metric within each benchmark.
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E.1.3 Contextual MG Benchmark Results704

Table 8: Performance Comparison of Large Vision-Language Models on MMST (Contextual)
Benchmark

Model DeepSeek-R1-Distill Qwen3-32B Phi-4-reasoning

Acc Rel Comp Pars Acc Rel Comp Pars Acc Rel Comp Pars

gpt-4.1 3.21 3.61 3.40 2.94 3.28 3.59 3.01 2.96 3.29 3.61 3.24 3.14
gpt-4.1-mini 2.89 3.37 3.01 2.89 2.88 3.26 2.43 2.93 2.92 3.36 2.82 3.03
gpt-4o 2.73 3.07 2.46 2.85 2.73 3.00 2.03 3.00 2.74 3.17 2.44 2.98
gpt-4o-mini 2.66 2.97 2.36 2.67 2.62 2.87 1.92 2.81 2.63 3.03 2.31 2.76
claude-3-7-sonnet 2.85 3.31 2.94 2.87 2.79 3.13 2.35 2.89 2.80 3.24 2.68 2.90
claude-3-5-sonnet 2.79 3.24 2.80 2.92 2.75 3.09 2.26 2.96 2.76 3.20 2.62 2.95
claude-3-haiku 2.41 2.83 2.08 2.63 2.30 2.65 1.66 2.77 2.37 2.89 2.03 2.88

Llama-4-Scout-17B-16E-Instruct 2.53 2.95 2.38 2.58 2.47 2.78 1.88 2.67 2.48 2.95 2.28 2.71
llava-v1.6-mistral-7b-hf 2.29 2.57 2.03 2.17 2.22 2.44 1.57 2.31 2.22 2.53 1.91 2.24
llava-onevision-qwen2-7b-ov-hf 2.26 2.57 2.01 2.18 2.22 2.46 1.57 2.34 2.22 2.58 1.92 2.30

Qwen2.5-VL-3B-Instruct 2.15 2.43 1.94 2.00 2.10 2.30 1.48 2.16 2.04 2.36 1.80 2.05
Qwen2.5-VL-7B-Instruct 2.30 2.61 2.13 2.20 2.28 2.50 1.65 2.32 2.24 2.60 2.03 2.32
Qwen2.5-VL-32B-Instruct 2.87 3.24 3.11 2.52 2.75 3.06 2.44 2.26 2.86 3.21 2.89 2.43
Qwen2.5-VL-72B-Instruct 2.72 3.07 2.75 2.52 2.68 2.95 2.12 2.53 2.71 3.09 2.57 2.59

gemma-3-4b-it 2.34 2.83 2.57 2.19 2.24 2.56 1.94 2.00 2.22 2.69 2.26 2.22
gemma-3-12b-it 2.76 3.17 3.09 2.42 2.69 2.94 2.52 2.10 2.71 3.08 2.80 2.39
gemma-3-27b-it 2.82 3.28 3.19 2.54 2.79 3.05 2.63 2.28 2.74 3.12 2.83 2.48

InternVL3-2B 2.22 2.51 2.02 2.08 2.16 2.37 1.56 2.22 2.13 2.46 1.88 2.13
InternVL3-8B 2.86 2.76 2.26 2.45 2.37 2.64 1.76 2.56 2.36 2.76 2.14 2.53
InternVL3-14B 2.52 2.85 2.37 2.53 2.49 2.75 1.87 2.64 2.49 2.87 2.26 2.62
InternVL3-38B 2.57 2.90 2.39 2.60 2.54 2.81 1.91 2.73 2.55 2.94 2.31 2.72
InternVL3-78B 2.57 2.92 2.36 3.05 2.54 2.81 1.90 2.78 2.55 2.95 2.30 2.77

Models are color-coded by type: closed-source models in red/light red, open-source models in blue/light blue.

Scores represent performance on four key metrics (Accuracy / Relevance / Completeness / Parsimony) on a 0-4
scale. Bold purple values denote the best score for each metric across all models.
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E.2 Model Scaling Results705

Increasing model scale consistently boosts both identification accuracy and reasoning quality for all706

three open-source LVLM families (See Figure 9).707

(a) Identification Accuracy (b) Reasoning

Figure 9: Performance scaling of open-source LVLM families—Qwen (yellow), Gemma (orange),
and InternVL (red)—on the standard identification benchmark (Judge: DeepSeek-R1-Distill). Shaded
bands denote ±1 std dev across three runs. The dashed purple line shows the closed-source GPT-4.1
result for comparison.

E.3 With/Without Meta Data Results708

Utility of metadata. Tables 9 and 10 contrast model performance when the question is presented709

with versus without the user’s location and timestamp. For the Identification benchmark (Table 9),710

adding metadata yields only modest absolute gains (↗ 1.6 pp ID%) and virtually no change in711

reasoning quality (↗0.05). The strongest closed-source model (GPT-4.1) and the largest open-source712

Qwen-72B both extract a small benefit (+1.6 and +0.6 pp, respectively), whereas lighter counterparts713

(e.g., GPT-4.1-mini, Gemma-3B) see negligible or even negative shifts, suggesting that metadata can714

introduce noise unless the model possesses sufficient capacity to interpret it.715

A similar pattern emerges on the Management benchmark (Table 10): absolute deltas across accuracy,716

relevance, completeness, and parsimony remain within ±0.04, yet the direction of change is revealing.717

Large models (GPT-4.1, Gemma-27B, Qwen-72B) exhibit consistent, albeit small, improvements,718

most notably in relevance and completeness, while smaller models fluctuate or even decline. Overall,719

these findings indicate that spatiotemporal cues confer a measurable but limited advantage, and that720

leveraging them effectively remains contingent on model scale and training.721

Table 9: Impact of metadata (location + time) on identification accuracy (ID%) and reasoning ability
across models on MIRAGE-MMST Standard Identification Benchmark (Judge: DeepSeek-R1-Distill).
The table compares performance in the Image + Text Only setting and the Metadata-Augmented
setting. Arrows (↑/↓) indicate change from baseline. Absolute ! values are reported on the right.

Model Image + Text Only + Metadata ! (Meta – No Meta)

ID% Reason ID% Reason ! ID% ! Reason

gpt-4.1 44.60 3.07 46.2↑ 3.12↑ 1.60 0.05
gpt-4.1-mini 36.30 2.79 35.6↓ 2.81↑ !0.60 0.02
gemma-3-4b-it 10.40 1.87 10.2↓ 1.88↑ !0.20 0.01
gemma-3-27b-it 19.30 2.28 19.0↓ 2.33↑ !0.20 0.04

Qwen2.5-VL-3B-Instruct 17.40 1.55 18.0↑ 1.57↑ 0.60 0.02
Qwen2.5-VL-32B-Instruct 26.10 2.54 25.7↓ 2.54 !0.30 0.00
Qwen2.5-VL-72B-Instruct 30.80 2.59 31.4↑ 2.59 0.60 0.00
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Table 10: Performance of large vision–language models on the MIRAGE-MMST Standard Manage-
ment benchmark (Judge: DeepSeek-R1-Distill), comparing the standard setting (image + text only)
against a metadata-augmented setting (including geographic location and time). Results are reported
over four metrics: accuracy (Acc), relevance (Rel), completeness (Comp), and parsimony (Pars).
Arrows in the metadata columns indicate the direction of change, and absolute ! values are reported.
Model Image + Text Only + Metadata ! (Meta – No Meta)

Acc Rel Comp Pars Acc Rel Comp Pars ! A ! R ! C ! P

gpt-4.1 3.17 3.59 3.39 2.93 3.21↑ 3.62↑ 3.41↑ 2.96↑ 0.04 0.03 0.02 0.03
gpt-4.1-mini 2.93 3.39 3.05 2.91 2.90↓ 3.41↑ 3.05↓ 2.94↑ !0.03 0.02 0.00 0.03
gemma-3-4b-it 2.33 2.82 2.60 2.18 2.32↓ 2.83↑ 2.62↑ 2.18 !0.01 0.01 0.02 0.00
gemma-3-27b-it 2.80 3.25 3.15 2.52 2.81↑ 3.28↑ 3.19↑ 2.55↑ 0.01 0.03 0.04 0.03

Qwen2.5-VL-3B-Instruct 2.10 2.42 1.96 2.01 2.13↑ 2.44↑ 1.99↑ 2.00↓ 0.03 0.02 0.03 !0.01
Qwen2.5-VL-32B-Instruct 2.84 3.25 3.14 2.52 2.83↓ 3.25 3.14 2.54↑ !0.01 0.00 0.00 0.02
Qwen2.5-VL-72B-Instruct 2.70 3.10 2.79 2.56 2.71↑ 3.12↑ 2.83↑ 2.56 0.01 0.02 0.04 0.00

E.4 Fine-Turning Results722

Fine-tuning setup. All models are adapted on the MMST standard training dataset, which contains723

17 532 single-turn consultations, each paired with up to three images. Given the limited corpus size,724

we employ parameter-efficient LoRA fine-tuning: a global batch size of 128, lora_alpha = 64,725

lora_dropout = 0.05, and bfloat16 precision. Optimisation uses AdamW with a cosine learning-726

rate schedule and a warm-up ratio of 0.03. Hardware resources: one NVIDIA H200 GPU suffices for727

the QwenVL-2.5-3 B and 7 B models, while the 32 B model is trained on two H200 cards—enabling728

the full eight-epoch run.729

Effect of LoRA fine-tuning. Figure 10 tracks identification accuracy and reasoning accuracy on730

seen vs. unseen entities, as Qwen2.5-VL models undergo progressively longer LoRA fine-tuning. For731

both the 32 B (left) and 7 B (right) variants, the bulk of the improvement is realised within the first732

four epochs: ID accuracy on seen entities rises from 32.9% to 37.6% for 32 B and from 27.7% to733

34.8% for 7 B. Beyond epoch 4 the gains plateau or slightly regress, hinting at diminishing returns734

and possible over-fitting to the fine-tuning set. Reasoning accuracy follow a similar but more muted735

trend, increasing by at most 0.2–0.3 points before flattening.736

The persistently low curves for unseen entities are unsurprising. Identification requires the model to737

emit an explicit entity name; if that name never appeared in the fine-tuning set, fine-tuning does not738

help.739

Figure 10: LoRA fine-tuning results on identification accuracy and reasoning on Standard Identifi-
cation Benchmark (Judge: DeepSeek-R1-Distill). Bars show ID Accuracy (%) on seen entities and
unseen entities for Qwen2.5-VL-32B (Left) & 7B (Right) at epochs: Instruct (0), LoRA-ep-2, 4, 6, 8.
The grey line marker • traces the Reasoning Score (0–4 scale) on seen entities. Values above each
bar/point give the exact percentages and scores.
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E.5 Category-Wise Breakdown Results740
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E.5.1 Plant Identification Reults (MMST Standard)753

Table 11: Performance Comparison of Large Language Models on the MMST Standard Benchmark
Results for Plant Identification

Model DeepSeek-R1-Distill Qwen3-32B Phi-4-reasoning

Acc (%) Reasoning Acc (%) Reasoning Acc (%) Reasoning

gpt-4.1 48.7 3.13 49.0 2.89 45.9 3.28
gpt-4.1-mini 38.4 2.84 37.2 2.60 34.6 3.04
gpt-4o 44.5 2.58 44.8 2.40 39.7 2.75
gpt-4o-mini 26.8 2.23 25.2 2.09 22.2 2.41
claude-3-7-sonnet 35.8 2.76 36.3 2.51 34.8 2.95
claude-3-5-sonnet 35.0 2.67 35.0 2.42 33.9 2.79
claude-3-haiku 19.6 1.81 18.8 1.70 15.3 1.96

Llama-4-Scout-17B-16E-Instruct 20.1 2.12 21.4 2.01 18.1 2.28
llava-v1.6-mistral-7b-hf 6.7 1.33 6.3 1.19 5.2 1.49
llava-onevision-qwen2-7b-ov-hf 9.6 1.63 8.8 1.54 7.9 1.76

Qwen2.5-VL-3B-Instruct 20.3 1.56 20.8 1.44 18.3 1.57
Qwen2.5-VL-7B-Instruct 25.8 1.94 27.3 1.81 23.6 2.03
Qwen2.5-VL-32B-Instruct 26.3 2.52 25.9 2.23 24.1 2.61
Qwen2.5-VL-72B-Instruct 33.1 2.57 33.1 2.31 30.2 2.69

gemma-3-4b-it 11.4 1.85 11.8 1.74 11.0 2.03
gemma-3-12b-it 17.0 2.08 16.8 1.93 16.0 2.17
gemma-3-27b-it 20.0 2.29 20.4 2.11 18.7 2.47

InternVL3-2B 9.4 1.61 8.1 1.57 7.3 1.80
InternVL3-8B 10.8 1.77 10.8 1.68 9.9 1.91
InternVL3-14B 11.8 1.89 11.5 1.79 10.9 2.03
InternVL3-38B 18.4 2.10 18.6 2.01 16.1 2.30
InternVL3-78B 22.3 2.24 21.6 2.11 19.5 2.41

Models are color-coded by type: closed-source models in red/light red, open-source models in blue/light blue.

Bold purple values denote the best performance in each column.
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E.5.2 Insect and Pest Identification Results (MMST Standard)754

Table 12: Performance Comparison of Large Language Models on the MMST Standard Benchmark
for Insect and Pest Identification

Model DeepSeek-R1-Distill Qwen3-32B Phi-4-reasoning

Acc (%) Reasoning Acc (%) Reasoning Acc (%) Reasoning

gpt-4.1 34.9 2.93 34.9 2.60 32.6 3.01
gpt-4.1-mini 30.1 2.68 28.6 2.38 26.0 2.83
gpt-4o 33.0 2.43 31.2 2.16 27.3 2.53
gpt-4o-mini 17.5 2.12 14.9 1.88 12.8 2.23
claude-3-7-sonnet 27.5 2.56 27.4 2.19 24.5 2.60
claude-3-5-sonnet 24.4 2.42 24.5 2.06 23.6 2.41
claude-3-haiku 15.4 1.83 15.1 1.54 13.3 1.84

Llama-4-Scout-17B-16E-Instruct 16.8 2.10 16.3 1.89 14.1 2.15
llava-v1.6-mistral-7b-hf 7.2 1.35 6.1 1.15 5.1 1.42
llava-onevision-qwen2-7b-ov-hf 8.6 1.57 7.7 1.33 6.5 1.60

Qwen2.5-VL-3B-Instruct 13.5 1.48 13.8 1.26 11.9 1.45
Qwen2.5-VL-7B-Instruct 18.3 1.90 18.2 1.60 15.8 1.92
Qwen2.5-VL-32B-Instruct 23.9 2.52 23.1 2.13 20.2 2.54
Qwen2.5-VL-72B-Instruct 25.6 2.46 23.6 2.11 22.5 2.49

gemma-3-4b-it 5.8 1.85 6.2 1.65 5.8 1.84
gemma-3-12b-it 10.2 1.96 10.8 1.60 10.6 1.79
gemma-3-27b-it 14.4 2.16 13.8 1.89 13.4 2.16

InternVL3-2B 9.2 1.66 7.9 1.48 6.3 1.74
InternVL3-8B 11.2 1.78 11.5 1.57 9.8 1.76
InternVL3-14B 13.9 1.92 13.0 1.69 11.9 1.95
InternVL3-38B 17.5 2.12 17.3 1.87 15.3 2.20
InternVL3-78B 22.1 2.29 19.5 2.03 17.9 2.30

Models are color-coded by type: closed-source models in red/light red, open-source models in blue/light blue.

Bold purple values denote the best performance in each column.
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E.5.3 Plant Disease Identification Results (MMST Standard)755

Table 13: Performance Comparison of Large Language Models on the MMST Standard Benchmark
for Plant Disease Identification

Model DeepSeek-R1-Distill Qwen3-32B Phi-4-reasoning

Acc (%) Reasoning Acc (%) Reasoning Acc (%) Reasoning

gpt-4.1 45.7 3.06 44.6 2.62 46.0 2.97
gpt-4.1-mini 38.8 2.79 37.7 2.37 36.5 2.77
gpt-4o 40.5 2.46 40.0 2.02 41.0 2.46
gpt-4o-mini 26.5 2.15 24.9 1.88 27.2 2.22
claude-3-7-sonnet 40.8 2.77 40.7 2.28 41.0 2.58
claude-3-5-sonnet 35.6 2.62 36.2 2.15 35.3 2.48
claude-3-haiku 21.5 1.91 23.2 1.54 22.8 1.91

Llama-4-Scout-17B-16E-Instruct 30.4 2.26 30.3 1.90 29.4 2.19
llava-v1.6-mistral-7b-hf 13.0 1.48 13.7 1.15 13.3 1.47
llava-onevision-qwen2-7b-ov-hf 13.8 1.71 15.7 1.30 18.3 1.67

Qwen2.5-VL-3B-Instruct 12.3 1.63 14.5 1.25 13.8 1.52
Qwen2.5-VL-7B-Instruct 15.9 1.77 15.4 1.38 16.1 1.70
Qwen2.5-VL-32B-Instruct 29.4 2.61 27.0 2.04 29.4 2.44
Qwen2.5-VL-72B-Instruct 30.6 2.95 31.0 2.03 31.1 2.41

gemma-3-4b-it 15.4 1.99 14.7 1.61 15.6 1.77
gemma-3-12b-it 23.5 2.30 22.3 1.78 24.2 2.05
gemma-3-27b-it 25.6 2.48 24.4 1.96 25.1 2.18

InternVL3-2B 14.0 1.76 14.5 1.47 15.9 1.73
InternVL3-8B 20.1 2.04 19.7 1.60 21.1 1.86
InternVL3-14B 29.8 2.23 28.4 1.78 29.2 2.08
InternVL3-38B 31.8 2.30 29.6 1.90 30.3 2.22
InternVL3-78B 35.1 2.44 33.2 1.96 32.7 2.33

Models are color-coded by type: closed-source models in red/light red, open-source models in blue/light blue.

Bold purple values denote the best performance in each column.
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E.5.4 Plant Disease Management Results (MMST Standard)756

Table 14: Performance Comparison of Large Vision–Language Models on MMST Standard Bench-
mark for Plant Disease Management

Model DeepSeek-R1-Distill Qwen3-32B Phi-4-reasoning

Acc Rel Comp Pars Acc Rel Comp Pars Acc Rel Comp Pars

gpt-4.1 3.05 3.54 3.31 2.87 3.17 3.54 2.90 2.92 3.15 3.53 3.12 3.05
gpt-4.1-mini 2.79 3.28 2.92 2.77 2.81 3.20 2.37 2.90 2.78 3.25 2.72 2.91
gpt-4o 2.65 3.06 2.48 2.80 2.68 3.01 2.06 2.98 2.64 3.10 2.39 2.89
gpt-4o-mini 2.55 2.89 2.31 2.54 2.56 2.84 1.90 2.73 2.52 2.95 2.24 2.65
claude-3-7-sonnet 2.67 3.19 2.82 2.71 2.66 3.06 2.25 2.79 2.61 3.07 2.55 2.81
claude-3-5-sonnet 2.59 3.10 2.63 2.80 2.58 2.98 2.11 2.84 2.50 3.00 2.41 2.84
claude-3-haiku 2.35 2.86 2.12 2.60 2.26 2.70 1.65 2.73 2.25 2.85 2.03 2.82

Llama-4-Scout-17B-16E-Instruct 2.45 2.91 2.32 2.49 2.42 2.80 1.85 2.63 2.36 2.88 2.20 2.61
llava-v1.6-mistral-7b-hf 2.13 2.49 1.96 2.05 2.08 2.37 1.48 2.18 2.04 2.42 1.83 2.14
llava-onevision-qwen2-7b-ov-hf 2.16 2.55 2.02 2.08 2.13 2.44 1.55 2.26 2.07 2.48 1.88 2.17

Qwen2.5-VL-3B-Instruct 2.00 2.33 1.85 1.94 1.99 2.27 1.44 2.14 1.87 2.24 1.68 2.01
Qwen2.5-VL-7B-Instruct 2.30 2.66 2.25 2.19 2.26 2.57 1.72 2.28 2.19 2.62 2.06 2.25
Qwen2.5-VL-32B-Instruct 2.73 3.19 3.05 2.43 2.67 3.03 2.37 2.20 2.68 3.11 2.77 2.30
Qwen2.5-VL-72B-Instruct 2.58 2.99 2.63 2.46 2.61 2.92 2.09 2.52 2.54 2.98 2.49 2.54

gemma-3-4b-it 2.06 2.63 1.85 2.04 1.99 2.37 1.73 1.98 1.92 2.33 1.77 2.07
gemma-3-12b-it 2.48 2.99 2.84 2.29 2.40 2.75 2.26 2.04 2.31 2.78 2.47 2.26
gemma-3-27b-it 2.65 3.15 3.03 2.43 2.61 2.91 2.45 2.23 2.50 2.94 2.61 2.35

InternVL3-2B 2.07 2.47 1.95 2.06 2.04 2.34 1.48 2.20 1.92 2.33 1.77 2.07
InternVL3-8B 2.26 2.67 2.19 2.31 2.25 2.56 1.72 2.43 2.19 2.61 2.05 2.41
InternVL3-14B 2.43 2.83 2.31 2.48 2.42 2.73 1.84 2.63 2.34 2.80 2.20 2.59
InternVL3-38B 2.51 2.90 2.38 2.57 2.51 2.84 1.93 2.73 2.47 2.91 2.28 2.72
InternVL3-78B 2.54 2.94 2.39 2.64 2.51 2.83 1.92 2.76 2.50 2.93 2.28 2.73

Models are color-coded by type: closed-source models in red/light red, open-source models in blue/light blue.

Scores are given on a 0–4 scale for Accuracy (Acc), Relevance (Rel), Completeness (Comp), and Parsimony

(Pars). Bold purple numbers denote the best performance for each metric within a column block.
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E.5.5 Insect and Pest Management Results (MMST Standard)757

Table 15: Performance Comparison of Large Vision–Language Models on MMST Standard Bench-
mark for Insect and Pest Management

Model DeepSeek-R1-Distill Qwen3-32B Phi-4-reasoning

Acc Rel Comp Pars Acc Rel Comp Pars Acc Rel Comp Pars

gpt-4.1 3.05 3.51 3.33 2.87 3.18 3.53 2.98 2.98 3.11 3.52 3.15 3.06
gpt-4.1-mini 2.86 3.36 3.01 2.95 2.76 3.21 2.45 2.92 2.72 3.23 2.72 2.94
gpt-4o 2.62 3.05 2.48 2.80 2.66 3.04 2.11 3.01 2.58 3.09 2.43 2.90
gpt-4o-mini 2.47 2.88 2.31 2.58 2.45 2.81 1.89 2.74 2.40 2.89 2.21 2.59
nova-pro 2.12 2.57 1.98 2.34 2.13 2.45 1.57 2.50 2.07 2.49 1.88 2.50
claude-3-7-sonnet 2.64 3.14 2.83 2.71 2.66 3.03 2.30 2.80 2.57 2.99 2.53 2.71
claude-3-5-sonnet 2.57 3.07 2.70 2.69 2.63 3.02 2.24 2.85 2.54 2.95 2.49 2.72
claude-3-haiku 2.27 2.76 2.11 2.59 2.42 2.66 1.70 2.70 2.23 2.78 2.04 2.76

Llama-4-Scout-17B-16E-Instruct 1.29 2.77 2.34 2.42 1.33 2.71 1.90 2.54 1.18 2.69 2.12 2.42
llava-v1.6-mistral-7b-hf 1.95 2.32 1.81 1.97 1.98 2.21 1.44 2.16 1.83 2.10 1.62 1.93
llava-onevision-qwen2-7b-ov-hf 1.98 2.35 1.91 1.96 1.99 2.28 1.52 2.16 1.88 2.19 1.73 1.91
Qwen2.5-VL-3B-Instruct 1.89 2.25 1.78 1.90 1.94 2.19 1.43 2.09 1.74 2.06 1.60 1.83
Qwen2.5-VL-7B-Instruct 2.13 2.55 2.16 2.10 2.19 2.47 1.70 2.24 2.04 2.42 1.94 2.07
Qwen2.5-VL-32B-Instruct 2.59 3.07 2.95 2.36 2.62 2.96 2.43 2.26 2.66 3.06 2.82 2.39
Qwen2.5-VL-72B-Instruct 2.48 2.96 2.63 2.45 2.56 2.90 2.16 2.56 2.45 2.95 2.45 2.46
gemma-3-4b-it 1.99 2.51 2.28 1.94 1.99 2.34 1.81 1.93 1.81 2.24 1.93 1.98
gemma-3-12b-it 2.29 2.83 2.70 2.15 2.28 2.62 2.22 2.03 2.15 2.58 2.31 2.13
gemma-3-27b-it 2.47 2.98 2.87 2.32 2.51 2.84 2.43 2.22 2.31 2.74 2.47 2.23
InternVL3-2B 1.87 2.22 1.77 1.90 1.91 2.13 1.40 2.11 1.73 2.06 1.58 1.88
InternVL3-8B 2.06 2.53 2.08 2.22 2.07 2.44 1.64 2.40 1.99 2.39 1.93 2.24
InternVL3-14B 2.19 2.64 2.19 2.40 2.25 2.60 1.79 2.59 2.11 2.49 2.00 2.44
InternVL3-38B 2.32 2.80 2.31 2.50 2.38 2.73 1.90 2.72 2.24 2.72 2.17 2.55
InternVL3-78B 2.36 2.81 2.33 2.54 2.41 2.75 1.92 2.72 2.31 2.77 2.23 2.62

Models are color-coded by type: closed-source (red) and open-source (blue). Scores range from 0-4 for

Accuracy (Acc), Relevance (Rel), Completeness (Comp), and Parsimony (Pars). Bold purple indicates the best

score in each column block.

32



E.5.6 Plant Care and Gardening Guidance Results (MMST Standard)758

Table 16: Performance Comparison of Large Vision–Language Models on MMST Standard Bench-
mark for Plant Care and Gardening Guidance

Model DeepSeek-R1-Distill Qwen3-32B Phi-4-reasoning

Acc Rel Comp Pars Acc Rel Comp Pars Acc Rel Comp Pars

gpt-4.1 3.38 3.73 3.55 3.01 3.45 3.73 3.17 3.12 3.52 3.80 3.43 3.24
gpt-4.1-mini 3.15 3.54 3.23 3.01 3.15 3.50 2.72 3.03 3.28 3.64 3.15 3.20
gpt-4o 2.93 3.26 2.69 3.01 2.93 3.21 2.28 3.12 3.03 3.41 2.74 3.16
gpt-4o-mini 2.85 3.18 2.64 2.87 2.84 3.12 2.17 2.94 2.95 3.35 2.65 3.03
nova-pro 2.60 2.95 2.31 2.67 2.52 2.81 1.87 2.73 2.63 3.04 2.30 2.88
claude-3-7-sonnet 3.08 3.48 3.15 3.00 3.06 3.39 2.59 3.02 3.14 3.53 2.97 3.12
claude-3-5-sonnet 3.02 3.41 2.99 3.05 3.00 3.32 2.47 3.07 3.09 3.49 2.87 3.17
claude-3-haiku 2.66 3.10 2.39 2.93 2.56 2.95 1.92 2.94 2.67 3.25 2.35 3.16

Llama-4-Scout-17B-16E-Instruct 2.79 3.15 2.69 2.68 2.75 3.02 2.15 2.70 2.85 3.29 2.62 2.82
llava-v1.6-mistral-7b-hf 2.50 2.77 2.27 2.28 2.47 2.66 1.80 2.35 2.50 2.82 2.19 2.37
llava-onevision-qwen2-7b-ov-hf 2.55 2.86 2.39 2.35 2.50 2.73 1.85 2.39 2.61 2.96 2.33 2.47
Qwen2.5-VL-3B-Instruct 2.33 2.61 2.15 2.15 2.34 2.52 1.67 2.25 2.37 2.67 2.09 2.27
Qwen2.5-VL-7B-Instruct 2.65 2.97 2.55 2.41 2.63 2.83 2.00 2.42 2.71 3.08 2.49 2.54
Qwen2.5-VL-32B-Instruct 3.14 3.45 3.40 2.68 3.07 3.32 2.80 2.39 3.21 3.50 3.22 2.62
Qwen2.5-VL-72B-Instruct 2.96 3.29 3.02 2.69 2.95 3.18 2.42 2.65 3.09 3.42 2.92 2.80
gemma-3-4b-it 2.77 3.14 2.97 2.40 2.68 2.96 2.21 2.57 2.76 3.20 2.76 2.54
gemma-3-12b-it 3.09 3.41 3.36 2.60 3.03 3.19 2.84 2.25 3.16 3.48 3.23 2.64
gemma-3-27b-it 3.17 3.53 3.45 2.72 3.14 3.32 2.96 2.39 3.19 3.53 3.23 2.72
InternVL3-2B 2.38 2.67 2.18 2.22 2.34 2.54 1.71 2.35 2.38 2.73 2.11 2.35
InternVL3-8B 2.67 2.99 2.52 2.57 2.63 2.88 2.04 2.61 2.74 3.11 2.49 2.72
InternVL3-14B 2.78 3.11 2.62 2.77 2.76 3.01 2.15 2.82 2.87 3.26 2.60 2.91
InternVL3-38B 2.82 3.15 2.62 2.84 2.79 3.06 2.16 2.89 2.90 3.30 2.63 2.97
InternVL3-78B 2.84 3.18 2.67 2.88 2.82 3.08 2.20 2.92 2.93 3.32 2.67 3.01
Models are color-coded by type: closed-source (red) and open-source (blue). Each metric is scored on a 0–4

scale: Accuracy (Acc), Relevance (Rel), Completeness (Comp), and Parsimony (Pars). Bold purple values

indicate the best performance within each column block.
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E.5.7 Weeds/Invasive Plants Management Results (MMST Standard)759

Table 17: Performance Comparison of Large Vision–Language Models on MMST Standard Bench-
mark for Weeds/Invasive Plants Management

Model DeepSeek-R1-Distill Qwen3-32B Phi-4-reasoning

Acc Rel Comp Pars Acc Rel Comp Pars Acc Rel Comp Pars

gpt-4.1 2.90 3.41 3.14 2.85 3.01 3.37 2.87 2.96 2.89 3.40 3.00 3.10
gpt-4.1-mini 2.62 3.19 2.80 2.82 2.67 3.09 2.43 2.97 2.60 3.14 2.67 3.06
gpt-4o 2.56 3.06 2.50 2.95 2.62 3.04 2.18 3.17 2.59 3.12 2.46 3.11
gpt-4o-mini 2.43 2.88 2.25 2.65 2.39 2.80 1.91 2.81 2.36 2.92 2.22 2.79
nova-pro 1.92 2.33 1.78 2.28 1.95 2.33 1.53 2.51 1.84 2.33 1.74 2.50
claude-3-7-sonnet 2.59 3.06 2.82 2.72 2.56 2.93 2.28 2.82 2.48 2.94 2.49 2.73
claude-3-5-sonnet 2.48 3.03 2.66 2.74 2.46 2.84 2.19 2.82 2.35 2.86 2.39 2.77
claude-3-haiku 2.19 2.67 2.05 2.64 2.14 2.58 1.66 2.81 2.11 2.68 1.95 2.92

Llama-4-Scout-17B-16E-Instruct 2.18 2.71 2.31 2.38 2.20 2.65 1.87 2.52 2.06 2.63 2.08 2.44
llava-v1.6-mistral-7b-hf 1.90 2.29 1.82 2.07 1.89 2.19 1.47 2.27 1.85 2.23 1.73 2.09
llava-onevision-qwen2-7b-ov-hf 1.85 2.28 1.83 1.99 1.80 2.16 1.45 2.22 1.81 2.17 1.73 2.04
Qwen2.5-VL-3B-Instruct 1.86 2.20 1.82 1.88 1.92 2.20 1.53 2.11 1.79 2.09 1.68 1.87
Qwen2.5-VL-7B-Instruct 2.10 2.57 2.23 2.14 2.14 2.48 1.81 2.34 2.03 2.50 2.06 2.21
Qwen2.5-VL-32B-Instruct 2.42 2.96 2.78 2.37 2.47 2.86 2.33 2.32 2.33 2.80 2.48 2.34
Qwen2.5-VL-72B-Instruct 2.43 2.92 2.64 2.52 2.48 2.85 2.20 2.67 2.44 2.90 2.49 2.65
gemma-3-4b-it 1.95 2.55 2.38 2.11 1.96 2.38 1.90 2.03 1.87 2.37 2.06 2.14
gemma-3-12b-it 2.19 2.78 2.66 2.21 2.21 2.60 2.20 2.12 2.11 2.55 2.31 2.28
gemma-3-27b-it 2.36 2.92 2.82 2.37 2.39 2.76 2.40 2.21 2.18 2.68 2.46 2.32
InternVL3-2B 1.74 2.13 1.71 1.87 1.79 2.17 1.45 2.24 1.68 2.01 1.61 1.96
InternVL3-8B 1.94 2.43 2.00 2.24 1.97 2.34 1.66 2.47 1.83 2.31 1.86 2.34
InternVL3-14B 2.07 2.56 2.13 2.44 2.13 2.48 1.75 2.62 1.96 2.38 1.95 2.51
InternVL3-38B 2.19 2.71 2.20 2.54 2.18 2.65 1.85 2.76 2.11 2.66 2.13 2.66
InternVL3-78B 2.25 2.76 2.25 2.54 2.26 2.67 1.87 2.78 2.17 2.72 2.16 2.68
Models are color-coded by type: closed-source (red) and open-source (blue). Scores range from 0–4 across

Accuracy (Acc), Relevance (Rel), Completeness (Comp), and Parsimony (Pars). Bold purple marks the highest

score for each metric within a column block.
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E.5.8 Plant Disease Management Results (MMST Contextual)760

Table 18: Performance Comparison of Large Vision–Language Models on MMST Contextual
Benchmark for Plant Disease Management

Model DeepSeek-R1-Distill Qwen3-32B Phi-4-reasoning

Acc Rel Comp Pars Acc Rel Comp Pars Acc Rel Comp Pars

gpt-4.1 3.07 3.52 3.34 2.86 3.16 3.49 2.91 2.86 3.09 3.44 3.08 2.96
gpt-4.1-mini 2.74 3.20 2.90 2.70 2.68 3.08 2.24 2.74 2.63 3.07 2.58 2.78
gpt-4o 2.62 2.96 2.40 2.68 2.60 2.89 1.89 3.17 2.55 2.96 2.28 2.78
gpt-4o-mini 2.57 2.85 2.30 2.48 2.52 2.75 1.80 2.65 2.46 2.81 2.15 2.51
nova-pro 2.17 2.55 1.94 2.37 2.08 2.37 1.43 2.48 2.05 2.47 1.81 2.60
claude-3-7-sonnet 2.66 3.16 2.83 2.68 2.58 2.97 2.18 2.71 2.52 2.95 2.47 2.67
claude-3-5-sonnet 2.59 3.06 2.67 2.73 2.54 2.89 2.05 2.77 2.46 2.91 2.37 2.74
claude-3-haiku 2.32 2.75 2.03 2.48 2.18 2.56 1.53 2.64 2.20 2.73 1.89 2.71

Llama-4-Scout-17B-16E-Instruct 2.36 2.79 2.24 2.43 2.27 2.59 1.67 2.52 2.24 2.69 2.07 2.59
llava-v1.6-mistral-7b-hf 2.18 2.47 1.97 2.04 2.07 2.33 1.43 2.18 2.04 2.36 1.75 2.07
llava-onevision-qwen2-7b-ov-hf 2.17 2.50 1.95 2.05 2.09 2.35 1.45 2.19 2.04 2.38 1.78 2.11
Qwen2.5-VL-3B-Instruct 2.04 2.33 1.89 1.92 1.96 2.21 1.35 2.04 1.86 2.16 1.67 1.92
Qwen2.5-VL-7B-Instruct 2.15 2.49 2.04 2.06 2.09 2.33 1.47 2.18 1.99 2.33 1.81 2.13
Qwen2.5-VL-32B-Instruct 2.69 3.07 2.98 2.37 2.54 2.85 2.22 2.06 2.56 2.92 2.62 2.18
Qwen2.5-VL-72B-Instruct 2.59 2.91 2.64 2.35 2.49 2.77 1.94 2.34 2.44 2.82 2.33 2.33
gemma-3-4b-it 2.07 2.60 2.02 2.04 1.93 2.27 1.63 1.94 1.87 2.31 1.93 1.94
gemma-3-12b-it 2.52 3.03 2.93 2.29 2.38 2.68 2.20 1.93 2.27 2.67 2.39 2.13
gemma-3-27b-it 2.57 3.09 2.99 2.38 2.48 2.78 2.29 2.12 2.33 2.72 2.42 2.23
InternVL3-2B 2.18 2.48 2.06 2.01 2.07 2.31 1.47 2.10 1.98 2.32 1.80 2.02
InternVL3-8B 2.31 2.63 2.21 2.29 2.22 2.48 1.63 2.40 2.16 2.52 1.96 2.32
InternVL3-14B 2.42 2.76 2.32 2.38 2.36 2.59 1.74 2.44 2.29 2.66 2.12 2.43
InternVL3-38B 2.47 2.79 2.34 2.45 2.39 2.66 1.76 2.56 2.36 2.72 2.14 2.50
InternVL3-78B 2.46 2.79 2.30 2.48 2.40 2.66 1.76 2.61 2.33 2.72 2.12 2.58
Models are color-coded by type: closed-source (red) and open-source (blue). Scores range from 0–4 across

Accuracy (Acc), Relevance (Rel), Completeness (Comp), and Parsimony (Pars). Bold purple marks the highest

score for each metric within a column block.
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E.5.9 Insect and Pest Management Results (MMST Contextual)761

Table 19: Performance Comparison of Large Vision–Language Models on MMST Contextual
Benchmark for Insect and Pest Management

Model DeepSeek-R1-Distill Qwen3-32B Phi-4-reasoning

Acc Rel Comp Pars Acc Rel Comp Pars Acc Rel Comp Pars

gpt-4.1 3.14 3.59 3.32 2.99 3.25 3.61 2.99 3.06 3.22 3.60 3.20 3.21
gpt-4.1-mini 2.73 3.33 2.91 2.88 2.80 3.22 2.42 2.97 2.79 3.30 2.75 3.02
gpt-4o 2.66 3.07 2.44 2.89 2.71 3.03 2.08 3.03 2.63 3.16 2.42 3.00
gpt-4o-mini 2.52 2.88 2.25 2.62 2.50 2.82 1.88 2.78 2.41 2.92 2.18 2.70
nova-pro 2.13 2.58 1.95 2.46 2.17 2.49 1.62 2.64 2.10 2.59 1.91 2.70
claude-3-7-sonnet 2.74 3.27 2.89 2.81 2.74 3.13 2.35 2.92 2.68 3.18 2.63 2.87
claude-3-5-sonnet 2.68 3.19 2.76 2.87 2.67 3.02 2.22 2.92 2.60 3.11 2.57 2.84
claude-3-haiku 2.30 2.75 1.98 2.59 2.22 2.61 1.63 2.74 2.22 2.76 1.95 2.78

Llama-4-Scout-17B-16E-Instruct 2.37 2.87 2.30 2.71 2.37 2.75 1.89 2.63 2.28 2.82 2.20 2.61
llava-v1.6-mistral-7b-hf 1.99 2.35 1.78 2.04 1.99 2.24 1.44 2.23 1.92 2.21 1.68 2.01
llava-onevision-qwen2-7b-ov-hf 1.97 2.33 1.81 1.99 1.99 2.26 1.42 2.19 1.87 2.22 1.67 2.02
Qwen2.5-VL-3B-Instruct 1.97 2.28 1.80 1.90 1.98 2.20 1.43 2.10 1.79 2.14 1.59 1.87
Qwen2.5-VL-7B-Instruct 2.13 2.54 2.05 2.12 2.18 2.43 1.65 2.32 2.05 2.45 1.91 2.17
Qwen2.5-VL-32B-Instruct 2.62 3.11 2.91 2.44 2.57 2.97 2.36 2.29 2.60 3.05 2.71 2.35
Qwen2.5-VL-72B-Instruct 2.56 3.03 2.66 2.50 2.62 2.95 2.14 2.60 2.52 3.01 2.47 2.58
gemma-3-4b-it 1.95 2.60 2.35 2.02 1.97 2.40 1.84 1.92 1.94 2.41 2.03 2.02
gemma-3-12b-it 2.43 2.94 2.80 2.26 2.45 2.77 2.34 2.04 2.35 2.75 2.38 2.22
gemma-3-27b-it 2.57 3.09 2.98 2.41 2.61 2.93 2.51 2.27 2.47 2.89 2.60 2.38
InternVL3-2B 1.94 2.28 1.79 1.92 1.95 2.20 1.45 2.14 1.81 2.15 1.65 1.91
InternVL3-8B 2.05 2.58 2.05 2.26 2.19 2.45 1.67 2.45 2.04 2.48 1.93 2.34
InternVL3-14B 2.26 2.67 2.18 2.40 2.31 2.62 1.79 2.60 2.22 2.61 2.06 2.42
InternVL3-38B 2.31 2.74 2.21 2.50 2.36 2.70 1.86 2.70 2.28 2.72 2.11 2.59
InternVL3-78B 2.42 2.85 2.29 2.62 2.43 2.77 1.88 2.81 2.35 2.81 2.19 2.69

Models are color-coded by type: closed-source (red) and open-source (blue). Scores range from 0–4 for

Accuracy (Acc), Relevance (Rel), Completeness (Comp), and Parsimony (Pars). Bold purple highlights the best

score for each metric within a column block.
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E.5.10 Plant Care and Gardening Guidance Results (MMST Contextual)762

Table 20: Performance Comparison of Large Vision–Language Models on MMST Contextual
Benchmark for Plant Care and Gardening Guidance

Model DeepSeek-R1-Distill Qwen3-32B Phi-4-reasoning

Acc Rel Comp Pars Acc Rel Comp Pars Acc Rel Comp Pars

gpt-4.1 3.40 3.73 3.54 3.03 3.46 3.72 3.16 3.03 3.53 3.80 3.42 3.27
gpt-4.1-mini 3.13 3.55 3.19 3.05 3.11 3.47 2.65 3.07 3.27 3.64 3.09 3.23
gpt-4o 2.87 3.20 2.57 2.97 2.86 3.11 2.16 3.08 2.95 3.35 2.62 3.11
gpt-4o-mini 2.82 3.13 2.50 2.85 2.79 3.03 2.06 2.93 2.90 3.29 2.55 2.98
nova-pro 2.59 2.92 2.24 2.72 2.52 2.77 1.81 2.82 2.59 3.02 2.25 2.94
claude-3-7-sonnet 3.09 3.48 3.13 3.03 3.02 3.33 2.53 3.01 3.12 3.53 2.92 3.09
claude-3-5-sonnet 3.02 3.44 2.98 3.09 2.99 3.31 2.46 3.12 3.07 3.48 2.87 3.13
claude-3-haiku 2.57 2.97 2.19 2.81 2.45 2.78 1.79 2.87 2.59 3.11 2.19 3.04

Llama-4-Scout-17B-16E-Instruct 2.77 3.13 2.57 2.74 2.70 2.98 2.05 2.78 2.78 3.24 2.49 2.86
llava-v1.6-mistral-7b-hf 2.52 2.77 2.20 2.32 2.45 2.63 1.73 2.41 2.49 2.82 2.13 2.43
llava-onevision-qwen2-7b-ov-hf 2.51 2.79 2.21 2.39 2.45 2.65 1.75 2.51 2.55 2.90 2.17 2.55
Qwen2.5-VL-3B-Instruct 2.36 2.60 2.11 2.14 2.29 2.45 1.61 2.26 2.33 2.64 2.01 2.24
Qwen2.5-VL-7B-Instruct 2.52 2.79 2.30 2.36 2.48 2.67 1.81 2.43 2.54 2.91 2.27 2.51
Qwen2.5-VL-32B-Instruct 3.14 3.46 3.35 2.69 3.02 3.29 2.70 2.38 3.23 3.53 3.21 2.63
Qwen2.5-VL-72B-Instruct 2.92 3.26 2.94 2.67 2.89 3.12 2.29 2.62 3.04 3.38 2.84 2.79
gemma-3-4b-it 2.71 3.13 2.88 2.39 2.58 2.87 2.26 2.16 2.67 3.16 2.67 2.50
gemma-3-12b-it 3.12 3.43 3.39 2.61 3.06 3.21 2.87 2.25 3.21 3.54 3.25 2.65
gemma-3-27b-it 3.18 3.54 3.48 2.73 3.15 3.34 2.99 2.41 3.20 3.54 3.25 2.71
InternVL3-2B 2.45 2.70 2.17 2.24 2.38 2.55 1.70 2.33 2.42 2.74 2.09 2.33
InternVL3-8B 2.69 2.99 2.45 2.66 2.61 2.86 1.94 2.72 2.70 3.11 2.42 2.77
InternVL3-14B 2.76 3.05 2.54 2.74 2.72 2.95 2.04 2.81 2.80 3.20 2.51 2.87
InternVL3-38B 2.79 3.10 2.55 2.76 2.75 3.00 2.07 2.87 2.85 3.26 2.56 2.94
InternVL3-78B 2.78 3.10 2.51 3.50 2.74 2.99 2.05 2.91 2.85 3.24 2.52 2.99

Models are color-coded by type: closed-source (red) and open-source (blue). Scores range from 0–4 for

Accuracy (Acc), Relevance (Rel), Completeness (Comp), and Parsimony (Pars). Bold purple highlights the best

score for each metric within a column block.
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E.5.11 Weeds/Invasive Plants Management Results (MMST Contextual)763

Table 21: Performance Comparison of Large Vision–Language Models on MMST Contextual
Benchmark for Weeds/Invasive Plants Management

Model DeepSeek-R1-Distill Qwen3-32B Phi-4-reasoning

Acc Rel Comp Pars Acc Rel Comp Pars Acc Rel Comp Pars

gpt-4.1 3.03 3.53 3.27 2.92 3.12 3.46 2.92 3.03 3.02 3.45 3.07 3.20
gpt-4.1-mini 2.74 3.31 2.89 2.93 2.74 3.19 2.43 3.01 2.69 3.25 2.75 3.18
gpt-4o 2.62 3.13 2.49 3.05 2.65 3.06 2.13 3.19 2.63 3.17 2.47 3.23
gpt-4o-mini 2.47 2.90 2.32 2.75 2.44 2.82 1.96 2.90 2.45 2.95 2.28 2.92
nova-pro 2.08 2.53 1.96 2.52 2.12 2.48 1.66 2.67 2.06 2.57 1.97 2.82
claude-3-7-sonnet 2.75 3.30 2.96 2.90 2.73 3.09 2.41 2.93 2.66 3.12 2.67 2.98
claude-3-5-sonnet 2.68 3.22 2.81 2.93 2.67 3.07 2.36 3.02 2.65 3.14 2.66 3.05
claude-3-haiku 2.27 2.78 2.06 2.75 2.19 2.59 1.69 2.86 2.23 2.79 2.04 3.03

Llama-4-Scout-17B-16E-Instruct 2.34 2.87 2.39 2.55 2.34 2.80 2.00 2.73 2.25 2.82 2.26 2.73
llava-v1.6-mistral-7b-hf 1.98 2.38 1.87 2.18 1.99 2.32 1.58 2.38 1.93 2.30 1.77 2.23
llava-onevision-qwen2-7b-ov-hf 1.92 2.31 1.77 2.04 1.92 2.27 1.47 2.33 1.86 2.22 1.71 2.12
Qwen2.5-VL-3B-Instruct 1.88 2.26 1.83 1.92 1.93 2.23 1.54 2.17 1.78 2.12 1.67 1.89
Qwen2.5-VL-7B-Instruct 2.10 2.50 2.13 2.20 2.20 2.50 1.76 2.44 2.06 2.54 2.03 2.33
Qwen2.5-VL-32B-Instruct 2.57 3.09 2.88 2.50 2.58 2.95 2.42 2.43 2.56 2.97 2.68 2.49
Qwen2.5-VL-72B-Instruct 2.55 3.02 2.69 2.63 2.60 2.99 2.26 2.73 2.54 3.03 2.56 2.77
gemma-3-4b-it 2.12 2.69 2.51 2.18 2.10 2.52 2.03 2.11 2.03 2.60 2.22 2.29
gemma-3-12b-it 2.42 2.96 2.85 2.35 2.46 2.81 2.45 2.19 2.33 2.78 2.59 2.38
gemma-3-27b-it 2.52 3.09 3.02 2.52 2.58 2.93 2.58 2.34 2.49 2.95 2.71 2.52
InternVL3-2B 1.81 2.23 1.79 1.96 1.89 2.21 1.50 2.22 1.77 2.14 1.68 2.00
InternVL3-8B 2.04 2.52 2.06 2.33 2.03 2.43 1.68 2.54 1.95 2.43 1.92 2.47
InternVL3-14B 2.18 2.63 2.21 2.46 2.21 2.56 1.85 2.65 2.18 2.53 2.11 2.60
InternVL3-38B 2.29 2.78 2.30 2.65 2.33 2.69 1.92 2.81 2.23 2.71 2.18 2.77
InternVL3-78B 2.26 2.77 2.24 2.65 2.35 2.74 1.93 2.86 2.27 2.77 2.21 2.81

Models are color-coded by type: closed-source (red) and open-source (blue). Scores range from 0–4 for

Accuracy (Acc), Relevance (Rel), Completeness (Comp), and Parsimony (Pars). Bold purple marks the highest

score for each metric within a column block.
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F MIRAGE-MMMT764

F.1 Benchmark Details765

The MIRAGE-MMMT dataset as shown in Table 22, contains 861 multi-turn samples, each annotated766

with a high-level decision label—either Clarify (56.6%) or Respond (43.4%)—reflecting the expert’s767

intent in continuing the consultation. On average, each sample includes 2.11 images and spans 1.52768

turns, capturing compact yet information-rich interactions.769

Table 22: Summary statistics for the full dataset

Overall Statistics Total

Total Samples 861

Decision Distribution

Clarify 487 (56.6%)
Respond 374 (43.4%)

Per-Sample Statistics

Avg. Images per Sample 2.11
Avg. Turns per Sample 1.52

Word Count Statistics

Avg. User-turn Words 109.91
Avg. Expert-turn Words 80.57

Distribution Statistics

Max Images per Sample 3
Max Turns per Sample 14
Max User-turn Words 1 488
Max Expert-turn Words 287

User and expert utterances are relatively verbose, with average lengths of 109.9 and 80.6 words770

respectively, and a maximum of 1,488 words in a user turn. Each sample includes up to 3 images771

and 14 turns, reflecting a wide range of complexity and interaction depth. These characteristics make772

the dataset well-suited for studying decision-making, goal inference, and clarification strategies in773

visually grounded, expert-guided dialogues.774

F.2 Task Definition775

MIRAGE-MT is a multimodal, multi-turn benchmark designed to evaluate conversational expert776

agents in a consultative decision-making setting. Given a multi-turn dialogue and associated image(s)777

as shown in Figure 11, the agent must decide whether to ask a clarification question or provide a778

helpful response, and then generate the corresponding utterance.779

F.2.1 Input780

Let a multi-turn dialogue context be represented as a sequence:781

D = {(s1, u1), (s2, u2), . . . , (sn, un)}

where:782

• si ↑ {user, expert} denotes the speaker783

• ui ↑ U is the corresponding utterance784
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Figure 11: Illustrative example of decision-making in the MIRAGE-MMMT task

Each dialogue is also associated with a set of image inputs:785

I = {i1, i2, . . . , im}, I ↘ I
which may provide visual context necessary for interpretation (e.g., pest damage, plant structure).786

F.2.2 Output787

The model must jointly predict:788

1. A decision a ↑ A = {<Clarify>, <Respond>}789

2. A corresponding utterance r ↑ U , where:790

• If a = <Clarify>, then r is a clarification question791

• If a = <Respond>, then r is an expert answer792

F.2.3 Goal Inference and Decision Policy793

Let G ↑ G denote the user’s underlying goal (e.g., identifying a plant disease, choosing a planting794

strategy). The model must infer G and a goal-state representation:795

SG = (known, missing)

The model learns a policy:796

ϑ : (D, I) → (a, r)

and must select the appropriate action:797

a =






<Clarify>, if ≃f ↑ missing that is essential to achieve G

<Respond>, if missing = ⇐ or non-essential
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Figure 12: Overview of the MIRAGE-MMMT task generation pipeline. We begin with raw user-
expert consultation data including dialogues and attached images. The pipeline applies a series of
preprocessing, truncation, and prompting steps to convert each interaction into a structured decision-
making task. Green modules denote inputs to the prompt template, while pink boxes indicate
components automatically generated using a vision-language model (LVLM). The final structured
output includes decision, goal state, and a response or clarification utterance for supervised training
or evaluation.

The generation r should then follow:798

r =






a goal-relevant clarification question, if a = <Clarify>

a grounded and helpful expert answer, if a = <Respond>

F.3 Evaluation Criteria799

Predictions are evaluated against:800

• Gold revealed fact f↔, obtained from the masked user utterance after expert’s turn801

• Gold goal state S↔
G, obtained from the source dialogue802

• LLM-as-a-Judge ratings:803

– Decision Accuracy804

– Goal Relevance805

F.4 Data Curation Details806

Each task sample consists of the dialogue context, referenced images, and metadata such as source807

dialogue ID and topic. To ensure data safety, we perform automated PII sanitization, replacing808

all named entities with randomized placeholders while preserving domain relevance. URLs and809

institutional references are retained when necessary for contextual fidelity. To ensure data quality810

and task validity, we conduct manual human review on a representative subset of the generated811

examples. Expert annotators assess the correctness of the decision label, coherence of the generated812

question or response, and alignment with the revealed user intent. Feedback from this process is813

used to refine prompt instructions and filter any low-quality generations. Our modular pipeline814

supports deterministic regeneration of the dataset via fixed seeds and indexing, enabling reproducible815

experimentation and future extensibility to other domains.816

Release Protocol for MIRAGE-MMMT: In designing our dataset release, we follow established best817

practices from recent benchmarks such as MMLU [32], and BIG-Bench [29, 30], which emphasize818

the importance of separating training data and test targets to prevent leakage and ensure reliable819

model evaluation. We adopt a protocol that maximizes transparency, reproducibility, and community820

usability, while preserving the integrity of the held-out test set. We publicly release:821
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• Full training and validation task datasets, generated from processed source conversations822

• Corresponding dialogue context, goal annotations, image references, and model-generated823

outputs824

• Task generation scripts, PII scrubbing utilities, and evaluation tools.825

To ensure the credibility and integrity of the test set, we do not plan to release the source dialogues or826

revealed facts used to construct it. Instead, we provide only the test input (dialogue context and image827

references). This ensures that models are evaluated blind to the gold output, preventing overfitting828

or prompt leakage. Evaluation of model predictions on the test set can be conducted either via our829

LLM-based judge or via human assessment.830

F.5 Additional MIRAGE-MMMT Results831

Table 23: Classifier performance on the <Clarify> vs <Respond> decision task using logistic
regression with TF-IDF features. Models are grouped by level of input observability.

Input Variant Decision Acc. F1 (Macro) Level

Dialogue only 69.79% 0.70 Realistic
Dialogue + Goal 71.34% ↑1.55% 0.71 ↑0.01 Semi-Privileged
Dialogue + GoalState 89.27% ↑19.48% 0.89 ↑0.19 Oracle
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G Prompts832

G.1 Evaluation Prompts for MIRAGE-MMST833

Figure 13 presents the inference prompt used for the MIRAGE-MMST Identification Task.834

user_query refers to the original user question. This task evaluates both the model’s identifi-835

cation accuracy and reasoning quality, requiring it to generate a clear reasoning chain followed by a836

final answer. The prompt enforces a standardized output format to facilitate consistent and automatic837

evaluation. In contrast, for the management task, we impose no format constraints—models are838

simply given the user question along with the associated images during inference.839

Figure 13: Model Inference prompt for MIRAGE-MMST Identification Task.

Figure 14 presents the evaluation prompt used for the MIRAGE-MMST Identification Task. Here,840

entity_type denotes the category of the entity—plant, disease, or insect/pest. user_query is841

the original user question, while expert_answer contains the expert’s full response. The field842

entity_name captures the specific entity mentioned by the expert, with its corresponding scientific843

name stored in entity_scientific_name. The list of entity_common_names comprises com-844

monly used names for that entity, collected through external search. Finally, model_response refers845

to the generated answer being evaluated.846

Figure 14: LLM As Judge prompts for MIRAGE-MMST Identification Task.

Figure 15 presents the evaluation prompt used for the MIRAGE-MMST Management Task. Here,847

user_query is the original user question, while expert_answer contains the expert’s full response.848

The field model_response refers to the generated answer being evaluated.849
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Figure 15: LLM As Judge prompts for MIRAGE-MMST Management Task.
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G.2 Evaluation Prompts for MIRAGE-MMMT850

Figure 16: LLM As Judge prompts for MIRAGE-MMMT Prompt.
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H.1 Category-Wise Cases868

H.1.1 Plant Identification (MMST Standard)869

Figure 17: An example for Plant Identification (MMST Standard).
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H.1.2 Insect and Pest Identification (MMST Standard)870

Figure 18: An example for Insect and Pest Identification (MMST Standard).
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H.1.3 Plant Disease Identification (MMST Standard)871

Figure 19: An example for Plant Disease Identification (MMST Standard).
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H.1.4 Plant Disease Management (MMST Standard)872

Figure 20: An example for Plant Disease Management (MMST Standard).

H.1.5 Insect and Pest Management (MMST Standard)873

Figure 21: An example for Insect and Pest Management (MMST Standard).
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H.1.6 Plant Care and Gardening Guidance (MMST Standard)874

Figure 22: An example for Plant Care and Gardening Guidance (MMST Standard).

H.1.7 Weeds/Invasive Plants Management (MMST Standard)875

Figure 23: An example for Weeds/Invasive Plants Management (MMST Standard).
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H.1.8 Plant Disease Management (MMST Contextual)876

Figure 24: An example for Plant Disease Management (MMST Contextual).
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H.1.9 Insect and Pest Management (MMST Contextual)877

Figure 25: An example for Insect and Pest Management (MMST Contextual).
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H.1.10 Plant Care and Gardening Guidance (MMST Contextual)878

Figure 26: An example for Plant Care and Gardening Guidance (MMST Contextual).
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H.1.11 Weeds/Invasive Plants Management (MMST Contextual)879

Figure 27: An example for Weeds/Invasive Plants Management (MMST Contextual).

55



H.2 Examples of Reasoning LLM as a Judge880

H.2.1 MMST Identification Task881

Figure 28: An example illustrating LLM-as-a-Judge framework for MMST Identification Task. The
DeepSeek-R1-Distill-Llama-70B judge evaluates both the correctness of the model’s prediction and
the quality of its reasoning, providing an interpretable feedback.
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H.2.2 MMST Management Task882

Figure 29: An example illustrating LLM-as-a-Judge framework for MMST Management Task.
The DeepSeek-R1-Distill-Llama-70B judge evaluate the accuracy, relevance, completeness, and
parsimony, providing an interpretable feedback.
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NeurIPS Paper Checklist883

1. Claims884

Question: Do the main claims made in the abstract and introduction accurately reflect the885

paper’s contributions and scope?886

Answer: [Yes]887

Justification: In our abstract and introduction we introduce the MIRAGE benchmark and888

highlight the findings on VLMs. We present our work on the same in the paper.889

Guidelines:890

• The answer NA means that the abstract and introduction do not include the claims891

made in the paper.892

• The abstract and/or introduction should clearly state the claims made, including893

the contributions made in the paper and important assumptions and limitations. A894

No or NA answer to this question will not be perceived well by the reviewers.895

• The claims made should match theoretical and experimental results, and reflect896

how much the results can be expected to generalize to other settings.897

• It is fine to include aspirational goals as motivation as long as it is clear that these898

goals are not attained by the paper.899

2. Limitations900

Question: Does the paper discuss the limitations of the work performed by the authors?901

Answer: [Yes]902

Justification: Yes, we highlight the limitations of our work in the concluding part of the903

paper.904

Guidelines:905

• The answer NA means that the paper has no limitation while the answer No means906

that the paper has limitations, but those are not discussed in the paper.907

• The authors are encouraged to create a separate "Limitations" section in their paper.908

• The paper should point out any strong assumptions and how robust the results are to909

violations of these assumptions (e.g., independence assumptions, noiseless settings,910

model well-specification, asymptotic approximations only holding locally). The911

authors should reflect on how these assumptions might be violated in practice and912

what the implications would be.913

• The authors should reflect on the scope of the claims made, e.g., if the approach914

was only tested on a few datasets or with a few runs. In general, empirical results915

often depend on implicit assumptions, which should be articulated.916

• The authors should reflect on the factors that influence the performance of the917

approach. For example, a facial recognition algorithm may perform poorly when918

image resolution is low or images are taken in low lighting. Or a speech-to-text919

system might not be used reliably to provide closed captions for online lectures920

because it fails to handle technical jargon.921

• The authors should discuss the computational efficiency of the proposed algorithms922

and how they scale with dataset size.923

• If applicable, the authors should discuss possible limitations of their approach to924

address problems of privacy and fairness.925

• While the authors might fear that complete honesty about limitations might be used926

by reviewers as grounds for rejection, a worse outcome might be that reviewers927

discover limitations that aren’t acknowledged in the paper. The authors should use928

their best judgment and recognize that individual actions in favor of transparency929

play an important role in developing norms that preserve the integrity of the930

community. Reviewers will be specifically instructed to not penalize honesty931

concerning limitations.932
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3. Theory Assumptions and Proofs933

Question: For each theoretical result, does the paper provide the full set of assumptions and934

a complete (and correct) proof?935

Answer: [NA]936

Justification: Our paper is highly empirical, and as such, we don’t propose any theories or937

propose theoretical findings in this work.938

Guidelines:939

• The answer NA means that the paper does not include theoretical results.940

• All the theorems, formulas, and proofs in the paper should be numbered and941

cross-referenced.942

• All assumptions should be clearly stated or referenced in the statement of any943

theorems.944

• The proofs can either appear in the main paper or the supplemental material, but if945

they appear in the supplemental material, the authors are encouraged to provide a946

short proof sketch to provide intuition.947

• Inversely, any informal proof provided in the core of the paper should be comple-948

mented by formal proofs provided in appendix or supplemental material.949

• Theorems and Lemmas that the proof relies upon should be properly referenced.950

4. Experimental Result Reproducibility951

Question: Does the paper fully disclose all the information needed to reproduce the main ex-952

perimental results of the paper to the extent that it affects the main claims and/or conclusions953

of the paper (regardless of whether the code and data are provided or not)?954

Answer: [Yes]955

Justification: We release the dataset and code associated with this work for reproducibility956

purposes. This benchmark will be completely open-sourced.957

Guidelines:958

• The answer NA means that the paper does not include experiments.959

• If the paper includes experiments, a No answer to this question will not be perceived960

well by the reviewers: Making the paper reproducible is important, regardless of961

whether the code and data are provided or not.962

• If the contribution is a dataset and/or model, the authors should describe the steps963

taken to make their results reproducible or verifiable.964

• Depending on the contribution, reproducibility can be accomplished in various965

ways. For example, if the contribution is a novel architecture, describing the966

architecture fully might suffice, or if the contribution is a specific model and967

empirical evaluation, it may be necessary to either make it possible for others968

to replicate the model with the same dataset, or provide access to the model. In969

general. releasing code and data is often one good way to accomplish this, but970

reproducibility can also be provided via detailed instructions for how to replicate971

the results, access to a hosted model (e.g., in the case of a large language model),972

releasing of a model checkpoint, or other means that are appropriate to the research973

performed.974

• While NeurIPS does not require releasing code, the conference does require all975

submissions to provide some reasonable avenue for reproducibility, which may976

depend on the nature of the contribution. For example977

(a) If the contribution is primarily a new algorithm, the paper should make it clear978

how to reproduce that algorithm.979

(b) If the contribution is primarily a new model architecture, the paper should980

describe the architecture clearly and fully.981
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(c) If the contribution is a new model (e.g., a large language model), then there982

should either be a way to access this model for reproducing the results or a983

way to reproduce the model (e.g., with an open-source dataset or instructions984

for how to construct the dataset).985

(d) We recognize that reproducibility may be tricky in some cases, in which986

case authors are welcome to describe the particular way they provide for987

reproducibility. In the case of closed-source models, it may be that access to988

the model is limited in some way (e.g., to registered users), but it should be989

possible for other researchers to have some path to reproducing or verifying990

the results.991

5. Open access to data and code992

Question: Does the paper provide open access to the data and code, with sufficient instruc-993

tions to faithfully reproduce the main experimental results, as described in supplemental994

material?995

Answer: [Yes]996

Justification: We release our data on huggingface and code on github with extensive docu-997

mentation on how to setup environments and run experiments.998

Guidelines:999

• The answer NA means that paper does not include experiments requiring code.1000

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/1001

public/guides/CodeSubmissionPolicy) for more details.1002

• While we encourage the release of code and data, we understand that this might1003

not be possible, so “No” is an acceptable answer. Papers cannot be rejected simply1004

for not including code, unless this is central to the contribution (e.g., for a new1005

open-source benchmark).1006

• The instructions should contain the exact command and environment needed to1007

run to reproduce the results. See the NeurIPS code and data submission guide-1008

lines (https://nips.cc/public/guides/CodeSubmissionPolicy) for more1009

details.1010

• The authors should provide instructions on data access and preparation, including1011

how to access the raw data, preprocessed data, intermediate data, and generated1012

data, etc.1013

• The authors should provide scripts to reproduce all experimental results for the new1014

proposed method and baselines. If only a subset of experiments are reproducible,1015

they should state which ones are omitted from the script and why.1016

• At submission time, to preserve anonymity, the authors should release anonymized1017

versions (if applicable).1018

• Providing as much information as possible in supplemental material (appended to1019

the paper) is recommended, but including URLs to data and code is permitted.1020

6. Experimental Setting/Details1021

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-1022

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the1023

results?1024

Answer: [Yes]1025

Justification: We share our experimental settings in detail in the paper.1026

Guidelines:1027

• The answer NA means that the paper does not include experiments.1028

• The experimental setting should be presented in the core of the paper to a level of1029

detail that is necessary to appreciate the results and make sense of them.1030

• The full details can be provided either with the code, in appendix, or as supplemen-1031

tal material.1032
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7. Experiment Statistical Significance1033

Question: Does the paper report error bars suitably and correctly defined or other appropriate1034

information about the statistical significance of the experiments?1035

Answer: [Yes]1036

Justification: Given the nature of this work, we conduct several statistical tests to ensure the1037

significance of our results.1038

Guidelines:1039

• The answer NA means that the paper does not include experiments.1040

• The authors should answer "Yes" if the results are accompanied by error bars,1041

confidence intervals, or statistical significance tests, at least for the experiments1042

that support the main claims of the paper.1043

• The factors of variability that the error bars are capturing should be clearly stated1044

(for example, train/test split, initialization, random drawing of some parameter, or1045

overall run with given experimental conditions).1046

• The method for calculating the error bars should be explained (closed form formula,1047

call to a library function, bootstrap, etc.)1048

• The assumptions made should be given (e.g., Normally distributed errors).1049

• It should be clear whether the error bar is the standard deviation or the standard1050

error of the mean.1051

• It is OK to report 1-sigma error bars, but one should state it. The authors should1052

preferably report a 2-sigma error bar than state that they have a 96% CI, if the1053

hypothesis of Normality of errors is not verified.1054

• For asymmetric distributions, the authors should be careful not to show in tables1055

or figures symmetric error bars that would yield results that are out of range (e.g.1056

negative error rates).1057

• If error bars are reported in tables or plots, The authors should explain in the text1058

how they were calculated and reference the corresponding figures or tables in the1059

text.1060

8. Experiments Compute Resources1061

Question: For each experiment, does the paper provide sufficient information on the com-1062

puter resources (type of compute workers, memory, time of execution) needed to reproduce1063

the experiments?1064

Answer: [Yes]1065

Justification: We provide details on which compute machines were used for our experimen-1066

tation.1067

Guidelines:1068

• The answer NA means that the paper does not include experiments.1069

• The paper should indicate the type of compute workers CPU or GPU, internal1070

cluster, or cloud provider, including relevant memory and storage.1071

• The paper should provide the amount of compute required for each of the individual1072

experimental runs as well as estimate the total compute.1073

• The paper should disclose whether the full research project required more compute1074

than the experiments reported in the paper (e.g., preliminary or failed experiments1075

that didn’t make it into the paper).1076

9. Code Of Ethics1077

Question: Does the research conducted in the paper conform, in every respect, with the1078

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?1079

Answer: [Yes]1080

Justification: Yes, the work conforms to the code of ethics.1081
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Guidelines:1082

• The answer NA means that the authors have not reviewed the NeurIPS Code of1083

Ethics.1084

• If the authors answer No, they should explain the special circumstances that require1085

a deviation from the Code of Ethics.1086

• The authors should make sure to preserve anonymity (e.g., if there is a special1087

consideration due to laws or regulations in their jurisdiction).1088

10. Broader Impacts1089

Question: Does the paper discuss both potential positive societal impacts and negative1090

societal impacts of the work performed?1091

Answer: [Yes]1092

Justification: Yes, the paper addresses the broader implications of this work.1093

Guidelines:1094

• The answer NA means that there is no societal impact of the work performed.1095

• If the authors answer NA or No, they should explain why their work has no societal1096

impact or why the paper does not address societal impact.1097

• Examples of negative societal impacts include potential malicious or unintended1098

uses (e.g., disinformation, generating fake profiles, surveillance), fairness consider-1099

ations (e.g., deployment of technologies that could make decisions that unfairly1100

impact specific groups), privacy considerations, and security considerations.1101

• The conference expects that many papers will be foundational research and not1102

tied to particular applications, let alone deployments. However, if there is a direct1103

path to any negative applications, the authors should point it out. For example, it1104

is legitimate to point out that an improvement in the quality of generative models1105

could be used to generate deepfakes for disinformation. On the other hand, it is not1106

needed to point out that a generic algorithm for optimizing neural networks could1107

enable people to train models that generate Deepfakes faster.1108

• The authors should consider possible harms that could arise when the technology1109

is being used as intended and functioning correctly, harms that could arise when1110

the technology is being used as intended but gives incorrect results, and harms1111

following from (intentional or unintentional) misuse of the technology.1112

• If there are negative societal impacts, the authors could also discuss possible1113

mitigation strategies (e.g., gated release of models, providing defenses in addition1114

to attacks, mechanisms for monitoring misuse, mechanisms to monitor how a1115

system learns from feedback over time, improving the efficiency and accessibility1116

of ML).1117

11. Safeguards1118

Question: Does the paper describe safeguards that have been put in place for responsible1119

release of data or models that have a high risk for misuse (e.g., pretrained language models,1120

image generators, or scraped datasets)?1121

Answer: [Yes]1122

Justification: To prevent data leakage we adopt a release protocol.1123

Guidelines:1124

• The answer NA means that the paper poses no such risks.1125

• Released models that have a high risk for misuse or dual-use should be released1126

with necessary safeguards to allow for controlled use of the model, for example by1127

requiring that users adhere to usage guidelines or restrictions to access the model1128

or implementing safety filters.1129

• Datasets that have been scraped from the Internet could pose safety risks. The1130

authors should describe how they avoided releasing unsafe images.1131
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• We recognize that providing effective safeguards is challenging, and many papers1132

do not require this, but we encourage authors to take this into account and make a1133

best faith effort.1134

12. Licenses for existing assets1135

Question: Are the creators or original owners of assets (e.g., code, data, models), used in1136

the paper, properly credited and are the license and terms of use explicitly mentioned and1137

properly respected?1138

Answer: [Yes]1139

Justification: Yes, we have made sure that the work is credited appropriately.1140

Guidelines:1141

• The answer NA means that the paper does not use existing assets.1142

• The authors should cite the original paper that produced the code package or1143

dataset.1144

• The authors should state which version of the asset is used and, if possible, include1145

a URL.1146

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.1147

• For scraped data from a particular source (e.g., website), the copyright and terms1148

of service of that source should be provided.1149

• If assets are released, the license, copyright information, and terms of use in1150

the package should be provided. For popular datasets, paperswithcode.com/1151

datasets has curated licenses for some datasets. Their licensing guide can help1152

determine the license of a dataset.1153

• For existing datasets that are re-packaged, both the original license and the license1154

of the derived asset (if it has changed) should be provided.1155

• If this information is not available online, the authors are encouraged to reach out1156

to the asset’s creators.1157

13. New Assets1158

Question: Are new assets introduced in the paper well documented and is the documentation1159

provided alongside the assets?1160

Answer: [Yes]1161

Justification: We have discussed in detail about the source, curation and schema of our1162

dataset.1163

Guidelines:1164

• The answer NA means that the paper does not release new assets.1165

• Researchers should communicate the details of the dataset/code/model as part of1166

their submissions via structured templates. This includes details about training,1167

license, limitations, etc.1168

• The paper should discuss whether and how consent was obtained from people1169

whose asset is used.1170

• At submission time, remember to anonymize your assets (if applicable). You can1171

either create an anonymized URL or include an anonymized zip file.1172

14. Crowdsourcing and Research with Human Subjects1173

Question: For crowdsourcing experiments and research with human subjects, does the paper1174

include the full text of instructions given to participants and screenshots, if applicable, as1175

well as details about compensation (if any)?1176

Answer: [NA]1177

Justification: We didn’t do human experiments.1178

Guidelines:1179
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• The answer NA means that the paper does not involve crowdsourcing nor research1180

with human subjects.1181

• Including this information in the supplemental material is fine, but if the main1182

contribution of the paper involves human subjects, then as much detail as possible1183

should be included in the main paper.1184

• According to the NeurIPS Code of Ethics, workers involved in data collection,1185

curation, or other labor should be paid at least the minimum wage in the country of1186

the data collector.1187

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human1188

Subjects1189

Question: Does the paper describe potential risks incurred by study participants, whether1190

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)1191

approvals (or an equivalent approval/review based on the requirements of your country or1192

institution) were obtained?1193

Answer: [NA]1194

Justification: We didn’t do any experiments with human subjects/participants.1195

Guidelines:1196

• The answer NA means that the paper does not involve crowdsourcing nor research1197

with human subjects.1198

• Depending on the country in which research is conducted, IRB approval (or equiv-1199

alent) may be required for any human subjects research. If you obtained IRB1200

approval, you should clearly state this in the paper.1201

• We recognize that the procedures for this may vary significantly between institutions1202

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and1203

the guidelines for their institution.1204

• For initial submissions, do not include any information that would break anonymity1205

(if applicable), such as the institution conducting the review.1206
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