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Supplemental Material

A. Statistics

This section provides detailed statistics of AgroBench. In
Figs. 1, 2, 3, 4, 5, and 6, we present the distribution of
682 plant-disease categories, categorized by the cause of the
disease. The distribution of 134 pest categories is shown in
Fig. 7, and the distribution of 108 weed categories is shown
in Fig. 8, both categorized by their order.

B. Experimental Details

B.1. Hyperparameter Settings

We follow the official hyperparameter settings. For closed-
source models, we set the temperature hyperparameter to
0.0. For open-source models, we use the default tempera-
ture values provided by each implementation. For GPT-40
and GPT-40 mini, we set the detail parameter for visual in-
puts to low.

B.2. Model Details

GPT-40 [4] and GPT-40 mini [5]. GPT-4o0 is an extended
model in the series of Generative Pre-training Transformers
(GPTs). GPT-40 mini is a lightweight model designed for
efficiency and speed. While it sacrifices a small degree of
accuracy compared to GPT-4o, it remains an efficient op-
tion. We use the model gpt-40-2024-08-06 for GPT-40 and
gpt-40-mini-2024-07-18 for GPT-40 mini.

Gemini 1.5-Pro and Gemini 1.5-Flash [7]. Gemini has
been simultaneously trained on a huge amount of multi-
modality dataset among image, video, audio, and text data.
Gemini 1.5-Flash is the lightweight version of Geminil.5-
Pro. We use the model gemini-1.5-pro-001 for Gemini 1.5-
Pro and gemini-1.5-flash-001 for Gemini 1.5-Flash.

Qwen [1]. Qwen is a vision-language model trained with
a huge amount of image-text data and instruction tuning.
Qwen has several specific modes, such as coding, addi-
tional audio modality, and mathematics. In this paper,
we employ Qwen2-72B (QwenVLM-72B) and Qwen2-7B
(QwenVLM-7B).

LLaVA [2]. LLaVA takes advantage of trained large lan-
guage models (LLMs) and instruction tuning with vision
models. The LLaVA project has proved that the merged
representation is greatly effective for visual reasoning and

dialogue using multi-modal input. In the experiments, we
use LLaVA v1.5 with 7 and 13 billion parameters (LLaVA-
1.5-{7B, 13B}). We also use LLaVA-Next [3] improved
version of LLaVA.

CogVLM [8]. This vision-language model employs trained
LLMs and visual encoders and additionally tunes feed-
forward layers in order to combine the ability of image-
text representations. CogVLM has confirmed question-
answering and visual reasoning performance on represen-
tative vision and language datasets. We utilize the second
version of CogVLM, which contains 19B parameters and
has Llama-3 backbones.

Emu [6]. Emu potentially executes both image-to-text and
text-to-image across diverse visual, linguistic, and multi-
modal tasks. This foundation model enhances the vision
and language performance from both recognition and gen-
eration learning across multiple modalities. The model size
is 37B.

C. Annotation Examples

In this section, we show example annotations for the seven
tasks as follows:
* Disease Identification (DID): Fig. 9, Fig. 10
* Disease Management (DMN): Fig. 11, Fig. 12
* Pest Identification (PID): Fig. 13, Fig. 14
* Weed Identification (WID): Fig. 15, Fig. 16
* Crop Management (CMN): Fig. 17, Fig. 18
* Machine Usage (MQA): Fig. 19, Fig. 20
* Traditional Methods (TM): Fig. 21, Fig. 22

As shown in the figures, we provide reasoning annota-
tions for DMN, CMN, MQA, and TM tasks, ensuring ex-
plainability. We also list the category for TM in Table. 3
and for MQA in Table. 4.

D. Detailed Analysis
D.1. Context Reliance

We show example cases where GPT-40 can answer ques-
tions without input images by guessing the most likely op-
tion (Fig. 23 and Fig. 24). Even though we confirmed
that our prepared questions do not include crop names or



Metric DID PID WID

F1 2726 27.09 1.84
Substring  24.57 30.33  9.03

Table 1. Word-based Evaluation Metrics under Free-form Answer
Setting

appearance traits, and other options could be correct, the
models tend to make conclusions based on estimation.

D.2. CoT Examples

Here, we show output examples of chain-of-thought (CoT)
reasoning by GPT-40. In Fig. 25, the model identifies
the pest step by step by observing the image’s appearance,
checks all the options, and concludes with the correct an-
swer. In Fig. 26, the model focuses on determining the
plant disease species but fails to observe the severity of the
disease, leading to an incorrect conclusion.

D.3. Error Examples

Here, we present additional error examples as follows:
* Lack of Knowledge Error: Fig. 27

* Perceptual Error: Fig. 28

* Shortcut Error: Fig. 29

* Reasoning Error: Fig. 30

* Double Answer Error: Fig. 31

¢ Interpretation Misunderstanding: Fig. 32

* Reject to Answer: Fig. 33

D.4. Free format

We evaluate our dataset under a free-form answer setting,
where the model is not constrained to choose from multiple
choices. For the identification tasks (DID, PID, WID), we
use the following prompt:

{question} Respond with the
correct answer only, using a
single noun or short phrase. Do
not include full sentences.

We show the result in Table 1. The responses are evaluated
using the F1 score and substring match accuracy, which re-
flect surface-level correctness as well as partial matches.

For the other tasks (DMN, CMN, MQA, TM), the
prompt used is:

{question} Respond with the
correct answer only.

We show the result in Table 2. The answers are evaluated
with two semantic similarity metrics: BERTScore (F1) and
Sentence-BERT cosine similarity.

Metric DMN CMN MQA TM

BERTScore (F1) 87.20 88.15 88.16 87.33
Sentence-BERT  0.443 0.557 0.508 0.457

Table 2. Sentence-based Semantic Similarity under Free-form An-
swer Setting



Alfalfa, Bacterial leaf spot
Alfalfa, Bacterial wilt

Alfalfa, Common leaf spot
Alfalfa, Downy mildew

Alfalfa, Lepto leaf spot

Almond, Brown line and decline
Apple, Apple proliferation
Apple, Apple scab

Apple, Black rot

Apple, Blister spot

Apple, Cedar apple rust

Apple, Fire blight

Apple, Flyspeck

Apple, Phytophthora crown and root rot
Apple, Powdery mildew

Apricot, Bacterial canker and blast
Avocado, Algal leaf spot
Avocado, Anthracnose

Avocado, Scab

Banana, Anthracnose

Banana, Bacterial finger-tip rot
Banana, Bacterial wilt

Banana, Banana mosaic
Banana, Black sigatoka

Banana, Blood disease

Banana, Bunchy top

Banana, Cigar end rot

Banana, Cordana leaf spot
Banana, Panama disease
Banana, Xanthomonas wilt
Barley, Bacterial blight

Barley, Barley yellow dwarf
Barley, Ergot

Barley, Loose smut

Barley, Powder mildew

Basil, Cercospora leaf spot

Basil, Downy mildew

Basil, Gray mold

Basil, Leaf spot

Bean, Anthracnose

Bean, Bacterial blight

Bean, Bacterial brown spot
Bean, Bacterial wilt

Bean, Bean rust

Bean, Black root rot

Bean, Damping-off

Bean, Halo blight

Bean, Mosaic

Bean, White mold

Beet, Bacterial blight

Beet, Bacterial leaf spot

Beet, Bacterial vascular necrosis and rot
Beet, Beet curly top disease
Beet, Beet western yellows virus
Beet, Cercospora leaf spot

Beet, Damping off

Beet, Downy mildew

Beet, Fusarium yellows and root rot
Beet, Powdery mildew
Blackberry, Blackberry rosette
Blackberry, Cane and Leaf Rust
Blackberry, Crown gall
Blueberry, Mummy berry
Blueberry, Powdery mildew
Broccoli, Alternaria leaf spot
Broccoli, Downy mildew
Broccoli, Sclerotinia stem rot
Cabbage, Alternaria leaf spot
Cabbage, Bacterial leaf spot
Cabbage, Bacterial soft rot
Cabbage, Black rot

Cactus, Bacterial soft rot
Cantaloupe, Alternaria leaf blight
Cantaloupe, Anthracnose
Cantaloupe, Bacterial fruit blotch
Cantaloupe, Bacterial wilt
Cantaloupe, Cercospora leaf spot
Cantaloupe, Charcoal rot
Cantaloupe, Cucumber mosaic
Cantaloupe, Downy mildew
Cantaloupe, Gummy stem blight
Cantaloupe, Monosporascus vine decline
Cantaloupe, Powdery mildew
Cantaloupe, Southern blight
Carrot, Bacterial leaf blight
Cassava, Bacterial blight
Cassava, Bacterial leaf spot
Cassava, Brown Streak
Cassava, Mosaic Disease
Cassava, Root rot

Cassava, Witches' broom
Celery, Bacterial blight

Celery, Cercospora leaf spot
Celery, Septoria blight

Cherry, Bacterial canker

Cherry, Black knot

Cherry, X-disease

Chickpea, Ascochyta blight
Chilli Pepper, Bacterial spot
Chilli Pepper, Phytophthora blight
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Figure 1. Disease Categories Counts (A).



Figure 2.Disease Categories Counts (B).



Figure 3.Disease Categories Counts (C).



Figure 4.Disease Categories Counts (D).



Figure 5.Disease Categories Counts (E).



Figure 6.Disease Categories Counts (F).



Figure 7.Pest Counts.



Figure 8.Weed Counts.



Figure 9.Disease Identi cation Task (DID) Example (A).

Figure 10.Disease Identi cation Task (DID) Example (B).



Figure 11.Disease Management Task (DMN) Example (A).

Figure 12.Disease Management Task (DMN) Example (B).



Figure 13.Pest Identi cation Task (PID) Example (A).

Figure 14.Pest Identi cation Task (PID) Example (B).



Figure 15.Weed Identi cation Task (WID) Example (A).

Figure 16.Weed Identi cation Task (WID) Example (B).



Figure 17.Crop Management Task (CMN) Example (A).

Figure 18.Crop Management Task (CMN) Example (B).



Figure 19.Machine Usage QA Task (MQA) Example (A).

Figure 20.Machine Usage QA Task (MQA) Example (B).



Figure 21.Traditional Methods (TM) Example (A).

Figure 22.Traditional Methods QA (TM) Example (B).



Class

Tools / Techniques

System
Landscape

Irrigation

Soil

Processing

Tool
Storage

Pest
Practice

Agroforestry, Chinampa, Crop rotation, Duck rice method, Floating Agriculture, Milpa
System, Rice- sh system, Shade-grown coffee, Three Sisters method

Andes' steep, Below Sea Level Farming, Moray Circle Terrace, Polder, Terrace Farm-
ing, Xinghua Duotian

Bisse d'Ayent, Clay Pot Irrigation, Drainage system, Furrow irrigation, Irrigation canal,
Level Basin Irrigation, Noria, Pattern tile drainage, Qanat, Rainwater Harvesting Pit,
Reservoir irrigation, Subak, Turpan Karez water system, Waterladder pump
Composting, Controlled burning, Erosion barriers, Hugelkultur, Jhum Cultivation, Key-
line design, Ridge and Furrow, Slash-and-burn, Sloping Agricultural Land Technology,
Zai pits

Basket press, Cotton gin, Flail, Grape-treading, Matcha Stone Mill, Metate, Mortar and
pestle, Rice Sieving, Sheaf, Stook, Threshing machine, Treadmill, Watermill, Winnow-
ing
Digging stick, Foot plough, Hoe, Horse-ploughing, Machete, Ox-ploughing, Pitchfork,
Rice Field Marker, Sickle, Wheelbarrow, Yoke

Hasa Drying, High- oored storage, Karausu, Mangoku, Para-para drying rack, Tomi,
Traditional fruit drying

Botanical Pest Control, Scarecrows, Shishi-odoshi, Stork-friendly farming

Hand Planting, Tea-picking

Table 3. Categorized List of Traditional Methods (TM)

Figure 23. Example case of GPT-40 answering without an input image (DMN)Even when the model cannot determine the crop or
disease based on the text, it guesses the answer.

Figure 24 Example case of GPT-40 answering without an input image (CMN)Even when the model cannot determine the crop based

on the text, it guesses the answer.



Category Machinery

Harvester Aquatic Weed Harvester, Bean Harvester, Beet Harvester, Carrot Harvester, Coffee
Bean Harvester, Combine, Corn Harvester, Daikon Radish Harvester, Forage Harvester,
Grape Harvester, Harvester, Haulm Topper, Mechanical Tree Shaker, Onion Harvester,
Peanut Harvester, Potato Harvester, Pumpkin Picking Machine, Reaper-Binder, Strip-
per, Sugarcane Harvester, Swather, Tomato Harvester, Yam Harvester

Seeder Autonomous Seeder, Broadcast Seeder, Seeding Machine, Semi-Automatic Seeder

Transplanter Cabbage Transplanter, Transplanter

Planter Planter, Potato Planter

Handling Bale Gripper, Bale Sledge, Claw Machine, Packing Machine, Sorting Machine

Transport Chaser Bin, Conveyor, Dump Trailer, Electric Cart, Gravity Wagon, Mother Bin

Tillage Cultivator, Disc Harrow, Drag Harrow, Excavator, Motorized Plough, Reversible

Soil Preparation
Spreader

Irrigation
Chopper

Baling
Weeder
Processing

Pruner

Rock Removal
Power Equipment
Autonomous System
Facility Equipment
Planting Support
Mower

Plough, Spading Machine, Spring-Tooth Harrow, Strip-Till Implement, Tiller

Cambridge Roller, Destoner, Land Imprinter, Potato Bed Former, Puddling Machine,
Ridge Maker, Ridging Hiller, Rotary Hiller, Smooth Roller

De-Icing Agent Spreader, Fertilizer Spraying Robot, Fertilizer Spreader, Manure
Spreader, Silage Spreader, Sprayer
Irrigation Machine, Sprinkler Irrigation, Water Wheel

Green Manure Chopper, Leaf Chopper, Root Cutting Machine, Shredder, Straw Shred-
der
Roll Baler, Tree Baler

Tine Weeder, Weeder Machine

Beet Cleaner Loader, Fanner, Rice Huller, Rice Milling Machine, Sugarcane Press,
Threshing Machine

Grape Pruning Machine

Rock Windrower, Stone Picker

PTO

Smart Robotic Farmer, Unmanned Helicopter

Multi-Tunnel, Vertical Farming System

Border Coating Machine, Seed-Counting Machine, Seedling Machine
Flail Mower, Mower

Table 4. Categorized List of Machine QA (MQA)



Figure 25. Example case of zero-shot CoT succes3he model identi es the pest step by step by observing the image's appearance,
checks all the options, and concludes with the correct answer.



Figure 26.Example of one-shot CoT failure.The model focuses on determining the plant disease species but fails to observe the severity
of the disease, leading to an incorrect conclusion.



Figure 27.Example of Lack of knowledge Error (CMN). The model successfully determines that the plant is Rutabagas. However, the
model does not know the optimal timing for planting the seeds.



Figure 28.Example of Perceptual Error (DID). The image shows the bacterial leaf streak and bulb rot, and the correct answer is B. The
image does not show purple lesions. The affected areas are yellow and brown.



Figure 29. Example of Perceptual Error (DID). The image shows the Common wild oat (Avena fatua), and the correct answer is B.
The model successfully guesses that B and D are close to the image; however, it concludes that D is correct without further observation or
reasoning.



Figure 30.Example of Reasoning Error (DID). Successfully reasoning A and C leads to dark areas, but by ignoring the reasoning, the
model concludes that C is the correct answer.)



Figure 31.Example of Double Answer Error (MQA). The image shows the border coating machine with the correct answer: C. However,
the model stops thinking and provides both C and D as answers, even though it should continue reasoning to determine a single correct
answer.
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