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Abstract33

Plant phenotyping increasingly relies on (semi-)automated image-based analy-34

sis workflows to improve its accuracy and scalability. However, many existing35

solutions remain overly complex, difficult to reimplement and maintain, and36

pose high barriers for users without substantial computational expertise. To37

address these challenges, we introduce PhenoAssistant: a pioneering AI-driven38

system that streamlines plant phenotyping via intuitive natural language inter-39

action. PhenoAssistant leverages a large language model to orchestrate a curated40

toolkit supporting tasks including automated phenotype extraction, data visu-41

alisation and automated model training. We validate PhenoAssistant through42

several representative case studies and a set of evaluation tasks. By significantly43

lowering technical hurdles, PhenoAssistant underscores the promise of AI-driven44

methodologies to democratising AI adoption in plant biology.45

1 Introduction46

Plant phenotyping aims to quantify functional and structural traits (phenotypes) of47

crops and plants, which result from complex interactions between genetics and environ-48

mental factors [1]. Phenotype analysis allows breeders and researchers to disentangle49

genetic effects from environmental adaptation, enabling the development of crops with50

improved yields and climate resilience – an urgent need given that the global popula-51

tion is projected to reach 9.7 billion by 2050 [2] and extreme weather events become52

increasingly frequent [3].53

Accurate plant phenotyping often relies on computational workflows that chain54

multiple software tools for image processing to measure plant traits and subsequently55

perform data analysis. However, the steep learning curve associated with these work-56

flows such as programming, machine learning, and data science may prevent plant57

practitioners from fully leveraging them [4]. Moreover, existing workflows typically58

employ fixed pipelines, which are difficult to extend or modify, restricting their appli-59

cability to broader tasks and scenarios. Despite calls for more accessible and versatile60

phenotyping systems [5], this need remains inadequately addressed.61

A promising approach to bridging the expertise gap and enabling more flexible62

phenotype analysis is by harnessing the power of large language models (LLMs) [6, 7].63

LLMs have emerged as powerful tools capable of solving diverse tasks from natu-64

ral language instructions. Rather than focusing on developing computational skills,65

researchers can focus on critical scientific discovery and exploration, by simply prompt-66

ing an LLM to address the necessary computational and analytical tasks. However,67

this promise faces the challenge that LLMs alone often lack the specialised domain68

knowledge and requisite computational workflows to fulfil user-specified tasks [8, 9]. An69

effective strategy is to augment LLMs with instructions and external tools, forming AI70
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agents capable of automatically executing tailored computational routines and data71

analysis pipelines. Moreover, users should be able to oversee and control the agent’s72

execution process to correct any potential inaccuracies and misunderstanding by the73

LLMs. Recently, such agents have successfully been applied across different scientific74

domains, including chemistry [10, 11], material sciences [12, 13] and biology [14, 15].75

While LLMs have also been applied to agriculture and plant sciences (e.g. agricultural76

Q&A [16], disease and stress phenotyping [17, 18], genome prediction [19, 20]), their77

potential as AI agents for automating complex and data-intensive phenotype analysis78

remains unexplored.79

In this study, we introduce PhenoAssistant, the first open-source AI-agent sys-80

tem for automating plant phenotype analysis. By integrating a generalist LLM with81

a specialised toolkit for plant research, PhenoAssistant allows plant scientists to use82

free-text task descriptions to prompt a wide range of phenotyping-related data analy-83

sis pipelines, such as phenotype extraction from images, phenotypic statistics analysis,84

and data visualisation. The toolkit features cutting-edge deep learning models and85

LLM agents to support users’ dynamic needs in extracting and analysing plant traits.86

PhenoAssistant can be extended (e.g. through built-in model training functions) to87

accommodate customised and emerging needs. To improve reproducibility, it also88

allows users to save the generated pipelines and re-execute them on similar datasets.89

Overall, PhenoAssistant serves as a pioneer for leveraging multi-agent systems in90

plant phenotyping, demonstrating its potential to streamline complex workflows and91

democratise AI adoption in plant biology, thereby reducing user barriers and advancing92

scientific discovery.93

2 Design of PhenoAssistant94

The goal of PhenoAssistant is to generate and execute suitable pipelines by chain-95

ing AI models and other computational tools to address plant phenotype analysis96

requests from users. To achieve this, it comprises a core LLM (the manager) and a spe-97

cialised toolkit designed to enhance its capabilities for image-based plant phenotyping,98

as illustrated in Figure 1.199

The manager coordinates pipeline creation and execution. Upon receiving user-100

provided task descriptions and accompanying data, it first creates a plan detailing the101

necessary steps to fulfil the task. It then selects and executes the suitable tools with102

appropriate parameters, producing various types of outputs that can be saved for fur-103

ther analysis (either by the user or PhenoAssistant). Finally, the manager summarises104

these outputs, presenting essential information for task completion. Users retain con-105

trol throughout this process, and can provide textual feedback to refine plans or select106

alternative tools and parameters, minimising errors from PhenoAssistant. To enhance107

the capabilities of PhenoAssistant beyond a generalist LLM, we augment it with a108

toolkit featuring phenotype extraction and analysis.109

While recent LLMs often include vision capabilities [6, 21, 22], they are not110

always able to generalise to extracting phenotypes due to the limited representation111

1Details of PhenoAssistant’s design are presented in Methods (Section 6).
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User
1. Plan

2. Tool selec�on

PhenoAssistant

Phenotype extrac�on:
- Vision Model Zoo

- Phenotype Computa�on

- Vision Model Training

- …

Phenotype analysis:
- Table Analyser

- Data Visualiser

- Plot Analyser

- Code Writer

- RAG Agent

- Pipeline Reproducer

- Sta�s�cal Test

- …

Toolkit

4. Summary

Manager

Outputs

3. Tool execu�on

Plots

(e.g. Plant growth curve)

Structured data

(e.g. Tables of phenotypes)

Texts

(e.g. Data analysis insights)
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Fig. 1 Design of PhenoAssistant. Users provide data and task description to PhenoAssistant. The
manager LLM creates a step-by-step plan, selects and executes appropriate tools, then summarises
the tool outputs to fulfil the task. Users retain full control to refine intermediate steps as needed.

of plant-specific data in their training datasets.2 For this reason, our toolkit incor-112

porates a model zoo of computer vision models trained on plant-specific datasets,113

with utilities for extracting traits such as plant area and diameter from images. The114

toolkit also supports automatic model training on new data, enabling users to expand115

PhenoAssistant’s vision capabilities to their unique data and analytical requirements.116

Phenotype analysis tools contain various LLM agents engineered for different pur-117

poses. These include the Table Analyser for extracting information from CSV files,118

the Data Visualiser for generating plots, and the Plot Analyser for interpreting and119

analysing generated plots. Additionally, the Code Writer agent supports essential tasks120

necessary for developing comprehensive end-to-end analysis workflows, such as merging121

and saving files, as well as executing novel functions not predefined within the toolkit.122

To enhance PhenoAssistant’s expertise in plant-related domains, a retrieval augmented123

generation (RAG) agent provides access to scientific literature. The Pipeline Repro-124

ducer agent enables users to extract and re-execute previously conducted analyses,125

including all tool calls and generated code, ensuring reproducibility for similar data.126

Furthermore, tools for statistical test (e.g. ANOVA) are integrated.127

3 Case Studies128

Traditionally, executing plant phenotyping tasks requires substantial expertise in129

computer science, including image processing, machine learning, and coding. With130

2We show that ChatGPT cannot correctly extract phenotypes from images at Supplementary Section A.1.
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1. Call model zoo checking tool � checkpoint for Arabidopsis leaf instance segmenta�on available

2. Call instance segmenta�on tool with the selected checkpoint � segmenta�on results saved

3. Call phenotype computa�on tool with the segmenta�on results � phenotypes saved

4. Call code writer � phenotypes merged with metadata and saved in a CSV file

File name Plant ID Ecotype Days a�er sowing Leaf count PLA (cm²) Perimeter (cm) Diameter (cm)

img1.png 1 ein2 0.5 5 0.51 4.98 1.21

… … … … … …

Given this CSV file, plot the mean and STD of the

extracted phenotypes for each ecotype over days

a�er sowing. Save the plots. Requirement:

1. Use shades to represent STD

2. Set legend to show the ecotype names

[…]

Compute leaf count, PLA, diameter, perimeter for each image. Save them with the metadata in a CSV file.

File name Plant ID Ecotype Days a�er sowing

img1.png 1 ein2 0.5

… … … …

Metadata Images

…

PhenoAssistant: tool call

User: task 1 (compute phenotypes)

Saved CSV file

User: task 2 (compute & plot sta�s�cs)

1. Call table analyser to compute mean and STD �
requested sta�s�cs saved in CSV files

2. Call data visualiser to write code and generate

plots aligned with user requirement � plots saved

PhenoAssistant: tool call

Saved plots

Given this CSV file, conduct a mixed-design

repeated-measures ANOVA with:

- Dependent variable: PLA

- Within-subject factor: days a�er sowing

- Between-subject factor: ecotype

Follow with a Tukey–Kramer post-hoc test to iden�fy

significant differences in PLA between ecotype pairs.

Summarise the following informa�on:

1. From ANOVA: Is there a significant �me-ecotype

interac�on (p < 0.01) for PLA ?

2. From Tukey-Kramer: Categorise ecotypes into

large, medium and small by PLA size.

User: task 4 (sta�s�cal test)

Call sta�s�cal test tools � results printed

PhenoAssistant: tool call

ANOVA results:

1. Ecotype: […], 2. Days A�er Sowing: […]

3. Interac�on (Ecotype x Days A�er Sowing):

- p-unc: 2.38e-262

- […]

Tukey-Kramer Post-Hoc Test Results:

- ahd1 vs pgm – mean diff: 1.53, p-tukey: 0.32

- col0 vs ein2 – mean diff: -1.38, p-tukey: 0.36

- […]

Summary: ANOVA: There is a significant �me-

ecotype interac�on for PLA. Tukey-Kramer: Large:

ein2, col0, Medium: pgm, adh1, Small: ctr.

PhenoAssistant: result summary

Rank the ecotypes based on their PLA.

User: task 3 (analyse plots)

Call plot analyser to analyse the PLA plot

PhenoAssistant: tool call

The ecotypes are ranked as (high to low): ein2 (red),

col0 (orange), adh1 (blue), pgm (purple), ctr (green).

PhenoAssistant: result summary

Are these findings consistent with ‘Pheno�ki’ paper?

User: task 5 (verify findings)

Call RAG agent to fetch relevant info from ‘Pheno�ki’

PhenoAssistant: tool call

’Pheno�ki’ states […]. The findings from my

conducted stat tests are consistent with the paper.

PhenoAssistant: result summary

Projected leaf area (PLA)

Leaf count Plant diameter Plant perimeter

Fig. 2 Case Study 1: A. thaliana growth pattern analysis. PhenoAssistant automatically completes
five tasks: computing phenotypes from images, plotting phenotypic statistics, analysing a generated
plot, performing statistical tests for different ecotypes, and comparing findings with literature. Each
task is presented as task description (grey), tools used by PhenoAssistant (blue), and results (white).
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PhenoAssistant, users can complete these tasks effortlessly by interacting through nat-131

ural language. To demonstrate PhenoAssistant’s effectiveness, we present three case132

studies3 showcasing its ability to streamline plant phenotyping analysis.133

Case Study 1 – A. thaliana growth pattern analysis. We use PhenoAssistant134

to replicate part of the Phenotiki [23] analysis pipeline, aiming to visualise and analyse135

the growth patterns of different Arabidopsis thaliana ecotypes. We provide PhenoAs-136

sistant with the same dataset as in [23], which contains 24 plants from 5 different137

ecotypes: wild type (Col-0 ); constitutive triple response 1 (ctr1 ); ethylene insensitive138

2 (ein2.1 ); pgm (mutation in the plastidic isoform of phosphoglucomutase); and adh1139

(mutation causing defects in alcohol dehydrogenase). Each plant was grown for 26140

days with images captured every 12 hours, resulting in a total of 1,248 images. Phe-141

noAssistant does not possess any information about this paper and its pipeline, and142

our aim is to provide text prompts to obtain comparable results.143

As shown in Figure 2, we prompt PhenoAssistant to address five relevant tasks,144

each including a task description, tools used by PhenoAssistant, and generated results.145

We begin with the fundamental step of any plant phenotyping task: extracting phe-146

notypes from data: in Task 1, PhenoAssistant is prompted to extract phenotypes147

including projected leaf area (PLA) and leaf count from images. It identifies the need148

for a leaf instance segmentation model, and hence selects the one suitable for Ara-149

bidopsis from the model zoo, executes it, and computes the requested phenotypes150

from the segmentation results. The Code Writer is then employed to write and exe-151

cute Python code to merge the computed phenotypes with metadata and save them152

into a CSV file. At the end of Task 1, the user can request PhenoAssistant to save153

the executed pipeline (i.e. from instance segmentation to saving the extracted pheno-154

types, as demonstrated at Supplementary Section A.3), which can later be reapplied155

to a different dataset.156

From Tasks 2 to 5, we demonstrate PhenoAssistant’s capabilities for processing157

and analysing the extracted phenotypes (i.e. from Task 1), which are essential for158

identifying plant growth trends and key differences among ecotypes. In Task 2, Phe-159

noAssistant leverages the Table Analyser and Data Visualiser agents to compute and160

plot statistics based on user-specified plot requirements to visualise the growth pat-161

terns of different ecotypes. It can further use the Plot Analyser to interpret data162

visualisations, such as ranking ecotypes according to their PLA (Task 3). PhenoAs-163

sistant can also invoke relevant tools to conduct statistical analyses (e.g. ANOVA and164

Tukey-Kramer) using user-defined parameters and then summarise the key findings165

(Task 4). For example, it categorises ecotypes by PLA size as large (ein2.1, Col-0 ),166

medium (adh1, pgm), and small (ctr), using the results from the Tukey–Kramer test.167

Furthermore, PhenoAssistant can validate these findings against previous literature,168

by leveraging the RAG agent to embed paper contents and retrieve related knowledge169

(Task 5).4170

3To illustrate how users can interact with PhenoAssistant in practice, we provide the chat logs for Case

Study 1 Task 1 in Supplementary Section A.2. Complete chat logs for all case studies and tasks are available
at https://github.com/fengchen025/PhenoAssistant/.

4For Tasks 4 and 5, PhenoAssistant performs the same statistical tests and reaches conclusions consistent
with the ’Phenotiki’ paper [23].
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1. Check model zoo … 2. Call Leaf-only SAM for leaf segmenta�on...

3. Extract phenotypes … 4. Call code writer to save results in CSV …

Compute PLA for each image and save them with the metadata in CSV.

File name Leaf area Dry weight

img1.png 152.22 0.3609

… … …

Metadata

User: task 1 (compute phenotypes)

PhenoAssistant: tool call

Given this CSV file, compute Pearson correla�on coefficients for {leaf

area vs dry weight} and {PLA vs dry weight}. How reliable is the

computed PLA (compared to leaf area) in predic�ng dry weight?

User: task 2 (compare correla�ons)

Images

…

File name Leaf area Dry weight PLA (pixel²)

img1.png 152.22 0.3609 1220744

… … … …

Saved CSV file

PhenoAssistant: result summary

PhenoAssistant tool call:

code writer to compute the

correla�on coefficients.

The Pearson correla�on coefficient for the manual leaf area and

manual dried weight is r = 0.8911, which indicates a strong posi�ve 

rela�onship. […], the Pearson correla�on coefficient for the PLA and

manual dried weight is r = 0.7577, which also indicates a posi�ve 

rela�onship but is weaker compared to the manual measurements.

Conclusion: The PLA generated by the model shows a reasonably

strong correla�on with the manual dried weight, […]. The model's PLA

can be used as an es�mate, but manual measurements provide a

more accurate predic�on of the leaf dried weight.

Fig. 3 Case Study 2: Potato leaf area and dry weight correlation analysis. In response to the user’s
requests, PhenoAssistant first extracts phenotypes from the provided data and then compares corre-
lations between different plant-related variables.
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Can you iden�fy any nutrient deficiency on these winter wheats?

User: task (iden�fy nutrient deficiency)

It appears that there are no pre-trained image classifica�on models

specifically for iden�fying nutrient deficiencies in model zoo. Here are the 

next steps we can take:

1. Prepare a Dataset: Instruct you to prepare a labelled dataset.

2. Finetune a Model: Use the data to finetune a classifica�on model.

Would you like to proceed with these steps?

PhenoAssistant: result summary

Please prepare your dataset in the following structure:

dataset_name/

│
├── train/ # folder containing training images and labels

│   ├── metadata.csv # must include columns "file_name" and "label"

│ ├── 1.jpg # training image 1

│   ├── 2.jpg # training image 2

│   └── ...

├── label2id.json # dic�onary mapping label names to numerical IDs

PhenoAssistant: result summary

PhenoAssistant tool call: check model 

zoo � checkpoint not available

User: Yes. PhenoAssistant too call: get dataset

format for image classifica�on

User: Upload the dataset. PhenoAssistant tool call: preprocess

dataset, and ac�vate finetuning

The trained model achieves the best valida�on accuracy of 81.3 It is saved

in the model zoo as {model name}. You can now use it to iden�fy nutrient 

deficiencies in your data.

PhenoAssistant: result summary

…

Fig. 4 Case Study 3: Automatic model training for nutrient deficiency identification. When no
suitable model is available to solve a given task, PhenoAssistant first prompts the user to provide a
dataset in the desired format. It then automatically applies data preprocessing, followed by training
and evaluating the model. The trained model is saved in the model zoo for future use.
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Case Study 2 – Potato leaf area and dry weight correlation analysis. Phe-171

noAssistant can handle other data (e.g. non-model plant) and tasks when provided172

with appropriate tools, such as vision models developed on other datasets. To illus-173

trate this flexibility, we prompt PhenoAssistant to replicate part of the workflow in174

[24], assessing the correlation between manually measured leaf area (A) and dry weight175

(W ), and evaluating if this correlation holds with algorithmically computed PLA.176

This analysis can help plant scientists identify potential discrepancies between man-177

ual and automated measurements. For this demonstration, we integrate the Leaf-only178

SAM model (for potato leaf segmentation) and use a dataset consisting of 32 potato179

images with A and W annotated; both the model and dataset originate from [24].180

As shown in Figure 3, PhenoAssistant is asked to compute PLA and it follows181

the similar procedure to the previous case study while using a different segmentation182

model (Task 1). It is then tasked to measure and analyse the Pearson correlation183

coefficient between A and W , as well as PLA and W (Task 2). As this correlation184

analysis is not predefined in the toolkit, PhenoAssistant leverages the Code Writer185

to accomplish it. Finally, PhenoAssistant summarises the results, highlighting the186

correlation coefficients and providing further explanations and context. The findings187

indicate that while the PLA derived from Leaf-only SAM is useful, it may introduce188

errors compared to manually measured leaf area when predicting dry weight.5189

Case Study 3 – Model training for nutrient deficiency identification. Phe-190

noAssistant can expand its vision capabilities via the built-in automatic vision model191

training function, enabling it to tackle previously unseen phenotyping challenges (e.g.192

experiments with new data or in new environments).193

As shown in Figure 4, PhenoAssistant is prompted to identify nutrient deficiency194

for winter wheats in field, where no capable model is integrated in the toolkit. Recog-195

nising the need for image classification, it instructs the user to upload labelled data6196

in the required format. After receiving the dataset, it invokes tools to automatically197

preprocess the data (e.g. splitting into training and evaluation subsets, applying data198

augmentation), initiate model training, and evaluate the model’s performance. Finally,199

the evaluation results are presented to the user, and the trained model is added to the200

model zoo for future use.201

Summary. We present three case studies illustrating how PhenoAssistant streamlines202

plant phenotyping with only natural language instructions, allowing plant researchs203

to concentrate on scientific discovery rather than technical training. These cases span204

various plant species, environmental conditions, and tasks, including phenotype extrac-205

tion, pipeline reproduction, statistics computation and visualisation, plot analysis,206

statistical testing, knowledge retrieval, correlation assessment, and model training.207

4 Evaluation of PhenoAssistant208

Beyond the presented case studies, we evaluate PhenoAssistant’s adaptability and209

potential for broader applications via a series of tasks. Since PhenoAssistant leverages210

rapidly evolving AI technologies, this evaluation also offers a method for assessing new211

5PhenoAssistant performs the same correlation analysis and reaches conclusions consistent with [24].
6Data used for this demonstration are from [25, 26].
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AI components (e.g. DeepSeek [27, 28]) as replacements for PhenoAssistant’s original212

modules. The evaluation covers three aspects7:213

1. Tool Selection (10 Tasks):We assess whether PhenoAssistant can select appro-214

priate tools with the correct parameters and in the correct order to complete a215

task. This evaluates PhenoAssistant’s abilities of chaining multiple tools for task216

completion rather than the correctness of task outputs.217

2. Vision Model Selection (50 Tasks): We evaluate whether PhenoAssistant218

can recommend the appropriate type of computer vision model (instance segmen-219

tation, image classification, or image regression) for a given plant phenotyping220

task. This evaluation is crucial for automatic model training, as users may not221

have substantial machine learning knowledge to associate plant tasks with com-222

puter vision models. Accurate suggestions from PhenoAssistant prevent users223

from preparing incorrect training data.224

3. Data Analysis (10 Tasks): For data analysis requests (extracting values from225

CSV files, computing statistics, and generating plots), we evaluate whether Phe-226

noAssistant can produce the correct outputs. This aims to assess the reliability227

of the built-in LLM agents (e.g. data visualiser) for data analysis.228

During the evaluation, no human feedback (e.g. corrections to tool selection or tool229

arguments) is provided.230

Overall, PhenoAssistant successfully completes almost all tasks. It has a success231

rate of 70% in tool selection; the failure cases are due to misinterpretation of the232

tool descriptions and how it should be used, such as using a tool that cannot extract233

organ length to attempt wheat spike length extraction. It succeed in 98% vision model234

selection tasks, with the error arising in an ambiguous case: it recommends using image235

classification for plant vigor scoring, while regression would be more appropriate for236

generating continuous scores. All data analysis tasks are completed successfully.237

In summary, our evaluation shows that PhenoAssistant, as a multi-agent AI system,238

exhibits promising adaptability to broader plant phenotyping scenarios and tasks.239

5 Conclusion240

We introduce PhenoAssistant, a pioneering AI-powered system designed to streamline241

plant phenotyping workflows for plant practitioners without requiring computational242

expertise. By integrating cutting-edge AI technologies, PhenoAssistant transforms243

simple, interactive conversations into complex image-based plant analyses. Our case244

studies demonstrate its versatility across a range of phenotyping tasks and plant245

species, while evaluations highlight its high success rates in tool selection, vision model246

selection, and data analysis. Overall, PhenoAssistant marks a significant step toward247

democratising AI adoption in plant phenotyping. It empowers researchers and prac-248

titioners to analyse plant data efficiently without requiring deep technical expertise249

and lays a solid foundation for future AI-driven advancements in plant science.250

Despite its success, PhenoAssistant has limitations, primarily due to current LLMs’251

constraints, which may require complex tasks to be carefully instructed or broken down252

7Prompts used for these evaluation tasks are presented at Supplementary Section A.4. Complete chat
logs and evaluation results are available at https://github.com/fengchen025/PhenoAssistant/.
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into multiple steps. This can be improved with more effective prompt engineering or253

fine-tuning. We also integrate a function to reproduce executed pipelines, reducing254

the user-LLM interaction for these complex tasks. While our studies demonstrate its255

support for various species and tasks, its adaptability to rare scenarios requires further256

investigation. To facilitate ongoing development and validation, PhenoAssistant is257

made available as open source.258

6 Methods259

PhenoAssistant integrates state-of-the-art AI technologies to allow plant practitioners260

to perform plant phenotyping through natural language interactions. This section261

describes the methodological and technical details of PhenoAssistant.262

6.1 Preliminaries: LLMs and Agents263

LLMs are advanced AI models with billions of parameters trained on large text264

datasets to understand and generate human-like texts. They can assist users in diverse265

tasks such as writing, coding, and question-answering. Recent advancements, such as266

GPT-4o [6], have also expanded their capabilities to visual understanding and complex267

reasoning, making them suitable to support more complex tasks.268

The versatile abilities of LLMs make them effective as foundations for autonomous269

systems (i.e. agents). Agents leverage LLMs as the core intelligence for reasoning,270

decision-making, and performing actions to achieve specified goals. In such systems,271

LLMs can manage task planning and coordinate interactions with external tools, or272

directly perform specific functions such as coding and data visualisation. The roles273

and behaviours of these agents can be crafted by carefully designed system prompts.274

6.2 Details of PhenoAssistant275

PhenoAssistant comprises a manager LLM and a specialised toolkit designed for276

plant phenotyping tasks. The manager provides an interactive interface for han-277

dling user requests, planning tasks, selecting and executing tools, and summarising278

results. It is implemented using GPT-4o with a crafted system prompt (Supplementary279

Section A.5) that instructs it to ensure desired functionality and behaviour.280

The toolkit consists of Python-based functions, each accompanied by a clear func-281

tion description and detailed explanations of its parameters. These descriptions enable282

the manager LLM to understand the tools’ capabilities and utilise them properly. We283

introduce the key tools below; other tools can be accessed in our code repository.284

Vision Model Zoo. Many plant phenotypes cannot be extracted without the aid of285

image processing or computer vision techniques. Although recent LLMs have incor-286

porated vision capabilities, they are not yet powerful enough for effective extraction287

of plant traits. For example, tasks such as delineating individual leaf boundaries288

(known as instance segmentation in computer vision), which is a preliminary task for289

computing leaf area and count, remain challenging (Supplementary Section A.1).290

To overcome this limitation, PhenoAssistant integrates external computer vision291

models. Each vision model is uniquely identified using the naming convention:292
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{plant-species} {task} {(optional) training-dataset} {model} {(optional)293

finetuning-method}. These identifiers are maintained within a structured file (e.g.294

model zoo.json), which the manager LLM accesses whenever a vision model is295

required, ensuring appropriate selection for the given plant task.296

For demonstration purposes (c.f. Section 3), in Case Study 1, we integrate297

Mask2Former [29] for segmenting individual Arabidopsis leaves. Following the similar298

practice in [30], Mask2Former is fine-tuned on subsets A1 and A4 of the publicly avail-299

able CVPPP LSC dataset [31]. In Case Study 2, we integrate Leaf-only SAM [24] for300

potato leaf instance segmentation.301

Automatic Vision Model Training. Given the diverse conditions encountered in302

plant phenotyping, such as varying illumination, indoor/outdoor environments, species303

diversity, and diverse phenotyping needs, it is practically impossible to pre-integrate304

every required vision model into PhenoAssistant. Currently, there is also no universal305

vision model capable of solving all phenotyping tasks. Furthermore, new tasks and cus-306

tomised user requirements continuously emerge, highlighting the need for a convenient307

mechanism to expand PhenoAssistant’s vision model zoo.308

To satisfy this need, PhenoAssistant incorporates an automated model training309

pipeline for common phenotyping tasks (e.g. image classification). When users identify310

the need for a new vision model, or when PhenoAssistant determines that its current311

model zoo cannot adequately solve a provided task, it prompts the user to upload a312

dataset formatted according to predefined specifications. PhenoAssistant calls tools to313

automatically split the uploaded dataset into training and validation sets and initiate314

model training. Upon completion, the newly trained model is automatically added315

to the vision model zoo using the naming convention described earlier and becomes316

available for inference.317

The core idea behind this automated training pipeline is to fine-tune pre-trained318

vision models using plant-specific datasets [32]. These models are initially trained319

on large-scale general data and can be fine-tuned to specific plant analysis tasks320

with limited additional data, thereby minimising development and deployment efforts.321

Specifically, for image classification (as shown in Section 3 Case Study 3), we employ322

the DINOv2-base model [33] as the pre-trained model.323

PhenoAssistant supports two fine-tuning strategies: low-rank adaptation324

(LoRA) [34] and full fine-tuning, to accommodate users with varying levels of com-325

putational resources. LoRA updates only a small subset of parameters by inserting326

low-rank trainable matrices into existing model layers, substantially reducing com-327

putational and memory requirements during training. This approach enables rapid328

adaptation at the cost of a modest performance trade-off. In contrast, full fine-tuning329

updates all model parameters, potentially achieving higher accuracy while at increased330

computational and memory demands.331

LLM Agents for Phenotype Analysis. Beyond phenotype extraction, PhenoAs-332

sistant supports diverse data analysis tasks such as statistics computations, data333

visualisation, and interpretative plot analysis. These analyses often involve complex334

and customised requirements that cannot always follow pre-defined logic. For exam-335

ple, users may request specific visualisation styles (e.g. plotting plant growth curves336
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for different ecotypes using specific colour), or novel analyses prompted spontaneously337

during exploration.338

To support these dynamic and evolving analytical needs, we repurpose GPT-4o339

into different roles using different system prompts (Supplementary Section A.5). Each340

role is wrapped in a Python function to be called by the manager LLM.341

1. Code Writer: Generates and executes Python code for performing tasks that342

are not previously defined in the toolkit.343

2. Data Visualiser: Generates and executes Python code for producing plots344

with user specification. Guidance for creating clear and well-designed plots (e.g.345

including legends and beautifying layout) is provided within its system prompt.346

3. Table Analyser: Queries values and computes statistics from CSV files using347

Pandas AI. Pandas AI is a Python library that integrates LLMs directly with the348

Pandas data analysis library, allowing natural language queries for data analysis.349

4. Pipeline Reproducer: Enhances result reproducibility by extracting executed350

function calls and code from the chat history, organising them into a new Python351

function that can be reused in the future.352

5. RAG Agent: Expands PhenoAssistant’s domain-specific knowledge by embed-353

ding information from literature and retrieving relevant knowledge to support354

user’s tasks.355
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Appendix A Supplementary Materials385

A.1 Can ChatGPT Extract Plant Phenotypes?386

To demonstrate the necessity of external computer vision models for plant phenotyp-387

ing, we prompt the state-of-the-art generalist agent, ChatGPT (powered by GPT-4o),388

to extract projected leaf area (PLA) and leaf count from an image sourced from the389

same dataset used in Case Study 1. The actual PLA and leaf count for this image390

are 14,260 pixels and 14, respectively.391

As illustrated in Figure A1 (top), ChatGPT cannot correctly predict both the leaf392

count and PLA, despite it invokes the code writing function attempting to use image393

processing techniques to solve the tasks. Furthermore, ChatGPT produces inconsistent394

results when processing the same prompt repeatedly (Figure A1, bottom).395

We then prompted ChatGPT to perform leaf instance segmentation, which allows396

for manual extraction of PLA and leaf count from the segmentation results. As397

shown in Figure A2, the results are inadequate for further analysis: several edges are398

incorrectly segmented, and not all individual leaves are successfully identified.399

Finally, we prompted ChatGPT to rely solely on its vision capabilities to extract400

phenotypes. As demonstrated in Figure A3, the results are still unsatisfactory: tasks401

such as leaf instance segmentation cannot be performed using ChatGPT’s vision402

abilities (Figure A3 top), and leaf count predictions are incorrect (Figure A3 bottom).403

A.2 Chat Log for Case Study 1 Task 1404

Here, we provide the chat log of Case Study 1 Task 1 to illustrate how PhenoAssis-405

tant operates behind the scene. Similar processes apply to other tasks.406

User

I have an image dataset consisting of 24 Arabidopsis plants associated with
different ecotypes. Each plant has multiple images taken at different days
after sowing.

The metadata for the dataset is stored in ./data/aracrop metadata.json.
The metadata contains the following keys for each image: file name, plant id,
ecotype, and days after sowing.

Your task is to compute the following phenotypes for each image, the pixel to
cm mapping scale is 0.03:
1. leaf count

407
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Fig. A1 Two examples of prompting ChatGPT to extract projected leaf area and leaf count from
a top-view image of an A. thaliana.
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Fig. A2 An example of prompting ChatGPT to perform leaf instance segmentation from a top-view
image of an A. thaliana. Even with automatic refinement, the results are still not correct.
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Fig. A3 Prompting ChatGPT to perform leaf instance segmentation (top) and leaf counting (bot-
tom), solely using its inherent vision capabilities.
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2. projected leaf area (PLA)
3. average leaf area
4. diameter of the whole plant
5. perimeter of the whole plant
6. compactness of the whole plant
7. stokinness of the whole plant

Merge the computed phenotypes with the metadata information and save
them in
./results/Case1/aracrop phenotypes.csv. Make sure the file names match.

408

PhenoAssistant

To accomplish this task, we will follow these steps:
1. Instance Segmentation: Perform instance segmentation on the images

to identify individual leaves and the whole plant.
2. Compute Phenotypes: Calculate the required phenotypes from the

instance segmentation results.
3. Merge Metadata: Merge the computed phenotypes with the metadata

information.
4. Save Results: Save the merged data to a CSV file.

Let’s proceed step-by-step:
Step 1: Instance Segmentation

• First, we need to check the available checkpoints for instance segmentation
and select a suitable one.

Step 2: Compute Phenotypes
• Once we have the instance segmentation results, we will compute the
phenotypes using the specified pixel-to-cm mapping scale.

Step 3: Merge Metadata
• We will merge the computed phenotypes with the metadata information.

Step 4: Save Results
• Finally, we will save the merged data to the specified CSV file.

Let’s start by checking the available checkpoints for instance segmentation.

1 get_model_zoo()

We have the following checkpoints available for instance segmentation:
• arabidopsis leaf-instance-segmentation cvppp2017-a1a4 m2fb fullft
• potato leaf-instance-segmentation leaf-only-sam
• ...

Since our dataset consists of Arabidopsis plants, we will use the
arabidopsis leaf-instance-segmentation cvppp2017-a1a4 m2fb fullft

409
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checkpoint.

Let’s start with the instance segmentation.

1 infer_instance_segmentation(

2 file_path = ’./data/aracrop_metadata.json’,

3 checkpoint = ’arabidopsis_leaf-instance-segmentation_cvppp2017-

a1a4_m2fb_fullft’,

4 output_dir = ’./results/Case1’

5 )

The instance segmentation results are saved at
./results/Case1/ins seg results.json using COCO format.

Let’s proceed with computing phenotypes.

1 compute_phenotypes_from_ins_seg(

2 ins_seg_result_path = ’./results/Case1/ins_seg_results.json’,

3 save_path = ’./results/Case1/phenotypes.csv’,

4 pixel_to_cm = 0.03

5 )

The computed phenotypes are saved to ./results/Case1/phenotypes.csv

as a list of dictionaries, each containing the following keys: ’file name’,

’leaf count’, ’average leaf area’, ’projected leaf area’,

’diameter’, ’perimeter’, ’compactness’, ’stockiness’.

Let’s proceed with merging metadata and saving results.

1 coding("message" = "Merge the computed phenotypes from ./results/Case1/

phenotypes.csv with the metadata information from ./data/

aracrop_metadata.json and save the result to ./results/Case1/

aracrop_phenotypes.csv. Ensure the file names match.")

Code generation and execution:

1 import pandas as pd

2 import json

3

4 # Load the phenotypes data

5 phenotypes_df = pd.read_csv(’./results/Case1/phenotypes.csv’)

6

7 # Load the metadata

8 with open(’./data/aracrop_metadata.json’, ’r’) as file:

9 metadata = json.load(file)

10

11 # Convert metadata to DataFrame

12 metadata_df = pd.DataFrame(metadata)

13

410
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14 # Merge the phenotypes with metadata using ’file_name’ as the common key

15 merged_df = pd.merge(phenotypes_df, metadata_df, on=’file_name’)

16

17 # Save the merged DataFrame to a new CSV file

18 merged_df.to_csv(’./results/Case1/aracrop_phenotypes.csv’, index=False)

The task involved merging the computed phenotypes from
./results/Case1/phenotypes.csv with the metadata informa-
tion from ./data/aracrop metadata.json and saving the result to
./results/Case1/aracrop phenotypes.csv.

The necessary steps were:
1. Load the phenotypes data from ./results/Case1/phenotypes.csv.
2. Load the metadata from ./data/aracrop metadata.json.
3. Convert the metadata to a DataFrame.
4. Merge the phenotypes DataFrame with the metadata DataFrame using

the common key file name‘.
5. Save the merged DataFrame to ./results/Case1/aracrop phenotypes.csv.

The final merged file has been successfully saved to:
./results/Case1/aracrop phenotypes.csv

Task Summary: The phenotypes have been successfully computed and
merged with the metadata information. The final results are saved in
./results/Case1/aracrop phenotypes.csv.

411

A.3 Pipeline Reproduction412

Based on the conversation from Case Study 1 Task 1, we can prompt PhenoAssis-413

tant to save the executed tools and code as a reusable pipeline. PhenoAssistant will414

invoke the Pipeline Reproducer agent.415

Here is an example:416

User

Summarise the executed function calls and code into a reproducible pipeline.
Name it as ara crop pipeline.

417

Generated and saved code:418

419

1 def ara_crop_pipeline(metadata_path: Annotated[str, ’Path to the metadata JSON420

file’],421

2 output_dir: Annotated[str, ’Directory to save the results’422

],423

3 pixel_to_cm: Annotated[float, ’Pixel to cm mapping scale’]424

= 0.03) -> Dict[str, Any]:425

4 """426
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5 Pipeline to compute phenotypes for Arabidopsis plant images, merge with427

metadata, and save the results.428

6 Args:429

7 metadata_path (str): Path to the metadata JSON file.430

8 output_dir (str): Directory to save the results.431

9 pixel_to_cm (float): Pixel to cm mapping scale. Default is 0.03.432

10 Returns:433

11 Dict[str, Any]: Status and path to the saved results.434

12 """435

13436

14 import json437

15 import pandas as pd438

16439

17 try:440

18 logging.info("Starting ara_crop_pipeline execution.")441

19442

20 # Step 1: Check available checkpoints for instance segmentation443

21 logging.info("Checking available checkpoints for instance segmentation.444

")445

22 checkpoints = get_model_zoo()446

23 selected_checkpoint = "fengchen025/arabidopsis_leaf-instance-447

segmentation_cvppp2017-a1a4_m2fb_fullft"448

24449

25 # Step 2: Perform instance segmentation450

26 logging.info("Performing instance segmentation.")451

27 infer_instance_segmentation(file_path=metadata_path, checkpoint=452

selected_checkpoint, output_dir=output_dir)453

28454

29 # Step 3: Compute phenotypes from instance segmentation results455

30 logging.info("Computing phenotypes from instance segmentation results."456

)457

31 ins_seg_result_path = f"{output_dir}/ins_seg_results.json"458

32 phenotypes_save_path = f"{output_dir}/phenotypes.csv"459

33 compute_phenotypes_from_ins_seg(ins_seg_result_path=ins_seg_result_path460

, save_path=phenotypes_save_path, pixel_to_cm=pixel_to_cm)461

34462

35 # Step 4: Merge computed phenotypes with metadata463

36 logging.info("Merging computed phenotypes with metadata.")464

37 phenotypes_df = pd.read_csv(phenotypes_save_path)465

38 with open(metadata_path, ’r’) as file:466

39 metadata = json.load(file)467

40 metadata_df = pd.DataFrame(metadata)468

41 merged_df = pd.merge(phenotypes_df, metadata_df, on=’file_name’)469

42 final_save_path = f"{output_dir}/aracrop_phenotypes.csv"470

43 merged_df.to_csv(final_save_path, index=False)471

44472

45 logging.info("Pipeline executed successfully.")473

46 return {"status": "success", "result_path": final_save_path}474

47475

48 except Exception as e:476
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49 logging.error(f"Pipeline execution failed: {str(e)}", exc_info=True)477

50 return {"status": "error", "message": str(e)}478
479

A.4 Details and Prompts of Evaluation Tasks480

A.4.1 Tool Selection481

The aim of this evaluation is to assess whether PhenoAssistant can generate the cor-482

rect pipeline by chaining the integrated tools for a plant phenotyping task requiring483

multiple steps (e.g. using computer vision models and generated code). The focus is on484

the pipeline, not the final outputs, as they rely on the tools’ accuracy. Consequently,485

some of the following tasks are synthetic (i.e. only descriptions are provided without486

the actual input data) since accessing their results is unnecessary. The task prompts487

sent to PhenoAssistant for each task are shown below.488

Each task starts with:489

490

Output the tools and their arguments in the correct order to perform the491

following task:492
493

1. Task 1: Linear Regression on Leaf Morphology494

495

You have a CSV file at ./data/leaf_morphology.csv containing 50 records with496

columns: file_name, leaf_diameter, and leaf_weight.497

First, clean the data by removing any records with missing values.498

Next, fit a linear regression with leaf_diameter as x and leaf_weight as y.499

Report the equation of the regression line, the R^2 value, and generate a plot500

of the regression at ./results/leaf_length_vs_width.png.501
502

2. Task 2: Merging Experiments and ANOVA Analysis503

504

You have several CSV files in ./data/exp_results/ representing different505

experimental replicates.506

Merge these files on the column ’sample_id’.507

After merging, perform an ANOVA test on the column ’chlorophyll_content’508

across different treatment groups.509

Output the ANOVA summary table as ./results/anova_chlorophyll.csv.510
511

3. Task 3: Area Measurement in Flower Images512

513

You have a folder of images at ./images/flower_plants/ and a metadata CSV at514

./data/flower_metadata.csv with columns: file_name and bloom_status.515

For each image, measure its area.516

Merge these area measurements with the metadata, and then create a boxplot517

comparing area distributions for different bloom_status values.518

Save the boxplot as ./results/flower_area_boxplot.png.519
520

4. Task 4: Wheat Spike Phenotype Extraction521

522

Using the metadata file ’./data/wheat_metadata.json’ (which contains keys:523

file_name, variety, and acquisition_date), extract the phenotypes {spike count524

, spike length} for each wheat image. Merge these phenotypes with themetadata525

and save the combined data to ’./results/wheat_phenotypes.csv’.526
527
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5. Task 5: Wheat Variety Spike Count Analysis528

529

Given ’./results/wheat_phenotypes.csv’, perform a statistical analysis to test530

whether there is a significant difference in spike count between different531

wheat varieties.532

Use an appropriate statistical test and output the test statistics and p-value533

to a text file.534
535

6. Task 6: Wheat Growth Phenotyping536

537

You have a set of wheat images with a metadata file ’./data/wheat_metadata.csv538

’ (with columns: file_name, plant_id, date, treatment).539

Compute leaf count and leaf area for each image.540

Merge the computed phenotypes with the metadata and save to ’./results/541

wheat_growth_phenotypes.csv’, then generate comparative plots of leaf count542

and area by treatment group.543

Summarise these plots for different treatments.544
545

7. Task 7: Stress Prediction546

547

Predict stress levels from images listed in the metadata file ’./data/548

stress_metadata.csv’ (with columns: file_name, manual_stress_level).549

Compare these predictions against manually scored stress levels provided in550

the metadata using confusion matrix. Plot the confusion matrix and save it as551

’./results/stress_confusion_matrix.png’.552
553

8. Task 8: Maximum Leaf Count Extraction554

555

Given ’./data/arabidopsis_phenotypes.csv’, determine which ecotype has the556

maximum leaf count at day 26.557

Generate a bar plot showing the maximum leaf count for each ecotype at day 26.558
559

9. Task 9: Extracting and Summarising Field Observations560

561

You have a file at ./data/field_observations.csv containing plant phenotyping562

observations with various attributes. Extract all records where the attribute’563

disease_symptom’ is true, and generate a summary plot counting the frequency564

of each symptom type.565
566

10. Task 10: Maize Root Phenotyping and Yield Correlation567

568

Given a dataset of maize root images stored in ’./data/maize_roots/’ and569

metadata in ’./data/maize_metadata.csv’ (which includes file_name, plant_id,570

and yield).571

Extract the total root length for each image.572

Find the correlation coefficient between the root length and yield.573
574

A.4.2 Vision Model Selection575

The goal of this evaluation is to assess if PhenoAssistant is able to recommend the576

appropriate type of computer vision model (from instance segmentation, image classi-577

fication, and image regression), for a given plant phenotyping task. The task prompts578

sent to PhenoAssistant for each task are shown below:579
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580

For the following plant phenotyping tasks, what models will you recommend me581

to train? Choose from instance segmentation, image classification, and image582

regression.583

584

Leaf counting585

Disease detection (healthy vs. diseased)586

Leaf area estimation587

Plant species identification588

Flower counting589

Fruit counting590

Root tip detection591

Leaf shape classification592

Plant height estimation593

Growth stage classification (e.g. vegetative vs. flowering)594

Plant biomass estimation595

Nutrient deficiency detection596

Leaf angle measurement597

Weed detection in field images598

Stem counting in multi-stem plants599

Disease severity classification (mild, moderate, severe)600

Fruit size estimation601

Flower color classification602

Plant stress detection (abiotic or biotic)603

Herbivory damage estimation (chewed leaf area)604

Root length estimation605

Seed classification by type606

Flower shape classification607

Seedling emergence detection608

Leaf color classification609

Tiller counting in cereals610

Pod counting in legumes611

Fruit ripening stage classification612

Berry maturity score613

Crop row detection614

Leaf chlorophyll content estimation615

Fruit color classification (ripe vs. unripe)616

Root nodule counting617

Plant lodging detection (fallen plants)618

Flower disease severity (continuous scale)619

Leaf disease segmentation (affected area)620

Root hair detection621

Photosynthetic efficiency estimation (e.g. NDVI proxy)622

Plant stress scoring (abiotic vs. healthy)623

Fruit cracking severity assessment624

Pod maturity classification625

Bud counting626

Insect pest damage classification on leaves627

Plant density estimation628

Root branching pattern classification629
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Plant vigor scoring630

Flower thrips damage classification631

Leaf margin shape classification632

Vine length estimation633

Grape cluster counting634
635

A.4.3 Data Analysis636

The goal of this evaluation is to evaluate whether PhenoAssistant can produce the637

correct outputs for data analysis requests (from extracting values from CSV files,638

computing statistics, and generating plots). This assesses the reliability of the built-in639

LLM agents (e.g. table analyser and data visualiser) for data analysis.640

The task prompts sent to PhenoAssistant for each task are shown below:641

1. Task 1: Extracting Values642

643

Given ./data_for_eval/aracrop_phenotypes.csv, determine the maximum leaf count644

and the corresponding plant id at day 26.645
646

2. Task 2: Extracting Values647

648

Given ./data_for_eval/aracrop_phenotypes.csv, determine the minimum leaf count649

and the corresponding plant id at day 1.650
651

3. Task 3: Extracting Values652

653

Given ./data_for_eval/potato_metadata.csv, find the maximum manually measured654

dried weight in variety Voyager and the corresponding file name.655
656

4. Task 4: Extracting Values657

658

Given ./data_for_eval/potato_metadata.csv, find the minimum manually measured659

dried weight in variety Voyager and the corresponding file name.660
661

5. Task 5: Computing Statistics662

663

Given ./data_for_eval/aracrop_phenotypes.csv, compute the mean and standard664

deviation of projected leaf area for ecotype ein2 on day 26.665
666

6. Task 6: Computing Statistics667

668

Given ./data_for_eval/potato_metadata.csv, compute the mean and standard669

deviation of manually measured leaf area of Desiree.670
671

7. Task 7: Generating Plots672

673

Given ./data_for_eval/aracrop_phenotypes.csv, plot the leaf count for plant 1674

against days. Save the results at ./results_for_eval/task7.png.675
676

8. Task 8: Generating Plots677

678

Given ./data_for_eval/aracrop_phenotypes.csv, create a bar chart of leaf count679

for every plant at day 26. Save the plot at ./results_for_eval/task8.png.680
681
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9. Task 9: Generating Plots682

683

Given ./data_for_eval/potato_metadata.csv, use bar charts to plot the manually684

measured dried weight for every plant. Save the plot at ./results_for_eval/685

task9.png.686
687

10. Task 10: Generating Plots688

689

Given ./data_for_eval/potato_metadata.csv, create a histogram for manually690

measured leaf area for every plant. Save the plot at ./results_for_eval/task10691

.png.692
693

A.5 System Prompts of LLM Agents694

This section presents the system prompts used to configure various LLM agents695

integrated into PhenoAssistant, each tailored for specific functionalities.696

Manager

manager. Use the available tools to solve plant-related tasks.

Instructions:
1. Begin by creating a clear, step-by-step plan for the task. Provide an
explanation of each step before proceeding. You may refine the plan as
needed based on intermediate results.
2. When using multiple tools, be sure to provide the outputs from one tool to
the next as inputs if necessary.
3. When you need to use coding-related tools, provide clear descriptions of
the task requirements and expected outputs. Do not pass concrete codes to
the coding related functions.
4. When you need to use computer vision to solve a task, first check the
available checkpoints using the get model zoo function:
- Select a suitable checkpoint for the task if it it exists. Make sure you pass a
list of image paths (e.g. [./data/image1.png, ./data/image2.png, ...]), or a
single csv/json file (e.g. ./data/metadata.json) to the corresponding inference
function.
- If no suitable checkpoint is available, suggest user to finetune a new model.
DO NOT rely on online source. Use the get dataset format function to
instruct the user to provide a training dataset.
5. When a user ask you to execute a saved pipeline, first call
get pipeline zoo to know what pipelines are available, and then call
get pipeline info to understand how to use the selected pipeline.
6. At the end of the task, provide a summary of the results and ask the user if
they need any further assistance.

Return ”TERMINATE” when the task is completed.
697
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Code Writer

code writer. Write python codes to accomplish a given task.

General instructions:
1. Write the full Python code solution in a single code block. Do not return
incomplete codes or multiple code blocks.
2. code executor will execute the code. If the output shows errors, correct
them and present the complete, updated code.
3. Wait until the code executor completes the execution and returns the
output. If the output shows task completion, return a single ’TERMINATE’.
Do not write or print it within the code block.

698

Data Visualiser

code writer. Write python codes to accomplish a given task.

General instructions:
1. Write the full Python code solution in a single code block. Do not return
incomplete codes or multiple code blocks.
2. code executor will execute the code. If the output shows errors, correct
them and present the complete, updated code.
3. Wait until the code executor completes the execution and returns the
output. If the output shows task completion, return a single ’TERMINATE’.

If you are asked to plot data, follow the guidance below:
- Carefully follow the user’s requirements of the expected figure.
- Include clear and descriptive titles, axis labels, and legends in the figure.
- Ensure the figure is visually appealing and easy to read by adjusting its
styling elements such as font sizes, line widths, and colors.
Preferred Python libraries for plotting:
- matplotlib, seaborn, plotly

699

Plot Analyser

plot analyser. You are a plant data scientist to analyse figures.
700

Pipeline Reproducer

pipeline summariser. Extract executed function calls and Python code snippets
from a chat log, in order to form a pipeline that can be reused in the future.

Instructions:
- Output the pipeline as a single Python function with key arguments.
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- Provide a clear description, annotate all key arguments with their data
types and descriptions, and specify the output type.
- Include only the executed function calls and Python code snippets. Do not
include the unexcuted ones.
- For code snippets, include them exactly as they were executed, including
the library imports.
- For function calls, you don’t need to import them, just include the function
execution with the same parameters that were used.

Here is an example of the expected output:

1 def pipeline_name(param1: Annotated[str, ’description of param1’]

2 = default_value_param1,

3 param2: Annotated[int, ’description of param2’]

4 = default_value_param2) -> Dict[str, Any]:

5 """

6 Pipeline description.

7 Returns:

8 Dict[str, Any]: description of the output.

9 """

10

11 import necessary_libraries # Dynamically extract required imports

12

13 try:

14 logging.info("Starting pipeline execution.")

15

16 # Step 1: Call function A

17 logging.info("Executing function_call_1")

18 result_1 = function_call_1(param1)

19

20 # Step 2: Execute Python code snippet

21 logging.info("Executing extracted Python logic for something.")

22 def some_python_logic(input_data):

23 """ Extracted Python code block. """

24 # { Insert copied code blocks here }

25 return output_data

26

27 result_2 = some_python_logic(result_1)

28

29 # Step 3: Call function B

30 logging.info("Executing function_B")

31 final_result = function_B(result_2, param2)

32

33 logging.info("Pipeline executed successfully.")

34 return {"status": "success", "result": final_result}

35

36 except Exception as e:

37 logging.error(f"Pipeline execution failed: {str(e)}",
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38 exc_info=True)

39 return {"status": "error", "message": str(e)}

703

References704

[1] Fiorani, F. & Schurr, U. Future scenarios for plant phenotyping. Annual review705

of plant biology 64, 267–291 (2013).706

[2] United Nations. Population. https://www.un.org/en/global-issues/population.707

Accessed: 2025-04-06.708

[3] Lesk, C., Rowhani, P. & Ramankutty, N. Influence of extreme weather disasters709

on global crop production. Nature 529, 84–87 (2016).710

[4] Murphy, K. M., Ludwig, E., Gutierrez, J. & Gehan, M. A. Deep learning in711

image-based plant phenotyping. Annual Review of Plant Biology 75 (2024).712
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