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1 Introduction005 005

Plant phenotyping greatly benefits from deep learning and computer vision,006 006

which enable precise quantitative measurement of plant traits [6,11,14]. However,007 007

interacting with vision models requires substantial computer science knowledge008 008

(e.g . understanding coding and data processing), which increases the entry bar-009 009

rier for scientists lacking such knowledge. The advancement of large language010 010

models (LLMs) [2, 12] has captured the attention of the natural science com-011 011

munity due to their strong capability in natural language understanding and012 012

reasoning [8, 9, 13]. Nevertheless, the ability of LLMs (incl. multi-modal LLMs)013 013

to directly solve vision tasks (e.g . image classification and instance segmenta-014 014

tion) remains questionable.015 015

To facilitate simple interaction with computational models while maintain-016 016

ing accurate measurements for plant phenotyping, we present the prototype of017 017

PhenoGPT. PhenoGPT leverages an LLM to invoke the most appropriate pre-018 018

trained vision models to address plant tasks specified by free text.019 019

2 PhenoGPT020 020

We define our application scenario as follows: the user sends a free text con-021 021

taining the specification of a computer vision task and the location of an image022 022

to the LLM. The LLM will then identify the correct vision model(s) to solve the023 023

task and return the results to the user.024 024

Prompt-engineered LLM. We select GPT-3.5 Turbo as the base LLM. The025 025

key to enabling model calling is to set a system prompt that provides descriptions026 026

of the available models to the LLM and instructs it to output a JSON file based027 027

on the user prompt. The JSON file should contain the model name and the028 028

corresponding arguments needed to correctly invoke the model.029 029

Vision Models. In this prototype, we provide the LLM access to two different030 030

vision models. The first is a Vision Transformer (ViT) [7] trained for cassava031 031

disease classification [1, 3], and the second is a Mask2Former [5] trained for leaf032 032

instance segmentation [4, 10].033 033

Use Cases. In Fig. 1 (a) and (b), we show that PhenoGPT correctly performs034 034

leaf instance segmentation and disease classification. To illustrate the importance035 035

of using task specific vision models, we provided similar prompts directly to036 036

GPT-4o. We observed in Fig. 1 (c) and (d) that GPT-4o failed to solve the leaf037 037
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instance segmentation task correctly, and produced ambiguous results for leaf038 038

disease classification (multiple possible diseases suggested).039 039

(a) PhenoGPT for leaf instance segmentation

(b) PhenoGPT for leaf disease classification

(c) ChatGPT-4o for leaf instance segmentation (d) ChatGPT-4o for leaf disease classification

Fig. 1: Response comparison between PhenoGPT and ChatGPT-4o. (a)(c) Leaf in-
stance segmentation. (b)(d) Leaf disease classification.

Conclusion. The prototype of PhenoGPT demonstrates the potential of com-040 040

bining LLMs with vision models to create a convenient natural language inter-041 041

action interface while maintaining high accuracy in plant trait measurement.042 042

Our future work will focus on expanding the range of accessible vision models043 043

to enhance usability and accuracy in various plant phenotyping tasks.044 044
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