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Abstract

To address the challenges posed by the shortage of agri-
cultural labour, this paper explores the use of Prompt
Engineering (PE) to guide Large Language Models
(LLMs) for grapevine pruning decision-making. Based
on real grapevine images and structured data, five
prompt templates were designed and tested on four
mainstream LLMs: Gemma-3, Llama-4, Gemini 2.5 Pro,
and GPT-03. Experimental results show that some mod-
els excel in consistency—GPT-03 achieved full consis-
tency (1.0) under Prompt 3, and Gemma-3 performed
well under Prompts 2 and 3 (0.98 and 0.96). How-
ever, inter-model agreement remained low (Fleiss’ Kappa
< 0.07) across all conditions. These findings confirm
the feasibility of using PE to simulate expert pruning in
data-scarce environments and offer insights for building
scalable, interpretable decision-support systems in agri-
culture.

1 Introduction

As the problem of structural shortage of global agricul-
tural labour is becoming more and more prominent, the
automation and intelligence of agriculture production
has become a key research direction to guarantee food
security and sustainable development of the industry.
Among many agricultural operations, grapevine pruning
has become a key challenge for intelligent agricultural
technology due to its high dependency on expert expe-
rience and complex decision-making dimensions. This
challenge is particularly prominent in the main wine
producing countries such as New Zealand, where sea-
sonal labour constraints and low pruning efficiency have
severely restricted the improvement of industrial effi-
ciency. Traditional approaches to grapevine pruning au-
tomation have primarily relied on computer vision and
robotic systems, where techniques such as 3D modelling
and RGB-D perception have been used to identify vine
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structures and assist robotic pruning. While these meth-
ods demonstrate the feasibility of perception driven au-
tomation, they remain limited by structural complexity
and the lack of flexible decision-making [Botterill et al.,
2017][Silwal et al., 2021]. In recent years, large language
models (LLMs) have demonstrated breakthrough capa-
bilities in complex task planning and cross domain rea-
soning, providing a new paradigm for the development of
intelligent decision-making systems in agriculture. How-
ever, the specificities of agricultural scenarios including
the high heterogeneity of plant structures, the strong
dependency on visual modalities, and the scarcity of ex-
pert annotated data have led to significant challenges
for the implementation of LLMs in specific farming op-
erations. Especially in the typical scenario of grapevine
pruning, how to make generic LLMs accurately simulate
the dual decision-making mechanism of “cut judgment”
and “pruning strategy” of agricultural experts in the ab-
sence of large-scale labelled data is still a key scientific
issue that has not been systematically solved in current
research.

Unlike rule-based systems, pruning strategies vary
among viticulturists due to differing experience and
production goals, making universal rules impractical.
LLMs, with their adaptive reasoning and generalization,
can emulate multiple expert styles and generate context-
appropriate pruning decisions, especially valuable when
expert consensus is lacking or vines differ structurally.

This paper proposes a Prompt Engineering based ap-
proach to explore how to simulate the pruning decision-
making process of agricultural experts by guiding a gen-
eralized Large Language Model (LLM) with different
types of prompts without the need for fine-tuning the
model or constructing complex model structures. We
constructed a variety of pruning task based on real
grapevine images and their structural data, designed 5
different kinds of prompt templates, and conducted ex-
periments with mainstream LLMs (Gemma-3, Llama-4,
Gemini 2.5 Pro, and GPT-03), to evaluate their consis-
tency, robustness and inter-model agreement in agricul-
tural tasks. These were applied to mainstream LLMs
and their consistency, robustness and inter-model agree-



ment were evaluated. The following sections will se-
quentially introduce research on grape pruning robots
and prompt engineering (Section 2), experimental de-
sign and prompt construction methods (Section 3), eval-
uation metrics and experimental results (Section 4), as
well as discussion, limitations, and future directions of
the study (Section 5).

This paper contributes to exploring the stability and
sensitivity of prompt design for LLMs in grapevine prun-
ing tasks when expert-annotated data is scarce. The
research focuses is not on directly replacing expert judg-
ment, but rather on first examining whether LLMs can
produce stable and reproducible outputs under different
prompt conditions. This work lays the groundwork for
future systematic comparisons between LLM decisions
and the actual results of expert annotations.

2 Related Work

Large Language model (LLM) have made breakthroughs
in natural language processing, generalized reasoning,
and code generation in recent years, and the attempts
in the field of agriculture have gradually increased. For
example, one study evaluated the performance of GPT-
4 and other models in generating crop pest and disease
management recommendations, and used GPT-4 as an
evaluator to measure its coherence, accuracy, and utility,
and the results showed that GPT-4 could achieve an ac-
curacy of about 72%, indicating the feasibility of LLMs
in agriculture decision-making. Assistance [Yang et al.,
2024]. In robot control, the Ahn et al.’s framework uses
language models for transforming high level command
into executable action plans to select the most feasi-
ble and helpful manipulation skills, demonstrating the
potential of linguistic reasoning in robot task planning
[Ahn et al., 2022]. However, most of the current research
focuses on Q&A and generation suggestions tasks, and
there is still a gap in the systematic validation of LLM
in structural decision-making and complex agricultural
operations, while data scarcity and complexity in agri-
cultural scenarios also limit the generalization ability of
the model.

Prompt engineering, as a lightweight method for guid-
ing LLMs to accomplish specific tasks, has been widely
used in code generation, data analysis, educational as-
sessment, and other fields. In recent years, prompt de-
sign has been systematically categorized as zero-shot,
few-shot and chain-of-thought etc. strategies [Sahoo et
al., 2024]. In medical, legal and other professional fields,
some studies have systematically investigated different
prompt types and turning methods, and carried out in-
depth evaluations in terms of robustness and stability
[Liu et al., 2023][Zhu et al., 2023]. In the field of agri-
culture, there is a lack of prompt engineering research
for complex structural decisions. In this paper, it in-

troduce the prompt engineering system into grapevine
pruning task for the first time, systematically design the
prompt type from the perspectives of task format, rea-
soning style, rule-based etc., and evaluate its output con-
sistency, robustness and inter-model agreement, so as to
provide a new direction for the introduction of “language
driven reasoning” in the field of agriculture.

3 Methodology

In this study, a LLM based decision-making system for
grapevine pruning was constructed, and its general ar-
chitecture is shown in Figure 1. The grapevine data used
in the experiment was provided by MaaraTech [Williams
et al., 2023], which contains structured descriptive text
that has been processed, covering key attributes such
as branch diameter, internode length, number of nodes
and location (left or right). The system incorporates a
variety of designed prompts to guide the LLM’s reason-
ing on the input data and outputs predictions for retain
and remove of each branch. To objectively evaluate the
model performance, an evaluation system was also de-
signed to evaluate the prediction results. The overall
process consists of four steps: Input prompt engineer-
ing, LLM inference, pruning prediction and evaluation.
It can effectively measure the performance of different
models and prompt designs to ensure the scientific va-
lidity and comparability of the experimental results.

Prompt Engineering

Decision- Evaluation
LLM —> making — cystem
Inference genered by LLM 4

Output

Figure 1: Overall Architecture of the LLM-based
Grapevine Pruning Decision System

To enhance transparency and reproducibility, Figure
2 and Table 1 provide representative examples of the
structured grapevine data used in this study. Figure 2
shows a grapevine sample from a commercial vineyard in
New Zealand, where each branch is colour labelled to fa-
cilitate consistent identification and annotation. There
labels correspond to the structured attributes summa-
rized in Table 1, including diameter, internode length,
node count, and spatial position. Diameter 1 and 2 are
the diameters (in mm) of a branch at two random differ-
ent measurement points are used to assess the branch’s
thickness. Internode 1 and 2 are the length (in mm) of
the internode from first node to second node position,
reflecting the vigor of the branch and the spacing of the
bud. Position indicates the spatial distribution of the
branches in the overall structure of the vine (left/right),



which is used to maintain the balance between the left
and right sides of the vine. Node indicates the number of
available buds on a branch, which directly affects the po-
tential fruiting capacity and pruning strategy for the fol-
lowing season. During actual grapevine pruning, experts
typically weigh multiple factors when deciding which
shoots to "retain” or "remove”. Typical decision-making
logic includes: prioritizing the removal of old canes due
to their diminished fruiting capacity; in terms of diame-
ter, branches that are too thin or too thick are unsuitable
as fruiting canes; internode length reflects branch vigor
and bud spacing, with excessively short or long intern-
odes affecting the following season’s fruit set; the num-
ber of nodes determines the branch’s potential fruiting
capacity; simultaneously, maintaining lateral balance in
branch placement is crucial to prevent vine structural
imbalance. These expert principles are guided into the
LLM’s reasoning process through prompting, enabling it
to simulate expert decision-making to a certain degree.
It should be noted, however, that this study intention-
ally avoided incorporating excessive restrictive rules in
prompt design to ensure it accurately reflects the LLM’s
stability and sensitivity when confronted with diverse
prompts. For instance, only informed the model of fac-
tors experts typically consider during decision-making
(such as diameter, internode length, number of nodes,
and the age of the cane), but refrained from using abso-
lute statements in the prompt, such as ”old canes must
be removed”. instead, the prompts maintained a de-
gree of openness to observe variations in the model’s au-
tonomous reasoning under different prompt conditions.

Figure 2: Example of grapevine with colour labelled
canes for pruning decision-making experiments

The data used in the experiment was provided directly
by MaaraTech [Williams et al., 2023] to ensure the au-
thenticity of the study. The data source covered a com-
mercial vineyard in New Zealand. All data were rigor-

ously manually labelled to ensure accuracy and consis-
tency of branch structure information. Key information
such as branch diameter, internode length, number of
nodes, and spatial location were covered in the data of
each vine, providing data to support the model’s pruning
decisions. Unlike many studies that rely on the image-to-
text conversion procession, this study does not require
additional image preprocessing and feature extraction,
but instead directly uses the structured data, thus avoid-
ing potential information loss and ensuring that the ex-
perimental results truly reflect the growth status and
pruning needs of grapevines.

To systematically explore the potential and per-
formance of prompt engineering in complex decision-
making tasks in agriculture, this paper designed and
applied five representative types of prompts, which are
categorized according to the systematic definitions in
related studies [Sahoo et al., 2024] and matched with
the actual characteristics of the grapevine pruning task.
Specifically, Prompt 1 belongs to the Chain-of-Thought
(CoT) reasoning type, which requires the model to rea-
son step-by-step based on the attributes of multiple
branches and ultimately give the results of retaining and
removing them, reflecting the characteristics of step-by-
step logical reasoning. Prompt 2 belongs to Structured
Chain-of-Thought (SCoT), which guides the model to
rank and interpret the branches under the quantitative
scoring system of 1-5, and ensure the rationality and
comparability of the output results. Prompt 3 is Chain-
of-Knowledge (CoK), which introduces explicit prun-
ing rules and prioritization weights to give the model
an advantage in stability and hallucination avoidance.
Prompt 4 is Chain-of-Symbol (CoS) symbolic reasoning,
which strengthens the image visual to decision mapping
capability by using colour marked branches as the main
input. Prompt 5 is Program-of-Thought (PoT), which
requires the model to synchronize images and structured
data to output multiple types of pruning decisions, in-
cluding remaining and removing branches, thus reflect-
ing the ability of procedural and multilevel reasoning.
These five types of prompts complement each other in
terms of reasoning style, knowledge dependency, image
input and procedural generation, which lays the experi-
mental foundation for the subsequent comparison of the
decision-making performance of LLM. A representative
prompt example is presented in Appendix A to illustrate
the template design, and Appendix B further demon-
strates an output example under Prompt example gen-
erated by Llama-4, highlighting how the model applies
the designed prompts in practice.

So as to comprehensively evaluate the applicability of
LLM in the grapevine decision-making task, this study
is based on the latest ranking of the Artificial Analysis
platform [Artificial Analysis, 2025] for the model selec-



Table 1: Example of structured grapevine branch data used as input for the decision-making experiments

Feature Blue Light Blue Red Green Orange White Yellow Purple Black Pink
Diameter 1 12.29 15.34 12.76 13.97 11.45 16.70 10.61 7.14 13.53 9.55
Diameter 2 11.54 13.84 11.14 12.43 10.75 15.09 10.22 7.67 13.00 9.11
Internode 1 58.14 32.80 19.95 55.41 16.84 49.31 40.32 75.05 56.39  28.89
Internode 2 80.68 47.79 51.51 72.78 34.00 36.41 71.42 86.85 69.30  38.59
Position Left Right Left Left Right Left Right Left Left  Right
Node Count 14 13 13 8 13 14 15 12 14 18

Length Type  Yes Old Cane Yes  Old Cane Yes Old Cane Yes Yes Yes Yes

Table 2: Overview of five prompt templates designed for LLM pruning decision-making

Prompt Prompt Type Abbreviation Reasoning Style Input Modality Decision Output
1 Chain-of-Thought CoT Step-by-step logical reasoning Structured cane attributes Retain/Remove list
2 Structured CoT SCoT Scoring-based structured reasoning  Structured cane attributes Score (1-5) + Retain/Remove
3 Chain-of-Knowledge ~ CoK Rule-based + prioritization Structured data + pruning rules Retain/Remove decision
4 Chain-of-Symbol CoS Symbolic / colour-based mapping Colour labelled images Retain/Remove decision
5 Program-of-Thought PoT Procedural & multi-level reasoning Image + structured data Retain/Remove + explanation

tion, and combines the research task’s multimodal in-
put requirements of the research task for multimodal
inputs, two open-source LLM models and two closed-
source LLM models were selected. The core criteria for
selection include: 1) multimodal support capability to
handle both textual and image data; 2) performance and
stability of the models in the comprehensive ranking; 3)
accessibility and interface compatibility; 4) representa-
tiveness in academia and industry. During the exper-
iments, all models are run under a unified framework,
receiving the same input data and prompt types to en-
sure comparable results.

For the open-source models, Gemma-3 and Llama-4
were selected, where Gemma-3 has a stable performance
in the ranking and good support for multimodal rea-
soning, which is able to handle structured inputs and
incorporate logic chaining reasoning, and LLaMa-4, the
latest open source model released by Meta, is ranked
high in language comprehension and reasoning tasks,
and both open-source models can be used to provide flex-
ibility through the API from Together.ai [Together Al,
2025). Together.ai API provides flexible parameter regu-
lation functions, such as temperature setting and batch
running, to facilitate the controllability of comparison
experiments.

For closed-source models, Gemini 2.5 Pro and GPT-
03 were chosen. Gemini 2.5 Pro is the flagship mul-
timodal model released by Google DeepMind, which is
ranked high in the list and attracts much attention for
its performance in complex reasoning and task stability;
while GPT-03 is a model optimized for real-world appli-
cations by OpenAl. GPT-03 is OpenATI’s next-generation
model optimized for real-world applications, which main-
tains a leading position in natural language understand-
ing and generation, and is invoked through the Chat-

GPT interface, providing strong inference consistency
and contextual adaptation. The introduction of these
two closed-source models ensures a fair comparison with
open-source models in the one hand, and provided di-
verse architectures and training paradigms for research
on the other.

Table 3 summarizes the four models selected for this
study, including their type, release company, context
window size, image input support, and release data. As
shown in the table, Gemma-3 supports a context win-
dow of up to 128k tokens with image input capability;
Llama-4 provides a significantly larger context window of
10000k tokens. Among the closed-source models, Gem-
ini 2.5 Pro has a 1000k tokens context window and sup-
ports multimodal input, while GPT-30 supports a 200k
tokens context window and image input capability. This
comprehensive overview highlights the complementary
strengths of the selected models in the comparative eval-
uation.

To systematically evaluate the performance of differ-
ent LLMs in grapevine pruning decision-making, three
types of core metrics are designed in this study: con-
sistency, prompt robustness and inter-model agreement.
These indicators construct the evaluation system from
the three dimensions of internal stability of the model,
robustness to input design, and cross model consensus
to ensure the scientific validity and comparability of the
experimental results.

1) Consistency

Consistency is used to measure the stability of the
output of the same model under fixed prompt conditions
for multiple inference, whether the model is able to give
consistent pruning decisions is repeated experiments. In
the experiment, each model is run 10 times in the same
prompt, M is the number of repetitions(0 to 10), and the



Table 3: Summary of selected open-source and closed-source LLMs used in this study [Artificial Analysis, 2025

LLM Model Type Creator Context Window Image Input Support Release Date
Gemma-3 Open-source  Google 128k tokens Yes March, 2025
Llama-4 Open-source  Meta 10,000k tokens Yes April, 2025
Gemini 2.5 Pro  Closed-source  Google 1,000k tokens Yes June, 2025
GPT-03 Closed-source  OpenAl 200k tokens Yes April, 2025

frequency of each branch being decided as removed, frm,
and retained, f,; are counted respectively. The overall
consistency rate is then calculated by majority voting,
and Cohen’s Kappa coefficient is used to correct for the
effect of random consistency. The formula is as follows
[Elazar et al., 2021][Achiam et al., 2023] [Hackl et al.,
2023] [Vieira et al., 2010] :

) 1 &4 max (f?”m,ia frt,i)
Consistency = N ; i (1)
where i=1 to N denotes the i-th number of total N
branches.
2) Prompt Robustness
Prompt Robustness is used to assess the consistency of
the model’s decisions under different prompts, reflecting
its robustness to the design of input prompts. To eval-
uate the stability of a model under different prompts,
first should define a prompt robustness metric [Zhu et
al., 2023][Razavi et al., 2025][Zhuo et al., 2024].
Set the model be Mpg, the set of prompts be:

P = {p17p27 e 7pk?}
And the set of branches be:
C={c1,ca,...,cN}

For a branch c;, under a prompt p; , it’s the average
over multiple runs is defined as:

M
1
Tij = 3 Z 1 {dftj) = Retain} (2)
t=1

where 1 is the Iverson bracket function ¢ is the index of
the run from 1 to M.

The average deviation of branch ¢; under prompt p;
compared with other prompts is, where k is total number
of prompts:

k

1
Bij=1—7 > Arig —rikl (3)

k=1k#j

Thus, the robustness of branch ¢; under prompt p; is
defined as:
Rij=1-A4, (4)

With values ranging from [0,1]. A larger value indicates
that the model’s outputs are less affected by prompt vari-
ations, representing higher robustness.

The average robustness of model Mpr under prompt
P; is defined as follows:

N
1
RMpn.P, = 37 > Rij (5)
i=1

where N is the total number of branches, and R; ;
denotes the robustness score of the i-th branch under
prompt P;.

3) Inter-model Consistency

Inter-model consistency is used to measure the con-
sistency and consensus of pruning decisions of different
models under the same prompt. The specific method
is: for each branch, the remove/retain judgment results
of multiple models are aggregated, and Fleiss’ Kappa is
used to calculate the overall consistency index. At the
same time, the consistency matrix between model pairs
is constructed to reveal the similarity of different model
combinations is specific decisions. The formula is as fol-
lows: [Fleiss, 1971][Amiri-Margavi et al., 2025|[Badshah
and Sajjad, 2024]:

N K
dim1 (Zj:l ngj - %)

1
1-%

Consistency = (6)
where K represents the number of models and N rep-
resents the total number of grapevine branches of each
vine.

Thus, ¢ is the index of the i-th branch in the range
1 <9< N, jis the index of the j-th model in the range
1 < j < K, and p; jdenotes the proportion of the i-th
branch selected under the j-th model.

4 Results

This study verifies the feasibility and potential of guiding
LLMs for grapevine pruning decision-making through
PE in an agricultural data scarce scenario. As can be
seen from the heat map in Figure 3, there are significant
differences in the performance of the different models in
terms of consistency (left) and robustness (right), reflect-
ing their ability to adapt to different prompt types.



In terms of consistency, the average consistency of all
four models under the five types of prompts is main-
tained at a high level (0.82-1). Among them, GPT-
03 reached full consistency (1) under prompt 3, show-
ing very high output stability; Gemma-3 performed well
under prompts 2 and 3 (0.98 and 0.96 respectively),
suggesting its strong stability under structured rubric
categorization and rule-based prompts; and Lllama-4
reached a peak consistency under prompt 4 (0.98), indi-
cating that it responds very consistently to symbolic rea-
soning prompts; whereas Gemini 2.5 Pro performs con-
sistently overall (range 0.84-0.98), but performs slightly
lower at prompt 4 (0.84), indicating that it still fluc-
tuates in processing certain types of prompts. How-
ever, these results also reflect that the reasoning paths
of different models on the same prompt may differ sig-
nificantly, and their decision logics may be inconsistent
despite a high eventual consistency, which can pose a
coordination challenge when fusing multiple models.

In terms of robustness, the overall distribution range
from 0.68 to 0.82, indicating that all models have a cer-
tain output uncertainty under prompt changes; Gemma-
3 performs best under prompt 2 and 3 (both 0.82), indi-
cating that it is more resistant to fluctuations in scoring
and rule-based prompt; GPT-03 has a more balanced
distribution of robustness (0.7-0.8), reflecting its adapt-
ability to different prompt; Gemini 2.5 Pro also main-
tains high robustness under most of the cues, but slightly
decreases under prompt 3 and 4 (0.72 and 0.76); and
Llama-4 has relatively low robustness under prompt 1
and 4 (0.69 and 0.74), indicating that it may still be
affected by prompt perturbation under generic and sym-
bolic prompts. This further suggests that some of the
models have a significant dependency on the prompt
type and are prone to performance fluctuations when
the input lacks sufficient detail or structured features.

Taken together, the models perform well in term of
consistency, especially in terms of highly stable output
ability under specific prompts. However, there is still
room for optimization in terms of robustness. The sen-
sitivity difference of the models under different prompt
also suggests that need to combine the characteristics
of the models to choose a more compatible and gener-
alizable type of prompt when designing the prompt for
pruning decision-making. And consider prompt adaptive
mechanisms in actual deployments to minimize perfor-
mance fluctuations.

As can be seen from Figure 4, the overall level of
inter-model consistency under different prompt is low,
and none of the Fleiss’ Kappa values exceed 0.1, indi-
cating that there are significant differences in the prun-
ing decisions of different models under the same prompt
conditions. Specifically, the highest level of inter-model
consistency was found for prompt 3 (0.056), suggesting
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Figure 3: Average Consistency and Robustness of Mod-
els Across Different Prompts

that this type of prompt narrowed that inference differ-
ences between models to a certain extent, but still did
not reach a high level of agreement. Prompt 2 (0.035)
and prompt 5 (0.037) had the next highest results, sug-
gesting that they helped to some extent to reach rela-
tively close judgments across models. The lowest results
were observed for prompts 1 and 4 (0.019 and 0.020),
suggesting that when the prompts provided only gen-
eral requirements without detailed guidance, the models
performed less effectively. This is also a side note that
the limited size and diversity of the current dataset may
not be sufficient to cover the more complex changes in
vine structure in actual production, and especially lacks
validation of the data across seasons and varieties, thus
limiting the ability of the model to generalize across mul-
tiple scenarios.

Overall, while individual models perform well on the
consistency metrics, but cross-model consistency is still
at a low level. This suggests that LLMs with different
architectures and training paradigms have significant dif-
ferences in reasoning logic when responding to the same
pruning task, making it difficult to form a unified expert-
level decision.

In addition to the above quantitative evaluation re-
sults, this study encountered a practical bottleneck dur-
ing the experimental process. Specifically, there is a
greater challenge in accurately extracting pruning de-
cisions (remove or retain) from the output responses of
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LLMs. In the initial stage, tried to adopt a rule-based
parser method, but due to the significant differences in
word usage, terminology and text structure among dif-
ferent models, it is difficult to design a set of generalized
rules that can cover all cases. As a result, the parser
could only be done manually, which not only significantly
increases the workload, but also exposed the limitations
of the current direct application of LLMs’ outputs to
the automated process of grapevine pruning. This issue
suggests that future research needs to explore mecha-
nisms for standardizing the output format or incorpo-
ration auxiliary automated extraction models to reduce
manual intervention and increase automation.

5 Conclusion

This study validates the feasibility and potential of
guiding LLMs for grapevine pruning decision-making
through prompt engineering in an agricultural data
scarce environment. And systematically evaluated the
performance of open-source and closed-source models in
terms of consistency, robustness, and inter-model consis-
tency based on five types of representative prompts. The
results show that some of the models (e.g. Gemma-3,
Llama-4 and GPT-03) perform well in terms of consis-
tency, but the overall robustness is still in the middle of
the range, and the degree of consensus among different
models is low. This suggests that although LLM is able
to consistently model pruning decisions under specific
prompt, there are differences in their reasoning logics,
making it difficult to form a unified expert level judg-
ment.

At the application level, the prompt engineering
framework proposed in this study effectively reduces the
dependence on large scale labelled data, demonstrating
its scalability and adaptability as a prototype viticul-
ture decision support system. Meanwhile, the results

also highlight the importance of combining multimodal
data with expert rules to enhance model interpretability
and stability.

It should be noted that some may question the value of
consistency analysis, arguing that if models consistently
generates erroneous results, the stability or alignment of
its ouput become meaningless, accuracy should instead
directly compared against expert ground truth. While
this concern is valid, consistency is in fact a prerequisite
for any meaningful accuracy assessments. If a model
cannot maintain stable outputs under identical prompt
conditions, its measured accuracy becomes unreliable,
as evaluation results may fluctuate randomly across dif-
ferent runs. Therefore, this study first focuses on test-
ing whether LLMs can sustain stable reasoning behavior
across different prompts conditions in data-scarce sce-
narios. While this study primarily focuses on stabil-
ity and robustness rather than correctness, we recognise
that validation against expert viticulturists is an essen-
tial next step. Even a small subset of expert-labelled
vines would enable quantitative evaluation of pruning
correctness and further connect the LLM reasoning pro-
cess to practical viticultural decision-making. We ac-
knowledge that only one expert has provided initial qual-
itative feedback on the model outputs so far. A more ex-
tensive validation against multiple expert annotations is
currently being prepared as part of ongoing work. We are
engaging experts and collecting a larger set of annotated
vine data to quantitatively validate model correctness
and agronomic soundness in subsequent studies.

Future research will focus on 1) domain knowledge
based prompt optimization to enhance robustness and
inference reliability; 2) multimodal fusion of image and
structured data to improve decision accuracy and inter-
pretability; 3) introduction of expert manual evaluation
to systematically compare the accuracy of LLM decision-
making with expert judgments to validate its utility in
real agriculture scenarios; 4) exploration the relation-
ship between prompt engineering and traditional ma-
chine learning models (e.g. CNN and RNN), and design
“prompt + neural network” experiments to take advan-
tage of the inference ability of LLM and the structured
learning advantage of deep learning to further improve
the stability and accuracy of pruning decisions.

Overall, the starting point of this study is not to di-
rectly measure the correctness of LLM pruning results,
but rather to first examine its stability and sensitivity
under different prompting conditions. What we aim to
replicate in LLMs is the decision-making process experts
follow during actual pruning, selecting the most suitable
fruiting cane based on metrics such as branch diame-
ter, internode length, node count, spatial position, and
new/old status. this process-oriented evaluation lays the
groundwork for subsequent integration of expert anno-



tation data to further validate LLM accuracy.
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Appendix A. Prompt Template Example

You are an expert viticulturist specializing in grapevine cane pruning. Your task is to evaluate a given vine
based on specific attributes and decide which canes should be removed entirely to optimize fruit yield. For
this type of grape, only two canes should be retained for fruit production. Evaluate the following attributes
of the vine:

- Cane Colors: blue, light blue, red, green, orange, white, yellow, purple, black, pink

- Cane Attributes:
- Diameter 1 (mm)

- Diameter 2 (mm)

- Internode 1 (mm)

- Internode 2 (mm)

- Position (Left/Right)

- Node Count

- Old Cane Status (Yes/No)

The data for the canes is as follows:
Data Input:

blue light red green orange white yellow purple black pink
blue

diameter 1 12.29 15.34 12.76 13.97 11.45 16.70 10.61 7.14 13.53 9.55
diameter 2 11.54 13.84 11.14 12.43 10.75 15.09 10.22 7.67 13.00 9.11
internode 1~ 58.14 32.80 19.95 55.41 16.84 49.31 40.32 75.05 56.39 28.89
internode 2 80.68 47.79 51.51 72.78 34.00 36.41 71.42 86.85 69.30 38.59

position Left Right Left Left Right Left Right Left Left Right

node count 14 13 13 8 13 14 15 12 14 18

old cane Yes Old Yes Old Yes Old Yes Yes Yes Yes
Cane Cane Cane

Make your decision based on typical viticulture practices aimed at achieving a balanced yield. Consider
factors such as cane diameter, internode length, position, and the age of the cane in your evaluation.

Final Answer Format:
Decision: [canes to be removed]
Reason: [your explanation based on viticulture practices]




Appendix B. Prompt Output Example

Step 1: Understanding the Goal of Grapevine Cane Pruning

The goal of grapevine cane pruning is to optimize fruit yield by selecting the healthiest, most productive
canes. Typically, only two canes are retained for fruit production. The selection criteria include cane
diameter, internode length, position, node count, and the age of the cane.

Step 2: Evaluating Cane Diameter
Canes with diameters between 10-15 mm are considered optimal. Too thin (j10 mm) or too thick (;15 mm)
canes may not produce well.

Step 3: Assessing Internode Length
Balanced internode length indicates vigor. Very long internodes may mean excess vigor (more leaves than
fruit), while very short ones may indicate low productivity.

Step 4: Considering Cane Position
Even distribution (left/right) improves sunlight exposure and air circulation, important for yield and disease
prevention.

Step 5: Evaluating Node Count
Higher node count suggests more fruiting sites, but must be balanced with cane health.

Step 6: Assessing Old Cane Status
Old canes often have reduced productivity. Given all canes are old in this case, selection must prioritize the
best physical attributes.

Step 7: Analyzing Given Data

- Light blue: diameter 15.34/13.84 mm, internode 32.8 mm, node 13, Right

- White: diameter 16.7/15.09 mm, internode 49.31 mm, node 14, Left

- Other canes show less optimal traits (too thin, too long internodes, or fewer nodes).

Step 8: Applying Selection Criteria

- Light blue: promising diameter and node count.

- White: slightly thick, but strong diameter and good node count.

- Others: less optimal due to thinness, low node counts, or excessive internode length.

Step 9: Final Decision

Decision: Remove blue, red, green, orange, yellow, purple, black, pink

Retain: light blue, white

Reason: Light blue and white canes provide the best balance of diameter, internode length, node count, and
position, making them the strongest candidates for retention. Other canes are removed due to less favorable
attributes.




