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Abstract

The zero-shot and few-shot capabilities of current vision-
language models (VLMs) including CLIP is constrained by
the availability of large-scale, aligned image-text paired
datasets in agricultural domain. In this work, we lever-
age two complementary sources of information (i) category-
level text descriptions generated by large language models
(LLMs) and (ii) open source fine-grained image classifica-
tion datasets to improve the zero-shot and few-shot classi-
fication performance of VLMs in agricultural domain. We
propose a resource-efficient framework that leverages LLMs
to synthesize exhaustive, class-specific textual descriptions
of phenological and morphological traits. These descrip-
tions are used to fine-tune CLIP via Low-Rank Adapta-
tion (LoRA) and a novel category-level contrastive loss that
accommodates multiple semantic descriptors per training
batch. Our framework significantly outperformed vanilla
CLIP and standard CLIP-LoRA baselines in zero-shot and
few-shot settings. Critically, it demonstrates superior do-
main generalization on real-world field datasets, effectively
bridging the performance gap between controlled labora-
tory environments and real world agriculture fields. Our
findings suggest that category level detailed text descrip-
tions are effective and are complementary to visual appear-
ance.

1. Introduction

The increasing global demand for food security and re-
source efficiency has positioned precision agriculture as a
critical frontier for technological innovation. Computer
vision powered by Deep Learning (DL), has shown im-
mense promise in automating key agricultural monitoring
tasks such as plant disease detection and crop classifica-
tion. These tasks are essential for timely intervention, min-
imizing crop losses, and increasing crop yield [1]. While
DL models trained on large, labeled datasets have achieved

near-human performance in controlled settings, their real-
world utility remains constrained [19].

Transitioning computer vision models from the labora-
tory to real-world agricultural environments reveal signif-
icant hurdles due to domain shift and the scarcity of la-
beled samples from field conditions [5]. A model trained
on a controlled source domain typically suffers a dramatic
performance drop when deployed on a heterogeneous tar-
get domain. The unparalleled variability of agricultural
environments exacerbates this shift, with major discrepan-
cies arising across: (i) geographies and climates (e.g., soil
type, light intensity), (ii) crop and variety types, (iii) sea-
sons and growth stages (phenology), and (iv) data acqui-
sition methods (e.g., sensor types, drone vs. ground-level
imagery). This heterogeneity routinely violates the fun-
damental assumption of supervised learning—that training
and testing data are drawn from an independent and identi-
cally distributed (i.i.d.) distribution [4]. Traditional Trans-
fer Learning (TL) techniques, which involve unfreezing and
fine-tuning a few layers of a Deep Neural Network (DNN),
often fail to achieve the robust generalization required for
scalable deployment due to the vast distributional gap and
limited labeled target data [2].

Recent breakthroughs in zero- and few-shot classifica-
tion have been driven by Vision-Language Models (VLMs)
like CLIP [13]. These models utilize massive image-text
datasets to learn a shared embedding space between vi-
sual and natural language domains. However, the perfor-
mance of these VLMs often falters in highly specialized
domains (e.g., healthcare [17], geo-sensing [16], and agri-
culture [11]). In agriculture, these failures stem from two
interrelated issues: (i) intrinsic domain gap: VLMs are
pre-trained on general-purpose images of everyday objects,
lacking the fine-grained, domain-specific examples neces-
sary to identify subtle plant disease symptoms or detect mi-
nor variations among crop species, and (ii) specialized data
scarcity: adapting VLMs is hindered by lack of compre-
hensive labeled data sources from real-world fields. Exist-
ing open source and large scale datasets, such as the Plant
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Village Dataset (PVD) are laboratory-generated and focus
on narrow tasks with only images and class names, restrict-
ing their utility for complex VLM fine-tuning. In addition
to the difficulty and high resource demands of gathering
large-scale, high-quality image-caption datasets from real-
world fields, traditional VLM fine-tuning methods present
further obstacles. These conventional approaches typi-
cally require substantial computational power and exten-
sive labeled datasets to achieve convergence [23], render-
ing them impractical for many localized agricultural appli-
cations where data and hardware are often limited.

Clearly, previous reported research highlight the need for
advanced techniques, particularly Parameter-Efficient Fine-
Tuning (PEFT), which is crucial when computational re-
sources or labeled data are limited. To address the chal-
lenges of domain gaps, data scarcity and limited general-
ization, we introduce a novel framework that leverages the
strengths of Large Language Models (LLMs) and PEFT to
adapt VLMs for fine-grained agricultural tasks. We uti-
lize the fact that LLMs can generate rich, class-specific
text descriptions of fine-grained categories. These de-
tailed descriptions can be paired with existing vision-based
datasets, such as PVD, to generate coarsely-aligned image-
text datasets for fine-tuning VLMs on agricultural tasks.
This approach is demonstrated to improve zero-shot and
few-shot performance, generalizing to new classes and ge-
ographical fields. Our method addresses the high computa-
tional costs and data limitations that currently restrict foun-
dation models to laboratory settings, providing a scalable
alternative for real-time, on-site diagnostics.

Motivated by these challenges, this work provides the
following contributions:
(i) Fine-grained task and class specific textual descrip-
tion generation: We generated class-specific, fine-grained
image-text datasets derived solely from existing vision-
based agricultural datasets by leveraging targeted LLM
prompting.
(ii) Novel fine-tuning pipeline: We introduce a robust train-
ing pipeline that stochastically pairs images with class-
category texts, coupled with a novel category-level con-
trastive loss designed to handle multiple positive texts per
image.
(iii) Parameter-efficient adaptation of CLIP: We employed
Low-Rank Adaptation (LoRA) to fine-tune CLIP under
resource-constrained settings, significantly reducing com-
putational overhead while ensuring effective knowledge
transfer.
(iv) Real-world field evaluation: The framework is rig-
orously evaluated using a self collected real-world field
dataset to validate its practical generalizability under zero
shot settings.

2. Related work

2.1. Vision language models and parameter-
efficient fine-tuning

Recently, Vision Language Models (VLMs) [7, 12, 13,
22] have rapidly gained prominence, finding widespread
application in both zero-shot and few-shot classification
tasks. These models are designed to process image and
text data jointly, comprising both specialized image and
text encoders, along with fusion mechanisms to learn a
shared, semantic embedding space between the two modal-
ities. Following extensive pre-training on massive datasets,
VLMs have demonstrated significant capability improve-
ments across various downstream visual tasks. For exam-
ple, CLIP [13] utilizes an image-text contrastive objective,
which quantifies the similarity between corresponding im-
age and text embeddings via a dot product. This contrastive
learning mechanism achieves strong alignment of image
and text features, enabling impressive zero-shot prediction
capabilities when paired with an appropriate text such as the
class name during test time.

Researchers have developed a variety of fine-tuning
strategies to adapt Vision-Language Models like CLIP for
task-specific requirements and to facilitate robust domain
transfer. One prominent approach is prompt tuning, where
CoOp [25] improves few-shot classification by optimiz-
ing learnable prompt context vectors that are appended to
class name embeddings. To further enhance generalization,
CoCoOp [26] introduced dynamic conditional prompting,
while KgCoOp [20] sought to minimize prompt variance to
preserve foundational textual knowledge when addressing
previously unseen categories. Beyond prompt-based meth-
ods, adapter-based tuning introduces small, task-specific
trainable modules between pre-trained layers, which effec-
tively reduces the computational overhead and training time
required for fine-tuning. More recently, CLIP-LoRA [23]
utilized the Low-Rank Adaptation (LoRA) [6] technique to
perform parameter-efficient fine-tuning, traditionally evalu-
ating performance using standard template prompts such as
“a photo of a [class].”

2.2. Agricultural domain specific vision language
models

The drive toward artificial intelligence (AI) solutions tai-
lored for agriculture is evident in the development of
domain-specific models. Recent works like AgroGPT [3]
and AgriVLM [21] operate primarily as visual question an-
swering (VQA) systems. They rely on the training of LLMs
(e.g., the 7B LLaMA model [15] or ChatGLM [24]) on
extensive datasets of question-answer pairs or multi-turn
conversations derived from image descriptions generated
by generic LLMs and external knowledge. Similarly, the
CDIP-ChatGLM3 [18] approach uses a dual-model inte-

831



Figure 1. Proposed framework demonstrating LoRA based parameter efficient fine-tuning (PEFT) of CLIP using category level contrastive
loss. 1) Text generation of fine-grained category level expert descriptions using LLMs, 2) Few shot category-level PEFT of CLIP and 3)
Evaluation on a series of challenging domain shift scenarios.

gration, combining specialized disease identification mod-
els with a domain-fine-tuned LLM (ChatGLM3-6B) to pro-
vide tailored prescriptions using LoRA. This method in-
volved generating ∼2,500 question-answer pairs using 13
crop-related books and querying Llama3.1-405b instruct.
AgriClip [10] utilizes contrastive fine-tuning methodology
centered on the curation of extensive image-text paired
datasets. They leverage LLMs to generate descriptions for
each queried image and subsequently train a CLIP-like ar-
chitecture using a contrastive learning objective for image
and disease classification.

Domain-specific models often face significant opera-
tional challenges in terms of requiring high computational
resources for the training of large number of parameters of
the base LLMs or specialized classification models sepa-
rately. Domain specific VLM methods [3, 13, 18, 21] rely
on the generation of individual image captions or large-
scale pre-training question-answer datasets significantly af-
fecting the scalability of data generation in real world set-
tings. This increases the resource demands and cost of gen-
erating image descriptions, scaling directly with the number
of images queried. These limitations highlight a compelling
need for a more computationally efficient and domain-
adaptive framework that can enhance robustness and gen-
eralization without incurring excessive resource demands.
As such, the proposed framework directly addresses these
challenges by leveraging a PEFT approach and generating
rich, category-level text descriptions (instead of image-level
captions), thereby improving efficiency and accessibility for
specialized agricultural tasks.

3. Method
In this section, we discuss the proposed CLIP LoRA + A
framework designed to bridge the domain gap in agricul-
tural tasks under zero and few shot settings. The detailed
flow of CLIP LoRA + A framework is shown in Fig. 1.
Our proposed framework encompasses three key stages: (i)
class specific textual description generation: utilizing LLMs
to generate detailed, class-specific textual descriptions by
employing structured and task specific prompting methods
(as detailed in Section 3.2), (ii) model fine-tuning: adapt-
ing the pre-trained CLIP model using PEFT along with the
class-specific generated descriptions through our novel fine-
tuning approach (described in Section 3.3), and (iii) evalu-
ation: assessing the performance of the adapted models on
few-shot classification across real world datasets and two
different agricultural tasks (detailed in Section 3.4).

3.1. Problem statement
Consider a labeled dataset D = {(XK , CK)}NK=1, where
XK ∈ X represents the input images, CK ∈ Y are the cor-
responding labels for all K ∈ {1, . . . , N}, and N is the to-
tal number of image-label pairs. We generate an exhaustive
list of descriptive textual descriptions, Y C for each class
category C ∈ Y , by prompting a LMM to identify unique
visual and phenological characteristics specific to that cate-
gory as detailed in Section 3.2. A VLM such as CLIP [13],
is composed of an image encoder Θ and a text encoder Φ.
The model is trained such that the embedding of the im-
age is close to the embedding of its corresponding text, i.e.,
Θ(x) ≈ Φ(y) for an image X with label C. Our objec-
tive is to enhance the few-shot generalization capabilities of
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Task Prompt Template Key Emphasis (Visual Cues)

Disease classification

What are the distinguishable characteristics that can be used to differentiate
<disease name>disease from other type of <crop name>plant diseases based
on just a photo? Produce an exhaustive list of all attributes that can be used to
identify the <disease name>disease uniquely. Give emphasis on location of
occurrence of disease, phonological stage at which it generally occurs, physical
symptoms as seen on plant/leaf. Texts should be of the form \” <disease name>
disease with <characteristic feature>\”. Ensure to structure your response as a
list of single sentences.

Location,
Phenological stage,
Physical symptoms

Crop classification

What are the distinguishable characteristics that can be used to differentiate
<crop name>plant from other types of crops based on just a photo? Produce
an exhaustive list of all attributes that can be used to identify the <crop name>
plant uniquely. Give emphasis on colour, appearance, shape, texture of leaves
and fruits. Texts should be of the form ” <crop name>plant with <characteristic feature>”.
Ensure to structure your response as a list of single sentences.

Shape, Texture,
Color, Unique appearance

Table 1. LLM prompt templates for task-specific expert textual description generation

CLIP within fine-grained agricultural tasks by fine-tuning
both the image and text encoders in a resource efficient way.
We structure this adaptation process by first pre-training the
model on large open source laboratory dataset such as PVD,
and then adapting the VLM on niche real world dataset.

3.2. Class specific expert textual description gener-
ation

To create highly discriminative text features for our vision
tasks, we generated class-specific textual descriptions for
every class category in each dataset, focusing on unique
visual characteristics that facilitate inter-class distinction
within the task. The design of the prompt used for text
generation was specifically tailored to the respective tasks.
For plant disease classification task, the prompt emphasized
domain-specific diagnostic attributes, including the loca-
tion of disease occurrence, the phenological stage at which
symptoms typically manifest, and the observable physical
symptoms on the plant or leaf. For crop classification task,
the generated text centered on identifying features such as
the shape, texture, color and unique visual appearance of the
leaves and fruits. Table 1 shows respective prompt used to
query the LLM. Here, <disease name> and <crop name>
is the class name for the classes in the plant disease dataset
and crop classification dataset respectively.

The LLM produces nc descriptions for each class cate-
gory C. This results in a set of descriptions Y C for each
category. We manually assessed the accuracy of the gen-
erated textual descriptions for all classes within the PVD,
Pdoc, and the nine classes of the fieldPlant dataset using
online sources. This fact-checking process confirmed the
correctness of approximately 97% of the generated texts.
However, acknowledging that this manual vetting approach
is not scalable to larger datasets, we rely on the empirical
performance metrics to validate the overall utility of the
generated text corpus.

3.3. VLM finetuning

The architecture of original CLIP model leverages a train-
ing paradigm involving paired image and caption data. For
our specific scenario, however, we utilize a collection of im-
ages (X) and a corresponding set of class-specific textual
descriptions (YC) for each class C in our training data. We
resolve this data format difference by stochastically pair-
ing each image with a randomly chosen text sample from
its respective class during training. To ensure compatibil-
ity with the input token constraints of the open CLIP ar-
chitecture, we strategically sample from the available de-
scriptions to maintain a sequence length within the 77-token
limit. Crucially, we cannot directly implement the standard
batch-level cross-entropy loss utilized by CLIP, which typi-
cally treats the image-text pair as the sole positive example
and all other batch texts as negatives. This constraint arises
because a single batch in our setup may contain multiple
image-text pairs belonging to the identical category. The
modification to the objective function necessary to account
for this is detailed below.

For each fine-tuning step, we construct a batch of B el-
ements, where each element is an image-text pair (xi,yi)
for i = 1 to B. The similarity score resulting from pass-
ing image xi and text yj through the CLIP encoders is de-
noted by Mij . c(i) is assigned as the class label for the
i-th pair. To identify positive samples correctly, Si is de-
fined as the set of indices j such that the category of the
j-th pair matches the category of the i-th pair; mathemati-
cally, Si = {j | c(j) = c(i)}. The resulting loss function
for the image component is subsequently expressed as:

Limage = −
1

B

B∑
i=1

1

|Si|
∑
j∈Si

log
exp(Mi,j)∑B
r=1 exp(Mi,j)

(1)
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Ltext = −
1

B

B∑
j=1

1

|Sj |
∑
i∈Sj

log
exp(Mi,j)∑B
r=1 exp(Mi,j)

(2)

The overall loss function can be formulated as:

L = Limage + Ltext (3)

The goal of the objective function is to accumulate the
cross-modal similarity for all image and text pairs that share
the identical class label within the sampled batch.

We fine-tuned CLIP using PEFT technique specifically
Low-Rank Adaptation (LoRA) [6] that significantly reduces
the number of trainable parameters required to adapt large
pre-trained models to specific downstream tasks. The core
hypothesis of LoRA is that the intrinsic rank of the incre-
mental weight update (∆W) needed for task adaptation is
substantially lower than the rank of the original full weight
matrix (W). The adaptation matrix ∆W ∈ Rd1×d2 is mod-
eled as the product of two low-rank matrices, B ∈ Rd1×r

and A ∈ Rr×d2 , where r ≪ min(d1, d2) and γ is a scaling
factor. The forward pass incorporating the applied LoRA
module for an input x, a hidden state h is as follows:

h = Wx+BAx (4)

During the fine-tuning process, only the low-rank matrices
A and B are subject to training and gradient updates, while
the parameters of the original pre-trained model (W) re-
main frozen. For inference, the adapted matrices are inte-
grated directly with the original weights as shown in equa-
tion 4, allowing the model to produce the final result without
introducing any additional latency compared to the standard
model. Similar to the original LoRA paper [6], we applied
the low-rank matrices on the query, key and value matrices
of all the attention module of CLIP architecture. The pro-
posed framework is illustrated in Algorithm 1.

3.4. Inference
To overcome the limitations of generic template: “a photo
of <class>” for each class k and to evaluate the fine-tuned
model on unseen or seen classes in zero and few shot set-
tings respectively, our primary inference strategy utilizes
the exhaustive set of LLM-generated textual descriptions
Y k = {yk1 , yk2 , . . . , yklk} associated with each category k.
For any given input image x, we denote the cosine simi-
larity between the image embedding and the m-th text de-
scription of class k as Skm. The final classification deci-
sion k̂ is determined by aggregating these individual scores
using a softmax-normalized probability distribution. The
predicted class is the one that maximizes the average prob-
ability across its corresponding textual attributes. By cal-
culating the average similarity between the image and the
diverse texts corresponding to each class, the model effec-
tively leverages a broader semantic context. The proposed
inference is illustrated in Algorithm 2.

Algorithm 1 : Parameter efficient VLM adaptation via ex-
pert description

Require: Pre-trained CLIP model (encoders Θ,Φ), Large
Laboratory Dataset Dlab (e.g., PVD), Real-world
Dataset Dreal, Class Categories Y .

Ensure: Adapted agricultural CLIP model.
1: Class-Specific Textual Description Generation:
2: for each class category C ∈ Y do
3: Define Task T
4: Formulate task-specific prompt PT based on Table 1

5: Query LLM: Y C ← LLM(PT , C)
6: end for
7: VLM Fine-Tuning:
8: Initialize LoRA layers A,B for Q,K,V in Θ,Φ
9: Pre-train Θ,Φ on Dlab

10: while not converged on Dreal do
11: Sample batch of size B from Dreal : {(xi, c(i))}Bi=1

12: for each i ∈ {1, . . . , B} do
13: Select random yi ∈ Y c(i) {image-text pairing}
14: end for
15: Compute similarity matrixMij = Θ(xi) · Φ(yj)
16: Identify positive indices: Si = {j | c(j) = c(i)}
17: Calculate class-aware contrastive loss L using Eq. 3
18: Update LoRA parameters A,B via ∇A,B(L)
19: end while
20: return Fine-tuned model (Θ,Φ)

Algorithm 2 : Inference

Require: Input image x, set of test classes Ktest, LLM-
generated text sets {Y k}k∈Ktest

Ensure: Predicted class k̂.
1: // Extract visual embedding
2: zv ← Θ(x) {Image Encoder}
3: for each class k ∈ Ktest do
4: lk ← |Y k| {Number of descriptions for class k}
5: for each text description ykm ∈ Y k do
6: zkt,m ← Φ(ykm) {Text Encoder}
7: Skm ← cosine similarity(zv, zkt,m)
8: end for
9: end for

10: // Compute softmax-normalized probabilities per class
11: for each class k ∈ Ktest do
12: Pk ← 1

lk

∑lk
m=1

expSk
m∑

p∈Ktest

∑lp
q=1 expSp

q

13: end for
14: // Selection of predicted category
15: k̂ ← argmaxk(Pk)

16: return k̂
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Figure 2. Example of images from PVD, PlantDoc, FieldPlant and
RealField datasets showing variations in data collection environ-
ment for the same category.

4. Experiments

4.1. Datasets

In our study, we utilized three open source plant image
datasets i.e., the PlantDoc (Pdoc) [14], the Plant Village
Dataset (PVD) [8], and FieldPlant [9] and one self col-
lected real world crop classification dataset named Real-
Field dataset. The open source datasets are structured for
plant disease detection task. These datasets collectively pro-
vide a comprehensive benchmark across different environ-
mental conditions, geographic variation and limited labels
per class. The PVD is a collection of high-resolution im-
ages capturing a single, isolated leaf taken in a controlled,
laboratory environment, leading to clean visual separation
of classes. Conversely, RealField, Pdoc and FieldPlant fea-
ture complex, real-world field images, often showing the
entire plant, including multiple leaves, stems and fruits. Re-
alField, Pdoc and FieldPlant datasets showed significant do-
main variability due to inconsistent lighting, background
clutter and occlusion, presenting a more challenging classi-
fication scenario. Notably, the Pdoc and FieldPlant datasets
are characterized by a limited number of labels per class for
disease classification task, which reflects a common con-
straint in real-world agricultural data acquisition. The Re-
alField dataset contains two types of crops, i.e., 130 images
of tomato crop grown in poly house setup and 62 images of
maize crop grown in agricultural field in Bengaluru, Kar-
nataka, India. These two crop images were captured using
andriod mobile phone with 32 megapixel camera over dif-
ferent phenological stages at an interval of 15 days starting
from 30 days after planting till harvesting, thus, introducing
variations with respect to different growth stages, lightning
conditions and other environmental conditions during the

crop life cycle. Table 2 summarizes the individual configu-
ration, totaling 62249 images across all the four datasets.

To test the framework for crop classification task, we de-
rived a secondary set of datasets from PVD, Pdoc and Field-
Plant, focused purely on crop classification. This trans-
formation was achieved by aggregating all diseased and
healthy images belonging to a particular crop type into a
single unified class. For example, all images labeled “Ap-
ple Scab”, “Apple Black Rot”, and “Apple Healthy” were
combined under the single class “Apple”. Refer to Table 2
for details on the number of classes per dataset.

4.2. Implementation details

For synthesizing category-level textual descriptions used in
training, we utilized the Gemini 2.5 Pro API with temper-
ature parameter set to 0 to get consistent and reproducible
text descriptions across runs. We adapted the pre-trained
CLIP ViT-B/16 model using PEFT [23]. Training was con-
ducted for 100 epochs, incorporating early stopping, which
was configured with a patience of 5 epochs and a minimum
change (min∆) in validation accuracy set to 0. The optimal
learning rate was empirically determined via validation and
set to 2× 10−3 across all fine-tuning experiments.

The CLIP architecture comprises of an image encoder
and a text encoder, both based on the Transformer architec-
ture, each concluding with a linear projection layer. While
a standard approach is to apply LoRA to all weight matrices
in both the encoders, we selectively applied it to conserve
computational resources and prevent overfitting in the few-
shot setting. LoRA modules were employed by applying the
low-rank matrices only to the query (Q), key (K) and value
(V) matrices within the self-attention mechanisms of both
the vision and text encoders. The rank was set conserva-
tively at r = 2. To further regularize the input to the LoRA
modules, a dropout layer with a probability of p = 0.25
was incorporated. The hyper-parameters were fixed across
all fine-tuning experiments for consistency.

4.3. Baselines

In this section, we discuss the various methods for which
we compare classification accuracy in both zero and
few-shot settings.
CLIP [13] refers to pre-trained CLIP tested with “a photo
of a [class]” texts like the original paper.
CLIP LoRA [23] refers to finetuning CLIP using PEFT
tested with “a photo of a [class]” texts like the original
paper.
CLIP LoRA + A is our proposed method where we fine-
tune CLIP using PEFT and category level cotrastive loss
utilizing category level expert text descriptions generated
by LLM.
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Dataset Total images
Task I: Disease

classification classes
Task II: Crop

classification classes Environment Data challenge

Plant Village Dataset
(PVD) 54,303 38 14 Controlled Large-scale, Clean

PlantDoc (Pdoc) 2,598 28 13 Real world field Limited Samples, High Variability
FieldPlant 5,156 26 3 Real world field Limited Samples, High Variability

RealField 192 - 2
Real world poly

house/field Limited Samples, High Variability

Total 62249

Table 2. Summary of datasets used. Detailing the original disease classification task (Task I) and the derived crop classification task (Task
II) configurations.

Task Disease classification Crop classification

Shots Method Pdoc FieldPlant Pdoc FieldPlant

0 CLIP LoRA 40.53 40.89 73.75 89.65
CLIP LoRA + A (ours) 40.71 40.79 73.21 88.65

4 CLIP LoRA 61.64 43.94 80.83 97.22
CLIP LoRA + A (ours) 63.12 81.55 82.2 98.74

8 CLIP LoRA 62.54 50.25 81.67 99.24
CLIP LoRA + A (ours) 65.53 86.88 83.05 99.74

full CLIP LoRA 70.04 55.64 83.75 99.78
CLIP LoRA + A (ours) 86.14 88.46 88.63 99.77

Table 3. Classification accuracy (%) on the challenging real-world
datasets (Pdoc and FieldPlant) for both disease and crop classifi-
cation tasks. All models were initialized after being fine-tuned on
the large, controlled PVD laboratory dataset.

Task Disease classification Crop classification

Shots Method PVD Pdoc FieldPlant PVD Pdoc FieldPlant

Clip 10.18 27.97 20.08 14.78 25.42 81.53
0 CLIP LoRA 10.71 37.25 22.98 14.95 39.71 79.29

CLIP LoRA + A (ours) 10.71 37.25 22.98 14.95 39.71 79.29

Clip 10.41 30.57 35.72 38.36 29.24 87.25
full CLIP LoRA 98.13 76.11 82.58 99.96 72.08 99.45

CLIP LoRA + A (ours) 98.15 77.73 87.99 99.12 75.91 99.75

Table 4. Classification accuracy (%) under zero shot (0) and utiliz-
ing full training data (full) for finetuning without any pretraining
using laboratory dataset.

5. Results

In this section, we compare our method, CLIP LoRA + A
(where ‘A’ signifies augmentation using LLM-generated ex-
pert text descriptions), against the baselines, standard CLIP
and CLIP LoRA, and evaluate its performance under vari-
ous specialized settings. We demonstrate the superiority of
our framework across different agricultural vision tasks and
domain shifts. We further show that our method maintains
performance advantages even under difficult evaluation sce-
narios, including performance without pre-training on the
large laboratory PVD dataset, zero-shot performance on a
real-world novel field dataset, and improved zero-shot and
few-shot performance with pre-training on the PVD dataset.

5.1. Comparison with baselines
Table 3 evaluates the performance of the models under zero-
shot (0-shot), few-shot (4 and 8-shot) and full-training data
(full) settings on the challenging real-world datasets, Pdoc
and FieldPlant. These models were initially pre-trained on
the large, controlled PVD laboratory dataset using LoRA-
based PEFT. The results demonstrated that combining PVD
pre-training with our expert textual descriptions signifi-
cantly boosts performance in the few-shot regime, while
zero-shot accuracies remained nearly identical between the
two methods, as the influence of expert descriptions pri-
marily emerged after target-domain fine-tuning. At 4 and
8 shots, CLIP LoRA + A consistently surpassed the CLIP
LoRA baseline across all the four datasets, demonstrating
exceptional transferability with minimal field-specific la-
bels. Furthermore, as shown in Table 3, CLIP LoRA + A
achieved the highest overall classification accuracy when
fine-tuned on the full training dataset.

5.2. Effect of pretraining using laboratory dataset
Table 4 presents the comparative results for zero-shot (0)
and utilizing full training data (full) fine-tuning without any
intermediate agricultural pre-training (i.e., the models be-
gin from their original LAION pre-training). In the zero-
shot setting, both the CLIP-LoRA baseline and our pro-
posed CLIP LoRA + A achieved identical results across all
six tasks. This is expected, as without any fine-tuning data,
the performance relies entirely on the quality of the model’s
general pre-trained knowledge. When all available training
data is used i.e full finetuning, there is a significant improve-
ment in accuracy as compared to the zero shot. This sug-
gests that the LLM-generated expert text descriptions (A)
provides crucial, fine-grained semantic supervision, partic-
ularly valuable for complex, noisy field images. However, a
comparison with the results in Table 3 revealed a markedly
superior overall performance when the models are fine-
tuned on top of an in-domain pre-trained source, such as the
large, controlled PVD laboratory dataset. This highlights
the foundational role of intermediate domain pre-training in
agricultural vision, which significantly boosts subsequent
performance on limited, real-world field datasets.
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5.3. Evaluation on novel field
Table 5 evaluates the zero-shot performance of models pre-
trained on various source datasets when tested on the Real-
Field dataset, simulating deployment in a completely novel
geographical domain. This setup directly assessed the do-
main generalization capability. Zero shot accuracy of the
baseline CLIP model pre-trained on LAION 400M achieved
79.83% similar to the proposed CLIP LoRA + A model
(78.06%) due to the same reason mentioned in Section
5.1. When the proposed model was pre-trained on domain-
specific data, the zero shot performance improved substan-
tially by an average increment of 17.53%. The highest zero-
shot accuracy on the novel RealField dataset was achieved
by CLIP LoRA + A, when pre-trained on Pdoc (99.48%)
and FieldPlant (98.77%) since these two datasets consist of
real world field crops unlike PVD dataset that consists of
single leaf laboratory dataset. Crucially, CLIP LoRA + A
consistently outperformed CLIP LoRA and standard CLIP
when pre-trained on the agricultural datasets, demonstrat-
ing that the rich textual context gained from our framework
facilitated superior generalization to entirely unseen target
domains.

5.4. Evaluation on novel classes/crops
The fieldPlant disease and crop classification dataset con-
sisted of 16 and 1 novel classes respectively, as compared
to PVD dataset. The results discussed in Table 3 implicitly
address performance on novel classes, as the pre-training
on PVD involved a different set of categories and a differ-
ent domain (controlled lab versus real field) compared to
the target FieldPlant dataset. The strong performance of
CLIP LoRA + A in the few-shot settings (4 and 8 shots)
for both disease and crop classification tasks on the field-
Plant dataset confirms the framework’s ability to effectively
transfer knowledge and rapidly adapt to novel, fine-grained
categories with minimal labeled examples.

5.5. Resource requirements
Our framework is highly resource-efficient, utilizing PEFT
via LoRA in finetuning CLIP architecture. The low-rank
update matrices signifies that only a small fraction of the
model parameters are trained, significantly reducing mem-
ory and computational overhead compared to full network
fine-tuning. In our case, out of 150 million trainable pa-
rameters of openClip Vit B/16 architecture, we trained
only 0.12% of the parameters. Additionally, generat-
ing category-level expert text descriptions by using LLM
prompting further enhances efficiency in both time and cost
by avoiding the need to query the LLM for individual image
captions for every image in the dataset, which is a common
and costly bottleneck in other agricultural VLM methods.
The cost of using the Gemini-2.5-pro API to query text de-
scriptions for a dataset with 20-40 classes (such as PVD) via

Method Source Domain

LAION
400M PVD Pdoc FieldPlant

CLIP 79.83 85.94 95.98 96.98
CLIP-LoRA 79.06 86.68 98.64 98.44
CLIP LoRA + A (ours) 78.06 88.54 99.48 98.77

Table 5. Zero-shot classification accuracy (%) on the RealField
dataset after the models have been fine-tuned on various source
domains (LAION 400M, PVD, Pdoc and FieldPlant)

our method is about $1-$5. All training was feasible on a
single 48 GB RTX 8000 Nvidia GPU, confirming the prac-
tical accessibility of the method for real-world agricultural
deployment.

6. Conclusion

We present a method to improve the zero-shot and few-
shot classification performance of VLMs using expert
category-level textual description generated by LLMs on
fine-grained agricultural domain tasks. CLIP LoRA + A
eliminates the need for costly image-caption datasets. It in-
tegrates expert phenological and morphological descriptors
with a novel category-level contrastive loss and Parameter-
Efficient Fine-Tuning (PEFT) via LoRA, ensuring effective
adaptation with minimal computational overhead. The ex-
perimental results demonstrated that our framework consis-
tently outperformed vanilla CLIP and standard CLIP-LoRA
baselines. Additionally, our method achieved 99.48% zero-
shot accuracy on the novel RealField dataset, proving su-
perior robustness across unseen geographic domains. The
findings suggests that category level expert text description
priors are equally effective and complementary to visual in-
formation for zero shot and few shot classification in agri-
cultural domain.
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