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Abstract

Recent advancements in vision-language models
(VLMs), such as CLIP, have demonstrated substantial suc-
cess in self-supervised representation learning for vision
tasks. However, effectively adapting VLMs to downstream
applications remains challenging, as their accuracy often
depends on time-intensive and expertise-demanding prompt
engineering, while full model fine-tuning is costly. This
is particularly true for biomedical images, which, unlike
natural images, typically suffer from limited annotated
datasets, unintuitive image contrasts, and nuanced vi-
sual features. Recent prompt learning techniques, such
as Context Optimization (CoOp) intend to tackle these
issues, but still fall short in generalizability. Meanwhile,
explorations in prompt learning for biomedical image
analysis are still highly limited. In this work, we pro-
pose BiomedCoOp, a novel prompt learning framework
that enables efficient adaptation of BiomedCLIP for
accurate and highly generalizable few-shot biomedical
image classification.  Our approach achieves effective
prompt context learning by leveraging semantic con-
sistency with average prompt ensembles from Large
Language Models (LLMs) and knowledge distillation
with a statistics-based prompt selection strategy. We
conducted comprehensive validation of our proposed
framework on 11 medical datasets across 9 modalities
and 10 organs against existing state-of-the-art methods,
demonstrating significant improvements in both accuracy
and generalizability. The code is publicly available at
https://github.com/HealthX-Lab/BiomedCoOp.

1. Introduction

The latest breakthroughs in vision-language models
(VLMs) have opened new possibilities for leveraging
multi-modal data in diverse applications. Unlike tradi-
tional supervised learning that focuses on closed-set visual
concepts, models like Contrastive Language-Image Pre-
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training (CLIP) [37], which align visual and textual infor-
mation through contrastive pre-training, allow the explo-
ration of open-set visual concepts, thanks to the adoption
of natural language supervision. However, the success of
these models often relies heavily on the quality of the tex-
tual prompts that guide their predictions while full-model
fine-tuning for large-scale VLMs is impractical. To miti-
gate these, prompt learning that optimizes textual prompts
in vision-language models [25, 50, 51] has emerged as one
of the critical techniques to enhance performance without
the need for extensive fine-tuning. Notably, the pioneer-
ing work of Context Optimization (CoOp) [51] introduced
this approach for CLIP by treating text prompts as learn-
able context vectors and preserving the pre-trained model
weights. Meanwhile, other approaches [16, 19, 47] focus on
lightweight few-shot adaptation through Adapters [18] and
Linear Probes [37] to offer parameter-efficient solutions for
model adaptation in downstream tasks.

Different from natural images, biomedical images in-
clude a wide range of contrasts and modalities, depending
on the image acquisition devices and parameters. These im-
ages, such as MRI and ultrasound, often have unique visual
appearances that can be more difficult to interpret than typ-
ical photographs. In addition, image features (e.g., color,
texture, shape, and anatomical context) that are related to
physiological and pathological changes are more nuanced
and complex to describe, and can differ between image
modalities. Finally, due to privacy concerns and the high
requirement for clinical expertise, large datasets of well-
annotated biomedical images are scarce for developing clin-
ical deep learning models. While VLMs and the associ-
ated prompt learning techniques have shown success across
natural image datasets and benchmarks, their application in
the biomedical imaging domain (e.g., diagnosis), which has
distinct challenges, remains largely under-explored.

Due to the unique domain knowledge of biomedical im-
ages, the backbone vision-language model for prompt learn-
ing may require tailored pre-training for the best outcome.
Biomed-specific VLMs, such as BiomedCLIP [48]—pre-
trained on 15 million biomedical image-text pairs from
internet resources—are better suited for biomedical tasks

14766



[49]. Although few recent works [3, 6, 15] have investi-
gated prompt learning for biomedical image classification
by using natural-image-trained CLIP backbones, their ex-
plorations remain in a narrow range of tasks with larger
datasets (e.g., chest X-ray and dermatology), which may
not be common for other clinical tasks. Notably, these ap-
proaches either employ the full training dataset [3, 15] or
domain-controlled prompt learning via an additional foun-
dation model, i.e., MedSAM [33], reducing their computa-
tional efficiency. In addition, further improvements in accu-
racy and generalizability to unseen classes are still needed
over the existing prompt learning approaches. Therefore,
it is highly instrumental and desirable to explore more ef-
ficient and robust novel prompt learning techniques based
on biomed-specific VLMs (e.g., BiomedCLIP) and conduct
large-scale validation on diverse benchmarking datasets of
biomedical images.

In this work, we present an innovative prompt-learning
framework based on CoOp [51], called BiomedCoOp, to
facilitate efficient adaptation of CLIP-like VLMs, such as
BiomedCLIP, in few-shot biomedical image classification
for differential diagnosis. Instead of full model fine-tuning,
our approach exclusively focuses on effective strategies for
textual prompt optimization with the help of large language
models (LLMs), which not only reduce computational over-
head, but also preserve the pre-trained model’s foundational
knowledge. Specifically, with high disparity across imag-
ing modalities (e.g., ultrasound vs. MRI), we hypothesize
that a few-shot learning strategy will benefit the application
while addressing data limitations in the biomedical domain.
Furthermore, LLMs can help mitigate limitations in human-
designed prompt templates in context learning. Our four
key contributions include:

1. We introduce a novel prompt-learning approach that
enhances context vector learning by enforcing seman-
tic consistency through prompt ensembles derived from
large language models (i.e., GPT-4) and an effective
knowledge distillation strategy.

2. To address the challenge of outlier prompts from
LLMs during context learning, which can lead to over-
specialization and hinder generalization, we employ a
statistics-based pruning strategy to mitigate the risk of
“forgetting” essential biomedical patterns while main-
taining sensitivity to diverse disease presentations.

3. Our study adopts BiomedCLIP [48] for prompt learning
for the first time, and we demonstrate the benefits against
general knowledge CLIP in downstream clinical tasks.

4. We conduct a comprehensive evaluation of our proposed
method against existing CLIP prompt learning tech-
niques using 11 diverse biomedical image classification
datasets across 9 modalities and 10 organs in few-shot
and base-to-novel generalization benchmarks. Our re-
sults highlight BiomedCoOp’s superior generalizability

and robustness across a wide range of medical conditions
and imaging modalities.

2. Related Work

2.1. Vision-Language Models

Vision-language models like CLIP [37] and ALIGN [21]
have transformed multi-modal learning with self-supervised
visual and textual representations in a common feature
space, enabling remarkable performance in various tasks,
including zero-shot classification and cross-modal retrieval.
Recent extensions in the biomedical domain include BioViL
[4], PubMedCLIP [14], and BiomedCLIP [48], which adapt
VLMs to biomedical data using millions of biomedical
image-text pairs. However, while effective, these models
still require additional task-specific adaptation to capture
the fine-grained, disease-specific nuances crucial in clini-
cal applications for better performance [42, 49]. Such lim-
itations highlight the need for methods that conduct further
domain-specific adaptations for target clinical tasks.

2.2. Prompt Learning

Prompt learning has emerged as a powerful alternative to
traditional model fine-tuning for VLMs, with methods like
CoOp [51] and CoCoOp [50] treating text prompts as the
primary learnable component to steer VLMs toward spe-
cific tasks. In biomedical applications, prompt learning has
shown preliminary potential for few-shot adaptation with-
out altering pre-trained weights [13]. Recent methods in the
natural vision domain like MaPLe [24] adapt both the vision
and language components of CLIP while PromptSRC [26]
applies self-regulation techniques to improve prompt gen-
eralization without sacrificing prior knowledge. Comple-
menting these approaches, KgCoOp [43] and ProGrad [53]
refine textual prompts using knowledge and gradient guid-
ance, respectively, to enhance model generalizability. Addi-
tionally, ProText [27] stands out with deep prompt learning
solely from text data derived from LLMs, enabling cross-
dataset and cross-class transfer without requiring labeled
images. However, these methods may not be well suited
for biomedical applications due to the aforementioned chal-
lenges, especially cross-modal differences in anatomical
and pathological feature descriptions. Recently, biomed-
specific approaches, including ViP [15] and XCoOp [3],
have enhanced the adaptability of VLMs in clinical tasks by
integrating disease-specific terminology and contextual to-
kens. Domain-Controlled Prompt Learning (DCPL) [6] fur-
ther extends this adaptability by integrating domain-specific
biases for both vision and language branches, particularly
useful in specialized fields such as remote sensing and med-
ical imaging, where natural-domain prompts fall short. De-
spite more tailored solutions for biomedical tasks, these
methods often require heavier adaptation of both vision and
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Figure 1. Overview of the BiomedCoOp framework, which combines LLM queries, learnable context tokens, and BiomedCLIP to generate
multi-modal representations for biomedical tasks. The method integrates text and image features using prompt ensembling strategies, min-
imizes cross-entropy and semantic differences, and aligns teacher-student logits, enabling effective few-shot learning for novel biomedical

categories.

language components and clinical expert intervention, thus
potentially limiting their performance, ease of implementa-
tion, and generalizability to wider tasks. As suggested by
Khattak et al. [27], robust mapping between learnable con-
text and knowledge from LLMs can benefit the performance
and adaptability of VLMs. With human-level performance
and stability upgrades of recent LLMs like GPT-4 in diag-
nostic reports [17, 30], integration of the latest LLMs, in
addition to biomed-specific VLMs (e.g., BiomedCLIP) may
offer an alternative avenue to more conveniently incorporate
biomedical domain expertise in VLMs for a data-efficient
prompt learning solution, suitable for diverse clinical needs.
Yet, this remains to be explored, and we intend to take ad-
vantage of these advances in our methods.

2.3. Few-shot Adaptation of VLLMs

Few-shot adaptation techniques for vision-language mod-
els enable task specialization with minimal labeled data
to balance generalization and domain specificity. Aside
from few-shot-based prompt learning, adapter-based meth-
ods like CLIP-Adapter [16], and Tip-Adapter [47] in-
corporate lightweight modules that adjust visual features
while preserving zero-shot capabilities. Specifically, CLIP-
Adapter modifies visual embeddings via a compact MLP.
Tip-Adapter uses a similarity-based mechanism that blends
visual features from the support set directly into the model’s
predictor to enhance accuracy with minimal data, but re-
quires careful tuning. Enhanced linear probing methods,
such as LP++ [19], extend adaptation by mixing visual and
text features and using data-informed implicit learning rates
to achieve competitive few-shot performance without exten-

sive hyperparameter optimization. Finally, CLAP [38] fur-
ther constrains adaptation to stay close to original zero-shot
prototypes by using adaptive penalties to prevent overfit-
ting. These categories of methods refine visual embeddings
typically at the final layers of VLMs, focusing on adjusting
model features. In comparison, prompt learning approaches
that target optimizing textual prompt inputs may be more
advantageous in computational efficiency and adaptation to
unseen classes, particularly in biomedical imaging domains.

3. Methodology

An overview of the proposed BiomedCoOp framework is
illustrated in Fig. 1. By leveraging the BiomedCLIP back-
bone to encode the rich image and text features, our method
proposes two major components to enable effective prompt
context learning jointly. Specifically, while the Semantic
Consistency by Contextual Mapping (SCCM) component
aligns text embeddings with general biomedical knowl-
edge via minimizing their distance to class-specific prompts
generated by an LLM, we design the Knowledge Distilla-
tion with Selective Prompting (KDSP) component to refine
context mapping through statistics-based prompt selection.
The unified learning objective integrates cross-entropy loss,
MSE loss of SCCM, and Kullback-Leibler (KL)-divergence
loss of KDSP to ensure accurate and robust model represen-
tations.

3.1. Contrastive Language-Image Pre-training

CLIP utilizes a vision encoder F,, and a text encoder F; to
take batches of pre-processed images X, € RE*3xHxW
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and texts X; € RP*L as inputs. Here, B is the number of
image/text pairs in a single batch, H and W are the height
and width of the images, respectively, and L is the maxi-
mum sequence length of the tokenized text input. Specifi-
cally, the vision and text encoder networks produce the cor-
responding feature vectors V = E,(X,,) and T = E;(X4),
where V € REXD T ¢ REXCXD (' is the number of
classes and D is the embedding dimension. Finally, the
multi-modal feature vectors are aligned in the latent space
based on their similarity scores through a contrastive learn-
ing objective. The pre-trained CLIP model with rich multi-
modal representation has the capacity for zero-shot clas-
sification. Given C possible classes, a new image can be
classified by computing its similarity to a set of C' different
text prompts as “a photo of a [CLASS]”, where “a
photo of a” represents the pre-defined context of the
textual template while [CLASS] is the class name token.
Notably, in CoOp, the context (e.g., “a photo of a”)
is learnable and optimized according to a categorical objec-
tive. Specifically, the zero-shot inference is made by com-
paring each text feature T() of the different text prompts
with the image embeddings V' to get a prediction probabil-

1ty:

exp(cos(TW, V) /7)
Z]C:l exp(cos(TW, V) /1)’

p(Y =iV, TV) = (1)

where 7 denotes the learnable temperature parameter and
cos(+, -) denotes cosine similarity. The class of the image is
determined by taking:

argmax p(Y = i|V,T®) )

3.2. LLM Prompt Ensembling

While prompt ensembling is shown to benefit prompt
learning by bringing diverse text representations [46],
human-designed prompt templates that were previously
adopted in natural vision tasks [32] can face obstacles for
biomedical domains in sourcing relevant clinical knowledge
and sufficient description diversity. Notably, recent studies
[17, 30] on GPT-4 [1] have validated its performance in
tasks related to clinical case reports. Thus, we decided to
leverage GPT-4 for LLM-generated prompt ensembling
with diverse textual descriptions of class-specific lesions
and abnormalities in diagnostic scans. This approach
ensures that the contextual structure of the learned prompts
in BiomedCoOp reflects the required domain knowledge to
help effectively capture essential semantic features. Specif-
ically, for C' different classes in a dataset, we generate text
prompts Xy € RV*C*L comprising N different outputs
for each class from text query (): “Give N textual
descriptions of visual discriminative
features for distinct medical cases of

[CLASS] found in [MODALITY].” Unique for
biomedical images, we specifically mention the imaging
modality in @) as certain classes might overlap in different
modalities. X from the LLM are then encoded to Ty =
Ey(X,) € RYXEXD | For the SCCM component, all N
text embeddings for each class are ensembled by taking the
mean to get P, € RO*P:

1 N
P =5 > 1,0 3)
=1

3.3. Selective Prompting via Outlier Exclusion

In the KDSP component, we further refine the learned con-
text by also considering the probability distribution of the
LLM-generated prompts. As overly specific prompts can
risk overfitting the model on particular disease states and
low-scoring prompts that do not align well with relevant
biomedical features can hurt accuracy, we propose selec-
tive prompt ensembling with outlier pruning. By remov-
ing these outliers, the distribution of prompts is refined, en-
suring that the selected textual prompt distribution reflects
broader biomedical insights, helping the model avoid “for-
getting” key general knowledge while preserving the versa-
tility of the BiomedCLIP model. This enables the model to
remain sensitive to both typical and atypical features across
diverse disease presentations in biomedical images.

Given a batch of B images, each representing a unique
case for a disease class, we first encode these images us-
ing the vision encoder E,, to obtain image features V. For
each image embedding in V', we compute its similarity with
the corresponding prompt embedding in T;. The similar-
ity measure, typically cosine similarity, helps identify the
prompts most relevant to the specific characteristics of the
image. The scores S are calculated for each prompt by tak-
ing the mean of the maximum similarity logits across all
image embeddings:

B
1 .
TG v
S = 5 ;:1 Injax(,B T, ), @

where (3 is a scaling factor applied to the logits.

To detect and handle anomalous prompts that deviate
from the general distribution, we apply an outlier detection
approach using the Median Absolute Deviation test statis-
tic. Specifically, we calculate the median M of the prompt
scores S and the median absolute deviation D:

M, = median(S) 5)
D = median(|S — M) (6)

For a given prompt, we compute the modified z-score:

S—M,

i D

(7
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We select only the Ny prompts that are associated with the
modified z-scores with absolute values that are lower than
a selection threshold (;. Following a similar approach to
Eq. 3, we obtain an average prompt encoding P; based on
the selections.

3.4. Overall Learning Objective

The overall learning objective of our few-shot prompt learn-
ing framework entails a cross-entropy loss for classification
accuracy and the context-mapping-related losses from the
Semantic Consistency by Contextual Mapping and Knowl-
edge Distillation with Selective Prompting components.
Their details are described below:

First, we aim to learn prompts X, by optimizing the over-
all learning objective given K few-shot ground truth exam-
ples for each class. The objective includes the cross-entropy
loss of the image-text logits, which is defined as:

C
Loz ==Y YD logp(Y =iV, T)), (8)

i=1
where Y () is the ground truth label for class 7, and p(Y =

|V, T,Si)) is the predicted probability of class 4 given im-

ages V and encoded learnable text prompt T,Si).

Second, since the context to be learned is unified among all
the classes, we minimize the difference between Py and T,
in the SCCM component to ensure that the general biomed-
ical knowledge is properly learned:

C
Locew = Y _|ITS) — PO3 9)
=1

Lastly, to align the distribution of the logits from image
embeddings with learnable context prompts (student log-
its) and the logits from image embeddings with selective
LLM-generated text embeddings (teacher logits), we mini-
mize the KL divergence between these two distributions in
the KDSP component:

Prteacher (Z) ( 1 0)

Lxpsp zl: P""leacher(l) IOg P"'studem(l)
where Pr,cner(4) is the probability distribution of the
logits of V' and P, and Pryygen(?) is the probability
distribution of the logits of V' and T},.

The KL divergence term, Lypsp restricts the model from
drifting toward embeddings that are not representative
of the actual medical scans. By minimizing this KL
divergence, we guide the model to stay within a mean-
ingful embedding space closely related to the content of
the medical scans. This alignment helps ensure that the
learned embeddings retain essential information about the

biomedical images, preventing the model from diverging
into unrelated semantic spaces.

The overall learning objective is defined as:
L = Lcg + M Lscem + A2Lrpse (11)

where A1, and A9 are loss-balancing weights.

4. Experiments and Results

4.1. Experimental Setup

We assess the efficacy of our proposed BiomedCoOp frame-
work across a comprehensive set of benchmark biomedical
imaging datasets under multiple evaluation protocols de-
signed to test accuracy and generalization within and across
various few-shot image classification tasks.

Few-Shot Learning: To assess the model’s performance
under limited supervision, we conduct few-shot experi-
ments with varying numbers of labeled examples per class
(K =1,2,4,8, and 16 shots). This is critical for evaluating
the model’s ability to learn effectively from sparse data, a
common scenario in biomedical applications, while retain-
ing both task-specific and general domain knowledge.
Base-to-Novel Class Generalization: To assess model
generalizability of our technique, each dataset is divided
into base and novel classes. The model is trained on the
base classes using a 16-shot setup and subsequently eval-
uated on both base and novel classes. This setup tests the
model’s ability to generalize to unseen classes within the
same dataset, showcasing its potential to recognize novel
disease presentations without additional fine-tuning.
Datasets: We conduct our experiments on 11 diverse med-
ical imaging datasets covering 10 different organs and 9
imaging modalities: Computerized Tomography (CTKid-
ney [20]), Dermatoscopy (DermaMNIST [10, 40]), En-
doscopy (Kvasir [35]), Fundus Photography (RETINA [31,
36]), Histopathology (LC25000 [5], CHMNIST [22]), Mag-
netic Resonance Imaging (BTMRI [34]), Optical Coher-
ence Tomography (OCTMNIST [23]), Ultrasound (BUSI
[2]), and X-Ray (COVID-QU-Ex [39], KneeXray [7]). This
selection includes complex datasets, such as brain MRI and
ultrasound, ensuring a thorough assessment of the model’s
performance across a broad spectrum of biomedical imag-
ing contexts. The detailed data split and tasks for the exper-
iments are included in the Supplementary Materials.
Implementation details: We employed BiomedCLIP with
a ViT-B/16 backbone, averaging results over three runs. The
training was set to 100 epochs for few-shot and 50 epochs
for base-to-novel benchmarking. We initialized the learn-
able context with the embedding vector corresponding to “a
photo of a” andused 50 LLM prompts, a 0.0025 learn-
ing rate, a batch size of 4, and an SGD optimizer across
datasets. Optimal values for A;, Ay, and (s were selected
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Table 1. Evaluation against state-of-the-art techniques. This table presents the average classification accuracy (%) obtained from 11
benchmarks, along with the standard deviation derived from 3 sampled support sets for each dataset. Results show mean=std. The top-

performing results are in bold.

Method K=1 K=2 K=4 K =28 K =16
Zero-shot Methods

BiomedCLIP [48] 42.05

BiomedCLIP [48] + Ensemble 52.27

BiomedCLIP [48] + Selective Ensemble 53.72

CLIP-based Adapter Methods
CLIP-Adapter [16] 44.66 +2.97 43.91+£2.48 44.36 £1.94 45.42 +£2.38 46.69 £1.71
Tip-Adapter [47] 49.19+4.84 52.36 + 6.57 57.33 £5.07 61.98 £5.76 67.15+£4.25
Tip-Adapter-F [47] 51.17 £8.33 52.74 + 5.88 61.23 £6.22 65.91 + 3.64 70.91 + 2.65
Linear Probing Methods
Standard LP [37] 47.25 £ 8.65 54.21 £7.80 61.00 £6.81 65.85 +4.89 69.40 £2.91
LP++[19] 47.24 £ 7.68 53.18 £ 7.29 59.02 £6.93 63.69 £ 4.68 68.35 £ 3.59
Prompt Learning Methods

CoOp [51] 50.16 + 6.93 54.18 +4.31 59.75 + 3.72 65.84 + 3.66 69.62 £ 2.83
CoCoOp [50] 48.49 +£4.39 51.28 £5.06 54.69 +4.79 61.08 £ 3.49 65.09 £ 2.87
KgCoOp [44] 50.85 £ 5.59 53.18 £4.33 57.82+4.50 62.08 £2.59 62.84 £1.72
ProGrad [52] 51.88 £6.39 54.71 £4.46 60.42 +£4.78 65.61 £ 3.02 67.13 £ 3.00
BiomedCoOp (Ours) 57.03 + 2.80 59.13 + 3.64 63.95 +2.42 68.32 + 2.65 72.42 + 1.69

using the validation set (detailed values are reported in the
Supplementary Materials). All experiments ran on a single
NVIDIA A100 GPU (40GB RAM).

4.2. Few-shot Evaluation

We compared BiomedCoOp against four text-prompt learn-
ing methods (CoOp, CoCoOp, ProGrad, KgCoOp), three
CLIP-based adapter methods (CLIP-Adapter, Tip-Adapter,
Tip-Adapter-F), and two linear probing methods (Standard
Linear Probe, LP++). In this study, we focus on text-
modal prompt learning techniques that solely optimize text
prompts, excluding methods that learn both text and image
prompts (i.e. MaPLe, DCPL). Additionally, we limit our
comparison to shallow prompt learning techniques rather
than deep prompt approaches that require additional pa-
rameters for a fair comparison. Additionally, zero-shot
and LLM-prompted zero-shot BiomedCLIP configurations
were tested. All models used BiomedCLIP as the backbone
and were tuned to their optimal settings. As shown in Ta-
ble 1, BiomedCoOp consistently outperformed these base-
lines, especially in low-shot settings, where it surpassed
the second-best performing method- ProGrad- by 5.2% and
4.6% in 1- and 2-shot scenarios. This improvement is at-
tributed to BiomedCoOp’s use of class-specific, selectively
ensembled LLM prompts, enhancing generalizability and
sensitivity to diverse biomedical conditions, even with min-
imal labeled data. BiomedCoOp continued to lead as the
number of shots increased, proving its robustness across
different data availability scenarios. Its consistent perfor-
mance across all K -shot settings supports BiomedCoOp’s

effectiveness in prompt-based biomedical adaptation, en-
suring reliable cross-dataset accuracy gains.

4.3. Base-to-Novel Generalization

We evaluated BiomedCoOp’s base-to-novel generalization
against the state-of-the-art prompt learning methods (CoOp,
CoCoOp, ProGrad, and KgCoOp) by measuring accuracy
across both base and novel classes, using harmonic mean
(HM) for balanced generalization. Note that the BUSI
dataset was excluded due to insufficient class diversity for
the experiment. Results reported in Table 2 show that
BiomedCoOp consistently outperformed others, with 5-
10% higher accuracy on challenging datasets like CTKid-
ney and Kvasir. This indicates BiomedCoOp’s strong ca-
pacity to generalize to unseen biomedical categories—an
essential feature in medical contexts with evolving disease
patterns. Its LLM-augmented prompts further aid in re-
taining base knowledge while effectively adapting to novel
classes, reducing forgetting.

4.4. Ablation Experiments
4.4.1. Effect of Different Components

Table 3 demonstrates the critical contributions from each
of BiomedCoOp’s components. The baseline BiomedCLIP
model, without ensembling or BiomedCoOp components,
showed limited accuracy, particularly for novel classes.
Adding SCCM alone significantly improved adaptability
by embedding contextual medical information, enhancing
low-shot performance. KDSP, applied alone, boosted ac-
curacy in novel classes by filtering out low-quality and
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BiomedCLIP CoOp CoCoOp KgCoOp ProGrad BiomedCoOp

Dataset [48] [51] (501 [43]  [53] (Ours)

Base 47.84 7385 7226 68.36  71.67 76.26
Novel 65.42 64.75 67.03 64.08  66.93 73.92
HM 53.81 6723 67.22 64.61 67.43 75.07

Average on
10 datasets

Base 40.88 8225 7788  78.03  82.13 82.42
BTMRI Novel 96.18 94.51 9484 9505 9498 96.84
HM 57.37 87.95 8553 85.69  88.09 89.05

Base 53.96 7592 7728 7542 7519 75.91
COVID-QU-Ex Novel 89.43 90.07  87.61 89.61 90.34 91.63
HM 67.31 8239 82.12 81.90  82.07 83.03

Base 38.55 8224 81.96 81.67 83.86 86.93
CTKIDNEY  Novel 52.99 67.92  56.56 58.45 63.01 78.94
HM 44.63 74.40  66.93 68.14  71.96 82.74

Base 34.95 48.06 42.88 36.41 35.52 54.86
DermaMNIST  Novel 49.59 59.41  60.66 47.31 63.28 74.1
HM 41.00 53.14 5024 41.15 4550 63.04

Base 75.00 86.22 85.94 81.56  82.89 86.50
Kvasir Novel 60.50 58.06 53.95 59.00  60.45 61.83
HM 66.97 69.39  66.29 68.47 6991 72.11

Base 37.63 89.41 8777 7545 8298 88.87
CHMNIST Novel 40.69 35.11 4251 38770 44.19 42.73
HM 39.10 5042 5728  51.16  57.67 57.711

Base 59.73 90.12  88.33 88.13  90.29 93.77
LC25000 Novel 87.60 87.55 95.02 86.44 8547 97.00
HM 71.03 88.82 91.55 8728  87.81 95.36

Base 45.18 70.98 66.88 60.77 68.77 68.46
RETINA Novel 55.28 56.90 65.56 54.91 58.43 67.72
HM 49.72 63.16 66.21 57.69  63.18 68.09

Base 35.89 38.28 34.08 37.94  40.88 44.23
KneeXray Novel 71.90 47.69 63.14 61.19  59.12 78.35
HM 47.88 42.47 4427 46.84 4834 56.54

Base 56.60 75.00 79.6 68.20  74.20 80.33
OCTMNIST  Novel 50.00 50.23  50.47 50.13 50.02 50.07
HM 53.10 60.17  61.77 577719 59.76 61.69

Table 2. Accuracy comparison (%) on Base-to-novel generaliza-
tion of BiomedCoOp with SOTA prompt learning methods. HM
= harmonic mean of the classification accuracy between base and
novel classes.

case-specific prompts. However, using KDSP with a CLIP-
only setup hindered generalization, as the model lacked the
domain knowledge needed to effectively exclude outliers
(gray highlight). The combined use of SCCM and KDSP
yielded optimal results (green highlight), balancing gener-
alization and adaptability, especially in few-shot and base-
to-novel tasks, affirming both components’ essential roles
in handling limited-data biomedical scenarios.

4.4.2. Effect of Number of LLM Prompts

Prompt diversity in relation to the number of LLM prompts
may affect the quality of context mapping. To investigate
this, Table 4 shows the effect of increasing LLM-generated
prompts on BiomedCoOp’s performance across few-shot
settings (K =0, 1, 2, 4, 8, and 16 shots). At lower shot lev-
els (K =0 and 1), a higher prompt count noticeably boosts
accuracy, improving by 5-6% as prompts increase from 10
to 50. This indicates that prompt diversity is key for gen-
eralization with minimal labeled data. In intermediate shot

Components Base-to-Novel Few-shot

BiomedCLIP SCCM KDSP Base Novel HM 1 2 4 8 16

X 7150 45.06 5528 41.46 45.69 51.41 54.80 61.86
7191 43.04 53.85 43.72 4477 52.76 60.08 64.04
73.21 39.95 51.69 42.14 4427 53.75 56.67 62.14
7295 39.04 50.86 42.11 44.52 53.48 56.36 62.37
73.85 64.75 6723 50.16 54.18 59.75 65.84 69.62
7521 65.79 70.19 51.62 54.99 6143 6593 69.99
7574 7291 7430 56.78 58.76 63.68 67.68 71.79
76.11 7322 74.64 57.03 59.13 63.95 68.32 72.42

NSNS N X X %%
ARSI N S
NN X % NN\ %

Table 3. Impact of each component of the proposed BiomedCoOp
method on the accuracy (%) of few-shot and Base-to-Novel bench-
marks, including BiomedCLIP vs. CLIP, SCCM, and KDSP.
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Figure 2. Barplot to compare classification accuracies (%) of dif-
ferent CLIP-based backbone models in BiomedCoOP across vari-
ous few-shot settings.

Prompts # K=0 K=1 K=2 K=4 K=8 K=16

10 47.55 5243 54.61 60.69 64.81 67.66
20 50.51 55.27 57.65 62.85 66.92 70.96
30 51.88 5591 58.52 63.89 68.05 71.97
40 52.20 56.59 59.05 63.92 68.24 72.20
50 52.27 57.03 59.13 63.95 68.32 72.42

Table 4. BiomedCoOp’s classification accuracy (%) across differ-
ent K-shot settings with varying numbers of LLM prompts.

settings (K = 2 and 4), performance continues to improve
with more prompts but at a slower rate, showing diminish-
ing returns as more labeled information becomes available.
At higher shot levels (8 and 16), accuracy stabilizes, with
only minor gains from additional prompts. As shown in
other studies [45], prompt diversity strengthens model per-
formance by providing varied semantic cues that guide the
model toward essential biomedical features. Each prompt
introduces a unique contextual perspective, enabling the
model to build a more robust, flexible understanding of
medical concepts. This diversity helps the model focus on
shared, critical features, enhancing its ability to recognize
subtle variations and generalize effectively, particularly in
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Figure 3. Effect of various text prompt techniques on visual saliency maps. Columns (b)-(f) represent different prompt methods.

low-data scenarios.
4.4.3. Effect of Different CLIP-based Models

To better understand the impact of backbone CLIP-based
models on the proposed BiomedCoOp methods, we exam-
ined the performance with four CLIP-based models, in-
cluding CLIP (ViT-B/16), PubMedCLIP (ViT-B/32), PMC-
CLIP (RN50), and BiomedCLIP (ViT-B/16). The bar plot
in Fig. 2 compares the few-shot classification accuracy of
the variants of BiomedCoOp with these CLIP backbones.
Notably, BiomedCLIP consistently achieves the highest ac-
curacy across all shot settings, showcasing its ability to
capture medical domain-specific features effectively. As
the number of shots increases, all models improve, with
BiomedCLIP reaching 72.42% accuracy at 16 shots, signif-
icantly outperforming others. CLIP and PMC-CLIP show
similar results, while PubMedCLIP remains competitive,
but trails BiomedCLIP. These results validate our selection
of BiomedCLIP as the VLM backbone and highlight the
importance of specialized biomedical VLMs for improving
few-shot biomedical image classification performance.

4.4.4. Visual Interpretability

In this experiment, gScoreCAM [8] was used to assess how
different text prompts influence the visual saliency maps of
biomedical images. Each column in Fig. 3 represents a dis-
tinct prompt type: the “manual prompt” (column b) uses a
photo of a [CLASS], which tends to make the model
focus on global features (i.e. scan modality), rather than the
region of interest; the “prompt ensemble” (column c) av-
erages multiple LLM-generated prompts, potentially intro-
ducing conflicting signals and causing the model to focus
on the background; and CoOp, CoCoOp, and BiomedCoOp
(columns d, e, f) use optimized, learned contextual prompts

with the [CLASS] label. Tested on BUSI (breast tumor
ultrasound), COVID-QU-Ex (lung X-ray), brain tumor [9],
and ISIC [11, 12, 41] (dermatology) datasets, BiomedCoOp
(column f) consistently aligns best with ground truth re-
gions across modalities, accurately highlighting clinically
relevant areas, especially in complex modalities like MRI
and ultrasound, with notable yet smaller improvements in
dermatology due to its similarity to natural images, lead-
ing to fewer false positives and negatives. This precise lo-
calization enhances interpretability, making it particularly
valuable for medical applications [28, 29], where explain-
ability is essential. This observation further validates the
effectiveness of our proposed method.

5. Conclusion

Our proposed BiomedCoOp framework represents the first
large-scale exploration of prompt learning tailored for few-
shot adaptation across diverse biomedical datasets. By
distilling domain-specific insights from LLMs, Biomed-
CoOp enriches prompt representations and enhances the
model’s ability to generalize across a wide range of biomed-
ical imaging contexts. Our approach combines generaliz-
able biomedical knowledge with selective prompt refine-
ment to improve classification accuracy and generalizabil-
ity. This study highlights the potential of integrating LLM-
derived prompts with BiomedCLIP to achieve accurate,
data-efficient biomedical diagnosis, serving as a founda-
tional step towards the broader adoption of adaptable VLMs
in clinical applications.
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