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Abstract

Vision-language models (VLMs) have demonstrated strong
potential for adapting to downstream biomedical tasks with
limited training samples. However, their generalization
to unseen classes within the same dataset remains lim-
ited, as the image—text alignment semantics often rely on
spurious cues present in seen classes that do not transfer.
To tackle this, we propose BiomedCCPL (Causal Condi-
tional Prompt Learning), a framework that uses VGAP (Vi-
sual Grounder with Adaptive Prototype) to generate image-
conditional prompts from multi-scale adaptive prototypes
and employs SCD (Synergistic Causal Disentanglement)
to regularize the generation of image-conditional prompts.
Guided by insights from a causal analysis of generaliza-
tion to unseen classes, SCD leverages multiple synergistic
learning objectives to perform front-door adjustment, en-
suring that the dynamically generated image-conditional
prompts focus on underlying diagnostic image features
shared across seen and unseen classes. Experiments on
11 datasets across 9 modalities demonstrate that Biomed-
CCPL effectively enhances the model’s data efficiency and
generalization ability. In particular, on the Base-to-Novel
task, BiomedCCPL achieves an average HM of 79.98%,
surpassing the previous state-of-the-art by 6.45%. Code is
available at https://github.com/burgers0708/
BiomedCCPL.

1. Introduction

Vision-language models (VLMs) such as CLIP [30] have
demonstrated impressive zero-shot generalization across di-
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(b) BiomedCCPL demonstrates superior generalization to unseen classes.

Figure 1. Comprehensive Comparison: Various 16-shot Adapta-
tion Methods vs. Zero-shot Backbone in the Base-to-Novel Gen-
eralization Setting. The results are averaged across 10 datasets.

verse visual tasks. Motivated by this success, some adapta-
tion strategies (e.g., CoOp [44], MMA [36], and MMRL
[13]) have been proposed on natural image datasets to ef-
ficiently adapt large-scale VLMs to downstream tasks by
introducing learnable components while freezing the pre-
trained encoders. Nevertheless, as illustrated in Fig. 1,
these methods exhibit distinct shortcomings on biomedical
datasets. First, several approaches such as CoOp [44], Kg-
CoOp [37], and MMRL tend to overfit: after 16-shot adap-
tation, their performance on unseen classes falls even be-
low that of the zero-shot BiomedCLIP [40] baseline. Sec-
ond, some methods like CoCoOp [43] and ProGrad [45]
alleviate this overfitting but sacrifice performance on seen
classes, revealing a trade-off between adaptation and gener-
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alization. Third, although approaches such as MMA avoid
generalization degradation, their performance gain on un-
seen classes remains far smaller than that on seen classes.

We attribute these observations to two main factors in
biomedical scenarios. First, most existing methods learn
an image-unconditional (static) prompt for each seen class,
that is, a fixed text prompt matching the common visual pat-
terns shared among training images of that class. Such static
prompts often fail to align with the visual features of un-
seen classes and therefore cannot effectively distinguish im-
ages from different unseen categories, leading to poor gen-
eralization. Second, although some approaches (e.g., Co-
CoOp) generate image-conditional (dynamic) prompts, they
remain susceptible to shortcut learning [12]: the learned
prompts may still correlate with non-diagnostic visual fea-
tures that are discriminative only among seen classes—such
as imaging artifacts or device-specific markers that coin-
cidentally co-occur with certain class labels. Inspired by
causal inference theory [26], we define causal knowledge as
the associations—shared and transferable across seen and
unseen classes—between text prompts and underlying di-
agnostic visual features (e.g., fundamental lesion morphol-
ogy, tissue texture, and abnormal-density regions), whereas
other associations are regarded as non-causal knowledge.
These issues highlight an urgent need for methods capable
of dynamically generating image-conditional text prompts
aligned with underlying diagnostic features shared across
seen and unseen classes.

To address these issues, we propose BiomedCCPL, a
causal conditional prompt learning framework that tackles
both challenges through two synergistic components. First,
to overcome the limitations of static prompts, we intro-
duce a Visual Grounder with Adaptive Prototype (VGAP)
module that dynamically generates image-conditional text
prompts. Unlike existing image-conditional methods such
as CoCoOp, which generate prompts based on global image
features, VGAP dynamically extracts multi-scale adaptive
visual prototypes from input images (across shallow, mid-
dle, and deep layers) and uses cross-attention to modulate
text prompt representations. This allows the text prompts to
align with multi-scale semantics in medical images, rang-
ing from coarse anatomical structures to fine-grained patho-
logical textures. Second, guided by insights from a Struc-
tural Causal Model (SCM) [26] that analyzes the general-
ization process of the adapted model to unseen classes, we
propose a Synergistic Causal Disentanglement (SCD) mod-
ule implementing the front-door adjustment principle to re-
duce spurious associations between dynamically generated
prompts and non-diagnostic visual features. SCD explicitly
separates prompt representations into causal and non-causal
components and employs a dual-pathway architecture with
synergistic objectives: the causal pathway is trained for
classification while being constrained to remain orthogonal

to the non-causal pathway, guiding it toward underlying di-

agnostic features; the non-causal pathway is encouraged to

produce uniform predictions, limiting the impact of irrele-
vant information. The two modules work synergistically:

VGAP provides multi-scale fine-grained visual grounding

that guides the prompt generation process, while SCD reg-

ularizes this process to emphasize causally relevant infor-
mation and suppress spurious correlations.

Our main contributions are summarized as follows:

* Causal Conditional Prompt Learning Framework. We
present BiomedCCPL, a framework combining VGAP,
which dynamically generates prompts based on multi-
scale adaptive visual prototypes, and SCD, which disen-
tangles them into causal and non-causal components for
front-door adjustment via multiple synergistic objectives.

* Dual-Module Collaborative Design. In BiomedCCPL,
we propose a collaborative design where VGAP condi-
tions text prompts on multi-scale, fine-grained visual pro-
totypes, providing visual cues that SCD uses to separate
prompt representations into causal and non-causal com-
ponents, while SCD regularizes conditioning to suppress
non-causal correlations and enhance generalization.

* Extensive Empirical Validation. On few-shot tasks,
BiomedCCPL achieves better performance using fewer
training samples. In Base-to-Novel evaluation, it attains
a Harmonic Mean (HM) of 79.98%, surpassing the next-
best method by 6.45%. Furthermore, saliency maps show
that BiomedCCPL consistently focuses on clinically rel-
evant regions, enhancing model interpretability.

2. Related Work
2.1. Biomedical Vision-Language Models

Pre-trained on about 400 million image—text pairs, the
vision-language model CLIP [30] has become a widely
adopted foundation model for zero-shot and few-shot vi-
sion-language tasks [22, 33, 42]. Following CLIP’s suc-
cess, several biomedical VLMs have emerged, includ-
ing PMC-CLIP [21], PubMedCLIP [10], and Biomed-
CLIP [40]. Unlike CLIP, BiomedCLIP adopts BERT [§]
as its text encoder instead of a standard Transformer, while
keeping the Vision Transformer [9] as the visual encoder.
Pre-trained on PMC-15M, a dataset of 15 million biomedi-
cal image-text pairs, BiomedCLIP has achieved remarkable
performance across diverse biomedical vision-language
tasks. Although these VLMs achieve strong zero-shot per-
formance, task-specific few-shot adaptation is often neces-
sary to further improve downstream performance.

2.2. Few-shot Adaptation of VLMs

Recent studies have explored parameter-efficient strategies
for adapting VLMs to downstream tasks with limited la-
beled data. Adapter-based approaches [11, 36, 39] in-
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sert lightweight adapters into encoders to fine-tune feature
representations with minimal parameter updates. Prompt-
based approaches [17, 18, 37, 43-45] inject learnable tokens
to provide task-specific context that steers the model’s pre-
dictions while keeping the backbone frozen. Among them,
CoCoOp [43] is most relevant to our work, since both meth-
ods condition prompts on image features. However, Co-
CoOp uses global image features, which blurs local diag-
nostic details through excessive averaging and is susceptible
to being dominated by spurious signals. In the biomedical
domain, XCoOp [3] and BiomedCoOp [20] adapt VLMs
to specialized medical tasks by integrating domain-specific
prior knowledge. In contrast, our BiomedCCPL requires no
external knowledge and learns task-relevant representations
purely through end-to-end training.

2.3. Causal Inference

Recently, causal inference [26] has been widely adopted in
representation learning [2, 31]. Existing studies mainly ex-
plore two directions: counterfactual reasoning [5, 38] and
causal intervention [29, 41]. Among causal intervention
approaches, ICL-MSR [29] applies back-door adjustment
by using observable semantic attributes as proxies for con-
founders, while CDC [41] adopts front-door adjustment to
suppress spurious correlations. Unlike CDC, which disen-
tangles semantics based on multiple global image features
obtained via different augmentation strategies, our Biomed-
CCPL disentangles causal and non-causal semantics using
multi-scale local image features and synergistic learning.

3. Methodology

The overall architecture of BiomedCCPL is illustrated in
Fig. 2. Built upon the BiomedCLIP backbone, Biomed-
CCPL comprises two synergistic components designed to
learn disentangled causal prompt representations that align
with fine-grained, multi-scale image semantics. On the
one hand, the VGAP module generates image-conditional
prompts from multi-scale visual prototypes, capturing fea-
tures from shallow to deep layers. This allows the text
prompts to align with multi-scale semantics in medical im-
ages, ranging from coarse anatomical structures to fine-
grained pathological textures. On the other hand, the SCD
module regularizes prompt generation, guiding focus to-
ward diagnostic features transferable across seen and un-
seen classes while reducing spurious correlations.

3.1. Preliminary

CLIP’s hand-crafted prompts are fixed and lack adaptability
to domain-specific visual concepts. To overcome this lim-
itation, prompt learning methods replace static templates
with learnable context vectors that can be optimized for a
specific dataset. Specifically, for the c-th class, a continuous
prompt T is formed by prepending shared context vectors

to the class name embedding. The probability that an image
I; belongs to the c-th class is computed as:

exp(cos(F4, F%)/T)
Ziczl exp(cos(Fi., F9)/7)

p(y; = c|F}) = D)

where F} denotes the image feature of I;, F7 is the text
feature of T, and 7 is a temperature parameter. During
few-shot adaptation, only the context vectors are updated
while the pretrained encoders remain frozen.

3.2. Visual Grounder with Adaptive Prototype

Most existing methods learn an image-unconditional
(static) prompt for each seen class, i.e., a fixed text embed-
ding aligned with the common visual patterns of the train-
ing images. Such static prompts fail to align with the vi-
sual features of unseen classes, hindering discrimination be-
tween different unseen classes and resulting in poor gener-
alization. To address this limitation, some methods generate
image-conditional prompts based on global image features
(e.g., CoCoOp). However, relying on a single global token
leads to excessive averaging, blurring local diagnostic fea-
tures (e.g., a tiny lung nodule) [24]. Moreover, the global
image representation is also easily dominated by spurious
signals in the image (e.g., watermarks or background arti-
facts), amplifying shortcut learning [25]. To address these
issues, we propose VGAP, generating prompts based on
multi-scale visual prototypes, preserving fine-grained and
hierarchically structured diagnostic features.

The VGAP module operates through a prototype-based
cross-attention mechanism. For clarity, we describe the in-
teraction process between the prompt for the i-th class and
the j-th image. Performing attention on every patch token
individually can be noisy and may fail to capture coher-
ent local patterns. To address this, VGAP introduces adap-
tive visual prototypes. Unlike traditional clustering-based
prototypes, which are derived solely from visual similar-
ity and are independent of the downstream task, VGAP’s
prototypes are produced by a lightweight learnable module
and refined through backpropagation. This end-to-end op-
timization makes the prototypes adaptive to the classifica-
tion objective, yielding task-relevant representations rather
than purely geometric ones. Specifically, VGAP reduces
M patch tokens from I-th layer, V;; = {v]' v}, ... vll},
into N adaptive visual prototypes P; = {p},p},...,p}
(N <« M). This is achieved by computing a contribution
matrix A € RM>¥ through a lightweight network:

A = SoftMax(ReLU(LayerNorm(V; ;W1))W3), (2)
where W, € R% >4 and W, € R >N with dj, being

the dimension of an intermediate hidden layer. Each ele-
ment A;; quantifies the contribution of the ¢-th patch token
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Figure 2. Overview of the Biomed CCPL framework, built on the Biomed CLIP backbone. The VGAP (Visual Grounder with Adaptive
Prototype) module generates image-conditional prompts from multi-scale adaptive visual prototypes, capturing hierarchical visual patterns
from shallow to deep layers. The SCD (Synergistic Causal Disentanglement) module regularizes these prompts via cooperative objectives,
encouraging focus on diagnostic features transferable across seen and unseen classes while suppressing spurious correlations.

to the formation of the j-th prototype. The prototypes P;
are derived as a weighted aggregation of the patch tokens:

P=A"V, (3)

Subsequently, the text [CLS] token tzllé from the text en-
coder’s [-th layer queries P; via cross-attention to produce
a visually-grounded representation z*!. The query (q), key
(K), and value (V) are formed as:

q= t" an

cls

K= Pka, V = PlWU) (4)

and the fused representation (z*') is computed as:

. KT
24t = SoftMax (q ) V. 5)
Vi
The fused representation z"! is then smoothly integrated
into tz’lls via a momentum-based update:

ti,l7* - a- ti,lls + (1 _

cls

a) -z (6)

This updated token tz’lls’* is then passed to the subsequent
layer. The momentum coefficient « is a hyperparameter
that controls the degree of visual information infusion. The

VGAP process is applied at a specific layer within each of

Figure 3. Structural causal models for seen-to-unseen generaliza-
tion. Solid and dashed circles represent observable and unobserv-
able variables, respectively.

the encoder’s three scales (shallow, middle, and deep), us-
ing indices | € {3,7, 11} as justified by our ablation studies
(see Supplementary Material). This hierarchical fusion en-
sures that the final text representation is robustly grounded
in diagnostic details across all scales, from coarse anatomi-
cal structures to fine-grained pathological textures.

3.3. Synergistic Causal Disentanglement

Although dynamic prompts are more effective than static
ones, they can still be influenced by non-diagnostic visual
features, such as device-specific markers or imaging arti-
facts. To analyze this phenomenon rigorously, as illus-
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trated in Fig. 3, we construct an SCM [26] that models the
causal relationships among variables to revisit CLIP’s gen-
eralization from seen to unseen classes. To formalize our
causal analysis, we define the variables in Fig. 3 as follows.
Herein, I denotes a mini-batch of unseen images, and T the
learned text prompts. We define the Image—Text Alignment
Semantics X as the semantic information shared between
the visual input I and the text prompt T. We conceptual-
ize the confounder C as the non-diagnostic visual features
present in the seen classes, such as device-specific mark-
ers or imaging artifacts. This confounder acts as a common
cause that influences both the formation of X’ (pathC — X))
and the predicted labels Y (path C — Y), opening a back-
door path X + C — Y that introduces spurious correla-
tions and impairs generalization to unseen classes. Since the
confounder C is unobserved, directly applying back-door
adjustment to remove its influence is infeasible. Therefore,
we instead adopt the front-door criterion by introducing an
intermediate variable, the Image—Text Alignment Causal Se-
mantics S, which mediates the causal effect between (I, T)
and Y. S captures the associations between text prompts
and underlying diagnostic visual features (e.g., fundamental
lesion morphology, tissue texture patterns, and abnormal-
density regions) that are shared and transferable across seen
and unseen classes. Specifically, for the j-th image 1;, the
causal effect can be estimated using the front-door formula:

P(g;=c|do(I;, T))=>_ P(s|1;, T)P(c|s). (7)

seS

In practice, S is estimated by the collaboration of VGAP
and SCD, and the similarity scores derived from S are then
used as differentiable logits to compute P(c | S).

To estimate S, the text prompts are disentangled into
causal and non-causal components using three synergis-
tic objectives: Lcg, Lnem, and Loy. Herein, Lngm pre-
vents the non-causal pathway from producing determinis-
tic discriminative signals, Loy enforces orthogonality be-
tween causal and non-causal pathways, and Lcg guides the
causal pathway to make accurate predictions within this
constrained space. Given a mini-batch of images I and
the corresponding causal and non-causal prompts for C'
classes—e.g., for the i-th class, the causal prompt Ti =
{zl 22, ... xI, [CLASS]i ‘>} and the non-causal prompt
Ti, = {x! .22, .. 29, [CLASS]’ ‘.’ }—the encoders
produce the visual Features Fy € RB*%vt the causal prompt
features Fp, € R¢*4¢, and the non-causal prompt fea-
tures Fp . € RE*%¢_ The following paragraphs detail the
formulation of each objective.

Cross-Entropy Loss. The causal pathway is optimized
using the standard cross-entropy objective Lcg, wWhich en-
courages the causal prompts to capture discriminative diag-

nostic information. The class probability distribution pre-
dicted by the causal pathway is:

Q. = SoftMax(F{F_/7), (®)

where 7 is the temperature. The loss is computed as:

1
Lee=—5) (YOlogQo), ©)

where ® dennotes the element-wise product.

Non-causal Entropy Maximization. To render the non-
causal prompt representations uninformative, we employ
the loss Lngym to drive the non-causal pathway toward pro-
ducing a uniform probability distribution. The predicted
distribution Q,,.. is:

Qe = Softl\/lam(]?lFr}nc /7 (10)

where 7 is a temperature parameter. The Lngm is then de-
fined as the KL divergence between the predicted distribu-
tion Q,,. and a discrete uniform distribution /:

B C
L =Dr(Quellt) =" Y duealog T4, (1)
b=1 i=1 Ui

where gy,1.; is the predicted probability for the i-th class
of the b-th sample, and u; = 1/C is the uniform probabil-
ity. Minimizing this loss maximizes the prediction entropy,
making the non-causal pathway non-predictive.

Orthogonality Constraint. To separate the representa-
tional roles of the two pathways, we enforce intra-class or-
thogonality between causal and non-causal prompts. The
orthogonality loss Loy is given by:

L.
Lon = || diag(Fr Fr,, I3, (12)
This constraint separates the two prompt subspaces and reg-
ularizes the causal pathway by suppressing features associ-
ated with non-causal information.

3.4. Overall Learning Objective

Semantic Anchor Regularization. We introduce the loss
Lsar to stabilize BiomedCCPL training by using the en-
coded features T}, of hand-crafted class-specific prompts
(e.g., “a photo of a [CLASS]”) as semantic anchors:

1
Lsar =1 — 6Tr(FTCF}h), (13)

where Tr(-) denotes the trace of the matrix.
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Overall Loss. Finally, the overall learning objective for
our BiomedCCPL framework is formulated as:

Liotat = Lcg + Lsar + M Lnem + AoLon,  (14)

where A\; and Ao are balancing hyperparameters. During
testing, predictions are made solely using the outputs from
the causal pathway, discarding the non-causal ones.

4. Experiments

4.1. Experimental Settings

We perform a systematic evaluation of the few-shot adapta-
tion and generalization capabilities of BiomedCCPL on 11
biomedical datasets across 9 modalities.

Baselines. We compare BiomedCCPL with seven com-
petitive methods, including prompt-based techniques (i.e.,
CoOp [44], CoCoOp [43], KgCoOp [37], ProGrad [45],
MMRL [13], BiomedCoOp [20]) and adapter-based ap-
proach (i.e., MMA [36]). Baselines are grouped by cross-
modal interaction: with (CoCoOp, MMA, MMRL) or with-
out (CoOp, KgCoOp, ProGrad, and BiomedCoOp).

Datasets. To thoroughly assess our proposed method, we
employ the 11 diverse medical imaging datasets introduced
in [20], which cover 10 distinct organs and 9 modali-
ties. Specifically, these datasets are categorized by modal-
ity as follows: Computerized Tomography (CTKidney
[14]), Dermatoscopy (DermaMNIST [7, 34]), Endoscopy
(Kvasir [27]), Fundus Photography (RETINA [19, 28]),
Histopathology (LC25000 [4], CHMNIST [15]), Magnetic
Resonance Imaging (BTMRI [23]), Optical Coherence To-
mography (OCTMNIST [16]), Ultrasound (BUSI [1]), and
X-Ray (COVID-QU-Ex [32], KneeXray [6]).

Implementation details. Our BiomedCCPL model, built
upon a ViT-B/16 backbone, was trained for 50 epochs on
both few-shot and base-to-novel tasks. We initialized the
learnable context with the prompt embedding of ““a photo of
a” and set the number of prototypes to 14 (the square root of
196 image patches). The model was trained using an SGD
optimizer, with a learning rate of 0.0025 and a batch size
of 1. The hyperparameters A, Ao, and o were tuned on a
validation set (see Supplementary Material for details). For
a fair comparison, all methods share the same BiomedCLIP
backbone, and results are averaged over three runs with dif-
ferent seeds. All experiments were performed on a single
NVIDIA GeForce RTX 4090 GPU.

4.2. Few-shot Evaluation

Considering the common challenge of data scarcity in
biomedical applications, we conduct few-shot experiments

with support sets of K € {1,2,4,8, 16} examples per class
to evaluate the model’s adaptation capabilities.

As illustrated by the AVERAGE subplot in Fig. 4, our
BiomedCCPL consistently demonstrates a performance ad-
vantage across all shot settings. Furthermore, BiomedC-
CPL exhibits remarkable data efficiency, achieving higher
performance than competing methods with fewer training
samples. For example, even with only 1 training sample
per class, our model achieves 62.17%, surpassing the 2-
shot performance of BiomedCoOp (58.55%). Similarly, our
model trained with 8 samples per class (77.22%) outper-
forms MMA'’s 16-shot baseline (75.24%). Under various
K -shot settings, the performance advantage of BiomedC-
CPL over competing methods becomes more pronounced
as K increases. Such data efficiency and model scalability
are particularly valuable for rare diseases or scenarios with
limited annotated data.

4.3. Base-to-Novel Generalization

In this section, we evaluate BiomedCCPL’s generalization
from base (i.e., seen) to novel (i.e., unseen) classes within
a single dataset. Consistent with previous studies, all mod-
els are trained on base classes under a 16-shot setting and
evaluated separately on base and novel classes.

The average performance comparison of BiomedCCPL
and other methods across 10 datasets (excluding BUSI due
to limited class diversity) is presented in Fig. 5, and the de-
tailed results are reported in Table 1. On average, Biomed-
CCPL achieves a Harmonic Mean of 79.98%, outperform-
ing the next-best method, MMA, by 6.45%. BiomedCCPL
not only achieves the best results on base classes but also
demonstrates remarkable generalization to novel classes,
increasing novel class accuracy by 8.74% over Biomed-
CoOp. These results suggest that BiomedCCPL effectively
captures causal knowledge shared between base and novel
classes rather than spurious correlations specific to the base
classes. This robust generalization is particularly important
for clinical applications, where models must reliably handle
unseen pathology variations.

4.4. Ablation Experiments
4.4.1. Effect of Different Components

We conducted an ablation study to evaluate the contribu-
tions of BiomedCCPL’s core modules: SAR (Semantic An-
chor Regularization), VGAP (Visual Grounder with Adap-
tive Prototype), and SCD (Synergistic Causal Disentangle-
ment). The results are presented in Tab. 2, which are av-
eraged across all 11 datasets. For the Base-to-Novel task,
we started from the baseline CoOp and incrementally added
each module to examine its contribution. Adding SCD im-
proves the novel class accuracy from 64.72% to 75.69%,
followed by VGAP (to 73.26%) and SAR (to 65.68%), em-
phasizing the importance of causal disentanglement in miti-
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Figure 4. Few-shot performance of BiomedCCPL against state-of-the-art methods across 11 datasets. The top-left AVERAGE subplot,

which summarizes the average performance, shows that BiomedCCPL consistently achieves superior accuracy across all shot settings.
Each point represents the mean accuracy over 3 random seeds, with the shaded error bands representing the standard error.
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Figure 6. Ablation study of the prototype in BiomedCCPL on
Base-to-Novel and Few-shot tasks, where the red and blue lines
show performance with and without the prototype, respectively.

gating spurious correlations from base classes. For the Few-
shot task, we started from the full BiomedCCPL model and
progressively removed each module to assess its contribu-
tion. Removing VGAP decreases the accuracy from 82.25%
to 71.13% at 16 shots, followed by SCD (to 79.80%) and

SAR (to 77.48%), highlighting the importance of adaptive drives generalization to unseen classes. Moreover, combin-
visual grounding for leveraging limited supervised data. In ing any two components consistently yields higher perfor-
summary, the results indicate that SAR stabilizes learning, mance than using either one alone, demonstrating that the
VGAP enhances learning from limited examples, and SCD modules offer complementary benefits when integrated.
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Table 1. Base-to-Novel generalization performance, showing detailed results on 10 datasets. Harmonic Mean (HM) measures balanced

performance across base and novel classes. Primary and secondary results are highlighted in blue and gray , respectively.

Method BTMRI CHMNIST COVID-QU-Ex CTKIDNEY DermaMNIST

Base Novel HM ‘ Base Novel HM ‘ Base Novel HM ‘ Base Novel HM ‘ Base Novel HM

BiomedCLIP pyckhone  40.88  96.18  57.37 | 37.63  40.69 39.10 | 5400 89.43 67.34 | 38.55 5299 44.63|35.19 49.59 41.17
CoOp ey 8225 9451 8795|8941 3511 50427592 90.06 82.39|8226 67.92 7441 |48.06 59.41 53.14
CoCoOp cypr, ~ 77-88 94.84 8553 | 87.77 4251 5728|7727 87.63 8212|8196 5656 66.93|42.88 60.64 50.24
KgCoOp cyprps  78.04 9505 8571|7549 3870 51.17 | 7542 89.61 81.90 | 81.67 5845 68.14 | 36.41 4733 41.16
ProGradiccvos  81.67 93.89 8735 | 82.89 4446 57.88 | 7556 | 90.68 82.43 | 82.50 66.18 73.44 | 36.41 | 6470 46.60
MMA cvpr24 86.84 9546 90.95|93.57 33.20 49.01 | 79.84 90.57 84.87 | 87.90 54.84 67.54 | 53.88 4580 49.51
MMRL cvpr2s ~ 83.00 96.04 89.05 | 91.93 3653 52.28 | 79.21 89.58 84.08 | 87.48 45.04 59.46 | 49.76 4239 45.78
BiomedCoOp cyprps  82.21 1 9644 88.76 | 89.09 | 45.21 59.98 | 74.88 90.38 81.90 | 86.21 ~77.16 81.43 | 58.66 55.72 | 57.15
BiomedCCPL ours | 85.83  96.58 90.89 | 94.77 44.95 60.98 | 84.71 89.81 |87.19 | 92.06 77.35 84.07 | 47.25 | 81.00 59.68

Method KneeXray Kvasir LC25000 OCTMNIST RETINA

Base Novel HM ‘ Base Novel HM ‘ Base Novel HM ‘ Base Novel HM ‘ Base Novel HM

BiomedCLIP goekbone  35.89  71.90  47.88 | 75.00 | 60.50 66.97 | 59.73 87.60 71.03 | 56.60 50.00 53.10 | 45.18 5528 49.72
CoOp jjcya: 3825 47.69 42458622 58.06 69.39 | 90.12 87.57 88.83|75.00 50.00 60.00 | 70.98 56.90 63.16
CoCoOp cypryy 3408 63.02 4424|8594 53.95 6629 | 8833 19502 91.55|79.60 50.47 61.77 | 66.88 65.56 66.21
KgCoOp cyprps  37:94 61.19 46.84 | 81.56 59.00 68.47 | 88.13 86.43 87.27 | 68.13 50.00 57.67 | 60.77 54.91 57.69
ProGradiccvos  40.57 5876 48.00 | 8272 60.28 69.74 | 89.34 87.57 88.45|73.40 50.00 59.48 | 66.51 5732 61.57
MMA cvpr24 4320 7543 54.94 |89.00 5839 7052|9576 91.60 93.63 | 86.73 50.00 63.43 | 80.73 | 86.88 83.69
MMRL cvpras ~ 39.51 7275 51.21|86.28 63.22 7297 | 95.61 92.97 9427 | 8840 50.00 63.87 | 8220 63.94 71.93
BiomedCoOp cyprps  42.65 72.63 | 53.74 | 86.83 59.11 70.34 | 9290 94.10 93.50 | 78.93 5040 61.52 | 68.67 6341 65.94
BiomedCCPL gurs  40.06  81.39  53.69 | 92.67 59.39 | 72.39 | 99.43 98.03 98.73 | 83.80 | 73.67 78.41 | 87.20 89.82 88.49

Table 2. Ablation study of our BiomedCCPL model’s components
(SAR, VGAP, and SCD). The table presents the average accuracy
(%) across all 11 datasets on Few-shot and Base-to-Novel tasks.

Components Base-to-Novel Few-shot
SAR VGAP SCD Base Novel HM 1 2 4 8 16
X X X 73.85 64.72 68.98 50.18 54.17 59.77 65.85 69.72
4 X X 7578 65.68 70.37 51.97 54.98 59.84 66.09 68.64
X v X 79.08 73.26 76.06 56.76 59.87 67.96 74.27 79.95
X X v/ 7556 75.69 75.62 54.69 57.26 62.51 68.17 71.30
v v X 79.12 73.87 76.40 56.67 61.90 67.55 74.05 79.80
v X v 75.74 76.20 75.97 54.71 57.21 62.56 68.34 71.13
X v v 80.83 77.88 79.33 60.42 63.94 66.40 68.85 77.48
4 v v 80.78 79.20 79.98 62.17 64.86 71.49 77.22 82.25

4.4.2. Effect of Prototype

As illustrated in Fig. 6, we conducted an ablation study
on the prototype mechanism within the VGAP (Visual
Grounder with Adaptive Prototype) module. The results
show that the inclusion of the prototype mechanism com-
prehensively boosts model performance across the board.
This validates that the prototype mechanism is crucial in
enhancing the model’s few-shot learning capabilities and its
cross-category generalization ability. We believe this is be-
cause the prototypes help prevent the model from overfitting
to excessively detailed and noisy factors in the images, ef-
fectively serving as both a semantic aggregator and a noise
filter. Furthermore, we also tested the impact of varying the

number of prototypes on model performance, with detailed
results available in the Supplementary Material.

4.4.3. Visual Interpretability

Using ScoreCAM [35], we generated saliency maps from
three perspectives: comparing adaptation strategies, evalu-
ating decoupled pathways, and analyzing specific disease
classes. Results demonstrate our causal pathway consis-
tently and precisely localizes lesions (see Supplementary
Material Figs. 9 to 11). This precision crucially enhances
model interpretability and fosters clinical acceptance.

5. Conclusion

In this work, we revisit the generalization challenge of
adapting biomedical vision—language models from a causal
perspective using an SCM and show that conventional
prompt-tuning tends to encode spurious correlations lim-
ited to seen classes. To address this, we propose BiomedC-
CPL, a causal conditional prompt learning framework that
dynamically generates image-conditional prompts based on
adaptive visual prototypes via the VGAP module and reg-
ularizes them with the SCD module to emphasize trans-
ferable diagnostic features while limiting spurious associ-
ations. Extensive experiments demonstrate that Biomed-
CCPL improves both few-shot adaptation and cross-class
generalization, offering a practical solution for building re-
liable vision-language models under data-scarce scenarios.
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