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Abstract. Contrastive Language-Image Pre-training (CLIP) has shown
its proficiency in acquiring distinctive visual representations and ex-
hibiting strong generalization across diverse vision tasks. However, its
effectiveness in pathology image analysis, particularly with limited labeled
data, remains an ongoing area of investigation due to challenges asso-
ciated with significant domain shifts and catastrophic forgetting. Thus,
it is imperative to devise efficient adaptation strategies in this domain
to enable scalable analysis. In this study, we introduce Path-CLIP, a
framework tailored for a swift adaptation of CLIP to various pathology
tasks. Firstly, we propose Residual Feature Refinement (RFR) with a
dynamically adjustable ratio to effectively integrate and balance source
and task-specific knowledge. Secondly, we introduce Hidden Represen-
tation Perturbation (HRP) and Dual-view Vision Contrastive (DVC)
techniques to mitigate overfitting issues. Finally, we present the Doublet
Multimodal Contrastive Loss (DMCL) for fine-tuning CLIP for pathology
tasks. We demonstrate that Path-CLIP adeptly adapts pre-trained CLIP
to downstream pathology tasks, yielding competitive results. Specifically,
Path-CLIP achieves over +19% improvement in accuracy when utilizing
mere 0.1% of labeled data in PCam with only 10 minutes of fine-tuning
while running on a single GPU.

1 Introduction

Recent advancements in deep learning, bolstered by superior network architectures
and the availability of extensive, meticulously curated datasets, have led to
substantial enhancements in pathology image analysis tasks [17]. Nevertheless,
the process of collecting high-quality datasets with reliable annotations for each
specific vision task remains a laborious and time-intensive endeavor [18,53]. This
may prevent the broad adoption of advanced deep learning techniques. To relieve
the reliance on such datasets, pre-training and fine-tuning methods (TFT) have
been studied in vision tasks: pre-train the model on a large-scale dataset and
then fine-tune the model on different downstream tasks [9]. There are several
challenges of such methods: 1) they may still require a large amount of labeled
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Fig. 1: Illustration of (a) zero-shot CLIP, and (b) our proposed Path-CLIP. We aim to
freeze the encoders but only train the Residual Feature Refinement (RFR) module to
balance the original knowledge from CLIP and new task-specific knowledge.

set to avoid the overfitting issue when fine-tuning the model for the downstream
task [21, 40]; 2) the fine-tuning may not yield satisfactory performance in the
target domain due to the existence of a large domain gap between the pre-trained
data and pathology images [32]. Consequently, a pivotal question arises: how can
the large-scale pre-trained model be efficiently tailored to a new task, minimizing
overfitting, particularly when the new dataset is limited in size?

To fill the performance gap due to domain shift, Contrastive Language-Image
Pre-training (CLIP) [26] has shown its power in learning generic and distinctive
visual representations via language supervision. As shown in Fig. 1(a), it aligns
images and texts in the same feature space and uses a contrastive loss to formulate
the learning objective. CLIP uses two separate encoders for images and texts,
then maximizes the similarity score of positive pairs of images and texts while
minimizing it of negative pairs [26,54]. It achieves promising results on various
image classification tasks without needing any annotated data, i.e., zero-shot
transfer settings. As a language-vision model, CLIP uses prompts as the super-
vision, where the visual labels are entered into the hand-crafted template. By
pre-training the model at a large scale, models can learn the visual contents and
easily be transferred to downstream tasks through the prompt-based zero-shot
transfer.

However, the manual design of prompts can be a non-trivial and time-consuming
task. [54] found that even a slight change in the prompt (e.g., one word) can
make a big difference. They introduced Context Optimization (CoOp) to auto-
mate prompt engineering to generate continuous soft prompts instead of using
hand-chosen hard prompts [54]. However, CoOp requires substantial computing
resources, and the results of CoOp are not interpretable. Furthermore, such
prompt tuning faces performance degradation when there is a significant do-
main shift [39], e.g., from natural images to pathology images, rendering it less
adaptable to medical imaging tasks. On the other hand, medical image analysis
may involve multiple learning tasks simultaneously. Conversely, in medical im-
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age analysis, multiple learning tasks may be concurrently required. It becomes
impractical if fine-tuning necessitates substantial computational resources. For
instance, Lai et al. [17] quantify and visualize distinct pathologies in grey/white
matter (GM/WM) regions within gigapixel images. To accomplish this, the task
is divided into two learning objectives: pathology detection and GM/WM segmen-
tation. They collected and annotated two datasets and then trained two models
from scratch to achieve it. Therefore, it will be beneficial if we can propose an
effective way to adapt a big model into multiple downstream tasks quickly so the
final analysis objective can be reached in a reasonable time manner.

In this work, we aim to fine-tune CLIP efficiently with light computing resources
for pathology image analysis tasks. There are several challenges in fine-tuning
CLIP. First, overfitting is a severe issue if we adapt CLIP to the downstream
tasks directly since CLIP is pre-trained on a 400M dataset while the new domain
dataset can be small [10]. Second, CLIP has shown its promising zero-shot
generalization ability, directly fine-tuning CLIP may lose this capability and
face the “catastrophic forgetting” issue. In other words, it is unclear how
to effectively learn the new knowledge while retaining the original pre-trained
knowledge so that the generalization of CLIP can be maintained. Third, there are
limited studies on benchmarking CLIP’s transferability in the pathology domain;
hence, its applicability remains unclear. To address the above issues, we first
study the applicability of CLIP on two public pathology datasets and benchmark
the zero-shot ability of CLIP on them. Then, we did empirical experiments
to verify the importance of the CLIP’s pre-trained knowledge. To address the
“catastrophic forgetting” issue, we propose Residual Feature Refinement (RFR)
as a lightweight approach for adapting CLIP to pathology images. As a shallow
network, RFR demonstrates proficiency in extracting crucial spatial features
and patterns from pathology images. Within RFR, we introduce a self-adaptive
module designed to seamlessly fuse and balance the original knowledge from CLIP
with the newly acquired insights from the specific pathological task, requiring
only a minimal number of additional trainable weights, as opposed to retraining
the entire encoders in CLIP. To further mitigate overfitting, we also incorporate
Hidden Representation Perturbation (HRP) and Dual-view Vision Contrastive
(DVC). Finally, we establish an end-to-end adaptation of CLIP, named Path-CLIP
(as shown in Fig. 1(b)), tailored for pathology image analysis tasks. Path-CLIP
incorporates a newly proposed loss function, Doublet Multimodal Contrastive
Loss (DMCL).

We summarize our contributions as follows:

– We explore the applicability of CLIP on pathology images and highlight the
catastrophic forgetting issues when adapting CLIP to downstream pathology
tasks.

– We propose Path-CLIP to alleviate the overfitting and forgetting issues and
effectively adapt CLIP for pathology tasks.
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– Extensive experiments demonstrate the efficiency and robustness of Path-
CLIP. For example, it achieves +19% on PCam when only using 0.1% of
labeled data.

2 Related Work

Language-vision model (LVM). LVMs have shown promising performance
in learning generic visual representations [15, 22, 26, 48]. Recent models advance
via text representation learning with large-scale Transformers [30] and even web-
scale training datasets [54]. Transformer-based multimodal learning has achieved
great success in such large-scale datasets [23, 29, 36]. For example, CLIP [26]
was trained on 400 million image-caption pairs and achieved state-of-the-art
results in many fields [26,44, 46,47]. In CLIP’s architecture, it has two encoders:
the vision encoder can be ResNet [12] or ViT [7] while the text encoder can
be Transformer (e.g., BERT [6]). A recent work [27] fine-tuned CLIP for video
data and performed competitively to more complicated methods designed for
video processing. PointCLIP [50] applied CLIP to 3D recognition. CLIP is also
applied for image generation tasks [8] and shows its power to reduce required
data collection. However, the best way to adapt CLIP for downstream tasks is
still being studied, especially when the new domain is far from the pre-trained
domains, e.g., the medical domain.

CLIP Fine-tuning and adaptation. Although recent multimodal models (e.g.,
CLIP [26]) perform astonishingly well in standard vision tasks without fine-tuning,
the gap between CLIP and supervised learning is still noticeable. Therefore, many
works focus on fine-tuning CLIP with a few samples from the new task provided.
For example, CoOp [54] kept the entire pre-trained parameters fixed but optimized
the continuous prompt through a learnable vector. This method closes the gap
between CLIP and supervised learning but the performance gain is limited as
it only focuses on the perspective of prompt design instead of the vision part
for the image recognition tasks. On the other hand, CLIP-Adapter [9] and Tip-
Adapter [51] freeze the pre-trained weights and train additive module, which
significantly improves the CLIP’s performance with limited training data in the
new task. These methods require a lower computational cost. However, both
CLIP-Adapter [9] and Tip-Adapter [51] involve tuning a ratio (hyper-parameter)
to balance the original and fine-tuned knowledge manually, which may not be
practical when we have multiple target learning tasks in the medical domain.

3 Methodology

In this section, we introduce the proposed Path-CLIP. We summarize the end-to-
end pipeline in Fig. 1(b): a self-adaptive residual ratio α will be incorporated
into Residual Feature Refinement (Section 3.2) to fuse and balance the original
knowledge with the task-specific knowledge from the new downstream task. We
introduce Hidden Representation Perturbation (HRP) and Dual-view Vision
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Fig. 2: Overview of the Residual Feature Refinement (RFR): a downsampling-
upsampling shallow architecture of fully connected layers. RFR blends the fine-tuned
knowledge with the original knowledge from CLIP’s vision encoder (F (⋅)) via a self-
adaptive residual ratio α. HRP refers to Hidden Representation Perturbation and TFT
refers to pre-training fine-tuning. We use blue color to denote the original visual features
and orange color to denote the fine-tuned features.

Contrastive (Section 3.3) to alleviate the overfitting issue. Finally, we propose
Doublet Multimodal Contrastive Loss (DMCL) in Section 3.4 as the loss function
for fine-tuning.

3.1 Language-Vision Pre-training

We first revisit language-vision pre-training and use CLIP [26] as one exam-
ple. Note that our framework is applicable to broader language-vision models.
CLIP [26] has a vision encoder F (⋅) and a text encoder G(⋅). The vision encoder
maps a high-dimensional image into low-dimensional image embeddings. The
vision encoder can be a CNN like ResNet [12] or a Vision Transformer (ViT) [7].
The text encoder is built on Transformer [30] and generates text embeddings from
the prompt. Specifically, “prompt” here refers to a sequence of words (tokens),
such as “a neuropathological image of grey matter”.

Training. CLIP jointly trains F (⋅) and G(⋅) to optimize the similarity score (e.g.,
symmetric cross-entropy loss [33]) between the visual and textual embeddings
for each batch. The input consists of an image and its corresponding prompt
(e.g., “this is a photo of grey matter”). They formulate the learning objective as a
contrastive loss to align the visual and textual embedding spaces. Given a batch
of image-prompt pairs, CLIP maximizes the similarity score for positive pairs
while minimizing it for negative pairs.



6 Z. Lai et al.

Contrastive loss function. In CLIP training, the agreement between a positive
pair of vision and text embeddings is maximized by InfoNCE loss [24]:

lv→t
i = − log

exp (sim(vi, ti)/γ)

∑
B
k=1 exp (sim(vi, tk)/γ)

, (1)

where v, t are normalized vectors from vision and text encoders. (vi, ti) is a
positive pair. sim is a function to measure the similarity of two vectors. B is
the mini-batch size of the image-text pairs and γ is the learnable temperature.
Therefore, there is only 1 positive text for the input ith image but N − 1 negative
texts. lv→t

i means the InfoNCE loss from an image i to texts, so as the text loss
lt→v
i . Then the loss function for CLIP is as follows:

LCLIP =
1

2B

B

∑
i=1
(lv→t

i + lt→v
i ) . (2)

Inference for classification tasks. For the inference process, an image x is
transformed into a feature manifold f ∈ RD, where D is the feature dimension.
Then, f is multiplied with a classifier weight matrix W ∈ RD×K , where K is the
number of classes in the learning task. We get a K-dimensional logit after matrix
multiplication. Then we apply softmax to convert this logit into a probability
vector p ∈ RK over the K classes. The whole process can be summarized as the
following equation:

pi =
exp(Wi

T
× f)/γ

∑
K
i=1 exp(Wi

T
× f)/γ

, (3)

where γ is a temperature parameter learned by CLIP during training and Wi is
the prototype weight vector for class-i.

Transferability. Compared to traditional classifier learning methods where the
supervision is a fixed one-hot vector, language-vision pre-training utilizes an
open-set visual concept that can be explored through the text encoder to learn a
broader semantic space, which in turn makes the learned representations more
diverse and adaptable to various downstream tasks (e.g., zero-shot learning).
Therefore, we argue that such language-vision pre-training is helpful for medical
problems where the domain is very distinctive from the natural images.

3.2 Residual Feature Refinement

In this subsection, we introduce Residual Feature Refinement (RFR) to learn
the task-relevant context when we adapt CLIP to the downstream learning tasks.
Unlike CoOp’s prompt tuning, which may not address the domain shift issue
between the natural and pathology images, we focus on fine-tuning the visual
features f . However, simple fine-tuning of the entire network may fail in a new
pathological task due to 1) the overfitting issue caused by a large number of
parameters in CLIP and a shortage of training samples [13]; 2) catastrophic
forgetting issue.
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Table 1: Baseline. We fine-tune CLIP (ResNet-50) on PCam [31] with 1% training
data. “No fine-tuning” is the best baseline due to the catastrophic forgetting issue.

# Configuration Accuracy

1 No fine-tuning 56.5%
2 Fine-tune 10 epochs 40.3%
3 Fine-tune 100 epochs 35.9%
4 With a lower learning rate on #3 45.6%

Importance of the CLIP’s pre-trained knowledge. CLIP has shown its
zero-shot ability and transferability to a wide range of downstream tasks. We
argue that preserving pre-trained knowledge of CLIP is crucial to maintain
its generalization and alleviate the overfitting issue when the new dataset is
small. There are two reasons behind this. First, one recent NLP work [11] shows
large pre-trained language models (PLMs) are well-calibrated on the masked
language modeling tasks. However, such property cannot be retained through
direct fine-tuning due to catastrophic forgetting. Specifically, the pre-trained
features are only used for the initialization and will be distorted by the fine-
tuning [11]. Inspired by this, we investigate whether this issue also appears in
language-vision models. As shown in Table 1, “no fine-tuning” but zero-shot
gets the best results compared to fine-tuning CLIP on 1% of training data in
PCam [31]. We also attempt to lower the learning rate to 1×10−6, but the results
are still far from satisfactory. Therefore, we conclude direct fine-tuning may
distort the pre-trained knowledge and result in a severe catastrophic forgetting
issue. Besides the forgetting issue, overfitting is another common challenge when
adapting a big model to a new task. To alleviate the above two issues, we propose
a residual refinement architecture to preserve the pre-trained features and acquire
rich semantic information for pathology image analysis.

Architecture overview. As shown in Fig. 2, given an image x, we get the
visual feature f from the image encoder and compute the classifier weight W
from the text encoder. Then we design trainable adaptive layers L to convert f
into L(f). L can be multiple layers of linear transformations in a “down-and-up”
architecture. As shown in Fig. 2, we have four layers to transform the feature
dimension as “1024-256-64-256-1024". This is one example: the layers are flexible
with other dimensions. After this architecture, L(f) can be of the same size of f
and blended with f as follows:

fi
∗
= (1 − αi)L(fi) + αifi, (4)

where i = {1,2,3, ..n} and α is the self-adaptive residual ratio to balance the
fine-tuned knowledge and the original CLIP’s knowledge. Specifically, the first
term adaptively learns knowledge from the new dataset, while the second term
preserves the original knowledge from CLIP.
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Then we adopt Eq. (3) with the new f∗ to get the class probability vector and
predict the category. During fine-tuning, the weights of the trainable layers are
optimized through the symmetric contrastive loss used in CLIP [26]. The prompt
can be “this is a photo of []”, where “[]” is filled with the class name. We can
incorporate pathological descriptions into the prompt to provide more domain
information, e.g., “this is a pathological breast photo of []”.

Hidden Representation Perturbation (HRP). Fine-tuning a pre-trained
language-vision model on a small dataset can lead to potential issues such as
overfitting or representation collapse [45]. To mitigate these issues, we propose
Hidden Representation Perturbation (HRP) that is strategically integrated with
the trainable layers. To balance the model’s complexity and efficiency, we adopt a
“four-layer” architecture with HRP, steering clear of deeper architectures to ensure
a controlled number of trainable parameters. This precaution is crucial as an
excess of trainable parameters may exacerbate overfitting, especially in scenarios
characterized by limited resources, where only a sparse dataset is available for
the new task [52].

To alleviate the overfitting issue in low-resource settings, we focus on adding noise
during the training process, a widely-used NLP strategy for large language models
to smoothen the optimization landscape. For example, NoisyTune [35] adds the
perturbations to the pre-trained weights to improve the model’s generalization.
Inspired by these NLP strategies [19, 35, 45], we propose to add random noise
to the feature f before trainable adapting layers fine-tuning it. The random
noise can be Gaussian noise ε generated from N(0, σ2). After this, the perturbed
feature f is converted into f̂ = f + ε. Therefore, Eq. (4) is converted into:

f∗i = (1 − αi)L(f̂i) + αifi. (5)

Therefore, the residual feature will be perturbed with the Gaussian noise for the
refinement, designed to alleviate the overfitting issue.

3.3 Self-adaptive residual ratio

In Section 3.2, we introduce residual feature refinement and the residual ratio
α. α helps modify the degree of preserving the original knowledge for better
performance. Empirically, α should be small if the domain gap between the
source data and the downstream task is enormous, so more knowledge from the
downstream task (L(f)) can be considered. However, if α is too small, the model
can be overfitting as it will heavily rely on the fine-tuned features and disregard
the pre-trained knowledge from CLIP. On the other hand, the model can also
be underfitting if α is too large, as it may prevent learning from the fine-tuned
features. Therefore, it is crucial to quantify the residual ratio α so the model can
be well-trained instead of underfitting or overfitting.

Recent works such as Tip-Adapter [51] and CLIP-Adapter [9] involve feature
refinement while they set such ratio as a fixed hyper-parameter that needs to be
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tuned during the training process. We argue the residual ratio should be dynamic
and self-adaptive during training instead of fixed, as the learning status changes
along the training process. Hence, we propose a self-adaptive residual ratio in
Path-CLIP.

DVC: Dual-view Vision Contrastive. Inspired by self-supervised learning
(e.g., SimCLR [4]), the composition of data augmentations is relevant to define
effective predictive tasks. Therefore, we propose Dual-view Vision Contrastive
(DVC) to measure the model’s learning status. Given an image x, we leverage two
types of augmentations: “weak” and “strong” [28]. “weak” refers to the standard flip-
and-shift augmentation strategy while “strong” refers to perturb the appearance
(RandAugment [5] and CTAugment [2]). We propose to measure the distance
between representations from both augmentations, e.g., cosine similarity has
shown good performance in both visual contrastive [4] and textual contrastive [3]
tasks.

With the input x, we will get w(x) from the weak augmentation and s(x) from the
strong augmentation. We obtain F (w(x)) and F (s(x)) after the vision encoder
F . We define the distance as τ :

τ =
1

N

N

∑
i=1

cos(F (w(xi)), F (s(xi))), (6)

where N is the number of samples in the training set, and cos is a cosine
similarity. The model’s learning status is relevant to its consistency across different
perturbations. We traverse the entire training set and calculate its mean value to
represent the model’s performance.

Bound constraints. In addition to DVC which measures the predictive con-
sistency of the model, we also select “accuracy” on the training set as a second
metric to measure the learning status, denoted as T . Empirically, “accuracy”
alone cannot fully tell if the model is well-fitted: 100% of accuracy may indicate
overfitting, which is the biggest challenge when we adapt a large model to a
downstream task where the training set is very small. However, “accuracy” is a
good metric to show if the model is underfitting. Therefore, we propose to fuse
DVC and “accuracy” to represent the model’s status during training.

If we look at α and set it fixed, we can find the model is prone to overfit if α is
too small as it will heavily rely on the fine-tuned knowledge; the model tends to
underfit if α is too large as it prevents the model from learning new knowledge
(directly use the original pre-trained knowledge). Therefore, we propose a dynamic
way with lower and upper bounds to obtain α during training:

α =min(max(τ, T ),1 − τ). (7)

The bounds are associated with predictive consistency (DVC) and predictive
accuracy on the training set. For example, if the model is overfitting, T will be
large, and τ will be relatively small. Then α will be smaller in the next epoch
to use less fine-tuned features. Therefore, our proposed bound constraints can
effectively adjust α to alleviate the overfitting issue.
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Fig. 3: Doublet Multimodal Contrastive Loss (DMCL) that utilizes the traditional
image-text pair and the proposed image-image pair with weak/strong augmentation
criteria.

3.4 Path-CLIP: End-to-end adaptation of CLIP to pathology tasks

To efficiently adapt CLIP to pathology image tasks, we propose RFR with a
self-adaptive residual ratio to balance the original and fine-tuned knowledge
based on the learning status. To alleviate the overfitting issue, we incorporate
HRP and design bound constraints for the residual ratio. Besides these, to distill
more visual representations from the new image domain, we add a contrastive
loss to the loss function so that the trainable portion has a better classifying
ability. We follow SimCLR [4] to define the Contrastive Loss (CL) for one image
in the batch as:

lci =

⎧⎪⎪⎪⎪⎪
⎨
⎪⎪⎪⎪⎪⎩

− log exp(sim(vi,vi+B)/γ)
∑2B

k≠i exp(sim(vi,vk)/γ)
, if i < B,

− log exp(sim(vi,vB−i)/γ)
∑2B

k≠i exp(sim(vi,vk)/γ)
, otherwise.

(8)

Differing from SimCLR [4] and RepRec [38], as shown in Fig. 3, here we set image
i as the weakly augmented image and image i +B as the strongly augmented
image instead of two randomly augmented images as the positive pair. We named
this loss as LSWAPP. SWAPP here refers to Strong-Weak Augmented Positive
Pair. Finally, the total loss for fine-tuning CLIP on our pathology datasets is as
follows:

Ltotal = LCLIP + LSWAPP.

LCLIP →
1

2B

B

∑
i=1
(lv→t

i + lt→v
i ) ,

LSWAPP →
1

2B

2B

∑
i=1

lci

(9)

We define this loss as Doublet Multimodal Contrastive Loss (DMCL)
because the items involve both intra-contrastive (image and text) and inter-
contrastive (image and image). The algorithm can be found in the Appendix.
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Table 2: Quantitative comparison on PCam. Precision, Recall, and F1-score refer to
the macro-averaged values from all classes

Learning Manner Labeled Ratio Algorithm Accuracy Precision Recall F1-score AUC

Supervised 100% - 92.8 ± 0.30 92.9 ± 0.20 92.6 ± 0.21 92.8 ± 0.20 0.95 ± 0.01

Supervised 0.5% - 45.1 ± 2.27 42.0 ± 2.14 33.6 ± 3.30 37.3 ± 2.86 0.51 ± 0.01
Self-supervised 0.5% SimCLR [4] 60.4 ± 1.45 63.3 ± 1.90 58.5 ± 2.01 60.8 ± 1.20 0.61 ± 0.04

Semi-supervised 0.5%

Pseudo-Label [20] 55.7 ± 2.05 59.2 ± 2.23 54.5 ± 1.97 56.8 ± 1.55 0.58 ± 0.03
FixMatch [28] 73.2 ± 0.76 77.5 ± 0.50 73.7 ± 0.25 75.6 ± 0.37 0.84 ± 0.04

Dash [37] 71.0 ± 0.98 75.3 ± 0.78 70.2 ± 0.45 72.7 ± 0.50 0.82 ± 0.02
FlexMatch [49] 74.0 ± 0.80 78.1 ± 1.15 73.0 ± 0.90 75.5 ± 0.84 0.85 ± 0.03

Multimodal CLIP

- Zero-shot [26] 56.5 ± 0.00 57.4 ± 0.00 50.3 ± 0.00 53.7 ± 0.00 0.60 ± 0.00

0.5%
CoOp [54] 63.6 ± 0.25 63.9 ± 0.42 62.5 ± 0.35 63.0 ± 0.29 0.67 ± 0.02

CLIP-Adapter [9] 72.3 ± 1.02 77.2 ± 0.95 63.2 ± 0.56 69.4 ± 0.84 0.81 ± 0.02
TIP-Adapter [51] 73.9 ± 0.50 70.5 ± 0.85 78.0 ± 0.49 74.0 ± 0.95 0.84 ± 0.02

Path-CLIP 81.9 ± 0.78 79.4 ± 0.35 85.0 ± 0.80 82.1 ± 0.95 0.89 ± 0.02

Supervised 1.5% - 62.8 ± 1.31 69.5 ± 0.67 54.1 ± 2.27 60.8 ± 1.68 0.63 ± 0.02
Self-supervised 1.5% SimCLR [4] 64.9 ± 1.02 65.2 ± 1.45 60.1 ± 1.70 62.5 ± 1.05 0.64 ± 0.03

Semi-supervised 1.5%

Pseudo-Label [20] 67.9 ± 1.85 70.5 ± 1.90 62.2 ± 1.76 66.1 ± 1.42 0.67 ± 0.04
FixMatch [28] 83.9 ± 1.29 85.1 ± 0.85 84.1 ± 0.95 84.6 ± 0.90 0.87 ± 0.01

Dash [37] 82.8 ± 1.09 83.0 ± 0.55 81.2 ± 0.60 82.1 ± 0.78 0.85 ± 0.03
FlexMatch [49] 84.1 ± 1.02 84.9 ± 0.75 84.4 ± 0.80 84.6 ± 0.75 0.86 ± 0.04

Multimodal CLIP 1.5%

CoOp [54] 61.5 ± 0.75 60.5 ± 1.03 65.6 ± 0.90 63.1 ± 0.85 0.65 ± 0.02
CLIP-Adapter [9] 74.1 ± 0.88 79.1 ± 0.34 65.4 ± 0.89 71.6 ± 1.02 0.82 ± 0.01
TIP-Adapter [51] 75.2 ± 0.94 72.3 ± 0.69 79.4 ± 0.86 75.7 ± 0.73 0.83 ± 0.02

Path-CLIP 83.1 ± 0.67 82.8 ± 0.95 82.0 ± 0.75 82.4 ± 0.46 0.91 ± 0.02

4 Experiments

Datasets. We select two classification datasets (PCam [31] and MHIST [34])
and a gigapixel grey/white matter segmentation dataset to evaluate Path-CLIP.
The details of these datasets can be found in Appendix.

Experimental setup. For a fair comparison, we use ResNet-50 [12] as the
backbone in the vision encoder f(⋅) and BERT [6] as the textual encoder. We
follow CLIP [26] to use gradient scaling to facilitate mixed-precision training. We
set the learning rate as 0.0001. The batch size is 32. We use Adam [16] as the
optimizer. To compare the computational complexity, we conduct all experiments
on a single GPU (Nvidia RTX 2080Ti).

Baselines. We first implement traditional supervised learning (SL) methods
with the entire dataset to explore the upper-bound performance for each task.
Then we reduce the data usage and investigate the performance change of these
SL methods. Then we compare Path-CLIP with original CLIP [26] and three
recent CLIP-based fine-tuning methods: CoOp [54], Tip-Adapter [51] and CLIP-
Adapter [9]. We compare them under the limited data scenarios to test their
ability to do downstream tasks when the new dataset is small. Besides that, we
also incorporate recent self-supervised learning (SimCLR [4]) and semi-supervised
learning (Pseudo-Label [20], FixMatch [28], Dash [37], and FlexMatch [49]). Semi-
supervised training requires a large amount of unlabeled data, which involves
data collection efforts [41–43].

4.1 Main results

Classification task: PCam [31] and MHIST [34]. The main results for two
classification benchmarks are summarized in Table 2 and Table 3. First, CLIP
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Table 3: Quantitative comparison on MHIST. Precision, Recall, and F1-score refer to
the macro-averaged values from all classes

Learning Manner Labeled Ratio Algorithm Accuracy Precision Recall F1-score AUC

Supervised 100% - 86.0 ± 0.36 84.8 ± 0.61 83.5 ± 0.55 84.1 ± 0.58 0.89 ± 0.01

Self-supervised 10% SimCLR [4] 63.2 ± 0.95 63.8 ± 1.20 62.2 ± 1.70 63.0 ± 0.85 0.66 ± 0.04

Semi-supervised 10%

Pseudo-Label [20] 65.4 ± 1.04 66.5 ± 0.98 65.9 ± 0.85 66.2 ± 1.42 0.75 ± 0.03
FixMatch [28] 70.5 ± 1.55 68.8 ± 2.76 69.5 ± 2.97 69.1 ± 2.86 0.79 ± 0.02

Dash [37] 70.2 ± 1.21 70.0 ± 0.85 71.3 ± 0.69 70.6 ± 1.48 0.81 ± 0.04
FlexMatch [49] 73.1 ± 0.84 74.6 ± 1.05 75.1 ± 0.90 74.8 ± 0.89 0.82 ± 0.03

Multimodal CLIP

Zero-shot [26] 36.9 ± 0.00 36.9 ± 0.00 100 ± 0.00 53.9 ± 0.00 0.50 ± 0.00

10%
CoOp [54] 68.9 ± 0.40 56.0 ± 0.65 72.8 ± 0.53 63.3 ± 0.86 0.76 ± 0.01

CLIP-Adapter [9] 65.9 ± 1.45 52.2 ± 1.23 87.2 ± 0.85 65.3 ± 0.95 0.77 ± 0.02
TIP-Adapter [51] 63.1 ± 0.78 49.9 ± 0.90 94.7 ± 1.02 65.4 ± 0.56 0.78 ± 0.03

Path-CLIP 74.8 ± 1.95 63.3 ± 1.40 75.6 ± 0.98 68.9 ± 1.50 0.84 ± 0.02

shows its promising zero-shot ability: when we directly test CLIP on PCam [31],
it can get 56.5% accuracy. Then, we compare Path-CLIP with other CLIP-based
fine-tuning methods. In PCam [31], we present 0.5% and 1.5% data usage in
the training set to fine-tune CLIP, respectively. We find all of these fine-tuning
algorithms [9, 51, 54] can improve the performance of the original CLIP with
the new data from the downstream task presented. Path-CLIP can outperform
them in both settings. Specifically, Path-CLIP outperforms TIP-Adapter [51]
with 8% and 7.9% accuracy when only 0.5% and 1.5% data are used, respectively.
Path-CLIP also shows similar improvement in MHIST [34] (Table 3). We also
implemented several semi-supervised learning where the rest of the data in the
training set are used as an unlabeled set. Although Path-CLIP does not use
unlabeled data, it can achieve competitive results with semi-supervised learning.

Besides these ratios of data usage, we also visualize the results by varying the
ratio to show the performance of each fine-tuning algorithm. As shown in Fig. 4,
CoOp [54] may not improve PCam when more data are used to fine-tune the
prompt. CoOp freezes the encoders and only fine-tunes the language prompt part,
while other algorithms also fine-tune the vision part. We conclude that visual
fine-tuning is more critical compared to prompt tuning.

(a) PCam (b) MHIST

Fig. 4: Comparison of different fine-tuning methods by varying data usage.



Path-CLIP: Efficiently Adapting CLIP for Pathology Image Analysis 13

Table 4: Performance comparison on GM/WM segmentation.

Data Usage Algorithm GM_IoU GM_DICE WM_IoU WM_DICE

100% (SL) FCN [1] 71.72 83.21 49.09 66.08
U-Net [25] 91.52 95.17 82.02 88.15

0.1% (SL) FCN [1] 48.25 25.01 24.54 30.02
U-Net [25] 46.13 50.10 5.75 12.23

0.1% (CLIP)

CoOp [54] 62.23 65.70 39.92 48.65
CLIP-Adapter [9] 67.80 74.32 43.25 54.61
TIP-Adapter [51] 69.92 75.50 46.23 56.60

Path-CLIP 78.05 83.70 54.50 63.23

1% (SL) FCN [1] 51.34 30.20 31.02 35.12
U-Net [25] 50.24 53.23 15.43 25.58

1% (CLIP)

CoOp [54] 63.45 64.12 37.85 45.34
CLIP-Adapter [9] 69.99 76.54 47.95 58.34
TIP-Adapter [51] 72.12 77.30 55.65 63.60

Path-CLIP 80.21 88.70 60.50 70.34

GM/WM segmentation [17]. Besides two classification tasks, we follow [17]
to generalize our method to a weakly-supervised segmentation problem. We select
IoU and DICE scores as the performance metrics. The results are summarized
in Table 4. We select FCN [1] and U-Net [25] as two SL baselines: we first train
them on all data (100%) in a supervised manner, then we reduce the dataset to
0.1% and 1% setting and train the model again. We can see both SL algorithms
face performance degradation when the training data is scarce. They require an
extensive and well-curated labeled dataset to get satisfactory results. We then
focus on fine-tuning CLIP algorithms. Table 4 shows Path-CLIP can achieve
superior results than other fine-tuning techniques.

4.2 Ablation studies

Importance of alleviating overfitting. Since the new task may have a very
limited training set, it is crucial to alleviate the potential overfitting issue. Besides
the RFR with the self-adaptive ratio, we also propose HRP, DVC, and DMCL
to cope with the overfitting issue. Table 5 summarizes the contribution of each
proposed module: HRP can improve with +2.2% accuracy and DVC can improve
with +4.3%. DMCL inspired by self-supervised learning can also aid in great
improvements. We conclude that contrastive learning, perturbations on data and
hidden representations are helpful to the overfitting issue.

Computational efficiency. When we range the data usage from 0.1% to 1%,
Path-CLIP can obtain +5.5% gain in accuracy while only introducing 1 minute
of additional training time. However, CoOp [54] has the overfitting issue and
obtains a lower score while using 53 minutes, almost five times compared to the
time used by RFR. The situation remains similar under the 10% of data usage.
We conclude our proposed RFR can get over 19% improvement on CLIP by only
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Table 5: Ablation study on PCam using 0.5% data for fine-tuning.

# RFC HRP DVC DMCL Accuracy F1-score AUC
1 ✗ ✗ ✗ ✗ 56.5 53.7 0.60
2 ✓ ✗ ✗ ✗ 72.0 70.5 0.69
3 ✓ ✓ ✗ ✗ 74.2 75.5 0.78
4 ✓ ✓ ✓ ✗ 78.5 79.3 0.84
5 ✓ ✓ ✓ ✓ 81.9 82.1 0.89

using 10 minutes for the fine-tuning on a single GPU, which is promising for
digital pathology research. The details can be found in Table 8 in the Appendix.

Generalization to pathology foundation model: PLIP [14]. The results of
using PLIP’s weights are in Appendix 3.6: PLIP is pre-trained on a large-scale
pathology dataset and achieves strong zero-shot performance. With our method,
we can further boost the performance and outperform other tuning methods.

5 Discussion

In this work, we explore the generalization of CLIP in pathology image analysis.
To alleviate the overfitting and forgetting issues when adapting CLIP to small
downstream datasets, we propose self-adaptive RFR with HRP. We propose Path-
CLIP with DMCL as an end-to-end pipeline for CLIP adaptation in pathology
tasks. The results reveal the superiority and effectiveness of Path-CLIP compared
to the existing fine-tuning methods. In addition, the less computational time
improves the efficiency and accessibility of Path-CLIP. Hence, we conclude Path-
CLIP is more robust and has the potential to bridge the domain shift between the
pre-trained natural images and pathology images in an efficient and cost-effective
manner.
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