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Abstract. Adapting general-purpose CLIP to medical imaging is often
done by continued pre-training on in-domain unlabeled data. However,
self-supervised re-pretraining can distort or overwrite the useful knowl-
edge encoded in the original CLIP, leading to representation drift and
degraded transfer to downstream tasks. We propose CiLLA, a knowledge-
preserving framework for in-domain CLIP adaptation on fundus im-
ages. CiLA leverages ophthalmic prior knowledge by pre-defining a set
of clinically meaningful fundus attributes and obtaining attribute-related
pseudo labels from the original CLIP. During self-supervised learning, the
adapted model is trained not only with standard contrastive or masked-
image objectives, but also to (i) predict the predefined attributes and
(ii) maintain consistency with the original CLIP predictions, thereby an-
choring training to the desired semantics and mitigating catastrophic
forgetting. Since general-purpose CLIP predictions can exhibit dataset-
specific bias in medical domains, we further introduce a Dynamic Debias
Module that adaptively calibrates pseudo labels to reduce biased guid-
ance during adaptation. CiLA is plug-and-play and can be integrated
with multiple self-supervised paradigms. Experiments on diverse retinal
datasets and architectures demonstrate that CiL A consistently improves
downstream fundus classification performance over direct in-domain self-
supervised re-pretraining and prior adaptation baselines. The source code
is available online.
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1 Introduction

Self-supervised learning (SSL) [12,4,5,15,14,32] has become a key approach for
medical image analysis, where large-scale expert annotations are expensive and
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often unavailable. By learning transferable representations from unlabeled data
and then fine-tuning on limited labels, SSL has shown strong potential in retinal
fundus imaging [2,3,16,21] for downstream tasks such as disease classification.
Despite their success on natural images, these generic objectives can be subopti-
mal for fundus images, because they primarily emphasize global appearance and
augmentation invariances rather than clinically meaningful evidence [16].

In parallel, vision-language models such as Contrastive Language-Image Pre-
training (CLIP) [27] provide a complementary capability: they associate images
with text, enabling zero-shot, text-guided recognition without task-specific train-
ing. CLIP has been explored for medical imaging via prompting, pseudo-labeling
[19,23,25] or concept-injection [22]. However, directly applying a general-purpose
CLIP to fundus disease classification can be unreliable when the diagnostic differ-
ences are fine-grained and require lesion-level evidence [33]. A common strategy
to improve domain suitability is to adapt CLIP by re-pretraining (or contin-
uing pre-training) on in-domain fundus data using SSL. Yet, this adaptation
introduces a critical risk: self-supervised re-pretraining can drift away from the
original CLIP knowledge, weakening the capabilities that are valuable for down-
stream tasks (i.e., representation drift during domain adaptation).

To address this issue, we propose CLIP-informed Lesion Attribute Learning
(CiLA), a knowledge-preserving framework for in-domain SSL adaptation. CiLA
is motivated by a simple principle: when adapting a general-purpose model with
SSL, we should anchor the training to the semantics we want to retain. Con-
cretely, leveraging prior ophthalmic knowledge, we pre-define a set of clinically
meaningful fundus attributes (e.g., lesion type, location, and severity-related
characteristics). We then query the original CLIP to obtain attribute-related
predictions that serve as pseudo labels. During SSL, CiLA asks the target en-
coder to (i) learn to predict these predefined attributes and (ii) maintain consis-
tency with the original CLIP outputs, thereby preserving useful CLIP knowledge
while adapting to the fundus domain. This design uses structured attribute su-
pervision as a bridge between generic visual pre-training and fine-grained clinical
evidence, while explicitly preventing destructive drift during SSL adaptation.

A remaining challenge is that general-purpose CLIP predictions can be biased
or miscalibrated on medical datasets, potentially providing skewed pseudo-label
guidance. If such biased pseudo labels are used as anchors, they may constrain
adaptation in undesirable directions. Therefore, CiLLA further introduces a Dy-
namic Debiasing Module (DDM) to mitigate bias in pseudo-label assignments by
dynamically calibrating and balancing pseudo-label distributions during training
[31]. Importantly, CiLA is designed as a plug-and-play component that can be
integrated into diverse SSL paradigms, including SimCLR [4], MoCo [5], MAE
[14], and fundus-specific SSL such as SSiT [16]. We evaluate CiLA by incorporat-
ing it into multiple SSL frameworks and fine-tuning on various fundus datasets
for classification. Results demonstrate that CiLA consistently improves down-
stream performance, yielding an average quadratic kappa improvement of up to
4.73% across five retinal datasets.



CiLA: CLIP-informed Lesion Attribute Learning 3

Attribute Predictions

Lesion Attributes

This is a fundus image +
[attribute description]

10818)
10301paid

19O
ss01
posiniadns-jos

Lesion types:

without lesion

Self-supervised Learning Objective
Substitutable

Attribute
Prototypes

with lesions of ill-defined edges and ...

with small white or yellowish ...

Debiased Logit with small red dots lesions

Attribute
Prediction Loss

with dense, dark red and sharply ...

Lesion amounts:

18poouz 1xeL dI10

Dynamic

Debiasing Module without lesion

with a few lesions

with several lesions

1apoougy
ag8ew)
dino
-
.

with numerous lesions

Pseudo-label Assignment Logits

Fig.1: The proposed CiLA framework.

The primary contributions of this work are: (1) We introduce CiLA, a
knowledge-preserving in-domain adaptation framework that anchors SSL re-
pretraining with CLIP-informed, attribute-specific pseudo labels and explicitly
maintains consistency with the original CLIP predictions; (2) We propose a Dy-
namic Debiasing Module (DDM) to mitigate bias in CLIP pseudo labels,
enabling more reliable guidance during adaptation; (3) We show that CiLA is
plug-and-play across multiple SSL paradigms and conduct extensive experi-
ments on five retinal datasets, where CiLA consistently enhances downstream
classification performance over strong SSL baselines.

2 Method

2.1 CLIP-informed Lesion Attribute Learning

CiLA is designed for knowledge-preserving in-domain adaptation of CLIP with
SSL. When re-pretraining on unlabeled fundus images, standard SSL objectives
may drive the representation toward generic invariances and domain statistics,
potentially causing drift from the semantics encoded in the original CLIP. CiLA
mitigates this issue by introducing an attribute-anchored supervision signal de-
rived from (i) ophthalmic prior knowledge and (ii) the predictions of the original
CLIP. Instead of using CLIP to pseudo-label disease grades, which are often
subtle and unreliable for a general-purpose model [33], CiLA focuses on lesion
attributes described in a structured and fine-grained manner. Such attribute de-
scriptions provide a more explicit bridge between fundus pathology and text,
enabling CLIP to produce more meaningful guidance. For example, rather than
using a coarse label like “hard exudate”, we use a descriptive prompt such as
“a fundus image with small white or yellowish lesions with sharp margins” [20],
which better reflects the visual evidence required in retinal diagnosis.
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Attribute set and CLIP pseudo labels. As illustrated in Fig. 1, we first pre-define
an attribute set A = {A;1,..., Ay}, where each attribute A; has C; categorical
states with corresponding textual descriptions {¢; 1, ..., ¢, }. For instance, the
lesion type attribute can include five categories: no lesion, hard exudate, soft
exudate, hemorrhage, and microaneurysm [20]. Given a pre-trained CLIP [27]
with a frozen image encoder E; and text encoder Er, we encode each description
into an attribute prototype:

Pi={pi1,...,pic;}. pij=FEr(ti;) €RP, (1)

where D is the embedding dimension. For an unlabeled fundus image I, CLIP
extracts the image embedding z = E7(I) € RP and computes the probability
(logit-normalized similarity) that I belongs to the j-th category of attribute A;:

. exp(sim(z,pi;)) 5
;j = =G, ; ) (2)
> ke exp(sim(z, pik))

where sim(-) denotes cosine similarity. The pseudo label for attribute A; is then
assigned as ¢t = argmaxj € [Cl-}aij, indicating the index of the most confident
class, and is subsequently converted into a one-hot target vector g; ;.

Attribute prediction as an anchor during SSL adaptation. Let M denote the
target encoder being adapted with SSL, and F be an attribute predictor im-
plemented by a linear projector. For the same image I, we compute the target
representation 7 = F(M(I)) € RP and train the model to predict the CLIP-
informed attribute pseudo labels via:

N C; .
Lattr = — Z Z ¥i,j log aij' (3)

i=1 j=1

This objective provides structured, clinically grounded supervision while ex-
plicitly anchoring the adapted model to the semantic behavior of the original
CLIP. The overall training objective combines the employed SSL loss (contrastive
[4,5,15] or reconstruction-based [14,32]) with the attribute-anchoring loss:

L= L:ssl + A Eattra (4)

where A\ balances SSL adaptation and CLIP-informed attribute preservation. In
this way, CiLA turns in-domain SSL re-pretraining into a guided adaptation
process: the model learns from unlabeled fundus images while maintaining the
clinically relevant semantics encoded in the original CLIP, yielding representa-
tions that transfer more reliably to downstream retinal diagnosis tasks.

2.2 Dynamic Debiasing Module

CiLA relies on pseudo labels produced by the original CLIP to anchor SSL
adaptation. However, CLIP zero-shot predictions are known to be intrinsically
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biased: due to inter-class similarity and prompt-induced priors, CLIP tends to
over-assign certain categories, leading to persistent label imbalance even when
the underlying data distribution is not extremely skewed [31]. When such biased
pseudo labels are used as supervision, the bias is amplified in two ways: (i) the
target model is trained to imitate the biased assignments, and (ii) the anchoring
signal may over-constrain the representation toward majority categories, hurt-
ing minority attributes that are often clinically important (e.g., rare lesions).
Since pseudo labels serve as anchors to preserve CLIP knowledge, they must be
calibrated to avoid anchoring the model to biased semantics.

A probabilistic view. For each attribute A; with categories {1,...,C;}, CLIP
assigns pseudo-label probabilities by a softmax over similarities,

. exp(sim(z, p;i,;)) (5)
1,7 C; . ?
T YL exp(sim(z, pi k)

which can be interpreted as a log-linear model with logits ¢; ; = sim(z, p; ;). If
CLIP exhibits an implicit class prior (or preference) m; ; for category j (caused
by training data bias, prompt bias, and intrinsic prototype similarity), then the
predicted distribution can be viewed as proportional to:

peLip(y =J | 2, Ai) o< exp(l; ;) mi ;. (6)

In this view, bias corresponds to a non-uniform prior 7; ; that systematically
increases the probability of certain categories, independent of the actual evidence
in z. A natural correction is to estimate this prior and divide it out in the
logit space, analogous to prior-adjusted (balanced) softmax and debiased pseudo
labeling [31]. This motivates subtracting log m; ; from the logits.

Estimating bias via running assignment statistics. Since the true prior m; ; is
unknown, we estimate it online using CLIP’s assignment statistics. For a mini-
batch {I,}Z |, let 2z, = E;(I;) be CLIP image embeddings and a;’ be the
corresponding assignment probabilities for attribute A;. We compute the batch-

wise mean assignment
B

1 2
Sij = J > ai, (7)
b=1

and maintain an exponential moving average (EMA) to obtain a stable estimate
of the assignment tendency:

gi,j — agi,j + (]. — Oé)Siﬁj, [OAS (O, 1], (8)

where 3, ; is initialized uniformly (or as zeros and warmed up), and « controls
the temporal smoothing. We interpret 5;; as an online estimator of CLIP’s
implicit prior m; ; for attribute A; (up to a proportionality constant), capturing
systematic over-/under-assignment [31].



6 Y. Huang et al.

Prior-corrected (debiased) assignment. We then form a debiased pseudo-label
distribution by subtracting a scaled log-prior term from the logits:

l; ; = sim(z,p; ;) — Blog(s;; +¢), 9)

where 8 > 0 controls the strength of debiasing and € is a small constant for
numerical stability. The debiased assignment probability is
e explliy) _ exp(sim(z,pi)) (5 +e) "
1, A ~ B . ~ _n"
TN e(lie) XL exp(sim(z, pik)) (8 + €) 77

Eq. (10) makes the mechanism explicit: categories that CLIP over-predicts (large
3; ;) are down-weighted by (3; )7, while under-predicted categories are rel-
atively up-weighted. The pseudo label for attribute A; is then obtained as
i = argmax;e(c,) a7 ; (or using a7 ; directly as a soft target).

(10)

3 Experiments

3.1 Datasets

The EyePACS [10] dataset is used for pre-training in this work, comprising 88,702
fundus images with annotations removed. We evaluate the pre-trained models on
five retinal disease classification datasets: Messidor-2 [8] (DR), IChallenge-AMD
[11] (AMD), Retinal [26] (RD), ODIR5k [1] (ODIR), and MPOS [30], covering
over eight retinal diseases. For ODIR, we removed multi-label samples to align
with the evaluation setting. These datasets vary in complexity, with the number
of disease categories ranging from 2 to 8 and sample sizes between 400 and 6,392.
We use official dataset splits when available. Otherwise, we employ a random
partition of 70%/10%/20% for training, validation, and testing, respectively.

3.2 Experiment Setup

Pre-training setup. In all experiments, we adopt Vision Transformer [9] (ViT-
B) as the backbone model. A commonly used pre-trained CLIP model [28] with
a ViT-B backbone from OpenCLIP [17] is employed in CiLA, and the image
encoder of the pre-trained CLIP is used to initialize the target model across
all SSL methods for a fair comparison purpose. We implement SSL methods
using the Solo-Learn library [7]. All models are trained for 300 epochs with a
batch size of 512, except for MAE, which is pre-trained for 400 epochs following
the original paper’s recommendation [14] for improved performance. For CiLA-
specific settings, we pre-define lesion type, size, amount, and distribution in
the attribute set. Please refer to the released code for detailed descriptions of
each attribute. For hyper-parameters, we set A = 1, « = 0.999, and 8 = 1. All
other SSL hyper-parameters remain unchanged, whether with or without CiLA,
ensuring a controlled experimental setup.
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Table 1: Retinal disease classification performance using different SSL methods.
¥SSIiT is an SSL method specifically designed for fundus imaging.

Retinal datasets
DR AMD RD ODIR MPOS
Fine-tuning evaluation

Pre-training methods Average kA K

MoCo [5] 68.26 78.40 54.23 45.09 67.07 62.61 -
MoCo + CiLA 70.18 79.81 56.61 46.82 78.04 66.29 +3.68
SimCLR [4] 71.14 76.92 55.87 46.13 72.34 64.48 -
SimCLR + CiLL.A 73.48 78.76 60.11 51.61 80.43 68.88 14.40
MAE [14] 65.89 74.92 45.28 41.15 65.54 58.56 -
MAE + CiLA 67.53 80.47 52.09 41.88 74.48 63.29 +4.73
SSiTT [16] 71.97 76.72 56.35 45.15 77.67 65.57 -
SSiT! + CiLA 74.30 82.39 60.05 46.21 78.92 68.37 +2.80
Linear evaluation
MoCo [5] 57.95 69.49 31.82 37.40 67.27 52.79 -
MoCo + CiLA 60.23 70.33 37.12 39.67 T73.88 56.25 +3.46
SimCLR [4] 63.42 64.72 37.19 36.14 66.20 53.53 -
SimCLR + CiLA 66.81 65.50 43.29 38.54 74.81 57.79 +4.26
MAE [14] 19.97 36.98 2.83 27.02 10.91 19.54 -
MAE + CiLA 23.27 50.63 3.01 30.06 11.21 23.64 +4.10
SSiTt [16] 64.82 71.03 43.73 41.42 65.51 56.90 -
SSiT! + CiLA 65.81 72.65 44.46 43.11 66.25 58.46 +1.56

Evaluation setup. Following previous works [4,5], we adopt two common evalu-
ation protocols: fine-tuning evaluation and linear evaluation. In fine-tuning eval-
uation, the model used for the downstream task is initialized with the pre-trained
parameters and then fully trained under a supervised learning setup. In linear
evaluation, the training procedure remains the same, except that all parame-
ters of the pre-trained model are frozen, and only a linear classification head is
trained for the downstream task. Keeping in line with previous works [13,16],
we adopt quadratically weighted kappa score k [6] to evaluate the classification
performance. All downstream tasks are trained for 20 epochs with a batch size
of 16. To ensure reliability, grid search is performed on the learning rate and
weight decay, and we report the best performance for each pre-trained model.
All experiments are repeated five times, and the mean performance is reported.

3.3 CiLA Integration with Different SSL Methods

We evaluate CiLA as a plug-and-play knowledge-preserving adaptation module
by integrating it with representative SSL methods, including MoCo-v3, SimCLR,
MAE, and SSiT (a fundus-specific method). Table 1 reports downstream classi-
fication results on five retinal datasets under fine-tuning and linear evaluation.
In the fine-tuning evaluation, CiLA consistently improves performance across
all SSL methods. Integrating CiLLA with MoCo and SimCLR yields average kappa
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Table 2: Fine-tuning evaluation with  Table 3: Fine-tuning evaluation with

different components. different attribute compositions.
DD LAD DDM Average & Type Size Amount Distribution Avg. k
64.48 v v v 66.60
v 65.32 v v v 67.33
v v 65.91 v / v 67.53
v 67.58 v 7/ v 68.60
v v 68.88 v 7/ v v 68.88

gains of 3.68% and 4.40%, respectively, demonstrating that anchoring SSL adap-
tation with CLIP-informed attributes enhances contrastive pre-training. No-
tably, MAE integrated with CiLA achieves a 4.73% improvement, indicating
that CiLLA also benefits reconstruction-based SSL by preventing representation
drift during in-domain adaptation. For SSiT, which already incorporates fundus-
specific design, CiLA still provides a 2.80% average kappa increase, suggesting
that attribute-anchored guidance complements specialized SSL objectives. CiLA
also improves performance in the linear evaluation setting. Across all SSL meth-
ods, CiLA leads to consistent gains, with SimCLR+CiLA achieving the largest
improvement of 4.26%. For SSiT, CiLA adds a further 1.56% boost, implying
that the proposed attribute anchoring encourages more transferable and discrim-
inative representations even without end-to-end fine-tuning.

3.4 Ablation Study

Impact of components. We analyze CiLA components based on SimCLR.
Table 2 reports different configurations, where DD and LAD denote Disease De-
scription and Lesion Attribute Description, respectively. DD replaces attribute-
level descriptions with disease-level descriptions covering all diseases in the con-
sidered datasets. The baseline (SimCLR) achieves 64.48% average k. Using DD
yields only a modest gain (40.84%), indicating that coarse disease prompts
provide weak supervision. Adding DDM to DD further improves by +0.59%,
suggesting debiasing helps but cannot fully address noisy disease-level pseudo
labels. Replacing DD with LAD increases performance to 67.58%, confirming
that structured lesion attributes provide stronger guidance during adaptation.

Impact of attribute description. We further evaluate the contribution of
individual lesion attributes by removing specific attribute descriptions. We con-
sider four attributes (type, size, amount, and distribution) and report fine-tuning
results in Table 3. Removing lesion type causes the largest drop ( from 68.88% to
66.60%), highlighting its central role in providing diagnostic anchoring signals.
Removing distribution has the smallest effect, suggesting it is complementary
but less influential than type, size, or amount in our setting. Using all four
attributes yields the highest x (68.88%), indicating that combining diverse at-
tributes provides the most effective supervision.
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4 Conclusion

In this work, we proposed CLIP-informed Lesion Attribute Learning (CiLA),
a knowledge-preserving framework for in-domain self-supervised adaptation in
fundus imaging. CiLA mitigates representation drift in SSL re-pretraining by
anchoring training with CLIP-informed, attribute-specific pseudo labels derived
from clinically meaningful lesion attributes. To address bias in CLIP pseudo
labels [31], we introduced a Dynamic Debiasing Module that calibrates assign-
ments and provides more reliable guidance. CiLLA is plug-and-play across diverse
SSL paradigms and consistently improves downstream retinal disease classifica-
tion under both fine-tuning and linear evaluation on five datasets. Future work
will extend the evaluation of CiLA to newer vision-language models [29,24,18],
enabling a more comprehensive assessment of its generalization ability.
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