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Abstract

Leveraging multiple partially labeled datasets to train a model for multiple retinal
disease screening reduces the reliance on fully annotated datasets, but remains challeng-
ing due to significant domain shifts across training datasets from various medical sites,
and the label absent issue for partial classes. To solve these challenges, we propose
PSScreen, a novel Partially Supervised multiple retinal disease Screening model. Our
PSScreen consists of two streams and one learns deterministic features and the other
learns probabilistic features via uncertainty injection. Then, we leverage the textual
guidance to decouple two types of features into disease-wise features and align them
via feature distillation to boost the domain generalization ability. Meanwhile, we em-
ploy pseudo label consistency between two streams to address the label absent issue
and introduce a self-distillation to transfer task-relevant semantics about known classes
from the deterministic to the probabilistic stream to further enhance the detection per-
formances. Experiments show that our PSScreen significantly enhances the detection
performances on six retinal diseases and the normal state averagely and achieves state-
of-the-art results on both in-domain and out-of-domain datasets. Codes are available at
https://github.com/boyiZheng99/PSScreen.

1 Introduction
Automated detection of retinal disease with fundus images is crucial for efficient and cost-
effective large-scale population screening. Fueled by the release of open-access datasets
summarized in Fig. 1(a) for specific retinal diseases such as DDR [18] for diabetic retinopa-
thy screening, REFUGE2 [9] for glaucoma screening, PALM [10] for myopia screening
etc., numerous works [4, 24, 32, 37] have been developed to train disease-specific screening
models on individual training datasets. Although these models are promising in screening
for specific diseases on images within specific domains, they are still far from real-world ap-
plications where screening for as many retinal diseases as possible on images from various or
even unseen domains is desired. Developing a screening model for multiple retinal diseases
with strong domain generalization ability is of great significance, yet remains challenging.

The most intuitive way is to train a disease screening model in a fully supervised way
with fully labeled training data as illustrated in Fig. 1(b). For example, TrustDetector [12]
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Open-access datasets Labels for retinal diseases and the normal state

names notations and 

distributions

normal diabetic 

retinopathy

glaucoma cataract age-related macular 

degeneration

hypertensive 

retinopathy

pathologic 

myopia

Kaggle-CAT 𝐷1 ~𝒫1 ✓ ？ ✓ ✓ ？ ？ ？

DDR 𝐷2 ~𝒫2 ？ ✓ ？ ？ ？ ？ ？

REFUGE2 𝐷3 ~𝒫3 ？ ？ ✓ ？ ？ ？ ？

ADAM 𝐷4 ~𝒫4 ？ ？ ？ ？ ✓ ？ ？

Kaggle-HR 𝐷5 ~𝒫5 ？ ？ ？ ？ ？ ✓ ？

PALM 𝐷6 ~𝒫6 ？ ？ ？ ？ ？ ？ ✓

ODIR 𝐷𝑓𝑢𝑙𝑙 ~𝒫𝑓𝑢𝑙𝑙 ✓ ✓ ✓ ✓ ✓ ✓ ✓
fully 

labelled

partially 

labelled

(a) Open-access datasets for retinal disease screening coming from various domains and following different distributions. 
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encoder

𝒙 ∈ 𝐷1 ∪ 𝐷2 ∪ ⋯
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classifier
encoder

partially labelled GT 𝐲
partial supervision

ො𝐲 prediction

scale of available training data: small

          data sources for training: single

           in-domain performance: good

     out-of-domain performance: poor

scale of available training data: large

          data sources for training: multiple

           in-domain performance: good

     out-of-domain performance: poor

scale of available training data: medium

          data sources for training: multiple

          in-domain performance: good

     out-of-domain performance: good

self supervision

(b) Fully supervised disease screening. (c) Self-supervised disease screening. (d) Partially supervised disease screening  (ours).

Figure 1: Exampled open-access datasets for retinal disease screening and screening model
comparisons under three learning paradigms. (a) lists open-access datasets where "✓" indi-
cates labels for diseases are available while "?" denotes labels are not available. From (b)
to (d), we illustrate the pipeline and characteristics of the fully supervised screening model
usually trained with a fully labeled dataset, the self-supervised screening model trained with
multiple datasets consisting of image-text pairs, and the partially supervised screening model
trained with multiple partially labeled datasets.

trains a screening model for three retinal diseases as the dataset collected only provides
labels for three diseases while the method in [17] trains the model on ODIR for multi-
ple retinal disease screening. Although they achieve promising performances, the size of
training data is limited and they assume that training and test images share the same dis-
tribution, which limits their generalization ability to out-of-domain data. The second way
is to collect and manually annotate a large-scale dataset e.g. Retina-1M [14], to enable the
fully supervised training. However, the annotation is labor-intensive and costly. More re-
cently, with the adaptability of foundation models such as FLAIR [31] and RET-CLIP [6]
which are trained with large-scale image-text pairs in a self-supervised learning way as illus-
trated in Figure 1(c), zero-shot learning for retinal disease screening is emerging. Although
large-scale fully annotated training data is not required, the performances for specific disease
screening is poor [35].

In this paper, we propose PSScreen, a Partially Supervised multiple retinal disease
Screening model. As illustrated in Fig. 1(d), our PSScreen trains a screening model with
multiple partially labeled datasets following different data distributions. Unlike previous
partially supervised learning methods for natural images [2, 3, 26, 27] and medical images
[34], where both training and testing data come from the same dataset without domain shift,
the partially supervised learning in this paper is more challenge due to (1) domain shifts
among training datasets collected from various medical sites, (2) the label absent issue for
partial classes. To address them, we propose a two-stream network: one learns deterministic
features and the other learns probabilistic features via uncertainty injection. Then, under the
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guidance of textual information, we decouple two types of features into disease-wise fea-
tures and align them via feature distillation so that the features learned are robust against
the domain shifts. Meanwhile, PSScreen addresses the label absent issue via pseudo label
consistency between two streams. Finally, we introduce a self-distillation to transfer task-
relevant semantics about known classes from the deterministic to the probabilistic stream to
further enhance the detection performances. Experiments show that PSScreen outperforms
state-of-the-art methods on in-domain and out-of-domain datasets.

To summarize, our contributions are as follows:

• We propose PSScreen, a multiple retinal disease screening method which trains the
disease screening model on a meta-dataset composed of multiple partially labeled
datasets following different distributions. To the best of our knowledge, we are the
first to train a partially supervised model for screening multiple retinal diseases using
multiple datasets from various medical sites.

• We propose a two-stream network that learns deterministic features and uncertainty-
injected probabilistic features and aligns them to boost the domain generalization abil-
ity at the feature level. Meanwhile, we introduce pseudo label consistency between
two streams to address the label absent issue and a self-distillation to transfer the
task-relevant semantics about known classes from the deterministic to the probabilis-
tic stream to further enhance the detection performances.

• We validate our PSScreen on the meta-dataset, and demonstrate that our PSScreen
achieves state-of-the-art performances. More importantly, validation on six unseen
datasets further shows that PSScreen achieves superior domain generalization capa-
bility over previous methods.

2 Proposed Method

Problem Formulation. We suppose that (1) there is a meta-dataset D = {D1,D2, . . . ,DK}
consisting of K partially labeled datasets which are collected from various medical sites and
follow different distributions, (2) each dataset Dk = {(xi,yi)}Nk

i=1 with Nk samples where xi is
the i-th sample and yi ∈ {1,0,−1}T is the label for T retinal diseases and yi,t = 0 indicating
that the t-th disease label is unknown, while yi,t = 1/−1 indicating the t-th disease label is
positive/negative. For simplicity, we use the vector δi = 1{1,−1}(yi) to indicate whether the
label for diseases is known or unknown, where 1(·) is an indicator function. Our goal is to
train a multi-label disease screening model on D, which can predict risks for T diseases and
well generalize to out-of-domain test data.

Overview. Fig. 2 illustrates the overview of PSScreen. PSScreen is a two-stream network
composed of six key modules: 1) Deterministic feature learning which outputs determinis-
tic feature maps to preserve task-relevant semantics, 2) Probabilistic feature learning via
attaching Domain Shifts with Uncertainty (DSU) block [19] at each stage of the backbone
to produce probabilistic feature maps, 3) Text-guided semantic decoupling which decouples
global feature maps from the two streams into disease-wise features respectively, 4) Feature
distillation which aligns deterministic and probabilistic disease-wise features in the latent
space to boost the domain generalization ability, 5) Self-distillation which transfers task-
relevant semantics about known classes from the deterministic to the probabilistic stream to
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Figure 2: The framework of PSScreen. (a) illustrates the training pipeline of PSScreen.
With training images, deterministic features and probabilistic features are extracted by the
encoding blocks and domain shifts with uncertainty (DSU) blocks, then decoupled by the
text-guided semantic decoupling module, finally fed to the disease classifier for multi-disease
risk prediction. Feature distillation L f -dist , self-distillation for known classes Lknown

s-dist , pseudo
label consistency for unknown classes Lunknown

con , and cross entropy loss for known classes
Lknown

CE are applied for model optimization. (b) and (c) illustrate details for DSU and text-
guided semantic decoupling block.

enhance detection performances, and 6) Pseudo label consistency which addresses the label
absent issue.

Deterministic Feature Learning. We adopt either a L-stage CNN or vision transformer
as the backbone to learn deterministic features from each batch of input images and obtain
deterministic feature maps {F(l)

1 , · · · ,F(l)
B } where l ∈ [1, · · · ,L]. As deterministic feature

maps preserve task-relevant semantics without uncertainty injection, the classification loss
for known classes is imposed on predictions derived from them.

Probabilistic Feature Learning via Domain Shifts with Uncertainty (DSU) Block.
We estimate the uncertainty via attaching a DSU block [19] into each stage of the backbone
and produce probabilistic features to enhance the generalization ability across diverse or even
unseen domains. As shown in Fig. 2(b), probabilistic feature maps {Ḟ(l−1)

1 , · · · , Ḟ(l−1)
B } from

the (l−1)-th stage are first fed into the l-th encoding block, yielding ε l(Ḟ(l−1)
1 ), · · · ,ε l(Ḟ(l−1)

B ).
Then, we calculate channel-wise means {µb}B

b=1 and variances {σb}B
b=1, and model µb

and σb as centers of two independent Gaussian distributions. Their respective scopes, i.e.,
the uncertainty for the mean σµ and uncertainty for the variance σσ , are estimated non-
parametrically which are variances of {µb}B

b=1 and {σb}B
b=1 respectively. Finally, we ran-

domly sample the mean and variance from these distributions and scale the instance normal-
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ized features with the sampled variance and shift them with the sampled mean to obtain the
probabilistic feature maps {Ḟ(l)

1 , · · · , Ḟ(l)
B } where l ∈ [1, · · · ,L].

Text-guided Semantic Decoupling. To focus on disease-specific semantic regions,
we introduce a text-guided semantic decoupling module inspired by [1]. As illustrated in
Fig 2(c), we use BioClinicalBERT1 to encode multiple expert knowledge descriptions of
each disease from [31] and average them to obtain the disease-wise text embeddings {dt}T

t=1.
For the visual features F(L)

b with spatial size H ×W , we first reshape them into {Fb,i}H×W
i=1 ,

then calculate the attention score αt,i between each visual feature Fb,i and text feature dt via:

αt,i =
exp

(
v⊤att tanh

(
WF

attFb,i ⊙Wd
attdt

))
∑

H×W
j=1 exp

((
v⊤att tanh

(
WF

attFb, j ⊙Wd
attdt

))) , (1)

where ⊙ denotes the Hadamard product, and WF
att , Wd

att , and vatt are learnable weights.
Finally, we obtain the text-guided disease-wise features via:

fb,t =
H×W

∑
i=1

αt,i ·Fb,i . (2)

Feature Distillation. To align feature distributions, we minimize the maximum mean
discrepancies (MMD) loss [23] which measures the discrepancy between two distributions
by comparing their means in a reproducing kernel Hilbert space H. Specifically, we min-
imize the MMD loss between the text-guided semantic decoupled features from the two-
streams:

L f -dist(fb,t , ḟb,t) =
1
T

T

∑
t=1

∥∥φ(fb,t)−φ(ḟb,t)
∥∥2
H , (3)

where φ(·) denotes the kernel mapping function. In practice, we use a Gaussian kernel to
compute the MMD loss. This class-specific alignment ensures that probabilistic disease-
wise features closely align with their deterministic counterparts while preserving essential
class-specific discriminative information. By aligning the two-stream features, the learned
features help the model boost the domain generalization ability.

Classification Loss for Known Classes. We follow [7] and use the partial binary cross
entropy loss as the classification loss for known classes:

Lknown
CE (yknown

b , ŷknown
b ) =− 1

∥δb∥1

T

∑
t=1

(
1{1}(yb,t) log(ŷb,t)+1{−1}(yb,t) log(1− ŷb,t)

)
, (4)

where ŷb,t is the prediction corresponding to the deterministic disease-wise feature for t-th
disease of the b-th image in current batch, and yb,t is the ground-truth label.

Self-distillation. To supervise the probabilistic feature learning, we introduce self-
distillation to transfer the task-relevant semantics from the deterministic to the probabilistic
stream via aligning the two-stream network’s output distributions of the known classes. To
this end, we minimize the KL divergence loss between the final classification predictions of
the two streams for known classes:

Lknown
s-dist

(
ŷknown

b , ȳknown
b

)
= KL

(
ŷknown

b ||ȳknown
b

)
=− 1

||δb||1

T

∑
t=1

δb,t · ŷb,t · log
ȳb,t

ŷb,t
, (5)

1https://huggingface.co/emilyalsentzer/Bio_ClinicalBERT
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where ȳb,t is the prediction corresponding to the probabilistic disease-wise feature for t-th
disease of the b-th image in current batch.

Pseudo Label Consistency. We further enforce the consistency between the pseudo
labels derived from the probabilistic features for unknown classes and those derived from
deterministic features. In detail, we adopt confidence-based “hard” pseudo labels and sam-
ples with predictions greater than a threshold τ are treated as positive and those below 1− τ

are treated as negative. With them, the pseudo label consistency loss can be expressed as:

Lunknown
con (ŷunknown

b , ȳunknown
b )

=− 1
T −||δb||1

T

∑
t=1

(
1−δb,t

)
·
(
1(ŷb,t>τ) log(ȳb,t)+1(ŷb,t<1−τ) log(1− ȳb,t)

)
. (6)

To ensure that the generated pseudo labels for unknown classes are sufficiently accurate, τ

is set as 0.95 in our experiment.
Total Loss. The total loss function is :

L= Lknown
CE +λ1L f -dist +λ2Lknown

s-dist +λ3Lunknown
con , (7)

where λ1 and λ2 are set to 0.05 and 1 respectively, in order to ensure that the different loss
components are on a comparable scale. λ3 is used to control the contribution of the pseudo
label loss during training. It is set to 0 for the first 5 epochs and updated to 0.6 starting from
the 6-th epoch.

3 Experiment

3.1 Experimental Settings
Datasets. We construct two combined datasets using multiple partially labeled open-access
datasets: (1) meta-dataset, constituting of six datasets, i.e., DDR [18], ADAM [8], PALM
[10], Kaggle-CAT2, Kaggle-HR3 and REFUGE2 [9], and (2) unseen-dataset constituting
of four datasets i.e., APTOS2019 4, ORIGAlight [38], HPMI [13], and RFMiD [25]. The
meta-dataset covers all diseases of interest, including diabetic retinopathy (DR), glaucoma,
cataract, age-related macular degeneration (AMD), hypertensive retinopathy (HR), patho-
logic myopia (PM), and the normal state. It is utilized for both training and in-domain
validation. The unseen-dataset is used for out-of-domain validation. Besides, the test set
of ODIR dataset [17] is also used for out-of-domain validation. To further evaluate the
model’s domain generalization ability, we follow [31] and use ODIR200×3 to validate the
performances under the setting of zero-shot inference. ODIR200×3 is a 600-image sub-
set containing three diseases, i.e., the normal state, cataract, and pathologic myopia and
with 200 images in each category. More details about the meta-dataset, unseen-dataset and
ODIR200x3 can be found in Supplementary A.

Evaluation Metrics. F-score and quadratic weighted kappa (QWK) are adopted fol-
lowing [17, 37]. For evaluation across multiple tasks and datasets, we compute the average

2https://www.kaggle.com/datasets/jr2ngb/cataractdataset
3https://www.kaggle.com/datasets/harshwardhanfartale/

hypertension-and-hypertensive-retinopathy-dataset
4https://www.kaggle.com/competitions/aptos2019-blindness-detection/data
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Methods Source Meta Unseen ODIR FPS GFLOPs #param (M)
mF mQWK mF mQWK mF mQWK

Full supervise – – – – – 69.8±0.2 52.6±0.7 – – –
MultiNets – 82.7±0.7 73.0±1.4 62.4±1.2 44.8±2.3 56.4±1.4 26.1±2.1 47.7 5240 837.4
MultiHeads – 83.6±0.7 75.0±1.3 62.4±1.5 44.2±2.0 56.7±0.6 27.7±0.4 382.6 650 105.3
SST [2] AAAI22 83.4±1.4 74.7±2.8 63.2±0.9 46.7±1.8 55.6±1.7 26.2±2.5 357.9 670 122.9
SARB [26] AAAI22 84.0±0.9 75.7±1.8 60.5±1.0 40.3±1.2 61.4±0.9 33.8±1.6 361.6 670 112.7
BoostLU [15] CVPR23 80.3±0.5 69.5±1.1 44.5±0.8 18.0±0.6 50.6±1.0 17.5±2.1 140.5 650 162.2
HST [3] IJCV24 83.4±0.4 74.7±0.8 62.3±1.7 44.8±3.8 56.0±0.8 27.5±0.8 357.9 670 123.0
CALDNR [27] TMM24 82.0±1.1 72.8±2.2 47.6±3.1 19.0±6.7 52.1±0.6 19.1±0.8 138.4 660 120.9
PSScreen (ours) – 84.2±0.3 76.8±0.8 65.9±0.1 50.9±0.1 64.1±1.0 39.8±1.3 373.1 660 116.8

Table 1: Performance comparison of different partially supervised learning methods on three
datasets. The best and second-best are highlighted in bold and with an underline. Means and
standard deviations are reported over three trails. Results for each disease can be found in
Supplementary B.

F-score as:

mF =
T

∑
t=1

K(t)

∑
k=1

1
T

1
K(t)

F(t)
k , (8)

where T is the number of tasks and K(t) is the number of datasets per task. Mean QWK
(mQWK) is calculated similarly.

Implementation Details. We crop the field of view from each fundus image, then pad
the short side with zeros to equal length with the long side and resize it to 512×512. For
augmentation, we apply random scaling with a scale factor uniformly sampled from [0.8,1.2]
with a probability of 0.5, followed by padding or cropping to maintain the input size. We
then apply the augmentation strategies from [29], excluding Cutout. Following [2, 3, 26, 27],
we adopt ResNet-101 [11] pretrained on ImageNet [5] as the backbone, with other model
parameters initialized randomly. Training uses the ADAM optimizer [16] with a batch size
of 16, weight decay of 5×10-4, and an initial learning rate of 1×10-5 reduced by a factor of
10 every 10 epochs. PSScreen is trained with 20 epochs in total, and is implemented with
PyTorch on one NVIDIA A100 GPU with 40 GB RAM.

3.2 Results

Comparison with Partially Supervised Learning Methods. We compare our PSScreen
with two baseline approaches, MultiNets and MultiHeads, as well as five state-of-the-art
(SOTA) methods: SST [2], SARB [26], HST [3], BoostLU [15], and CALDNR [27]. Multi-
Nets trains multiple task-specific models for each task and combines all prediction results
during testing. MultiHeads consists of a backbone network and a classifier, which outputs
prediction probabilities for all classes.

We report performances in Table 1, and observe that on the meta-dataset (1) our PSS-
creen achieves the best, (2) our PSScreen outperforms the second-best SARB [26] by 0.2%
in mF and 1.1% in mQWK. Notably, results on two out-of-domain datasets, i.e., unseen
and ODIR [17] show that PSScreen gains significant improvements compared to other meth-
ods. In detail, on the unseen-dataset, our PSScreen outperforms the second-best SST [2] by
2.7% in mF and 4.2% in mQWK. On the ODIR [17], PSScreen outperforms the second-best
SARB [26] by 2.7% in mF and 6.0% in mQWK. For reference, we also report the per-
formances on the ODIR [17] by the fully supervised model as an upper bound. SOTAs in
Table 1 perform poorly on the two out-of-domain datasets as they assume that training and
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Figure 3: (a) Performance comparison of zero-shot inference with foundation models on the
ODIR200x3 dataset. (b) Visualization of heatmaps generated by MultiHeads and PSScreen
for three retinal diseases: age-related macular degeneration (AMD), glaucoma, and patho-
logic myopia (PM).

test images follow the same distribution. Additionally, we compare model efficiency and
report Frames Per Second (FPS), Giga Floating Point Operations (GFLOPs), and number of
parameters (#param). It can be observed that the FPS of PSScreen is only slightly lower than
that of MultiHeads, indicating comparable inference efficiency. Meanwhile, compared to
SOTAs, PSScreen significantly improves prediction accuracy without introducing additional
computational or parameter overhead.

Comparison of Zero-shot Inference with Foundation Models. We further compare the
zero-shot performances of our PSScreen and three latest foundation models, i.e., CLIP [28],
BiomedCLIP [36], and FLAIR [31] on ODIR200×3. Following FLAIR, we adopt ACA [39]
as the evaluation metric and report ACAs in Fig. 3(a). As shown, foundation models perform
suboptimally in zero-shot retinal disease screening. CLIP [28] and BiomedCLIP [36] strug-
gle to detect retinal diseases, while FLAIR [31] fails to generalize well to unseen diseases
due to the complex pathological structures of retinal diseases. Our PSScreen achieves the
best performance on ODIR200×3, outperforming FLAIR by 18.7%.

Visualization. We use GradCAM [30] to obtain heatmaps from the last convolutional
layer of MultiHeads and PSScreen. As shown in Fig. 3(b), MultiHeads often fails to lo-
calize lesions, instead attending to domain-specific background. In contrast, our PSScreen
consistently highlights lesion areas. For example, as shown in the first column, PSScreen
accurately localizes AMD-related hemorrhage; in the second column, it identifies exudates
critical for AMD diagnosis. For glaucoma, PSScreen consistently attends to the optic disc
and cup, and for PM, PSScreen localizes retinal atrophy regions strongly correlated with the
disease.

3.3 Ablation Study

How L f -dist , Lknown
s-dist and Lunknown

con Contribute? There are three key loss terms, i.e., L f -dist
in Eq. 3, Lknown

s-dist in Eq. 5 and Lunknown
con in Eq. 6. To validate their effectiveness, we con-

duct ablation experiments and report the performance in Table 2. Removing the three loss
items, PSScreen degrades into MultiHeads equiped with the text-guided semantic decou-
pling, which achieves inferior performance to PSScreen obviously. With L f -dist and Lknown

s-dist
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L f -dist Lknown
s-dist Lunknown

con Meta Unseen ODIR
mF mQWK mF mQWK mF mQWK

83.5±0.2 75.0±0.4 63.0±0.8 45.4±1.3 57.0±0.6 28.0±1.0

✓ 83.4±0.7 75.3±0.2 63.4±0.1 46.7±0.9 58.0±0.4 29.6±0.5

✓ 83.4±0.2 75.8±0.4 64.0±0.3 47.5±0.7 57.5±1.0 28.7±1.5

✓ 83.3±0.7 75.5±1.1 61.8±1.1 44.1±2.1 61.7±0.9 34.8±1.6

✓ ✓ 83.8±0.2 76.4±0.6 65.2±0.3 49.5±0.7 63.5±0.8 38.0±1.5

✓ ✓ ✓ 84.2±0.3 76.8±0.8 65.9±0.1 50.9±0.1 64.1±1.0 39.8±1.3

Table 2: The ablation study on the key loss terms of PSScreen.

λ1 λ2 λ3 Meta Unseen ODIR
0.1 1.0 0.6 76.1±0.6 50.1±0.2 39.4±0.7

0.05 1.0 0.6 76.8±0.8 50.9±0.1 39.8±1.3

0.025 1.0 0.6 76.7±0.1 49.4±0.6 39.7±1.0

0.05 0.5 0.6 76.2±0.3 50.0±0.6 38.6±0.9

0.05 1.0 0.6 76.8±0.8 50.9±0.1 39.8±1.3

0.05 2.0 0.6 75.9±0.4 48.2±1.3 38.7±0.5

0.05 1.0 0.4 76.5±1.3 48.7±1.2 38.9±1.0

0.05 1.0 0.6 76.8±0.8 50.9±0.1 39.8±1.3

0.05 1.0 0.8 76.6±0.5 50.5±1.4 38.8±0.4

(a) mQWK under different loss weight settings.

Methods Meta Unseen ODIR
ResNet-101 [11] 75.0±1.3 44.2±2.0 27.7±0.4

+PSScreen 76.8±0.8 50.9±0.1 39.8±1.3

ConvNeXt-T [22] 75.0±0.7 48.2±1.2 25.4±2.3

+PSScreen 76.6±0.2 49.6±2.1 37.0±1.5

ConvNeXt V2-T [33] 76.3±0.7 48.6±1.2 28.9±1.3

+PSScreen 77.0±0.2 49.1±0.5 38.3±1.0

Swin-T [21] 75.8±0.8 49.5±0.7 25.4±0.3

+PSScreen 79.3±0.7 50.8±0.6 35.5±0.9

VMamba-T [20] 76.3±1.0 47.2±0.5 27.0±0.4

+PSScreen 78.0±0.7 49.8±1.7 36.9±1.8

(b) Performances with different backbones.
Table 3: (a) mQWK under different settings of λ1, λ2, and λ3. (b) mQWK by MultiHeads and
PSScreen with different backbones. Results in terms of mF can be found in Supplementary
C.1.

separately, in-domain performances and domain generalization are improved. On the con-
trary, Lunknown

con alone leads to the performance degradation which is possibly caused by the
loss of task-relevant semantics in probabilistic feature maps. Combining Lknown

s-dist and Lunknown
con

improves the model’s performance. Integrating all loss terms achieves the best results, with
mQWK improvements of 5.5% and 11.8% on the unseen and ODIR datasets, respectively,
compared to the degraded variant without the three loss terms, validating the effectiveness
of PSScreen.

Influences of Loss Weights λ1, λ2, and λ3. We vary λ1, λ2, and λ3, and report mQWK
in Table 3(a), which shows that λ1 = 0.05, λ2 = 1.0, and λ3 = 0.6 perform the best perfor-
mances. The performances on mF can be found in Supplementary C.1.

Compatibility with Different Backbones. To further validate the compatibility of our
PSScreen, we report mQWK of PSScreen with different backbones including ConvNeXt-T
[22], ConvNeXt V2-T [33], Swin-T [21], and VMamba-T [20] and compare them with the
naive ones, i.e., MultiHeads with various backbones in Table 3(b). The results demonstrate
that our PSScreen consistently improves the performances across all three datasets with dif-
ferent backbones. The performances on mF can be found in Supplementary C.2.

4 Conclusion and Future Work
In this paper, we propose PSScreen, a multiple retinal disease screening model trained on
multiple partially labeled datasets following different distributions. PSScreen is a two-stream
network and one streams learns deterministic features and the other learns probabilistic fea-
tures via DSU blocks. The features are then decoupled by the text-guided semantic de-
coupling modules to facilitate multiple disease detection. To enforce the probabilistic fea-
ture learning stream to learn task-relevant semantics, feature distillation and self-distillation
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are employed to transfer task-relevant semantics from the deterministic to the probabilistic
stream. Meanwhile, pseudo label consistency is imposed to address label absent issue. Ex-
tensive experiments on both fully and partially labeled datasets demonstrate that PSScreen
achieves state-of-the-art performance across multiple in-domain and out-of-domain datasets.

PSScreen has a lightweight architecture and fast inference speed, making it well-suited
for integration into clinical workflows. However, challenges remain in translating screening
models from bench to bedside. For example, ophthalmic imaging modalities are diverse,
whereas our current focus is limited to fundus images. To enhance clinical applicability,
incorporating additional modalities for screening a broader range of retinal diseases is desir-
able in the future. Even though GradCAM-based visualizations for model’s interpretability
are provided, a structured evaluation involving clinicians is lacking. Moreover, how to con-
duct clinician-in-the-loop assessments to verify the model’s interpretability remains still an
open question and merits further investigation.
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