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Abstract. Semi-supervised federated learning (SSFL) has emerged as
a promising approach for medical image segmentation, enabling col-
laborative learning across institutions using both limited labeled and
abundant unlabeled data without sharing sensitive patient information.
However, existing methods utilize publicly available labeled data merely
as a generic training pool for knowledge transfer, failing to exploit the
fine-grained semantic information embedded in individual public sam-
ples that could directly inform the segmentation of unlabeled local data.
To overcome this limitation, we propose a Retrieved Reference-guided
Semi-Supervised Federated segmentation framework (R2S2Fed) that
explicitly leverages public labeled data as contextual references rather
than a generic knowledge source. During local training, our method dy-
namically retrieves semantically relevant public references for each unla-
beled local sample based on feature similarity, and leverages their repre-
sentations to generate query-specific segmentation parameters through a
dynamic segmentation head. This provides explicit supervision for unla-
beled local data, enabling each client to perform adaptive segmentation
tailored to its local data characteristics. Extensive experiments demon-
strate that our proposed method consistently outperforms existing SSFL
approaches in both IID and Non-IID settings. The code will be made
publicly available upon publication.

Keywords: Semi-supervised federated learning · Medical image seg-
mentation · Retrieval.

1 Introduction

Although federated learning (FL) [10,11,12,21,22,27] addresses privacy concerns
by enabling decentralized training without sharing data, it does not resolve the
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annotation burden yet. Expert labeling in medical imaging requires specialized
knowledge that is both costly and time-consuming, leaving the majority of clin-
ical data unlabeled across institutions [9,19]. Thus, semi-supervised federated
learning (SSFL) [5] has emerged as a promising solution to tackle this challenge
by exploiting both labeled and unlabeled data during collaborative training.
SSFL paradigms are generally categorized based on the distribution of labeled
and unlabeled data into two settings: (1) labels-for-private, where each client
holds both labeled and unlabeled data [7,14,15,16,24], and (2) labels-for-public,
where labels reside exclusively in a publicly available dataset at the server, while
clients maintain only private unlabeled data [13,20,26]. In this study, we specif-
ically focus on the labels-for-public setting, which presents a highly practical
scenario with the increasing availability of public medical datasets.

Under this setting, recent studies have focused on transferring knowledge
from the public dataset to decentralized clients through model-driven approaches
such as pseudo-labeling and parameter alignment. For example, SemiFL [5] per-
forms supervised learning on the global server while local clients learn from un-
labeled data via pseudo-labels. Building on this, (FL)2 [13] and BSemiFL [26]
improve pseudo-label reliability through client-specific confidence thresholding
and adaptive global-local model integration, respectively. Ma et al. [20] address
model homogeneity and heterogeneity in SSFL via LSSL and HSSF by incorpo-
rating a self-assessment module for prediction confidence estimation. However,
these methods inevitably compress public data into generalized model param-
eters or predictions, losing the fine-grained semantic information of individual
samples that could otherwise directly inform local segmentation.

In this paper, we propose a novel Retrieved Reference-guided Semi-Supervised
Federated segmentation framework (R2S2Fed), explicitly leveraging the se-
mantic representations of references retrieved from public data. Our key insight
is that public data contains semantically similar data for local client data, which
can provide fine-grained guidance for accurate predictions. Unlike previous meth-
ods that utilize public data solely as a source of global knowledge, R2S2Fed
retrieves relevant references for each local data and employ a dynamic weight
generator that produces query-specific weights, enabling focused learning on the
most relevant semantics and handling data heterogeneity across clients.

The main contributions of this work are as follows:

1. We propose a retrieved reference-guided semi-supervised federated segmenta-
tion framework that utilizes publicly available labeled data as query-conditioned
references rather than a source of global knowledge transfer, enabling sample-
level adaptive inference for each client.

2. Within this framework, we introduce a query-adaptive retrieval that retrieves
relevant references to condition a dynamic parameter generator, producing
query-specific segmentation parameters for each client data.

3. Through extensive experiments on independent and identically distributed
(IID) and non-IID medical image benchmarks, we demonstrate that R2S2Fed
significantly outperforms the state-of-the-art semi-supervised federated learn-
ing methods.
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Fig. 1: Illustration of the local training structure of R2S2Fed framework. For each
client’s unlabeled image, references are retrieved from a public labeled dataset
via feature similarity and used to guide prediction through a dynamic weight
generator. Unsupervised consistency loss is applied across two augmented views
of the unlabeled image, while supervised loss is imposed on augmented views
of the retrieved reference images. Aggregation is performed at a global server
following the federated learning protocol.

2 Method

2.1 Problem settings

The goal of SSFL is to collaboratively optimize a global model leveraging both
labeled public data and unlabeled local client data without directly sharing local
client data. Thus, we assume that the existence of a publicly available dataset
DP is accessible to both the global server and all local clients, and a local client
dataset DL is privately held by each local client L. DP comprises NP pairs of an
image xP

i and a segmentation mask yPi . DL consists of unlabeled images without
corresponding segmentation masks.

2.2 Reference-Guided Dynamic Segmentation Framework

Our framework is inspired by the hypernetwork-based framework [18,29] that
utilizes semantic information of the target to facilitate task-agnostic segmen-
tation. Building on this, we propose a reference-guided dynamic segmentation
framework that leverages semantic representations from references to adaptively
segment the query image, as illustrated in Fig. 1. Given an unlabeled client image
xQ ∈ DL, the model takes a set of K relevant references R = {(xR

i , y
R
i )}Ki=1 ⊂

DP . Both xQ and R are projected into a shared latent space through an encoder
ϕ, yielding feature representations fQ = ϕ(xQ) and fR

i = ϕ(xR
i ). The foreground

and background features FR = [Ff ; Fb] ∈ R2×C are obtained by performing
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masked average pooling on each fR
i with its annotation yRi and subsequently

averaging the results across all K references, yielding Ff and Fb ∈ R1×C . To
align the reference semantics with the query feature, FR and fQ ∈ RBHW×C

are processed through a cross-attention module i.e., FR is used as the query
and fQ as the key and value in the attention module. This enables the model to
selectively extract query-relevant semantics from the references. The resulting
representation ω ∈ R2×C directly defines the parameters of the dynamically gen-
erated segmentation head, where the foreground channel serves as convolutional
weight and the background channel is averaged into a scalar bias. The query
feature fQ is then decoded and passed through the segmentation head to pro-
duce the final mask for xQ. This allows each client to perform query-adaptive
segmentation, effectively leveraging semantics in references beyond knowledge
transferring.

Query-Adaptive Retrieval. The effectiveness of the proposed framework de-
pends on selecting references that provide guidance for each query. To this end,
we introduce a query-adaptive retrieval (QAR) to dynamically construct R by
selecting semantically relevant representations from DP .

Static or randomly sampled references [28,29] fail to consider the semantic
evolution of query features or domain shifts that may occur throughout training.
Consequently, the progressively updated encoder can become misaligned with
reference representations selected without considering the current feature space,
leading to degraded semantic correspondence over time.

To mitigate this issue, QAR dynamically retrieves query-relevant references
based on the evolving query features to promote continuous semantic alignment
during training. Specifically, at every T communication rounds, we recompute
feature embeddings for the query and all public data DP = {(xP

j , y
P
j )}

NP
i=1 using

the encoder at tth communication rounds parameterized by θt i.e., fQ
t = ϕθt(x

Q)
and fP

j,t = ϕθt(x
P
j ). To find the references, we compute the L2 distance between

fQ
t and fP

j,t and perform Top-K retrieval. The corresponding images and masks
from these indices constitute the references R, providing query-relevant semantic
context. This strategy ensures that the retrieved references remain semantically
aligned with the query, promoting robustness to client heterogeneity and consis-
tent segmentation guidance.

Training Strategy During local client training, we employ FixMatch [25],
which combines supervised learning on the references with consistency regular-
ization on unlabeled client data.

For the retrieved R, we apply strong augmentation on the data and predict
the foreground regions using the original images as corresponding references. The
supervised loss on references is defined as: Lsup = LCE(ŷ

R, yR) + LIoU(ŷ
R, yR).

For consistency regularization, pseudo-labels ỹQ are generated from weakly
augmented predictions and filtered by a confidence threshold τ . The unsuper-
vised loss Lunsup is computed as a combination of cross-entropy and Dice loss
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over pixels exceeding τ . The total loss is defined as Ltotal = Lsup + λLunsup,
where λ balances the supervised and unsupervised terms.

After local training, client models are aggregated at the server using Fe-
dAvg [22]. Following aggregation, the server performs additional training on the
public dataset DP to further stabilize the global model as commonly practiced in
SSFL [5,26]. To enhance robustness and ensure diverse reference exposure, ref-
erence images are randomly selected rather than retrieved based on similarity.
The updated model is then transferred to clients for the next round.

3 Experimental Settings

Datasets and Evaluation Metrics We evaluate R2S2Fed on two medical
image segmentation tasks: polyp segmentation and skin lesion segmentation. To
assess performance under different data heterogeneity conditions, we conduct
experiments in both IID and non-IID settings. We use Dice coefficient (Dice)
and Intersection over Union (IoU) to report the results. For the IID setting, we
use ISIC2018 [3] dataset for skin lesion segmentation. We randomly partition
the 2,694 training images into five groups consisting of a public dataset with 100
images and four clients with 200, 400, 800, and the remaining images, followed by
[20]. For the non-IID setting, we use four polyp segmentation datasets. We assign
CVC-ColonDB [2] with 380 images as the public dataset and CVC-ClinicDB [1]
with 612 images, NeoPolyp [23] with 1,000 images, and Kvasir [8] with 1,000
images to three clients. In both settings, each client’s data is partitioned into
80% for training and 20% for testing. All images are resized to 380× 380.

Implementation Details. We follow the encoder-decoder architecture follow-
ing [20] and ResNet34 [6] is employed as the encoder backbone. For data aug-
mentation, we adopt the weak augmentation strategy from [20,25] consisting
of random horizontal flip and small random crops, and a strong augmentation
including Randaugment [4] with color jittering, rotation, affine transformations.
To focus the model on reference semantics, masks are randomly reversed during
training. Pretraining is conducted for initial 20 epochs on the public dataset
DP at the global server, as in [20], followed by 180 rounds of federated train-
ing where each client performs one local epoch per communication round. The
threshold τ starts at 0.5 and is increased by 0.05 per communication round, up
to a maximum of 0.9. All models are optimized using AdamW optimizer [17] with
a learning rate of 1×10−4 and weight decay of 0.02. We use K = 4 references for
each query and retrieves for every T = 10 communication rounds. The balance
weight λ for the unsupervised loss is set to 1.0.

Comparison Methods. We compare R2S2Fed with five semi-supervised fed-
erated learning methods: SemiFL [5], LSSL [20], (FL)2 [13] and BSemiFL [26]
with homogeneous models and HSSF [20] with heterogeneous models. For fair
comparison, all methods are trained with the same data splits, augmentation
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Table 1: Segmentation results (Dice/IoU) on ISIC and poly segmentation
datasets.
Dataset Client SemiFL LSSL HSSF (FL)2 BSemiFL R2S2Fed

II
D

IS
IC

# 1 86.52/79.38 76.43/64.11 85.48/77.69 85.98/78.20 84.70/77.61 86.34/78.90
# 2 83.33/74.44 75.72/64.59 83.16/74.57 82.85/74.41 83.32/75.24 84.14/75.56
# 3 83.19/75.71 76.97/65.54 82.29/73.87 85.17/77.03 80.94/73.53 85.47/77.53
# 4 81.61/72.78 76.10/63.75 80.28/70.77 84.83/75.87 82.64/74.02 85.07/76.29
Avg. 83.66/75.58 76.30/64.50 82.80/74.34 84.71/76.38 82.90/75.10 85.26/77.07

N
on

-I
ID

P
ol

yp

# 1 60.81/52.58 62.50/50.14 58.99/48.64 66.32/57.48 61.13/51.89 75.71/66.80
# 2 54.97/46.27 54.03/43.17 53.94/45.08 47.63/39.67 52.45/44.51 62.54/53.54
# 3 50.89/41.17 62.44/50.19 53.59/43.59 49.22/39.29 40.65/32.67 63.21/51.96
Avg. 55.56/46.68 59.66/47.83 55.51/45.77 54.39/45.48 51.41/43.02 67.15/57.43

strategies, and communication rounds. Homogeneous models use ResNet34 as
the encoder. For HSSF with heterogeneous models, we employ two ResNet18
and one or two ResNet34 encoders for clients, and ResNet101 for the global
server.

4 Experimental Results

SSFL on homogeneous datasets. To evaluate R2S2Fed in homogeneous set-
ting, we compare the performance on the ISIC2018 [3], where all clients share
the same data distribution. As shown in upper rows of Table 1, R2S2Fed out-
performs all other methods with the highest average performance of 85.26%
Dice and 77.07% IoU score, achieving the best performance on three out of four
clients and remaining competitive on the client 1. In contrast, SemiFL, HSSF
and BSemiFL exhibit performance drops on certain clients. This confirms that
dynamically retrieving and leveraging relevant references enhance the robustness
of segmentation performance across clients.

SSFL on heterogeneous datasets. We further investigate the effectiveness
of R2S2Fed in heterogeneous setting by comparing performance on the polyp
segmentation datasets, which built from four institutions. As shown in the lower
rows of Table 1, we observe a similar tendency with IID settings i.e., achieving
the best performance across all clients. Existing SSFL methods struggle under
data heterogeneity, showing substantial performance degradation compared to
IID results. In particular BSemiFL achieves only 51.41% Dice score, the low-
est among all comparison methods, indicating that Bayesian weighting alone
is insufficient to handle severe domain shift. SemiFL, which shows competitive
performance on homogeneous setting, fails to capture heterogeneous data dis-
tributions across clients due to its reliance on a global model for pseudo-label
generation. HSSF underscores LSSL by 4.15% despite using a larger ResNet101
encoder, suggesting that distilling knowledge from domain-mismatched public
data becomes ineffective regardless of model capacity. LSSL achieves the second
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Fig. 2: Qualitative comparison of segmentation results under heterogeneous (rows
1–3) and homogeneous (row 4) settings. Columns from left to right: input image,
ground truth (GT), and predictions of the proposed and comparison methods.

best average performance, yet still falls short in front of R2S2Fed by 7.49% in
Dice and 9.60% in IoU. This demonstrates that our retrieved reference-guided
segmentation framework effectively handles severe data heterogeneity by select-
ing relevant references tailored to each client’s data.

Qualitative comparison. Figure 2 shows comparative qualitative results from
both IID and non-IID settings. Each row displays an input image, ground truth
mask and predictions from different methods. The first three rows each client’s
results in non-IID setting, while the last row presents results from the IID setting
on the ISIC dataset. While comparison methods fail to accurately identify lesion
or produce complete segmentation masks, R2S2Fed consistently achieves better
segmentation on both datasets. It demonstrates that our reference-guided seg-
mentation framework successfully utilizes semantically similar references, leading
to more robust predictions across diverse data distributions.

Ablation Study for QAR. We first examine the impact of the number of
retrieved references by varying K from 1 to 8. As shown in Table 2a, K between
2 and 4 achieves superior performance across both datasets, though the optimal
value varies depending on dataset characteristics. For the ISIC dataset, where
client and public images share the same domain distribution, retrieval quality
remains stable up to K = 4, allowing more reference images to contribute pos-
itively to performance. In contrast, the substantial domain gap in the polyp
dataset limits semantically relevant retrievals. As shown in Figure 3, while ISIC
retrievals exhibit consistent appearance across all four references, only one or
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Table 2: Ablation study of the QAR. All results are presented as Dice score (%)

(a) Effect of the retrieval size

K 1 2 4 8
ISIC 83.67 85.18 85.26 84.60
Poly 68.68 68.09 67.15 62.45

(b) Impact of retrieval on train and test

Train
Test
Avg 62.42 62.43 67.13 67.15

P
o

ly
p

IS
IC

Client Data Reference #1 Reference #2 Reference #3 Reference #4 Client Data Reference #1 Reference #2 Reference #3 Reference #4

Fig. 3: Visualization of top-4 retrieved public images with overlaid labels for
representative client queries from ISIC (top) and Polyp (bottom) datasets.

two retrieved images show meaningful similarity to the client data in the polyp
dataset. Nevertheless, R2S2Fed on polyp achieves its best performance at K = 1,
demonstrating that our method can extract meaningful guidance from a single
highly relevant image under large domain shifts. Notably, both datasets exhibit
performance degradation at K = 8, suggesting that beyond a certain threshold,
less relevant samples are included in the reference set, diluting its overall quality.

We further investigate the role of retrieval by comparing four settings where
retrieval is applied or omitted at each of the training and inference phases. As
shown in Table 2b, when random references are used during training, perfor-
mance degrades by approximately 5% regardless of whether retrieval at infer-
ence. In contrast, the performance gain from applying retrieval at inference is
relatively marginal compared to the gain from retrieval at training when rele-
vant references are used. These results demonstrate that semantically relevant
references during training play a critical role in guiding the dynamic parame-
ter generation, enabling the model to consistently learn query-relevant semantic
representations throughout the training process.

5 Conclusion

In this paper, we proposed a retrieved reference-guided framework for semi-
supervised federated learning in a setting where only public data are labeled
while client data remain unlabeled. The proposed Query-Adaptive Retrieval
(QAR) dynamically selects semantically relevant public references for each client’s
query and leverages them to generate query-specific segmentation weights, en-
abling instance-level adaptation. This design facilitates semantic alignment be-
tween public and client data, enhancing learning stability on unlabeled data.
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Extensive experiments in both IID and non-IID settings demonstrate consis-
tent performance improvements over existing semi-supervised federated learning
methods. Future work will focus on exploring more scalable retrieval strategies
and extending this framework to other medical image analysis tasks.
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