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Abstract. Federated learning enables collaborative fundus diagnosis
without centralizing sensitive data. However, non-IID data across clinical
clients, caused by differences in imaging devices, patient populations, and
acquisition protocols, often leads to inconsistent client updates and un-
stable aggregation. To address this issue, we propose Federated Gradient
Consensus Alignment (FedGCA), a gradient-level optimization frame-
work for heterogeneous federated diagnosis. FedGCA constructs Local
Gradient Basis Memory (LGBM) to capture dominant local gradient-
related directions and builds client-specific Cross-Client Gradient Con-
sensus Matrices (CGCMs) on the server to summarize cross-client opti-
mization trends. During local training, FedGCA uses directional consis-
tency to detect conflicting components and adaptively suppresses them
before aggregation. Experiments on five multi-source fundus datasets
show that FedGCA achieves the best average AUC and F1-score among
representative FL baselines. Ablation and convergence analyses further
validate the effectiveness of gradient consensus alignment under multi-
source data heterogeneity.

Keywords: Federated learning · Data heterogeneity · Gradient consen-
sus alignment · Model aggregation.

1 Introduction

Federated learning (FL) has emerged as a promising paradigm for collaborative
fundus diagnosis [18, 3, 5], enabling multiple clinical institutions to jointly train
a global model without sharing raw patient data. In real-world clinical applica-
tions, however, participating institutions often exhibit substantial multi-source
data heterogeneity due to differences in imaging devices, acquisition protocols,
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patient demographics, and disease prevalence [7, 22]. Such heterogeneity can lead
to conflicting local updates during global aggregation, thereby degrading the
convergence stability and diagnostic performance of the global model [12]. This
issue is commonly reflected in reduced accuracy, slower convergence, and limited
generalization across institutions.

Existing FL methods have attempted to address data heterogeneity through
regularization [2], contrastive learning [15], knowledge distillation [13, 21], or
adaptive aggregation strategies. Although these methods are effective to some
extent, they mainly operate on model parameters, feature representations, or
loss objectives, while the directional inconsistency among client gradients re-
mains underexplored. In heterogeneous fundus diagnosis scenarios, inconsistent
gradient directions may cause client updates to interfere with or cancel each other
out during aggregation [11], causing the aggregated update to deviate from the
desired global optimization direction. This not only slows down convergence but
also weakens the contribution of clients with minority disease distributions or
domain-specific imaging characteristics [22]. Explicitly addressing gradient con-
flicts is therefore essential for improving the stability and robustness of federated
diagnostic models [25].

Mitigating gradient conflicts in heterogeneous medical FL remains challeng-
ing. i) It is difficult to identify shared gradient directions that are consistent
with the global optimization objective while preserving client-specific diagnostic
information. ii) Conflicting gradients need to be coordinated adaptively during
training, since static constraints or history-independent adjustments may fail
to capture the evolving optimization dynamics across clients. iii) Severe hetero-
geneity may introduce biased local updates and unstable aggregation, requiring
an effective mechanism to balance global consistency with local adaptability.

To address these challenges, we propose Federated Gradient Consensus Align-
ment (FedGCA), a gradient-level optimization framework for heterogeneous fed-
erated fundus diagnosis. FedGCA introduces Local Gradient Basis Memory (LGBM)
to capture representative gradient directions during local training, and con-
structs a Cross-Client Gradient Consensus Matrix (CGCM) on the server to
summarize shared optimization directions across clients. During training, each
client compares its local gradient direction with the received CGCM using co-
sine similarity. When a conflict is detected, FedGCA suppresses the conflicting
component and retains the non-conflicting component for local model updating,
thereby reducing inter-client gradient interference and improving aggregation
stability. The main contributions of this work are summarized as follows:

– This paper proposes FedGCA, a gradient-level federated optimization frame-
work that mitigates inter-client gradient conflicts amid heterogeneity in multi-
source fundus data.

– This framework introduces Local Gradient Basis Memory and client-specific
Cross-Client Gradient Consensus Matrices to model local dominant direc-
tions and cross-client optimization trends.
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Fig. 1. Clients train diagnostic models locally and upload their layer-wise Local Gradi-
ent Basis Memories (LGBMs) to the server. (a) The server maintains the client memo-
ries Mi = {M l

i}Ll=1. (b) For each client, it constructs a layer-wise Cross-Client Gradient
Consensus Matrix (CGCM) from the LGBMs of the other clients, e.g., PA = {P l

A}Ll=1

from MB and MC . (c) Each client uses its received CGCM to identify directional
inconsistencies and adjust the corresponding layer-wise gradients.

– FedGCA is validated on five fundus datasets and achieves the best average
AUC and F1-score among representative FL baselines, while ablation studies
confirm the effectiveness of gradient consensus alignment.

2 Method

As shown in Fig. 1, FedGCA consists of local gradient basis memory construc-
tion, server-side cross-client consensus construction, and consistency-guided gra-
dient alignment. It aims to align local updates with cross-client optimization
directions while suppressing conflicting gradient components.

2.1 Problem Formulation

Let K denote the number of participating clients and t the communication-
round index. Client k owns a local dataset Dk = {(xk,s, yk,s)}nk

s=1 containing nk

training samples. Let wt ∈ Rp denote the global model parameters at round t,
and let Lk(w) denote the local objective of client k. Starting from wt, client k
performs a local update as

wt+1
k = wt − η∇wLk(w

t), (1)

where η is the local learning rate. The server aggregates the locally updated
models through sample-size-weighted averaging:

wt+1 =

K∑
k=1

nk∑K
j=1 nj

wt+1
k . (2)

Under heterogeneous client distributions, local gradients may contain inconsis-
tent or conflicting directions, making direct model averaging unstable. FedGCA
mitigates this issue by identifying and suppressing conflicting gradient compo-
nents before model aggregation.
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2.2 Local Gradient Basis Memory

The key idea of FedGCA is to characterize dominant client-specific gradient-
related directions for conflict-aware optimization. For layer l, let x(l) ∈ Rdl

denote its input representation, δ(l) ∈ Rcl the corresponding back-propagated
error, and W (l) ∈ Rcl×dl the weight matrix. The layer-wise gradient can be
expressed as

∂L
∂W (l)

= δ(l)(x(l))⊤. (3)

For convolutional layers, the corresponding tensors are reshaped into matrix
form when constructing the gradient-related subspace.

For client i, the representations from mi local samples at layer l are arranged
column-wise as Rl

i = [x
(l)
i,1, . . . , x

(l)
i,mi

] ∈ Rdl×mi . Its column space provides a
compact characterization of the corresponding gradient-related directions.

Each client constructs its Local Gradient Basis Memory (LGBM) locally by
applying singular value decomposition (SVD) to Rl

i:

Rl
i = U l

iΣ
l
i(V

l
i )

⊤, (4)

where U l
i contains the left singular vectors and Σl

i = diag(σl
i,1, . . . , σ

l
i,qli

) contains
the singular values, with qli = min(dl,mi).

The retained rank rli is selected according to the cumulative energy:

rli = min

r :

∑r
s=1(σ

l
i,s)

2∑qli
s=1(σ

l
i,s)

2
≥ ϵ

 , (5)

where ϵ ∈ (0, 1) is the shared energy-retention threshold. The layer-wise LGBM
is then defined as

M l
i = U l

i [:, 1 : rli], Mi = {M l
i}Ll=1, (6)

where M l
i ∈ Rdl×rli and L denotes the number of considered layers. The LGBM

therefore provides a compact representation of the dominant gradient-related
directions of each client.

2.3 Gradient Consensus Alignment

After constructing LGBMs, the server builds client-specific Cross-Client Gradi-
ent Consensus Matrices (CGCMs) by integrating the LGBMs of other clients.
Each client then uses the received CGCM to detect directional conflicts and
adjust local gradients before aggregation.

Cross-Client Gradient Consensus Matrix. For client Cj , the server con-
structs a layer-wise CGCM Pj = {Pl

j}Ll=1 exclusively from the LGBMs of the



Title Suppressed Due to Excessive Length 5

Table 1. Class distributions of the five fundus datasets.

Datasets AMD DR Glaucoma Myopia Normal Cataract
ISEE [14] 666 231 394 728 7770 -
ADAM [4] 89 - - - 311 -
Retina [10] - - 101 - 300 100
ODIR [1] 235 1462 228 237 3106 276

MuReD [20] 158 495 - 89 490 -

other clients. For each layer l, Pl
j is initialized as empty and sequentially up-

dated using M l
i from each client i ̸= j. To remove directions already represented

by the current consensus basis, we compute

M̃ l
i→j =

(
Idl

−Pl
j(P

l
j)

⊤)M l
i . (7)

SVD is then applied to M̃ l
i→j , and the smallest number of dominant singular

vectors whose cumulative energy reaches ϵ is retained. These non-redundant
directions are appended to the CGCM:

Pl
j =

[
Pl

j , Ũ
l
i→j [:, 1 : ali→j ]

]
, (8)

where ali→j denotes the number of newly retained directions. Repeating this
procedure over all i ̸= j yields the client-specific CGCM.

Consistency-Guided Gradient Alignment for Aggregation. After receiv-
ing its CGCM, each client evaluates the directional consistency between its local
gradient-related directions and the corresponding cross-client consensus direc-
tions layer by layer. Let Sl

i denote the layer-wise consistency score, computed
by cosine similarity between the corresponding local and cross-client gradient-
related directions. When Sl

i ≤ 0, the local update is regarded as conflicting with
the consensus subspace and its conflicting component is removed:

Ĝl
i =

{
Gl

i

(
Idl

−Pl
i(P

l
i)

⊤) , Sl
i ≤ 0,

Gl
i, Sl

i > 0,
(9)

where Gl
i denotes the reshaped gradient matrix of layer l and Idl

is the dl-
dimensional identity matrix. The adjusted gradient is restored to its original
tensor shape for local optimization, after which the updated client models are
aggregated according to Eq. 2.

3 Experiments

3.1 Datasets and Implementation Details

We evaluate FedGCA on five public fundus datasets, including ISEE [14], ADAM [4],
Retina [10], ODIR [1], and MuReD [20], treating each dataset as one client. The
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task is six-category multi-class classification with a shared global label space and
prediction head. A category absent from a client simply has no local samples,
while its label definition remains unchanged, resulting in heterogeneous class
distributions across clients.

All fundus images are resized to 224 × 224 and normalized before being
fed into the network. ResNet-18 [6] is adopted as the backbone for all com-
pared methods. The models are trained using SGD with a learning rate of 0.001
and a batch size of 32. Each communication round contains one local training
epoch, and the global model is trained for 150 rounds. The model with the best
validation performance is selected for testing. For FedGCA, the shared energy-
retention threshold ϵ is set to 0.95 for all clients and layers, retaining 95% of the
representation energy while keeping the gradient basis compact. All experiments
are implemented with PyTorch and conducted under the same training protocol
for fair comparison.

Table 2. Performance of global models on five fundus clients. Avg. denotes mean±std
across clients.

AUC
Model ISEE ADAM Retina ODIR MuReD Avg.

FedAvg [17] 67.22 54.32 75.00 69.68 55.49 64.34±8.10
FedProx [16] 69.21 59.55 66.67 68.73 49.90 62.81±7.32
FedDyn [2] 49.27 81.25 47.19 57.31 75.43 62.09±13.82

FedCGP [19] 66.19 65.45 83.33 69.86 66.02 70.17±6.76
FedNTD [13] 71.49 47.95 80.83 74.23 58.63 66.63±11.79

FPL [9] 68.35 61.82 87.50 65.88 76.10 71.93±9.07
FedDisco [24] 69.42 61.36 43.33 75.26 65.57 62.99±10.84
FedCross [8] 62.58 72.46 84.74 68.07 70.52 71.67±7.33
FedAS [23] 55.49 62.00 59.26 62.68 61.66 60.22±2.63
FedGCA 63.95 67.95 85.83 71.64 71.28 72.13±7.39

F1-score
Model ISEE ADAM Retina ODIR MuReD Avg.

FedAvg [17] 56.25 54.48 62.50 45.92 7.69 45.37±20.01
FedProx [16] 55.31 38.78 26.79 41.34 4.23 33.29±17.13
FedDyn [2] 15.12 65.89 17.03 28.94 56.81 36.76±20.83

FedCGP [19] 74.82 56.02 90.73 44.20 8.84 54.92±27.99
FedNTD [13] 72.00 56.02 82.24 42.80 6.60 51.93±26.37

FPL [9] 75.33 56.02 89.14 44.99 9.98 55.10±27.64
FedDisco [24] 75.84 56.02 90.73 44.64 8.22 55.09±28.37
FedCross [8] 72.64 76.56 51.49 45.04 33.58 55.86±16.39
FedAS [23] 70.79 64.29 47.08 40.27 20.96 48.68±17.74
FedGCA 74.57 68.85 89.14 50.76 41.54 64.97±16.96
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3.2 Comparison with State-of-the-art FL Methods

Table 2 reports the performance of different FL methods on multi-source fun-
dus image diagnosis. FedGCA achieves the best overall performance, with an
average AUC of 72.13±7.39 and an average F1-score of 64.97±16.96. Compared
with FedAvg, FedGCA substantially improves the average AUC and F1-score,
although the gain varies across clients.

Among the compared methods, FedProx and FedDyn alleviate client drift
through regularization-based mechanisms, but their improvements are limited
under severe cross-client distribution shifts. FedNTD and FPL improve perfor-
mance by introducing knowledge distillation or prototype-based learning, while
FedDisco and FedCross enhance aggregation under heterogeneous settings. How-
ever, these methods still show lower average F1-scores than FedGCA, suggesting
that gradient-level conflicts among clients may not be fully mitigated. In con-
trast, FedGCA directly aligns client update directions in the gradient space,
leading to more stable global aggregation and better diagnostic performance.

The advantage of FedGCA is particularly evident in F1-score. This suggests
that FedGCA is beneficial for heterogeneous and imbalanced fundus diagnosis
scenarios, where minority disease categories or smaller clients are more likely
to be affected by conflicting updates. By suppressing gradient components that
conflict with cross-client consensus directions, FedGCA better preserves useful
local diagnostic information while maintaining global optimization consistency.

3.3 Visualization and Convergence Analysis

To further investigate the diagnostic behavior of different methods, Figure 2
presents CAM visualizations on representative fundus images. Clinically, my-
opia and glaucoma are closely associated with abnormalities around the optic

Fig. 2. CAM visualizations of representative fundus images. Compared with baseline
methods, FedGCA produces more concentrated activation responses around clinically
relevant retinal regions.
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disc and surrounding retinal structures. Compared with FedAvg, FedProx, Fed-
Dyn, FedNTD, and FPL, FedGCA focuses more accurately on disease-related
regions and produces more concentrated activation responses around clinically
meaningful areas. This indicates that gradient consensus alignment helps global
model learn more discriminative and disease-relevant representations from het-
erogeneous clients.

Figure 3 shows the AUC curves of FedAvg, FedNTD, and FedGCA during
training on fundus datasets. FedAvg exhibits large fluctuations across different
clients, suggesting that simple parameter averaging is sensitive to cross-client
heterogeneity. FedNTD improves the stability to some extent, but its curves still
show noticeable performance gaps among clients. In contrast, FedGCA achieves
smoother and more consistent AUC trends across datasets. This demonstrates
that the proposed gradient consensus alignment mechanism can reduce inter-
client update conflicts, stabilize global optimization, and improve convergence
behavior in multi-source federated diagnosis.

3.4 Ablation Study

Table 3 presents the ablation study on multi-source fundus diagnosis. Starting
from the FedAvg baseline, introducing gradient consensus alignment improves
the average AUC from 64.34 to 70.32 and the average F1-score from 45.37 to
57.75. This confirms that removing conflicting gradient components can effec-
tively mitigate cross-client interference and improve server aggregation.

When the consistency constraint is further incorporated, the performance
increases to 72.13 in AUC and 64.97 in F1-score. This shows that directional
consistency provides an effective criterion for deciding when gradient adjust-
ment should be applied, helping FedGCA balance global consistency and local
adaptability.

FedGCA introduces additional computation for SVD and gradient projection
and communication for transmitting compact LGBMs, whose size is controlled
by ϵ. Although these bases may still encode client-specific information with-
out a formal privacy guarantee, future work will investigate privacy-preserving
mechanisms, alternative backbones, and partial client participation.

Fig. 3. AUC curves of FedAvg, FedNTD, and FedGCA during training on five fundus
clients. FedGCA shows smoother and more consistent convergence trends under multi-
source heterogeneity.
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Table 3. Ablation study on fundus datasets.

Baseline GCA Consistency AUC F1
✓ 64.34 45.37
✓ ✓ 70.32 57.75
✓ ✓ ✓ 72.13 64.97

4 Conclusion

In this paper, we proposed FedGCA, a gradient-level consensus alignment frame-
work for federated fundus diagnosis under multi-source data heterogeneity. FedGCA
uses Local Gradient Basis Memory to capture dominant local directions and
Cross-Client Gradient Consensus Matrices to summarize cross-client optimiza-
tion trends. By suppressing conflicting gradient components based on directional
consistency, FedGCA improves aggregation stability and diagnostic performance.
Experiments on five fundus datasets show that FedGCA outperforms represen-
tative FL baselines on average, and ablation studies further confirm the effec-
tiveness of its key components.
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