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Abstract
Current federated-learning models deteriorate under hetero-
geneous (non-I.I.D.) client data, as their feature represen-
tations diverge and pixel- or patch-level objectives fail to
capture the global topology which is essential for high-
dimensional visual tasks. We propose FedTopo, a frame-
work that integrates Topological-Guided Block Screen-
ing (TGBS) and Topological Embedding (TE) to lever-
age topological information, yielding coherently aligned
cross-client representations by Topological Alignment Loss
(TAL). First, Topology-Guided Block Screening (TGBS)
automatically selects the most topology-informative block,
i.e., the one with maximal topological separability, whose
persistence-based signatures best distinguish within- versus
between-class pairs, ensuring that subsequent analysis fo-
cuses on topology-rich features. Next, this block yields a
compact Topological Embedding, which quantifies the topo-
logical information for each client. Finally, a Topological
Alignment Loss (TAL) guides clients to maintain topologi-
cal consistency with the global model during optimization,
reducing representation drift across rounds. Experiments on
Fashion-MNIST, CIFAR-10, and CIFAR-100 under four non-
I.I.D. partitions show that FedTopo accelerates convergence
and improves accuracy over strong baselines.

Code — https://github.com/LonelyMoonDesert/MyGO-FL
Extended version — https://arxiv.org/abs/2511.12628

1 Introduction
Federated Learning (FL) enables decentralized training
across clients. However, a central challenge is data
heterogeneity—the non-I.I.D. problem. When local datasets
are skewed, each client’s gradient points toward a different
optimum, and performance of the aggregated global model
decreases. From a representational perspective, skewed local
data is analogous to different teachers emphasizing distinct
aspects of a concept. Each client learns a different interpre-
tation of the data, leading to discrepancies in the learned fea-
ture representations. Recent studies (2023) have shown that
this divergence is a key manifestation of non-I.I.D. data.

We illustrate this with a toy CIFAR-10 experiment. We se-
lect two clients: Client A holds cats and dogs, while Client B
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has disjoint cat samples and additional ships. Figure 1 il-
lustrates feature inconsistency across clients from three per-
spectives: (1) Feature distribution (Figure 1(a)): We extract
intermediate representations of “cat” samples and project
them using t-SNE. The resulting clusters are client-specific
with minimal overlap, indicating inconsistent representa-
tions even for the same class. (2) Activation maps (Fig-
ure 1(b)): For two inputs (“dog” and “cat”), we visualize the
mean and max-channel activations. The maps reveal notice-
able differences in spatial focus and intensity across clients.
(3) Topological structure (Figure 1(c)): For a dog image
(index 83), we compute persistence barcodes and diagrams.
Discrepancies in H0/H1 features suggest mismatched topo-
logical summaries of the learned representations. This ex-
ample shows that non-I.I.D. client datasets induce misalign-
ment not only in parameter space but also in the deeper
representational geometry and topology of features (2023).
However, current methods generally ignore the latter.

1.1 Contributions

We propose FedTopo, a topology-aware federated learn-
ing framework that enforces cross-client topological consis-
tency to mitigate representation drift in non-I.I.D. scenarios.
Our key contributions are:

• Topology-Guided Block Screening (TGBS): A layer
selection mechanism that identifies the block with max-
imal topological class separability, shown to correspond
to the highest mutual information with class labels.

• Topological Embedding (TE): A compact, persistence-
based representation derived from the selected block,
which is provably Lipschitz-stable under input and model
perturbations.

• Topological Alignment Loss (TAL): A regularizer that
aligns each client’s TE with that of the global model. We
provide convergence analysis and introduce an adaptive
weighting scheme based on a proposed non-I.I.D. metric
and the temporal dynamics of topological loss.

FedTopo achieves both theoretical soundness and empir-
ical effectiveness, consistently outperforming strong base-
lines on FMNIST, CIFAR-10, and CIFAR-100 under diverse
non-I.I.D. conditions.
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Figure 1: Comparison of feature distributions, activation maps, and topological structure. (a) t-SNE of ’cat’ feature embed-
dings. (b) Feature/activation map visualizations for two samples. (c) Persistence diagrams for the selected dog sample.

2 Related Work
2.1 Non-I.I.D. Federated Learning
Federated Learning (FL) enables collaborative training
across decentralized clients while preserving data pri-
vacy (2025). However, performance degrades significantly
under non-I.I.D. data due to representational drift and un-
stable convergence (2025). To address this, recent meth-
ods focus on improving the alignment between local and
global models (2025). For instance, FedCCFA (2024) clus-
ters client classifiers and aligns intermediate features to
mitigate concept drift. FedSA (2025) introduces semantic
anchors to regularize representation learning and alleviate
feedback loops caused by statistical and model heterogene-
ity. A detailed summary of recent non-I.I.D. FL methods is
provided in Appendix E.

2.2 Topological Data Analysis (TDA)
TDA provides global, multi-scale descriptors that are ro-
bust to noise, deformation, and transformation—properties
well suited to the challenges of non-I.I.D. FL. Unlike pixel-
level metrics (2024), topological invariants such as con-
nected components and loops remain stable under contin-
uous perturbations (2015). Prior work incorporates persis-
tent homology into segmentation (2019; 2022), reconstruc-
tion, and classification tasks, yielding improved robustness
and generalization (2021; 2024; 2021). These results sug-
gest that topological structure can provide complementary
supervision in heterogeneous learning environments.

2.3 Topological Alignment in Deep Learning
Topological alignment has been used to promote consis-
tent representations across distributions and modalities. In
graph learning, aligning higher-order structures—such as
edge orbits—enhances embedding robustness (2022; 2023).
Other work shows that neural networks can implicitly
preserve topological invariants such as connectivity and
loops (2025). In domain adaptation and change detection,
explicitly aligning topological structure improves geomet-
ric consistency and classification boundaries (2021). These
findings motivate our approach of aligning topological de-
scriptors across clients to reduce representation drift in fed-
erated learning.

3 Preliminaries
FedTopo uses topological descriptors to summarize the
topological information in feature maps across heteroge-
neous clients. This section introduces the topological tools
for converting feature maps into compact topological de-
scriptors, including cubical filtrations, persistence diagrams
(PDs), and persistence images (PIs).

3.1 Feature Maps to Topological Descriptors
Figure 2 illustrates the full computation pipeline using a
CIFAR-10 example.

Cubical Filtrations and Persistence Diagrams Given a
local sample x ∈ Di, let ϕℓ(x;w) ∈ RC×H×W denote
the activation tensor at a selected layer ℓ of a local model
f(·;w). We extract nC channels, each yielding a 2D activa-
tion map A ∈ RH×W (Figure 2(a)).

To analyze the topology of A, we apply cubical persis-
tent homology using a sublevel set filtration:

Aλ = {(i, j) ∈ [H]× [W ] | Ai,j ≤ λ} . (1)
As λ increases, more pixels are included, and topo-
logical features—such as components (H0) and holes
(H1)—emerge and vanish. This produces a persistence dia-
gram (Figure 2(b)) that records their birth and death thresh-
olds (bi, di).

From Persistence Diagrams to Persistence Images Per-
sistence diagrams are expressive but difficult to use directly
due to their non-Euclidean nature and variable size. To en-
able compatibility with learning systems, we adopt the per-
sistence image (PI) (2017), a fixed-size, differentiable rep-
resentation.

Each diagram is mapped from birth–death (bi, di) to
birth–persistence (bi, pi = di − bi) coordinates. A Gaus-
sian kernel is then applied to each point to create a smooth
density:

ρ(x, y) =
∑
i

exp

(
− (x− bi)2 + (y − pi)2

2σ2

)
, (2)

which is rasterized onto a fixed grid and flattened into a vec-
tor ψc(x;w) ∈ RM , the PI for channel c (Figure 2(c)). In
Section 4.2, we aggregate these across channels to obtain
the final Topological Embedding.
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Figure 2: Topological embedding pipeline illustrated using a CIFAR-10 cat image. We show the input image, its intermediate
feature map (a), the persistence diagrams from selected channels (b), the corresponding persistence images (c), and the final
averaged topological embedding (d).

4 Proposed Method
We organize this section around the three components of
FedTopo. First, we identify the most topology-informative
block via Topology-Guided Block Screening (TGBS). Sec-
ond, we extract a compact Topological Embedding (TE)
from that block as a topological descriptor to represent each
client’s feature topology. Third, we introduce the Topologi-
cal Alignment Loss (TAL) with an adaptive α scheduler to
align local and global topologies and mitigate representation
drift.

4.1 Topology-Guided Block Screening (TGBS)
Motivation We hypothesize that a block’s topological
signature, if it consistently distinguishes within-class and
between-class samples, carries strong semantic signals. To
target alignment where it matters most, FedTopo applies
TGBS to identify the most topology-informative block—i.e.,
the one with highest topological class separability.

TGBS Design TGBS identifies the most topologically dis-
criminative block by measuring its topological class sep-
arability (see Algorithm 1). For each candidate block, we
extract activations, apply PCA for channel reduction, com-
pute cubical persistence diagrams (H0 and H1), and convert
them into fixed-size Persistence Images (PIs) for comparison
(see Section 3.1 for details). We then calculate Euclidean
distances (2017) between PIs and evaluate their ability to
distinguish same-class vs. different-class sample pairs using
ROC-AUC.

The block with the highest AUC is selected as topology-
informative. In ResNet-18, TGBS selects layer2 (AUC
0.814) as the most separable layer. Selections for other ar-
chitectures are listed in Appendix B.

4.2 Topological Embedding (TE)
Given the per-channel persistence images ψc obtained in
Section 3.1, we build a single descriptor for each sample by
averaging over channels:

ti(x;w) = Tℓ(x;w) =
1

K

K∑
c=1

ψc(x;w) ∈ RM . (3)

Algorithm 1: TGBS: Automatic Selection of the Topology-
Informed Block
Input: Backbone f , candidate blocks B, validation set D,
set of distance metricsM, number of pairs Npairs
Output: Topology-informative block b⋆ (and AUC score for
each b)

1: for each block b ∈ B do
2: Extract features {zi} ← fb(D)
3: Obtain embedding {z̃i} ← DIMREDUCE({zi})
4: Compute persistence diagrams {PDi} ←

PERSISTENTHOMOLOGY({z̃i})
5: for each metric m ∈M do
6: Randomly sample Npairs within-class pairs Pw and

Npairs between-class pairs Pb

7: for each (j, k) ∈ Pw ∪ Pb do
8: Compute distance djk ← DIST(PDj ,PDk;m)
9: Set similarity sjk ← −djk

10: end for
11: Calculate AUCm(b)← ROC AUC({sjk})
12: end for
13: Compute average AUC(b)← 1

|M|
∑

m AUCm(b)

14: end for
15: b⋆ ← argmaxb∈B AUC(b)
16: return b⋆ and {AUC(b)}b∈B

Here, K is the number of channels, and the resulting vector
Tℓ is a compact topological descriptor of the activation at
layer ℓ. Channel averaging removes permutation noise and
reduces the dimension from C × H × W to M , yielding
a communication-efficient representation that underpins our
Topological Alignment Loss (Section 4.3).

Computation cost. FedTopo introduces lightweight com-
putation overhead. The most expensive step—computing
topological embeddings via cubical persistent homol-
ogy—has a worst-case time complexity of O(C(HW )ω)
per layer, with C channels, spatial size H × W , and ω ≤
3 (e.g., ω ≈ 2.37 for modern algorithms). In practice,
efficient 2D cubical implementations with union-find and
Morse heuristics yield near-linear runtime Õ(CHW ). For
example, layer2 in ResNet-18 (C = 128, H = W = 8)
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involves ∼ 2.9 × 104 cells per block, incurring only a mi-
nor cost per batch as FedTopo requires just one additional
forward of the selected block.

Communication cost. FedTopo does not add communi-
cation overhead during training, as all topological compu-
tations are local. If a single topological embedding of di-
mension M is uploaded per round (e.g., for monitoring), the
overhead is

∆FedTopo =
M

|w|
. (4)

With M = 64, this corresponds to 5.8 × 10−6 for ResNet-
18 (|w| ≈ 11M) and 6.4 × 10−4 for a small CNN (|w| ≈
0.1M), both well below 0.1% of model size. Thus, FedTopo
preserves the communication efficiency of FedAvg.

4.3 Topological Alignment Loss (TAL) with
Adaptive Weighting

The local objective for client i combines cross-entropy and
TAL, which compares the client’s descriptor to the global
reference:

Li(wi; w̄) = E(x,y)∼Di
[CE(f(x;wi), y)]︸ ︷︷ ︸

cross-entropy

+ α Ex∼Di

[
|ti(x;wi)− ti(x; w̄)|2

]
︸ ︷︷ ︸

TAL

, (5)

where w̄ denotes the previous global model, and α > 0
controls the regularization strength. The objective in Eq. (5)
aligns local and global topological embeddings, reducing
representational drift across clients.

Adaptive Scheduling of α. To modulate regularization
dynamically, we set αi = λ(r,e) · αbase

i , where λ(r,e) de-
pends on global round and local epoch, and αbase

i reflects the
current topology loss. We consider four scheduling strate-
gies: (1) Warm-up, a static baseline without feedback; (2)
Linear-Topo, which linearly scales αi with the smoothed
TAL loss; (3) Piecewise, which adjusts αi using a piecewise-
linear response to the loss; and (4) Smooth-Topo, which ap-
plies EWMA smoothing and a softened transformation for
improved stability. See Appendix B.2 for details.

4.4 System Overview of FedTopo
FedTopo integrates three components into a unified
topology-aware federated learning framework: (1)
Topology-Guided Block Screening (TGBS) to identify
the most topology-informative block, (2) construction of
a compact Topological Embedding (TE) to describe the
topology of feature maps, and (3) Topological Alignment
Loss (TAL) with adaptive α scheduling to align local and
global topological structures. Together, these components
reduce representational drift and improve generalization
under non-I.I.D. conditions.

Figure 3 illustrates the overall pipeline (Algorithm 2). In
the pre-training stage (Figure 3(a)), TGBS selects the block

Algorithm 2: FedTopo: Topology-Aware Federated Learn-
ing

Input: Initial global model w̄(0), client data {Di}, number
of rounds R, TGBS-selected block ℓ⋆
Output: Final global model w̄(R)

1: Preprocessing (server-side):
2: Run TGBS on validation data to select ℓ⋆ (Algo-

rithm 1)
3: for round r = 1 to R do
4: Server broadcasts w̄(r−1) to all clients
5: for each client i in parallel do
6: Initialize local model w(r)

i ← w̄(r−1)

7: for local epoch e = 1 to E do
8: Sample minibatch (x, y) ∼ Di

9: Compute cross-entropy loss LCE

10: Compute ti(x;wi) and ti(x; w̄
(r−1))(Eq. (3))

11: Compute TAL LTAL using Eq. (5)
12: Update αi using adaptive scheduler
13: Update wi via gradient step on total loss LCE +

αiLTAL using Eq. (5)
14: end for
15: Client sends updated w

(r)
i to server

16: end for
17: Server aggregates client models to update w̄(r)

18: end for
19: return final model w̄(R)

with the highest class separability in topological space. Dur-
ing each communication round (Figure 3(b)), clients extract
intermediate features from the selected block and compute
the corresponding TE following the procedure described in
Preliminaries. TAL is then applied alongside standard cross-
entropy loss to update the local model. The adaptive α
scheduler adjusts the strength of topological regularization
across rounds to balance task performance and topological
consistency.

4.5 Theoretical Guarantees
We present key theoretical justifications for the design of
FedTopo. Formal proofs of all propositions are provided in
Appendix A.

AUC as a Proxy for Mutual Information TGBS selects
the block with the highest between-class separability, mea-
sured by AUC. We formally justify this by showing that
AUC is monotonic with mutual information:

Proposition 1 (AUC Implies Mutual Information). Let Tb =
Tb(X) be the topological embedding at block b, and define
the distance distributions:

d+b ∼
{
∥Tb(x)− Tb(x′)∥

∣∣ Y (x) = Y (x′)
}
,

d−b ∼
{
∥Tb(x)− Tb(x′)∥

∣∣ Y (x) ̸= Y (x′)
}
. (6)

Then AUC is defined as:

AUCb = Pr
u∼d+

b , v∼d−
b

[u < v] . (7)
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If AUCb1 > AUCb2 , then I(Tb1 ;Y ) > I(Tb2 ;Y ), imply-
ing

argmax
b

AUCb = argmax
b
I(Tb;Y ). (8)

Lipschitz Stability of Topological Embedding TE is
computed via channel-wise Persistence Images (PIs), which
are known to be Lipschitz continuous (2017; 2017). This en-
sures the TE inherits input stability:
Proposition 2 (Stability of Topological Embedding). Let
ti(x;w) be the TE from ϕℓ(x;w). Then,

∥ti(x;w)− ti(x
′;w)∥2 ≤ L · ∥x− x

′∥2. (9)

This guarantees robustness of TAL to small input pertur-
bations and supports stable convergence of the TAL loss.

Convergence Guarantee via Proximal Regularization
We further show that TAL acts as a proximal regularizer, sat-
isfying FedProx-like convergence properties (2020a; 2022):
Proposition 3 (FedProx-style Convergence under TAL). If
Fi(w) is L-smooth and the TAL term is µ-strongly convex,
then the global objective converges to an ε-stationary point
in O

(
L
µ log 1

ε

)
gradient steps.

5 Experiments
We empirically evaluate FedTopo from multiple perspec-
tives: overall performance across diverse non-I.I.D. settings,
visualization of representation alignment, and ablation stud-
ies assessing the contributions of key components including
TGBS, TAL, and adaptive α scheduling.

Data-partition schemes We consider four non-I.I.D. par-
tition types: quantity skew, label skew, noise-based skew,
and fixed-k label assignment.

Amplitude noise skew (N-skew). All clients share inputs
xi and add Gaussian noise ni,j ∼ N (0, σ2

j I). Let σj =
j−1
n−1 σ̄ with σn = 0; then Dj = {(xi + ni,j , yi)}.

Label skew (L-skew). For each class c, normalize p(ℓ)c,j as

p̂c,j =
p
(ℓ)
c,j∑n

m=1 p
(ℓ)
c,m

. The sample indices for client j are de-

fined as Ic,j =
[∑

m<j p̂c,mNc,
∑

m≤j p̂c,mNc

)
, and the

dataset is Dj =
⋃

c{(xi, yi) | i ∈ Ic,j}.
Fixed-k label skew. Each client is assigned k labels from
[K] so that all labels are covered. For class c, the indices Ic
are split into shards {I(s)c }, and each client j is assigned data
from classes in Cj , yielding Dj =

⋃
c∈Cj
I(j,c)c .

Quantity skew (Q-skew). For each client Cj , we sample
proportions p(q) ∼ Dirn(αq) and normalize them as p̂j =

p
(q)
j /

∑n
m=1 p

(q)
m . The sample indices for client j are then

assigned by Ij =
[∑

m<j p̂mN,
∑

m≤j p̂mN
)

, resulting in
Dj = {(xi, yi) | i ∈ Ij}.

Full definitions are provided in Appendix C.

Baselines We compare FedTopo with three families of
non-I.I.D. FL methods: (1) Aggregation regularization
and momentum-based methods: FedAvg (2017), Fe-
dAvgM (2020b), FedNova (2020), FedProx (2020b), SCAF-
FOLD (2020), and FedDyn (2023). These methods mod-
ify aggregation with regularization, correction terms, or
momentum to mitigate client drift and accelerate conver-
gence. (2) Representation alignment and personalization
methods: MOON (2021), FedFTG (2022), FedPAC (2023),
FedFM (2023), FedCCFA (2024), and FedSA (2025). They
align representations and enable client-specific personal-
ization. (3) Server-side knowledge transfer methods:
FedDF (2020), FedDC (2022), and FedGen (2021). They
use distillation or server-side synthetic data to reduce dis-
tribution shift.

Implementation Details We use mini-batch SGD (1951)
for local optimization withE = 5 local epochs. All methods
use a batch size of 32 and learning rate of 0.01. We train
with n = 5 clients and run 10 communication rounds. For
feature extraction, FedTopo uses conv1 for the CNN on
MNIST/FMNIST and layer2 for ResNet-18 on CIFAR-
10. Additional hyperparameters are listed in Appendix C.

5.1 Performance Evaluation
Accuracy and Convergence We run each method five
times and report the average test accuracy of the global
model in Table 1. FedTopo outperforms all baselines across
all datasets and non-I.I.D. partition schemes. On FMNIST,
CIFAR-10, and CIFAR-100, FedTopo achieves the best
accuracy, improving over the second-best method by up
to 8.69%, 11.05%, and 8.44%, respectively. These results
demonstrate that FedTopo effectively addresses the chal-
lenges of non-I.I.D. data, reducing representation drift and
improving feature alignment across clients.

Visualization To verify the benefits of aligning local mod-
els with the global feature space, we visualize the global
model’s representations using UMAP in Figure 4, with dif-
ferent colors for each client. Initially, in Round 0, the client
features are distinct, with the global model far from the
client distributions. By Round 2, client features begin to
overlap with the global model, and by Round 9, the fea-
ture spaces nearly match, indicating successful alignment.
We also visualize topological alignment using persistence
barcodes in Appendix D, which show increasing similarity
between client and global topologies. These results confirm
that TAL promotes topological consistency and mitigates
representation drift.

5.2 Ablation Study
We evaluate the contribution of each core component in Fed-
Topo through three ablation studies, focusing on Topology-
Guided Block Screening (TGBS), Topological Regular-
ization via TAL and Adaptive Scheduling of α.

w/o TGBS: Effect of Block Selection To assess the
effectiveness of TGBS, we evaluate FedTopo using fea-
tures extracted from different candidate blocks: (1) ResNet-
18: {conv1,layer1,layer2,layer3,layer4}; (2)
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Figure 3: System overview of FedTopo, illustrated using ResNet-18 and CIFAR-10. (a) Before training, TGBS selects the
most topology-informative block based on class separability in topological space. (b) During training, each client computes
topological embeddings from intermediate features and applies Topological Alignment Loss (TAL) with adaptive scheduling.

Figure 4: UMAP 2D feature projection of five clients and
the global model at different communication rounds.

CNN: {conv1,conv2}. Table 2 shows the following:
(1) In ResNet-18, layer2 performs best, followed by
layer3. (2) In CNN, conv1 outperforms conv2, indicat-
ing that overly deep layers may degrade topological signals
in shallow networks. (3) AUC aligns well with accuracy, val-

idating topological separability as a criterion for block selec-
tion. TGBS thus selects layer2 for ResNet-18 and conv1
for CNN, both achieving the best results, confirming its ef-
fectiveness.

w/o TAL: Effect of Topological Regularization To eval-
uate the effect of Topological Alignment Loss (TAL), we
compare FedTopo with and without TAL under three chal-
lenging non-I.I.D. scenarios: (A) ResNet-18 on CIFAR-10
with combined Q-skew (αq = 0.5) and K-skew (k = 2),
(B) Simple CNN on FMNIST with severe L-skew (αl =
0.1), and (C) ResNet-18 on CIFAR-100 with combined L-
skew (αl = 0.5) and N-skew (σ = 1.0). The global
model accuracies are reported in Table 3. Across all settings,
TAL yields substantial accuracy gains, averaging 13.25%
(Setting A: +13.15%, Setting B: +14.80%, Setting C:
+16.37%), showing that it reduces representation drift and
enhances feature alignment in non-I.I.D. federated learn-
ing. These results demonstrate that TAL effectively reduces
representation drift and enhances feature alignment in non-
I.I.D. federated learning.

Effect of Adaptive α Scheduling Table 4 compares
four α schedules—Warm-up, Piecewise, Linear-Topo, and
Smooth-Topo—on two CIFAR-10 non-I.I.D. settings (A and
B; see Section 5.2). We highlight three key observations. (1)
In early rounds, Linear-Topo yields the fastest performance
gain, improving Round-1 accuracy in Setting A by about
+4% over Warm-up (69.15% vs. 65.13%), demonstrating
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Dataset FMNIST CIFAR-10 CIFAR-100

Non-I.I.D. N L K Q N L K Q N L K Q

FedAvg 60.01 83.83 75.97 91.07 65.10 86.47 66.69 90.62 46.87 60.53 49.35 63.43
FedAvg-M 65.43 87.70 80.21 92.86 67.87 89.76 66.85 93.39 48.87 62.83 49.47 65.37
FedNova 63.19 85.28 73.85 90.11 64.90 86.07 66.80 87.73 46.73 60.25 49.43 61.41
FedProx 66.68 87.49 75.91 90.57 63.47 85.85 66.99 89.35 45.70 60.10 49.57 62.55

SCAFFOLD 68.78 87.43 80.35 90.22 63.33 86.88 69.91 86.03 45.60 60.82 51.73 60.22
FedDyn 63.47 89.68 83.95 90.33 65.10 86.47 68.32 90.62 46.87 60.53 50.56 63.43

MOON 63.93 88.95 74.76 90.19 54.45 76.30 67.74 81.73 38.23 53.41 50.13 57.21
FedFTG 65.31 88.36 71.85 90.39 65.10 86.47 71.82 90.62 46.87 60.53 53.15 63.43
FedPAC 62.52 90.43 83.28 91.11 68.12 83.36 65.43 86.46 49.04 58.35 48.42 60.52
FedFM 64.68 86.28 81.94 90.02 64.68 87.43 69.44 91.09 46.57 61.20 51.39 63.76

FedCCFA 59.60 83.26 75.45 90.45 65.20 86.60 66.79 90.76 46.62 60.21 49.09 63.10
FedSA 71.47 90.40 85.22 92.25 67.59 88.08 71.75 91.58 48.67 61.95 53.10 64.11

FedDF 65.38 87.88 78.16 89.13 65.10 86.47 71.38 89.99 46.87 60.53 52.82 62.99
FedDC 68.78 91.08 86.46 90.78 66.99 87.03 70.71 89.22 48.23 60.92 52.33 62.46
FedGen 69.98 90.02 83.22 91.30 64.90 86.07 69.12 89.42 46.73 60.25 51.15 62.59

FedTopo 74.96 91.30 89.88 94.46 73.87 92.76 77.89 96.63 53.20 65.93 57.64 67.64

Table 1: Test accuracy (%) of global model under four types of non-IID partitioning. N, L, K, Q correspond to the following
data partition types: (1) N-skew (Amplitude Noise Skew): σ̄ = 0.5; (2) L-skew (Label Skew): αl = 0.1; (3) K-skew (Fixed-k
Label Skew): k = 5; (4) Q-skew (Quantity Skew): αq = 0.5.

Model Blocks AUC (%) Acc. (%)

ResNet-18

conv1 80.54 80.62
layer1 81.29 82.13
layer2 81.44 88.35
layer3 80.13 86.76
layer4 62.80 85.35

CNN conv1 61.41 87.52
conv2 54.85 86.16

Table 2: Comparison of Topological Class Separability
(AUC) and Federated Global Test Accuracy for Different
Feature Blocks in ResNet-18 and CNN.

Methods Setting A Setting B Setting C
w/o TAL 53.90 58.87 47.23
w/ TAL 67.05 73.67 63.60

Table 3: Test accuracy (%) of FedTopo with and without
TAL under three representative non-I.I.D. settings.

Setting Round Warm P-wise Linear Smooth

A 1 65.13 66.31 69.15 67.06
10 73.52 74.72 75.27 76.84

B 1 58.32 59.48 62.60 60.86
10 67.21 68.62 69.94 71.31

Table 4: Performance (%) of four α scheduling strategies on
two CIFAR-10 non-I.I.D. partitions (Top-1 accuracy).

its effectiveness in quickly reducing cross-client representa-
tion gaps. (2) Over time, Smooth-Topo achieves the best final
accuracy in both settings (76.84% / 71.31%) and shows the
most stable training. (3) All topology-aware schedules out-
perform the naive Warm-up baseline, confirming the benefit
of adaptive α scheduling.

6 Conclusion
This work introduces FedTopo, a topology-aware frame-
work for federated learning under non-I.I.D. settings. By
leveraging topological descriptors of intermediate feature
maps, FedTopo aligns local representations with a global
topological reference through Topological Alignment Loss
(TAL). To enable alignment, we propose Topology-Guided
Block Screening (TGBS) for selecting the most discrimina-
tive layer, and construct a compact, differentiable Topolog-
ical Embedding (TE) based on Persistence Images. Addi-
tionally, we incorporate an adaptive scheduling mechanism
that dynamically adjusts regularization strength using topo-
logical feedback. Experiments on various datasets and par-
tition schemes show that FedTopo effectively reduces repre-
sentational drift and improves generalization. Theoretically,
we establish the stability of TE and show that TAL pre-
serves convergence under mild assumptions. Overall, our
results highlight the potential of topological signals as a
principled regularization for robust federated learning. Fu-
ture work will extend FedTopo to graphs and sequences, de-
velop privacy-preserving TE aggregation with online TGBS
for large-scale deployments, and explore applications in de-
centralized data ecosystems, enabling secure data ownership
verification, trading, and value extraction from multi-party
data while preserving privacy.
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