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Abstract

Federated prototype learning is in the spotlight as global pro-
totypes are effective in enhancing the learning of local rep-
resentation spaces, facilitating the ability to generalize the
global model. However, when encountering domain-skewed
data, conventional federated prototype learning is suscepti-
ble to two dilemmas: 1) Local prototypes obtained by aver-
aging intra-class embedding carry domain-specific markers,
the margins among aggregated global prototypes could be at-
tenuated and detrimental to inter-class separation. 2) Local
domain-skewed embedding may not exhibit a uniform dis-
tribution in Euclidean space, which is not conductive to the
prototype-induced intra-class compactness. To address the t-
wo drawbacks, we go beyond conventional paradigm of fed-
erated prototype learning, and propose learnable semantic
anchors with hyperspherical contrast (FedLSA) for domain-
skewed data. Specifically, we eschew the pattern of yielding
prototypes via averaging intra-class embedding and directly
learn a set of semantic anchors aided by the global semantic-
aware classifier. Meanwhile, the margins between anchors are
augmented via pulling apart them, ensuring decent inter-class
separation. To guarantee that local domain-skewed represen-
tations can be uniformly distributed, local data is projected in-
to the hyperspherical space, and the intra-class compactness
is achieved by optimizing the contrastive loss derived from
the von Mises-Fisher distribution. Finally, extensive experi-
mental results on three multi-domain datasets show the supe-
riority of the proposed FedLSA compared to existing typical
and state-of-the-state methods.

Introduction

Artificial intelligence models rely on massive data for train-
ing to yield superior performance, which is often collect-
ed from many private devices. However, data privacy se-
curity increasingly renders data centralization impossible,
severely hindering model evolution. Federated learning (Ye
et al. 2023) is a promising way to break through data bar-
rier dilemma, which collaboratively trains a global model
among multiple participants with not revealing local data. It
is worth emphasizing that data distributions among different
clients are likely non-independent and identically distribut-
ed (Non-IID), harming the generalizability of global model.
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Figure 1: Margin comparison of prototypes/anchors in local
clients, FedProto, and FedLSA on Office Caltech dataset.
Margin is defined as the minimum Ls-norm distance be-
tween a prototype/anchor and other prototypes/anchors. The
maximum margin in all local clients is the baseline, which is
compared with the margins of global prototypes in FedPro-
to and anchors in FedLSA. It can be seen that the margins
between global prototypes in FedProto are diminished while
the margins between anchors in FedLSA are enhanced.

How to conquer the negative influence caused by heteroge-
neous distributions has become a widely discussed topic.
Most of existing works (Li et al. 2020; Li, He, and Song
2021; Zhang et al. 2024c) adopt contrastive learning, knowl-
edge distillation, meta learning, etc. to strengthen the gener-
alization of global model. Essentially, they expect to con-
verge on the optimization directions of different local mod-
els via certain regularization. Notably, a fundamental as-
sumption exists in above approaches that local data in di-
verse clients suffers from the label skew yet is sampled from
the same domain. Conversely, in real-world scenarios, lo-
cal data could be drawn from varying domains (Zhang et al.
2023a; Gong et al. 2022). To be specific, the statistics in-
formation of local data features is quite distinctive, which is
more likely to result in large divergences in local model pa-
rameters, seriously jeopardizing the generalization of global
model. Adversarial training is first introduced into federated
learning with domain skew (Peng et al. 2020; Zhang et al.
2021, 2024b) due to its versatility in aligning various da-
ta distributions, but its difficulty in training appears as well.
(Yan et al. 2024; Bai et al. 2024) aim to explore the represen-
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Figure 2: Hyperspherical embedding comparison of FedPro-
to and FedLSA on USPS dataset. The embedding learned
from USPS by FedProto and FedLSA is mapped into the
hyperspherical space, then it can be observed that the distri-
bution of points in FedProto is extremely nonuniform, even
certain points are scattered outside the hypersphere, which
is detrimental to implementing prototype-based contrastive
learning. On the contrast, FedL.SA learns a relatively unifor-
m embedding space.

tations with minimal domain-specific information, ensuring
unbiased training of local models. However, the representa-
tion disengagement process induces the high computational
burden and precludes the practical applications.

Considering communication friendliness and decent gen-
eralization, federated prototype learning (Tan et al. 2022a;
Huang et al. 2023; Dai et al. 2023) for domain-skewed da-
ta is developed. They average the representations in same
classes to obtain local prototypes and upload them to the
server for aggregating the global prototypes. In turn, the
global prototypes are used to regularize local training. Al-
though they effectively boost the generalizability of glob-
al model and achieve encouraging performance, two lim-
itations remain inevitable. @ Local prototypes are yielded
by averaging the embeddings in same categories, still stuck
with domain-specific markers. Thus, the margins among ag-
gregated global prototypes could be weakened, which is not
favorable for achieving inter-class separation. Fig. 1 illus-
trates the margin comparison of prototypes in local clients
and FedProto. It can be seen that the margins between global
prototypes of FedProto are weakened compared to that of lo-
cal prototypes. ® The data representations extracted by local
feature extractors are scattered in Euclidean space and may
not exhibit a uniform distribution, then prototype-based con-
trastive strategy cannot work in promoting intra-class com-
pactness (Wang and Isola 2020; Liao et al. 2024). Fig. 2 vi-
sualizes the embedding in hyperspherical space of FedPro-
to, it can be observed that the scatter learned by FedProto
exhibits a remarkably nonuniform distribution, even some
points jump out of the hypersphere, which poses a huge d-
ifficulty for contrastive learning. As discussed above, the t-
wo deficiencies gravely hamper training of local models and
further decrease the generalization of global model.

In view of above issues, we propose a Federated
Learnable Semantic Anchors (FedLSA) method with Hy-
perspherical Contrast for Domain-Skewed Data. The pro-
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posed FedLSA is beyond conventional federated prototype
learning, which abandons the manner of averaging intra-
class representations for producing local and global proto-
types. Specifically, we train the semantic anchors with the
help of global semantic-aware classifier on the server-side,
eliminating the impact of local domain-specific information.
The margins among anchors are further enhanced via pulling
apart diverse anchors for sound inter-class separability. To
guarantee uniform distribution of local representations, the
local data is projected into the hyperspherical space. Under
the guidance of semantic anchors, the intra-class represen-
tations are enforced to be compact. From Figs. 1 and 2, we
can observe that the proposed FedLSA strengths the margin-
s of semantic anchors and promises the uniform distribution
of local representations, which are more beneficial for inter-
class separability and intra-class compactness. Fig. 3 shows
the framework of the proposed FedLSA. The main contribu-
tions are concluded as follows.

e We learn the semantic anchors via global semantic-aware
classifier beyond conventional federated prototype learn-
ing, averting the impact of local domain-specific infor-
mation. Various anchors are pulled away for larger mar-
gins, thus better promoting inter-class separability.

We project the local data into hyperspherical space,
where the latent embedding can be uniformly distribut-
ed. Under the penalty of contrastive loss induced by von
Mises-Fisher distribution, the intra-class representation-
s are more likely approach their corresponding anchors,
thus enabling intra-class compactness.

To verify the effectiveness of the proposed FedLSA, a
multitude of experiments on three multi-domain dataset-
s are conducted. Compared with the existing federated
learning methods, FedLSA effectively improves the gen-
eralizability and performance of global model.

Related Works
Federated Learning for Heterogeneous Data

To protect the local data privacy, federated learning has
been proposed as an encouraging distributed model training
paradigm. Heterogeneous data across multiple clients arises
along with federated learning, and becomes one of the re-
alistic challenges for federated learning applications. When
regarding heterogeneous data, there are two kinds of cate-
gories: label skew and domain skew. For addressing label
skew, massive researches have been evolved. (Li et al. 2020;
Li, He, and Song 2021; Huang et al. 2024) introduced lo-
cal regularity term to force the optimization directions of lo-
cal models closer to the global direction. To enhance knowl-
edge integration under data heterogeneity, (Yang et al. 2023;
Chen et al. 2024; Yao et al. 2024) adopted the knowledge
distillation technologies to transfer knowledge from other
clients to local models. Learning only one global model
may not effectively handle heterogeneous data in multiple
clients, some works (Yang, Huang, and Ye 2024; Zhi et al.
2024; Tu et al. 2024) proposed personalized strategies, us-
ing global information to foster local personalized modules.
Domain-skewed data readily weakens the generalization of
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Figure 3: The framework of the proposed FedLSA. On the client side, each client projects the local data into hyperspherical
space and performs the contrastive learning under the guidance of semantic anchors, thus achieving the intra-class compactness.
On the server side, the semantic anchors are learned with the help of global semantic-aware classifier, whose margins are
enhanced via separation loss, then the inter-class separability can be guaranteed.

the global model. (Hong et al. 2021; Huang et al. 2022; Jiang
et al. 2024) leveraged the adversarial training to bridge the
gap between multiple domains. (Peng et al. 2020; Yan et al.
2024; Bai et al. 2024) disentangled the feature embedding
into domain-shared and domain-specific representations. In
general, the label skew oriented methods cannot effectively
handle domain-skewed data, while the domain skew orient-
ed methods frequently require additional discriminators or
domain-invariant feature extractors, increasing the training
difficulty and communication burden.

Prototype Learning

The prototype representation is an average of a class of sam-
ples, and are generally used to bring the representations in
a same categories closer together, thus enabling intra-class
compactness. In light of high reliability and easy manipula-
tion, prototype-induced regularization is widely investigat-
ed. (Li et al. 2021; Wei et al. 2023; Lu et al. 2024) proposed
prototype-based contrastive loss, pulling prototypes closer
to their kindred samples and pulling away from non-kindred
samples. To eliminate the impact of superfluous information,
(Zhou et al. 2022; Li et al. 2023; Fang et al. 2024) learned
the adaptive prototypes that are independent of the data dis-
tributions. Due to the properties of high expression and low
parameters, the idea of prototypes has been introduced in-
to federated learning for local regularization and efficien-
t communication. (Tan et al. 2022a,b; Dai et al. 2023) ex-
changed the prototypes between the server and clients, thus
significantly decreasing the communication cost. Zhang et
al. (Zhang et al. 2024a) trained a set of prototypes with larger
separation on the server. Huang et al. (Huang et al. 2023) ob-
tained the clustered prototypes to capture the diversity with-
in a class. When faced with the domain-skewed data, none
of the above federated prototype learning address the thorny
question, namely, how to obtain domain-independent proto-
type. Fortunately, the proposed FedLSA achieves the explo-
ration of semantic anchors with the help of global semantic-
aware classifier, removing the domain-specific information.
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Representation Learning on Hyperspherical Space

Hyperspherical space is a specific form of von Mises-Fisher
distribution (Banerjee et al. 2005). The feature representa-
tion lying in a hyperspherical space has good homogeneity
and avoids the common feature collapse problem in neural
network training. In light of above merits, learning repre-
sentations on a hyperspherical space becomes a reasonable
choice. Liu et al. (Liu et al. 2017) proposed the operation of
hyperspherical convolution to overcome the dilemma caused
by large parameters. Mettes et al. (Mettes, van der Pol, and
Snoek 2019) proposed hyperspherical prototype network,
tackling the representation learning for multiple tasks. Saad-
abadi et al. (Saadabadi et al. 2024) introduced a dynam-
ic mechanism of label-to-prototype assignment for hyper-
spherical classification. Zhang et al. (Zhang et al. 2024d)
provided a hyperspherical margin weighting manner, con-
structing the importance for each sample. Wang et al. (Wang
et al. 2024) devised a hyperspherical loss to achieve inter-
class separation and intra-class cohesion. Current federated
prototype methods have not yet noticed the role of hyper-
spherical space for enhancing representation learning. For-
tunately, in the proposed FedLSA, we project local data into
the hypersphere space and utilize learnable anchors to en-
able intra-class compactness and inter-class separation.

Methodology
Preliminaries

Given a federated learning system with a centralized serv-
er and M clients, each client trains its local model ®,,, =

Y © P © ¢y, On private data Dy, = {x;, yl}‘f:)l“l U, 18
the encoder that projects the raw data into embedding space:
2 = Ym(x;) € R, where I is the dimension of embed-
ding. ¢,, is a the projector that further projects the high-
dimensional embedding into a low-dimensional hyperspher-
ical space: h; = nor(p(z;)) € RL, where L is the dimen-
sion of hyperspherical embedding and nor(-) is defined as
nor(z) = x/||z||2. ¢m is the classifier that maps the embed-

ding into logits output: ¢; = ¢,,(h;) € RY, where C is the



number of categories. Domain-skewed data across different
clients is mathematically defined as P, (z|y) # P.(x|y),
where P(-) denotes the probability distribution. Domain-
skewed data essentially refers to sharing of label space a-
mong different clients, while with varying distributions of
feature spaces.

Federated Prototype Learning

Federated prototype learning has demonstrated its flourish-
ing vitality due to the efficient communication and clien-
t alignment capability. For the c-th prototype py,, of the m-th
client, it is defined as the average of embedding belonging

to a category and expressed as
|D7, |

m

1
P = e | Y (i),
LAp>

Py = D -5 P) € RO,

ey

where | D, | denotes the number of samples in the c-th class
for the m-th client. After the clients complete the local train-
ing, the local prototypes are uploaded to the server for global
aggregation, which is formulated as

C 1 M C
Po= 57 D P
m=1

P = [pt;...;p°] e RO,

@

The global prototypes & are dispatched to regularize local
models such as contrastive loss. To obtain a global model
with well generalization, some works (Nguyen, Torr, and
Lim 2022; Huang et al. 2023) also demand to transmit the
local models for federated average. In this paper, we fol-
low the above works and aim to learn a generalizable global
model on various domains.

As described above, local prototypes in traditional feder-
ated prototypes learning are averaged from intra-class repre-
sentations, which are necessarily biased by domain-specific
information and likely to undermine the margins between
aggregated global prototypes. In addition, local data is pro-
jected into Euclidean embedding space via local feature ex-
tractors, which cannot enable a uniform distribution and is
not favorable for the prototype-based contrastive learning.

Learnable Semantic Anchors with Hyperspherical
Contrast

In response to above issues, we propose to directly learn
the semantic anchors for domain-skewed data beyond tradi-
tional federated prototype learning. The proposed FedLSA
is composed of two prominent modules: Sematic Anchors
Learning with Inter-Class Separability and Hyperspherical
Representation Learning with Intra-Class Compactness.

Sematic Anchors Learning with Inter-Class Separabil-
ity Marginal attenuation of global prototypes caused by
domain-skewed data is prone to fuzzy division of various
classes of representations, which is not conductive to pos-
itive model training. Herein, we propose the Sematic An-
chors Learning with Inter-Class Separability to address the
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above concern. Concretely, a set of learnable anchors A =
[a1;...; ac], initially parameterized by R = [ri;...;r¢]| €
RE*! are stored on the server. A mapping function ©()
is used to map the random vectors R to the anchors: A =
O(R). Herein, we adopt two-layer Multi-Layer Perceptron
(MLP) as the mapping function.

In light of the drawback of global prototypes produced
by averaging local prototypes, we argue that good anchors
should satisfy two fundamental properties. 1) They are only
relevant to the class semantics and independent from the spe-
cific domains. 2) Different anchors should be far away from
each other for decent separability. To achieve the two goal-
s, we perform the following training strategies. First, when
the local models are fused to a global model on the server,
the global classifier ¢4;,(-) incorporates information from
multiple domains and offers the generalized semantic dis-
criminative capabilities. Hence, we adopt ¢4, (+) to project
learnable anchors A = [ag;...; a¢] into semantic space and
distinguish the learnable anchors of different categories by
the typical CrossEntropy (CE) loss:

3)

ZLace = —1,, log(softmaz(p;)),

where 1,, is the one-hot label of the i-th anchor, p;
®g10(a;) 1s the predicted logits output for the i-th learnable
anchor a;.

By the optimization of Ls¢p, different anchors cor-
respond to diverse semantic information, achieving initial
differentiation. Nevertheless, good anchors, as mentioned
above, need to be further separated from each other. Then,
the local representations can be guided to enable better inter-
class separability. To fulfill this conception, we conduct the
following separability loss, which is written as

c T
Zj:l,j;ﬁi exp(a;a; )/T
Cc-1 ’
where 7 denotes the temperature parameter, controlling the

concentration strength of representations. Thus, the overall
loss for learning well-separated anchors is formulated as

Zsep = log 4

&)

where « denotes the trade-off parameter. Overall, we direct-
ly learn the semantic anchors by means of network training,
which is very different from conventional federated proto-
type learning. The proposed approach not only ensures that
anchors are protected from domain-specific information but
also ensures sufficient margins to each other.

Zrsa = ZLace +aZLsgp,

Hyperspherical Representation Learning with Intra-
Class Compactness When performing the local training,
the m-th client encodes the raw data into embedding space:
z; = ¥m(x;). However, after the simple projection of a fea-
ture extractor, the embedding space may not exhibit a unifor-
m distribution, where the sample points are partially dense
and partially sparse. Extensive works (Wang and Isola 2020;
Ming et al. 2023) have demonstrated that the embeddings s-
cattered in a hypersphere space exhibit the excellent unifor-
mity, which is important to span a well-separated manifold.
Hence, the embedding z; is further projected into the hyper-
spherical space: h; = nor(¢m(2;)). A hyperspherical space



can be modeled as the von Mises-Fisher distribution (Wang
and Isola 2020; Ming et al. 2023), which is formulated as a
probability density function pp:

PD (ha Qc, ’{) = ND(H) GXP(’“ZZh)» (6)

where h is the hyperspherical embedding, a. is the mean
and can also be viewed as the c-th prototype, « is the con-
centration parameter that controls the tightness around the
mean, Np (k) denotes the normalization factor. According
to the probability model Eq. (6), the normalized probability
that the ¢-th hyperspherical embedding h; is allocated to the
c-th category is formulated as

oxp(alhi/7)
S5 exp(alh/r)’
1

where 7 = - is the temperature parameter. For a embed-
ding space with sound decision boundaries, each data point
should fall into corresponding class with the highest prob-
ability compared to other classes. To achieve the goal, the
maximum likelihood estimation (MLE) is implemented over
the Eq. (7): maxy,, . 27 p(y: = clh; {k, a; }§21). For
obtaining a optimizable loss, we adopt the negative log-
likelihood strategy to transfer the above MLE problem into
following form:

p(yi = clhi {k,a;},) = ©)

exp(al hi/T)
3o exp(af hi/T)’

where a,, denotes the anchor corresponding to the i-th hy-
perspherical embedding h;. The loss o brings each hy-
perspherical embedding closer towards its respective anchor,
facilitating the intra-class compactness. Moreover, the CE
loss is used to endow the local model with basic classifica-
tion ability:

®)

Zcom = —log

Zor = —1y, log(softmax(q;)), )

where ¢; = ¢,,,(h;) denotes the predicted logits output for
the ¢-th hyperspherical embedding h;. Thus, the overall loss
for learning well-compact hyperspherical embedding can be
written as

ZLrc = ZLce + AXcowm, (10)

where ) is the trade-off parameter. In each communication
round, the semantic anchors are trained on the server and
distributed to clients. Then the participants start the local
training with the guidance of semantic anchors in parallel.
Algorithm 1 reports the main flow.

Experiments
Datasets

We implement the comparative experiments on three multi-
domain datasets: Digits, Office Caltech, and PACS. Digits
contains 203,587 digital images with four domains, such as
MNIST, USPS, SVHN, and SYN. Number categories from
0 to 9 are included in each domain. Office Caltech is con-
sisted of 2,533 object images with 10 classes, four kinds
domains are included: CALTECH, AMAZON, WEBCAM,
and DSLR. PACS contains one type of real-world images

Algorithm 1: The flow of FedLSA

Input: Number of clients M, training epochs on clients
and server E., E,, communication rounds 7, learn-

ing rate 7, temperature parameter 7, local data D,,, =

D e
{zi,yi} Lz’f’l, anchors’ initialization parameter R.

Output: Global model ®;,.

1: Client Side:

2: for m = 1: M in parallel do

3: forepoche=1:E, do

4 hy = nor(pm(Ym(xi));

5:

6: Zor <+ (softmax(pm(hi)),y;) using Eq. (9);
7:

8: Loom ({aj}jczl, h;) using Eq. (8);
9: Zrnc = Zog +Acowum;
10: O «— d¢ — VL0
11:  end for
12: end for

13: Upload the local model ®,,, to the server;

14: Server Side:

15: fort=1:T do

16: fore=1:FE,do
17: A =0O(R);

18:

19: Zack + (softmax(dgio(a’)), y;) using Eq. (3) ;
20:

21: Fspp — ({aj}jc:l) using Eq. (4);

22: Z1rsa = ZLace +aZsgp;

23: R® « R~ 1 — NVLrsa;

24: 0° — e 1 — NVLLsa;

25:  end for

26:  Broadcast the semantic anchors A and global model
4, to clients;
27: end for

and three types of art images, a total of 9,991 images with
7 categories are covered. The federated learning system is
equipped with 10 clients and 1 server. To simulate that dif-
ferent clients hold data from different domains, we split the
data of a domain to certain clients. Taking Digits as an ex-
ample, the specific division is MNIST: 1, USPS: 4, SVHN:
2, SYN: 3. Table 1 summarizes the prominent characteris-
tic of the datasets. More details about the datasets and data
division can be referred in supplementary material.

‘ Dataset ‘ Instances ‘ Domains ‘ Classes ‘ Feature Dimensions ‘
Digits 203,587 4 10 32 x32x3
Office Caltech 2,533 4 10 32 x32x3
PACS 9,991 4 7 225 x 225 x 3

Table 1: Statistics of three multi-domain datasets.

Compared Methods

The proposed FedLSA is compared with eight federated
learning methods, including both typical and state-of-the-



Methods Digits | Office Caltech
MNIST USPS SVHN SYN | AVERAGE A CALTECH AMAZON WEBCAM DSLR | AVERAGE A
FedAvg 79.11 79.07  63.20 22.19 60.89 - 56.70 66.32 43.10 46.67 53.20 -
FedProx 80.91 7897 6132 2537 61.64 +0.75 55.80 65.79 50.00 46.67 54.57 +1.37
MOON 83.18 7942 6125 2378 61.91 +1.02 60.27 68.95 51.72 50.00 57.74 +4.54
FedSR 75.41 79.42 6249 24.08 60.35 -0.54 58.93 64.74 44.83 53.33 55.46 +2.26
FedProto 79.87 78.13  60.83  25.97 61.20 +0.31 54.02 62.63 41.38 50.00 52.01 -1.19
FedGA 80.17 81.22 4927 31.69 60.59 -0.30 53.12 57.89 62.07 66.67 59.94 +6.74
FPL 79.98 7947  62.68 2622 62.09 +1.20 58.93 68.42 53.45 53.33 58.53 +5.33
FedTGP 80.20  78.67 6122 2697 61.77 +0.88 56.25 65.79 50.00 53.33 56.34 +3.14
FedLSA 81.50  76.63  65.17 30.95 63.56 +2.67 55.80 64.74 60.34 60.00 60.22 +7.02

Table 2: Performance comparison (%) of all compared mehtods on Digits and Office Caltech datasets, where AV FRAGE and
A denote the average performance of all domains and the improvements over FedAvg, respectively.

Methods PACS
PHOTO ART CARTOON SKETCH AVERAGE A
FedAvg || 47.50 31.22 47.87 34.86 40.36 -
FedProx || 50.30 31.87 48.30 37.32 41.95 +1.59
MOON 49.10 32.52 48.01 36.81 41.61 +1.25
FedSR 49.10 30.89 5142 36.30 41.93 +1.57
FedProto|| 50.70 32.85 50.28 34.44 42.07 +1.71
FedGA 51.50 31.87 52.13 34.52 42.51 +2.15
FPL 48.50 33.33 47.16 3291 40.48 +0.12
FedTGP || 49.90 34.80 50.85 34.27 42.46 +2.10
FedLSA || 52.30 35.77 53.41 3342 43.73 +3.37

Table 3: Performance comparison (%) of all compared
mehtods on PACS dataset, where AVERAGE and A de-
note the average performance on all domains and the im-
provements over FedAvg, respectively.

art. FedAvg (McMahan et al. 2017) and FedProx (Li et al.
2020) are two widely used federated learning algorithms.
MOON (Li, He, and Song 2021), FedSR (Nguyen, Tor-
r, and Lim 2022), FedGA (Zhang et al. 2023b), FedPro-
to (Tan et al. 2022a), FPL (Huang et al. 2023), and FedT-
GP (Zhang et al. 2024a) are six state-of-the-art federated
learning approaches. Concretely, MOON (Li, He, and Song
2021) employs the global presentations as the contrast sig-
nal to combat catastrophic forgetting. FedSR (Nguyen, Tor-
r, and Lim 2022) uses the mutual information mechanis-
m to mine domain-independent information of each client.
FedGA (Zhang et al. 2023b) seeks fair treatment of vari-
ous clients when encountering heterogenous data. FedPro-
to (Tan et al. 2022a) proposes a prototype based federated
learning schema. FPL (Huang et al. 2023) utilizes a group
of prototypes rather than individual prototype to promote the
contrastive learning. FedTGP (Zhang et al. 2024a) trains the
global prototypes based on local prototypes on the server.

Implementation Details

We perform the experiments with a simple convolutional
neural network, which is equipped with 2-layer convolution
layers and 3-layer linear layers. The specific parameters of
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Figure 4: Scatter visualization of FedProto and FedLSA on
MNIST, where the t-SNE is used for dimension reduction.

model architecture is introduced in the supplementary ma-
terial. Stochastic Gradient Descent (SGD) is employed as
optimizer. The communication round is set as 100, the e-
poch numbers on the clients and server are set as 5 and
500, respectively. The batch size is fixed as 64. In the pro-
posed FedLSA, three hyperparameters «, A, 7 are tuned in
{0.02,0.4}, {0.1,0.7}, {0.1, 0.2} respectively. All compar-
ative experiments are implemented on a server with Intel(R)
Xeon Gold 6230R CPU, RTX 4090GPU, and 128G RAM.

Performance Comparison

Tables 2 and 3 record the results on three multi-domain
datasets. On the one hand, in terms of average performance
on all domains, the proposed FedLSA achieves the best
results on three test datasets, demonstrating the effective-
ness of FedLSA. Particularly, the performance of FedLSA
is further upgraded compared to prototype-based approach-
es, such as FedProto, FPL, and FedTGP. It is worth em-
phasizing that on Office Caltech dataset, FedProto results
in performance degradation compared to FedAvg, because
the domain-skewed data induces the margin decay of global
prototypes, which severely affects the classification effect.
While FedLLSA achieves an increase of 7.02%, so learning
the anchors with enhanced margins that are only relevant to
the semantic is necessary. On the other hand, it is normal



Zsepp  Zoowm Digits
MNIST USPS SVHN SYN | AVERAGE
X X 79.11 79.07 63.20 22.19 60.89
X v 78.71 74.54 6246  28.51 61.06
v X 81.57 75.64 61.01 26.62 61.21
v v 81.50 76.63 65.17  30.95 63.56

Table 4: Ablation results (%) with respect to two principal
losses on Digits dataset.

Office Caltech
Zsep Loom
CALTECH AMAZON WEBCAM DSLR| AVERAGE
X X 56.70 66.32 43.10 46.67 53.20
X v 54.91 61.58 56.90 63.33 59.18
v X 55.80 64.21 53.45 60.00 58.37
v v 55.80 64.74 60.34 60.00 60.22

Table 5: Ablation results (%) with respect to two principal
losses on Office Caltech dataset.

that the proposed FedLSA does not work best all domains.
For well-generalized anchors, it should be adapt to various
domains as much as possible and achieve balanced results
among them. Therefore, realizing optimal average perfor-
mance is the advantage of the proposed FedLSA. Moreover,
the scatter of FedProto and FedLSA on MNIST is visualized
with the communication round increasing in Fig. 4. It can
be seen that FedProto is consistently inferior than the pro-
posed FedLSA in terms of intra-class compactness, which
is attributed to the fact that the semantic anchors learned by
FedLSA are more applicable to cross-domain data, and the
hyperspherical space projection is more conductive to pro-
totype contrastive learning.

Ablation Study

Separability loss Zsgp and compactness loss Lcopas sup-
port FedLSA for excellent performance, their significances
are validated by a series of ablation experiments in Tables
4 and 5. The CE loss L ¢k is a basic loss like £¢ g that
enables semantic differentiation of anchors, so it’s not nec-
essary to be ablated. When neither Lspp nor Leoon ex-
ists, FedLSA degenerates to FedAvg, realizing the baseline
performance. Further, the performance is improved as either
Zspp or Loon is included. Notably, when Lspp is in-
cluded and Loy is dropped, we use Ly-norm to constrain
intra-class representations to close to their anchors, other-
wise only using Zsgp is ineffective. Overall, the complete
model achieves the best performance thanks to the inter-
class separability and intra-class compactness induced by
Zsep and Looum-

Hyperparameter Study

Trade-off parameters o and A play the role of balancing
different losses, we perform the proposed FedLSA with
varying parameter settings to investigate their specific ef-
fects. Fig. 5 shows the results when o and A are set in
{0.001, ..., 1} on Digits and Office Caltech. We can observe
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that FedLSA exhibits little sensitivity to changes of « and
A on Digits, which may be attributed by the data simplic-
ity that reduces the training difficulty. For Office Caltech
dataset, a smaller A only allows FedL.SA to achieve moder-
ate performance, since a smaller A cannot favorably promote
intra-class compactness. The temperature parameter 7 is al-
so an important factor for FedLSA, Fig. 6 presents the per-
formance under various values of 7 in {0.05, ..., 1}, neither
too high nor too low 7 is conductive to satisfactory result-
s. Too high 7 detracts from the strength of the contrastive
learning, while too low 7 tends to reduce representation dis-
criminability. Hence, a suitable value of 7 is important.

(b) Office Caltech

Figure 5: Hyperparameter study with respect to o and A
on Digits and Office Caltech, where o and A are varied in
{0.001, ..., 1}, respectively.

60
60 55
< )
55 3\,45
O @]
3 50 o
=z 23
45 30
25
40505008 0.1 05 08 1 2075705008 0.1 0.5 0.8 1
Temperature Parameter t Temperature Parameter ©
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Figure 6: Sensitivity investigation with respect to tempera-
ture parameter 7 on Digits and Office Caltech, where 7 is
tuned in {0.05, ..., 1}.

Conclusion

In this paper, we propose a novel federated learning method
for domain-skewed data. The proposed FedLSA directly
learns the semantic anchors with enhanced margins via the
global semantic-aware classifier, avoiding the adverse im-
pact of domain-specific information. Furthermore, local data
is mapped into a hyperspherical space with uniform distri-
bution, then guided by semantic anchors, better separability
in representation space for each client can be realized. To
verify the effectiveness of the proposed FedLSA, substantial
comparative and ablation experiments are conducted, and
the experimental results prove the advance of the proposed
FedLLSA compared to the typical and state-of-the-art feder-
ated learning approaches.
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