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Background — Prototype-based FL

m  Considering practicality and decent generalization, prototype-based FL methods have emerged as a novel FL
paradigm, that transfers global prototypes among clients to tackle data heterogeneity.

m  Existing prototype-based FL methods directly collect the local prototypes from biased data distributions of
clients, which unavoidably introduces semantic inconsistency.

m  This is evident in the feature distribution (Fig.l):

= Vanilla (FedProtol!'l) shows clear separation between different categories

in simple domains but exhibits ambiguous clustering in hard domains.

®  Their updates are still primarily performed at the prototype-level

by client-specific representations, which may inherit semantic biases

Vanilla Proposed
and thus fail to provide a consistently aligned global signal. Figure 1. Tllustration of heterogeneous FL with domain skew.

The Vanilla column visualizes the feature distribution of a standard
prototype-based FedProto (Tan et al., 2022a), showing failures in
hard domains like SYN. In contrast, the Proposed column shows
our approach achieves a larger inter-class distance and a smaller
intra-class distance in such domains. Due to its simple aggregation,
the prototypes in Vanilla (¥) fail to reliably align with class centers,
whereas our Proposed (¥%) yields better separability.

[I]Yue Tan et.al,‘FedProto: Federated Prototype Learning across Heterogeneous Clients’, AAAl 2022.
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Background — Motivation

®  An intuitive solution is to preserve sufficient local data with diverse data distributions to learn a uniform
representation space, thus producing semantically consistent global prototypes.

®  However, this is fundamentally incompatible with the privacy-preserving FL paradigm.

m  This dilemma inspires our core idea: if the FL model could learn a representation space using all clients’ samples,
the obtained prototypes would exhibit better semantic consistency. In other words, we expect to optimize
global prototypes over all real samples, instead of adopting skewed clients’ representations.

= We achieve this by simulating the optimization trajectories of real samples via gradient matching.
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Left:The L, distance of centralized prototypes calculated by centralized training using all clients’
samples to global prototypes from FedAvg, FedProto, and our method.
Right:The corresponding accuracy, ‘Using HP’ means replacing global prototypes with hyper-prototypes.



Methodology — Federated Hyper-Prototype Learning
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Methodology — Optimizing Hyper-prototypes

= We introduce hyper-prototypes, which 1) leverage a set of learnable class-wise prototypes to adequately
capture semantically meaningful knowledge; and 2) optimize them through gradient matching to simulate

optimization trajectories of real samples from clients (i.e., approximating the prototypes that are calculated
directly using all clients’ data samples).

average gradients of class c on client k We initialize hyper-prototypes: {sf}\,li'l e RIZIxd
of = 1 Z V. Lolenyi) € RY T.hen,TNe calculate gra?dlents of hyper-prototypes
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Methodology — Hyper-prototypes vs. Prototypes

m  After optimizing the hyper-prototypes on M rounds, we can obtain the updated hyper-prototypes as:

" ‘SM — [{S%}‘lzllla ceey {Sf}‘lﬂla ety {S;,C}‘_

= Note that the optimized hyper-prototypes serves as the initialization for the next round of training.

m  The hyper-prototypes achieve larger inter-class separation and tighter intra-class compactness, even across

multiple domains.

8 OptimizingﬁGM successfully makes the gradients of hyper-prototypes close to the gradients of real
samples, indicating a good approximation to the centralized prototypes.

a
FedAvg (78.82%) FedProto (80.41%)  Ours (84.80%) Centralized

Figure 3. Visualization for the representation space of differ-
ent prototypes on Digits (Peng et al., 2019). Each color (I [7)
indicates one class, and each shape ([ @) denotes one domain.
Centralized is trained on all clients” samples, as an upper-bound
reference for prototype quality. The global prototypes of FedAvg
and FedProto fail to describe diverse domain information, while
our hyper-prototypes promote better semantic consistency across
multiple domains. Please zoom in to view details.
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Figure 4. Loss trend of L (Equation (8)) under different

FL scenarios: CIFARI10 (Krizhevsky et al., 2009) with NID1g 5

(label skew), CIFAR10-LT (Krizhevsky et al., 2009) with p = 50

(quantity skew), Digits (Peng et al., 2019) (domain skew).
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Methodology — Overview of FedHPro

®  Framework illustration of Federated Hyper-Prototype Learning (FedHPro)

m  First, the clients upload the gradients to the server. Based on these gradients from local clients, we leverage a set of
learnable units to instantiate the hyper-prototypes.

m  Then, by incorporating the optimized hyper-prototypes, we construct Hyper-Prototype Contrastive Learning (HPCL)
with client-specific margin to promote inter-class separability. Besides, we design Hyper-Prototype Alignment Learning
(HPAL) to impose intra-class uniformity by smoothly penalizing deviations at the feature-level.
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Methodology — Hyper-Prototype Contrastive Learning (HPCL)

= We devise Hyper-Prototype Contrastive Learning (HPCL) with client-specific margin to facilitate inter-class
separability while preserving semantic meaning.

®  We first calculate a margin among local prototypes:

m dp= 712ZZDL2

C1 (g;é(l

= The cllent-speC|fc margin adaptively guides each sample’s embedding toward a more compact cluster center.

m  On this basis, we aim to enforce sample’s embedding to be similar to respective hyper-prototypes and
dissimilar to the hyper-prototypes of other classes.

|Z]
Zi " S;
= We define the similarity between sample’s embedding and hyper-prototypes as: s(z;,Sy;) = \I\ Z i £>< ﬁscH :
“il|2 7112
=  Next, we introduce the following objective term:
ZSIJ-WGNE{ exp((s(z;, wa) +dy)/7) T denotes a temperature parameter to control the

L = log(1 , ,
wrcor = log(1+ exp(s(zi. 8$,)/7) representation strength
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Methodology — Hyper-Prototype Alignment Learning (HPAL)

m  Despite the local model pulling sample’s embedding toward the corresponding hyper-prototypes, representation
inconsistency may still arise due to the intrinsic heterogeneity across clients.

®  We design Hyper-Prototype Alignment Learning (HPAL) to impose intra-class uniformity among clients by
smoothly penalizing deviations at the feature-level.

averaged hyper-prototypes 1

= T S s e R =)  Lypar = Z {
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~(titay — Ty B |y — Pl & T
|2i(q) — Hiu(q)| — 3, otherwise.

g indexes the dimension

!
Lo = 1y, 10g(8(hk(=:))).

Training Objective
=Lop+ Lupor + Lupar.
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Methodology — Pseudo-code Flow

m  Server-Side: we optimize the simulated hyper-
prototypes via gradient matching;

m  Client-Side: we leverage the hyper-prototypes
to promote FL local training.

Algorithm 1 FedHPro: Federated Hyper-Prototype Learning

Input: Communication Rounds R, Local Epochs E, Clients K, k-th client’s data D} and model wy,
Output: The final FL global model wx

/+ Server—Side Executing =*/

for each communicationround » = 1,2, ..., R do
A < {l,..,K}// randomly select clients
for each client & € A, in parallel do
| wg, gr < LocalUpdating(w;, Sar)
end

Wy — Zlki"ll Tewy // global aggregation

/* optimizing hyper—-prototypes (Section 2.2) =/
G=1Ilgh .. ..g..., g®1 + Equation (6)

Grr = [8ip, - - - EHps - - - s g&;] + Equation (7)

Lam (G, Gw) + Equation (8) // gradient matching

S = [Shss- ... Sirs--es Sir]1 + Equation (9)

end

/+* Client-Side Updating =/

LocalUpdating(w,., Sar):

wy < w,. // distribute global parameters

for each local epoche = 1.2, ..., I/ do

for each batch b € private data Dy, do

Lor =30, — 1y, log(d(hi(zi))) < Equation (14)

/+ Hyper—-Prototype Contrastive Learning (Section 3.1) «/
dy < Equation (10) // client margin

ﬁ;;p(;L(Zi.S;\'I.NL. dk)ieb — Equation (|2)

/* Hyper-Prototype Alignment Learning (Section 3.2) =*/
Lrpar(zi, HSs)ics < Equation (13)

L=Lce+ LupcrL + LupaL

wy — wr — VL (wk;b) // update model

end
end
gk ={}// initialize gradients

foreachclassec=1.2.....,Cdo
1

g5 = e Z(zi,yi)e’D;; V., Li(xi.yi) < Equation (5)
gr = gr U {gi}

end

return wy, gk to the server
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Experiments — Main Results

= We can observe that FedHPro consistently outperforms eight SOTA baselines, confirming the significance of the

hyper-prototypes in capturing consistent semantic representations and their effectiveness when utilized via the
HPCL and HPAL modules.

Table 1. Comparison results under label and quantity skew. { denotes the results obtained by exchanging both the prototypes and model
parameters (please see analysis in Appendix Table A7) during the FL training. Best results are in red bold, with second best in blue bold.

METHODS CIFARI10 HAM10000 TINYIMAGENET CIFAR10-LT (NID1gy5)
NIDigo NID1gs NID2 | NID1go NID1ys NID2 | NID1go NID1gs NID2 [ p=10 p=50 p=100
FedAvg [AISTATS 17] 80.59  85.60 7448 | 4526  48.68 4154 | 4134 4383 3620 | 7554 69.05  60.79
FedProx (MLsys20] 80.74  85.54 7467 | 4542 4855 4121 | 41.16 4350 36.62 | 75.15 6923  60.86
MOON [cVPR*21] 82.04 8695 76.07 | 47.33 50.24  43.10 | 4322 4436 37.15 | 76.11 6970  60.91
FedProto! (aaar) 81.61 86.25 7532 | 4635 4970 4245 | 4225 4419 3686 | 7581 6943  60.37
FedTGPT [aaaras) 84.14 8731 7795 | 4829 5077 4426 | 4392 4513 3821 | 7627 7136  61.94
FedGMKD nvewrips24] || 83.56  88.09 7729 | 4797 5049 4420 | 4409 4530 3794 | 76.83  71.21 62.13
FedRCL [cvPR™24] 83.80  87.76 7751 | 48.60  51.10 4436 | 4430 4524 3876 | 76.60 7155 = 6241
FedSAY [aaaras) 84.27 8793 7786 | 4845 51.28 44.85 | 44.18 4556 3835 | 7675 7230 6248
FedHPro (Ours) 8598  89.56 79.70 | 50.23 5279 46.17 | 45.64 4690 4052 | 78.62 74.69  64.75
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Table 6. Comparison for hyper-prototypes and global proto-
types (P in Equation (4)), = means replace with [P in the loss.

USING PROTOTYPES DiGITS OFFICE-CALTECH | CIFAR10-LT

AVGT A | AVG? A ACCT A

E : S A b I : Hyper-Prototypes 84.80 — | 64.52 - 7469 -
Xpe rl ments — o0me atlons Using P = HPCL 8372 -1.08 | 63.15 137 7322 -147
Using P => HPAL 8329 -151 | 6242 210 7280 -1.80
Using P = BOTH 8135 -345| 3969  -4.83 7256 -2.13

The hyper-prototypes consistently improve the accuracy of these methods in multiple domains. This further
confirms that our hyper-prototypes preserve better semantic consistency than the conventional prototypes
during FL training.

Tab.5 shows: I) HPCL brings significant gains over the baseline, indicating that HPCL is able to promote inter-
class separability while preserving semantics;2) HPAL also yields solid improvements, proving the importance
of aligning embeddings across clients via smooth regularization.

In Tab.6, we use global prototypes to replace hyper-prototype in the loss term. It is evident that using global
prototypes largely weakens both HPCL and HPAL, indicating the superiority of the hyper-prototypes over the
conventional prototypes from the proposed module perspective.

Tuble 5. Ablation study for two modules of FedHPro: HPCL and
Table 3. Enabling existing prototype-based methods, in which HPAL, on the Digits (Top) and Office-Caltech (Bottom).

their prototypes are replaced with our hyper-prototypes.

HPCL HPAL || MNIST USPS  SVHN SYN | AVG?t

DIGITS X X 96.68 9043 7635 5185 | 78.82

USING HP I v X 98.06  91.74 83.81  60.74 | 83.58
MNIST  USPS SVHN SYN AVG 1 X v 9838 9193 8416 6130 | 83.94

- v v 9852  93.13 8495 6259 | 84.80
FedProto® |(97.48 10,05 92.24 1935 80.90 4165 56.39 4504 | 81.75 11 54 HPCL. HPAL || Caltech Webcam Amazon DSLR | AVG 1
FedTGPT  [197.83 110 92.67 1021 8249 1114 57.46 1557 [82.61 14 X X 60.71 4890 7579 3628 | 5542
FedGMKD |[[97.85 105 92.71 1005 82.52 11450 58.04 11 57 [82.79 1000 v X 63.27 ST.100 - 79.64  43.67 1 60.92
; X v 64.16 5535 7901 4675 | 61.34
FedSA 97.98 +0.20 92.79 t0.20 8293 1116 59.30 1115 | 83.25 1071 v v/ 64.61 62.45 80.69  50.33 | 64.52
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