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Introduction !- o F_ed;’a_lllgra_m;w;rlz ------------------------------- i (D Local class prototypes are generated through client collaboration, and the server
Feature Drift in Federated Learning: Cdhe T e Sever 1| aggregates these local prototypes to form global prototypes.

Feature drift in federated learning arises | g B (2) The feature encoder is trained using the adversarial learning method, and the optimized
when data collected across clients exhibit | ; - e ampitir &2ty || loss function is used to force the local feature encoder to enhance the client-agnostic
discrepancies in the feature space. Such - IR : features while generating category information.

variations often result from differences in b e i ; 1 Glebal Qassifier | fvee 1 (3) The server enhances the expressive power of the amplifier through encryption hybrid
sensing devices, task requirements, or ! b c Ampifer <> Local Clasifier 5 Lovcr || ! i features, forming an adversarial relationship with the client, and retraining the global
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classifier at the same time.
(@) We replace local classifiers with a global classifier to construct a more generalizable
classification model, while leveraging local data to strengthen its personalization

environmental conditions. I

(a) The overview of FedPall
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Core Design of FedPall: FedPall leverages

prototype-based adversarial learning to align . N — G capability.
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heterogeneous feature spaces. Meanwhile, it [ || (lobalPrototipe 11 paa f‘“"’"" e Ampinee &1 assfier 1 : LOSS Function
. . - 1 bt : istribution: | H e
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class-specific information, ensuring that ! Poaling | | Povling || , I . L .. . S I
discriminative features remain intact. 1Y mey il e A N [ I« Lossk;, improves the generalization of each client's feature encoder while minimizing :
;! m o v o B0 7 e t Mask ull - E]IEV :”ﬁ“‘ b4 L client-specific heterogeneity in feature representations. [
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Effectiveness: By jointly addressing feature . - aw e st Clasifier L — cn-ss-rfrl o - Loss;.;onoe  minimizes the distance between local features and their corresponding
o i lobal Classifier ocal ! . . .. .
alignment and class consistency, FedPall L, e RN W l|1[l[1L ﬁ oo i global prototypes, while maximizing the difference between local features and global
provides an effective solution to the problem of | | 3 e R e - prototypes of other categories. :
feature drift in federated learning. I (o) Generating Global Prootypes © (¢) Trsin Local Model @ () Trai Global Model ® OPmticin ¢ I« Losscy improves the classification ability of local models in common scenarios. !
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Maln Experlment Ablation Study 00 Only CE w CE & InfoNCE m CE & KL = Ours 69.25
9p | 869 87.8 883 888 “ 68.00
100 o —'““““‘_" fa 2 8 66.75
SingleSet FedAvg FedProx PerfedAvg FedRep FedBN  MOON FedProto ADCOL RUCR FedHEAL | ours(FedPall) - (s = FTTT T T \ g0 645 gy 657088 o4 < 65.50
amazon | 74.0(2.7) 56.9(2.5) 56.6(2.6) 57.1(22) 45.3(1.9) 40.8(15.8) 51.7(16.1) 69.4(2.1) 73.3(4.4) 52.1(8.5) 65.1(3.3) | 72.9(L.4) E i Lightweight global ! g o s B 6425
caltech | 44.7(3.2) 46.5(4.6) 51.0(5.2) 50.8(1.6) 38.4(4.9) 33.9(6.5) 41.3(13.6) 39.4(6.3) 37.2(1.7) 44.3(1.0) 44.6(3.2) | 44.7(8.7) g ! . . ' g %0 5 63.00
Office-10|  dslr | 60.2(6.7) 30.1(4.9) 33.3(10.4) 31.2(4.9) 34.4(4.9) 38.7(3.2) 24.7(1.9) 65.6(4.9) 763(4.9) 30.1(6.7) 67.7(1.9) | 77.4(3.2) :g:.;' | classifier retraining ! F 20 61.75
webcam | 71.3(2.6) 37.9(6.2) 437(7.2) 47.1(7.8) 55.8(2.6) 30.5(6.1) 33.3(127) 71.3(43) 71.3(2.6) 37.4(5.0) 60.9(1.0) | 74.7(1.0) ' is beneficial ! &x = 6050
avg | 62.5(04) 429(12) 46.1(2.6) 46.6(2.9) 43.5(13) 36.0(65) 37.8(10.9) 61.4(1.7) 64.5(1.8) 41.0(0.6) 59.6(0.5) | 67.5(2.7) o Lo e 10 5825
MNIST | 95.5(0.2) 929(22) 91.8(3.0) 90.1(4.8) 86.5(6.1) 96.7(0.1) 934(I.1) 96.405) 963(0.4) 92.6(2.0) 93.60.6) | 97.2004) o NN NN N WS 0 2 04 06 08 10 >0
SVHN | 71.1(0.9) 77.4002) 769(0.3) 75.6(04) 67.2(1.7) 79.4(0.3) 79.6(0.8) 725(0.3) 75.1(2.1) 77.9(0.3) 68.3(2.0) | 78.00.4) v Digits Office-lo PACS &-weight of infoNCE loss
Digit USPS | 86.4(0.3) 89.3(0.9) 89.2(1.4) 88.7(0.7) 90.0(3.0) 90.1(0.5) 81.8(0.7) 87.0(0.8) 86.7(1.3) 88.9(2.4) 87.00.5) | 87.3(1.3) (a DIgItS Datasets 1. Effect of loss combination 2. Hyperparameter sensitivity
1EHS | SynhDigits | 95.2(0.1) 95.5(0.1) 95.4(0.1) 95.0(0.2) 94.2(0.8) 95.6(0.1) 96.6(0.2) 95.3(0.6) 96.4(0.3) 96.0(0.2) 89.3(1.6) | 95.3(0.4) o0 & De-Retrain = Retsain - # De-Retrain. © Refrain . . L L
MNIST-M | 76.6(0.4) 73.8(1.5) 74.0(1.5) 73.2(0.8) 69.1(0.9) 763(0.4) 72.2(0.9) 78.3(1.2) 78.3(4.4) 72.7(0.4) 67.81.9) | 85.9(1.4) S0 | e © s 1. The results of different loss function combinations indicate that our
avg | 849(0.1) 858(09) 855(L1) 845(13) 81.425) B7.6(0.1) 84.7(0.6) 859(0.2) 86.6(1.3) 85.6(0.9) 81.2(13) | 88.7(0.2) I T m s w loss function design can effectively address the feature drift problem.
art_painting | 33.6(0.8) 25.8(1.9) 24.3(4.1) 26.5(2.2) 26.9(3.3) 36.7(1.8) 30.6(2.0) 32.7(0.7) 34.9(1.2) 24.7(1.1) 31.2(1.2) 35.6(0.6) E £ . . .
cartoon | 58.5(2.5) 45.4(2.3) 51.4(0.6) 48.3(1.2) 44.4(2.1) 556(20) 51.5(1.8) 57.3(1.5) 57.2(0.8) 47.5(3.3) 50.8(04) | 359.7(2.3) 20 ‘540 2. b)When p is set to around 0.2, the performance remains relatively
PACS | photo |63.0(1.9) 48.7(3.1) 49.6(2.0) 46.9(2.6) 41.9(28) 66.1(1.0) 53.0(3.3) 64.0(1.3) 62.1(2.0) 47.5(6.2) 61.1(2.0) | 64.7(1.3) E!ﬂ L 20 stable, and it reaches its best when & is around 0.2.
sketch [ 79.7(0.1) 49.0(2.0) 40.7(1.5) 44.4(3.8) 40.5(1.3) 79.6(1.7) 55.1(1.4) 79.6(0.8) 80.1(1.0) 42.2(2.4) 73.8(0.1) | 82.2(0.7) 0 0
avg 58.7(1.2) 422(1.6) 41.5(1.8) 41.5(1.9) 38.4(1.1) 59.5(1.4) 47.6(0.9) 58.4(0.3) 38.6(0.6) 40.5(2.0) 54.2(0.5) | 60.6(0.4) Amazon Callech DSLR WebCim  Avg. ""f’“"‘““#“”" Photo  Sketch  Avg
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