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e CReFF (IJCAI 2022)

e Core 1dea : Implement the decoupling strategy to generate the class-distribution

balanced federated features for the server model and to retrain the classifer by the
federated features.
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Figure 2: The performance of re-training each component of a  Figure 1: The performance of re-training the classifier of a FedAvg

FedAvg model pre-trained on CIFAR-10-LT with IF = 100 and model using the same amount of data but from different sources.

a = (.5. Real data is directly collected from clients, and federated features
are synthesized by the proposed CReFFE.
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Figure 3: The framework of CReFF. In each round, clients send updated local models and real feature gradients to the server, and the server
sends the aggregated global model and the re-trained model to clients.
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I Motivation
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(a) CReFF (b) CLIP2FL

Figure 1: The figure illustrates the differences between CR-
eFF and CLIP2FL: CReFF uses only gradients for supervi-
sion, while CLIP2FL introduces the textual features of the
CLIP as prototypes for federated feature learning.

* In CReFF, the generation of federated features via client-side gradient information brings

two limitations:

1) It 1s a one-to-many mapping between gradients and samples, which results in the problem
becoming ill-posed;

2) It lacks semantic supervision, which could result in the federated features lacking
discriminative ability for their respective classes.



I Motivation ) AR
 How to use CLIP to solve the FL on heterogeneous and long-tailed data ?

1) How to use CLIP to improve the feature representation of client models ?

- knowledge distillation : CLIP 1s used as “Teacher” while the client model is treated as
“Student”, and knowledge 1s transferred from Teacher to Student for improving the

ability of feature representation.

2) How to use CLIP to mitigate the infuence of heterogeneity and class-distribution
imbalance on the server model ?

- use CLIP to constrain the generation of federated features from the client-side gradients
under 1ts effective semantic supervision

- retraining strategy : generate the federated features and use them to retrain the balance
server model



II Method——CL

P2FL

e Wﬁ 2 2 3 %,
O HEAERAALS

NANJING UNIVERSITY OF AFHUNALITE S AN AL THONALITT S

[—I- Forward propagation - --)» Backpropagation <« —»Share weights »Generate Upload -~ Download gFr reeze-J
~ -# l
Client: training process of the k-th client CLIP model } Server: get optimized federated features
é b T i 1
S v Ho— agy agy
CE CE __ KL < Q |Iu: .i]f];i! —> Average —» * ¢
g i‘”‘“f ' e Gradient
|
g';‘ g ? - : | I 9 Cthtype ngl Matching = 4
cvs G EE— ontrastive Loss I
FTE *_I,_ =) + | + _ Leamingloss  _ _ 1 t_ = T |
L) v
bedodode]) : ! : {_J'_I_JI_JL_'gl 1 9o
Classifier A I * :
T : federated features :
a0 il
Feature N Feature Image Text e :
Extractor Extractor Encoder Encoder +___ e } :
@ a 5 ;
FedAvg mi> | ! = CE
T T b T A —| | |“_ = Loss
| I \ /
Long-tailed  Head ﬁ @, ~ Tai 2yl |3 Global model  Re-trained model
Dataset class class -’ 8 Server: re-train classifier

Figure 2: The framework of CLIP2FL. It includes two core components: local training on clients and classifier re-training on the
server. A prior knowledge-rich CLIP model acts as a bridge to connect the two components and helps the two core components
to learn better.
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I Experiments & RAKE

CIFAR-10-LT CIFAR-100-LT
Type Method [F=100 IF=50 IF=10 IF=100 IF=50 IF=10
FedAvg 56.17 5936 7745 3034 3635 4587
FedAvegM 5203 5711 7081  30.80 3533  44.66
Heterogeneity-oriented  FEGPTOX 5692 6089 7653  31.67 3630  46.10
ot o FedDF 55.15 5874 7651 3143 3622  46.19
FedBE 5579 5955 7778 3197 3639  46.25
CCVR 6953 7189 7848 3343 3698  46.88
FedNova 5779 6391 7779 3264 3662  46.75
s Fed-FocalLoss 5383 5742 7374 3067 3525 4552
A Ratio Loss 5975 6477  78.14 3295 3688 4679
FedAvg+r-norm 4995 5141 7208 2622 3371  43.65
SOTA CReFF 7055  73.08 8071  34.67 37.64  47.08
— p—— 7337 7535  S8LIS  37.56 4129  48.20

(12.82) (1227 (1047 (1289 (1365 (11.12)

Table 1: Top-1 classification accuracy(% ) on CIFAR-10-LT and CIFAR-100-LT datasets with different FL. methods, where the
results are referred in (Shang et al. 2022). The best results are marked in bold.
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I Experiments

ImageNet-LT
L et siog All Many  Medium __ Few
FedAvg 7385 3492  19.18 7.10
T 2257 3393 1855 6.73
=i o FedProx 2299 3425  17.06 6.37
FedDF 2163 3178 1552 4.48
CCVR 2549 3672 2024 9.26
el gt FedFocalLoss  21.60 3174 1577 5.52
-yl Ratio Loss 2431 3633  18.14 7.41
FedAvg+r-norm 2158  31.66  15.76 4.33
SOTA CReFF 7631 3744 2187 10.29
R — 2772 3506 2755 24.80

(T 1.41) ( 2.38) (15.68) (T14.51)

Table 2: Top-1 classification accuracy(%) on ImageNet-LT dataset with different FL methods, where the results are referred in
(Shang et al. 2022). The best results are marked in bold.
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Figure 4: Analysis of two dissimilarities on CIFAR-10-LT
with IF = 100. The dotted lines denote the dissimilarities be-
tween federated features and real features, and the solid lines
denote the dissimilarities between federated feature gradi-
ents and real feature gradients.
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Method | KL L,q |CIFAR-10-LT CIFAR-100-LT
Baseline 70.55 34.67
W/o Lpe | v 72.20 35.88
CLIP2FL | v v 73.37 37.56

Table 3: Ablation study to investigate the effectiveness of
CLIP2FL on CIFAR-10-LT and CIFAR-100-LT with IF =
100.
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