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I Introduction

No Fear of Heterogeneity: Classifier Calibration for Federated Learning with Non-IID Data
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Figure 1: CKA similarities of three different layers of different ‘client model-client model’ pairs.
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Figure 2: The means of the CKA similarities of different layers in different local models.

Classifier shows the lowest features similarities, among all the layers.
The low CKA similarities of the classifiers imply that the local classifiers change greatly to fit the local data distribution.
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No Fear of Heterogeneity: Classifier Calibration for Federated Learning with Non-IID Data
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Figure 3: Label distribution of CIFAR-10 across clients (the first graph) and the classifier weight norm distribution
across clients in different rounds and data partitions (the three graphs on the right).

The classifier weight norms would be biased to the class with more training samples
at the initial training stage. At the end of the training, models trained on non-IID data
suffer from a much heavier biased classifier than the models trained on IID data.
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I Background

Non-IID Data in FL:

1.Covariate shift (4F L fn)
For instance, users writing the same word may exhibit varying stroke strength due to habits.

2.prior probability shift (§r% 4> 70)

For instance, kangaroos only live in Australia or parks.

3.concept shift (EFr3F AN[E4FAE)

For instance, dogs in different regions have different appearances.

4.concept shift (E4FAE NE AR

For example, given the existing characters, the next character a user might input could vary.
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I Background

Existing methods for addressing the non-I1ID problem:

1.Mitigating Client Drift

Adjusting local objectives of clients to maintain some consistency between local and global models.

2.Modifying Aggregation Schemes

Enhancing the model aggregation mechanism at the server end.

3.Data Sharing

Introducing publicly available datasets or generating data to assist in constructing a more balanced data
distribution at either the server or client end.

4.Personalized Federated Learning
Aiming to train personalized models for individual clients rather than a shared global model.
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I Background

Neural Collapse:

The neural collapse was a phenomenon at the terminal phase of training on a balanced
dataset, the feature prototypes and the classifier vectors will converge to a simplex
ETF(Equiangular Tight Frame) where the vectors are normalized, and the pair-wise angles

are maximized.

A collection of vectors vi € R?, d > C — 1 is said to be a simplex equiangular tight
frame if:

C 1
V=4/—U(Is— =11}
C—1U<O COC)

V = [vi,--,ve| € R¥™*C U € R¥™*C allows a rotation and satisfies UTU =1.,1¢ is
the identity matrix, and 1c is an all-ones vector.
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I Background

Neural Collapse:

C 1 .
VTVJ = m&id — j:\f@;j = [C]

where 0; ; equals to 1 when i =jand 0 otherwise. The pair wise angle —C+ is the

1
maximal equiangular separation of C vectors in R?.

Three key properties of the neural collapse (NC) phenomenon:

NC1 (Features collapse to the class prototypes)
Z%/V — 0, ‘Where ZC = = ?:Cl(hc,i — hC)(hc?@' — hc)T

Ne

NC2 (Prototypes collapse to simplex ETFs) |
he = (h. — hg)/|lhe —hel|  he =L, 37 he;

NC3 (Classifiers collapse to the same simplex ETFs)
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C 1
V=4—U(Is—- =11}
C—1 (C G *° O)
V = [vy,--,ve] € R¥XC U € R¥C allows a rotation and satisfies UTU =1, 1. is

the identity matrix, and 1c is an all-ones vector.




I Motivation

How data heterogeneity causes classifier biases in FL?

Classifier Consistency
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Figure 1. How data heterogeneity causes classifier biases in FL. Smaller o corresponds to higher Non-1ID. Experiments are conducted
on CIFAR-10 with vanilla FEDAVG. Columns from left to right: (1) Non-IID data results in poor generalization, biased classifiers, and
misaligned features. (2) Clients’ data distributions. (3) Clients with Non-IID data have smaller pair-wise classifier cosine similarities. (4)
t-SNE visualization of clients’ class-wise classifier vectors (represented by colors), which are more scattered in Non-1ID data.
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I Method

FEDETF:

In FEDETF, only the feature extractor and projection layer are learned and aggregated, and
we adopt the same synthetic and fixed ETF classifier for all clients throughout the FL training
process. Instead of prediction logit loss in vanilla FL, we use a novel balanced feature loss for

the ETF classifier.

Network Architecture

4 ] ™ 4 AN
Projection Balanced
Layer Featu.rful._.oss
Local .| Feature £l g " e H "" 'g Local .| Feature
Data "| Extractor Server Data Extractor Server
Prediction
Logit Loss 7
Linear Fixed ETF
ifi : Classifier
Clients Classifier L Clients y
‘éj i Ay //

(a) Vanilla FedAvg (b) Our Proposed FedETF
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I Method

ETF classifier initialization:

At the beginning of the FL training, we first randomly synthesize a simplex Vg7 € R,
where d denotes the feature dimension of the ETF and C is the number of classes.

For each class’s classifier vector vi, it requires ||v;l[z = 1.

Projection layer:

Given a data sample x, we first use the feature extractor f., to transform the data into
the raw feature h and then use a projection layer 9p to map this raw feature to the ETF

feature space and normalize it into & .

f-":ﬂ’/Hiﬁ’H? f= g(p; h)? h:f(u;x)?

1) If the last layer of the feature extractor is the non-linear activation, the raw feature h will be sparse with zeros.
2) The raw features always have high dimensions, and high-dimensional vectors are more prone to be orthogonal.

3) The projection layer is helpful in the local finetuning stage for personalization.
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I Method

Balanced feature loss with learnable temperature:

In neural-collapse-inspired imbalanced learning, it is found that when the ETF classifier is
used, the gradients of cross entropy (CE) will be biased towards the head class. In FL, clients’

local datasets are also class imbalanced due to data heterogeneity.
We define the model parameters in our FEDETF as w = {u.p,3} , which consists of the

feature extractor, the projection layer, and the learnable temperature.

L exp(B- vy )
ch[c] n,. .exp(8-vip)

t’(w, Verr;x,y) = — log

where ny. . refers to the number of samples in class c of client k, B is the learnable
temperature, U is the normalized feature.
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I Method

Personalized Adaptation by Local Finetuning:

It consists of two parts: local feature adaptation and classifier finetuning.

In the local feature adaptation, we fix the projection layer and ETF classifier and finetune the
feature extractor to let the feature extractor be more customized to the features of clients’
local data.

In the classifier finetuning period, we finetune the ETF classifier and projection layer
alternately for several iterations to make the classifier more biased to the local class
distributions.
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I Method

Personalized Adaptation by Local Finetuning:

The learned model parameters in the — .
personalization stage are w = {u,p.5, Verr}, and (D Finetune Feature Extractor | |

I i £ . (@ (®): Finetune ETF Classifier 1 Finetune Fix
we split w into the tuned parameters w and the ! and Projection Layer Alternately !

fixed parameters w. When finetune the feature e
extractor, w ={u, B}, w=1{p, Verr }; when finetune _h\ |L>|]—® ,i ' ,H N

the ETF classifier, w ={Verr, B}, W ={u, p}; when

finetune the projection layer, w ={p, B}, W = © @

{u, Vgrr }, We use the vanilla CE loss without

balanced softmax in each stage of finetuning. POO®.-
exp(/3 - v; ) \. ® J

(P(w,w;x,y) = —log .
Zf:E[f.-'] E"Xp(f'g : Vi iu')
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I Experiment

Table 1. Results in terms of generalization (General.) accuracy (%) of global models and personalization (Personal.) accuracy (%)
of local models on three datasets under different heterogeneity. Best two methods in each setting are highlighted in bold fonts.

Dataset I CIFAR-10 CIFAR-100 Tiny-ImageNet
NonlID (cv) l 0.1 0.05 0.1 0.05 0.1 0.05
Methods/Metrics | General.  Personal. | General.  Personal. ‘ General.  Personal. | General.  Personal. | General. Personal. | General.  Personal.

FEDAVG [29] 52. 76608 83.85:010 ‘ 44.48+619  89.80:039 ‘ 2477219 49.93:107 | 22.53:040  58.85:03 | 28.93:050 40.81103s l 24 88:031  46.90:044

FEDPRrROX [23] 46.59:304  82.08:027 | 40.95:575 87.69:285 | 233307 46.44u1m 19.12:077  57.012217 | 25931027 31.90u191 | 23.060s088  32.431085
FEDDYN [1] 36.35:533 85.3920m | 23.90:140  88.72:150 | 25.53s230 51.79:202 | 2071253 6177032 | 2042:056 45.84w034 | 23.63:155 52271106
DiTTO [22] 52761608 79.8l:180 | 44.48s619 8517347 | 24772109 3B.06:126 | 22.53:040  50.18:122 | 28.93:052  33.0001m | 24.88:032 40311002
FEDREP [4] 26.85:1003 87.76s087 | 15.79:368  90.71:22s 5.47x020 53.62:1.49 4. 18085 61.51:061 4.10:022 43.66+0.48 2.20=0.19 49.52+154
CCVR [28] 52.50:63 55.62:580 | 47.98s62¢ 73524749 | 24540 34.0122m | 22.28:043 39.16114 | 32.78:024 54001046 | 29.27102s 59.29:030
FEDPROTO [36] - 83.34:0m - 88.21x177 - 43 .3 1s0.70 - 54.87:052 - 40.7410.57 - 48.05:082
FEDROD [3] 55.72:240 86.19:001 | 49.89:364  88.83:40s | 2449005 51.78s106 | 21.63:042 59.44u04s | 32172040 38271100 | 28.45:058 44091044
FEDNH [5] 55371448 85.98:005 | 47962259 91060313 | 246706 5209075 | 21.95:085 02 7leo22 | 175162 36.53202 14002007 41.802178

Our FEDETF | 59.56+184 87.89:1.19 ‘ 56.08:3414 92.62:054 ‘ 26.24:178  52.86+153 | 2417054 60.68:091 | 3349052 55.82:0.60 | 29154103 62.36:0.13

1) Classical FL with Non-I1ID data: FEDAVG, FEDPROX, FEDDYN
2) Personalized FL: DITTO, FEDREP
3) FL methods most relevant to ours: CCVR, FEDPROTO, FEDROD, FEDNH
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Communication Efficiency
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Table 2. Results ( % ) under various numbers of clients with partial client sampling. The dataset is CIFAR-10 with Non-IID o = 0.1.

Number of Clients | 50 100

Sampling Rate [ 0.4 0.6 0.4 0.6
Methods/Metrics |  General. Personal. |  General. Personal. | General. Personal. |  General. Personal.
FEDAVG [29] | 381302 772821 | 426862 74.99:25¢ | 4215210 715208 | 41.42s5 70.40:2.13
CCVR [28] 44.59:114 7893326 52.49673 82337 50.07 =030 76.27 4208 50.412303 77.27a.
FEDROD [3] 55.84:306 76.60:0.13 53.0d:254 74.42:100 52.62:168 T1.27 060 52.34:01 72.41:074
FEDNH [5] 39.97s90 76.59:050 453643358 T8.1Tx115 42.77 =085 73474138 45.85:2.98 T3.152005

Qur FEDETF 58.05:063 85.82:056 58.75:1.m2 85.05:057 56.67 055 83.47 045 55.96:0.2 83.38:0.72
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I Experiment
Understanding FEDETF

We first examine the feature alignment of local models. We compute class prototypes
(feature mean of each class) in each client and calculate the cosine similarities of clients’

class-wise prototypes, which is analogous to NC1.
We compute the class prototypes of the global model and calculate the pair-wise cosine

similarities of these prototypes in terms of NC2.

=
i

Cosine Similarity
o o
on ch
Mean Squared Error

08 FedETF
Fedawvg

=
N

FedETF
FedAvg 0.2

=
%)

0 20 40 B0 BO 100 0 20 40 60 a0 100
Communication Rounds Communication Rounds

(a) Feature prototype consistency of clients’ local models
(b) Neural collapse error of the aggregated global model
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How feature dimension affects FEDETF
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(a) How feature dimension affects FEDETF’s generalization and neural collapse.
(b) How personalization is reached in each iteration of FEDETF’s local finetuning.



I Ablation Study

% K A
g
o 3 L | : ) q
25 £ éﬁ:ﬁ" 'I"J. ‘ﬁmi
%0 §
‘wb:w »\" NANJING UNIVERSITY OF AHHIINALINE S AN AS THENATITH S

Table 4. Ablation study of FEDETF in terms of global model’s
generalization. The dataset is CIFAR-10.

Methods/NonlID(«) 0.1 0.05

FEDAVG 43.75+0.42 38.47+1.95
Ours w/o Projection Layer 44.9216.22 41.911147
Ours w/o Balanced Loss 46.06+0.75 37.6314.45
Ours w/o Learnable Temperature 49.80+4.52 46.07+1.61
Ours 56.46:4.18 53.98:1.29
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