I Federated Semi-Supervised Learning (FSSL)
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I Introduction

* Objective of FSSL

The objective of FSSL is to optimize a model under the non-independent and identically distributed
(Non-11ID) data sets.

* Challenges of FSSL

distributed data and privacy protection

* Broadly three lines of FSSL methods

1) there are only limited labeled data in the central server

2) each client has partially labeled data

3) few clients have fully labeled data and the training datasets in other clients are fully unlabeled
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Step 1) Warm up stage: train fully supervised models on only labeled clients using residual
weight connection in a normal federated learning manner.
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Figure 1. An overview of our CBAFed. In the central server (left side), the global model is aggregated with the returned local models (step
@) and the adaptive thresholds are calculated by the returned training data statistics (step (@)). Then central server passes the global model,
adaptive thresholds and class distribution to all local clients (step (I)). After downloading these data, local clients perform local training
on the right side (step (2)). Labeled clients use labeled data to train the model with residual weight connection. Unlabeled clients obtain
the new training dataset by adaptive pseudo labeling and tail class data discovery and use it to train the model. After local training, local
clients return trained models and number of data in each class back to central server (step 3)).
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Step 2) The central server computes the empirical class distribution and obtains the class
balanced adaptive thresholds, then passes them to local clients.

Step 3) All local clients update local models, adaptive threshold and class distribution.

Labeled clients: train local models on all the data using proposed residual weight connection.
Unlabeled clients: acquire the fixed training set by the threshold and the tail class datasets, and
train local models on the newly obtained training dataset.
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Step 4) The central server aggregates a new model with residual weight connection, computes
the class distribution, and obtains the class balanced adaptive threshold. Then, the central

server passes them to local clients.

Step 5) Repeat step (3)-(4) until the specified number of communication round is reached.
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* Residual Weight Connection
In ResNet, there is a skip connection between every layer.
There is a skip connection of model’s parameters between training epochs (or communication rounds).

oE _ oF E%s # 0
|yt 4+ (1—1)0F E%s=0

—> Averaging model weights over training steps tends to produce a more accurate model than using the
final weights directly.

* Pseudo Labeling Methods

warm up: fixed pseudo labeling:
Le= % Y H( \pm(yloi(X9)), g; = argmax pp(y|0; (X)), i=1,2,--- , N
Del (xelyrren,
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e Class Balanced Adaptive Threshold for Pseudo Labeling (CBAPL)

Setting a fixed threshold usually makes the model fail to consider different learning status and learning
difficulties of different classes.
e Curriculum Pseudo Labeling

Ti(c) = Be(e)-T

Due to the Non-IID partition, the labeled data are not balanced, so purely using the number of selected
unlabeled data to design threshold is improper.

—> Introduce many noisy labels into training

* CBAPL
N m =41
ol (¢) = ) 1(max(pm (y|6f (X!))) > Te(e))1L(H = ¢) ai(c) =) i)+ D al(c)
i=1 =1 p=m-+1

?f(ﬂ‘) — 2:21 1(5"f = ‘")
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e Class Balanced Adaptive Threshold for Pseudo Labeling (CBAPL)

empirical distribution e upper bound of threshold
= : (o} C. \ Ttey Tie < Th
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Py= (L Zf:l p:(c). ¢ lower bound of threshold
Theorem 3.1.
threshold of class ¢ _ /1 ”
T+ pe(c) — c < Tile) < 7+ pe(o).

Tt,c = pt(c) + 7 — std(pt)
Since 7 >> 4/ &, T¢(c) will have a high lower bound
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* Discovery of Unlabeled Data from Tail Classes

For warm up stage in labeled clients, it is similar to long-tailed classification, so the problems in long-
tailed classification will also exist in our pseudo labeling process : models tend to classify tail (rare)
classes as head (common) classes

mask function — P

1 =D™UD,
pi tFargmaxp

M;(p) = {I i 1
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& F 'C“ |Dt:tun|
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* Aggregation of local models
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Table 1. Results on SVHN, CIFAR-10/100, Fashion MNIST and ISIC 2018 datasets under heterogeneous data partition with ResNet18.
FedAVG™ means FedAvg [1Y] trained with all one labeled clients using our residual weight connection. Fed-consist™ means Fed-Consist

[1] using our proposed fixed pseudo labeling without enlarging the weight of labeled client.

. Client Num. Dataset

Labeling Strategy Meghod labeled unlabeled | SVAN CIFARIO CIFARIOD Fashion-MINIST _ ISIC 2018

FedAvg [17](upper-bound) 0 0 91.83 80.89 5138 00.14 81.32

Fully supervised FedAvg [ 1V](lower-bound) | 0 67.71 54.66 20.49 74.87 65.13

FedAvg™ [19] 1 0 76.98 58.21 24.84 78.26 66.69

FedIRM [ 7] I ) 69.22 52.84 30.20 76.83 64.85

Fed-Consist [* 1] 1 9 70.56 54.23 21.81 76.57 65.20

S — Fed-Consist™ [31] 1 9 86.57 56.35 23.25 78.35 65.50

RSCFed [1] 1 9 76.74 57.07 28.46 78.40 67.21

CBAFed(ours) | 0 88.07 67.08 30.18 85.49 68.29

local training epoch :

11 (Iabeled client) / 1 (unlabeled client)
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Table 2. Comparison of our method against RSCFed [1+], Fed-
Consist [ 1] and FedAVG [1Y] in SVHN dataset on ViT [5] as the
backbone, with one labeled and nine unlabeled clients.

Client Num.

Method labeled  unlabeled Accuracy
FedAVG [V ](upper bound) 10 0 96.81
FedAVG [ | V](lower bound) | 0 81.68
FedAVG™ [19] | 0 38.93
FedIRM [ %] 1 9 79.44
Fed-Consist [ 1] | 9 85.91
Fed-Consist™ [11] | 9 93.21
RSCFed [14] | 9 89.43
CBAFed(ours) 1 9 95.09

Table 3.

NANJING UNIVERSITY OF AtHIINALITE S AN A

Comparison of our method against RSCFed [! ], Fed-

Consist [ ], FedIRM [ ! %] and FedAVG [ !Y] with the number of
labeled and unlabeled chient set to 2 and 8.

Client Num.

Method Gheled umlabeled | ACoUrcy
FedAVG [17](upper bound) 10 0 30.89
FedAVG [ |9](lower bound) 2 0 61.85
FedAVG™ [19] 2 0 66.55
FedIRM [17] 2 g 62.62
Fed-Consist [ 1] 2 8 61.67
Fed-Consist™ [31] 2 8 68.04
RSCFed [1 1] 2 8 64.25
CBAFed(ours) 2 8 72.01
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Table 4. Ablation Study of CBAFed in CIFAR-10/100 and Fashion
MNIST Datasets. Fixed PL: fixed pseudo labeling, CBA: class
balanced adaptive pseudo labeling, DD: tail class data discovery.

Dataset

Fixed PL

»
s
=

DD

Res-Weight

Accuracy

CIFAR-10

v
v

59.16
64.29
65.15
67.08

CIFAR-100

<&

27.64
29.41
29.86
30.18

Fashion-MNIST

cassaaasaass

e [aes |aas

“ 4

79.99
80.87
84.37
85.49
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FedCD: Federated Semi-Supervised Learning

with Class Awareness Balance via Dual Teachers

Yuzhi Liu', Huisi Wu'*, Jing Qin?

I College of Computer Science and Software Engineering, Shenzhen University
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Figure 1: Comparisons of the test accuracy curves showed
that our proposed FedCD method with dual teacher distilla-
tion outperformed the variant with only mean teacher distil-
lation. The performance of the model relying solely on the
mean teacher declined due to the inherent limitations of local
knowledge. However, after incorporating the dual teacher
distillation and class awareness balance modules, the issue
of localized knowledge limitation was substantially miti-
gated, resulting in remarkable performance improvements.
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I Method——7FedCD
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Figure 3: An overview of our proposed FedCD framework. The left side shows our overall architecture, where we introduce a
proxy model and global-local teacher framework to assist unlabeled clients. The right side depicts the training process within
unlabeled clients. We propose the dual teacher distillation and class awareness balance module for effective balanced learning.
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* Problem Setting
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e Class Awareness Balance
Confident Classes Exploit Confdent Classes

Unlabeled Samples Proxy Model
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Figure 4: The pipeline of exploiting confident classes. We
leverage global information to mine the confidence classes 8k =

of each unlabeled client.

Identify Unreliable Samples Recalibrate Loss Function
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; Client Num. Metrics
Labeling Strateg Method
e L ? labeled unlabeled | Acc. (%) AUC (%) Precision (%) Recall (%)
| Task 1: Skin Lesion Diagnosis
Filly Gsroiaad FedAvg (upper-bound) 10 0 80.42 93.47 71.57 54.39
o i FedAvg(lower-bound) 1 0 68.07 79.02 34.86 31.37
Fed-Consist 1 9 67.84 81.25 37.49 29.08
FedIRM 1 9 68.39 81.6 37.49 31.81
Semi supervised RSCFed 1 9 69.09 82.59 37.94 32.59
CBAFed 1 9 69.79 83.06 37.99 32.75
Ours 1 9 70.99 83.64 42.22 35.63
| Task 2: Intracranial Hemorrhage Diagnosis
: FedAvg(upper-bound) 10 0 72.03 88.19 62.85 59.86
Fully supervised | £ votower-bound) | 1 0 5927 7745 46.49 42.27
Fed-Consist 1 9 58.96 75.86 46.07 42.04
FedIRM 1 9 58.98 74.79 45.37 42.88
Semi supervised RSCFed 1 9 59.32 71.51 47.53 43.04
CBAFed 1 9 59.34 78.17 47.56 43.01
Ours 1 9 63.10 79.55 47.77 46.93

Table 1: Resluts on the HAM 10000 and RSNA ICH datasets under heterogeneous data partition. We employ four commonly
used metrics for method comparison, including Accuracy(Acc.), Area under the ROC Curve (AUC), Precision, and Recall. The

best results are in bold. It reports that our method achieves the best performance among all methods.
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CAB DTD Acc.(%) AUC(%)

Basic X X 68.07 79.02
Basic+CAB v X 70.29 8241
Basic+DTD X v 70.44 83.53
74 7‘2:94 o Ours 90 = Ours OUI‘S 'u‘/ \/ Tﬂ.gg 83.64
oy 10.99 +  UBAFed B CBRAFed
570 B 80 ; . ;
Z ~G8.44 = Table 4: Ablation studies on the effectiveness of dual teacher
¥ b Z distillation and class awareness balance.
= 66 6505 651 = 70
62 60
5 15 20 25 5 10 15 20 25
Client Num. Client Num. -
Local  Global  Knowledge | Metrics
Teacher Teacher  Purification | Acc.(%) | AUC(%)
Figure 5: The accuracy score and AUC vary with the change
in the number of unlabeled clients. Noted that the number of :: ” j‘; ?gg‘i ;gg%
labeled clients remains at 1. 2 3 !
v v * 69.94 82.79
v v v 70.44 83.53

Table 5: Ablation studies on the effectiveness of dual teach-
ers and knowledge purification.
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_ Exploring One-Shot Semi-supervised Federated Learning
with Pre-trained Diffusion Models
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Shanghai Key Laboratory of Intelligent Information Processing
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Figure 1: The framework of FedDISC. The overall method consists of four steps: Prototype Extraction, Pseudo Labeling, Feature

Processing, and Image Generation.
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I Exp eriments

Openlmage DomainNet
client0 clientl client2 client3 clientd | average | clipart infograph painting quickdraw sketch | average
Ceiling 54.05 5842 6259 6321 64.79 60.61 | 81.54 52.49 73.54 30.11 7234 | 62.01

Fine-tune | 36.67 4681 4543 47.17 42.1 4364 | 67.57 4547 65.28 1042 62.14 | 50.17
Zero-shot | 56.03 4061 4028 44.06 61.45 | 4847 65.86 40.5 62.25 13.36 5792 | 47.98
Prompt | 4861 5403 59.07 5842 5349 54.72 66.42 3745 59.62 10.73 63.92 | 47.63
FedAvg | 41.11 4406 46.57 4745 37.63 | 4336 | 49.95 30.67 51.07 1.74 38.46 34.38
SemiFL | 48.15 5278 61.05 55.23 46.16 52.67 69.55 47.16 64.54 7.02 63.32 50.32

RSCFed | 2897 38.04 40.82 3398 36.35 | 35.63 715 45.73 61.96 11.53 65.03 | 51.15

“FedDISC | 5611 6249 6253 59.16 56.77 | 5942 | 72.54 4347 67.42 17.71 6725 | 53.68

NICO++_C | NICO++_U

client0 clientl client2 client3 client4 | average @ client0  clientl client2 client3 client4 | average
Ceiling 89.19 91.9  89.51 90.47 85.1 89.23 96.35 96.42 96.88 97.01 97.26 96.78
Fine-tune | 86.5 89.39 83.61 87.21 7695 | 84.73 84.75 79.08 81.48 86.58 83.52 | 83.08

Zero-shot | 78.66 8526  80.01 80.7 72.14 | 7935 89.2 89.24 87.19 85.5 88.6 87.94
Prompt | 8694 8741 89.73 82.69 73.51 84.05 90.61 87.14 89.96 87.48 88.16 | B88.67
FedAvg | 8698 90.82 82.68 87.57 7448 | 8451 83.26 13.3 77.93 80.8 79.28 | 78.91
SemiFL | 87.55 89.27 8193 §7.16 77.01 84.58 78.21 74.7 79.87 80.69 7702 | 78.09

RSCFed | 52.08 60.15 52.6 55.35 43.39 5281 71.88 64.14 70.82 69.71 69.67 69.24
FedDISC | 87.97 9209 8644 90.52 84.17 | 88.24 | 91.73 90.82 89.63 92.83 90.15 91.03

Table 1: The performances of different methods on Openlmage, DomainNet, and NICO++, where the italicized texts represent the
inaccessible supervised ceiling performance used solely as a reference, and bold texts represent the best performance excluding
the supervised ceiling performance.
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Category Source Domain of Input Domain-Specific Representation Random Select  Cluster Centroid | Random Select  Cluster Centroid
Clipart Infograph Painting | Quickdraw Sketch
DomainNet | e :
Bridge
DomainNet Prompt: “Cow” Prompt: “Airplane™
Horse
Figure 3: Comparison between generating using clustering
centroids and the randomly selected client representations.
Openlmage With the provision of clustering centroids, the introduction
Musical of more representative semantic information leads to a signif-
Instrument icant improvement in the stability of the generated outputs.
Enclosed On Wave Yellow - :
- Only Client Only Client §
Nico++ U Feature Feature
Life Boat é Y %
Rock ‘ N
Nico++ C . Client Feature P Client Feature
Uiikisadla .+ infograph + sketch
= Client Image

Figure 2: Generated images comply with different distribu-
tions on different datasets.
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Client Image

clientO clientl client2 client3 chent4
L = 3 Fine-tune 36.01 46.01 4459 4555 41.87
L =3FedDISC 5633 61.93 58.62 56.71 58.74
L =5Fine-tune 36.67 46.81 4543 47.17 42.10
L =5 FedDISC 56.11 62.49 6253 59.16 56.77
L =10 Fine-tune 37.55 45.86 44.85 4601 42.15
L =10 FedDISC 57.16 63.84 61.12 5791 59.13

Table 2: The influence of the number of cluster centroids.

DR CC client) clientl client2 client3 client4
66.42 3745 59.62 10.73 63.92

v 67.79  40.02 63.59 13.77 60.57
v 65.83 38.27 64.56 14.30 60.37

v v 7254 4347 67.42 17. 11 67.25

Table 4: The influence of different conditions.
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I Method———FedoSSL

e Problem Definition e More fine-grained definition on unseen classes:
. l ;
FedoSSL: C#C" Definition 1 (locally unseen & globally unseen class). In
% _ CI Cu FedoSSL, the unseen classes C; ynseen ON client ¢ can be
seern T ﬁ T . ] . .
:: divided into two types: locally unseen classes C; j,,, in which
Cu nseen — C \ Cseen. Citu = Ciaunseen M+ * N CK unseen; and globally unseen

. . 4. . . classes C; .., in which C; .., = C; C: ..
e Inconsistent data distribution on different LG B isunseen \ Cilu

clients raises another new problem: some unseen
classes may exist in more than one client, resulting in
biased training among different unseen classes

Client 1 D £ @ Client 2 D % @ Client K D £ B
) [E=ES n . r Lam:l II . n .[‘”’"I 2 . . . ﬂ

| l
| 1
| 1
Locally  (Globally I.-al'.r:|=1 o Locally i.:luh.Lllx: Locally  (Glabally :
| ]
: poia a0 i
¢

Lnseen  Unscen Lnseen Unseen Linseen [rseen

T
-—— -

LInlabeled data J abeled dat l. Liniabeted data
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1 ! Unseen  Unseen : I i Unseen Unseen i 1 Unseen Unseen i v b4
I I ! ! ! 1
’ \
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@ @ 1 1 Global Centroids
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Figure 1: Framework of the proposed FedoSSL algorithm. Pipeline: @ Local Training: Each client first performs local
training on its private dataset for several epochs (i.e., via optimizing loss function in Eq. (1)), and then computes local
centroids via a Sinkhorn-Knopp based clustering algorithm (Genevay et al., 2019). @ Upload model parameters and local
centroids to the server. @ The server performs standard model aggregation. @ The server performs centroids aggregation by
again using Sinkhorn-Knopp clustering to obtain global centroids. ® The global model and global centroids are returned to
the clients, who use them for local training.
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two main challenges:

a) locally unseen classes may be learned b) both labeled data and unlabeled data are
faster than globally unseen classes required to feed into the same model classifier
existing unsupervised pairwise loss treats ~ — generated cluster/class 1d heterogeneous

cach class equally — a big bias on pseudo- among different clients
label generation

Lr=L;i+BR; +vLY

The overall objective consists of three parts:

1) fundamental semi-supervised loss for all data;

2) an uncertainty-aware regularization loss to reduce the training gap among locally
unseen and globally unseen classes;

3) a calibration loss to achieve efficient model aggregation
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UNCERTAINTY-AWARE LOSS Unlabeled data Classifier
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corresponding cluster assignments computed by
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I Exp eriments

Table 2: Classification accuracy of compared methods on seen, unseen and all classes with 10 clients over three benchmark
datasets. Asterisk (*) in *SemiFL denotes that the original methods cannot classify unseen classes (and we had to extend
it). On unseen classes, LU. denotes locally unseen classes, while GU. denotes globally unseen classes. AU. represents the
overall accuracy of all unseen classes. Gray rows indicate the upper bound of the model performance of FedoSSL.

CIFAR-10 (%) CIFAR-100 (%) CINIC-10 (%)
#Method ALl Seen Unseen | Al Geen Unseen | Al Seen Unseen
LU. GU. AU. | LU. GU. AU. | LU. GU. AU.
CenO 7826 8663 - 7195 (5692 73.68 - _ 4428 6932 83.18 - 5886
CenN 8102 8947 - . 7464|5898 75.10 - . 4682 7189 8$3.82 - . 62.89
0:0RCA LocalO 6598 7957 - 4560 |43.10 5433 - . 2625 (5533 6523 - 4048
: LocalN 67.67 8395 - . 4326|4528 5724 - . 2734|5731 6570 - 4473

N:NACH Fed-AO 69.46 81.01 89.38 42.03 52.15 4791 59.67 38.07 29.12 30.26 | 54.85 63.22 7131 37.88 42.29
Fed-A:FedAvg Fed-RO  71.72 82.22 89.84 53.43 5596 |47.72 59.79 44.13 28.86 29.62 | 57.16 62.26 72.24 42.09 49.50
Fed-R:FedRep Fed-AN  66.58 84.18 78.76 37.58 40.15|47.25 58.24 42.11 30.44 30.77 | 53.49 63.61 66.78 36.06 38.32

Fed-RN  68.83 85.52 79.84 41.79 4381 |48.02 594 48.77 30.36 30.96 | 58.11 65.97 68.81 39.01 46.33

"SemiFL 6491 81.57 86.33 31.16 3992|4228 5494 31.68 21.46 2329|5227 62.72 64.53 3721 37.34
FedoSSL 76.26 8429 90.68 59.69 64.22 |51.58 61.12 4576 33.82 31.13 | 63.82 68.40 79.79 47.78 56.96
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Table 3: Analysis of Loss function: classification accuracy

on CIFAR-10 (the number of clients: 10).

METHOD SEEN UNSEEN ALL
FED-AO 81.01 5215 69.46
FEDOSSL-R;-L;* 83.53 52.24 71.01
FEDOSSL-R; 83.13 62.98 75.07
FEDOSSL 84.29 64.22 76.26

) b AL
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Table 4: Analysis of Loss function: classification accuracy
on CINIC-10 (the number of clients: 10).

METHOD SEEN UNSEEN ALL
FED-AO 63.22 42.29 54.85
FEDOSSL-R:-L£;¢ 69.10 40.31 57.58
FEDOSSL-R; 67.59 47.73 59.65
FEDOSSL 68.40 56.69 63.82

Table 5: Classification accuracy of compared methods on seen, unseen and all classes with 50 clients over three benchmark

datasets.

CIFAR-10 (%)

CIFAR-100 (%)

CINIC-10 (%)

#Method  All  Seen Unseen | All  Seen Unseen | All  Seen Unseen
Fed-AO 70.22 8334 5054 | 45.63 56.25 29.69 53.81 60.49  43.80
Fed-RO 71.36 8431 51.93 45.18 56.78  27.79 5726 61.70  50.61
Fed-AN 69.89 8536 46.68 | 4522 5630 28.59 5342 63.62  38.13
Fed-RN 71.49 86.28 4930 | 45.57 5679 28.73 57.81 65.29  46.60
FedoSSL  76.41 85.71 62.46 | 47.01 5834 30.17 | 64.02 69.56 55.71
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