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Abstract:  Short-text classification is broadly used and is a current hot research spot. However, the performance of
short-text classification is hampered by the scalrcity of annotated data for short texts and the challenges of centralized train-
ing for private data. To address these issues, we propose Fed-ASSL-HGAT (Active Semi-Supervised Heterogeneous Graph
ATtention network model based on Federated learning), an active semi-supervised heterogeneous graph attention network
model based on federated learning. This model utilizes the innovative active semi-supervised learning (ASSL) framework to
generate high-quality labeled samples for empowering the heterogeneous graph attention network (HGAT) model. Addition-
ally, federated learning is introduced to facilitate the joint training of the models deployed on different nodes, thereby satis-
fying the requirements of data privacy protection. The proposed ASSL framework significantly reduces the annotation diffi-
culty by transforming the multi-class annotation task into a binary classification task. To mitigate information loss, we em-
ploy a selection strategy based on information gain to filter soft and hard labels. Semi-supervised learning is employed to se-
lect positive and negative samples with high accuracy and stability for pseudo-labeling, thereby ensuring the labeling quali-
ty. Experimental results demonstrate that the proposed ASSL-HGAT (Active Semi-supervised Learning Empowered Hetero-
geneous Graph Attention Network) model achieves improvements of 2.45%, 8.11%, and 7.46% in F, scores comparing with
the HGAT baseline model on the AGNews, Snippets, and TagMyNews datasets, respectively. By incorporating the federat-
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ed learning, the Fed-ASSL-HGAT model can meet the performance requirements without scarifying data privacy.
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ACCT 87.44+0.38 85.82+0.67 72.54+0.16
5 BERT HGAT+UPS 50C
F 1 87.35+0.39 84.8620.67 72.52+0.17
ACCT 88.32+0.55 89.80+0.52 74.31+0.54
6 BERT HGAT+AL 50C
F 88.21+0.55 89.7320.81 74.11+0.49
Acct 88.53+0.31 90.26+0.64 75.94+0.45
7 BERT ASSL-HGAT 50C
£ 88.44+0.30 90.15+0.56 75.88+0.46
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3.87%. X 3% WA [a) 3049 00 T, S0 W7 s 0 5 XA AR
B W IR L R TR A M JBE | T3] B i DR IE A 2L 1 g
e f Tt

F3 AL-HCATHERERE 53 SIEF R THBEITLL AT %
I R [ — AGNews/4 432 Snippets/8 7335 TagMyNews/7 432

Acc?t F Acc?t F1 Acc?t F

ALL A 89.39 89.32 92.09 91.71 79.16 79.05

50C BB 86.38 86.27 81.03 80.50 68.03 67.96
o BEHL 86.33+0.64 86.24+0.65 82.06+2.67 81.41+2.52 69.14+0.79 68.97+0.77
@% o/ NEAR 86.72+0.35 86.60+0.38 84.11+1.11 83.61+0.92 71.40+0.23 71.35+0.18
i 10C ~ 50C 2 87.20+0.76 87.12+0.75 84.65+0.89 84.26+0.33 70.89+0.64 70.36+0.82
4 87.19+0.17 87.10+0.18 84.22+0.51 83.99+0.52 71.58+0.37 71.57+0.48
{5 B2 87.61+0.52 87.41+0.45 85.14+0.42 84.57+0.37 70.34+0.74 70.24+0.67
R 87.010.49 86.90+0.46 85.83+1.50 85.10+1.59 72.75+0.72 72.59+0.53
il I/ NEF R 88.05+0.41 87.94+0.41 88.53+0.57 88.19+0.59 72.80+0.90 72.78+0.96
. 10C ~ 50C W 87.59+0.43 87.51+0.44 87.56+0.75 86.69+0.70 72.95+0.74 73.00+0.73
i (NS 87.97+0.10 87.8620.11 86.42+0.46 86.44+1.07 73.37£0.62 73.18+0.66
5 B4 88.32:0.55 88.21+0.55 89.80+0.52 89.7320.81 74.31+0.54 74.11+0.49
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A& 7 ity 8 i 0.05xlen, 4~ FE AR B, E ) n 3
0.3xlen, Z¢ 1E 24K

AR SCHE Tk E 7T A3 A 2 (g~Dir(op)) ¥ LA Kb
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(a) AGNews (b) Snippets (c) TagMyNews
5 HIWr s T AR ) 3 22 5 S e w1 A K]

FEORAE BB AR 1 7 X F 1G-ASSL-HGAT 5 FedAvg &
W Rl A 5 LR, Fed-ASSL-HGAT (J) 3 71 78 3 Wi b
FE 77 3T 1G-ASSL-HGAT 5 FedAvg B 1k fill &5 J 1 #5
S g AR R A R ST ) 43 A BOHE A b RS B R
A Bl W S5 o B AN TR K, AR G I 2R AL
BATEARWTEETE, IFAE a=1 B I3 4% > B 78 (14 25

WK B TR N 5 5 A PR BE AGNews 11 52 56 45 SR R,
Fed-HGAT 7 a =1 [ Ll 57 [F] 43 A7 £ 8% b ACC ik 5
87.84%, 5 47 Wi B (ALL) X AH 22 1.52%, F, {H ik 5
87.74% , 54 Wi (ALL) A2/ T 1.58% , W 7EAR- 4L
P B AL B 1 B0, A FH 309% 14 Y1l kB AR fiE ik 31
A N R R

F4 HREAEERIRASHHIBELBELR Hf %
- — AGNews/4 43 Snippets/8 7335 TagMyNews/7 432
AccT F1 Acc?t F Acc? F
HGAT A B (ALL) 89.39 89.32 92.09 91.71 79.16 79.05
Fed-HGAT 68.78 60.11 85.91 80.88 66.24 64.72
Fed-ASSL-HGAT (S) 0.3 66.51 58.66 83.09 7778 53.56 49.59
Fed-ASSL-HGAT (J) 61.28 61.08 88.56 87.81 64.08 61.03
Fed-HGAT 85.18 84.95 89.06 88.17 69.51 68.21
Fed-ASSL-HGAT (S) 0.5 69.72 61.42 86.41 84.21 54.63 54.09
Fed-ASSL-HGAT (J) 74.84 71.93 90.71 89.89 69.94 69.51
Fed-HGAT 87.84 87.74 89.78 88.9 74.39 74.89
Fed-ASSL-HGAT (S) 1 80.15 79.40 87.06 86.07 64.54 63.95
Fed-ASSL-HGAT (J) 84.24 84.24 93.78 93.77 77.09 71.36
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