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Semi-Supervised Ordinal Classification Framework Based on Information Fusion

RAN Tongyu, TANG Mengzi, XIE Qing, [LIU Yongjian
(School of Computer Science and Artificial Intelligence, Wuhan University of Technology, Wuhan 430070, Hubei, China)

[ Abstract)] In ordinal classification, class labels have a natural order. It has been widely studied in various fields,
such as movie ratings and age estimation. Most existing methods assume that all samples are labeled. However,
the unique nature of data often makes the collection of extensive labeled data challenging, thereby affecting the
performance of ordinal classification. This study proposes a semi-supervised ordinal classification framework that
incorporates additional information. The framework starts by generating partial order information from the
relationships among unlabeled samples and constructing a directed graph network. Then, it uses Graph Neural
Network (GNN) to aggregate neighbor information, enrich node representations, and capture the order between
nodes, thereby recovering global rankings from partial order information. Subsequently, the method applies a
Gaussian mixture model for feature weighting according to global rankings and employs clustering to assign pseudo
labels by integrating this information \into ordered information. Finally, the framework uses supervised learning
models for ordinal classification tasks such as age estimation. Experiments on the FGNET, Adience, and
UTKFace datasets show that the framework achieves reliable performance with fewer labeled data. It performs
better than semi-supervised learning baselines in terms of Mean Absolute Error ( MAE) and Accuracy.
Specifically, MAE decreases by 0.05, 0.04, and 0.04, and Accuracy increases by 4.8, 4.5, and 3.5 percentage
points on the three datasets, respectively.

[Key words]) ordinal classification; Graph Neural Network (GNN); feature weighting; information fusion; semi-

supervised learning
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=1 HIESSITHIE
Table 1 Dataset statistics

Bl A AR B/ it 7 B A /A W R/ A W/ 2% W/
F1 1002 0 0 0 0
FGNET F2 281 50 000 703 50 000 10. 13
F3 281 0 0 0 0
Al 15 966 0 0 0 0
Adience A2 4997 1:500 000 10 498 1'500-000 2.72
A3 4997 0 0 0 0
Ul 23/708 0 0 0 0
UTKFace U2 6,638 1500 000 16 914 1,500 000 1. 48
U3 6638 0 0 0 0

3.2 XENRE
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1 n
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B, J255 ¢ DA R AR AE .
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A LA 38 TN S L. Accuracy
TR

14)
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n
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DRFs™" 45 34 3 81 CNN Ry 4 )2, OF
AT TEIZY RIS~ S A DC R EE FTE Y
SR 57 2 BRI 5 R b B S A s

SimPLE"' 5 2 1 58 s 12 B0 A4 b 10 B0
Z ) — B A A A R R R

FixMatch™™ . 1| FHAB R X v 845 1 04 R A i 14
AT AR B EARR S o SR 5 XA B AT I 2, (i FL g
% 1 [] — PRI G0 15 ik WA rh F5000 D s 2

ASCHEZRAS H T PR L J2 k-means FEAT7
. DIGCN By GON ZE i 82 3, ¥ th 2% > hy
0.01., MWR 22> %k 0. 001,k-means %500 6.8 Fl
14, fd FHFEHLK T BHE FREALER BT 2] 224 X 224 14K
IR TR G 5k . A BEL A AR Ji S

S A SR EY S Py Torch FEALSIHL,
3.3 GRBEE

ARSCHESL 5 B2k T ik i LA 25 R 3k 2. 3% 3
JE7 s B B B v A8 A 10 S U0 205 SR FH SR A A ¢
TR A WS Y LR A (MWR . CNNPOR,, Ord2Seq
M DRF) i F1. A1, UL #5484 CRIJF IR 5os 4)
PAK F3.A3.U3 $dli 4 (RI A A B bR e B0 i 54
PRAE ), A SCHE Z8 55 o W B 5L 4R 15 ) (SimPLE,
FixMatch) i ] F2, A2, U3 $dli g . 7e) B 2k
BEAUHR I WA R (R RE TP O e £ 5L 0% A
PEL M TR A 22— S IO AU AT O vk e
TR HEEE T, 1A 3 e 1 15 25 ey 4R A58 52 i)
B ERE

2 FAEHEE LREEE LR (MAE)
Table 2 Experimental results of different models on different datasets (MAE)

el AR R )i M R Ours
MWR CNNPOR Ord2Seq DRFs SimPLE FixMatch
F1 0.55 081 0. 66 0.78 - — —
F2 — — — — 1.10 0. 98 0.93
F3 1.19 1037 1. 33 1.54 — — —
Al 0. 45 0. 55 0.43 0. 59
A2 7 — — — 0.78 0. 64 0. 60
A3 0. 89 0. 85 0. 82 1. 06 — — —
Ul 0.77 0. 85 1. 08 1.12 — — —
U2 1.70 1.75 1. 66
us 1. 87 2. 06 2.15 2. 30 — — —
®3 ADREBEE EARREE LI L R (Accuracy)
Table 3 Experimental results of different models on different datasets (Accuracy) %
— A R Uy 1 e Bk Tk Ours
MWR CNNPOR Ord2Seq DRFs SimPLE FixMatch
F1 60. 4 49. 7 58.9 50. 8 — — —
F2 — — — — 33.5 42.2 47.0
F3 30.9 25.6 27.1 24.3 — — —
Al 62. 6 57.4 63.5 55.3 — — —
A2 — — — — 48.1 49. 6 54.1
A3 38.5 38.2 40.8 36.2 — — —
Ul 85.7 85.1 80. 8 81.3 — — —
U2 — — — — 67.0 66. 3 70.5
U3 46. 4 47.9 45.1 40. 8 — — —

MR 2 Figk 3 Al LIE L FEA TS B 5 R AT,
A W B Y RIS R A 1) o AE 5 AT (5 S s BT
AWBEAI PERE R e 22 19, Hirh 78 F3 U
£Erf, MWR 7650869 Sl O T R A 4 F oAb AT
WA T AT W B SRR B R fE A3, U3 S dE 5
AL Ul a4 DA MBI R, JEHZ —n] §8 2
F3 B 8dn /N . R BB AR A s A0 3 Bk 4y

A s MWR RN & G5 SBEIEATIIR AT L gEAT A X
3 BRA) T 100 HCA 535 A B ) T8 B 2 > A5 R A
BT ke A AR AR B B BT SRR

e F2 A2, U2 Bfa e b AE AR A 5 B 1
DUT - i TASCHESR B RIS 00 i 15 5 - (AR R0 4R
P 2R R R TR B R, I HIRRS
F1L A1 UT Bofle 4 i SR AR R T i) RCR b 1
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Table 4 Clustering results of different models for ranking

g PEAETEFR Baseline DIGRAC SyncRank SerialRank DiGCN
SI 0.123 0. 107 0. 091 0. 095 0. 145
FGNET
CHI 204.9 202.5 198.7 199.5 209.9
) SI 0. 242 0.239 0. 227 0. 233 0. 286
Adience
CHI 717. 4 715. 3 701.9 703. 6 791. 8
SI 0. 165 0. 170 0.181 0.183 0. 200
UTKFace
CHI 835. 4 936. 7 911.3 912.3 1 008. 8

MR 4 Al LA B AT T R iR e 40
DIiGCN #ERIHEA J5 1K R 2R B i i M HAh 75
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Fig.3 Clustering results for FGNET, Adience and UTKFace
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Fig.4 Experimental results of different datasets
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Fig.5 Experimental results with different amounts of partial order information (MAE)
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Fig.6 Experimental results with different amounts of partial order information (Accuracy)
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Fig.7 Experimental results with different proportions of
ordered information (MAE)
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