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Abstract: In SSPML ( Semi-Supervised Partial Multi-Label Learning) , complex correlations exist between the
feature and label, and within them. Models leveraging label correlations are susceptible to interference from noisy
labels in candidate label sets. T-SSPML ( Transformer Encoder-Based Semi-Supervised Partial Multi-Label
Learning) , a novel semi-supervised partial multi-label image classification algorithm is proposed based on
Transformer. A backbone network is constructed using Transformer encoders, taking both image features and
label features as joint inputs, and a new loss function is defined. The multi-head self-attention mechanism is
employed to capture holistic structural information and label interdependencies. A label masking mechanism is
introduced to enhance the model’s capability in learning label correlation information. Extensive experiments on
multiple datasets demonstrate that the T-SSPML algorithm achieves superior classification performance compared
to other representative methods in most cases.
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SEH VR 4 FhE R Z AR JEMERE TR F8 45 . 35K BE (average precision) | HEFF 1 2K ( ranking
loss) . FLiR% (one-error loss) . ?X%T)Flyi(hammmg loss) o FLrPSFEXA0RE B FE AR O (B KA 36 A0 2 po bR fE
AT, HEFP RS | B 2E TR 3 R bR (B 8 MR 73 S 2R 10 PR RE ARG . IO +hm M 2545 i
RER, N3k 2 ~ 3K 5 Froan, Hrp“T-SSPML” KR ZEH e ik, « - BIETE” LR B g & ;
“ox B IERBIIIR LA R
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%2 A FikA COCO # L Eag4 R (meantstd)
Tab.2 Results of algorithms on COCO dataset( mean+std)

2,1/ 2, 1=1:9
(A7 R HEFF R iR REEETES
T-SSPML < 0.569+0. 048 +0.123+0.014 - 0.286+0. 024 +(0.029+0.014
PML-NI 0.531+0.047 0. 146+0. 008 0.345+0.031 0.037+0.019
PAR-MAP 0.336+0. 062 0.314+0.034 0.425+0.048 0.034+0.017
PML-LD 0.378+0.037 0.317+0.026 0.432+0.035 0.106+0.010
SSPML 0.439+0.052 0.195+0.023 0.435+0.021 0.038+0.016
TRAM #0.544+0. 046 - 0.114+0.018 #0.303+0. 032 - 0.018+0.013
7,1/ 7,1=1:4
ERTS T BHG HEFF R PRI PULETES
T-SSPML + 0.583+0.041 - 0.074+0.018 +0.237+0.019 x(0.025+0.012
PML-NI 0.551+0.037 0.118+0.012 +(0.282+0. 027 0.033+0.007
PAR-MAP 0.375+0. 068 0.285+0.043 0.392+0.036 0.036+0.023
PML-LD 0.359+0. 046 0.314+0.024 0.414+0.029 0.097+0.016
SSPML 0.493+0.052 0.187+0.017 0.403+0.018 0.036+0. 026
TRAM #0.574+0. 043 *(0.080=x0. 015 0.305+0.023 +0.019+0. 008
7|/ 12, 1=2:3
KERTS - YRS Hep ik HiRgE BUEZEN
T-SSPML + 0.628+0.028 - .065+0.011 +0.221+0.014 % (0.027+0.016
PML-NI %0.601x0.031 0.131+0.015 #0.268+0. 021 0.032+0.014
PAR-MAP 0.417+0.054 0.270+0.032 0.372+0.025 0.034+0.026
PML-LD 0.396+0. 045 0.316+0.021 0.381+0.033 0.067+0.023
SSPML 0.543+0.037 0.147+0.013 0.316+0.017 0.035+0.015
TRAM 0.592+0.023 *(.068=0. 008 0.275+0.013 - 0.017+0.010
%3 Bk Pascal #¥EE L6924 R (meanzstd)
Tab.3 Results of algorithms on Pascal dataset( meanzstd)
7|/ 1@, |=1:9
KERTS -1 Her a2k HiRgE BUEZEN
T-SSPML + 0.642+0.073 - 0.121+0.016 - 0.436+0.021 #(0.068+0. 008
PML-NI #0.621x0.094 (. 157+0. 021 #(.445+0.018 0.210+0.025
PAR-MAP 0.443+0. 124 0.241+0.038 0.662+0. 040 0.091+0.014
PML-LD 0.394+0.072 0.316+0.034 0.608+0.072 0.129+0.018
SSPML 0.438+0.111 0.292+0.026 0.582+0.051 0.079+0. 007
TRAM 0.573+0.059 0.185+0.013 0.476+0. 025 0.057+0.008
7,7, 1=1:4
AP ARk HEFP ik iR BUIETEN
T-SSPML - 0.675+0.054 - 0.112+0.013 - 0.421+0.029 0.065+0.012
PML-NI 0.632+0.072 0.146+0.010 #0.427+0.015 +(0.061x0. 009
PAR-MAP 0.457+0. 105 0.271+0.026 0.593+0.036 0.087+0.014
PML-LD 0.425+0.092 0.328+0.025 0.573+0. 058 0.125+0.025
SSPML 0.526+0.083 0.239+0.019 0.534+0.042 0.072+0.017
TRAM #0.635+0. 056 *0.125+0.016 0.453+0.014 + 0.053+0. 006
(2,112,123
GIAFS RSk HEF R R RECEEES
T-SSPML + 0.714+0. 046 - 0.103+0.012 < 0.412+0.020 #0.056+0.013
PML-NI 0.652+0.053 0.173+0.015 #(0.425+0. 022 0.059+0. 008
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(8232 3)
EACAREE

KERTS - B Herp ok HiRgE BUEZEN
PAR-MAP 0.479+0.087 0.228+0.024 0.583+0.042 0.086+0.023
PML-LD 0.412+0.091 0.302+0.032 0.553+0.036 0.111+0.027

SSPML 0.545+0.063 0.198+0.021 0.525+0.028 0.075+0.014

TRAM %0.691+0. 051 *0.116x0.016 0.431+0.013 + 0.051+0.005

k4 BHEAE miflicki25k #3% £ L6945 R (mean+std)
Tab.4 Results of algorithms on mirflicki25k dataset( meanzstd)
2,1/ 7,1=1:9

KERTS FYRERE HEFF 2k HR2E PBUEZEN
T-SSPML + 0.516+0. 054 - 0.218+0.021 + 0.470+0. 035 x0.133+0.013
PML-NI 0.443+0.043 0.263+0.024 0.512+0. 046 0.153+0.018
PAR-MAP 0.472+0.081 0.246+0.032 0.571+0.031 0.142+0.023
PML-LD 0.480+0. 062 0.243+0.027 0.563+0. 083 0.146+0.019

SSPML #0.501x0. 047 #(.237x0.018 #0.487+0.042 +0.122+0.011

TRAM 0.429+0.034 0.286+0.036 0.593+0.053 0.203+0. 025

(2, /2, 1=1:4

(=R Yk Herp ok iR BTSN
T-SSPML + 0.541+0.042 - 0.203+0.017 +0.427+0.043 %0.132+0.016
PML-NI 0.474+0. 044 0.232+0.023 0.442+0.047 0.152+0.015
PAR-MAP 0.516+0. 068 x(.224+0. 025 0.523+0.029 0. 136+0. 008
PML-LD 0.488+0.053 0.236+0.030 0.536+0.074 0.137+0.014

SSPML #0.521+0.041 0.229+0.023 *(0.431+0. 037 +0.112x0.007

TRAM 0.463+0.025 0.267+0.029 0.553+0. 044 0.184+0.019

|91/ |9, 1=2:3

A7 YR HEP ik BRI BTN
T-SSPML + 0.577+0. 049 - 0.191+0.024 < 0.413+0.031 *0.128+0. 008
PML-NI 0.531+0.037 0.233+0.034 0.434+0.026 0.145+0.021
PAR-MAP 0.564+0. 055 0.206+0.022 0.503+0. 054 0.129+0.013
PML-LD 0.551+0.045 0.216+0.025 0.488+0.036 0.132+0.015

SSPML % 0.568+0. 038 %(0.202+0.018 +0.427+0. 027 0.111+0. 005
TRAM 0.511+0.022 0.254+0.023 0.518+0. 050 0.155+0.014
%5 BHiEA CelebA # ¥ 4E Et9 4 R (meanzstd)

Tab.5 Results of algorithms on CelebA dataset( meanzstd)

EAACAEEE:

(A7 R HEF ik iR REEETES
T-SSPML + 0.564+0.038 - 0.181+0.023 # 0. 157+0. 043 +0.172+0.016

PML-NI 0.472+0.062 0.315+0.045 0.442+0. 069 0.269+0.032
PAR-MAP 0.524+0. 026 0.256+0.032 0.185+0.052 0.185+0.027
PML-LD 0.545+0.043 0.208+0.019 0.162+0.038 0.186+0.019
SSPML 0.536+0.025 0.212+0.028 0.179+0. 062 0.192+0.023

TRAM #(.548+0. 035 *(0.193+0. 026 < 0.154+0.037 + 0.165+0. 028

0,17, 1=1:4

ERTS B HEFF R R PULETES
T-SSPML + 0.598+0. 031 - 0.174+0.016 +0.141+0.032 x(0.168+0.017
PML-NI 0.519+0.043 0.276+0.038 0.358+0.057 0.267+0.029

PAR-MAP 0.534+0.032 0.195+0.024 0.169+0. 045 0.177+0. 024
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7, /12, ]1=1:4
RS YR HEF 2k FRR2E REEES
PML-LD #0.579+0. 027 0.186+0. 014 0. 1570. 031 0.176+0. 025
SSPML 0. 552:+0. 045 0.193+0. 027 0. 169+0. 046 0. 1820. 026
TRAM 0. 568+0. 034 #0. 184+0. 013 #0. 14320, 042 0. 146+0. 025
(2, 1/ 1% ]=2+3
S KT HEF R FR2E DR
T-SSPML - 0.653+0. 025 - 0.152+0.012 - 0.114+0. 036 #0.153+0.012
PML-NI 0.610+0. 037 0.224+0. 023 0.205+0. 048 0.246+0. 024
PAR-MAP 0.587+0. 031 0.191+0.019 0. 143+0. 035 0.164+0.018
PML-LD #0.652+0. 029 0.170+0. 017 0.132+0.028 0. 1540. 021
SSPML 0. 624+0. 037 0. 183+0. 022 0. 155+0. 051 0. 1770. 032
TRAM 0.6310. 021 #0.163+0. 013 0. 130+0. 025 - 0.138:0.018
3.2 RS

META AR 4 A BEE LA 6] 50 22 55 25 T CAR 2 5008 LB s i 2 1 sk 2 ~ % 5 FR,
M2 ~ 3£ 5 AR T 45

1) XTEIRZER, ok 6 FPvkse 4 ML | 3 FIARaS b, 4 FpbERETE bR, 3L 48 B O H AL,
IR Y T-SSPML J5 i 8L T B AR S, B9 34 Ui, 12 RIRIEES R, LHAEFEEIE | HEp ik
AR 22X 3 NP FEAR 1Y 36 FlE L, £33 B BTE LT #0BUS T S EmtERe, 1A 2 Rl Uk
ke, R 1 B2 /2, =1 : 9 HFIREME 4 T [ 2 [/ 2, =1+ 9 BIFRIRIE(E, X ATRE
WK 2,1/ | 2, | BE BN, i 2R SRR D, TObR R B P bR 2 Pl SEPEAS 1, SR T30
SYFEAR IR BERIR

2) XPEYIRAERE, ) AR e L A5 5, ML RAERS B4 = 1% ~ 7% . Hk & TRAM &
W, TE 48 FE LIS 11 AR 15 DIRPEEE AL ; FIKJE SSPML 5k, HUiS 3 N fn 8 Mk
XS PR Ry X PR R R 1T DA ]S A B 2R 2 A TE AR 2 50080, AN 3 A B AR I A 2 R 2524 2] ik,
AT B R 22 5%

3) XHCHA R PE M e AR, 2B SR AR WA U I PR AR, LT IS ke, B S Rk
GESRANY, (NAH2E 1% A4, HIRHETTRER . 58013 Fitm it 87 R, AL 23T
B 25 o0 2 BB A R (B (BRAR 250 R 0 =k 1) 1l A 25 B A5 B HE P A7 30 5, i T 4R Oy R
B B8 R AE i AT 75 2 SRR S 0] MR 1 G 2R, X4 — S AR 25 Sk AT 23 38 i 5 22 AH 56 10 bR 25 1 4 2R (E
KN, LA SR bR W 2N BAR 2, B v e &= AR R PHMEAR &, — 2 R IK T U 2 Y
bR PERE

4) A 2R 2 BAE FICHR 2 500 1Y o B 2 B0 B () o e SR A LR, ML 3 7 i) — B 4
ERZERAT B R, B R 2 AR 2S B0 BT 5 L3, Bk R M RE TS AR (e B R AR T, B R 2
PR HRE T B 22 bR 205 AR 2 T 7843 A9 & A
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Fig.3 Trends of performance metrics with ‘5/1, /| &, | parameter variations

3.3 HmkEk

R VEIABR IR A FIAR S FE R LG 1A 28, 78 COCO B b | 2, |/ | 2, | =2/3 BTG #47
TIHRSEE:, EEREBRAR ARSI, L4 RN Ours-1; SRS REERARHERIPLE], RITEIZ AL =
Lve,, je {1, qf "EFEABR SRR ) RIS | ORE AT BR 2 RS A ) i O R FDIRZS 1) 2 ey, 7144
FER A Ours=2

Wid 6 n[HH, Ours-1 M RMERER ZH T Ours-2 MY2RMERE, PEIAFRZOIR A B AR R RE 2
THER ; Al J5ihh T-SSPML 732 PERE R T Ours-1 F32R1ERE, UEHIFRZAERSHLEI X T RE A —E /Y
FETHEH,

%6 HmEHLER
Tab.6  Ablation study results

RS PR HEF 2R BRI DUV R
T-SSPML - 0.628+0.028 - 0.065+0.011 - 0.221+0.014 - 0.027+0. 016
Ours-1 0.612+0.026 0.083+0.015 0.239+0.031 0.028+0.018
Ours-2 0.587+0.031 0.115+0.013 0.253+0.028 0.032+0.021
4 %

EHEN HS A D B ARPRICHE AT R B TOARICAEAS 1Y R A3 S IR, 42— i W B i 22 5 4
2EJHEZR . A Transformer ) F 13 2 1 FIHERS AL 2% ) UG EFIE FIBRZE 25 8] i A0 B OCEKAS B, RIS R
— B E WA A DA bR Tk FI i 22 B 25 R TG b 2 880 v (1) 55 F0 T MBS B AT B 2, LR A
TRAFE AR WA A, 258 3 Pl B O, 857 2 HRAE | BR4E RORR AR FIAR 25 1] A4 52 28 A0 DG 1
AAGE—RRESRE 727 ) BRI A AR A5, S TEORG E Y 3 25 0, 76T 4 A UGB A iy
12 ARG SRR AR T AT RS0, SR 2 AR HE b X BB M BE ST VAN, BT 5 07 1 AH L LA
X AT YRGB | HEP R | BUR 22 VPINFas L4 R 2 80E 00 T B 1T 4P 28R M AAAER)
AR Z AT — S SN AFAE LA AS ], AN 2% e 5orb (9 P A e B A P B 28 B IR, oA Ok AT 8
WIHXT SR REN 5 55 NG ik — 204 R T $2 07 1k i N HIFE L, G028 SR AT 10 3 2 A2 0~ U B
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