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W E AAGFNREASFHANTEABRARKREASRBEA BRELEHAFASAL L FHRBIITING, AE BAFL
HAZRAAGEA, R, S8 f A ERBERZEELERTRLG S LS, XA £ 72 TR EALA T &, K f PR 5 A
Rz se S, A — R A, A TAOF T (Meta Learning) # 38 7T —##FH AW F RN H FF FH4 0 F 3758 X MMT (Meta
Mean Teacher) , A4 RBL, 3t THAMN D LB R G HIE W H 0 A & RAERLER G T4 EF b L FH ARG TN KE;F
KR SN 25 S5 3T S 69 ST AR BAR S L m KA R AT 38 T AR B e O ) Bl A ALK iR . £ DCASE2021 424 4
HEEHMRE LRI RER EREN METEFLAL, TR B F I X MMT £ F1,PSDS1 #= PSDS2 35 47 £ 4 3] #2
7T 8.9%,6.6%H 1. 10408 T HaTah skt 3k, R B ah F J X MMT FIAH RIS T ZF 9Bk Y,
KBR.FEF/HLEMN; AFT; — KB EN; FEEFI RESRT
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Semi-supervised Sound Event Detection Based on Meta Learning

SHEN Yaxin' , GAO Lijian' and MAO Qirong'**
1 College of Computer Science and Communication Engineering,Jiangsu University, Zhenjiang, Jiangsu 212013, China

2 Jiangsu Province Big Data Ubiquitous Perception and Intelligent Agriculture Application Engineering Research Center, Zhenjiang, Jiangsu

212013,China

Abstract Existing semi-supervised sound event detection methods directly utilize strongly labeled synthetic samples, weakly la-
beled real samples,and unlabeled real samples for training to alleviate the issue of insufficient labeled samples. However. there is
an inevitable distribution gap between synthetic and real domains, which can interfere with the direction of model gradient optimi-
zation, thereby restricting generalization ability of these models. To address this challenge,a novel semi-supervised sound event
detection learning paradigm,meta mean teacher(MMT) ,is proposed based on meta-learning. Specifically, for each batch of trai-
ning data,it is divided into a meta-training set consisting of synthetic samples and a meta-test set consisting of real samples. The
meta-gradient calculated on the meta-training set serves as guidance for updating the meta-test gradient, allowing the model to
perceive and learn more generalized knowledge. Experimental results on the DCASE2021 Task 4 dataset show that,compared to
the official baseline,the proposed learning paradigm MMT has a relative improvement of 8. 9% ,6. 6% ,and 1. 1% in the F1,PS-
DS1,and PSDS2 metrics,respectively. Compared to the current state-of-the-art methods in the field,the proposed learning para-
digm MMT still demonstrates a significant performance advantage.

Keywords Sound event detection, Meta learning,Consistency regularization, Semi-supervised learning,Deep learning
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tion of Acoustic Scenes and Events, DCASE) , % 75 & 3 f &
DT 55 WA FETE W R 3 Tz Sl & . Ak, 5 &
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(Semi-supervised Sound Event Detection, SSED) i iz 1 4= ,
% Ty A8 TE R 2 SR 43 284 48 T TG 58 oz I 1) BB A L 1Y
55 bR 25 LI E AR AR, IR 51 GE 1 G BORT ST R g R
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Fig. 1 Sound event detection task
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R R 97 8 5T B0 U 2k Y SRRk B T R R DU
AR A 10 S NP RE . R T X T 1 0ROk 5S4 B 5 3R AR Y
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Fig. 2 SSED based on MT framework
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Fig.3 Framework of SSED based on meta learning
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AT YIGAER e R A . Ho 2Rl 10000 458
P2 CE BUREAR (1578 ARS8 28 LS E AR AR AN 14412 J%
TChR 48 BL ST ARRE A 20 s B E R AL B 1 168 £k i b A LS
BREA ] TREALE S X A % 692 SR 0 bR 4 2152 3
FEA, BT BEMAEAR R FF I M BN 10s, Hor, fir 7
FLREACKRJE N AudioSet ™) RS2 BRI, ] A A RE A ) £
SCAPER™™ T. B4 2E Ji , DA 0L 5 52 1% A% (1) B8R 43 A
4.2 FLEFE

HAl, E A E B A FF AN s EEET MT

HE SRR 330 2 32 fifT ) 56 AR Y 5= 22432 CRNIN(Convo-
lutional Recurrent Neural Network) #l Conformer W&, XLk

7 BT B AT W B (Frame-level) A1) 2% 5] (Clip-leveD) Y

RO 25 2R L 23 0 13 — BE A B4 38 TS 0 5 o 0 R B R Y
K,

e+ CRNN A58 (1 Jy v 3 2o 28 A i 2 50 4 1000 45 21 15
) ) 2 1) %) 0 5 SR T ko ot 20 ) 5 L PR AT 20 L l  HL
A ) F R A P RE 5 10 3 T Conformer 4558 Y J 9 38 i
RRUAI B85 i — A Han A 1] g 09 O 2 2 20 ) 0 1 AR B i
HAE B 5 ) R B B2 ) A X A ST, 3 R B A S A g A
SRR

g T WA TR YR MMT B4 A R00E Fn 3t T4 50 i mf
B AR SOK 5 S Fi 3 F CRNN AR B A 5 ik Jy 420 A
3T Conformer #1425 #F Jy yk00 10 347 X L, % L O i
By ELEmNFE 15, He MMT-CRNN Hil MMT-Conformer
A2 EEF MMT 2 2 F i § CRNN Al Conformer 1
HM L.

1 RO RS

Table 1  Summary of the compared methods
7k 4 AR g A 1E 2
Baseline21134] CRNN MT
TBFL] CRNN MT
Coherencel36] CRNN MT
FDYL37-38] CRNN MT
BDSY CRNN MT
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CNN-Trans 41 Conformer MT
Joint-Former[2%] Conformer MT
MMT-CRNN CRNN MMT
MMT-Conformer Conformer MMT
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Table 2 Comparison of experimental results between MMT-based

method and MT-based advanced method on DCASE2021 dataset

%)
DCASE2021 % if % DCASE2021 3l i &
bl N
F1  PSDS1 PSDS2 Fl1  PSDS1 PSDS?2
Baseline21034] 38.5  24.8 43.1  40.5  33.4 53.6
TBFLL5] - — — 41.3 — —
Coherencel %67 - — — 43.5 — —
FDY[37-38] — — — — 31.7 54.3
BDSE39) 38.6 25.8 43.9  43.9  34.5 54,2
MMT-CRNN 37.7  24.3 42.3  44.1  35.6 54,2
CNN-Trans/ 4! — — — — 29.2 55.0
ConformerSEDM0) 41,4 25.8 45.0  42.4 29,7 52.0
Joint-Former[2%)  41.9  26.8 45.1  44.2  33.9 55.1
MMT-Conformer  42.0  25.7 47.9  46.1  32.9 61.8
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Table 3 Correlation between synthetic data volume and model

detection performance in MMT learning paradigm

o DCASE2021 3l # %/ %
bREER/ :

F1 PSDS1 PSDS2
2000 38.1 24.8 35.3
4000 39.4 32.1 49.5
6000 38.4 31.5 48.3
8000 41.2 33.5 51.3
10000 44.1 35.6 54.2
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Table 4 Design of ablation experiment
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Table 5 Impact of meta-gradient and consistency regularization

techniques on model performance in MMT paradigm

%
DCASE2021 il % %
cx -

F1 PSDS1 PSDS2
CRNN 39.2 29.6 50.9
Meta-CRNN 41.2 33.2 53.1
MMT-CRNN 44.1 35.6 54.2
Conformer 37.3 26.5 49.7
Meta-Conformer 38.6 28.8 50.8
MMT-Conformer 46.1 32.9 61.8
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Fig. 4 Event detection visualization results of test samples in DCASE2021 test set
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