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B E:ATRAFINFETFHLMNER BT EZRETFAFEZGRIER KBTS 122 % 3] 5%
FREAE AE R ETARLE NN HEAGRFR TN KBRS TESORERARASDH ., A EF
T P e SRR, R X5 A R X 9L I (Model-agnostic meta learning, MAML) & & £
R —FEA X BB E-FEGTE T E, ZFEHAKE N-way K-shot 4D AR 48 L L&
Meik 5 5] B9 Ae ) ALE VR AS B B # B T f£ N-way K-shot B AR4E 4 PR A R L #F 5 F44, ESMERRY
BOAMETHRARHATHEADERATHE T AREEAE X EZNEEEE S0V HRES, M
BEANEFTE T, ALTBAKBEWRFREFE, 2 —FERIHRIIRGEIMES, FRERE
9, % % £ ESC50.NSynth »A % DCASE2020 = /> # # % #) 5-way 1-shot & & ¥ 4 % ik ] 73.56 % .
82.86 % VAR 57.48% /i & AR T R AT 8 MAML Sk Aast B 2R A 10% £ %
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Improved Few-Shot Sound Event Detection Algorithm Based on MAML

CHEN Haojie, YANG Rui, PAN Shanliang
(College of Information Science and Engineering, Ningbo University, Ningbo 315211, China)

Abstract: Sound event detection models based on deep learning typically require a substantial mount of
labeled data to train from scratch. Access to task-specific data is costly due to restrictions such as data
access rights, usage licenses, and the scarcity of rare individual samples. In order to address the challenge
of few shot in sound event detection, this paper proposes a model-agnostic and gradient-balanced meta
learning algorithm based on model-agnostic meta learning (MAML ). This algorithm trains the model with
a large quantities of N-way K-shot tasks, enabling it to acquire the ability of rapid learning, accurately
discriminating the unheard sound event in the N-way K-shot target task with minimal gradient updates. In
the outer loop stage, the multi-gradient descent algorithm is used to estimate the dynamic loss balance
factor, encouraging the model to focus on few-shot training tasks that are more difficult to train, thereby
enhancing the shared representation of the model. Furthermore, this paper incorporates data augmentation
and label smoothing to mitigate the risk of overfitting caused by the scarcity of training samples.
Experimental results demonstrate that the algorithm achieves 73.56% , 82.86% and 57.48% accuracies in
the 5-way 1-shot setting on the ESC50, NSynth and DCASE2020 datasets, respectively, showing about

10% relative accuracy improvement compared to the previous MAML algorithm.
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Fig.1 Flowchart of an improved meta-learning based on MAML
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Table 1 Detail information of datasets
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XF LG, B iE MAML-GB fif /D A [ B A 38 vE 512 M o S PR E 2 50 (1 28 F- 1, B A 508 4R 4 5k
] 5 ) 28 50 30 43, OF BT O 1 40 2 A TR BCHE 43 A 8 E AT T 2% 2 R oT K . W LR B R 2, T LA
53

(1) e DR 2 2 1 J5 75 78 NSynth 8088 45 b (9 2 303 3 T ESCH0 Bda 4 i R 8 . 1h Blax
Fofr I 250 14 J5 PRS2 ESCH0 B 46 48 4 L T NSynth 508 24 25 ok (9 1 R e, X — @ R E L Sk
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(2)7E DCASE2020 155 55U S v, i A iy D REAR 22 S I R IAR 7 AE TR F R, X — 3
G204 T PR — T T S 2 DN AR | ) — Ja8 28 109 BT A g i 22 D 4 R 5 R AR A A LA v 4 2 o R R
T T A AL Al P e AN B 1 7R SRR AR A RE HEAT IX 4 5 — O TSR ) — W R R A7 B IR 4
SRR MSE I AEAE B RS XN T LR 2% ) iz A i HE B

(3) A SCHE MAML WY iy b R A7 0 78 SMIE 0 B Be Al 2280 B B B30 1 Al 1 — 20 3l 2 4 2k OF Ay
PR, i A 780 B 3 X 0 R ) IR A 55, 0 T 348 e R TR (9 b AT 55 i, 4 THASE TR A 4% i /D B AR
R iz AbbEE o A AR Rl T RCHE 3G S DL R bR 2T T R E— D BRI LA KU o B A AE AR
ZHAEAE 15 MAML #E 17 LU # , TF B B0 7 6 A ot .

2 BEBEENNKURBEIEERIE

Table 2 Test within and across datasets %

. B Meta- Prototypical ~ Simpleshot Meta- MAML-GB
W Bt ISR S s MAML

curvature network (CL2N) baseline (Ours)
ACC 70.14 72.17 66.48 69.56 70.10 73.56
ESC50
mAP 85.82 86.31 85.78 86.57 85.71 87.46
. ACC 81.46 82.20 94.29 85.31 79.60 82.86
Train NSynth
mAP 92.85 92.77 98.70 94.57 92.45 93.34
DCASE2020 ACC 52.46 54.16 55.50 52.12 51.86 57.48
Task5 mAP 72.62 73.27 77.25 76.77 75.07 76.60
. Urban ACC 56.80 57.40 55.80 51.20 54.00 59.20
“ross
Sound8K mAP 76.60 75.23 76.31 70.85 73.23 77.90
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b AT T ST R T R SR 22 RS R B R RO O A S e e 1 B o A 22 B, B
B AR AT B8 2 D AEAS AR P SR BT B o (D) BT 2 B N o S vhoR RG99 CRININ 9 46 45
Fag 3ok o iy B 28 0 4% T K50 22 A e it ) 0 SsIOuE DA AV, Bl 4R BRI R AN 5
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