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Why choose Few-Shot Keyword Spotting?

« Modern KWS models are typically trained on large datasets

and restricted to a small vocabulary of keywords, limiting

their transferability to a broad range of unseen keywords.

 Learning to recognize new keywords with just a few-shot
examples is essential for personalizing keyword spotting

(KWS) models to a user’s choice of keywords.




Some Few-Shot Keyword Spotting Methods

Data augmentation based.

Meta-learning & Few-shot learning based.

Transfer from labeled data of other keywords (model pre-training)

Preparing large-scale KWS datasets using audios, transcription, and a forced aligner.

Finetuning on the few keyword examples.
 Utilize unlabeled data.

Using self-supervised learning (SSL) method to learn feature extractors from unlabeled data.



TOWARDS DATA-EFFICIENT MODELING FOR WAKE WORD SPOTTING

*Alexa, Amazon.com Services LLC.

 Motivation

Propose data augmentation
techniques such as the addition of
reverberation and noise to simulate
far-field speech.

 Training architecture
Multi-condition pipeline.
» Semi-supervised learning pipeline.
Multi-task training pipeline.
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MatchboxNet: 1D Time-Channel Separable Convolutional Neural Network Architecture

for Speech Commands Recognition

*NVIDIA, Santa Clara, USA.
« Contribution

* Present a end-to-end neural
network for KWS (MatchboxNet).

* To improve the model’s robustness g
by intensive data augmentation
using an auxiliary noise dataset.

 Model architecture

« Adeep residual network

 Training Methodology
« Applied time shift perturbations

and SpecAugment
* Result
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Model # Parameters, K Accuracy, % Reference
ResNet-15 238 95.8 = 0.351 (7]
DenseNet-BC-1(X) 800 96,77 132)
EdgeSpeechNet-A 107 96,80 i29)
MatchboxNet-3x 1 x64 77 97.21 + 0.067
MatchboxNet-3x2x64 93 97.48 £+ 0.107

Model

¥ Purameters. K Accuracy, % Reference

Attention RNN

Harmonic Tensor 20-CNN
"Embedding + Head" Model

MatchboxNet-3x [ x4
MatchboxNet-3x2x64
MatchboxNet-6x2x64

94.30) [R2S)
96.19 0
97,7 20

96.91 = 0.101

97.21 = 0,072

97.37 0,110

B R C  #Parameters., K Accuracy,%
3 2 o4 93 97.21
3 3 64 109 97.36
3 4 64 125 97.17
3 5 o4 149 97.37
4 2 64 109 97.20
5 2 o4 124 97.31
6 2 64 140 97.55
3 2 80 118 97.44
3 2 9 145 97.41
¥ Z 112 177 97.63

Majumdar S, Ginsburg B. Matchboxnet: 1d time-channel separable convolutional neural network architecture for speech commands

recognition[J]. arXiv preprint arXiv:2004.08531, 2020.



MatchboxNet: 1D Time-Channel Separable Convolutional Neural Network Architecture

for Speech Commands Recognition
*NVIDIA, Santa Clara, USA.

* Result

) ; 5 . o Model Dataset # Parameters  Accuracy, % Model SNR (in dB)

Model Augmentation Accuracy, % .10 0 10 20 30 40 50
MatchboxNet 3x1x64 basic ' 96.91 £ 0.101 MatchboxNet-3x1x64 vl 77K 96.88 =+ 0.073 3x1x64 6962 8§7.21 9453 9640 9689 97.05 97.09
MatchboxNet 3x1x64  + background speech and noise  97.05 + 0.099 MatchboxNet-3x 1x64 v2 77K 96.97 + 0.071 6x2x64 7102 8881 9504 9674 9716 9729 9733
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An Investigation of Few-Shot Learning in Spoken Term Classification

*City University of Hong Kong. *Southern University of Science and Technology, Shenzhen, China. *Huawei Noah’s Ark Lab. *The Hong
Kong Polytechnic University.

« Motivation
* Investigate the feasibility of applying few-shot learning algorithms to a speech task.
* Investigate the performance of Model-Agnostic Meta-Learning (MAML).

 Methods

* Define a N+M-way problem where N and M are the number of new classes and fixed classes respectively.
 Propose a modification to the MAML algorithm to solve the problem.

Chen, Ko T, Shang L, et al. An investigation of few-shot learning in spoken term classification[J]. arXiv preprint arXiv:1812.10233, 2018.
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An Investigation of Few-Shot Learning in Spoken Term Classification
*City University of Hong Kong. *Southern University of Science and Technology, Shenzhen, China. *Huawei Noah’s Ark Lab. *The Hong

Kong Polytechnic University.
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Algorithm 1 extended-MAML approach for few-shot spoken
term classification

Require:
Require:
Require:

p(T) : distribution over tasks
A’ : training keywords set
S, : silence class set. U4, : unknown class set
Require: S, : support set, Q,: query set
Require: «, [3: learning rates
: Randomly initialize base model parameters 6
while not done do
Sample a batch of meta-tasks 7;
for all 7, do
Sample a support set S; from A’
Compute the gradient VoCs, (fe) using S,
Ls, ( fe) in Equation (Ib
7 Update base model parameters with gradient de-
scent: @) = 0 — aVeLls (fe) ©step6and step 7 can be
repeated for several times
8: Sample a query set Q; from the union
{X, S, Uni} & selected keywords from X in Q; and S
within 7; are the same
Compute the loss Lo
dated model fg:
end for
1 Update parameters @ using each Q; and Lo, (fg):
0+ 0 - 3Veg z: l:u_!, (fgr)
12: end while ‘

~p(T)

L I S O

and

9: A for) using Q; and the up-

10:

Chen, Ko T, Shang L, et al. An investigation of few-shot learning in spoken term classification[J]. arXiv preprint arXiv:1812.10233, 2018.
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An Investigation of Few-Shot Learning in Spoken Term Classification

*City University of Hong Kong. *Southern University of Science and Technology, Shenzhen, China. *Huawei Noah’s Ark Lab. *The Hong
Kong Polytechnic University.

* Result
Methods [-shot 5-shot 10-shot L S S e S S
Superv. L. 18.14 =044 24.83 +0.38 28.07 =0.34 80 1 S
MAML-or1  44.60 =098 60.88 £ 0.58 65.18 +=0.62 * 70
MAML-ext 47.42 4096 63.22 4+ 0.71 69.48 -+ 0.47 g i
Methods [shot 5-shot T0-shot < 50
Superv. L. 17.03 £ 048 2242 £ 033 256026 10
MAML-ori 33354080 50.31 +0.50 57.34 & 0.41 - tromgy sy
MAML-ext 39.54 +0.62 52.20 + 0.51 59.36 + 0.39 —o— MAML-ext
20 1 === Superv. L. 3000-shot
0 20 40 60 80 100
Number of shot

Chen, Ko T, Shang L, et al. An investigation of few-shot learning in spoken term classification[J]. arXiv preprint arXiv:1812.10233, 2018.
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Few-Shot Keyword Spotting With Prototypical Networks

*The University of North Carolina at Charlotte.

« Motivation
* There is a growing need for KWS systems
(1) to recognize custom or new keywords on-device.
(2) to quickly adapt from a small number of user samples

 Methods

* Propose a few-shot KWS system(FS-KWS) with metric learning.
* Propose a temporally dilated CNN architecture as a better embedding function for FS-KWS.
« Release a FS-KWS dataset synthesized from Google's Speech command dataset.

Parnami A, Lee M. Few-shot keyword spotting with prototypical networks[C]//2022 7th International Conference on Machine Learning
11
Technologies (ICMLT). 2022: 277-283.



Few-Shot Keyword Spotting With Prototypical Networks

*The University of North Carolina at Charlotte. Support Set
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Parnami A, Lee M. Few-shot keyword spotting with prototypical networks[C]//2022 7th International Conference on Machine Learning
12
Technologies (ICMLT). 2022: 277-283.



Few-Shot Keyword Spotting With Prototypical Networks

*The University of North Carolina at Charlotte.

* Result

o Embedding 2-way Acc. 4-way Acc.
Network I-shot S-shot 1-shot 5-shot

cnn_trad_fpool3 | 69.23 £ 0.03 | 87.07 £ 0.02 | 48.83 £ 0.02 | 75.93 £ 0.01
core C64 77.20 + 0.03 | 89.97 +0.02 | 62.63 +0.02 | 80.48 & 0.01
TC-ResNet8 82.70 + 0.03 | 89.00 £ 0.02 | 69.47 + 0.02 | 81.20 & 0.01
TD-ResNet7 (ours) | 85.43 + 0.03 | 94.10 = 0.01 | 75.22 + 0.02 | 83.48 + 0.02
o cnn_trad_fpool3 | 69.53 + 0.04 | 86.8 £0.02 | 433 £0.02 | 67.42 + 001
;s C64 78.30 4+ 0.03 | 90.03 £+ 0.02 | 58.83 4 0.02 | 80.52 & 0.01
background TC-ResNet8 77.40 + 0.03 | 91.40 + 0.02 | 64.23 +0.02 | 79.25 + 0.01
TD-ResNet7 (ours) | 82.23 +0.03 | 91.00 + 0.02 | 71.58 + 0.02 | 85.65 + 0.01
— cnn_trad_fpool3 | 58.33 & 0.03 | 78.36 & 0.02 | 50.15 + 0.02 | 69.25 + 0.01
7 C64 63.42 4+ 003 | 7847 +0.02 | 53.69 +0.02 | 76.43 + 0.01
i TC-ResNet8 68.84 + 0.03 | 80.49 + 0.02 | 59.08 + 0.02 | 78.07 + 0.01
URKNOWR 1 rD.ResNet7 (ours) | 77.24 4 0.02 | 87.22 + 0.01 | 70.45 + 0.02 | 81.88 + 0.01
core + cnn_trad_fpool3 | 67.43 £ 0.02 | 82.32 £ 0,01 | 53.51 £0.02 | 74.54 = 0.01
unknown + Co64 65.83 4+ 0.02 | 81.15 + 0.01 | 56.38 + 0.01 | 73.20 + 0.01
background + TC-ResNet8 78.63 4+ 0.02 | 8598 +0.01 | 63.37 4+ 0.02 | 80.39 & 0.01
silence TD-ResNet7 (ours) | 82.77 + 0.02 | 89.45 + 0.01 | 69.34 + 0.01 | 82.50 + 0.01
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Parnami A, Lee M. Few-shot keyword spotting with prototypical networks[C]//2022 7th International Conference on Machine Learning
Technologies (ICMLT). 2022: 277-283.
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ON THE EFFICIENCY OF INTEGRATING SELF-SUPERVISED LEARNING AND
META-LEARNING FOR USER-DEFINED FEW-SHOT KEYWORD SPOTTING
*Graduate Institute of Communication Engineering, National Taiwan University. *intelliGo Technology inc.

« Motivation

 Previous works about User-defined keyword spotting try to incorporate self-supervised learning models or
apply meta-learning algorithms.

« [t is unclear whether self-supervised learning and meta-learning are complementary and which combination
of the two types of approaches is most effective for few-shot keyword discovery.

* Methods
« Compare 5 widely used SSL models to answer which pre-trained model is the best for few-shot KWS.

 Training the SSL models by 7 meta-learning algorithms to shed light on the effectiveness of combining the
pre-training and meta-learning approaches.

Kao W T, Wu Y K, Chen C P, et al. On the efficiency of integrating self-supervised learning and meta-learning for user-defined few-shot
14

keyword spotting[C]//2022 IEEE Spoken Language Technology Workshop (SLT). IEEE, 2023: 414-421.



ON THE EFFICIENCY OF INTEGRATING SELF-SUPERVISED LEARNING AND
META-LEARNING FOR USER-DEFINED FEW-SHOT KEYWORD SPOTTING

*Graduate Institute of Communication Engineering, National Taiwan University.

Self-supervised Learning
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Kao W T, Wu Y K, Chen C P, et al. On the efficiency of integrating self-supervised learning and meta-learning for user-defined few-shot
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ON THE EFFICIENCY OF INTEGRATING SELF-SUPERVISED LEARNING AND
META-LEARNING FOR USER-DEFINED FEW-SHOT KEYWORD SPOTTING

*Graduate Institute of Communication Engineering, National Taiwan University. *intelliGo Technology inc.

* Result

SSL MAML ANIL BOIL Reptile | Prototypical Matching Relational | Trans-1 | Trans-2 ANIL  Matching  Trans-1
CPC 31.64 46.18 21.08 27.79 46.40 46.98 40.81 8.58 I-shot fine-tune  6.82 6.24 12.99
_ TERA 4466 3993 4397 37.84 48.12 53.62 42.16 44.88 S-shot fine-tune 323 2.58 3.92
i l's?m HuBERT 50.00 63.13 3853 53.78 67.99 70.39 49.34 63.33 41.12
ine-tune W A A )
Wav2Vec2 5310  56.60 5347 45.10 63.39 64.82 3897 | 6571 Prowtsical  Maihiig  Relation]
WavLM 39.12 5388 46.34 388l 69.90 76.16 42.83 58.26
I-shot HUuBERT 67.99 70.39 49.34
CPC 33.97 - - 23.48 39.73 41.63 35.71 47.69 1-shot scratch 38.95 40.80 41.23
1-shot TERA 41.55 - - 27.90 43.00 48.18 37.91 45.45 = = T o Sy —
o s ‘ ‘ . 5-shot HUBERT ~ 85.88 §8.98 56.21
fix- HuBERT 61.43 - - 47.34 70.03 79.30 64.18 66.37 56.58 5.shot scratch 61.56 60.26 50.91
encoder Wav2Vec?2 57.41 - - 35.04 56.69 71.07 57.99 66.5
Wavl.M 63.84 - - 33.75 55.51 75.27 64.12 59.61 -
CPC 3202 5849 2168 52.05 67.90 64.55 59.39 9.06 2 e e
5.sh TERA 5289 6839 6992 69.59 75.40 73.93 58.15 66.76 i 7 ¢ ® }
ﬁ‘ 'f ()" HuBERT 65.26  83.18 79.85 8395 85.88 88.98 56.21 84.93 79.95 w Y = ‘~-.._,) . e
EUNE  WavaVec2  60.58  78.76 70.84 8245 80.49 86.47 52.89 84.82 ‘ - :
WavLM 80.72 8226 8235 81.24 78.51 87.30 58.35 81.52
CPC 30.88 - = 35.60 56.98 58.32 51.61 49.62 (a) meta+SSL (b) meta only {c) SSL only
S-shot TERA 45.56 - - 44.67 60.55 62.71 50.93 66.6
fix- HuBERT 70.80 - - 38.02 85.84 90.86 73.60 85.03 78.42 ANIL  Matching  Trans-1
cnc()dcr Wav‘?.VecZ 54.53 - - 53.95 82.68 85.52 76.00 84.88
_ I-shot  63.62 80.41 22.77
Tay 9. . . o) 5
WavlLM 70.24 49.02 83.06 86.39 67.75 81.16 S.chot 7732 90.3 2433

Kao W T, Wu Y K, Chen C P, et al. On the efficiency of integrating self-supervised learning and meta-learning for user-defined few-shot
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TRAINING KEYWORD SPOTTERS WITH LIMITED AND SYNTHESIZED SPEECH

DA I A keyword keyword keyword

group 1 group 2 group n

*Google Research. - e - —_—

» Motivation e -

separate conv-blocks

speech embedding

« EXxplore the effectiveness of synthesized T
speech data in training small, spoken s
term detection models. | | ‘
: | i
° MOdeI arChIteCtu re : | - OPer(em ot'tégl examples (?OO
° Embeddlng m0d6| ’ log mel input features
Each Conv block consists of 5 layers
» Head model.
* Result
Training data | Size | Full model | Head model )
speech commands 80k 97.4% 97.7%
synthetic data 3220 56.7% 92.6% o
equivalent real data | 3220 88.7% 95.3% ‘

1

Lin J, Kilgour K, Roblek D, et al. Training keyword spotters with limited and synthesized speech data[C] (ICASSP20

60 80 100
% equates to 92 examples per word)

head model [ real+synthetic data
full model! trained / real data
head model [ resl data

3 1 1 2 25 31
Number of real examples per word

20).
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Teaching keyword spotters to spot new keywords with limited examples
*Google Research, Switzerland.  *Indian Institute of Technology Bombay, India.

 Motivation

 Present a speech embedding model
(KeySEM) which allows for more
accurate KWS models to be learned from
fewer training examples.

 Model architecture

« Similar architecture to Lin et al.

* Result

| Method | SC]LK-¢[LK-o| ja[ eo| pl | pt]
Matchbox 980 | 97.3 | 89.8 | 76.0 | 88.5 | 85.0 | 843

MHAu-RNN | 980 | 99.7 | 953 | 86.0 | 87.0 | 87.3 | 79.3
MTLEmb (fix) 96.6 | 95.1 87.2 | 86.7 | 87.4 | 89.5 | 82.6
MTLEmb (FT) | 97.7 | 94.9 88.1 | 75.0 | 79.6 | 74.2 | 72.1
KeySEM (rand) | 97.2 | 93.6 78.1 | 83.2 | 84.1 | 854 | 783

“KeySEM (fix) | 939 | 998 | 97.8 | 923 | 91.2 | 90.3 | 82.4
KeySEM (FT) 98.2 | 97.8 93.2 | 929 | 89.1 | 90.3 | 84.7

f::.—x“ 7 -~
o b A
Wls . A
Rt g J3
¢ %, & . 2
EY
.
&)
- KeySEM (fx} - MTLEmbhx) = = KeySEM (FT) — — MTLEmb (FT)

(b

{c)
Accuracy: 86 10 Avg-Fl: 8634

2 100 \
— all ) - ————
m:n —
&0 x
. left
(" = (f;‘\'
i
20 { = stop
==
0 %0 1020 0 1 2 3 N 5 [ 7 8 9
Examples per Keyword (Log-scale) labels
| Method | SC|LKc |LK-o| ja| eo| pl|[ pt|
Matchbox 453 3.0 | 28 | 48.0 | 60.5 | 58.3 | 36.3
MHAW-RNN [ 482 | 273 | 128 [ 550 | 625 | 68.0 | 53.0
i MTLEmb (fix) | 79.1 439 33.1 | 765 | 745 | 763 | 71.3
MTLEmb (FT) | 46.8 | 30.1 | 214 | 41.3 | 48.0 | 438 | 37.6
KeySEM (fix) 86.5 | 98.5 945 | 86.2 | 874 | 86.3 | 80.8
KeySEM (FT) | 75.5 62.3 444 | 82.1 | 82.7 | 83.9 | 75.8

Awasthi A, Kilgour K, Rom H. Teaching keyword spotters to spot new keywords with limited examples[J]. arXiv preprint arXiv:2106.02443,

2021.
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Few-Shot Keyword Spotting in Any Language
*Harvard University, USA. *Coqui, Germany. *Google, USA.

 Motivation

 Training KWS models requires the manual collection and curation of thousands of target samples across a
diverse pool of speakers and accents for each keyword of interest. It is a prohibitive requirement for under-
resourced languages.

 Methods

* Introduce a few-shot transfer learning method for keyword spotting in any language.

Leveraging Common Voice corpora, by applying forced alignment to automatically extract 760 frequent
words across nine languages and use it to train an embedding model.

Then finetune this embedding model to classify a target keyword.

Mazumder M, Banbury C, Meyer J, et al. Few-shot keyword spotting in any language[J]. arXiv preprint arXiv:2104.01454, 2021. 19



Few-Shot Keyword Spotting in Any Language
*Harvard University, USA. *Coqui, Germany. *Google, USA.

* Model architecture Multilingual Embedding Model
Five-Shot Keyword Spotting Model
* Multilingual Embedding Model | 760 Frequent W°g$ galahduapes ] %
» 5-shot Transfer Learning Model MBS 4ox40 spectrogram [ STarget Keyword LU el o
= 0 - — . J
Embedding Representation CL'
* Result = S ien
Language # words # train #val val acc EfficientNet-B0 Backbone 4
English 265 518760 57640  78.95 Embedding
German 152 287100 31900  79.90 :
French 105 205920 22880  79.16 Fully-Connected ReLU (2048) [ Representation y
Kinyarwanda 68 134640 14960  73.64 T
Catalan 80 132660 14740  87.63 Fully-Connected ReLU (2048)
Persian 35 69300 7700  85.70 o Softm;awx\Layer
Spanish 31 61380 6820  79.65 == ' = e——n
Italian 17 31680 3520  81.16 Fully-Connected SELU (1024) — ¥ L
Dutch 7 1380 1540  72.60 el | Target )l Unknown [[ Background |
Model 760 1455300 161700 79.81 761-category output [background' words] » > s '
Truining 1est GSC Extracted
GSC 93 3% | 90.49% (a) Multilingual embedding model (b) 5-shot keyword spotting
Extracted 78.07% 92.23%

Mazumder M, Banbury C, Meyer J, et al. Few-shot keyword spotting in any language[J]. arXiv preprint arXiv:2104.01454, 2021. 20



Few-Shot Keyword Spotting in Any Language

*Harvard University, USA.

* Result

Mazumder M, Banbury C, Meyer J, et al. Few-shot keyword spotting in any language[J]. arXiv preprint arXiv:2104.01454, 2021.
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*Coqui, Germany.

*Google, USA.
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METRIC LEARNING FOR USER-DEFINED KEYWORD SPOTTING

*Korea Advanced Institute of Science and Technology, Daejeon, Republic of Korea. *Hyundai Motor Company. *42dot Inc., Seoul,Republic
of Korea.

« Motivation
 Detect new spoken terms defined by users.

 Methods

 Propose a metric learning-based training strategy for user-defined keyword spotting.

(1) Construct a large-scale keyword dataset with an existing speech corpus and propose a filtering method
to remove data that degrade model training.

(2)Propose a two-stage training strategy (pre-train + finetune).
(3)Propose unified evaluation protocol and metrics(FRR at given FAR).

Jung J, Kim Y, Park J, et al. Metric Learning for User-Defined Keyword Spotting[C] (ICASSP 2023) 2



METRIC LEARNING FOR USER-DEFINED KEYWORD SPOTTING

*Korea Advanced Institute of Science and Technology, Daejeon, Republic of Korea. *Hyundai Motor Company. *42dot Inc., Seoul,Republic
of Korea.

« LibriSpeech Keywords (LSK) Dataset

 Utilize a pre-trained wav2vec 2.0 model to force-align individual words from utterance-level labels.

« Compute CER score on each keyword in dataset with the pre-trained wav2vec 2.0 model to filter
misaligned examples.

« The 13 most frequent words and one-letter words are removed, because they consist mostly of articles and
prepositions.

10 keywords in GSC dataset that are used as the user-defined keywords are removed.
 Training Strategy S -
upport set uery se
* Pre-train(LSK) + Finetune(25 keywords of GSC) (@ 1—L@ |

» Compare the softmax loss, AM-Softmax and Angular Prototypical loss Keyword | zr'—*— ‘;2 e
&1\ | to MFCC

Jung J, Kim Y, Park J, et al. Metric Learning for User-Defined Keyword Spotting[C] (ICASSP 2023) 23



METRIC LEARNING FOR USER-DEFINED KEYWORD SPOTTING

*Korea Advanced Institute of Science and Technology, Daejeon, Republic of Korea. *Hyundai Motor Company. *42dot Inc., Seoul,Republic
of Korea.

* Result

: VT}mming loss | EER } Acc 1 : F'l-xc‘m‘c ) — FRR(NFAR:.‘!..U I-RR(-iF.-\R_:I()lJ,
Pre-train~ Fine-tune | I-shot  5-shot  10-shot | I-shot  S-shot  [0-shot | I-shot  S-shot  10-shot | I-shot  S-shot  10-shot | I-shot  S-shot  10-shot

[ 19] w/ Inc. Training 9.01 17.01 831

Softmax | 1731 952 779 | 6957 813 8410 | 068 084 (084 | 4447 2430 1983 | 2417 883 6.03
AM-Soft | 1743 891 720 | 6343 8460 8697 | 063 085 087 | 5500 2133 1830 | 2657 173 510
AP 2047 933 850 | 6137 8030 8043 | 060 080 080 | 5653 2660 2300 | 3547 857 6.93

- 173077 2064 1901 | 4707 6223 6723 | 047 063 068 | 6610 3957 4410 | 5120 3687 2797
Softmax | 1691 1100 920 | 6947 8323 8547 | 068 083 085 | 4833 2667 2167 | 2510 1167 867
AMSoft | 1047 475 401 | 8543 9480 9533 | 085 095 095 | 2420 690 597 | 1087 307 203
AP 1010 520 377 | 8353 9423 9500 | 083 094 095 | 2300 767 547 | 1023 340 220

Softmax

- 3478 2687 2265 | 41,73 5683 63.30 043 0.58 (64 7577 7500 6153 6180 5123 38587
Softmax | 23.60  [538 13.80 5317 7030 7793 0,54 0.70 0.78 6523 4407 37.87 4173 2273 18.27

AM-Soft  \MSoft | 1088 654 564 | 8513 9257 9363 | 085 093 0% | 2640 1187 960 | 1163 480 350

AP 11.80 657 4.80 8027 9240 93.07 0.79 0.92 (193 2820 1243 7.63 1370 470 3.13
- 3270 2481 21.0 4123 6003 69.37 0.45 0.61 0.70 8050 7403 37.67 3960 5077 36.23
Softmax 15.81 1097 8.87 7007 8077 8333 0.71 081 (.84 55000 2960 2077 2583 1207 757

AP AMSoft | 808 531 427 | 8853 9403 9553 | 038 0S4 09 | 1700 750  S67 | 6% 337 260
AP | 777 449 324 8997 9393 9597 | 090 0S4 09 | 1677 667 420 | 593 247 120
Dataset # Classes  # Samples EER | Acc T Fl-score T FRR@FAR=25! FRR@FAR=10|

500 500 4.13 94.50 0.95 6.07 2.13
LSK 500 1.000 394 94.60 0.95 5.23 1.97
1,000 500 3.63 95.07 0.95 5.13 .47
1,000 1,000 3.24 95.97 0.96 4.20 1.20
LSK+KSK 2,000 1,000 3.07 95.63 0.96 3.73 1.20

Filtering | EER] AcctT Fl-score? FRR@FAR=25| FRR@FAR=10/]

Pre-trained on the LSK dataset, then fine-tuned
X 347 95.67 0.96 483 147 e e

v 324 9597 0.96 4.20 1.20

Jung J, Kim Y, Park J, et al. Metric Learning for User-Defined Keyword Spotting[C] (ICASSP 2023) Y



Few-Shot Open-Set Learning for On-Device Customization of KeyWord Spotting Systems
*PSI, KU Leuven, Belgium.

 Motivation

» The design of a custom KWS algorithm typically demands the training of a model on a dataset of collected
user-defined keywords, preventing users from obtaining a custom solution in a short time.

 Methods

 Contributes an evaluation framework for FSL architectures composed by a feature encoder and a prototype-
based open-set classifier initialized with few-shot samples.

Train a feature extractor using the prototypical loss, its angular variant or the triplet loss.

Rusci M, Tuytelaars T. Few-Shot Open-Set Learning for On-Device Customization of KeyWord Spotting Systems[J].(INTERSPEECH2023)
25



Few-Shot Open-Set Learning for On-Device Customization of KeyWord Spotting Systems
*PSI, KU Leuven, Belgium.

Experimented settings: =
Episodic Batch  encoder f(+) iy BT 66 Sioia f_f ] frozen
 Framework 3 P frozen = encoder € Inference
c U
Jsl..Js _|‘encoder )
= 2 = . fQ) ¥ ) as— AST(X, G
Q | tél....k.l [=————— r-—?rg:——_
- ast bloc i & {
Mclass{es siibecngigi . Open Iss:ﬂer glat_a_se___ Et [po, pr D ] 1 ;
Source vector 1¢% Prototypes —— ———— p; increases if
R i A : y:4
s::l(:)ﬁr:;;) Dataset ) j Training Feature Extractor ® O B Classifier Setup | | UM<nown Us;'a‘:sgged dist(x, ¢) reduces
* Model architecture
o S '
Feature encoder o=13 56k =
DSCNN: composed of a stacked sequence of depthwise and o =
pointwise convolution blocks) P ZZ exp(s(z7;, j)) 2
-r- .I (2!\[ i=1 j=1 ZA l(\p 2)’A)) )
* Open-set classifier | |
where
Open Nearest Class Mean (openNCM) s(z,j) = —dr2(f(2), ¢;) (3)
s(z,7) = w- (cos(f(x),c;) —m)+b (4)

OpenMAX

Dummy Proto (DProto) Lt = \L' Z‘\:'] IllﬂX(O. (1[,-3(;17,.;1.?;*_) — l'l[,'_)(.l.‘,',.l.‘x-_) + N'l.) (5)

Rusci M, Tuytelaars T. Few-Shot Open-Set Learning for On-Device Customization of KeyWord Spotting Systems[J].(INTERSPEECH2023)
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Few-Shot Open-Set Learning for On-Device Customization of KeyWord Spotting Systems
*PSI, KU Leuven, Belgium.

Loss Feature openNCM 5-shot OpenMAX S-shot Dproto S-shot openNCM 10-shot OpenMAX 10-shot Dproto 10-shot
[ ) Re Su It Extractor ACC], AUROC  FRRD, | Accy, AUROC  FRRI, | Acc), AuroC  FRRI, | Accl. AUROC  FRR), | Accl. AurOC  FRR]. | Accl, AUROC  FRR], |
DSCNN-L-NORM 0.21 (.66 0.78 0.23 0.79 0.77 0.21 0.64 0,79 0.22 0.68 0.78 0.23 0.75 0.77 0.22 0.67 0.78
PN DSCNN-L-CONV 0.54 0.86 0.46 0.12 0.87 0.87 0.64 0.91 0.35 0.62 0.89 (.37 048 0.89 (.50 0.71 0.93 0.28

DSCNN-L-RELU 0.56 0.87 0.43 0.14 091 0.85 0.66 0.92 0.32 0.63 0.89 0.37 0.56 0.92 0.40 0.71 0.93 0.28

AP DSCNN-L-NORM 0.66 0.92 0.29 0.44 0.94 0.54 0.65 0.93 0.30 0.71 0.93 0.25 0.66 0.93 0.30 0.70 0.94 0.25

DSCNN-L-NORM 0.71 0.93 0.26 0.37 0.94 0.62 0.76 0.94 0.21 0.71 0.94 0.24
TL DSCNN-L-CONV 0.58 0.88 041 0.25 0.95 0.74 0.63 0.89 0.36 0.67 0.95 0.29
DSCNN-L-RELU 0.66 0.90 0.33 0.20 0.96 (.80 0.71 0.91 (.28 0.64 0.96 (.32
DSCNN-S-NORM 0.14 0.57 0.85 0.14 0.72 0.85 0.14 0.54 (.85 0.17 0.59 (.83 0.17 0.69 0.83 0.15 0.55 0.84

PN DSCNN-S-CONV 0.40 0.81 0.60 0.14 0.83 0.84 0.40 0.81 0.59 0.48 0.85 0.51 0.38 0.86 (.60 0.43 0.83 0.57
DSCNN-S-RELU 0.39 0.80 0.60 0.20 0.86 0.77 0.39 (.80 0.60 0.45 0.84 .54 0.44 0.87 0.54 0.44 0.81 0.56

AP DSCNN-S-NORM 0.39 0.83 0.60 0.34 0.87 0.64 0.31 (.81 (1L.68 0.41 0.84 0.57 0.36 0.86 0.63 (.33 0.82 0.66

DSCNN-S-NORM 0.51 0.87 0.46 0.38 0.91 0.59 0.56 0.89 0.42 0.54 091 042
TL DSCNN-S-CONV 0.39 0.80 0.60 0.26 0.92 0.70 042 0.82 0.57 0.56 0.92 (.39
DSCNN-S-RELU 0.42 (.82 0.57 0.28 0.92 0.69 0.49 (.85 0.50 0.58 0.93 0.37

DSCNN-L — params: 407k ACCZ, AUROC  Train Data  Extra Params

openNCM+Classif [22]+ NORM 0.52 0.89 source -
openNCM+TL+NORM 0.76 0.94 source -
dProto [ 10}+RELU 0.71 0.93 source -
PEELER [20] 0.76 0.94 source +6.3M
end-to-end [4) 0.76 0.93 target -

DSCNN-S — params: 22k ACCS, AUROC Train Data  Extra Params

openNCM+Classif [22]+ NORM 0.47 0.85 source -
openNCM+TL+NORM 0.56 0.89 source -
dProto [10+RELU 0.44 0.82 source -
PEELER [20] 0.60 (.88 source +341k
end-to-end |4) 0.72 0.93 target -

Rusci M, Tuytelaars T. Few-Shot Open-Set Learning for On-Device Customization of KeyWord Spotting Systems[J].(INTERSPEECH2023)
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Experimental Progress

* Model Pretraining based Mix training
RfepartigrPre-train Dataset:

(L)epatiliaing Wetetd fiowdaaiignsiatie iy drgemisle

K\v&alatdsesniemédvningoebstie telr ikpgeadr § @Xam

(2 WTigingits efttcteveibsess FavShodmix tramih i

mioceer kepargowvith GSC are removed.

F&)éfﬁﬁﬁ’r‘@ mh@mmh@p@gﬁrgg@@med by mix train&'ﬂ(e:;{jm_Test
outRRsTRLmI R hBserbared AFRIBRE EARAYIRrolEA Mixed _Test

- Data type : 100_shot 10_shot 5 shot
Pre-train : : ]
Finetune Finetune Finetune
Train 1000k 3.6k 0.36k 0.18k
Valid 5k 9.9k 9.9k 9.9k
400k 4.8k 4.8k 4.8k
4.07k 4.07k 4.07k

SCeRaHining set of GSC_v2.
(b)Each subset contains 36 classes, and 100/10/5

audios are randomly sampled from each class.
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Experimental Progress

* Model Pretraining based Mix training

Result

(1)Pretrain model performance

The performance on pre-train model

metric 0
Strateqy Acc.(%) EER
Base(CE+softmax) 90.93 0.0025
MT(BCE+sigmoid) 91.47 0.0035

(2)Without model pretraining performance in clean scenario

The performance in Top-1 Accuracy(%) of different training strategies when detecting clean keywords.

All the models are trained without model pretraining.

GSC_v2

GSC_100_shot

GSC 10 shot

GSC 5 shot

Top-1 Acc.(%)

Top-1 Acc.(%)

Top-1 Acc.(%)

Top-1 Acc.(%)

Base(CE+softmax)
MT(BCE+sigmod)

96.81
97.03

84.5610.62
87.71+0.54

overfit
23.9642.74

overfit
16.03+2.12
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Experimental Progress

* Model Pretraining based Mix training

Result

(3)Without model pretraining performance in mixed scenario.

The performance in Top-2 Accuracy(%) of different training strategies when detecting mixed keywords.

All the models are trained without model pretraining.

GSC_v2

GSC_100_shot

GSC 10 shot

GSC 5 shot

Top-2 Acc.(%)

Top-2 Acc.(%)

Top-2 Acc.(%)

Top-2 Acc.(%)

Base(CE+softmax)
MT(BCE+sigmod)

60.59
90.35

42.64+0.93
69.65+0.49

overfit
16.45+1.56

overfit
10.69+2.01
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GSC 10 _shot

GSC_10 shot Aug

: Pre-train Finetune
Experimental Progress oy | Tont e o
MT | base | MT | base op-1 Acc.(%) op-1 Ace.(%)
* Model Pretraining based Mix training = | v | x | v | 60674232 66.98+1.23
Result x | vV | V| x 61.45+0.82 63.18+1.36
(4)Model pretraining performance in clean scenario. ¥ | ¥ | * | ¥ | 61464225 06.51+1.37
x x
Finetune: start update layer = the 7th MBConvBlock >9.1141.31 614141.58
Pretrain | Einetune GSC_v2 GSC_100_shot Pre-train | Finetune GSC_5_shot | GSC_5_shot_Aug
- (%)| Top-1Acc.(% - (¢ Top-1 Acc.(%
MT | base | MT | base Top-1Acc.(%)| Top-1 Ace.(%) MT | base | MT | base Top-1 Ace.(%) op-1 Acc.(%)
x | vV | x| YV 96.36 91.82+0.38 x | vV | x| YV 33.50+4.24 38.15+5.06
x | vV | V| x 97.14 92.60+0.31 x | v | V| x 43.0513.08 41.751+4.03
V| x| x|V 96.22 91.84+0.28 v | x| x | V 31.37+3.80 37.23%+3.07
v | x x 97.12 91.91+0.33 v | x x 42.24+3.31 42.30+4.17
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GSC_10 shot | GSC_10 shot_Aug

Experimental Progress Pre-train | Finetune
MT | base | MT | base Top-2 Acc.(%) Top-2 Acc.(%)
* Model Pretraining based Mix training = | v | x | v | 39.70+0.64 34.94+1.81
Result x | v | v | x | 42804067 41.84+1.34
(5)Model pretraining performance in mixed scenario. v | x| x| v | 4203%0.77 39.19+1.95
Finetune: start update layer = the 7th MBConvBlock * | V| % | 44764192 42.78x1.15

GSC v2 GSC_100_shot GSC_5 shot GSC 5 shot_Aug

Pre-train Finetune Pre-train Finetune

MT | base | MT | base Top-2 Acc.(%)| Top-2 Acc.(%) MT | base | MT | base Top-2 Acc.(%) Top-2 Acc.(%)
x v | x v 60.86 52.95+1.14 x v | x v 20.341+2.74 25.15+4.09
x v | v x 87.82 74.321+0.69 x v | v x 30.40+2.57 29.44+3.17
v x x v 64.31 55.2440.34 v x x v 21.34+2.99 27.2610.95
v x x 90.61 78.06+0.59 v x | v x 32.08+3.21 31.80+3.31
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The performance in Top-1 Accuracy(%) on (a).

Experimental Progress oretrain | Finetune | CSC-5_shot | GSC_5_shot_Aug
Top-1 Acc.(%) Top-1 Acc.(%)
.. - - - MT | base | MT | base
* Model Pretraining based Mix training
x 4 x v 33.501+4.24 38.15+5.06
Result
x v | vV x 43.051+3.08 41.751+4.03
(6)Model pretraining performance in clean scenario. vlx |l x| v 31.3743.80 37.0343.07
(a)start update layer: the 7th MBConvBlock v | x| v 1 x 42.24+3.31 42 304417

(b)start update layer: the last FC layer

The performance in Top-1 Accuracy(%) on (b).

Pre-train Finetune GSC 5 shot GSC_5 shot_Aug
MT | base | MT | base Top-1 Acc.(%) Top-1 Acc.(%)
x v x v 48.294+2.23 51.324+3.32

x v v x 50.08+2.57 51.2943.07
v x x v 51.59+3.38 53.021+3.03
v x v x 51.54+3.08 51.731+3.34
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The performance in Top-2 Accuracy(%) on (a).

Experimental Progress Pre-train | Finetune |_ooc=o-shot | GSC_5_shot Aug
Top-2 Acc.(%) Top-2 Acc.(%)
.. : . - MT | base | MT | base
* Model Pretraining based Mix training
x v | x v 20.34+2.74 25.1514.09
Result
x v | v x 30.40+2.57 29.444+3.17
(7)Model pretraining performance in mixed scenario. vlx |l | v 21.3442.99 27 26+0.95
(a)start update layer: the 7th MBConvBlock v | x| v | x 32.08+3.21 31.80+3.31

(b)start update layer: the last FC layer

The performance in Top-2 Accuracy(%) on (b).

Pre-train Finetune GSC 5 shot GSC_5 shot_Aug
MT | base | MT | base Top-2 Acc.(%) Top-2 Acc.(%)
x v x v 30.03+3.25 33.51+2.38

x v | v x 34.10+2.83 34.43+2.79

v x x v 35.83+4.08 38.22+3.24
v x | v x 37.46+3.36 39.024+3.33
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Experimental Progress

* Model Pretraining based Mix training
Conclusion
(1) In the Few-shot case, model pretraining demonstrates greater effectiveness, with its advantages
diminishing gradually as the number of shots increases.
Only in the 5-shot, finetuning the final layer yield optimal results.
(2) In the Few-shot case, mix training(MT) proves superior to base-based methods in mixed scenario,
with the optimal performance achieved through MT+MT.
In extreme scenarios(10-shot/5-shot), the overall performance is consistently poor.
(3) Mix training shows a slight advantage over base-based methods in clean scenario, possibly due to
the better learning of patterns.

In extreme scenarios(10-shot/5-shot), it is challenging to discern this trend.
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Experimental Progress

» Extend Temporal feature to reduce the FAR

FC layer

) i ;
AdaptiveAvgPoal3d
FC layer T | kw_1dec I I kw_2 dec l I kw_n dec |

T T Conv2d(1*3) T /!\ T

FC layer

AdaptiveAvgPool3d AdaptiveAvgPool3d ;::::in kw_1block | | kw_2block |+++| kw_n block
i T i

T T g , 1

keyword block |

=25
c=1260
T AdaptiveMaxPooling
f=20 permutation f=20 T
c=1280

f=3
- c=1280 —T
= c-1280 =25 "LT Conv2d(12*20)*1
T T 1220 1\
c=1280 I

! 1T EfficientNet-B0 Backbone
EfficientNet-B0 Backbone EfficientNet-B0 Backbone
EfficentNet-BO Backbone T
T T T FBank
FBank FBank =

(a) (b) () (d)
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Experimental Progress

« Extend Temporal feature to reduce the FAR

Dataset

Sampled on fyt dataset (pretrain: 5000 keywords, finetune: 51 keywords + unknown).

Result

(1)Model pretraining(pretrain: base, finetune: MT) performance on fyt clean scenario.

a8 IYPE | pre-train | 100_shot Finetune
Set type
Train 1480k 5.2k
Valid 8.24k 3.28k
ACC_Test - 1.55k
FAR_Test : 8k

Model structure Top-1 Acc.(%) FAR(%)
(a) raw 97.07+0.37 1.21+0.32
(b) CHG str 96.81+0.25 1.32+0.66
(c) CHG str + trans + 2d-conv 96.64+0.37 7.82+7.12
(d) CHG str + 52 2d-conv 95.91+0.31 6.22+2.26
(d) CHG str + 52 2d-conv+SE 96.36+0.34 7.62+2.61
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Feature Work

* Multi-task(KWS+SID/ASV) based mix training

Structure
kw_1 dec kw_2 dec kw_n dec spk dec spk dec spk dec
f 1 1 1
kw_1 block kw_2 block kw_n block kw_1_spk block kw_2_spk block * | kw_n_spk block
d ‘N n N P
L L L )

Y :
) Head Model:

T

keyword block |

AdaptiveMaxPooling

1\

Conv2d(12°20)"1

T

Spk block |

FC layer

T

FC layer

T

AdaptiveAvgPooling

T

—> speaker embedding
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Feature Work

* Multi-task(KWS+SID/ASV) based mix training
Result

(1)Model performance in clean scenario.

KWS+SID task KWS+ASV task
Training str
g stetegy s Top-lK,X\c/c.(%) Top-ls,zléc.(%) Total Acc.(%) Top-lKch.(%) EESEep.i((%)
base / data_v1 94.65 73.49 71.86 86.45 4.67
base / data_v1 aug 95.12 90.23 86.51 86.04 4.14
MT (self corruption) / data_v1 100 91.39 91.39 03.38 3.22

MT (self corruption) / data_v1 aug 99.53 90.93 90.69 92.77 2.86
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Feature Work

* Multi-task(KWS+SID/ASV) based mix training
Result

(1)Model performance in mixed scenario.

KWS+SID task KWS+ASV task
Training str
g stetegy s Top-2K,X\c/c.(%) Top-ls,zléc.(%) Total Acc.(%) Top-ZKch.(%) EESEep.i((%)
base / data_v1 58.02 10.58 0.00 52.51 24.69
base / data_v1 aug 61.16 30.23 0.46 54.79 22.02
MT (self corruption) / data_v1l 94.53 47.44 17.67 83.35 10.57

MT (self corruption) / data_v1 aug 95.58 78.14 56.74 84.56 9.04
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Feature Work

* Multi-task(KWS+SID/ASV) based mix training
Defect

(1) The available data does not quite fit the requirements.

kw_spk dec
N
FC layer

(2) The number of parameters is very large. r 1 :

kw_1dec kw_2dec | «+« | kw_ndec spk emb spkemb ves spk emb

Shared FC layer .  Some—  e—— Msesenmsiisseseelosmssenssalamsns

kw_1 block kw_2 block |*++| kw_n block kw_1_spk block kw_2_spk block | *++ | kw_n_spk block '
1 1 i ) 2 2 :
L \ \ + 2 J Head Model'

41



15 RSt E+s IE
Thank You !



