o
LI Ty o

L | Samsung Research
-ochwod.“lw‘lwl||lu-7~~oo‘u AT 9

Online Continual Learnmg in Keyword
Spotting for Low-Resource Devices via
Pooling High- Order Temperal Statlstlcs |

Umberto Michieli, Pablo Peso Parada, Mete Ozay

Samsung Research UK



Samsung Research

1) Motivation

2) Setup

I L L 2 3) Our Method: TAP-SLDA
3 o g ",'::;‘..'-:"fj-'-.::;.--:}'..';;."'_'-,:;f{ | 4) Main Results

| 5) Conclusion




Samsung Research

1) Motivation

2) Setup

I L L 2 3) Our Method: TAP-SLDA
3 o g ",'::;‘..'-:"fj-'-.::;.--:}'..';;."'_'-,:;f{ | 4) Main Results

| 5) Conclusion




Samsung Research

1) Motivation

Speech models are getting more powerful but also much larger!
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Users of smart devices want on-device personalization

Example use-cases:
 Add custom commands to virtual assistants
 Add custom wake-up words to virtual assistants

Without sharing any data with the server

- Need for efficient and on-device personalization of keywords spotting
(KWS) models
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APPLICATION: Personalized Keywords Spotting

TASK: Class-Incremental Online Continual Learning for Embedded devices (EOCL)

DESIDERATA:
* Learn new concepts without forgetting old ones = Continual Learning

e Learn from a stream of data (samples are not stored on device) = Online
 Efficient update: targeting limited-resource devices 2 Embedded

* Frozen backbone
* Update via small batch size, as data is collected by the user

* Limited number of training parameters
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3) Our Method
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3) Our Method

p»| Feature |
extractor
Three main components: > G() I
Testing‘—\
1. Feature Extractor Phase X not trainable

-> pre-trained on server on public data and frozen
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3) Our Method

TAP-SLDA (ours)
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Three main components: g

_______________

not trainable

2. Temporal-Aware Pooling (TAP) = concatenation of first R statistical moments (e.g., R=5)
* Richer feature space to extract cues from a single-epoch training
* Increased accuracy P(SI)H(#-EQ[(Q—H)Q] :
* Increased robustness
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TAP-SLDA (ours)
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Three main components: F()
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P(g)= H (//. ﬁg:(,‘/_/’ )2:

3. Classifier = lightweight online continual learning method
- We use SLDA [1] on the enriched feature space

X X
SLDA estimates a Gaussian model for each class over the feature space with ks "_‘ e B x X
. . PR
a class-wise mean (prototype) and shared-across-classes variance X XX xx:xx
. . . X X
* Online estimate of covariance s

* Shared covariance across classes

[1] Hayes, Tyler L., and Christopher Kanan. "Lifelong machine learning
with deep streaming linear discriminant analysis." CVPRW 2020
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3) Our Method: Intuition

We plot the distribution of statistical moments of features extracted from or class2 :

R = 1 (average, AVG) 2= R=5

Class ¢q
== (Class ¢,

Frequency

Value Value

— Features of different classes have similar distribution of 15t moments, while...

- ... higher moments capture the difference



Samsung Research

it 1) Motivation
POt 2) Setup

T I e L DL L s 3) Our Method: TAP-SLDA
3 SRS g 0 4) Main Results

| 5) Conclusion




Samsung Research

4) Results: Preliminaries

Datasets
e GSC-V2: 35 English words
e MSWHC: we picked the 5 most represented languages (en, de, fr, ca, rw) and create 3 micro-sets with

different number of keywords N={25, 50, 100}. Splits are available at [2]

Metrics

* Acc: assesses the final model performance on all classes
e CL metrics: BWT (1), Forgetting (1), Plasticity (T),

* Relative comparison: (Acc, — Accy) /(100 — Accy)

[2] MSWC splits: https://github.com/umbertomichieli/tap-slda
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4) Results: GSC-V?2 Samsung Research

TAP-SLDA (ours) outperforms competing approaches on 6 architectures:

W2V-B W2V-L Emf-B HB-B HB-L HB-XL
Acc BwT Forg Pla  Acc BwT Forg Pla Acc BwT Forg Pla. Acc BwT Forg Pla Acc BwT Forg Pla Acc BwT Forg Pla

FT 5.0 1.2 ORS 10 25.ys 13 085 100 205 15 976998 F5u 1.2 985 100- 25y 12 985 100:355s 12 985 100
PRCP[10] 25110 1.2 984 100 25,0 1.3 984 100 29.0; 22 958 97.5 2.54,0 1.4 984 100 25,0 12 984 100 2.6.,0 1.3 984 100
SNB[27] 37..p 65 386 P57 941,, 92 361 166 T210p 131. 208228774 50809 181842 65.0g 12:00 374:23:7 57.9 00 60,3 2387652

2 5.3 33.8

o))

l 2

SOVR [10] 1.8400 6.2 39.6 145 1.8400 2 31.6 15.8 49400 7.3 244 145 19.1100 29.8 41.2 42.5 14.0100 21.8 34.8 32.9 15. 74100 22.6 35.
NCM [23] 67.5460 74.0 13.2 77.3 69.5+70 76.0 12.1 80.0 8.8400 14.1 23.6 22.0 83.9400 86.0 8.2 89.1 46.7100 55.4 22.8 62.4 62.5+00 66.7 17.
8.3 90.8 933100 94.1 5.

4

SLDA [18] 824101 842 8.0 87.0 81.6:01 83.8 8.3 86.8 232100 32.9 23.7 41.9 942400 949 3.8 96.2 85.5:00 88.2 1
SQDA [26] 80.6:25 78.2 5.7 81.2 805224 76.9 5.1 80.6 243507 21.9 17.3 31.5 900434 87.8 2.8 90.0 674144 594 4.4 648 830521 73.9 0.0 7638
IAP-SLDA 899,00 918 5.6 937 90.0.00 917 5.4 93.4 50.8.05 588 203 658 95.7.00 960 3.0 96.9 90.8.00 918 6.1 936 95.5.00 95.8 3.4 96.6

iCaRL [6] 76.9+10 79.1 14.7 83.6 73.64+18 78.0 17.4 83.5 18.2103 269 28.8 44.7 93.7101 94.6 4.2 96.7 785105 83.1 12.8 85.1 929403 93.8 5.3 95.5

Avg 47.5 49.6 335730 481 50.1 325 73.7 15.1 193 38.0 46.2 643 659 28.6 88.5 44.1 469 346 716 56.8 57.7 30.4 80.8

- The temporal-aware enriched feature space provides useful temporal characteristics to the Gaussian modelling
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4) Results: GSC-V?2

TAP improves every OCL method:

TAP+ W2V-B W2V-L Emf-B HB-B HB-L HB-XL Avg

FT 54 6.1 2.9 2.3 279 AT 3.8 (+1.2)
PRECEF 35 4.6 3.0 28 2.8 2.9 3.3 (+0.7)

SNB 3.9 i1 D3 841 69 599 28.5H23)
SOvR 51.3 60.9 5.8 543 149 49.6 39.5(+29.9)
NCM  78.2 79.8 12.1 87.2 445 849 64.5(+8.0)
CBCL. 2 773 120 887 438.0 86.1 64.7(+8.2)
SLDA 899 90.0 50.8 95.7 908 955 85.5(+8.8)
SQDA 85.5 84.0 48.77 88.8 67.1 827 76.1(+5.1)

iCaRL 82.9 85.7 31.0 909 769 90.8 76.4(+4.1)
Avg 229 55.1 195 961 394 61.7
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4) Results: GSC-V?2

TAP improves every OCL method:

TAP+ W2V-B W2V-L Emf-B HB-B HB-L HB-XL Avg

FT 54 6.1 2.9 2.3 279 AT
PRECEF 35 4.6 30 28 28 2.9

g (+1.2)

3 +0.7)

SNB 3.9 .1 9.3 34.1 6.9 59.9 28.p (+2.3)
SOvR 51.3 60.9 58 543 149 49.6 0.5 (+29.9)
NCM 78.2 79.8 12.1 87.2 445 849 (+8.0)
CBCL, 759 i3 U 881 488 86.1 (+8.2)
o (+8.8)
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Avg 329 331 195 961 394 61.7
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TAP outperforms other pooling schemes:

W2V-B W2V-L Emf-B HB-B HB-L HB-XL Avg

AVG [29] 824 816 232 942 855 933 6.7
MAX [30] 877 883 349 948 872 94.1 81.2
MIX (50%) [31] 87.8 87.3 31.1 947 873 940 804
STOCH [32] 809 776 246 853 645 719 684
L2 [36] 790 797 174 929 744 89.7 72.2
L3 [36] 793 812 159 924 704 89.1 714

RAP (10%) [33] 86.5 869 363 948 875 938 81.0
AVGMAX [34] 89.1 89.6 448 952 89.1 947 838
ISQRT-COV [37] 80.3 80.3 55.1 924 838 903 804

TSDP [35] 839 83.6 324 944 849 939 789
TSTP [35] 874 87.6 39.1 951 88.0 945 82.0
TAP (ours) 90.0 90.0 50.8 957 90.8 955 85.5

Avg 845 845 338 935 828 91.7
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Larger feature space is not all we need:

W2V-B W2V-L Emf-B HB-B HB-L HB-XL Avg Ay,

AVG 824 81.6 232 942 855 933 76.7 1

Ar.: increase of
pgsoledfeaturesize MAX 87.7 88.3 349 948 87.2 94.1 81.2 1

RAP 5% 857 858 351 945 86.8 9383 80.3 26.8
RAP 10% 865 869 363 948 87.5 938 81.053.5
RAP20% 857 859 363 945 86.8 93.8 80.5 107
MAXW; 877 883 349 948 R87.2 941 B8l.2 5

MAXW;5s 85.8 865 349 947 87.1 939 805 1
MAXWi o 856 86.1 353 947 86.7 93.7 803 2

TAP (R=2) 874 87.6 39.1 95.1 880 945 820 2
TAP(R=3) 89.3 89.2 473 955 898 954 844 3
TAP (R=4) 90.0 90.0 49.7 956 904 955 852 4
TAP (R=5) 90.0 90.0 50.8 957 90.8 95. S
TAP (R=6) 90.1 90.2 47.8 957 899 9s.
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TAP only adds minimal overhead:

FT 1.6 0.01 1.5 0.01 1.5 002 1.5 002 3.8 0.03 2.6 0.04
NCM 52.1 0.01 62.8 0.01 63.5 0.02 64.0 0.02 645 0.03 56.7 0.04
SLDA 76.7 0.10 82.0 0.10 84.4 0.11 85.2 0.12 85.5 0.12 84.9 0.13

: increase of parameters percentage over the backbone

A
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TAP enhances personalization to other languages:

m

I 05 classes EEE 50 classes B (00 classes
SLDA TAP-SLDA (ours)

80
HuBERT-Base model pre-trained
on English data only and —r
adapted to recognize keywords

in different languages

Accuracy (%)
:I

en de fr ca I'w
Language
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5) Conclusion

New task: online continual learning for KWS models targeting low-resource devices with limited computational
and storage capability

New method: TAP-SLDA, a parameter-efficient online continual learning method

TAP-SLDA features:

 New temporal-aware pooling scheme based on the first 5 moments of extracted features
* Lightweight solution: frozen feature extractor + class-conditional Gaussian modelling of feature space
* Extraction of high-order statistical moments of the embedded features of input samples

* Robust results in a variety of scenarios on several backbones
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Thank youl!




