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" Quantifying the ASR-NLP Gap

* |s ASR a solved problem? Depends ...

* Quality of SOTA ASR systems is over-estimated ...
— WERReaI—worId VS WERResearch Benchmarks

* (semi-)scripted, read, artificial conversation

 Benchmarks ... demographically homogeneous ... reliable
real-world diversity representative?

E. Loweimi 2/31
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“"Human-Haman vs Human-Machine

e Human-machine interaction ... artificial & static

 Human-human interaction ... natural & dynamic

e Acoustically distinguishable - 81% accuracy (Alexa)
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Experimental Setup

° Compare WERReaI-worId VS WERResearch Benchmarks
- using 3 commercial SOTAASR

* Real-world proxy

- Data from 50 call centre conversations (CCC)
- 8 kHz, 2.2h speech, #utter: 1595+1361, avg #wrds/utt: 10

* Research Benchmarks proxy
- Hub’05 [SWBD + CallHome]

E. Loweimi 4/31
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Real-world vs Research Benchmarks
Performance gap

ING'S
College
LONDON

ASR  CCC SWBD Call[Home e 2?1?91 251162 1;(5)1;53
ooking ) ) !

ASR 1 17.9 11.62 17.69 Finance 16.82 1846 15.83

ASR2 19.2 1145 18.6 Insurance 1  18.01 2020 17.84

ASR3 16.5 10.2 15.85 Insurance 2 15.25 17.11 13.73

Telecomm. 19.75 23.31 17.62
Agent 1697 17.83 16.49
Customer 17.87  20.99 16.48

Domain - Performance

* Commercial ASR WER is 2X SOTA. Why?
— General acoustic and language model
— [5-min chunks + SAD] vs oracle segmentation

E. Loweimi 5/31




Conclusion

* ASR for spontaneous human-human conversation is
challenging!

- WERReaI—world >[>] WERResearch Benchmarks

e Call to action

- Crowd-sourcing - Mozilla Common Voice — phone calls +
transcription donation

— Construct new ASR quality measures
— Designing joint ASR+NLP tasks
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~ " Motivation — Research Question ...

 “... Are our models robust enough?”

- Is pushing numbers on a single benchmark practically
valuable?

- Is WER on a single benchmark a good proxy for
performance on real-world data?

— Does ASR progress on research benchmarks mean
progress in ASR over real-world applications?

E. Loweimi 7/31
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“"Motivation — Robustness Means ...

* Q: Are our models robust enough?

 Robustness -~ Handling Mismatch
— Acoustic mismatch - noise
- Domain/Genre mismatch
- Research/Real-world mismatch

* Robustness (AM*) - Generalisation (ML**)

m‘"“l"\lu
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This paper ...

* Goal: Study ...
— Generalisation from research to real-life
- Practical usefulness of low WER Rresearch Benchmark

 How:
- Build SOTA AM/LM using single/joint research dataset(s)
- Evaluate on various research/real-world datasets

- ... Investigate transfer ...

m‘"“l"\lu
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Experimental Setup

* Acoustic model:
— Architecture: Transformer (36T blocks with 4 heads, dmode=762)
- Training dataset: Single & Joint (+ Fine-tuning: 1h, 10h, 100h)
- Loss: CTC; Decoding: greedy & beam-search

Optimiser: Adagrad + LR decay factor 2 (WER plateau)
Dropout (SA and FFN) + layer drop (FFN)

Token set: 26 Eng. letters + aposhtrophe + word boundary
Data augmentation: SpecAug (freq + time masking)
Toolkit: Kaldi, Flashlight & wav2letter++

E. Loweimi 10/31
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Datasets (1)

Data kHz Train (h) Valid (h) Test (h) Speech
WSJ 16 81.5 1.1 0.7 read
TL 16 452 1.6 2.6 oratory
Ccv 48 693 27.1 25.8 read
LS 16 960 51454 54454 read
SB+FSH 8 300+2k 6.3 1.742.1 convers.
RV 16 5k 14.4 18.8+19.5+37.2  diverse

- Research

- WSJ (Read), TED LIUM (oratory), Mozilla Common Voice (Read), LibriSpeech
(Read), SwitchBoard (telephone conversation)

- Real-world
- Facebook’s in-house Robust Video [RV] (social media)

E. Loweimi 11/31
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Datasets (2)

Sec

Data  Trainpto(s) Validufo(s) Testpto(s) Trainp+o(wrd) Validp£o (wed) Testp £ o (wrd) /sec

WSJ 78129 78+29 76125 177 167 17+6 2.1

TL 643 11.3+£5.7 81+43 17+10 35120 24+ 15 3.0

Cv 57116 6.1+1.8 58+ 2.6 10£3 10£3 9+3 1.6

LS 123+£3.8 6.8+4.5 7148 33+12 19413 19+13 2.7
SB+FSH 37132 4431 21+17 11412 12412 8§+8 3.0

RV 85+ 1.9 116428 116+ 2.7 21110 25+ 13 29+ 12 2.3

- Research

- WSJ (Read), TED LIUM (oratory), Mozilla Common Voice (Read), LibriSpeech
(Read), SwitchBoard (telephone conversation)

- Real-world
- Facebook’s in-house Robust Video (social media)
l i E. Loweimi 11/31

D-HNO



D-HNO

Language Model

Architecture:

— N_g ram (15t paSS), KN’ 4_gram Data/Vocab in-dom. n-gram  in-dom. Transf. CC 4-gram
d Valid Test Valid Test Valid Test
- Transformer (2n paSS) WSJ/162K 159 134 83 65 297 285
TL/200k 119 149 79 81 142 136

157

* Arch: Google Billion Words  cvissk 350 320 256 240 213
LS/200K 155/147 164/154  48/50  52/50  258/258  244/249

SB+FSH/64K 124 114/112 91 82/85 221 199/153

Data: RV/200K 158 146 . i 249 204
- in-domain: Training corpus +
Original LM
- Generic: Common Crawl (CC)
12/31
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Unifying Audios

* Downsample all to 8kHz L7 el

- Similar FBank feature distribution % i
(MVN per utterance) 2 -1

/‘J —— LS-clean —— RT03S —— CV
5l —— LS-other WSJ TL
. . 0 20 40 60 80
* Note: Vanilla Up/Down sampling -
ilterbank Index
reduces the performance
- SB: 8-.16 kHz -~ AWER = + 1%abs
- LS: 16 -8 kHz - AWER = + 0.2%abs
E. Loweimi 13/31
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Experimental Results (0)

Train WSJ TL Cv LS SB+FSH average
nov93 nov92 valid test valid test dev-c test-c dev-o test-o RTO03S SB CH valid test
SOTA 2.8 5.1 5.6 1.9 3.9 8.0 5.0 9.1

133 e, 42.9 41.7  70.7 76.3 31.1 30.6 52.2 53.5 65.9 57.3 63.1 | 46.9 46.4
WSI 8.1 6.4 28.4 28.9 545 61.7 16.4 16.7 36.8 38.7 52.3 44.2  49.7 | 34.0 34.3
6.4 52 26.7 26.8 52.8 60.2 12.8 13.3 33.8 35.9 49.8 42.2 472 | 31.8 32.3

12.9 10.7 7.4 75  30.8 34.7 9.7 9.8 20.0 20.4 28.3 20.0 284 | 189 18.4
TL 10.0 6.2 6.1 64 230 201 5.7 6.1 13.5 14.3 23.9 16.5 24.5 | 14.5 14.1
6.9 5.4 5.8 6.0 220 26.1 4.0 4.5 10.1 ik 23.3 16.6 24.8 | 13.0 13.3

12.1 9.0 46.4 30.0 13.1 IGION 19.2 20.9 25.3 27.0 47.8 39.7 43.6 | 28.3 24.3

CvV 6.7 4.1 38.2 23.4 108 13.8 143 16.1 18.3 20.1 37.1 29.9 34.2| 21.8 18.3
5.7 3.6 37.7 21.8 10.7 13.6 12.6 14.5 15.9 il 35.3 28.0 329 | 20.7 17.1

13.6 11.0 12:7 13.4  30.0 34.1 2.8 2i8 7.1 7.1 36.4 27.1 33.8 | 19.5 18.8

LS-960 el 3.8 7.8 9.4 188 22.5 2.0 2:9 53 5.6 27.5 19.3 26.4 | 13.0 12.5
4.9 3.6 7.3 8.6 18.1 22.0 1.5 23 43 4.7 25.9 18.3 25.3 | 11.8 11.9

12.1 11.5 14.9 12.8  42.6 45.7 14.1 15.0 28.6 29.2 12.8 7.7 12.0 | 20.8 20.4
SB+FSH 6.4 5.2 8.5 SIS S B7 36.0 il 7.9 19.1 20.4 10.4 65 103 | 14.0 14.5

5.1 3.9 8.1 8.2 29.8 34.3 4.6 5.7 16.1 17.5 10.3 64 104 | 12.7 13.3

4.5 3.4 6.9 6.9 13.1 15.5 3.0 3.0 7.3 7.3 Ll 6.3 10.7 8.3 7.9

Joint 3.1 2.0 5.4 5.7 10.5 12.6 2.0 2.5 5.2 5.6 9.8 5.9 9.5 6.5 6.4
2.9 2.1 5.1 5.2 10.3 12.3 1.4 2.1 4.1 4.4 9.7 5.8 9.3 6.2 6.1

Joint CC 4.0 2.8 5.6 5.7 8.9 10.6 3.1 3.0 6.0 6.0 10.0 5.5 Ot 6.6 6.2

* Greedy decoding ... No LM

* Beam-search decodlng . (first pass) in-domain n-gram LM

* Beam-search decoding ... second pass rescoring by in-domain Transformer
* Joint CC - Joint, decoding with 4-gram

* Average of average (same weight for all datasets) 14/31
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WSJ ...

Train WSJ TL Cv LS SB+FSH average
nov93 nov92 valid test valid test dev-c test-c dev-o test-o RTO03S SB CH valid test
SOTA 2.8 5.1 5.6 1.9 3.9 8.0 5.0 9.1

e 115 | 429 41.7  70.7 76.3 31.1 30.6 52.2 53.5 65.9 57.3 63.1 |, 46.9 46.4 |
wsi ! s 64 | 284 28.9 545 61.7 16.4 16.7 36.8 38.7 52.3 44.2  49.7 | 34.0 34.3 |1
I 64 52 1 26.7 26.8 52.8 60.2 12.8 13.3 33.8 35.9 49.8 42.2 472

12.9 10.7 7.4 75  30.8 34.7 9.7 9.8 20.0 20.4 28.3 20.0 284 | 189 184
TL 10.0 6.2 6.1 64 230 27.1 5.7 6.1 13.5 14.3 23.9 16.5 24.5 | 14.5 14.1
6.9 5.4 5.8 6.0 220 26.1 4.0 4.5 10.1 11.7 23.3 16.6 24.8 | 13.0 13.3

12.1 9.0 46.4 30.0 13.1 169  19.2 20.9 25.3 27.0 47.8 39.7 43.6 | 28.3 24.3

CvV 6.7 4.1 38.2 234 108 13.8 143 16.1 18.3 20.1 37.1 29.9 34.2| 21.8 18.3
5.7 3.6 37.7 21.8  10.7 13.6 12.6 14.5 15.9 17.7 35.3 28.0 329 | 20.7 17.1

13.6 11.0 12.7 13.4 30.0 34.1 2.8 2.8 7.1 7.1 36.4 27.1 33.8 | 19.5 18.8

LS-960 o | 3.8 7.8 9.4 188 22.5 2.0 2.5 53 5.6 27.5 19.3 26.4 | 13.0 12.5
4.9 3.6 7.3 8.6 18.1 22.0 15 2:1 43 4.7 25.9 18.3 253 | 11.8 11.9

12.1 11.5 14.9 12.8 42,6 45.7 14.1 15.0 28.6 29.2 12.8 7.7 12.0 | 20.8 20.4

SB+FSH 6.4 5.2 8.5 8.8 317 36.0 7.1 7.9 19.1 20.4 10.4 65 103 | 14.0 14.5
5.1 3.9 8.1 8.2 29.8 34.3 4.6 5.7 16.1 17.5 10.3 64 104 | 12.7 13.3

4.5 3.4 6.9 6.9 13.1 15.5 3.0 3.0 7.3 7.3 11.7 6.3 10.7 8.3 7.9

Joint 3.1 2.0 5.4 5.7 10.5 12.6 2.0 2.5 5.2 5.6 9.8 5.9 9.5 6.5 6.4
2.9 2.1 5.1 52 10.3 12.3 1.4 2.1 4.1 4.4 9.7 5.8 9.3 6.2 6.1

Joint CC 4.0 2.8 5.6 5.7 8.9 10.6 3.1 3.0 6.0 6.0 10.0 5.5 9.1 6.6 6.2

* Poor (the worst) ASR performance transfer from WSJ to others
- Why? Domain overfitting ...
wm"uum § ... amount of data (81h), too clean, limited variability, etc. 15/31
R
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Train WSJ TL Cv LS SB+FSH average
nov93 nov92 valid test valid test dev-c test-c dev-o test-o RTO03S SB CH valid test
SOTA 2.8 5.1 5.6 1.9 3.9 8.0 5.0 9.1

133 11.5 42.9 41.7  70.7 76.3 31.1 30.6 52.2 53.5 65.9 57.3 63.1 | 46.9 46.4
WSI 8.1 6.4 28.4 28.9 545 61.7 164 16.7 36.8 38.7 52.3 44.2  49.7 | 34.0 34.3
6.4 55 26.7 26.8 52.8 60.2 12.8 13.3 33.8 35.9 49.8 42.2 472 | 31.8 32.3

12.9 10.7 | 74 75! 308 34.7 9.7 9.8 20.0 20.4 28.3 20.0 284 | 18.9 18.4
TL 10.0 62 | 61 64 ' 230 201 5.7 6.1 13.5 14.3 23.9 16.5 24.5 | 14.5 14.1
6.9 54 | 58 6.0 _: 22.0 26.1 4.0 4.5 10.1 ik 23.3 16.6 24.8 | 13.0 13.3

12.1 9.0 46.4 30.0 13.1 169  19.2 20.9 25.3 27.0 47.8 39.7 43.6 | 28.3 24.3

cv 67 41 382 234 108 138 143 161 183 201 371 209 342|218 183
57 36 377 218 107 136 126 145 159 177 353 280 329|207 171
136 110 127 134 300 341 28 28 71 711 364 271 338|195 188
LS990 71 38 78 94 188 225 20 25 53 561 275 193 264130 125
49 36 73 86 181 220 . L5_ _ 21 _ _43__ 471 259 183 253|118 119

12.1 11.5 14.9 12.8  42.6 45.7 14.1 15.0 28.6 29.2 ;-12.8 Ul 12.01| 20.8 20.4
SB+FSH 6.4 5.2 8.5 SIS S B7 36.0 il 7.9 19.1 20.4 1104 65 103} 14.0 14.5

51 39 81 82 298 343 46 57 161 175 103 _ 64 _104,| 127 133
45 34 69 69 131 155 30 30 73 73 1.7 63 107| 83 79
Joint 31 20 54 57 105 126 20 25 52 58 98 59 95| 65 64
290 21 51 52 103 123 14 21 41 44 97 58 93| 62 6.1
JointCC 40 28 56 57 89 106 31 30 60 60 100 55 91| 66 62

* Average-wise (1): TL and SB+FSH ... perform on par ...
* Average-wise (2): LibriSpeech ... single ... best ...
WMM § - Why? Data amount (960h) + variability (clean + other) 16/31
R
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Joint AM + CC (generic) LM

Train WSJ TL Cv LS SB+FSH average
nov93 nov92 valid test valid test dev-c test-c dev-o test-o RTO03S SB CH valid test
SOTA 2.8 5.1 5.6 1.9 3.9 8.0 5.0 9.1

133 11.5 42.9 41.7  70.7 76.3 31.1 30.6 52.2 53.5 65.9 57.3 63.1 | 46.9 46.4
WSI 8.1 6.4 28.4 28.9 545 61.7 164 16.7 36.8 38.7 52.3 44.2  49.7 | 34.0 34.3
6.4 55 26.7 26.8 52.8 60.2 12.8 13.3 33.8 35.9 49.8 42.2 472 | 31.8 32.3

12.9 10.7 7.4 75  30.8 34.7 9.7 9.8 20.0 20.4 28.3 20.0 284 | 189 184
TL 10.0 6.2 6.1 64 230 27.1 5.7 6.1 13.5 14.3 23.9 16.5 24.5 | 14.5 14.1
6.9 5.4 5.8 6.0 220 26.1 4.0 4.5 10.1 11.7 23.3 16.6 24.8 | 13.0 13.3

12.1 9.0 46.4 30.0 13.1 169  19.2 20.9 25.3 27.0 47.8 39.7 43.6 | 28.3 24.3

cv 67 41 382 234 108 138 143 161 183 201 371 209 342|218 183
57 36 377 218 107 136 126 145 159 177 353 280 329|207 171
136 11.0 127 134 300 341 28 28 71 71 364 271 338|195 188
LS990 71 38 78 94 188 225 20 25 53 56 275 193 264130 125
49 36 73 86 181 220 15 21 43 47 259 183 253|118 119
121 115 149 128 426 457 141 150 286 292 128 77 120|208 204
SB+FSH 64 52 85 88 317 360 71 79 191 204 104 65 103|140 145
51 39 81 82 298 343 46 57 161 175 103 64 104|127 133
45 34 69 69 131 155 30 30 73 73 117 63 107|183 79,
Jomt 31 20 54 57 105 126 20 25 52 56 98 59 95165 64
290 21 51 52 103 123 14 21 41 44 9.7 58 93162 _ _61,
JoitCC 40 28 56 57 89 106 31 30 60 60 100 55 91166 __ 621

* Joint acoustic model - better than single.mdl| per dataset
* Joint AM + generic CC LM is ~ as good as Joint AM + in-domain LM

i E. Loweimi 17/31




In-dom: 5-gram

Research to Real-world Transfer
» Baseline: :, B s

in-dom. 12.8 15.7 20.9 29.8

- Train/Dev/Test: RV [real-world data] - - 696 [677 743 w4

in-dom. 56 549 624 WEs

. - 205 | 26 344 465
° Slngle . in-dom. 22.1 |214 294 406
- - 422 | 347 457 58

indom. 31.6 | 273 377 494

- WSJ ... poorest transfer e
LS-960 . ' : : :

in-dom. 24.4 24.6 33.5 45

— : 357 | 316 370 453
TL ... best transfer B R in-dom. 286 |266 325 410

. - 236 | 192 255 350

¢ JOlnt Joint indom. 179 | 161 219 314
cc |[oos |wss oy =z

— I I : = 225 | 184 23.6 34.3
Slightly worse than baseline e TR g New | Bio

cc 195 150 209 301

— ~ . - 208 |17.1 234  33.0
FT T lh on par W/ base“ne +ﬁnetﬂggnﬁv_10h in-dom. 157 | 146 205  29.8

CC 18.5 14.1 205 205

- FT+ 10/100h - better than baseline — 189 [1s5 212 314

+ finetune RV-100n in-dom. 143 1133 187 282
. ee 168 | 170 183 . |
E. Loweimi fé/B.L




Conclusion

* Are our models robust enough?

* Robustness ... Generalisation ... mismatch

 AM: Transformer + CTC

* LM: n-gram (1t pass) & Transformer (2™ pass); generic CC

Generalisation from (single/joint) research to real-world
- TD-LIUM, SwitchBoard transferable to real-world

W

D-HNO
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The History of Speech Recognition to the Year 2030

Awni Hannun*

awni.hannun@gmail.com

Cited by

All Since 2017

* Distinguished Scientist at Zoom

Citations 12856 11990

* Facebook Al Research (FAIR) Lol e -
* Baidu’s Silicon Valley Al Lab
* PhD in Stanford University, advised by Andrew Ng
Take a look at his blog I I | |
L II II

= 0
2015 2016 2017 2018 2019 2020 2021 2022

16, January, 2022



https://awni.github.io/

4 2010-2020
Remarkable Improvement in ASR

e 2010 — 2020 - dramatic ASR improvement

* What we can expect over the coming decade?
- What is left?

911 views « Jul 19,2018 5 16 G DISLIKE ) SHARE =+ SAVE ...



https://www.youtube.com/watch?v=SxSN3b1vNHg

— Switchboard
12.54 a5 15+ — CallHome
Q +~
& 100- -
S5 5
= B o
=
T 504 g y
3 95| Clean
—— Other
2015 2016 2017 2018 2019 2020 2021 2014 2015 2016 2017 2018 2019 2020
Year Year
(a) LibriSpeech (b) Switchboard Hub5’00

* Dash lines: Human-level performance (professional transcriber)

*What is left if ASR Is better than HSR?

E. Loweimi
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LibriSpeech

Hybrid Deep Google Hur_nan—level
Kaldi  HMM/DNN Speech Home  Switchboard
1 1 T 1 I 1 1 I 1 1 I 1 I 1 \O\. [
l T | | | T ] 1 1 1 I
2010 \\ l )V W O l S N (D 1 X b l 2020
Apple Sir1 Amazon Deep Speech 2 Google streaming
Echo on-device transducer
Encoder-decoder
models for ASR

Deep
Learning

Techniques E. Loweimi 22/31



Richard Hamming

Publish in 1997

The Art-

The history of Computing to the Year 2000

R. Hamming 1960

of Doing

Y SCIENCE and
Engineering

1968 ACM Turing Lecture

Omne Man’s View of Computer Science

R. W. HAMMING

Bell Telephone Laboratories, Inc., Murray Hill, New Jersey

‘-a ---

Video Lectures in YouTube

D-HNO

The Unreasonable Effectiveness of Mathematics

R. W. Hamming

The American Mathematical Monthly, Vol. 87, No. 2. (Feb., 1980), pp. 81-90

E. Loweimi

Richard Hamming
(1915 — 1998)

Biography

Quotes

23/31


https://en.wikipedia.org/wiki/Richard_Hamming
https://mathshistory.st-andrews.ac.uk/Biographies/Hamming/
https://www.youtube.com/watch?v=AD4b-52jtos&list=PL2FF649D0C4407B30
https://en.wikiquote.org/wiki/Richard_Hamming

mﬂlllllm ‘
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Hamming’s Predictions

... by 2020 it would be fairly universal practice for the expert in the filed of
application to do the actual program preparation rather than have experts in
computers do the program preparation.

NN ... represent a solution to the programming problem ... will probably play
a large part in the future of computing

E. Loweimi 24/31
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=1 & Hamming was very good in predicting

the future ... How
Technology forecasting is challenging ...

Practice - Friday afternoons ... “great thoughts” ...
mused on the future

Mastering the fundamentals — depth and breadth

Open-minded

E. Loweimi
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Research Prediction (1)

Semi-supervised and self-supervised Learning
Goal: Leveraging unannotated data
Approaches: Pseudo-labelling, CPC, etc.

Challenges: scale (accessibility)
- ... Shift from research labs to engineering organizations

Research implications:

- Lighter-weight models, optimisation (faster training), incorporation of
prior knowledge (for sample efficiency)

E. Loweimi 26/31
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Research Prediction (2)

* ASR on/at the device/edge
* Why edge processing is important?
- Data privacy ... training+inference on device
- Lower Latency + 100% availability [w/o internet]

* Research implications:
- Sparsity [lottery ticket hypothesis, etc.]
- Knowledge Distillation [directly]
- Quantization

Smaller
Models

E. Loweimi

D-HNO
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Research Prediction (3)
« Improved WER on benchmark X-with-mdifarch-Y

- Saturated

» Scale will solve new challenging tasks, too!
- Practical value of low WER (correlation)

e LoW WERGcagemic — LOW WER eatword

« Other quality metrics - human understanding
- e.g., semantic error rate

E. Loweimi

D-HNO

28/31



Research Prediction (4) & (5)

* Transcription replaced with richer representations for
downstream tasks, e.g. lattice/graph

 Personalisation to individual users
- Leveraging contexXt (topic, history, background, visual cues, facial expressions, etc.)
— Narrow down the scope ... underrepresented in training data

* On-device personalisation ... on-devices trainable/customisable
... user/context

E. Loweimi 29/31



Application Prediction (1) & (2)

* 99% of transcription with ASR

* Voice assistants get better (incrementally, not fundamentally)
- ASR is no longer a bottleneck

- New bottlenecks: language understanding
 How to maintain a conversation, etc.

 What is left?
- Alot left to build ASR that works all the time, for everyone!

E. Loweimi 30/31
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Summary

Table 1: Predictions for the progress in speech recognition research and applications by the year 2030.

D-HNO

Prediction

Self-supervised learning and pretrained models are here to stay.

Most speech recognition (inference) will happen at the edge.

On-device model training will be much more common.

Sparsity will be a key research direction to enable on-device inference and training.
Improving word error rate on common benchmarks will fizzle out as a research goal.
Speech recognizers will output richer representations (graphs) for use by downstream tasks.
Personalized models will be commonplace.

Most transcription services will be automated.

Voice assistants will continue to improve, but incrementally.

E. Loweimi 31/31



That's It!

* Thanks for your attention!
* Q/A

E. Loweimi
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