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Multi—agent ad—hoc speech recognition

CHEN Junqgi, ZHANG Xiaolei
(School of Marine Science and Technology, Northwestern Polytechnical University, Xi'an Shaanxi 710072, China)

Abstract: Speech perception is an important part of unmanned systems. Most of the existing work
focuses on the speech perception of a single agent, which is affected by factors such as noise and
reverberation, and the performance has an upper limit. Therefore, it is necessary to study multi—agent
speech perception, and improve perception performance through multi—agent self-organization and
mutual cooperation. A multi—agent ad—hoc speech system is proposed under the assumption that each
agent outputs a channel of speech stream. The multi—agent ad—hoc speech system aims to
comprehensively utilize all channels to improve perception performance. Taking the speech recognition
as an example, a channel selection method that can handle large—scale multi—agent speech recognition is
proposed. Specifically, an end-to—end speech recognition stream attention mechanism based on
Sparsemax operator is proposed to force the channel weights of noisy channels to zero, and make the
stream attention bear the function of channel selection. Nevertheless, Sparsemax would punish the
weights of many channels to zero harshly. Therefore, Scaling Sparsemax is proposed, which punishes the
channels mildly by setting the weights of strong noise channels to zero only. At the same time, a
multilayer stream attention structure is proposed to effectively reduce computational complexity.
Experimental results in an unmanned system environment with up to 30 agents under the conformer
speech recognition architecture show that the Word Error Rate(WER) of the proposed Scaling Sparsemax
is lower than that of Softmax by over 30% on simulation data sets, and by over 20% on semi-real data
sets, in test scenarios with mismatched channel numbers.

Keywords: multi—agent speech recognition; channel selection; attention; Scaling Sparsemax
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REA B 1 OGP, (EOL AL TR & TG i 48 bR I A R4S B B U B U MR RE s e A SR T O AR U0 M B i T
B R RIGE JE Rl A o B R O IR R R B U AR S i LR R R R Y, W s,
L EAEE S PN A R I A GETE AR A, R LidFUHR I TR ERE IR, I EE I HUH XA 8 E
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A H e R7P g hy 4 05 23 4R 00 8 (0 7 4 RAE s T b5 N, RN, 23 3110 2% 4 199 28 00 A 49 28 (9 DOl s Emb() 1R 3%
LR A e R S o 45 E T R N R L R A R o e RUUDOE AT RUAS B g A I 1] A5 1R ST B



491 PRZEE: ZERKBARETIR 1165

c, e Ry B Ja, it — APk ARk o, WS Ry ) Ay, BE T conformer 9 [ 3018 & R i (Automatic Speech
Recognition, ASR)ftAk H brt KAL W 3P -

L= Zlog(yfol) ©)

o, M SCARFE S 0 B9 1A R B SCAR a1 . 283k 1 73 J7 (Multi-Head Attention, MHA)#L il 78 4 453 %5 F1
i 2 AR B O A/E T, A B e J& conformer 25 #4) AR 4% T XL ) < 4 IO IZ G5 M VO SR BER ] . kiR
HLHI 8N

MHA(Q. K, V)= Concat(U,, U, ---,U, W° (4)
AH: QeR™2 K Ve R 4x 5l i) 5 B . B4R M AU SE 4 5 Concat() i 4E BE PR 8 E s n AL OB E:
WO e R fg Al 2 ) (AR PR AR B . 2B i3k U, s B ] Rk .

U,= Attention(QW*, KW*, VW) %)
AT

Attention(Q, K, V)= Softmax oK | 4 (6)
D,
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Fig.1 Conformer-based ad—hoc ASR systems
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H,=Enc, (X,).k=1,2,--,C ©)
IR I5 A AR I 8] 2 14 3 B0 B 30 T8 9 1 SC 1) e EAT DR 4
C,=Concat(c,,¢,5, "€ c) ®)
A
¢;= Decy, (¢} . H.H,) ©)
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Stream Attention(Q, K, V)= Z + FeedForward (Z) (12)
A Z=MHA(Q.K.V); FeedForward() 2 iif [ % i #64 .
UL R B T Y s T S B C IR R E S R g AR AR, A R A SO
r,= Stream Attention(g;, C,, C,) (13)
BJ5, FRLE T S e R ARIBCY R ] D B e
%] 2(a) Ky 5 T Softmax [ i {3 B 1454, 2 Z5 K R Li S8V HE A 0 2R pf 28 I 26 2244 B 462 conformer 2244
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(a) Softmax (b) Sparsemax (c) Scaling Sparsemax

Fig.2 Three kinds of stream attention architectures
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SN E 2(b) i, HoH Sparsemax [ 28 SLANF :

Sparsemax (z)=argmin ,_ AH" Pz || ’

(14

P A ={p eR¥ ipl:l,piZO}ﬁ?%*/l\K—lé’ﬁﬁgiﬁ@ﬁ%, p e A K 4E 25 A Y 1) & . Sparsemax A< i [ J&
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Sparsemax;, (z) = max(z,—7(z), 0)
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(15)

M E—545 %0, Sparsemax 1955 5 A [ AR AR (O 4E R VIM O, BT E R XN B ALY, 53
A ESERREE NS, FE, LIPS A EESHEC, Wi 2a, Wik, FREi
T, Sparsemax [iZfbHE JI T RES TR, Mk, ASCHEH T Scaling Sparsemax, WA 2(c) s -

WA — 0T mT 4 R F s, T B AR % Sparsemax :

s=1 +ReLU{Linear([||z ||’C]T)}

(16)

Kb |z E AT B L2 J640; Linear() A P2 A 2% S Ve A4, HAERE /-5 2 x 2 F1 1 x 2,
Scaling Sparsemax B F RN T . Hs=1Hf, Scaling Sparsemax iR fk &y Sparsemax .

Require: z,s
Sort z as z(1)=---2z(K)
Initialize k<K
while £>0 do

if z(K)?(iz(i) - s)/k then

T(z):=( , k 72(0) — s)/k

Break
end if
k—k-1
end while
Ensure: p where p,=max(z(i)-7(z),0)/s
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Fig.3 Visualization of scaling factor s
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3.1 XWizE

ST 3 AU 4 . Librispeech i F iR BIE R ZED | I F Librispeech 15 B A H 2 213 50 XU 31 £ 18 38 %X
# (Libri—adhoc—simu) . J& T Librispeech [ i i) B 52 PR 55 N 40 38 38 [ 41 814 50 XU 51 245 (Libri-adhoc40)™” . 7
Libri-adhoc-simu F Libri—adhoc40 £t 45 4 v, 5 S8R — A8 BRAARAR HAH H — AN 22 5o WG AT 48 &, DRT ahb 3 3 400 o il
A Z B RE R Y B o Librispeech £17% 1 000 h, K [ 2 484 A Uiid A WD SCI LA . L5, 288 T 960 h 1y
Bt LN 2Rl s 0 E R R G, BT 10 h BB AT 5 IE .

Libri—adhoc-simu fifi Fi Librispeech ) — >3 & 100 h 45 19 74 “train—clean—100" 1E bl 445, & HUAU &
10 h 5c4ig 1 74 “dev-clean” F1 “dev-other” 1ENIRUELE, VEH/ L5 5 h & 9 T4 “test-clean” F1 “test-
other” YEJ 2 /N 4E . X TR —m iRk, ABBEWLAE B — > PrlE, B E A FTSEAE [5.25] m N 538 0, &7
27,4 m ¥ 5 e B, B E) TR e 24 22 SE MDA S — D4 . BRI S IR B 5E BE AU BE RS K T 0.2 m, 75 I 5 22 5 K
FHE B K F 0.3 mo fff I BRARUEBE A0 BCIR W 2R8I 4F [0.2,0.4] s Y BBl N BB REIR M isf (] o [R) B, il R 7 o Mg 7 A8
R FUANRE OG0 75 S M s, D 2 4 R0 UE 4R 1 M 75 R 11— A KOMURE 179 M8 7 50 1, A % ) 20 000 2% Mg Y
W AR Y 8 75 ok [ CHIME-3 04l 4 22V F1 NOISEX-92 1 B, FE I 2R 4 v Bl AL AR 1 16 /1~ 38 38 1 s, 76 Ik
P BEHLA R 10, 16 120 438 38 (14 B 3

Libri—adhoc40 27 — 4~ K B3 [ 1, H Librispeech i) F4E “train—clean-100" , “dev-clean” F1 “test—clean” [1]
AR ENPO S R IR EE R — L 40 A2 T KR — A4 7 R 0 BUSE I A IR, R EE T A AR R TR e A
BOIMPERE 7S o ZE ISR SR AR AE T, 375 25 22 58 KO BRI BB X0, #4752 B3 L 17 AR AY
P, HPUIGE S oA, BuEE S 44, WEE S 44, B8 v A 7 [0.8,7.4] m i [l N . BEMLIEEE
20 N8 E T U AERUE, LR 16 . 20 F1 32 /3 18 PAAS 2] 3 Fh oA [F i 375 .

1N F AR RIS 250 o EUIZRI BE, B S8 FH T HAY Librispeech 2048 U1 25 T — A~ 3£ T conformer /19 538
B R RS . AL S, K S50 @ 3% 8 36 F conformer 1) £ 38 18 1 7 IR 31 R 40 0 B — ANl a8 . I
i, H 238 8 A MR N 2R T . R B, SRSl R SR 0 ST AR A, R R R OR R AE N IR
FEh5 o

H 1 PR ARG A

Tablel Descriptions of the acoustic feature and the model structure

module name parameter name and value
acoustic feature type:fbank #dim (D,): 80 augmentation: SpecAugment'*!
conformer Enc. blocks (V,):12 Dec. blocks (V,): 6 vocabulary size(D,): 5 000 # Feed. dim: 2 048
multi-head attention # head:8 #dim (D,): 512
stream attention # head:1 #dim (D,): 512

X 5T Softmax 4 Ui 1 & /1 5 3 T Sparsemax Fil Scaling Sparsemax 4 i 71 & /1 iU PEREEAT LA . TRl , Mgk T
—NFR A B AE B G 3 3 (oracle one best) Y34k, IR AN BEER T B 4 7 4 fe T A9 22 T8 AUAE O B G I U &R
S5 1 i A AR AT G5 (% SR LT BN T 22 s KR 75 200 B e 1015 ) .

32 LIRS

% 2 4 Libri—adhoc—simu ¥4 147 ik AU PERE LAz . Rl DI B . a) 3 I 7 8 0 L R AE 2 ol il a4
FRER I L R rERe . HhBIATE 16 3@ 18 R U2k, 43 0 7625 BC /Y 16 38 38 A 2% T (9 10 38 18 A0 20 3@ 8~ ik, af
DAk B, BMEFEREE EE GO, BERUKIH R I s KAz LG J1 o RIEF AT A& 8L, 20 38 18 PR 58 T 1 g
PEF 10 W8 A 16, EIUE T7E 28 ae iR A 2UEF AT, WinZ e EcE ) h# . b) 3 F Sparsemax Fl
Scaling Sparsemax [ it i & JJ BB AH LE Softmax, MEEE L IRMG T BT WI7E 20 8B IRIEH “test—clean” $ ¥
T, Scaling Sparsemax Al It Softmax, il 45 5= R AL T 30.9%; £ 20 il B A LAY “test—other” BIME T, A4S
BERFEIRT 22.7%.

# 3 Libri—adhoc40 ~F H SR 5 AYSCEREE R . WRAP A LIE W, 7fEEhgR T, B FEAE R &8 K i iz
L fiE 71 (BERITE 20 B YN 25, 20l 7E 160 20, 325818 FIIX), 7ERECAY 32 B A E Nk 8 T mfESUR . FafA
SCHE Y Scaling Sparsemax 77 ik PEREfcAE, ML T CPRARGGEE T ATEETIRR, HAE 16BN TR T
17.9%, 7E32MIEMEE T, FEK T 15.8%.
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22 Libri-adhoc—simu $di4E 145 B CCF 2R (%))
Table2 Comparison results on Libri—adhoc—simu(WER(%))
test—clean test—other
method
10—channel 16—channel 20—channel 10—channel 16—channel 20-channel
Oracle one best 19.3 14.3 13.1 35.7 30.1 28.4
Softmax 19.5 15.4 13.9 38.5 33.7 32.1
Sparsemax(proposed) 16.0 11.5 10.0 339 27.5 26.1
Scaling Sparsemax(proposed) 14.7 10.7 9.6 31.6 26.5 24.8
%3 Libri—adhoc40 54k “test—clean” F-4E &5 H LI CUF 245K (%))
Table3 Comparison results on Libri-adhoc40(WER (%))
method 16—channel 20-channel 32—channel
oracle one best 31.2 28.2 222
Softmax 31.7 29.7 24.9
Sparsemax(proposed) 38.8 33.7 29.9
Scaling Sparsemax(proposed) 25.6 233 18.7
2 4 0 B2 BRI “test—clean” T4 T )2 M B 45 R CUF 2R (%))
Table4 Multi-layer stream attention results under “test—clean”subset of simulation and semi-real data(WER (%))
thod simulation data semi-real data ational lexit
metho 10—channel 20—channel 16-channel 32—channel computational comprexity
Sparsemax 16.0 10.0 38.8 29.9 (9(C~‘><LZ)
+Scaling 14.7 9.6 25.6 18.7 ACxL?)
+multi-layer 15.5 9.6 253 19.9 Alog Cx1?)

KANLEREE NN E G2 ETBIE “test-clean” T4 FHYGEE, Hh CRRIAZMEM S, L
REF BB LK., TUEE, HTZRZEFBENERN, ZEREZE B TR E4RE. XT3
JREER, MR TR 6.4%, HAF 16 iE 8 b, 22wt E ke k147t .

(%] 4 Jh 7F Libri—adhoc40 H:— A i5 kL I 93 16 e ] AL 25 5, Hop A S RE— DK, 1B 555 4K
FAC W A AR A W E A E . R R AT RLE H, Softmax K % & Tl iE A E L, HIFEA TR R
& Sparsemax AE il £ 8 B VEBE, (H2HF ) 2l 5% Scaling Sparsemax {{CH 7 Mo (1) 8 16 B %, HR AT fig
BT RS B, AR TR AERIERE . B T LR B, S O S W T A G S v, ST A A G R —
FEREIRAT B AR IR B AUR , R T 356 TR 50 28 G0 I 5 3 3k R A vk A 34
Sparsesmax (WER=27.32%) Scaling Sparsesmax (WER=0)

oracle one-best (WER=36.28%) Softmax (WER=33.33%)

10 10 10

° ¢ ¢ 0.30 ¢ 0.31 ¢ ° 0.22 ¢
9Te e e © 9T Ny | ’ 9Te e s e ’ o Te o2 W ’ °

= © 1003 Rt © 016
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2 3 4 5 6 7 9 2 3 4 5 6 7 8 9 2 3 4 5 6 7 8 9 2 3 4 5 6 7 8 9

Xx/m x/m Xx/m X/m
Fig.4 Visualization of the channel selection results on the utterance ID '6930-81414-0024' of Libri—adhoc40
4 Libri-adhoc40 i} 6930-81414-0024" (13 18 1 45 1] Ml Ak
4 Hit

A SCH HE T T conformer (Y 22 8 BB A F A1 2135 & U FR Ge 0T £ 1 2 B R Tk R A AR RN R G v
RIRE 9 7 2 TP Y Softmax 557 & O Sparsemax, i H 2 & 3@ iH ¥ #5658 71, {H i T Sparsemax 234 K 22 %G 18 AX
EEE, JF—HHH T Scaling Sparsemax BT, (U HEEENEEE, ki, BET —FMZ2WHREER
TR, AEPERES R AN BT W I 0 T BRI TR A AT A A R A A N MR Y 7 A R A R e Y
EYRE S AR SO R AL . SIS a5 SRR, AR5 5 R JSOBOEE L, 3R A% Scaling Sparsemax i i i G F
Softmax Jit T & 1 FI AR e Ll 5 £ th 00 2 2 W T B A M FE AR PE BB R B B0 R, A RS T i A i 3+ 3
BB LI AE R E B R W] T RIS A 008 T PR AR 2 R R B AL S RN R AT I IR A A B
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