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low-frequency (<10 occurrences) phrases. We obtained
a list of 991 unique phrases.
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Algorithm 1: = ByE B i GPU-
PB J5 &%t

Sl ». P 4
FETE T IR
Input : Context list £ with tokenised phrases; context score

co, depth scaling 8; unknown-token score cynk (0

by default); shallow fusion weight A.

1 BBt 1 // build a prefix tree PT based on the
Aho-Corasick algorithm with logarithmic depth bonus

2 RAEHWIRI nroot;

3 for phrase m € L do

4 Neur $— Nroot // define current node;
5 for token,depth in enumerate( ) do
6 if t ¢ neyr.next_arcs then
7 create a Nye With arc transition;
Co, depth = 1
8 arc.score <— ;
co * B+ ln(d), depth > 1
9 // define accumulated node score;
10 Topew - ACC__SCOTE — Moy r.ACC + ATC.SCOTE;
11 Neur — Nnew;
12 else
13 L Neyr $— Neyr-next_arcs(t];
14 mark n.,. as final node;
15 for node n in PT with BF'S order do
16 // Add failure (backoff) links via BFS;
17 set fail(n) as longest proper suffix in PT ;

18 [yBt 2 // convert PT to efficient GPU structure
19 WIHRIEINE;
20 JFIMIREZE (0, UNK, cow);

21 for arc in PT with first order do

22
23
24 NFILEPRBIIE PT.root.arcs FHIFIATHCEINEA cunk

Vip GUISEaRES OF

25 for arc in PT with next order do

append arc parameters to ARCS;

backof fscore = —Neur-acc__score;

26 append arc parameters to ARCS;
27 backof fscore =
Neur-fail.acc__score — Neyr.acc__score;
28 % (s, A) HEF LB LAER] GPU;
29 BT< PyTorchnn # 3 [#| 4514 £ 5 £
30 Bt 3 // ASR model inference
31 Wtk BT RS S;
32 for decoding step do

33 t1.5  last tokens of current beam (or best) hypotheses
hyps ;

34 if GPU-PB enabled then

35 BTscores, Snext < BT.get_scores(S[t1.5]) ;

36 hyps__expansion__score <—

aCOUSt'LCscores + A N BTSCO’V'SS 1

37 else

38 L hyps__expansion__score <— acoustiCscores ;
39 // Select one or beam best hypotheses;

40 hyps =

prune__expanded(hyps, hyps__expansion__score) ;
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%1

PSRRI ST

P CSTalks Wtk 21 EAXIN
Dev set (h) 3.2 5.2 7.3
Test set (h) 8.3 10.0 13.5
Context list size 200 893 991
Occurrences in test 3500 560 4541

gpu, cpu it & T =+ 3 Bk
NI PyTorch ey A%

REBEF Bk kEE




%11
friédiit) GPU-PB Jikfe CTC. RNN-T Fl AED B FF SUEAT 5 h or A8 RAAUR RAFUEC I ERE Al . GPU-PB 31 61578 1 ALIE YY)
fi. FERERIA EI RO PUHE LA LA AL F-score fl WER A% B4 RTFX ZFrA A T30 st B 1

o gy BRI | CSTalks ezt 21 (10 /hi) L | 9anizs
PB | P4 (Kik/@ll%) 1 WERL | Fifi (Rifek/AE%) 1 WERL | Fi (Kisbk/@ll%) 1 WERL | Bf
o - 35.0 (97/21) 13.7 457 (94/30) 15.6 54.0 (95/38) 15.0 2181
ore S 64.8 (94/50) 11.9 535 (92/38) 15.6 60.2 (93/45) 14.9 2067
" - 35.0 (97/21) 13.8 457 (94/30) 15.6 54.0 (95/38) 15.0 1874
83.2 (90/77) 10.2 67.8 (89/55) 15.5 71.8 (89/60) 14.3 1786
” 42,5 (96/27) 128 56.0 (95/40) 15.1 60.4 (95/44) 13.9 1822
A= 5 E 5 5 : 5
S v 704 (92/57) 10.7 63.3 (93/48) 15.0 66.3 (91/52) 13.7 1751
- - 44.2 (97/29) 12.8 55.8 (93/40) 14.3 625 (95/47) 13.6 1466
J v 82.9 (90/76) 9.6 74.0 (88/64) 14.2 75.8 (89/66) 12.9 1420
P - 52.6  (97/36) 12.7 54.7 (92/39) 15.4 64.0 (94/49) 14.1 356
AED kS 756 (93/64) 10.4 63.8 (91/49) 15.3 69.3 (89/57) 13.9 350
" - 53.7 (97/37) 125 54.6 (92/39) 15.2 65.7 (94/51) 13.7 145
v 82.4 (94/73) 10.2 66.2 (88/53) 15.1 75.5 (88/66) 13.1 141
2% 111

FT% R LR SO B RS TE BRI AT 4 P A MERE LA . F BB R/
BEZE; WER PAH4 R RTFX @i st ¥ .

iRy C-lai | Fiif (Risis/ i) + WERL | 9ubbSchk 1
CTC
35.0 (97/21) 13.7 2232
CTC-WS 79.8 (90/72) 10.9 906
ik NGPU-LM 58.5 (96/42) 11.9 2123
GPU-PB,,, 53.7 (96/37) 13.2 2181
GPU-PB 64.8  (94/50) 11.9 1991
- 35.0 (97/21) 13.8 1883
Pyctcdecode 74.0 (93/62) 11.5 29
ek NGPU-LM 55.2  (97/39) 12.5 1807
GPU-PBuw 75.0 (94/62) 11.5 1784
GPU-PB 83.2 (90/77) 10.2 1777
HRITRRERI L 5 05
- 42.5 (96/27) 12.8 1832
CTC-WS 80.0 (90/72) 10.1 639
Ak NGPU-LM 68.5 (96/54) 10.8 1812
GPU-PB, 65.0 (94/50) 12.1 1759
GPU-PB 704 (92/57) 10.7 1753
- 44.2 (97/29) 12.8 1467
et NGPU-LM 58.6 (97/42) 12.0 1426
GPU-PBuw 80.9 (93/72) 10.1 1417
GPU-PB 82.9 (90/76) 9.6 1430
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