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A fine-tuning algorithm for acoustic text chunk confusion language model
orienting to understand robust spoken language

LI Rongjun, GUO Xiuyan, YANG Jingyuan
(AI Application Research Center, Huawei Technologies Co., Ltd., Shenzhen 518129, China)

Abstract: Employing the pre-trained language model (PLM) to extract the feature representations of sentences has
achieved remarkable results in processing downstream natural language understanding tasks based on texts. However,
when applying PLM to spoken language understanding (SLU) tasks, it shows degraded performance resulting from erro-
neous text from front-end automatic speech recognition (ASR). To address this issue, this paper investigates how to en-
hance a PLM for better SLU robustness against ASR errors. Specifically, by comparing the differences between ASR re-
cognition and manual transcription results, we identify the concatenated and deleted text chunks. Then, we set up a new
pre-training task to fine-tune the PLM to make text chunks with similar pronunciation produce similar feature embed-
ding representations to reduce the influence of ASR errors on PLM. Experiments conducted on three SLU benchmark
datasets validate the efficiency of our proposal by showing significant accuracy improvements through comparison with
prior arts.

Keywords: natural language understanding; spoken language understanding; intent recognition; pre-trained language
model; speech recognition; robust; fine-tuning of language model; deep learning
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PRIHSCAR: Play the song little robbing grad breast.
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HEHFLL 2

affairs
the
fares

PRI Show me affairs from Dallas to Boston

1EHf 3CAS: Show me the fares from Dallas to Boston

(b) FEFEIFOL 2

BB i

at
add

IRIHSCAR: Please at iris dement to my playlist.

TE#f UK Please add irisdement to my playlist.

at
add

(o) HEBEFLL 3
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Fig.1 L. for 3 types of ASR errors
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(R B AR 20 Al iR,

2) ATISPY J&— AN 73z {6 ] A8 35 PO A 170
WERCHE S . B 42 5 Snips ML, 1AL & P
T FHALBE AR 18 2R o ad A2 v X6 107 1) 1E 3 SCAR, TG
B B ASR 6 s SCAR . R B WFRT G TTS
1 ASR IR 55, Se i s & 2R 5 15 BRI SR

3) TOP™ & i Facebook ¥ H 11 256 % 175 %k
e, SURETE T FOF LU AR S 40
) AE DRy G B3OHE 45 R 27 ASR %% 55 SR, T B fifi
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Table 1 Statistic information of dataset

o gk Ik %ﬁl&‘l FHAR  EITSIR

P I " S Y 4| R/% i H/%
Snips 13084 700 7 45.56 25.86
ATIS 4778 893 21 38.16 19.23
TOP 31279 9042 25 27.32 42.42

FAE ] Kaldi #2451 B ) SCAXT 55 T.H. align-

text, XJ 7 IF 6 SCAS FIR R SCAS, 15 B X 55 S04 X
§13 confs J5, IR AT iR, #h 1 F 2 4 iR
WS

BiE Mk AR S

BIN XTI SFSCARKT B 3R confs, Hi 3R IL R
JEIE ] ref A5 2 % 55 09 ASR %% 5%/ hyp. 4§
T2 S BCE AT BEX SF R, 2SS
<eps>ﬁ ﬁ? N ?l‘ o

SCAS X B F A4 - flights flights; that that; ar-
rive <eps>; in arriving; baltimore baltimore

B P 2 BRI S

SEIRE]: (“arriving”, [“arrive, in”])

1) instances = []

2) cache =[]

3) for ref, hyp in confs:

4) if hyp == “<eps>":

5) cache.append(ref)

6) elif hyp !=ref:

7) cache.append(ref)

8) instances.append((hyp, cache))

9) cache =[]

10) return instances

ST T R B BCE AR

1) BCE 1 R IE S SCAS 230 0 (o 2 A il

2) W 2: oK TRV SCA 73 SO 250 A 3

3) B 3: R IERH SCAMOINZ, BRI SCA
M, ARSI F RO Z A T, 0k
FERI
22 RIS

AR A T 12 )2 BERT(bidirectional encoder
representation from transformers) 9 7l Il Zx AL T, i
HIE RNy 768 4. 18 F BRI 5 ) RE Ny
5x10°7°, e REEIR ISR 20 %6 TSR %k o N
20 TEROARB B, BBLE N 1. batch & N 32, fiff
HI AdamW e A AL 78 o 0 2B 1 2% o) R %
R 1107, FREARUIL 8 4
23 LEEEZ

PREEUN T 7L AT S50 LUK

1) Oracle: LA BERT A 3= 1+ W 4% 1) % (B 73 2507
Po RS HAWITEARR, 27 kb il 3 E
2, R A IR B E I 2

2) BERT: i i} BERT 1 3= T M 4% , i FH i
RSl G E R

3) SpokenVec[lg]: BEFE ELMo" 5y £ T ¥
2, I FH & 5 TR B R0 B R AT T 5

4) UMLFit: ffi F§ BERT 15 0 £ T W 4, {fi
1.2 99 B 7 60 0 5 A R AT O 5
24 KBWHER
241 o A¥ KR

2 FRTE 3 DNEIEE b oo ZE TR 4
Ko M o=0 I, A EAYGR TR, 2R ER
BRLIER . 4 o=l I, P4 438 % b S 2 4
Perb Jo 2 A5, B DL RE 8 12 v B 0 O TR A
Y o=2 I, BRI EIER . X H TS AE
K, FEAT S C S Z, PR SR UARZ
[ 9 ) R 22 i B, B 3l x5 T RS BRI
FIT ey 3 14 75 2 2 R TR W 5 491 A TR A

x2 BHoMEEBENEN

Table 2 Effect of parameter o on accuracy %
loa Snips ATIS TOP
0 92.55 94.64 90.18
1 93.40 94.31 91.35
2 92.27 94.20 90.83
3 92.97 93.97 90.95
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AR I B8 5 R b K A AL TR VB S I SR 6 78
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“ball timor™ 4§, [A] if % ¥ A ] ) 5 491 22 [ B i 5
PR A% LAARFE, DI AT LAY B & PR 3 1 22 51

®3 MYLEFR RS FAREE LG
Table 3 Examples of text-chunks

P IEB SR BRIHSCA RIEIH
1 does delta fly from atlanta to san francisco does del to fly from atlanta to san Francisco delta del to
2 show me all flights arriving to denver from boston show me off lite arriving to denver from boston  all flights off lite
3 a flight from washington to fort worth a flight from washington to forward fort worth forward
4 from pittsburgh to baltimore from pitch berta ball timor pittsburgh pitch bert
5 give me flights from atlanta to baltimore give me flights from at latter to baltimore atlanta at latter
6 give me flights from atlanta to baltimore give me flights from atlanta to ball timor baltimore ball timor
7 i want to fly from milwaukee to orlando i want to fly from milwaukee to or land o orlando or land o
4l epitsburgh + Manual BRIV SR FH DR PR SCAS I B, AT5 9K e L2 A g
B | e A e BORSE
Q2- . 2)BERT Jy ik AE 0 3 MRS B —
g ‘ N TEa > , N
= o n N IE T SO %Hﬁ%wRXZIKZIfTJ I éjfﬁﬁﬁﬁjt
& o DL KN T IE B S A R, 4503
- B PRISCAH, T S
B | e e 3) SpokenVec J5 ik G B A TR W TR Y
200 1 2 3 4 5 6 bk, o R 27 4E 45 . JS 45 Spoken Vec it H]
mﬁﬁﬁggﬁmg 1 3= T 9 £% ELMo, 3@ # A 72 55 T BERT H9,
BAE 3 N EE AR B RgRIUARIE T BERT J5 i
M L 4)UMLFIT J7 ¥ 8 1 TE 50 0168 152 SC A 4536
@ 20p ool AL R TF S M 4% BERT X5 1R AR AR 1) 5
g 10 fE 1. WEEEA B HTE, $E % it T SpokenVec
T op e e balltimor Tk, RIREHNSH L, O EHR T Ll
D) R SR, WA 7 ST I 1 S e
- S)AERLTE 3, A SCO7 B A T AT B2 5 ok
-30 L L o A0 EEF R RE R R ¥ 181 1% SpokenVece 771, 1%
-30 20 -10 O 10 20 30

tsne SEVE RS 15— 4R
(b) TCLM

B3 #RARRH 2D AL
Fig. 3 2D visualization of embeddings
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Ik A | R | EEn ] SR | e | s formation[J]. Computer science, 2020, 47(1): 205-211.
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