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Am e ALY BERT HYEE S FEFPHAL > I e B3R R B Bah Pl 2 (2
SEERCHET DL N-best FIFRHVPHAFTR) » FEBETEAINIFET - CACGEITHH e AR
BSHIAY N-best FIIFAETTEFHERT 7T LABHEA N WP B A HVEE S s 241 - AT RS —
JiH - BEE R A B SCRTHINGRAY BT SGE S AN EGE - EMHE B 28 S R B HYH
SRS T AR HERANAE - B B A BB - (H R AR DA B PR I
THHISREE SR AE GBS WA A U - IRIEAE AR SO » FefER A T BERT LAGAEfE
BITARAITE ¥ N-best FIFRMTENTERE - BRRME - AATETLIE N-best EHHE
Fe R f BERT BRI N - 42 7 WA BERT HYE S HRFHAL 7 hiiE
Fy(1) uniBERT: 45 7%E —{lE N-best 51|3% - gy Hi % B AH AY — 755 (Ideal Unigram) - (2)
classBERT: 457E —{i#l N-best 51|55 » 1 fp—iE B » fp S r 288544 (Oracle &I
PR o E R A E S BERT 258K J{EEEB—E i e - KEHHF S

—PEEEE P LY N-best F113% o FfMTaHH AN AMI &bl - W thE
T2 H ELTRATEAE LSTMLM U T 252 3.14%F WER fH¥ TR

Bt - HERE SR - SES R4S > BERT » N-best FIREH PR

Abstract

This paper proposes two BERT-based models for accurately rescoring (reranking) N-best
speech recognition hypothesis lists. Reranking the N-best hypothesis lists decoded from the

acoustic model has been proven to improve the performance in a two-stage automatic speech
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recognition (ASR) systems. However, with the rise of pre-trained contextualized language
models, they have achieved state-of-the-art performance in many NLP applications, but there
is a dearth of work on investigating its effectiveness in ASR. In this paper, we develop simple
yet effective methods for improving ASR by reranking the N-best hypothesis lists leveraging
BERT (bidirectional encoder representations from Transformers). Specifically, we treat
reranking N-best hypotheses as a downstream task by simply fine-tuning the pre-trained BERT.
We proposed two BERT-based reranking language models: (1) uniBERT: ideal unigram
elicited from a given N-best list taking advantage of BERT to assist a LSTMLM, (2)
classBERT: treating the N-best lists reranking as a multi-class classification problem. These
models attempt to harness the power of BERT to reranking the N-best hypothesis lists
generated in the ASR initial pass. Experiments on the benchmark AMI dataset show that the
proposed reranking methods outperform the baseline LSTMLM which is a strong and widely-

used competitor with 3.14% improvement in word error rate (WER).

Keywords: Automatic Speech Recognition, Language Models, BERT, N-best Lists Reranking
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FFAR - TE 2 3 BB B &l RE 51 AN - H 855 2 Bt 3 (Automatic Speech

Recognition, ASR, 7JRfEfEzEE W02 TR MIERAVAR » A7eEE PRy S e

FH (B FERE S SR LB 250 R HUS T ERAVHER (1, 2] - @M PIEUS TR K
AUHES » (HRAE IR T - IR AR TP T B M U (Casual-style) [I5E H13h
TR PR 0 IR ASR RERAVEEREMET AL S N ORE3, 4] «

TEHE LT B BB ] o 75 = 2 R Y. ASR » BEER T S (I8 5B W as 8 8 1%
(Hypotheses) (5[751)) » 2 tefk 556 fp 5l & DAL AR - fiIA05A & (Lattice or Word
Graph) ~ N fxfE%72(N-best List)5( & 508 E 4914 (Word Confusion Network, WCN) [5]3K&
HUH o BT B R R R — P A sE 2 WS R (1-best) I RE S BB EF 2 8820 AE

ALY ER IR T o (HR AR AL E kP (Reranking or Rescoring) » RIFfE 2 {ll g2 &) o >
A i) LAk E5E § 2 (Word Error Rates, WERs)BHZA({EY 1-best YA {5758 5) - ZRHIZHCS
FEIE S BRI AN 3E 5 W (T CHIME-4 [6] » {£ ASR (B IRPEES - wh{sh F T ME A 4L 4g
== &1 (Recurrent Nerual Network Language Models, RNNLMs) > $4{7 N-best 5§ 2 3]
AIEEHTHERE « N-best FIFAAEIREHEE 2GR [T, 8]

AR FRMTELE B S PRI N-best ZEHHEF - HAT > £ Rl T
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N-best B HEFPHIIEAL Sy RNNLMs [9, 10] (ZARESAM T LSTM cell [11], JRAIHH &
LSTMLMs) [12] » SIS RITEAT S 2 5] T e e MERT AR » CLAERTRER A E R T
HYEERIEIR n H#EE R (Back-off n-gram) [13, 14, 1S58 KAV » 52N RNNLMs
BE#7% Jig 2 B R Y | SC& #l (Long-term  Context) © (1% > §F Z W EENHE
LSTMLMs Y3 (Adaptation) /772 » DUETEEAERERY N-best BHFTHET - (HEZLEEH
&+ B LSTMLMs 1 N-best B HEFPRIAEEL - (H BRI R T TN —(E B EEm
BEEE > AR T N-best S HEFE (LIS T B 280 -

fE55—JiH > & B 24356 = ia 2 (Natural Language Processing, NLP)AYRZ i K & 5%/
EHT ASR R EEA N-best (ZEEAHIRE S BEE R AV AN ENEZMEEAR - f£H
PREB S PR BRI - FFEHE X NI AT SRE SRR A A (Pre-trained Language
Representation Models) » {E#T 8 FAIFR & FE MAVHH » 522 ELMO (Embeddings from
Language Models) [16] > GPT (Generative Pre-Training Transformer) [17] > BERT
(Bidirectional Encoder Representations from Transformers) [18]... 555 3/l G5 - AcFLHL
|~ 32 48 B (Context-dependent or Contextualized) [ 34 % A (Word Embedding) - Ji: f&
Contextualized Falfix A LS WS EAE R T lF NLP BULFS NSl T i e Enyaiss - g
CIRESE S HE[19] ~ SORHR01FIRI BT [21].. 555 - 2RI - BIAMPTS - e A4
BAbTFCERE T LA THR SiEE S A - FERITY ASR R rillifRaT AR - RILTEAR
sl FATE I Google #AkEEHIHY BERT ¢ ASR SE—FEESAE AN N (%
BEGI|F(N-best List) » H{TEHHET » A HES ASR IYATAE -

FARH T RITEESS BERT HYsE = HEP AL #0271 N-best B HTHEF 17 55 BERT (1
NS #EESAE BERT 2 b (& (81— g 215 #£ & (Fully Connected Layer, FC) »
53 7178 By (1)uniBERT: 45 7E —{[ N-best 51155 - i H B AR Ay — 255 (Ideal Unigram) il
(2)classBERT: %57 —{lE N-best FIIF% » i A% BeHE 4 (Oracle HIHE# - Oracle fR3%
R B2 IERE SR B - WER i/ NS 880 - 3 W R R 2 g o 1 S MU B A 4l
Y7144 - 1 BERT BYTHANSRFS ELHh » L BRI TSR LATE B30 AT B Y
BaEE o DACHISAYRE S Rl & /e A HYFRR - BLLIRTHY bi-LMs (B145 bi-RNNLMs) [22, 23]
R > 1% {5 & 77 T Y BT 4R 22 08 & 1% (Shallow Concatenation) » RIS P RE
PR bi-RNNLMs (19787 « ALt - 505 BERT 4 N-best 5= EHHEF = AHI
#RAY > PRI T WSS BERT AYE S HEF AL - 15 SSRGS (5 5)) BERT 2 JJ{# 8
4B {YEE (Fine-tuning) — T INAYE g - FRMTEERERERHE AMI_EEFAEFMIRIBEL » 6
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RHFTE AR R R HEDZ i FHEY LSTMLM J&15 1 S AFAYPERE -

=~ SURRIENRR

ARG FAPTRAEGZE [CIRAA R ASR Z&iH N-best EEHTHEFF JTVARIJERHIIIGE - BEE AT
FEACAR AR A4 Y BEGEE - RNNLM (LSTMLM) [12] e 858 = AU S Rl T HUE
SZERITY N-best EHTHER » BB EGAVSRETI n-gram FHEI[13, 14, 15] » RIHTERE
B8 RIEEEIVERN - RIA STt E AR LSTMLM RYFHE 7% - DUETTE
AEWERY N-best EBHTHERE » BB — L7412 &5 (History Information)¥f RNNLM
{EsE = A HE[24, 25] « A B 25807 EREEFR(Topic Information){FzE =18
TS > {5140 Mikolov [26]{5 F = T g7 & (Context-aware Vectors){E £ RNNLM
YN > DABEIE R EIE Y EREE N o [EIBEHY » Chen [27 158 FREERBTE > DRI E
RERHEE Ry RNNLM AR A - R 2R A B R i ok A 75 - SR AU T R Y 78
Ma [28]HRZ T &t LSTMLM Y =FH{FH RME - Lam [29]1%f LSTMLM A8 el 8
(Activation Function){F & 7 ffiia #(Gaussian Process) » {52 I LAY - Irie [30]i
T ALY LSTM HYBIRENIHE 2R & a5 (Mixer) » -l E R RIE T E S8 (Specific
Domain)_F7r BIAETTHISR - WA EHREAIREE - ] DU AR RS BRAVER M (E - 2 1% » Li[31]
{(EH _Ballpi= Y505 - Bt ESUs e FI AR Transformer 1Y LM BUIFER & 25 -
{HEDEEAYE > B LSTMLM £ N-best BT HEEREE - HERYIIRG
TRy T YRR —{E B G B - A2 R T N-best EIHEFFALAFMBAZEN - FrAA
WoCE B H B Ry N-best EFTHEFEBMSETVES - G2 ESHEY
(Discriminative Language Models, DLM) [32-35|5 5k 5 B N-best B8 ¥R B &84 »
THIFT ASR HY$E 3R & SRR 9k 7= EE S 1A - Ogawa [36]52 DLM Bt » HIL R HIE
J b8 (Loss Function)asatAREHE - R MIBH S T —(E 6 S AT 4Rt 85 - 0 MH e Al
( Encoder-Classifier Model ) » a2 AUG/ SR — {6 73 FH a8 41T — ¥ — AV BB A ELEL GRIEHE
F7(Bubble Sort)) 5K {T N-best B HEF o Tanaka [37]%2 H 7 — 78 K I £ Ui (End-to-
End)ASR Z &t 1y —(E1H&EE = FDCAEE 51548 (Neural Speech-to-Text LMs, NS2TLM)
FVARVE » 2R Dl A BV ER R UM R - MEAF ECHT Y S DNN-HMM hybrid ASR Z:45¢
AR ACHY N-best #E{TEHTHRR © Song [38]%2 &l Z (Information Retrieval, IR) FFEYRZ L
[ > BIFE# 52 (Learning-to-Rank, L2R)AYRLES » F2H 7 #5152 (Learning-to-
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Rescore, L2RS) ] » 2255 —(ETTHRF N-best W HFF 1R f—THELE M (Learning
Problem) i/ Gandhe [39]7f 2020 £ H—TEEE T T (Attention-based) A3
RIFGEESEA > ZRRE ISR 150 LSTM Ip & [R5 8 Faa Bl U 2 RE 2
e B U 80 F AiTaA B R B R R ORI AT A 52 T A ASE T EERY
HTAEAR > BB TR SRS = o AR AR BGES H R Ry UR] - {572 BERT [18] > £ 2018
TP EREFTHE 12 THER S HERRERY NLP (£75 - [NIE{E 2019 £F - Wang [40] & EHE &2
AT LUK BERT 226/ F 4] 5550 (HRMATILZ A BRI - A A1% » E/KEE Shin %
A[41] > DUFEHIEE i B A e ([MASK D EIRR ISR By ) TH 3 8L - B 2R (e
LM EREE IR A F1#%5 - (BT8R LUE By N-best BT HEFT © 1% » Gif5 #A Salazar %5
AN[42] - HAE[MASK]EZHITA N - #4) 173 8E $ Fy PLL (Pseudo-log-likelihood) - 3if:
DIBERIE A GG 7R > AR R I A TR > #& R85 8 (Knowledge
Distillation)sl[&f— (& FH TS AE iz ((MASK]) i B a1y 2R hie )5S AR - B2 R
SoE T HIEHEEMERO(IW] - V) (HpW RaTRE > VESFEHA/NEEI0) -
HEEEY T 2B TR SR ALY RE - E R RER Shin S5 A[43] » 2% Salazar FYR(# » A [F]
AR 46 BERT 21 EATHERL T T HI(Mask-and-Predict Repetition) » £ BERT P self-
attention Ji2 ] FH ¥ A5 il (Diagonal Masking) g S22 21 R SeThE HIIPRERE - i BBt
% JTEANME Ry N-best BT HERPIOTR T 6 (& 2 H R IS 2R - AE I - T(™
et TRt BERT AY5E S FEPAR Y - 5 St A7 S2E) BERT 58 K2 J1E#E (& &

—EN I L - B SR VR ER A 4 o N —E el 148 BERT -

= > BERT

BERT (Bidirectional Encoder Representations from Transformers)/&—{#7THi#$F% H & F{f
FIHEE SRR EH 2 B[] Transformer [44] 645525 (Encoder) FraH ALK -
ifij Transformer & —{EZFY 1R IHHI(Attention-based) V& - HLAE#=5 i8 2380V A
B H AR (R - FIISK BERT SrpRRAEFE L - 53 5lE THAENIGR (Pre-training) AI{EH (Fine-
tuning) » FEFHGISRPEE > 73 AR SRAE 1] B RIS R & H R0z ERER i SO &
wt o —{EE A T = 2 5 (Masked Language Modeling, MLM) - 555 T & ]
(Next Sentence Prediction , NSP) » Filg /e —fEIHZE(LH > S2E AAHEHE ERARKE BT
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S (Context) FE At # 28 i HY 5l 2 (1180 5e] 5 > 12 B B2 E W 2 [y A T2 A E 1
(Contiguous) - BERT 77524/ MLM HYFIIER 5= » Ry T RES Rl & (Fuse)fE S ELR
AGAHTERN - AREGHY LM HFE ST 0 5E bi-RNNLM H g3 e 5% (Shallow
Concatenation){y {[f /7 [ Y | SCE& R - ££ {7 (Fine-tuning) P& B » THA ISR 52 £iHY BERT {2
1% A BT 0 — f& ¥ & (Output Layer) $+¥HRF EEFH R & NIFER - BiseZh s Ky
BERT - it j& (£ 557 [ 4R(Training from Scratch) - [fif BERT A#GHY2E&E # 41" - BERT
TE2TH NLP HYSEISIS 3 T BoirERVREE » BT 224 (Question Answering, QA), H A
ST s (Natural Language Inference, NLI), i4THE 2 ]2 (Neural Machine translation,
NMT) FAIEEE57 {:H2(Spoken Document Retrieval, SDR).. 5% « PR N-best
EH PR R NLP {155 - 585 BERT 2 —{HAEIIVE FGE S HA(bi-LMs) - K
N-best EHTHEF1E By BERT HY [NHEHS -

Oracle unigram Oracle ranking
INNENRNNEN LIV ]
1

[ FNN + softmax ] [ FNN + softmax ]
——— . ® R s
®® ® ® ® ® @ ®
= =< I =—"o=BERT

(tm) (m) (g BERT () J () o) (@) (o)

I 1T 1 11 11 11711 11
[CLS] Top 1 [SEP] [CLS] Top2 ... [CLS] TopN [CLS] Top1 [SEP] [CLS] Top2 ... [CLS] TopN

&— : uniBERT Ei classBERT HYZE4%E

/g ~ Eji¥ BERT Z:ESHEFEEI(BERT-based Reranking Language Models)

A CEE Y S a5 B BERT (455w SCH H “bert-base-uncased” i 4%) Z ST HE Y 58— P& B,
ZABE AR N-best EHTHRR o fEAETT - FATRAHZ L RITEELY BERT Y N-best 22
WrHEFERE > 43 FIf8 B uniBERT Rl classBERT o i BE 338 » 4% F FE3)I146 BERT £
BB LZAEAL  ZR% (0 FARSC A YA SREDRE - (R O — RS M yiha H g B =] 3 Fs 140
) BERT #E{T{#a(Fine-tuning or Adaptation) - BAGM = » ¥yt &Rt (e 55l Sf(Training
From Scratch) » 755/ 4k BERT AT THE
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4.1 uniBERT

BAFTAE I 46 (Vanilla) THEI $REY BERT 2 FABAN T — g Aif 65 2 4 24 3% & (Feed-forward
Neural Network, FNN) » F##H V 4E(GE SR/ N S FRARHY— 255 (Ideal Unigram) - ELAS
ARER - G5 7E—4H N-best HI[F% - BAUEESHIE N-best HIIFR it "4 (Oracle)HyfiEEq)
(9 unigram o PRI BERT SKEEHUH N-best 51|Z 1 - Zelfipi5E b o iy e Bl & o2
Ea)EA] Y R o S —(E B ARAY unigram > FRAIREHFE Ay uniBERT - FEAIZE
FEUNE—Z ZEE PR o FEEE (Fine-tuning) B ES » — 2 A N BJ(FEASER LB s e /s N
= 10){E=EE 4] - NG AE 2 A Y BAER R 70 A I AR R FF 5[ CLSIFI[SEP]) » uniBERT 22
B0 e A AEHY unigram o [ASEAYEG A N-best {&HYRAZA AL - —fsEf) e
FeAEHI[CLS] token » BERT HEWRIHH A FFomiZh (ME | B R ITIPHUR) » M2

(NFRiEh, & T AHZ A (Element-wise) (W HU - > BERAHEBEHEAR(FE B B & LLEGZ
TEI7%) » A B4R E(FC layer)H softmax [ unigram TERLCREHEZR A
2 AR 1) > FREE/SEIBAEAY unigram - uniBERT A8 EETR DEEE R FRma T

(A, Ry, ey heo] = BERT([hyp[ICLS],hyp[ZCLS]' ey hyp[lcoLs]D
h™ = Average([hy, hy, ..., hyg]) or Concat([hy, hy, ..., hip])
z™ = linear(h™?)

Pyere,,; C [h™) = Softmax(z"?)

(1)

H Pyert,,; = WniBERT (nb) € RV 251U H A FHARY unigram- nb Jy—4H N-best 5155 -

M A SRR BRI SR B (RN RS (5 ) N T ) it LH Y V-best 1[3R  WER iz
{ERHAM Rz S A (BRIEMESOAEETR) - I HAS ERY unigram FRoR7% > BOIZGR - B4
Oracle fEzEaZ: "H & (R K & W 4" > unigram RIRIER Poray,, =

TAyni

N
=

[...,O,%,% 0,0,=,0,= .. | ° &l|4##ERI](Training Criterion){sf F Kullback-Leibler (KL)#HZ[E:

\1
\1

¢ orayni (w)
—> (2)

L= DKL (Pm"auni |Pbertuni) = Z Porau"i (W) log (Pb (W)
ertyni

w € Vocab

BEFARIE P Rl B 5 iR M E KL BUERYFISR - $REIRA R b 28 - EMEE
B&tis > AT AT EAE F Poer,,,, 58 (BRI E AR S B 280 B RS —PE AR
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&b

E R E AR N-best 713 2 (BB A #ETTEHT T 77 (Rescoring) » A7 S P S aE B AN
RE °

4.2 classBERT

classBERT fHEU45##EL uniBERT FEFEARLL - Wl — 2 AEFTR~ > HE—AYERIE » 48—
4H N-best 51|32 » ‘B & E 8 Oracle {52809 B RIFTEAL B (HELE 220 - EFEREE -
classBERT ZZEEZE N[t Oracle {EEEMYHES - TP b AR SERIT =
{(nby,y1), ..., by, yp), ..., (nby, yr)} A Gl 4K classBERT - H: o nb, & K 4] 5l 4k 5 4
(Utterance) U] N-best 5113 » [y 2{Enb,H Oracle {EEEAJINERTHEHALE - Hdy, &
L) one-hot HJJZE P, € RVFIR » NJZ N-best FIIZRAY A/ INAEHSCER A N=10) - {5
=

S0 Oracle [RBERYHES: - Sl GRAERIE S X (Cross Entropy)iBCLHEY » B2 IE
FARNET 22501 53 fFi(Multi-class Classification) i@ :

N
L= H(P 'Pbethls) = _Z Py(i)logpbe”cls(i) == 1()gPI’Wtcl.s(k)
i

3)

H Py, = classBERT(nb) € RN A1 kETEIINY Oracle Hi #4(ir 7 - classBERT
BRI 28 Cross Entropy » (EMIBIRSES » 445 —4H N-best 51I% » 3 /P

] -@®- oracle
7000 4 \ """"""""""""""""""""""""""""""""""""""""""""""""""""" —-%- the worst -
\
\
6000 1\
\
\
\
2 5000 \\
3 \
o
o \
3 4000 - T S S e e S B m—
< (R4
g P e \‘
g 3000 A%
= 4 \
=t « \\ \
\ \
2000 o
L SR
\\\ ‘jy_
1000 _‘\"\_—“F—__ *-~__* """""""""""""""""""""""""""""""
\\“..___‘— ‘~~-..____“___+
0 “"---9————»———-0—---3
0 1 2 3 4 5 6

7 8 9
ranking

[ — : 271 Oracle HEZATFEZR Ml Worst HEZHATFER M » 43 Bl EE SR AIAT 4R 8w

155



The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
Taipei, Taiwan, September 24-26, 2020. The Association for Computational Linguistics and Chinese Language Processing

st A DUE R U — ) R A YRR A > A SEARE LGS  — T B el A -

Fo— 1 AMI 1FHEEERN SE— P ERITEE S HEai4s 5 (1-pass) ~ Oracle ~ #1584 5, 7117 WERSs>
55 __{THUR 3-Gram [KZXfE(PPL)

1-pass Oracle Random Worst

WER 22.79 14.39 29.28 40.65
3G PPL 154.62

f -~ TS ER

MR E RN AMI & agaE Rl E45] F o 82— (B P& A8V A4 (Benchmark) 5B & HY
keGSHEE > B 100 {E/NRERY SR ahar sk o 100 /NKFAY 8 FH 248 DNN-HMM 4%
TERVEEERE I (X|W) » DA AHIER ISR SCAR(HESE 108221 iR A LLFISRARY Kneser-
Ney (KN) [13]"F/EHI5HY 3-Gram sESHEIIP (W) 22 W {6 77 BRI SRAVIE ISR 1 Hef 5
BEAVEE—PEEL ASR 24 - fEAGRSCH » BB ASR R4 HE S P ERNVEX TH
A, Kaldi [46]#87HY o AamCH o MBI R AT TE (A BERT HYRITERT
FANEHHEAL) JEF N-best BT EE —SELHT ASR 554 FRME A4
FrELBhRER ST =% (Viterbi Dynamic Programming Search) 55 —[5Ez ASR ZifErF(hEE
(Evaluation Set, 12612 {{£FHIEEH) (&))@ 1Y 5w & (Lattice or Word Graph)#E7 T#RE
T M SRR B ARAY AT N (B R BE5 2R (V-best list » AgmSCHRA N = 10) - AL - 3
{FEE ] F B = P AYEE S AL 0 NNLMs (75 A5 SOR 5 B A R a2l it
ARG SIS P (WP ) » I BLAH R B B2 AL 3 8 (X (WP 45 & DL BT HES | V-
best 5[ :

W*= argmax p(X|WHP)p(wHyp) 4)
WHYP € N—best
HHE G A HIHRREE RGIFY) W™ - R—FR ASR REAERTHL S —IEEHY ((EH]
3-Gram LM ) WER > [fij Oracle WER 2 10-best A _FFR(Ceiling Performance) » &
{EDHIGEE AU AT 2% WER e ffiyfiEE 6] - Random o i HIGEE AU AT IR 15— R (e
4] > Worst FoR B EE A 051 WER S5 4] » 55 T8 R 3-Gram fF 55—
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P Eeaf i WA PR K FEE (Perplexity, PPL) © [ 5271k Oracle HEAMVAFER 73 iRl Worst i
HIBEER I3 M > 73 Bl FHEE SR AIALER B

" * uniBERT JEHIY AMI B2 A4 R (WERSs)

AM = 27.55 LM AM + 10 * LM
1-pass 26.80 22.79
LSTM 25.00 21.33

uniBERT 26.84 22.86
LSTM + uniBERT 25.12 21.24

5.1 uniBERT 2 N-best E&HEFFEER

TR (R A3E S SRR uniBERT o > PRSI A4 N-best 51 » B8
i ERAEY unigram SEETS Pyerr,, (W) « i unigram LM ] A B 14335 & 140
P(W)5H8 :

P(WHP) = @B (W) + (1 = @) (BPoereyyy WHP) + (1 = PPy (WHP)) - (5)

1Py (W) RS — P BB T WY 3-Gram 3251608 » AR14 BLEIA 1 Pyeye (W)
WP TGIERI  STERTE AT R - 7452 PR ME 22 42(Developing set)
PR T AR 558 = 0.2502 0.1 - JE4h - FePHE(E A RNNLM (LSTMLM)R 539
Pron (W) S AL &5 102 BB (- 1R 12 F B S B S R R T ETR AR
B HIREERE B = 07302 0.8 « FEESITEER » T EBEHIS R BERT 2L
HIEEEAR unigram BN IEATREAE LSTMLM » SEREESMOZEN - BIA0EIHE - 40

2= classBERT FEFIHY AMI 2B HEki45 S (WERs)

AM =27.55 LM Consider AM and LM
1-pass 26.80 22.79
LSTM 25.00 21.33
classBERT 23.18 +2-dim +1-dim
classBERT+3G - 21.69 21.27
classBERT+LSTM - 20.66 21.61
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FAR 0 BEZREEIB(E A uniBERT 5 HY unigram N & EHE2 ASR MEAE o B A LAGH
B LSTMLM 3 5 E(LSTMLM)E3% 0.2% [ WER HH3f % -

5.2 classBERT 2 N-best EFHEFEE

FE55 —fEHE N AURE = EHHEAY classBERT 1 » 457E —4H N-best %1I%% » fHAIGE H Prse
U — {2 i (Oracle) AY{E BE 1) « AR =Ffr » H =MEEEE » 55—TE/2 classBERT {#
FRESCAR () - I H AR LSTMLM AHEED T 7.28% Y WER - 25 —f8 2 F
% T ASR HYWIE T B2 Sy RIEE S AU (3G B2 LSTMLM)S3%)) » 7% BERT 4Rii5
EH A i 58 i AR THR 2 2(Concatenating)s% — 73 S (FI[CLS]HY 768-dim + 2-dim){E &
FHEC 20T EAE N AR SR LSTMLM 738k - EEEERY LSTMLM #2517 3.14%0) WER
M TR « 55 =FET75RK AM Fil LM 5353 RIS FHIER(ED AM + 10 * LM)
BHEEGROA » Bk TS E AAERITIERTENITE > 13 BUE B (R B iR
AT (HEEZ [CLS]HY 768-dim + 1-dim) » 32 J77AFENIA 3G 3 EISLEIR LI A ss &
(AM + 10 * LM)f&f5 1243 » thth LSTMLM #2507 0.3%HY WER FH¥ N E2 -

N~ EEEmERREE

AL T FAPHREE T RifEEL S BERT 2 N-best EE¥rHEFFAHAS » 43 FI2 uniBERT B
classBERT - uniBERT %57 —4H N-best 51|35 - g 5 FEAEAY unigram » [f] classBERT jif
N-best EHTHEF L Fy— IR - MO TS E T W& B N-best EHTHERT
SAE o 12 5T ERN S P AEZE - A DUB TR (E ] N-best 52T A Kol B {Ease iy HoAth it
ZELEE, o B4 1423 ElZE (Machine Translation, MT)F1 & zfi#Z (Information Retrieval, IR) °

FEARAEIBFE T - T BT E G AERIIIFE[32-35 ~ 47-48] 5 - i (i F 1 =Ca R
(Discriminative Training) - F 22 FF ASR WUSERE (EFRHE > ZRIZEsE S PR AR
RE » MR EHEEE AR A (L&) - KE A ERIEESE -

ES BN
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