RESEHUNREAGURINE T ERNIES
kil

kR, ZRBEAY, U, MR 2
(1. R ENEE S AR, S8 AK5F 830046;
2. JEHRIHEL 588 (SPMD 28, k5T 100084)

i E: i, BRTRESHEMENSRECFETE CARAN G, 2854 (projector)
( Large Language Model-based Phoneme-to- BB, AR SR 5 R R (AR N —
Grapheme, LLM-P2G) 1EiE & iR HME S IR ANPRZE X AL, ST 5 2 48 X 285 1) B AR AIE
SetERe, BONEBARAES WEST RIS 1AM AT . I ERS BB SN, Fa T g, =24
A & R S SO A R T B, e A EREE S RIESHEUERN TS 7 (Large
BRI S RAY E. SR, A LLM-P2G  Language Model-based Phoneme-to-Grapheme, LLM-
KH Top-K 114t (Top-K Marginalized, TKM) | P2G) O iZ LS RE NERE ST SES N
SRS, HAgh B 2 P AN R AR, ARAERS H, Bl AR S RTS, BEHRES
RZFEIEA R IIZRRCRAR. B TT A R 55 ) @ RRALKG IR o B O, BT Be gt U8,
i, AR RFEILZACZR NS (Sampling-K 55— M5 Ab BTV R R O S AT
Marginalized, SKM) , PARHEALRAFE AR 2 42 % L, TASKE, RGEMEM, RATERRRA AR
ik igts, ool TG BB S IGMER . P2 B MR SRR AN T RMES, BT R
HH RN RAE FA TR, SRR SKM Bk REFEMIIGHER, AR TEHEMRERE, W
R G R ERTIR S, BT TR ARMECRIE SRR . AHELZ R, LLM-P2G 774
SKCH P AIEI PR RE . 5 IS R 4 6 OR1E S AR A TR ERED, UERERETS5ES, 58
BN T (SpeechLLM) HIXFEESRIR TN R,  MENEBRTS, W2 E&EMA LLM BREFES
SKM 3Kzl LLM-P2G £ R kG BE A 45 44 Tl v 07 REJTo MLAL, ZITEE LI N ZARIE S =TS
2R, BHRIGIUE %7 VAR E 518 & R fiA i 5 M ——Top-K 1124t (Top-K Marginalized,
ARG SERE S N T TKM) O, HHEEHA T IRAIERE, SIEUR T 4
AL A BRIR & ¥ # 2% (Weighted  Finite-State
KR IBEE I BER; KESEA; KA 0 Transducer, WFST) PMEIDRAE, KT ZEFY

Ztb JEE A R AR o
FESES: TP393.1 XHiREE: A JEE, LLM-P2G #8 i) TKM 28 7 {5

1% 2T A AE A T A K A % (beam search),

iy 28] i 1 TR A 2R PR L T Ak R I SRR AN R fTAEEZARL: B, AERAEDFERIERGTZ
WFRRAIROR, TR RIS . SR, FEMEAS R, 52 T IAZAGBERAG T HR, =R
& 250 A5 B 3@ 5 TGV 7R o MU ORAE S LA (Large AR FE 8 RIS T BEEVHFE R, FRAK TR S
Language Model, LLM) H-3158 K f 15 55 B A A= Bl B, IeAh, AR A B AR BTt T RS
A1, HAEZESIEERIMESFRMZIR. X YIZRA e PEFNS SIOH . R X S 20, AR S
B PR Ay B v A DR 7 28 R RS R — A
Mo, MR TR AR R T RS EEE: 2025-07-02

PR LR, BIESUH SRR gemm. rmirme (202acisnn: MRS
NIBE RN ARG, $FFRBIPERER 215 5 G M
AR RE 5 R 5iES RS G AR A
T R R S AT VR 4 A TEEEN: D4 (1998.12.1), %, WiEwid
G5 R SL R A R SC A, R CIE S A A AT BIEEH: BEY, #i%, E-mail: ozj@tsinghua.edu.cn

Bl#E 4 (62466055)



f£ LLM-P2G BB EERT b, $RH—FoRAELZ Ak
771 (Sampling-K-Marginalized, SKM), FRHif &
KRR RE ML ST R TH, WA & &=7 5
IR, Bk TG A

BARRUL, SKM £ RIS B LR J7 20
BRAEG IR R, A=A 2R 5 A vh
R AL ERAT, BESRMAR 1 Ik BRATTE 25 TU [ 52
PRANTHE I BRI ) 3, SRR ol 7 Akt
o ZITEAMUNGE TGRSR E MR, &
EZNZIEFIEEVOMES S T8 TKM HE 4
IR A PERE . HEAl, SKM 7E fif R B 5 i FE A4 2
WM PR TS WEFST, JR/R 7R R Z R 5
()2 R 7T

RILEFAHT LLM-P2G 4244 K 3 Top-K 14
A (TKM) J7ikmEEAR R, IR AE th ARl 42
HEeRAE L Z A (SKMD ZREE,  DLSE T 1% A s 1)
RSN, i, RAEZES HdE%E L
T RFESLE, Wk T SKM fEZGRSusE . 8
HITERR M RF TR FE T s . N T8
VAL TR R R, AR SR % B — P DL 4 55
PREEARIE SR PEE R J77E (SpeechLLM)
PERXSELTT 56, 45 R W] SKM B ) LLM-P2G f£
PRIF A Tl v P 1 [R) B L 25 B ) MR R BN, gk —
ARIE T AP TR 5 1H & IR S R i s M.

1 75 MR
1.1 LLM-P2G 3 fEifr

LLM-P2G (Large Language  Model-based
Phoneme-to-Grapheme) L& — F DL &% 2 J7 51 N #
F1, R o 5 1 5 AR A 2 TR0 284
Z R R S R IME S R PR A B S
FE R E BB B R HORE S Y
AR B, SR TR S MU, (T A

g HAALERIE 1 FR:
top-K
LLM

=5F5
K 1 & H LLM-P2G f#td i) &8 & i1

EE B, MNEEE A A PR AR
ERiHE T HRESTRFY, RAETINETR
(Speech-to-Phoneme, S2P) T, 3T e HS
J7 2 (CTC) PRSI, X —B B H brse s

EHEESHERZBKBS KR, LLM-P2G 75
RN T 245 5 IR Whistle! Vi 75 21
Whistle 555 2 B A s, s O R 215

il

gesy: U= IR S R e N L2 T NE DN
SHA (mTs"D, #47 & R FICF (Phoneme-to-
Grapheme, P2G) ¥, 1ZM BCAIAZ O 22 F1) H T
WZRE FHRAN BARE S N+ 5 E5ae 7, e
FHRAFHERE. BT RESEANE ZES
FR, HAETE S @A 7 T BRI I TR R A TR
WAL (WFST). thoh, KBS HATE LG
SWE FRER&RZIRET), BT XRBIES
Wk

FE ARG AL o, LLM-P2G AN 4K #i4% 45 1)
WEST CIAUH BRARES A fasas, 1R M
BB B TN S S AR T 2, AR R SRR B
R SR, XF 7B B w5l N 18 Pk AR
JH EEAR AR B 21 TN AT B P A AN E 1
T A B — B AR AT SCTFARAG, 8 518 S B
TR, MR FNBR. A, BRERE T
Top-K 1124t (Top-K Marginalized, TKM) 61771k,
WIS IR 2 MRS =LA, FEAEI A
P PO I ek G B AR AT I ATH B, SR
fig TR EERIAE . THAEMN TKM 15
Ji PR SBT3

1.2 Top-K %4k (TKM)

ZRREREEAE R (RAG) B RBE K, Top-K
W44k (Top-K Marginalized, TKM) 1777k, FHA
T B — BRATAE TR S AN, TS e 2
BRI B AR i Top-K A& &P MG B8 12, 1d4E
{(hD h@ . h®} . X T4 B SR T AN x Fl
HAr 755y, TKM SR IA S g

p(ylx) =~ p(h|x)p(y|h)
hetop—K(p(h|X))

K L
= p®R [ [poih®, 10 (1)
k=1 i=1

Hodr, KoNym2aiR SoP ARl I B R4S R
h® R/ S2P HEATHRAR R A IS k N &R FA,
p(h®|x) T LB CTC /i [A)-J5 A kAT 5,

L Ty =yy, -,y MK, Tip@h®), ;1)
D A] DL I 2 T 08 5 R 1 P2G AR DL E [R5 77



XIFHAR . TKM JH A R & KA 5
S B BN R 5 %o IO P SCAR A MR, A
TBCRAT, 1921 i 2 0045 AR p(y]x) -

T BT AR B 2 AV I SRl S0
&, LLM-P2G 5] N 7T B #l &4 & 1k I %k
(Randomized-TKM). fEAEZHT TKM H, FRAfH
FA AR 2R [ 2 £ & Top-K 2k & 2 78 FH T 24kt
B, TfE Randomized-TKM #1, #F—F5I N T —H
Ptk e BB S H n, B Top-K 42 BENL
KEEn KGR (b n<k) Z2H5B%0HME
THRL . SRS TE CRIUE 3% 03 5L 6 [R5 1 A2 1Y)
ZREE, BT IRFHBRAL R [ A RS
B, (A BRAR TR B AR I R R HI

TKM 32 Hf LLM-P2G A] P78 43 ) FH 75 245
RR ) ZARIE(E S, SRS R Dk iME B
. FHECAESER) WEST fRig 5k, TKM £H#E#
@ WFST, H&Hampny BT S5EFIENAES,
THE T 218 5 SR SR =

1.3 Keia%4 (SKMD

R TKM {EPERE L OIS BB 527, (HHAD
fEAE—E IR B9, (R H R R AR,
PRAR AR = BEARAL, ERRVEEIA R, s ks
. ok, WA AR T e S E 0
G EARE . SR ERE. Fit, AR
TKM FEfili 58 H SR #1254k 7772 (Sampling-K-
Marginalized, SKM) .

£ SKM J7iE, WRREAI (1) #H T,
X ALE T 7 A (S2P) APl i o 48 2% [ 72 AR
B Top-K 2k B & i1%5, TSI ANESE n @S bE
PLEBUEIE R F & 2R, T2 AT CTC K S2P
BARURFE S RITHIMEIE . BB SRR A x MR
fE, TAIET softmax AAFEHNLIE— M55,
KEBERELTART. X, FATHAT LN CTC
BRI — RS, A5, MEEEE/MS
AN SIRRE T A/ 5 E, AN
FET CTC (1 S2P BiZ hi 3R 43— A FEAR®) (BI—A>
BRTHD. SEhrtgfEd, AT BT
FHELK I, INTT RIS K S AL RS B 4%, IX LE g
BB RNK R B RITHIFEAR.

HARFE 2, SKM A FIR 25 1% 7 41 & 5L
I RAEAE I, i — IR ZFE . SKM iE 5| A
MR RFE (Temperature Sampling): 1R E S
T, IR SR E R, Gk 2.

FHLE TKM, SKM MI% O FE T ik A 70
M2 St ERERE, N 7 ER2H
HRIEF S XM AL T %A1t
B, IBAESEBRUIGR A R S PR R A S0 P A S AR
SEMIBEIEAT . [N, R T AR
(A SR AR R AR BT A, SKIML AR B B Y
M T B R SRR

2 BRI
2.1 BE4E

SZIS F Common Voice (CV) M4 (4
1.0 iR, 202249 AKA) Lidtir. TATEIT K
R FE R BP A E S JEE (pD A IE
(de), FAIET MIIGEIE A 130 /N X FIFf
VB S 58 Whistle FHs OB S —FE, 1
KHF T FRBEEA, BTN RIE S
B (mTs!D) iy RAFE &5 -

2.2 BRI 25 5 3P4

BATRE RIS T CAT IShER U T A
£, 7SRRI R FH A KA F) Whistle-S U R
RNHE TS, 1ZAEAE ST Conformer ' (2B
SRR B 4E O 28 (CTCo) U AE
Common Voice i 5 LT HIIZk .

SEEGFEZE SR H LLM-P2G 2O f 5 4
WFST g% 5 LLM-P2G #AL. #4271
L (Fine-tuning, FT) Whistle-S & 15 5
2 —MEHIEE BTG, 55— MEH T
RS, 2 RIfEZR 1 ido8 “Whistle Phoneme
FT” #H1 “Whistle Subword FT”, #J°RH WFST fi#
e AR IRBLSER, KM T 4-gram FiR1H
HEAA, fE WFST g AR 2= 5 M EH TP B
WEAIZE SR, X—EiE 50w B IS
Whistle !0 ) 771

LLM-P2G &Il 7t “Whistle Phoneme FT” 1]
S2P #EAY (FRA Whistle-S2P) A il 2 i 6k
P KAE S A mTS5-base N 152, mT5-base &—
N 5.83 A4S B G Y A5 4% 45 R
Transformer 2% U6, £ mC4 ZiEFiER (B
101 MBS, OFEEZENEE) ERIZRm .
R TR AT AL, 2R FEH, Whistle-S2P
ERGR R Ss, AT SEE .

f£ LLM-P2G HJ TKM JIZH, BZH K Fln
SR EN 32 F1 8. IIIZAF R LLM-P2G B fE



#£ 1 gibric Ay “LLM-P2G + randomized TKM ",
7E TKM fRigp B, ffiH Top-8 MIEILIK R, X
TAISEH LLM-P2G HJ SKM J7i%, HESHKAE
G R E N 8, MIERE T REN
1.5,

2.3 LIRS R

A T VE Al AR SCER OISR BRI & AL DT
(SKM) B &M, TATKEH S5/ 5 WFST fii#is
T7vE ST R RAEA T L (TKM) #4777
PERe S W B LLIR . BT 53 E AR R 1) 75 Ak Al
(Whistle-S2P) FIiE 8B4 (LLM-P2G) %:fili |
FgE, VAN bR AR A £ 2 % (Word Error
Rate, WER), SZIG XTI 2215 (Polish) Al {8 15
(German) 15 E & AT S5 4T . SEE0 45 AL
1K 2 fiR:

#£ 1 TKM A1 SKM J7 752K LLM-P2G
5 WFST # R fia iR % (WER%) Hu#

Model Polish German
Whistle Phoneme FT 4.30 15.73
Whistle Subword FT 3.82 14.01
LLM-P2G-TKM 3.80 13.18
LLM-P2G-randomized TKM  3.68 13.03
LLM-P2G-SKM 3.61 12.94

%2 TKM J7iEIZR) LLM-P2G
5 WFST #AY ) B2 PR AG 36

Language p-value
Polish (3.68 vs. 3.82) le-04
German (13.03 vs. 14.01) 7e-23

M1 53R 2 BRI NS R

1) 4% 432 #i % (Whistle Phoneme FT /
Subword FT) 5 LLM-P2G ZEf4#HEL, 7
PIFE S LR H LA, WHIIAK
S AL B P B B VR AR AR TS 1R
PERE T TH A BB RO

2)  JR4H LLM-P2G J5i% (TKM) @it Top-K
fig e 1 Ak 2. 2 FAIK 7 WER, Kol 2 1E
PEAE AR FEARHRAS 17% (15.73% vs
13.03%), UEBA T 2 R AR B 20

3) B AMENLEEZIE R randomized-TKM 7E
PR S BT AR ME TKM, Ui 2
R B ) 0 B AR A B T — D R R A
AR R R R A 22, 3R 2 A
GER RN B E IR,

4)  ACHRER SKM JiEfENMES Lidk—
A P& WER (3 2245 M 3.68% [% &
3.61%, EiEM 13.03% PFZ 12.94%), 5
UE T RFE D GAC BRI L

2.4 Y FE

NP AS A1 A SRS S R R s, &
fITAFEE 7 LLM-P2G #28AER A TKM 5 SKM J77%
RIS R, IR FEm iz an i 2 fr
7o

|| ~— TKM
0055
Randomized-TKM
~— SKM

K 2 LLM-P2G {# f§ TKM. Randomized- TKM
N SKM Il 5 S5 W i )45 2% 1 e il 28 %6F Lk

M ZerhREE DL ILR

1) TKM 77k (Bl HAR FREE
B2, HAEZ 4k BT, &EIR
SUE SR 0.037 Pz, 1B H A S g
B B AR AE — s BRI, e DL 4 A I
GHIERER

2) Randomized-TKM (¥ L2k ): 5] A
BUPESG, A R U SO R B Bk, fx
LFEETIAE 0.033 4, VERHBEHLIE
{5 15 B A2 T L fif 10 305 B A% G5 4 PR —
B R, B2 i A AR A 25

3)  SKM J5ik (SRhiZ): 1E AR
7%, HARR TR, £ 3k P ARl
KIRAC T HA T, AR EAE 0.027
Mfir, &AL F TKM 5 Randomized-
TKM. 3% 35t B SRAE A2 il A0k 126 6 428 A0 EE T
R RERAE N2 LIS ES,



M & T T 7R 36 A2 2% i N ) S AR g
ek TR R E SRR

2.5 BHIRIEFE

NVEfE LLM-P2G £ 5K bR S A i 3 U R0

AT H 54 WFST RS 23 £ THE B FIAEAE

LTTHIEAT T X . R LLM-P2G-TKM
EHERZR ORI s MERE, HHGINTRIES
B, WIReFEGIMAOTHEITE . Bk, ATAZ
A2 FEE50F LG PR MR B () BRI FETS L, BLFE CPU
WAE S M GPU AR« A58 3 SO A7 fih 2 1) A
RIS S 230 (Real-Time Factor, RTF), PL¥FAh
LLM-P2G 7EHEH 203 FNHE B i A Ty 1 vl 42 52 1
FRIGAE AR S BE 05 76 B 48 WEST [ R B 4ERF R 451
BATHE.

HAFEEMZ, T TKM 7%, SKM Kk
R E AL SR, T T RS AE, KON
TKM 7775, BIRISE GH 248 R AT K=8 MEiEH T
HEGATFE, AN LLM-P2G KI5 — 5 e 5 $iE
M4 5% (Data Augmentation with Noisy Phonemes,
DANP) {7 T H . LLM-P2G f57 5 WFST
T B BRI ARG LR 3 i :

& 3 TKM J77E VISR =418 LLM-P2G #&H
5 WEST 8 e hih I (195 5 00 6 b s

Model CPU GPU Storage RTF
Whistle
Phoneme FT 40GB 15GB 0.7GB 0.02
Whistle
Subword FET 29GB 15GB 24GB 0.07
LLM-P2G +
DANP 40GB 46GB 25GB 0.07
LLM-P2G +
TKM/SKM 40GB 63GB  25GB  0.10
KIS IR U

1) RTF CSZBF B 5D XFE: LLM-P2G +
DANP K] RTF N 0.07, S51&411) Whistle
Subword FT £5°F, REEREMAN KLY G
HIfRERS R e b TPl 4 296 |, R A
Wk BERFE. LLM-P2G + TKM HT ¥
K2 BRingAiHE, RTF EAZ 0.10,
BT T KR ZHSN 5.

2) GPU &A#xftt: LLM-P2G + DANP 41K
4.6 GB, TKM L7+3 6.3 GB, #HMLf&4t

A (1.57 GB) MR bBFb. X i 748
A LLM (W1 mT5) 7E P2G rBex GPU %
BHFERER, HEERE R (o
8GB~16GB) [J4bEERE JITE P -

3) CPU WAFLLEAFfiENTHE: LLM-P2G #E7
CPU 5 H A1 Whistle phoneme FT %F-¥
(40 GB) , & T F i fk F(Whistle
Subword FT)#% (5.9 GB). {7t =¥ [8]VH
Fen% = (2.5 GB), {HAHELF1d] WFST #
G HHESH,

2.6 5 SpeechLLM g% He

gtk — I UE A SCHE H ) SKM J7 K IK Bl 1Y
LLM-P2G HEZRLE 5 R AT 55 B Rk, A1)
EHCH TR AR RS SRS KE S B RS T
% —— SpeechLLM "ME Xt EEXT % . SpeechLLM
ISR A (Adapter) K 524 28 ) 2% 1 i HH AR
TEM SR NG SR, SRE 0O . 3K
IIsese R AL IERL2S  (Pooling Adapter), ‘& H
PR . AR Z RS GELU BUE I 2
JRIEFIHLALRL, ZH4) 2 MB.

FHRERAT LL 1, FRATTHE SpeechLLM J77%
FRM T LLM-P2G Frf ) Whistle F 22 5
mT5 KiEFHEMY, a4~ “Whistle + pooling-
adapter + mT5”, t4h, FRATIEKE LLM-P2G JH 4577
% (DANP A TKM) fIAXSEE, 37 Hr il
B 5 o B 25 A PR R 22

LLM-P2G #i#4 5 SpeechLLM #& 74 i) M G b 53¢
sk 4 fior.

# 4 LLM-P2G 5 SpeechLLM 7EJ %1% (Polish)
FEE (German) RIS IRE (WER%) Uik

Model Polish German
Whistle + pooling-adapter + mTS5 ~ 4.15 13.35
LLM-P2G + DANP 4.18 13.63
LLM-P2G + randomized TKM 3.68 13.03
LLM-P2G + SKM 3.61 12.94
Xf LS R

1)  SpeechLLM J77ZB& LT DANP IRZh
LLM-P2G, #iHIEIERC A 40 45404 T,
RKVE 5 B AT DU M 4 A 7 2
fiE, B — e i B @A A

2) TKM 8 SKM k3] LLM-P2G A4
Polish 5 German 3310 F SpeechLLM,



SR T2 13% 5 3% BAERHA AR
R, BB HTES s e
(SOTA) .

AT LSRG R B, WalE REuue st 40k
FIIEMT 2 2, T TKM 358 11k B A2 1 B RE 77,
T BE A 2050t 45 K1 AR ) B SO AR
AH L ity 31 3 1) 45 4 56 HL RGE PR AN Rtk s k4,
SKM H I RAY SRBE Z2 i 1 AR A% 2R BR AT 1A () [ 5 P
W, e T NGRESEERF R, P
BTG ER T EZ BT EE RN RA TN
BH5# 7.

R

ARG B Bl & R HE SR LLM-P2G
Top-K 144k 75 (TKM) FE1E s Z REMEA L
SGERRM RE, $EH T — R TR s
Helg —— KLk (SKMD, FFEEBIE 5 R
BAESHHHT T R . PR REY, £508
A K TKM Fl randomized-TKM J7iER)ELE A, K
FENLHILE 358 & 2 B A AR BT BE BTN T K B BE AL
PERIZ R, SR TGRS R ik il T otk
FEI AR A 0, T SGEE T A S Ak A,
T T INGRSIGESE . Bhah, ASOEHAT 75 —F
HErE H A KIS B R E S TR
SpeechLLM F%fELaRas . 45 EoR, LLM-P2G 7£
AR G AR B G OL R, fEIRBIPERE FEUS R
EMH . BIERUL, AR SCIAIE T KI5 5 AR RRAE
NGALIREN (T35 R AE S IR A AT AT HE S e
DB REEESSIES, HE6KE 5B RHHE
M 2T, A —PIRE.
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Phoneme-based speech recognition driven by large language

models and sampling marginalization
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(1. School of Computer Science and Technology, Xinjiang University, Urumgqi, 830046, China;
2. Speech Processing and Machine Intelligence (SPMI) Lab, Tsinghua University, Beijing, 100084,
China)

Abstract: Recently, the Large Language Model-based Phoneme-to-Grapheme (LLM-P2G) method has shown
excellent performance in speech recognition tasks and has become a feasible direction to replace the traditional
WEFST decoding method. This framework takes into account both recognition accuracy and system scalability
through two-stage modeling of phoneme prediction and text generation. However, the existing LLM-P2G adopts the
Top-K Marginalized (TKM) training strategy, and its candidate phoneme sequences rely on beam search generation,
which has problems such as insufficient path diversity, low training efficiency, and high resource overhead. To this
end, this paper proposes a sampling marginalized training strategy (Sampling-K Marginalized, SKM), which
replaces beam search with random sampling to generate candidate paths, improving marginalized modeling and
training efficiency. Experiments were conducted on Polish and German datasets, and the results showed that SKM
further improved the model learning convergence speed and recognition performance while maintaining the
complexity of the model. Comparative experiments with a speech recognition method that uses a projector combined
with a large language model (SpeechLLM) also show that the SKM-driven LLM-P2G has more advantages in
recognition accuracy and structural simplicity. The study verified the practical value and application potential of this
method in cross-language speech recognition systems.
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