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Abstract

FAHE L T DeRAGEC, —Fi il Tkt H 2
R (ASR) RG:Hi i 4% 9414 (NE ) 4] 1E
M55 Iy e g Ak A R A
1E (RAGEC) #EZE, DeRAGEC i Fi & 1i[%
I A A 21 1 2 WA DR R 1Y NE ik
EAFEFIMNGWEL T, g B
SCE )R B DR RS it SOk ek
875 42 NE, ¥£ CommonVoice #1 STOP
AR B R BoR , DeRAGEC 7riH]
HiR% (WER) Fil NE fiyH BT
HE2k ASR Fll RAGEC Frik. Bk, &
i1/ WER M TR &0t f5 AL #ER) ASR Ji
DT 28 %o FATHFEALAFT: https:
//github.com/solee@@22/deragec .

1 44

HITHIAFSE (Ma et al., 2023; Li et al., 2024; Chen
etal., 2023) KM, A KBEFHA (LLMs)
X R I SR A T 5 AL BT DA S 4 1 B
EEIRA] (ASR) MUERGTE. FEalH, AA14
T AR IR ECIE (GEC) SRAlfb ASR 4
H (Yang et al., 2023; Chen et al., 2023) . It4p,
IR TAECHF GEC &l — 2 A
(Radhakrishnan et al., 2023; Hu et al., 2024b) , i%
Y0 3R] B ) SOAR B SRR 35 4 DA — 2D i
AL IE . 7E GEC HEZET, ASR BiAIp 4
AEBRH P, R R R R A
ik (Hl k) o #RJE LLM Xk Sefi i 47
Pott, BUE A AR A A =T HES B
BCE TN R SO A R A . X AP VAR
THIIZE LLMs (7)) 12 18 5 IR A58 KA B BE
77, JGE RAERBSCA R _E #1125/ (Brown
et al., 2020) .

RETERE R ASR WEMME T HARE AR, H
GEC T lfa— X R - B Ikl FER G| A
TER] b B rp il 2 1 B 3R], G HO2 i 4% S 1A
(NEs) (Wang et al., 2024; Pusateri et al., 2024) .,
X — PR T REF R (LLMs) 1A
UL, BT ENEME T REZFERIER,
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[ia] it 4 755 31 3R I A 2R 35 (Gong et al., 2024;
Gallegos et al., 2024) . H Y, FILEUALE R
H1) NEs—$ 32 AR LE e 2k #E ASR {1
AR ME DA HERf 5 (Ghosh et al., 2024;
Pusateri et al., 2024) . Xfit, #2858 1) vk
(Wang et al., 2024; Ghosh et al., 2024) it $45
TRYE, VEh—FE g AN R S B
ORI NE BIEW k. — D REIH T2
R AL R RAZIE (RAGEC) |, Bt
MANTBHIHE FE R 2 A X ) NEs HRf H A
#) LLM #yfi A LR ok 3458 GEC (Pusateri
etal., 2024) . K1, JoRBLEGHH XK1 NEs 147
TEFAELTI AR, A HI 558 EPERE (Wang
et al., 2024; Ghosh et al., 2024) . H @i
FimE R HX A M S, T E AR T LLM
H PR GEC f

TEX I TAES, AT T —M 0
W, AT EWa 45k (NE) ki, %
VAETE GEC AL B2 Rl PR HAAE 1) i 24 54K
TAT RS G THEE 8. BRI v 44 S8k
E XA R H , £ LR 3e>) (ICL) HEZRR
P SE T . 0 I R D 2R B 1) i 44 S A
T R ORI FRATTRRAIG
TR0 ASR i th AT LLM HEREAHO” . 3T
F£ CommonVoice fl STOP &35 £ 4L F i
TR TR, LT % 28 [FHXT FH IR
(WER) P&,

2 HBRIAfE

2.1 ASR ity gl A R R E

GEC (Chen et al., 2023; Yang et al., 2023; Ma
et al., 2023) &Lk ASR ARG — M ARG
ST VR BRI, GEC BLALYE b ¥ 57 8 ui
TE S Y Ay 44 SE 4K (Wang et al., 2024; Pusateri
et al., 2024) BB F| T [FMfE. FIK R iR
i GEC (RAGEC) (Lei et al., 2024; Pusateri
et al., 2024) Jy il ke & G & AR Ay 44 52
PR TR i dn 24 SEAR 2 OE , (HAER E R R
B e fd e 24 SR G R T Pk, SEOEE
1R (Wang et al., 2024) B4 SRR R AT
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RO — M, AP T AR g
PRI BIHT . TCFRUIZR RAGEC R4¢, %1l
] A FSCEEL R DA BRI 1R AG 2R 91 Rk S g iy
AR

22 fFknind ik

RAG (Lewis et al., 2020; Izacard et al., 2023; Guu
etal.,, 2020) g3 TR H R (LMs) FEHITHES
ERAES P ER e, HEE SRR
¥4 (Li et al., 2022; Yoran et al., 2023) . fEFR
#E RAG &4, 1345 RAGEC {14 (Pusateri
et al., 2024; Ghosh et al., 2024) , KEEIEFH
WA AbR (BIAnar 2 SEiRa3) U2
EERAETMIERE S (Flan, $5%) Kk
AP, EFETHIMEAE SR A . R, X
Fh 25 5 52 B e e LU SR s ), = % 1]
PE, B E RO T 5 F AL (Cuconasu et al.,
2024; Wu et al., 2024) . HITHIFFE (Wei et al.,
2024) 5] A i AR U AT SR 22 MR i e
MhE, MILFHFEHIMIG. S8, 7 RAGEC
MR R BB S E R (Blnay 4 Lk 3)
UREA FERE . N T ek —23 8, 3847
$Ei T DeRAGEC, —#hJoizilldh. PAREH A
RN 7, i e A M R A E ok 5T
ERR B a4 LAY

3 DeRAGEC

31

TATE A TINZE ASR ARLAY 35 4 R 48
%@Eﬁ&: 5-best {Eﬁ%% H = {hl, hQ, hg, h4, h5} o
MIZ s by, — g 215 (NER)
PRI NE e, X SEMEAE a5 25 ¢p
. T AN NE s e s & thEi & AN
FHRAAY NE 1€ N = {nq,...,nx} «

TE ASR L2k, fm R B3 VRS o
a=h (HHE1).

T GEC fEZE b, 1B FHIA Mo i FH M AL
Yt D R EER T/ A DREARG] T £9°¢ =
{(Hi, ai)} MR E H #7508 (AX2),
Hr D = {(Hi,a;,N;),1 <i <T}EETAH
ik (H ). BIESE (o) FIRZRE K NE f&
I (N ) =jtd.

RAGEC HE 283 11 75 4E B #2 Hr 45 A i R 3
) NE il N RIESRIX — 5, JH7R EM99ec =
{(Hi,a;, Ny), 1 <i<T/*} eD (HHE3), K
i T7s J2 ICL 7R Bl B

ASR:a =M (D

GEC : a = My(a|H, E9%)) )
RAGEC : & = Mg(a|H, N,E™9°¢)  (3)

ASR Hypotheses

H = {h', 12 h% h* h*} DeRAGEC
\ —
g iy
P DB I . Filtered
\'”’@/ : :Z;‘ig‘:a':: Named Er:tigyreCandidate
Retrieved : r n
Named Entity Candidates | I
--N ={nq,..., ny 3! —
: { } ( LLM )
| RAGEC l
________ ; Corrected ASR Transcription
{ LLM e nn N

Figure 1: % RAGEC F1 DeRAGEC TEALH# 2 5|
i) NE 5 i PERE . o TSR, MALE
HEGN PS I Def W, PAZE X PRI L Z 18]
1) K SRS 5

3.2 DeRAGEC jE%

DeRAGEC 7t RAGEC W 3:afi by BT — 18
A, TCUNGRR M. XS FE MR
K (NE) i, FRATRHm () — A8 EAH
FERRSr (PS) A Gi) —AS—ATHI4EE A Bl XL
(Def) B|BAKZR BN NE k. AW B
By FURNAH SRR, AR BT SE AR o DA S
o SRFERATRICH (H,n,7) %1845 GEC
BBy, iz i i A ek a . B’ 1_-HET
DeRAGEC X}J5# RAGEC H)9 .
WTREAEGEE ng € N, AT I HE
FRRNETR 7 PS; = sim(gp, n;) Ml—AH) 5 A%
e X Def; . G55 =J0HBTIIMEN -
< n; | phonetic-score: PS; | def: Def;
> HHTEMET.

DB PR TAER R R (Wei
etal., 2024) , FATIMEH] — >R 9 B by A pfOAs
B M, KA WEMRB D w9 AR A K NE
R . WYL 1 Fos, el
#%=7C4 (h1,a,N) € D, PAM PS Hl Def ,
BB j—A4> MCQ KUS SR ", SZJH K
T (Hu et al., 2024a) , fERBEWFLE NE {56350 %}
WAE EHSAE o 3 X H Ttk it 5 H $2
U NE 384, 358 NE 51138 N, #ifroo#
Mo B, X AVFRATA DY 5T U miEdE
D— Dt = {(Hi,ai,Ni,PSZ-,Defi,n), 1< <
T} .

) kmpii: . DeRAGEC fifi ffl ICL Mix b
FAHER ] ATk, 4
E—AEB] (h, N, PS, Def) , BHIRFE: T/
PR BESRAG G- £r09c € DY HFHE R

L —A2ad i JER NE 2 MIEd r, ik T
Ve n AR AR
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2. AMBIESA o, LAH - e E

DeRAGEC

Wi . AEfr 4 SERIAE RN GEC i, &
fi1{i i} GLINER-large-v2 * B Ry iy 44 SEAA KR
TR,

ﬁ, T < ./\/lg(n|(h1, N, PS, Def), gdemgec)“.l DeRAGEC 5%%

a= M@(G|Ha m, T)
“
A RIEBLG A GEC W AR TGN, i
ZILMEsR G Py A% 6 -9 .

Algorithm 1 & {3 iy
Input: Phonetic Retrieval R , Rationale Generator

M, , Data D, phonetic similarity set P.S and tex-

tual definitions Def for NE candidates NV .
L A
2: for each {(H,a,N)} € D do
3: Extract named entities (NE) from H :
4 Nhyp:{n?yp,...,n’gyp}
5: Concatenate N"YP and N :
6 N« NwrgN
7 Synthesize denoising rationales:
8: 7" < M, (hi,a, N, PS, Def)
9: end for

4 SERER

YT RATH AL, FATM# H T CommonVoice
(CV) B — 174, &k H (Chenetal.,
2023) 1) 2000 MEAS, DA —AM iR STOP
MHA4E, 5 5000 PREAS . PRI Se g4
BN TR RAT e B g EE (CV)
B a2 S % (STOP) LA RL
. FA1KZ T HT RAGEC $il DeRAGEC
B 10 AMEE R DARIAY NE. 164, M CV HI
STOP 14 P RENLER % 54~ (175 =5)
FEANE R ICL D BFEABIT (€),

FAr 148 i} Whisper-large-v3-turbo (0.8B ) (Rad-

ford et al., 2022) , FHEE T 5 HERB R/,
YERFATHY ASR BIAL, %FT GEC, FRAIMEH
Llama-3.1 (70B ) (MetaAl, 2024) F1 GPT-40-mini
(gpt-40-mini-2024-07-18 ) (OpenAl, 2023) .
A, FRATHEH ol (01-2024-12-17 ) (Jaech
et al., 2024) 473 & A, Epitran (Mortensen
et al., 2018) 1 Panphon (Mortensen et al., 2016)
MT R Bk finga 540k (NEs) H 5T LB RHET
FIEEHLE (PS ). ARk, ES L2
TR TPARER NE (R NiEEEH ¢ ) 5
M NE 8 A R 2 NEs (N = {n1,...,nx}
) Z [T .

M CV YIRS, — A TFF IR A S 1k 25 ai 42
(Van Gysel et al., 2022) Fi4e TR A, B Ik
£RT 3,003,462 iy 4 SR T e fiy 44 S

AT RN FRERRCER, FATREHME MCQ
1 NE 1 3eks X8, PS . Def fi¥EH (Rat
) AT TIE RS, g 1 P, I NE sk
W (N ) W HT RAGEC F1 DeRAGEC,

SN L I;ATHER, 154 ASR, GEC
#1 RAGEC, DeRAGEC 7 WER #I NE fir 1%
F A A BE . NE fiy ih R 2 i 8
VEAES IE NEs TG $MR . B2l Rk iE
B R 1) NEs %0t P DA 2855 55 h ) NEs &
BOTEAER. BEF) NE 6 R LR NE
2U T TH] ) SR B PR R

MRS 1 HRIRATILELE], DeRAGEC [T A
HA 77 EAR A %, AHXT2li ASR %
LTI HXT WER 3820 T 28%, FHXT T Ak
RAGEC F & §/> 1T 59%., Bjiffi 5 ORACLE
BB TR, AR A et T B
NE %4 GEC 1%, DeRAGEC 7£ WER HI NE i
R FE R AR, XRHEMES
R B EIRARL

42 FWOR

J TG AEM R, FATHEE TR T WER
AN R IMEAR R ATAL A PR . K] 2 R
NI SEAESR SR FE A IRl ISP RS T M TR A
ey (R, X F R A TR o b
PeFE T IERARY NE H- 17K T AN AH 56 (3 1
KERER) E3R 0.166 (1/6 ), RILIERAK) NE &
RS TER BRI — n H, DAK ASR B
W 5 A NE. BARFATH 7 iR ik
A FR, BSHABRELML, Bk TR
FRARE R 0.139, LAk, FEAS N HATAn] 22 i
N Ui E A B ERRh 0.841, FRATTHY 7
PREET 0.839 I E I, HoR AU R/ 2
.

5 &g

DeRAGEC J2&— i g . LN ik, 8
R AR . BESRAY E ORI B B R
et JEME RS ) a4 itk (NE) ik, Ao
ASR Z Gt i 44 SEAR RS IE . #E Common Voice
F1 STOP % #z4E LY s: 53K, DeRAGEC [1)
FIE T 54k ASR I RAGEC K% | Hif5 T
X} 28 % 1) WER (GRS 1ER) Wb, HEm T
v Sk R, X egE R 5 i T DeRAGEC
e SRRE R AR, B 5 ORACLE

*https://huggingface.co/urchade/gliner_
large-v2
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Denoising feature

WER (%) | NE Hit Ratio 1

Llama-3.1 (70B) gpt-40-mini | Llama-3.1 (70B)  gpt-4o-mini

Model | N MCQ PS Def Rat|CV ~ STOP CV STOP| CV  STOP CV STOP
ASR only - - - - - |77 8.9 77 89 [0751 0787 0751 0.787
GEC - - - - - |68 7.8 69 74 |0.782 0805 0.784 0.804

v - - - - |e6s 6.5 71 66 |0804 0807 0788 0814

oY - - - |65 6.5 71 65 | 0804 0807 0788 0816

RAGEC (+ Denoising) | v v v - - |66 6.0 71 60 |079 0.828 0.785 0.827
oY - v - |65 72 70 69 | 0807 0697 0795 0.752

v v v v - |65 6.2 67 60 |0807 0815 0802 0.827

DeRAGEC (ours) | vV v v V|60 5.9 62 58 |0831 0838 0813 0842
ORACLE | A ground truth of NE | 5.8 5.7 60 57 |0837 0857 0.828 0.847

Table 1: 75 Al (AL RLAT KB B R, X CV 1 STOP $t#ls4E (% WER (%) H1 NE fiv bR . X+
RAGEC, UM N s B0A AN 20, 100 AU I8 38 0 45 B 5 G R R 25 1 NE A 0T

0.86

0.18

0.16
0.84 |

I
Y
IS

Recall
I
K
Precision

=}
H
o

[ llama_recall

[ gpt_recall
—e— llama_precision
—&— gpt_precision

-- Upper Bound of Precision
] ] ) B R
N MCQ PS Def PS+Def DeRAGEC
(ours)

0.78
0.08

0.76 0.06

Figure 2: {516 25 M 1o A5 Y fiiy H 25 14 9 [l 2 A f
R, ARIEME T EAE CV Bdinse Bkt T4l

PEEA L, DeRAGEC g H 4, I HEE
B2 ASR Y

TATHWFFRHEE T 7 RAGEC 1155 i 40
AMAEIR (B RSCARAI ) R R Mgk
REW 4 Rk (NEs), X g — 2R
PN FEER IR . SR, AT AR —
SO SRR . AT REAT A A AT A
NG Y. BRI A1 RE v] BERAS 5 & 9
WO T ASR B AL HIELA, (HEF i —22 0
TFFE A PPA AR A AE 1| e R 4T 3 224 o i
RN FHARAL A K MdR 4. Bbaoh, WREA AR
RN 27 T AFETE ) {Z ) ASR Fl 5
A FRRERL ATz Ak, DARR PR E 2 Y
M. RBEAN, FATTRIIRREACH LMy
W, IR R REE, A4S
3R ASR JEALFAGRR .

6
it

ARSI 15 2 T 8 E B (MSIT) %5 B
5 EGETRE A BRI S5 1AL 5T Br (TP) [ %% Bl
(No.RS-2019-11191906, A T. % GE W 57 A= Fi T
H (POSTECH)) (5 %), 153 T % EBUF (Bt
25 ICT ) %% )45 Bl B AR R 5 PrAG
WF5 T (UTP)-{55 8 ¢ AR W58 L ATRC) % B
(IITP-2025-RS-2024-00437866) (47.5 %), PAK

8 ] ] 5 48T (KINPA) 9 B 7 8 i (R R B
PRI H A9+ (No. RS-2022-PT000186) (47.5
%)
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A
b %
B F&BIEIERECR -

FHE 2 3 AR T ZAREUA W) VAR I Mgk
£ FERRSREPA KE (KR E K NEs
B, N={ny,...,ne} ), REFRSHEH
& (0q), AN HETFIREZE (STD) B8
THEE. 2RI, $SEE AR, B K6, ,
FHE—AJRIBR - R 2 1R A ) A3 to o] BE wiHE
B, MITFECE [BR R

FATVEA N BT A I 000 1 1 i s
(K, 0q), M@dfr 7—Wisss, fH STD ik
B AR R B St g TAER
PRANR : Mk e STD B Re (R
—MIR A ), Gt R R B
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Cloze sentence: The party is led by [Blank]

Options:

A: Samraj Singh (1.00 | Maharaja (also spelled Maharajah or Maharaj; lit. 'great ruler’; feminine: Maharani)
is a South Asian royal title of Sanskrit origin.)

B: Amrit Singh (0.70 | Amrit Singh may refer to: Amrit Singh (cyclist) (born 1991), Indian track cyclist Amrit
Singh, daughter of former Indian Prime)

C: Samurai Gun (0.64 | Samurai Gun (Japanese: % .. Z A 7>, Hepburn: Samurai Gan) is a Japanese
manga series written and illustrated by Kazuhiro Kumagai.)

D: Samresh Singh (0.64 | Samresh Singh (1940/1941 — 1 December 2022) was an Indian politician from
the state of Jharkhand.)

E: Yuvraj Singh (0.64 | Yuvraj Singh (born 12 December 1981) is a former Indian international cricketer
who played in all formats of the game.)

F: samurai prince (0.62 | Samurai Jack is an American science fantasy action-adventure animated
television series created by Genndy Tartakovsky for Cartoon Network and Adult)

G: Cambyses (0.60 | Cambyses Il (Old Persian: romanized: Kambdjiya) was the second King of Kings of
the Achaemenid Empire from 530)

H: Sam Rice (0.60 | Edgar Charles "Sam" Rice (February 20, 1890 — October 13, 1974) was an American
pitcher and outfielder in Major League)

I: Preissing (0.60 | Thomas Joseph Preissing (born December 3, 1978) is an American former
professional ice hockey player who played six seasons)

J: Samboy Lim (0.60 | Avelino "Samboy" Borromeo Lim Jr. (April 1, 1962 — December 23, 2023),
nicknamed "The Skywalker", was a Filipino professional basketball)

K: Sandeep Singh (0.60 | Sandeep Singh (born 27 February 1986) is an Indian professional field hockey
\player from Haryana and an ex-captain)

s RAGEC \

Answer: A: samraj singh x

‘ DeRAGEC )

<think>

The sentence is “The party is led by [BLANK].” We need to identify the most suitable named entity to fill
the blank.

* Option A (Samraj Singh) has the highest phonetic similarity score of 1.00. However, the definition
provided does not directly relate to a person but rather to a royal title.

*» Options B (Amrit Singh), C (Samurai Gun), D (Samresh Singh), and E (Yuvraj Singh) all have lower
phonetic similarity scores but are actual names of individuals, which could fit the context of leading a
party.

» Among these, D (Samresh Singh) stands out because the definition mentions that Samresh Singh was
a politician from the state of Jharkhand, indicating that he could be associated with leading a political
party.

Hence, D: Samresh Singh is the most appropriate choice given the context of the sentence and the
definitions provided. </think>

<answer> D: Samresh Singh </answer>

A\ J/

Figure 3: £ CommonVoice ¥{(#& 4 H1%} REGEC il DeRAGEC HJZEHIBFFE. 2 AAH 3¢ NE {101 i) it 72
B SR, TR NE 3280 3 00K .
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Cloze sentence: How many miles from [Blank] to brinkley arkansas

Options:

A: kentucky tennessee (1.00 | The Kentucky—Tennessee football rivalry is an American college football
rivalry between the Kentucky Wildcats and Tennessee Volunteers.)

B: kenton tennessee (0.91 | Kenton is a town in Gibson and Obion counties, Tennessee.)

C: Memphis Tennessee (0.69 | Memphis is a city in the U.S. state of Tennessee. It is the county seat of
Shelby County)

D: Phanton menace (0.69 | | Want to Die in New Orleans is the debut studio album by American hip hop
duo Suicideboys)

E: Captain Kennedy (0.69 | Captain Kennedy may refer to: Archibald Kennedy, 11th Earl of Cassilis (bef.
1736—died 1794), Scottish peer who lived in the)

F: Austin Hennessey (0.69 | Hennessey Performance Engineering (HPE) is an American hypercar
manufacturer and high-performance vehicle creator. In addition to building the Venom F5)

G: Kendra Hennessy (0.69 | Lynnie Greene (born May 21, 1954) is an actress, writer, director and
producer in the television industry.)

H: launch Tennessee (0.69 | Tennessee (, locally ), is a landlocked state in the Southeastern region of
the United States.)

I: Kieran Hennessy (0.69 | The 1957 Croke Cup was the sixth staging of the Croke Cup since its
establishment by the Gaelic Athletic Association)

J: Kenton Kelley (0.69 | Stan Kenton Presents Gabe Baltazar is an album by Gabe Baltazar. It was the
last recording by Stan Kenton's Creative)

K: twenty ten Tennessee (0.65 | Tennessee (, locally ), is a landlocked state in the Southeastern region of
the United States.)

- J

s RAGEC \

Answer: A: kentucky tennessee x

- J

( DeRAGEC )

<think> The sentence \"how many miles from [Blank] to Brinkley, Arkansas\" is asking for a location that
can be measured in distance to Brinkley. Among the options provided, \"Kenton, Tennessee\" (Option B)
is the only recognized geographical location that fits this context. \n\n1. **Phonetic Match**: \"Kenton
Tennessee\" has a high phonetic score of 0.90. \n\n2. **Geographical Relevance**: Kenton, Tennessee
is a real place, making it a suitable candidate for the blank, as it can be measured in miles to Brinkley,
Arkansas.\n\n3. **Other Options**: The other options either do not refer to geographical locations or are
not relevant to the context of measuring distance.\n\nGiven this reasoning, the optimal choice to fill in the
blank is \"Kenton, Tennessee.\” </think>

<answer> B: Kenton Tennessee </answer>

- J

Figure 4: 7£ STOP %454k i i/£17 REGEC 1 DeRAGEC [ ZEBIAfF5T . HEHFIEHfH NE it FE A (258 tHh i
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Recall

Precision WER

1 (0823 0137 72
51085 0084 66
TopK |10 1 0841 0056 65
15| 0843 0032 67

06| 0697 0078 65

PS | 07| 0457 0117 66
(6) | 0810251 0147 69
09| 0126 0163 72

05| 0830 0.124 7.0
STD| 1 | 087 0131 73
(o) |15] 082 0137 74
2 | 0815 0.138 74

Table 2: F S 1E S 11 1EXT CommonVoice H1fi ] Llama-v3.1 ) WER #4521,

Recall Precision WER

1 10887 0148 67
510895 008 67
TopK |10 1 0896 0060 65
15| 0897 0043 66

06| 0857 0.065 65

PS | 070549 0105 67
(6,) 08| 0244 0143 67
09| 0035 0165 7.2

05| 0.841  0.107 68
STD | 1 | 0836 0124 75
(o) | 15] 082 0134 76
2 | 0821 0146 76

Table 3: ¥£ STOP i}, Llama-v3.1 #8515 S L 3E%T WER HI5200
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Recall | WER  NE hit ratio
RAGEC 6.5 0.804
DeRAGEC 0.841 6.0 0.831
ORACLE-retr 5.8 0.837
ORACLE 1.000 4.1 0.922
ORACLE+noise ’ 5.4 0.887

Table 4: ¥F CommonVoice |{#i f§ Llama-v3.1 #£47
AFEKEZR ¥ E ) ORACLE LA .

1.00 4 r 1500

count @ f1

0.75
- 1000

0.50

f1
count

I 500
0.25

RAGEC DeRAGEC w/o MCQ DeRAGEC

0.00

WER
NE hit ratio

6.5
0.804

6.8
0.780

6.0
0.831

0.10.20.30.4050.60.70.80.9 1

Table 5: £ CommonVoice _|{#i Jj Llama-v3.1 {#j De-

RAGEC M4 MCQ #1%

IRJG AR NE AR LY o XTI RN, AL
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Module 1: Synthesize rationales for fewshots

You are given a cloze sentence, candidate named entities, their phonetic similarity scores, and
their definitions. Each named entity is provided with several options indicated by ID letters A, B,
C, etc. Each option follows the format: [ID letter]: [Named-Entity] ([Phonetic similarity score] |
[Definition])

Your task is to identify the most appropriate Named-Entity for [BLANK].
Answer with the "letter: Named-Entity" corresponding to your choice A, B, C, etc.

{ &N}

Explain in detail how the input results in the answer: { %% }
Answer should not be said at first. The rationale and answer are enclosed within <think> </think>
and <answer> </answer> tags, respectively, i.e., <think> rationale here </think> <answer> answer

here </answer>.
- J

Table 6: ZiA /D EFEARRY B

Module 2 -(1): Filtering NEs without reasoning process

[Task Description]

You are given a cloze sentence, candidate named entities, their phonetic similarity scores, and
their definitions. The sentence are formatted as a cloze test, where the blanks to fill are indicated
by [Blank]. Each named entity is provided with several options indicated by ID letters A, B, C,
etc. Each option follows the format: [ID letter]: [Named-Entity] ([Phonetic similarity score] |
[Definition])

Your task is to identify the most appropriate Named-Entity for [BLANK]. Please provide the
answer with [letter]: [Named-Entity] format. REMEMBER you should return only the answer, not
return any explanation.

I will give you few-shot examples.

{ D ERGI

[Test Case]

<input>

Cloze sentence: { 1H7%5/] }
Options: { ¥E5 }
<output>

Answer:
g J

Table 7: s JEA L HEHUL FER) NEs.,
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Module 2 -(2): Filtering NEs with reasoning process

[Task Description]

You are given a cloze sentence, candidate named entities, their phonetic similarity scores, and
their definitions. The sentence are formatted as a cloze test, where the blanks to fill are indicated
by [Blank]. Each named entity is provided with several options indicated by ID letters A, B, C,
etc. Each option follows the format: [ID letter]: [Named-Entity] ([Phonetic similarity score] |
[Definition])

Your task is to identify the most appropriate Named-Entity for [BLANK]. Please generate a
brief explanation how the given input lead to your answer. You should not generate the answer
before reasoning process. The rationale and answer are enclosed within <think> </think> and
<answer> </answer> tags, respectively, i.e., <think> rationale here </think> <answer> answer here
</answer>.

I will give you few-shot examples.

{ DHAIRB }

[Test Case]
<input>
Cloze sentence: { 5EIEIHESS AT )
Options: { VI }
<output>
g J

Table 8: 71| F #EFH i R i iy 44 SE 1A

Module 3: GEC

[Task Description]

You are given the 5-best hypotheses from a speech recognition system and a list of named entity
candidates. Your task is to generate a corrected transcription using the 5-best hypotheses and named
entities.

I will give you few-shot examples.

{ DHEARBI )
REMEMBER you should return only the corrected transcription, not return any explanation.

[Test Case]

<input>

5-best: { ikt (H ) }

Named-Entities: { filterd_named_entities_with_generated_rationale (7,7 ) }
<output>

Corrected:
- J

Table 9: GEC 375 .
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