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Introduction

Welcome to the proceedings of the twenty third China National Conference on Computational Linguistics
(23rd CCL). The conference were hosted and co-organized by Shanxi University, China.

CCL is an annual conference (bi-annual before 2013) that started in 1991. It is the flagship conference of
the Chinese Information Processing Society of China (CIPS), which is the largest NLP scholar and expert
community in China. CCL is a premier nation-wide conference for disseminating new scholarly and
technological work in computational linguistics, with a major emphasis on computational processing of the
languages in China such as Mandarin, Tibetan, Mongolian, and Uyghur.

The Program Committee selected 108 papers (74 Chinese papers and 34 English papers) out of 320
submissions for publication. The acceptance rate is 33.75%. The 108 papers cover the following topics:

Machine Translation and Multilingual Information Processing (9)

— Fundamental Theory and Methods of Computational Linguistics (7)
—  Minority Language Information Processing (10)

—  Social Computing and Sentiment Analysis (9)

—  Text Generation and Summarization (7)

— Information Retrieval, Dialogue and Question Answering (7)

— Language Resource and Evaluation (16)

—  Knowledge Graph and Information Extraction (13)

— Large Language Models (13)

—  NLP Applications (17)

The final program for the 23rd CCL was the result of intense work by many dedicated colleagues. We want
to thank, first of all, the authors who submitted their papers, contributing to the creation of the high-quality
program. We are deeply indebted to all the Program Committee members for providing high-quality and
insightful reviews under a tight schedule, and extremely grateful to the sponsors of the conference. Finally,
we extend a special word of thanks to all the colleagues of the Organizing Committee and secretariat for
their hard work in organizing the conference, and to the publish team, ACL Anthology and Springer for
their assistance in publishing the proceedings in due time.

We thank the Program and Organizing Committees for helping to make the conference successful, and we
hope all the participants enjoyed the CCL conference and a refreshing summer in Taiyuan.

July 2024

Maosong Sun, Jiye Liang, Xianpei Han, Zhiyuan Liu, Yulan He
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MITF:Cross-modal Image-text Retrieval Method with Mapping
Images to Text Features

Xinyue Lou'?, You Li?, Rui Qi'?, Yufeng Chen'?, Jinan Xu!:?*
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Abstract

To address the cross-modal image-text retrieval challenge, it’s essential to close the
semantic gap between vision and language. However, the prevailing dual-stream model
which separates image encoder and text encoder during training complicates the prob-
lem. In this paper, we propose a mapping network to map information from different
modalities (image and text) to a single modality (text), called MITF network, with
the purpose of improving the fusion and alignment of cross-modal semantics. Given
a frozen pre-trained model, Chinese-CLIP, we train the MITF network to convert the
visual embedding into the corresponding pseudo language tokens. Additionally, we
also introduce a mechanism that automatically learns prompt to enhance the model’s
understanding of pseudo language tokens. To speed up the retrieval process, the Faiss
index is employed. Experimental findings on three datasets show that our method
achieves an absolute 3.7% MR gain and quadruples retrieval speed compared to the

e EFIEE) : jaxu@bjtu.edu.cn
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vanilla Chinese-CLIP model. Additionally, the image-text feature visualization results
further show that our method improves the alignment between image features and text
features.

Keywords: Semantic alignment , Cross-modal , Image-text retrieval , Mapping
images to text features network

1 55

TR, BEERR - RS SRS RSB, X T U7 RIAR] & Fh B S EE 1 7
RN IG K, TEAL T BBRASH R A = A RS A AL - BREAS L AE (r) 2 A B RS A
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B Eh2E ST o SRIGAERR RIS B FaissRE|, BRRARREE . LA IERNERE
#EFlickr30k-CN(Lan et al., 2017)4(3E 4 - COCO-CN(Li et al., 2019b)EIEEFAMUGE(Lin et
al., 20218034 D9S3 TR . A FEZETTELESI T :

o 1R HEIBRBF SURKHEMSE, F5IASRRTE B I HLH], R PO GREI AL 1 5 AR
FRER O NG S RIC, DAV E S BB 38 YA «

o R EFaissRG|, RAERRUER, ERRBEAZNFBIN, REREERER TN
f& -

o LZ ISR, ARSCHTIR H ) B RIS SURSFIE 45 LB NS B S T 5 2 BT
EAHEIEER, AR T BERIZRAT E BRSO -

2 MXRIAE

2.1 BEEKEXRER
IR, MEFERENVLGIR ZNA, NG E S8R O 25 H N H TR
K R A (Tan and Bansal, 2019; Wang et al., 2022a; Liu et al., 2023a) - 2 4514 K EA] 4>

©2024 FEVHEIEFTEAE
RIE (Creative Commons Attribution 4.0 International License) ¥FA] HAR

B P E S AR, -

147, KJE, $E, 202447 H25H%E28H .
() 2024 PP CfEEES :

i E SRR 2



R

T B A3 FIEANA SR AN
—
T MITF 9 %
) ) A
B - ASAL S B 1% LR 1%

G 5 G 5 G T %

(@) F AR FER (b) MRAEA & (e) AXLFHITE

H 1 BOUeRBER S AHIRE

RS BRI RN A BRI 5 o R A BRGNS AT & A,
By HE ARG AFAE o Lu et al. (2019)3 H B 53 BIE R AN AT 2548 BB RURFAE ,  {H8 5 288
TEHEEMNEREE . ME, Kim et al. (2021)32 H VILTHE AL E1GR 9w 1 25 F1 U AR g g 28 51—
HNTransformert&Z! (Vaswani et al., 2017), PAFESAAEEE - IR, X AT T 85
B Transfomerdi i 25 R FR Bl G L ARG S, FEREHITERAFEREL T HEFHEE -
AT 3 ZLM B T2 3] Q) R A L g B9 2 TR 1S B R IR 5 SORFFIERE S — - BT AR
— PMREFTEBER GEHZMLPMA RIREE) AT IRE RGN SCREE, E SRR AT
DAIEEC 2 SE ) B AT R H2E>], WCLIPEEZY (Radford et al., 2021)~ ALIGNEER (Jia et al.,
2021)FAIBLIP2#EEY (Li et al., 2023)% - FERGREA A, ARSI B AL EERA KRR
B, SEERRSREIMEEREREE - R, XFORUREL A 5 358 57 % A vF BRI DU %
REITSEITE, MM EEE TENER-

W, ORI BT sk A B RS AHERL &, R B E R RIERE o TR AR
B RERL EERAERM T ETESREZMESHEER, BE2FERRERKLT, #
WivE 7T RIEE S ERC R B ERAR - 5 B IR — LEAUET 7 5B 52 H AR R DL BRI, WLiT )7
% (Zhai et al., 2022) IR R4S B R IRAD 28 LARE-& 550 T 1 1) G ER R AT B SO #5aig TR R
M., THALBEFfEZ(Li et al., 2021) 1@ B SER DG, 68 BURRAEF OR RN 57
FHELS, (EIIGE PHE R R - ZALBEFERIE 4, AR CAECN-CLIPEZY (Yang et al.,
2022) FFERH b, $2E H E GBS SORRHEM %S, i 2RSS B B 21 SO DAY MRS 8]
MES, 1 —PEREREE R SRS -

2.2 HIESWHIEERERITE

B 2 — L A i R R AL 0 0 S T A TN o 2 R RS X S 5 R 7 B A0 (Wang et
al., 2022b; Chen et al., 2019; Li et al., 2020) . HRIIHELLEFE: (1) FH TGP AR 25
R B (2) R ENMR XEFIRE R SCR R A SR g g (3) M2 2 REE
PR EVRAG AL 5 18 S 1A o (HX )7 VEE R A TN 2R B i S R RE R IR RG24 - 1878 HoAth
Ji AN Cohen et al. (2022) 15 FHIGEAXS H A 2 R 2% > Q) K — 20 B R ¥ pll— & TAI AR i
DUBRRAPEAL G AE R ANTE XA B A . Gal et al. (2022) Hi A BRIRR D SR R 48 7] — %t
SHJLIREEER, HEHEHTIARZEGERMIES - Saito et al. (2023)#& Hpic2word /7 ¥, fiff
FARVRC BB EIREFT R E R 2ES], DUERIGHA & B G SURE R« X7 ERE
&, RICGRHFEREST A B S PRCR Tk, DS BSTE AR 57, &/t BISUR:
RIRE -

3 h
FEARTH, RN FARTEIMITE R 4% F1$2E 7R 18 5 522 S HLH LR 1 - g i
o FE A A 2B AR o PR R A 2 R AR A Sy T I 4R B AR i 7 B LA CON-CLIP(Yang et al.,

147, KJFE, E, 2024FE7H25H£28H .

i E SRR 3



HEEE

fo

90N

S
N7, Sl |
v, Tokenized Embeddings W

)
 GHmE

A
N\

{um I —
] : LA 3 Contrastive
rmmire | BT L
‘#R}x‘iﬁiﬂ‘r&ﬁﬁ%iﬂz&%ﬂﬁioj =SSR SN E’U’é_,,s_> Loss
u
x) 2%
fespitiz L
A i
N N\.]

o T Em mm mm mm omm mm mm mm mm mm Em Em Em Em Em Em RmEm Em Em Em Em Em Em Em Em R Em Rm Em Em Em o
N o mm mm mm mm mm mm mm mm mm e mm mm Em mm mm mm mm mm mm m Em Em mm Em mm mm mm Em mm o e mm

S o mm mm Em mm mm mm mm mm o o mm Em Em Em Em mm mm mm mm MM Em Em mm mm mm me EE Em Em Em Em mm Em mm mm mm mm mm mm o o

2: YRR AR WA

2022), ZERHARGBSEMEREBEAN, —ERE T A ARMBEREE . SRS
525 HRoBERTa-wwm R 554! (Liu et al., 2019), K% %miGEs NRN501ER (He et al., 2016)EL
% Vision Transformer &% (Dosovitskiy et al., 2020) - FEYIZRAT, TREG TSR AR w25 A1
BB gmiEEs, IIZR— 1 BRI LR 5 i A BE BN A R B D 7B S PRI - H5IASRIRIA B 2>
PLAEE R R TE S0 B O SUR GRS 85 B A A - FETRERRS, R BRI MITE M 4815 2
ESINE, RES R RS B 2208 AR IS S B BIRRFESH T LR, @i B R
BRISA R B SRR AT o BATRAE LU /N1 il @I SrAn B -

3.1 XHIEF-EBAIZGEE (CN-CLIP)

N EBUREIRED = {(@n, tn)}n-,, HFz e YAER, t € TAHARIMIES
R . ST kB gz, LONSEEIRGIRIDES foXd HIt T mIGE S| M5 £Eo € R : v =
fo(z) o FTFIURHE IR, Lloh SEUSUAR G 28 f 0 K 1T m g R BUE 5 £Fa ¢ R .
u = fy(t) - CN-CLIPFRZ! (Yang et al., 2022) R X H 23T BOT51%, M8 2212 %6k i SCIE SO
TR o X T RRB A S B B, 15 FGF B 555 D SOy, 6 H 5y Bl AT VA — (L4
oy, = Hg—;ﬁnuj = ﬁ BJ5, CN-CLIPHEERHFXHRAS iRt riti, #8 A =
7Nt

min Leon = L2 + Liot (1)
{6,¢}

Ho = EVEE S SRS E, %ilﬁi—A%ﬁ, KJE, FHE, 202447 H25H%E28H.,
: ERW
(¢) 2024 HEPFEHRHHET P EWVERS 4



HEEE

HAp B2 R I, 5 RE A TS RAE ARSI, 1 T EFTR:

exp (TUT’UZ)

Lioi = — (2
& 18| ZEZB > jes €XP (Tulv;)) )
T
exp (Tv] u;)
Li log 3
2 18| ; > jeB €XP (tvl'u;) ®)

AT B SRR AEERT, HARTZAR LR B B GOURRIMEME RN, G —KkE B, H
SURTH RS TR A3

exp (cos (u;, v) /7)

N (4)
ijl exp (cos (uj,v) /T)
[FH, 45 E— 1 ORH AL, TG e 5 B ITEE AR A=

p(t=il|x) =

exp (cos (vi, u) /7) (5)

r=1|t)=
p( | ) Z;,Vzlexp(COS('Ujau) /T)

3.2 BBBSSCARRHE (MITF) R4

T IR RO RN — DS 4 SR DB S R0, R BB SR GRS 28 F1 B R SR S 28 1)
BTN NGRIZMLE, XERAS RIS S i BEs i K TR B Hb 3 D B AR A SUAR A 2 (8] A%
FeI sk, RISE SRS TE Al — > BRI BIWE S i A RITEER, tnE 2R, B B SUE B AT 5
BSOS LI MES RIRHEE R - S TFRIF— %mmxﬁAv4%WMm%%ﬂ%h%H
BB LA S = fo@) o fo N PMRERIZENZ ZRGNIL, HSERAAITM - E 24
%%mﬁﬁ%ﬂﬁ@%%%%ﬁ@(%T%Tﬂ%%m&ﬁﬁmﬁﬁ¢Aﬁ>,%ﬂ@%ﬁ
B NSURRTEER fo, REINBTHRAD = f4(3), A EPREBTER R AN EGE BEM L
AT REBRIL T XS B I SR B S @ - 1B P28 AT L5 26

m]\}n[, = Li2i(p,u) + Lio(p, w) (6)

HAEE2 DI, N FR:

eXp (TU,ZTpZ)
Lioi(p,u) = log 7
@l = 5 Lo ) g
eXp (P! wi)
‘Cl b) - 1 8
o) =~ s = ®)
ﬁ*n— o TELLEM B £, E R s p, Feiiu, - EIRAARXS (1. 2+ 3) BIREZATE

Fo (1) RARENERLAT, MEEMAIREEN: () @A, A2, HiL
23] ) I AL MR LA D 25 i 5 B S SRR RO R

3.3 R HEESIWLH

7E3.277 I MITF M 4815 2 B TH1E S0 S B LEFRHIE, TR nE B B AR,
N T EER I IE S MC B I R SORRAG S BT I A, I 23R R 2 S A SRt o v S A
L FEEERE T 4 AR B BPEBER R & (Zhou et al., 2022), FATFIA T HRR1A Boh2E I HLH -
fern LA 25 8 B A 87 1 1Y B8 B 4 e B 0 ot 38 B R T SE UM L) R IIEE S5, Wicliph&
TIZEH TR 5 BETA B — 1M RREA]: A photo of a object (HHobject N 155 KBk 4
) (Radford et al., 2021), fHHESEMEBRDRIES, MIERZEIHR BERFX—IE B3
1, TMAZEF IR - 1R % > ITIEE R TA Tan 4] 38 4 s 3R FHEE RN T 00 S A0 i3 %
BE DR ER R IR REFR AL T Pl (S A SR RS o Tl i B A 2 3] v 2| v 72 B[] E AT | R 3]

ZAEEPET R RSSO, BIT-E14T0, KR, FE, 20244E7TH25HF28H .,
&l I%L’BI
(c) 2024 HEPLEFELEESTHIBETELWRELSL 5



HEESY

BTER, BRT RN . SR E2TR . BRI, BB SURGR IS f4 5 7R X
ot R

§=1[s][VLi[Vl2... [V]lm (9)
:/E\:EFI ) /[\[V]m(m S {1, e M})zEé—ﬁ\?ﬁEElﬂﬂuﬁﬂ*ﬁ Iﬂﬂ‘jﬁﬂi (ﬂDCN—CLIPVIT_B7FEﬂEP
A7essE) . MME—PMEZE, f8E T LT XPMCHIEE, s AMITF ML B2 > 2R hig
ML AE KB R, TSR RS H LRI AR

exp (cos (w4, p) /T)

PU=T1) = o e (eos (o) /1) (10
FIEE . AR TN 0 AR A,
o 1) oleos(s) /1) .

> j—1€XP (cos (pj, u) /7)

FEAS R0 R BRI BRI L, IR0 A2 A RE AT 0B P VR B AR MR R &2 R 481 %, BB EE T
LB SUAR it e fo S0 64, A ZE0H datd 104 & FRR R R R G I A0

3.4 fFHFaissRT| 13T E

TE46 8 U R BRI BT At El2f 7R, gk B R 20t B R Gt 28 FTMITE F 25
BERIESIOL, FHES%E RS A E0 ORS8O EA TR, BRG]
BRI MRS, SR FH RIZAE LR R EOR B B AR LUE RN - TR, AICKH
T FaissTEZRERHEAYIT LT AR (Approximate Nearest Neighbor, ANN) R 715K E R RH
B - Faiss* &R &Facebook Al Similarity Search, 7&FFacebook & B A T UL R 1Y
FRE, & HARNEGAFANNRE . S TRERERES, TREG U T=4: AR5
F BRI Bl FATEH T FaissHIEI AR M TERIMRIGRE R, H AR R RS
FR) i 4 ) B =S (R R4 M 22 MIRYEF =S [0, FERES 1 =S RN AT [ & E LD - AR ITE 728
[ £ 1 G S AR UK B B AR RV O D ) BB ) GRS - FE VRN, e 2500 BR[| E AT R R B 7 =S [l
SEl, REETXERNMEAEFEHERGIPHTESER. Zdd#lE, FA1EH T8I %k
FEMNZR AT k-means I ZR I Faiss R 51 R T - R4 E ARG R EHGN EE A a0 R s -
SFT AR Ry, Faiss AEPRERER M SuHLIRTRK N &k R, FRN[h, he,. .., by, BIE
WG 5 45 7 SURRIEEL Ik MR - [RIFE AT 1545 € BRI R SR B A2 -

Algorithm 1: ZTFaissR5| MR XXKRREERLE

Input: text_features, image_features

Output: top_k_ image ids

1: for image_feature in image_features do
image_feats=list(image_feature)

index=faiss.IndexFlatIP()

index.add(image_feats)

for text_feature in text_features do
indices = index.search(text_feature, topy)
Return indices as top_k_image_ids

4 S
4.1 EHERE
IS8 I SR B 3 JRE AR SR Aliyun T YR FICN-CLIPHE T 2 Je 4 B FE BH A 70 Fi>% A A1)

B BRI E N CN-CLIPy;r A « MITFM 2% R 32 8 2 R BAPLIM LS B, Bk A
P PR R Mish bR £ (Misra, 2019) (ki R OH B BUE R, B BT 075 R AL R SR A A

*https://github.com /facebookresearch /Faiss
Thttps://github.com/OFA-Sys/Chinese-CLIP

147, KJFE, E, 2024FE7H25H£28H .
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HEESY

) o ERRIILES N AdamW (Loshchilov and Hutter, 2017), 223 % HR8x10~* , WEE
0.1 XFHAE S bR R/ R576, WEEIRECN10, RAZS) B RZZRER, BAER
HASEOX BB RBAEH « FEERET ) CN-CLIPy; 1.1, FlCN-CLIPv;1.i BB E 33 GeForce
RTX 3090 GPU_E# T4, HRBEAHEEHRCGeForce RTX 2080 Ti GPU_L#4Till4% - &
IR S5 BT e F R 28 M Flickr30k-CNEUHE LR (Lan et al., 2017) ~ COCO-CNELHE S (Li et al.,
2019b) FIMUGE#{#E £ (Lin et al., 2021), X TAHIEEIFMBIRRGANFCTEE - HEE
5o LU I R 5 B VREE TOI SRR RIS MITE W 4%, iEEESR IR FAUR R ITFOREY, R5
FEXE R AR EHAE R - H TMUGESURE S 'E 77 1308 & B 2 SChR i £ Al il 2 553
KTMUGEEE S SRS UEE Fad T R B R SEL - RN, AT AN FSLIEIAE N # 1T
T ON-CLIP2 2 AL 5 LI TR b, RMITE /485347 2 T 4047 -

4.2 SR

T EGRRIAM I AR REGES, KA IZES T H fRecallal
(RQ@1) « Recall@5 (R@5) « Recall@10 (R@10) FIMean Recall (MR)¥8FRIAFHITIEN -

N N e kA X BGI R SOR AR 1%
ik VIESEE RENE pawas Ral0 MR Rl Res Rol0 MR
CN-CLIP - Is 570 841 936 782 622 866 949 812
COCO-CN | Finetune* 188M 4s 67.1 93.1 97.6 85.9 68.3 93.4 97.6 86.5
Ours 17M 1s 63.7 924 972 844 669 91.7 968 85.1
CN-CLIP - 9s 746 935 971 884 627 869 928 80.8
Flickr30k-CN | Finetune* 188M 9s 87.5 97.8 99.4 949 714 92.2 96.1 86.6
Ours 17M 3s 849 969 99.1 936 70.0 909 956 85.5
CN-CLIP - 139s - - - 521 767 844 711
MUGE Finetune* 188M 139s - - < - 542 80.3 86.9 73.8
Ours 17M 41s - 4 - - 523 782 860 72.2
CN-CLIP - 51s 658 888 954 833 590 834 907 777
1y Finetune* 188M 51s  77.3 95.5 98.5 90.4 64.6 88.6 93.5 82.3
Ours 17M 15s 743 947 982 89.0 631 869 928 80.9

# 1: 5CN-CLIPEEHIHTTERIN . (BN IMRERIELER) | KR RN EE &
WS (BEEE) FRRFTE B B =R AR H]

5CN-CLIPEZMAFEMITE « XS HRRE 2SNt E K NER AR R,
WHERFE—ERENT, RESHERS, M2 FMERE/N . FHit, RERIESERA
S, BAAEAE R SRR AR A5 4 X CN-CLIP i g iR 4T T 2 B RO T IESESS, X s
RMFIR, E3MEURE LR PR REE, JIGRMITFME S E N EERASEH
29.4%, H52E/0HLEEERMRERIRZENNLA% - 15 R CN-CLIPHER TR AT
FIRILA L, SO B AR ZE S BUR 4R H 39388 T I IRUR . FECOCO-CNAUESE -+
R IR CN-CLIPFR I MRIGFREE T 175.0%, 7EFlickr30k-CNEHE % M2 175.0%, ZEMUGE#
WEERAT1.1%. FE, EFFTESRRRIIGREE R & T 29475 - I T AR ERE R
% RIS HERWRE 5B NFREERIGRE B, FIF iR B e € NI TS L
PIRAFR AL OB E | FE BLRRR TR TE0E & 50 PR R 7= A A TG B KBS «

5H Al A SO TE S PN GBS o W Egs RansRefoR, FATER T FILIP(Yao et
al., 20218 5Wukong(Gu et al., 2022)H87E T FEUHE £ 2 2 HOR RS R#ETXT T - H
TFILIPEA AR HERICES, S8 45 R 95E H WuKongi 3 (Gu et al., 2022) AT R -
SRS EER R ASCTEILT B B R E Al A ST SR bR S .

4.3 JHRLEE

#oniE B2 SIPLEI BRI o IR FOZE SR, FRATE = N IR £ LT
T IR R AR IROR T B2 o], EHAFEEAAR B N HTER . Fangit i
AR ¢ REXGRE R BN N RIEER 4 A MITE W 45 Fr 22 > BRI E S R0 - L9
RANFE3 R o A HT AT FIEE 7RI 5 Bh2E S A R I F F ot iR ik, B m ik
FEMUGESURSE D SR E N B3, WREIRE AMUGESE 8 %= FH sy, At B SUE

451, KJR, E, 202447 H25H £28H .
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HEESY

i EESESER SRR RE R
R@1 R@5 R@I0 MR R@l R@5 RGI0 MR
FILIP 527 813 883 740 562 868 943 79.1
COCO-CN | WuKong 65.8 90.3 96.6 842 67.0 914 96.7 85.0
Ours 63.7 92.4 97.2 84.4 669 91.7 96.8 85.1
FILIP 721 913 958 864 575 843 906 77.5
Flickr30k-CN | WuKong 83.9 97.6 99.0 935 67.6 89.6 942  83.8
Ours 84.9 969 99.1 93.6 70.0 90.9 95.6 85.5

FILIP - - - - 30.6 582 70.2 53.0
MUGE WuKong - - - - 39.2 66.9 774 61.2
Ours - - - - 52.3 78.2 86.0 72.2

* 2: 5EAH TN E S RIS LR

LR, B 505 ) B R R T3 AR R L A0 T O S hmiC iR RE T o0 H

g
paifif

%&o
vk EEIEESES R RER
RG1I R@5 R@I0 MR R@l R@5 RAI0 MR
COCO.CN | THHOT 599 896 964 820 665 912 97.0 849

H&%>] 63.7 92.4 97.2 84.4 66.9 91.7 968 85.1
Fohixit 845 97.0 99.1 935 699 90.7 954  85.3
H&%>] 84.9 969 99.1 93.6 70.0 90.9 95.6 85.5
Fohxit - - - 51.7 778 854 716
Hoh2E>] - - g - 52.3 78.2 86.0 72.2

3 #oRi B I HL B H R

Flickr30k-CN

MUGE

Faiss R 5| B0 - NIRTTH EFaiss R 51T ANNIR RN SLIG L5 R A0R0m, FATE=1T
IS LA EKNNIG R T AAEANNR R, EEMARFAHER RE O T TsEas, SL5ass
FURAFTR - R RH, MEFaissR T HITANNKRRRFERREER S 747, I ARRE
FERE T, S THIEERAFIMUGERIESE, RITVEREAMNE -

™ YNeri ARBRLE TEREER

R@1 R@5 R@10 MR R@l R@5 R@10 MR

COCO-CN X 4s 63.7 924 972 844 669 91.7 968  85.1
v 1s 63.7 924 97.2 844 66.9 91.7 968  85.1
Flickr30k.CN X 9s 849 969 99.1 936 70.0 909 956 855
v 3s 849 969 99.1 936 70.0 909 956 855
MUGE X 139s - . - - 523 782 86.0 722
v 41s - - - - 523 782 86.0 722

R 4: FaissRGI UM, RRMFVEMNETRERNAE G0EE) RRITEEIREIFRR A

PR R it SO A A AL X 28 AR PR B2 o SR R 5T MITTF O 48 NG S 06 45 SR A e, 8B T
RIS H &5 BN 1ITM  (BRIEZ4EE 71200) ~ 19M  (FEUZ4EE H1400) ~ 22M  (BRIEZ 4
& H1600) ~ 25M  (FEl 2 248 &R 1800) 1 PH ™ ALAEE ¥ 28 ZE Flickr30k-CNEL #E 68 b #1750 5 .
SR LERINESFIR, AR ERSERE R T R GCN-CLIPRRT , TR T % 5 EME
B -

HEEMAEMEN . WERRAXHRHEM T ERETXEUSEE R/DIIR M,
FEFlickr30k-CNEHE£E b {1 F CN-CLIP B4 AN [F] BB Y 22 R R A 3 A7 5008 « SRR 45 SR a6t

B P E S AR, -

v AT1, KR, HE, 2024F7H25H%28H.
1:
(c) 2024 HEFCfE B :
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HEEE

i EETESER SRR RE R
R@1 R@5 R@I0 MR R@l R@5 R@I0 MR
CN-CLIP [ 746 935 971 884 627 897 928 817
Ours(17M) | 84.9 969 99.1 936 700 909 956  85.5
Ours(19M) | 85.0 970 99.1  93.7 70.1 910 956  85.6
Ours(22M) | 85.3 97.2 993 94.0 70.4 91.3 95.9 85.9
Ours(25M) | 85.1 971 99.4 939 702 912 957 857

3 5: BB SURAFAL A £ A5 2 A ) 2

&, OMTATED, ARSOTIRAEAN AN R MU 2 AR R (1 SE AR 45 R IE T IR IR CON-CLIPRERY , 3%
FA BT 4R H FOMITE [ 48 5 —Fh e i S ESR R L RERE A U5 1%, ARy RV R AR A0 A o Ath
G

Fri EEIEESES AR RER

R@1 R@5 R@I0 MR R@1 R@5 R@10 MR
CN-CLIPgnso | 60.0 859 920 793 488 76.0 846 69.8
OursgNso 72.7 91.7 96.5 87.0 57.7 83.7 90.5 77.3
CN-CLIPyirp | 74.6 935 971 884 627 89.7 928 817
Oursyir i 84.9 96.9 99.1 93.6 70.0 90.9 95.6 85.5
CN-CLIPyir | 80.2 96.6 982  91.7 68.0 89.7 944  84.0
OursyirL 89.2 98.5 99.7 95.8 74.4 93.0 96.3 87.9
CN-CLIPyiry | 81.6 975 988 926 712 914 955  86.0
Oursyir.n 89.9 99.1 99.9 96.3 76.1 94.0 97.0 89.0

6 H R o

4.4 Sthr5we
N T FEEF AR A SO ES SEOER IR A S AT, AR RFIT N o S

T8

AN S 44
B AT E SAHIE S T4 f SANBOE BT MM
84.0 84.0
25 |
83.8 83.6-
E 22 — ~
& 3 83.6 3 83.2-
# © ©
& 197 | S 83.4 = 82.8-
174 | 83.2 82.4
T T T T 1 83.0 T T T T 1 82.0 T T T 1
80 81 82 83 84 85 0 10 20 30 40 50 0 1 2 3 4
MR(%) WAKEE DyFRic tokendl
(a) BB STARKRHE P 48 FUAR (b) $&7RIA H B2 S UK (c) THiEF HrittokenEl

B 3: KT BRI SO 2% 5 2R OR B e

P AR R S SO R AIE P 48 LA I B B . ZEMR{EAH%20.64% (S8 &E22M vs 17TM) HIE L
T, BANEFRSHEEDRITMAER S . B3R, EHEALN, BRENSHALIREE
ZWE R NTMBUS I pRCR, HMiRE T RELS e XS - SKIRERET, SRS N
BlosMBS, HEBIVERER BT N, HEMER LRI IS LS IS -

B =R EEIE S ERS R E, %lﬁi/’%lﬁ)ﬁ K, E, 20244E7H25H%E28H .
1: Z—HQI
(c) 2024 HEPLEFELEESTHIBETELWRELSL 9



HEESY

BoRA BB E S AR KERER: YRR B 325 UK K E 508, 34 £ E &
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Abstract

Query rewriting is a technique aimed at enhancing the quality of search results through
the optimization of queries. Traditional methods based on pseudo-relevance feedback
are constrained by the quality of pseudo-relevant documents. This paper introduces a
document retrieval method based on query rewriting with ChatGPT. This approach
does not rely on pseudo-relevant documents, thus avoiding the issue of low-quality
pseudo-relevant documents. Initially, the BM25 model is employed for retrieval to
obtain an initial retrieval results. Concurrently, ChatGPT is utilized to generate a
new query. Subsequently, both the original and the new queries are used as inputs to
re-rank the initial retrieval results with a re-ranking model, producing document rele-
vance scores for each query. Finally, the document relevance scores from both queries
are integrated to obtain the final document scores. Experimental results on multiple
retrieval test sets indicate that compared to baseline models, this approach achieves an
average improvement of approximately 4.5 percentage points in the nDCG@10 metric.
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Bl BB
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Figure 1: ZFChatGPTEIAMN G KSR R 1k

RE XN BN IOHEATHRER, NRENCHEPRERRHSRAER ¢ HRH
I 100 30K - H BSR4/ SO B HESRA R AL B OB [ e TP SR E - S8 BB, #d115]
)\ChatGPTXTJ?ZIﬁﬁi’EU q HTHE, ERHTNER q’ - E B INRR EET iR i
BEEGER - WE, BATRFEIRER ¢ JEWR ¢ PRARRER, 250G R 30
%Lﬁ?i‘ﬁ?%@ﬁ—ﬁj\ o JE SRR SURAS 40 Bl 5 B A B A - *”*B Br, RS R EW ¢
BB ¢ BSOEEDE B SCETERE, BREEENS PRI S S i aiR &y
EPNEE

ﬁTT*Aﬁ/\,JH]EZZ%ﬂﬁ'JﬁHEﬁE’J%XE BHRARRNE, FNASEHNS ER#H
BIPATHIRRER, MR EROUH T SOEEAN B EOVEYIRRRRI LRI RE S, Ffl]
RIK S 5 BT 2 TBM25BR A IR RS, R AR . Bk, MET
EREERITHIRRER, BM2SBRIWEE N T 5% A4 - B ATA NS Chat GPTINE
JE B IR ANE & TBM25E AL, (BRI T IO E AR R R A5 R -

3.1 ETChatGPTHIEWER

-
System: h

You are RewriteGPT, an intelligent assistant that rewrites content in COVID-19 fields.

User:
First, 1 will provide you with a query text for information retrieval delimited by ~

Then, please rewrite this text according to the expertise related to the text. And the
rewritten text will serve as a query.

Finally, the rewritten text has at least {{ length }} words.

Query Text: " {{query}}
\ J

Figure 2: T EIHNE iUPrompt R~ (Covid-19%3EEE)

R —NIRIRER ¢ 1EAChatGPTHIMI A, & BI#R R 7715, iEChatGPTXf R iR &
W g i ?Fﬁj_ /E’WMJC?FHE&’? Bl 2 JB7R T 7fECovid- 19508 28 118 H B Prompt = 7], H:
B query M length % &, HANEERNABTNERKE . £ 1 BR T HChatGPTHITEN
W5 ARG, UTREC- DLlQﬁITE% ) “what are the three percenters?” |, EHH“three
percenters”—fﬁﬁ/z?ﬁﬁi??é?%, IR EAEE L BRI RIAAN S IR, S2Ps iR EMINE KAk
HREIFREHAS - ChatGPTREWSIRAI BN HVBLERIE SUEMIVE, N H#ETHE, #B8—1 %

B =R EEE S RSB UE, %wﬁiz\ﬁzm KIE, E, 20244E7H25H%E28H o
1: 17298
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Origin query Rewritten query by ChatGPT
The Three Percenters, often abbreviated as 3%ers, are a
loosely organized American patriot movement. Originat-
what are the three percenters? ing in 2008, they advocate for limited government and re-
sist perceived infringements on constitutional rights. Can
you explain their ideological spectrum?
The UN FAO, or United Nations Food and Agriculture
Organization, is a specialized agency of the United Na-
tions that focuses on global food security, agriculture, and
rural development.
Carvedilol is a medication primarily used for treating high
blood pressure and heart failure. It belongs to the class
of beta-blockers, helping to lower blood pressure and im-
prove heart function.

what is the un fao?

what carvedilol used for?

Table 1: ChatGPTE RN E Rl

DR B R BT R« XM RN S T TR AL B SR O BRI R B TR K&
PR E R B RO B, WS SERIR 2R 55 7 SC B B O vER A 45 SR DL -

Beoh, BNV IMERFRE R RESENE LEEREEE - ik, FAIFHChatGPTA MK
AFHCEREER, BRI R RS R0 AR i R R R R ML REA & -

3.2 IHEHRMEITE

F AT % FFRankGPT (Sun et al., 2023)~ ColBERT (Khattab and Zaharia, 2020)LA
HFMonoT5 (Pradeep et al., 2021)1@7‘9*@?4‘;‘:ﬂ, At RS AE R Her, HATET
W OpenAIR) 5 = 77 # 0 LM RankGP T HIfE A, M ColBERTFIMonoT5HE 2 & T FF AR
A

RankGPT/& — >3 T ChatGPT(GPT-3.5-turbo) fIGPT-4 X R E HEAE Y -« RankGPTiE it
NSRRI ME—PRIA, IN5R TR R SO BRAIRE ST, 15 Chat GPTREMSIRIE 24 B &
VRN SURAE AR SO TRE P HES - boh, 4R H—FIE BN & 1 SREE R AR Chat GPTH I i
ANHIRARKERS - %K SRR B AR, HAHERESH T, WHREIERE T
BRSO, NTMREE T R AR K SR A 3 A RR ) -

ColBERT;&Ed FIFIBERT (Devlin et al., 2018)38 K 1)1E 5 A0FEFE ), LR EHFI4 25
PAN A BERE TEmAD - 58, Col BERTHREG E AN SURY A B A HE T M GRS« X i
P J7EM A T BERTHIE S ARG RE ST, AT DUHFR SUR AP AR E R AR 2 & 3 - TESRHE 5 AL
J&. ColBERTRH—FHHA “SaBIZE B FIJTHE, X2 —Fiit B AR i m A RE (U8 1 43 SR
AET RGBSR, FIZE AR B EE R, SRR SRR SOEHETIR
FEGRIG, SRJG FEAE— D RERIA [a] B 23 (8] FP it 8 3 AOAR LI o SR iR T e KRR 4
ERRESE, i TR R, &5 T HF AR IEReR .

MonoT5:& 5T T5 (Raffel et al., 2020) A — MTAERBS L[ THTAE O HESAESS -
R A BARTR T Pradeep et al. (2021)#& H #) “Expando-Mono-Duo” &R, %K
FATIZRA P51 2 751 (Seq2Seq) BB 34T SURHERF o AEIXFRIEOT R, “Mono” (UFRHIE—
FhETHZ 5.7 ¥ (point-wise approach) (Li, 2022) B CH B HERRS o 3F 57 e —FFEm ORI
KRR, EMALH A ORI, AR R H S HoA SO HE - MonoT5E RiX—
BT T — P BARSEI, Bon T TR RN B SR HE A [l A R AR I -

3.3 XHEHXHEBSREE

TEZ RS, FATNE R I Chat GPTIEF LB I T R I HH i PN 2 AL BB AS TR A
PR AT 4 AT BE S B A A B R BIE U B AEIR AL = BARR BT A, AT SN ) f5 42
AR BRAESSHINERE -

ERhX—RIR, FATRRE T —FCRG SR E LS, 2SI 2SR SRS ER S i
ERIANE, WA EMERER - SFERNER ¢ SO IR SRR, BA TR

x
X

B =R EEE S RSB UE, %%1513—2@%6% KIE, E, 20244E7H25H%E28H o
1l FERX
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BTG EW ¢ - EXFER T, FIEER ¢ B3OS E BRI TBORAINE, m
BEW ¢ BWICEBEMNER—FRBEEHTS% . MR, HAFERNER ¢ B30EE
aEEE, ERENEFIRRKE . EXMZRT, HEE ¢ ISOEEEE B TEKX
WA, TiRIRTEI ¢ MIBALIE— D FE BB B B R AR -

FAPRBCT —FhETIOREIT 0 HONE D BORES, B EAHRRER SRR AR ¢ TR
W ¢ PATSOEME R . ES B AT

Sfinal(q,d) = X-S(g,d) + (1 = X) - S(¢', d) (1)

HA, Stina(g,d) RS SRS GRS S(gd) Ro& R EE RN THE
4 S(q',d) FRZE L ChatGPTE S J& FHT &1 1 TR 15 4 N R R 1A & A A E 43 B b
i, B— MBS, ZSEENFRPAEFEE—ERZEE), AW 5.3 TEIHXNSH0H
Frit— BRI T

X EIMAEVERE RS FHBEEE RS HEATMNERGEERE, R R
K ChatGPTHIAN AT S BRI R IR ZE, WM S BRI R R ERE .

4 LREE

ARICHSEAE LT = R Fi#fT. TREC-DL19~ TREC-DL20FITREC-COVID . E
i, TREC-DL19FITREC-DL20J& T i H 4 £ #% % , MTREC-COVIDJE T & b 45 5 £ 4
#,

£ 2 Gt TiIX =AM BRI E 8 (queries) BUE ~ TP KE (len(q), BLERIRANEAD) « X
4 (docs) EUE FNE R FE PR HIWT (qrels) LR E B, - X = M EUREER BRI EHE K

Bk, HE T ZMARB AN ES B A, BBTRINE A E2E TS 7 ERRK
5,
Dataset queries len(q) docs qrels
TREC-DL19 43 5) 8.8M 9.3K
TREC-DL20 54 6 8.8M 11K
TREC-COVID 50 11 193K 69K

Table 2: BUEELITEE

TRECH#E S 8 i) /& “Text Retrieval Conference” (X AR SIN) HIEE, EEEER
RS A — P EEMEEIIES . ZEEELSHE T ER LCRSTRH, WE T AR
FRAAAE - A, ZEIERERE T 2N ANREPESHFES, IEESHE TEERE
S PIARFE T E, FlaXAR SR UARE . MERGE . ACRETTRECEIEEH 1B
BREREMLES, HYESHEEENE T RENE R LS ZHRPBE R . RFRMA
HHEITREC-DL19FITREC-DL20M MR 5, B4 5% N T2019FE F120204FE TREC A& 4 HY il
W XM EBIEEEMR L FEEE — £, FTERNETREC-DL19RE T43 &1,
MTREC-DL20N#AE T 54 81 - FEFENZ, WIOEIREROFES0N MK, BBk
AR B FHERAEL00F200F 2 [H] -

TREC-COVIDEIR & & H X ARRSE BRI LRSI (TREC) HABKAMET—
PNEEHIETEIE, TETIRFS5COVID-19 G MREBRENSIRIZIEMR - 1%
HIREILERBZIRIE (BRI - FrEiRE - TIEARSE) FSUREEE, s T2
FIEE, MWREAS REREERE - IWRER « WWIT A, TEA I TABURS A4
FINZ - TREC-COVIDEUIRERZE T 50 &1 » B EINACENE 5COVID-19F K 1 E 20
FOCE ~ T ERGE DGR CE - BbAh, B SR SRR PRI 2 N 3005

4.1 P IERR

AR FHInDCGQKAE MM TSR - nDCGAKET & T REUAEH BIK 45 R 1 R SURIAE R
PLLRHER IR, RO T — LRSI, HE T UM SRR HE R« HARKAUER

o =ZlEPEEES RS E, %15%\:—2@%\6ﬁ. KIE, HE, 20245E7H25HE28H o
Bl BB
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HEARTK MORER . HrEAX WA 2 Fior:

DCGQK

He nDCGaQK Mt & W <M & DCG FIDCG . DCGHi& | FEHEA
AIKMNEER P B R ES RG MR TEL . DCG MITE A REXNE NSV E
ERISCRY, RFHEAERMERR DI B ROHES . R R TR SO P ST ERAE 15 2IDCG B - IDCGEE
TRAEFHAEBN T, HEZRIKD CRA R KATREDCGHE, RIMEEATE Mk R EE K MU E &
FIDCGIE -

4.2 XA

AP e 1 S5 98 43 5 5k FPyTerrierfE 28 (Macdonald et al., 2021)3#F 17 55 it 5 %
iE o PyTerriers& —Fi# TPythontd 5 FF & FIE B RIEZE, T LFH & & LS BB ER
N BB 4G B RO HRAE - PyTerriertEZEANUARA T Terrier BIER EHEAIZCR , [FIAT
I T B m R B B S RIS -

FAT1E FHOpen AT APTEE 1 SZ IR Nt gpt-3.5-turbol& L (18 FH | i FH 1% 185 0 wof 2 1) o 47 24
5 . HTRankGPT/E — 1T ChatGPTHIRG REAL KT AT [FIFE 8 12 8 F gpt-3.5-turbof#
FIRankGPTHTY . H Fgpt-3.5-turboflEESHL B INE 3 FiR-

“Max_tokens"Z 50 E X TR A S B HE MR KK E LM, HATHFLSEHEE
J“Infinite” DL A PR B 70 By B0 SE B8 MR, B AR R N B HY B oK A R BT T AR BT A IS
. “Temperature” 25N 71 57 17 i tH 45 R OB e, HEUEZE 0 8] 1 206 - FEHSEE
b, BUER) “Temperature” {8 & H 1SR A2 sl /Y B2 B & iR E ME A aT pam e, B L ik 2L
FER R EROR AR R EE SR WRERE S B SRR E R, T E ) “Temperature” (BN
ISR AR R BB R N 2 T4k, (BRI m] BE 3G N4 R 0w S P el £ R KRG - BT Eik%
&, WAEEER “Temperature” 1% 4 0.5, LLPHH € R QT -

ColBERTAIMonoTH5#E H J& T IR A, A DL F 28| A #f# H - ColBERTFIMonoT5
TR S 30K /N5 B R 110MAI220M - 8 S 301 )1% € W B A REE & BRI, & Y 1
B 2 ] DUBR AT VTR B 5 30K - AT ColBERT FIMonoT5FBatchSize A /N 93 Fll 1% &
32 H 4 -

AR RankGPT « ColBERTFIMonoT5 M W EERETY | H-R 5 ER MU S A SCRY S S AL
L5 A 5 BTN A EA T R R B AR 4
5 LT
5.1 EEMREST

# 4 7R T#ETREC-DL19~ TREC-DL20LL X TREC-COVID#( I |, NEIKRRIETIE
KBNS FSCE R S VLE SRR ERERI . HA, F7E “w/o rewrite” FIEURTTE
N T RFATERE FASK SO E Bl A HLHIE AR R MRS, A “w/ rewrite” FIETETT B
T SR AERNE AR SRS SR VLRI R R IERE: #58 “w/ fusion” FEFRITER T
KA EENRE SRS BE PG IR R ERE; 1AM, nQkFE/RnDCGQKIFENTEIR. N T H
Wb S IASCER A A EERT R R ERER M, & 4 (92 T RIRENSER . 2T AFRKER
EIR LA SR SO AR Bl A B T I B RIE BE RO AE 5.2 T 5.3 " BARS T -

Important Parameters Parameter Value

OpenAl API gpt-3.5-turbo
Max_tokens Infinite
Temperature 0.5

Table 3: gpt-3.5-turbofi M A E ES N B

MR 4 RESEREERSA, Toie il AU ARSI R T H IUENEEE, 5SEINNE
AR A S HLHI A & PR AR iR, AR MERES 0T 1 DL A B AR 2

o =ZlEPEEES RS E, %15%\:—2@%\6ﬁ. KIE, HE, 20245E7H25HE28H o
Bl BB
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TREC-DL19 TREC-DL20 TREC-COVID
n@l n@5 n@10 nQl n@5 n@10 nQl n@Q5 n@10
BM25 50.77 49.02 47.95 56.48 49.65 49.36 75.00 67.51 62.32

ColBERT

w/o rewrite 74.41 71.54 68.78 76.23 70.78 65.91 73.00 69.41 66.62
w/ rewrite  74.81 70.05 66.17 73.77 68.76 65.46 71.00 73.82 71.99
w/ fusion 79.85 74.01 71.50 79.32 72.87 69.08 76.00 75.22 72.62
MonoT5

w/o rewrite  77.13  73.02 69.89 78.39 70.13 67.39 78.00 74.57 72.16
w/ rewrite 75.97 72.64 69.44 75.31 68.95 65.58 75.00 78.13 75.95
w/ fusion 79.06 76.19 T71.68 80.86 72.84 68.34 81.00 79.93 78.00
RankGPT

w/o rewrite 82.17 71.15 65.80 79.32 66.76 62.91 - - 76.67
w/ rewrite 79.07 70.66 67.49 78.70 68.64 63.74 - - 77.19

Table 4: EIHEE X ANEIRRBET FIPERER I (nQkF RnDCGQKIFANFEIR)

7E I8 A AR 28 (DL19FIDL20) £, WATA M LR REN HRABBNE A~ %A
CRYTE A A HLEIES . ColBERTAIMonoTHIE A AR RIEREH B T N, {HRankGPTIKA!
BILH T EIF AR RN . BRATMARFER R ZE0 7 A B XX — IR 34T T 4987 (1)
ColBERTZ % TBERTHIHEF /71, EEXFEWSICAEMICE .. XEREMNERNETEH
9%, (EATRET RIE AU EIME R, THEEIEMICE, FERRMERE TIE . (2) MonoT52&
FTF “Seq2Seq” FUTHIEAY TN 1A) 5 SR ICELE - M 205 5 ISR SR ER, fHitxE
AR M, N SBHERMERERES - (3) RankGPTf# HChatGPTH R IR A - T XFIE
B, HRRS 2. S5aRAEENE, RankGPTH BEWS & N A fZ HChat GPTER
5HER . XRFENNEEHEREFEEEE L P UEEMES M, X5 RankGPTHET
FE I M PR A 08 B AR R R AT A R SCRS ICRE « 27 B FTA,  6FF B AR T 2 v Fl SRS 2 T8
FERUCE AT (W ColBERTHIMonoT5) , ChatGPTHIIN G Al RESFEIR BRI R MERE - 1H
ST REMW FRARANE N B ARE = iR (WRankGPT) | MEAIAEMERENIHIRREES, K
N EH R T EEERNBRAE XEE - b, X—LREe R T 3OS 2 @l & L) 1 mT
FTHEFIZ AL -

FHE T B AR S FER AT EEE (TREC-COVID) L, TATAXI Y RRESR
HR B E AR SRS B A HLEIFT, ColBERT -~ MonoT5F1RankGP TR fik& R e
VA BERS - SN TERAUR GRS, TAT N — B S R B R R £ 18 UE
B o HIt, HChatGPTX EIHITIUER, EATRGESE TR UM R IIE LE B#HIT
NE, B TRRERFMERE N . MTREC-COVID R &FH d k=M 8, XFhE—f%
WAL FERE S, 13 ChatGPTEFTEINIUE R, 7 DL NEFRH TR R 0iE LE R,
BT R NE LR Z MM RIS IRX - Fit, FATHEN T E7A B = e B f 5
£, ChatGPTEBENMNE HHEEFFHIRM, MEE ] GER AR ESIIERE -

5.2 ARHEEREIN T

K5 W, ‘Lew = FIILF T HBEWNHNERKE, ke BRI EWKEZFERBKE
1 k f%; nQkFRFnDCGAkIFMNFEDR - RIER 5 LB EIRGM, HRRERIRH AR
GRS S VLHIR, AFERERREN R RS R £ T BE IR . NE 5 7]
VR, i TR EIT KBTI E R RIEEA B K R ER TR - SCREEE R,
—MEOL T, EIKEARIFEIAKER 5 58 7 Eh, RREROEREEEIH R AR -

X — SR E] DUE LS B E Bk R W T RERENENR, HEEREETIE
MERMEZ . AL EFRE, HiESUE MR Z 15 LR, SERRERE
COERRIESR A A R R A, Rt 7RSO BOR IR NS - 5, dE TR E IR A RE
BERENIERBUEGEE, XANSHEINEBLHEATTESAR, ] fESEOHE L EKL .
Boh, EREEREES SR OIE UE BN BRI L, X EERRERELIA

B =R EEE S RSB UE, %%1513—2@%6% KIE, E, 20244E7H25H%E28H o
1l FERX
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TREC-DL19 TREC-DL20 TREC-COVID
Len n@l n@5 n@10 n@l n@5 n@10 n@l n@5 n@10
BM25 - 50.77 49.02 47.95 56.48 49.65 49.36 75.00 67.51 62.32
ColBERT
w/o rewrite - 74.41 71.54 68.78 76.23 70.78 65.91 73.00 69.41 66.62

1x 7519 71.58 69.43 77.78 71.11 67.68 77.00 7248 71.56
3x  79.06 72.41 70.40 79.32 72.91 68.39 74.00 75.13 71.04
w/ fusion 5x 79.85 73.74 70.63 79.32 72.87 69.08 78.00 75.06 71.28
7x 79.85 74.01 71.50 76.23 70.32 67.25 76.00 75.22 72.62
9x 7441 72.40 70.42 79.01 71.66 69.06 73.00 70.91 68.60

MonoT5

w/o rewrite - 77.13 73.02 69.89 78.39 70.13 67.39 78.00 74.57 72.16
1x 77.51 73.27 70.67 82.09 71.37 68.63 79.00 78.20 77.41
3x 7829 74.32 71.36 80.86 72.84 68.34 76.00 78.80 76.97

w/ fusion 5x 78.29 75.67 71.90 78.09 69.83 67.27 81.00 79.93 78.00
7x 79.06 76.19 71.68 76.23 69.46 66.16 77.00 75.55 73.10
9x 75.96 72.21 69.45 73.14 68.33 65.48 71.00 69.31 66.37

Table 5: ANFEHCERIERNRREGEAIAT (nQkF"nDCGAkIFATEIT)

BISURRIE A, NIRRT RTINSO IE 0 ERMERIYE . 58 EPmR, T LRRRIE
HRIERE, fEMERRKERZEREEN . ENERHTHRE MM, KREETIRE— P
A, BREEBEAKRELENELER, UMEEEZNTRES -

5.3  A[FIHEERIXT T

BRI B S ST A7 5 IR UG 2 1R RSB B R A B SURS AR 1 - SRIE T A—1 L
HARCRES, ZRBS IR T4 TR0 B E SR E &S N E, BHA XSRS &R E s
BEEREL, R NERAHL T HRFEEENME . BT OERER, JATS R
IR E W SCREE S FHT SR UG AR E, MRE®EZE A OE, AKX 1T
71N o

Bl 3 Bor T T O G B A I, AR 7 EC R IERERIM - 24 X\ {E2h 0 I,
FORFE RSO AR RS 4 N AR 1, RREFEHERFSUAERERS - B 3(a) M
& 3(c) 73 R T ColBERTHRZUAEDL19AE S ANDL20 K 5 47 SUR 15 0 Bl & Ja AR R I
e, TEXH 8 USRS B, LR ERRNE SR 0.7 2460, KMREPHEREILE
e B 3(b) FIE 3(d) 4 AR T Mono TSR FEDL1 9% S8 FID L2045 b 3t 17 30 f5
SREVEERIRRIERE, RS RGERONE SR 0.7 ZAN, RERFERAR RS -
K 3(e) FE 3(f) 43 BIER T ColBERTHEF FIMono TSHEAAE Covid-195E 5 47 SR 1543 il
BIEMRREER, EXTEEIREIEE L, YREERMNE SIS 04 £AF, BAR
RIETEREA B & -

SRS ENLEI SSRGS SRR, R EERET, B S FEE—EMEZN
fE; MAELTESUE (FLnERGE) WEIESRT, B2 N RME —EMZEe) - %k
Fk, BSE N TEAER S A EEE & PR — R RZ ALRE ST - BRI ZE A 24N R AT U0
EPFEZEAFNE, (HE7EHERSUEEIER T LI BT X E- B, B 3 FRsE
KoLk AR R T A TR E £ BLORRS 2 AR, RISE5IA] T45 715 4315 o A 2 1) B v AR

6 45iE

ATCHRH T —FhE T ChatGPTE RN G SRR 7T - HN KB S RAL A Rl A 2 AN AT
I, BT T — MO SR E ILE, X —HLHIAE SR T CROE R RENS B R R R AR T
FOPERE o B3 ORI X TR AIMEREAI RN, A SRR T A — M REME IR K EX E,
% X (B A ) SO RERS T R B (R AOR R MEBE o BbAh, 7E 1l F A A EE A — Rk A3

B =P E Rk, %15?—2@%\6ﬁ. K, hHE, 2024F7H25HZ28H.
l: £
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Abstract

The Chinese language’s ‘character, word, sentence’ structure makes character and word-
related information essential resources. In the era of Large Language Models (LLMs),
exploring and evaluating these resources is crucial for enhancing the language capa-
bilities of models. Retrieval Augmented Generation (RAG) is an effective means of
integrating resources with models, currently focusing on languages not learned by the
model, leaving untapped potential in learned languages. In this study, with a linguis-
tic perspective, we construct a resource with improved contextual coverage and utilize
RAG to combine knowledge with various tasks and models. Experimental results show
accuracy improvements across all tested models and tasks with 4.78% on average.
SEHAEE
E&UH: EXRARESTHE (62036001) - EFRHEESTH (18ZDA295)
©2024 FEVTHEIETEAE
R#E (Creative Commons Attribution 4.0 International License) ¥FA] iR
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Specifically, it has achieved increases of 6.91%, 4.24% and 3.19% in morpheme sense
disambiguation, word sense disambiguation, and metaphor recognition. The results
show the potential of these resources for enhancing language understanding capabili-
ties. These resource constructions, method explorations, and application evaluations
offer new insights for integrating linguistic knowledge bases with LLMs.

Keywords: Chinese Character and Word , Resource Construction , Retrieval
Augmented Generation , Application and Evaluation
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PE—BIRIGHE T ] F)28,7245% « B, AR 5] 71526,8505% - NERLREFTEM:, FA1n
AINF 5 1R 5 A BEN LA, 00055 24T N L3I, Seit 5 P45 SR AR 3FTR

FATRE AT A E R TIR (DOFME&TE 8 5FICLS) FREIE & I £ H 515 51187,6425%
IR A, 5ARCHIE T B A) G R R FEIT14,4925% 280 F), SOt E R RETR . B
B, BEER(%) RS AR LI . NGTITEEIRAT VB, 8T 5 0] A) B R E AN
mRAE T RERS, BEEEARR0% L., R HIX—H 1) B ERCR -

3http://paper.people.com.cn/

‘https://zaojv.com/
*https://www.gushici.com/
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| A | RHE%) | THRAKE | FaR | UK

BE 33,022 96.00 39.90 7,182 | 10,701
o 493,828 99.00 47.84 | 46,158 | 53,752
28 | 526,850 | 97.50 | 4734 | 53,340 | 64,453

Table 3: ] FAI50T 4585 N TIFN

| 7 | i
RE " 2 P % " FE P %
PR e g TEECD | TR g e BEFEOD
BT | 118,625 5.69 3.66 61.49 | 69,017 1.06 7.31 45.90
WG | 151,647 7.27 23.43 83.54 | 562,845 8.61 43.70 89.43

Table 4: A1 B JE SoiT Tabmxt LT

4 ETPOEFHABIRR R A KT

EEEITERE AN, ASCNARRERER, HREFIHRIRERE SR DOE R E
MEREN LOORUE, WMERFrR, B&&ETRBENARRRSETIFERAREEFH A RE. &
B, BT3B 71 B IR VRSN BT - 1% 5 R B0 R A5 B B & TR B SR B 3] 3C
ACheyword, UEHATHEMUE XA i, ZEBIRBEFHRBRMAGE (R THEE
PSR IRERMIFEC) -

-

BARER

W / —BR R —REH

ETRBANMDIARE ETIHENAIREF

Figure 3: Z&TVE Fin FR RO B A HE 58 77 1%

4.1 PR ETRBIENARRR
ETREFAMAIRRRATET BIRUR, WFRBRRFHRIATRERM R AR - SRR
K H AR B A SO S 5RFETERCES, AR ERRSIA, X—mEaE LI N
S, WHTIRBGRA ) SR Creywora T THBCRBIAR G K = {k1, ko, ..., by}, RESUR
R R FIRTRFT RN - X—REBEERCLEREEMSIN, BEMIEARRE,
B0, FHXBIALRRFIRRR, BREEMREED; = {di1,dia,....,di}, A
ESRUGER, UAGIEFBEUER . RoER T F B A <BUE” (EN RN, 5 AR EE
HIER A E0R R B -

4.2 WEZ. ETEERNREER
E T RAIREET A R E T EA REERIR, %53 HEENBR R R RS« &0
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_OBUEE SER R LR R, SRED
FAEREIR — N = ; =
FIARERR S A B0 7 BUE” AR B SR, SRED
BYIEE SERE R TR TS B T AR
LS SEGEY ZE “180T4E , Ph A\ E BUE I A AR . 7 1

PIRTIRER g st fi

Table 5: M1 B8 AP AR IR 8718 HE R AR R 51

PUEAR B A 24t S AR ESHRR - RALEIR AT E B0s WXER AR, R EEEE
SHRES - B, WEFRTRIE RN, REEFRSEAGRIMERNE, DUEIRR B SR
AR . ETULEE, X—RED LT HAEEG

F—B BT AT ACKRBIA N PTE AT, TGRS T REAR R R SURC 4 B
KM Notager T - 5 BENMEEAIRPREE L ZSMEE & FI6), HEM B S EERIESUEEHES A
STEE, ARTRAA)EEZ F R EE R —Br BT 08 0T Rk, 15 5 %%
FiRd; ;. E5Coim FIRFLHRUETE T 0

- ]Emb(d,7])| X |Emb(Csm)]

HAp EmbRIRBORR AR A& o 2 F8 B A S 77 2R 2 8] AR I T 4R 28 06 %
B, NTHETESE, BTE R EBOAF»Ean T

€[-1,1] (1)

cos_similarity = cos(Emb(d; ;), Emb(Csim,))

5COT€stagel = 1 + cos_similarity € [0, 2] (2)

FEMCEERL E 5 T BT 6 N B — B BB B R R AR R 0 R B
S Norages ™ - ELERFUE, Bl 175 IR B AR A B AR R N O S0, 38 4 P ELAN &, 48
BT T T BB R VR OB, TR 5 AN B AR A R . A SO T
A MorphEval(Yin ct al., 2024)F ESEAEAE R o % TIEFE DUEMEA I FIBERL . MR T 5T
WEER AR E AT EOR S, TR E S ERA ) . TR,
ITT3REUE ZEMorphEval$ 2R BT S ERT, ;. DA TR BT 55 R OB, -
PR, Fefi 1ot B B o, 11 s

B,

aij=eTii €[0,e] (3)

FELLEA 2 &, Bl T B —Fr B HE T 0 508 -

SCOT€stage2 = O X SCOT€gtqge1 € [0, 2€] (4)

&, BATRIHAARUES S5 AR R B RIAM & B3R R AR, FFRIE]H) Noageo 5 F1IR
BRI R T, (ERNSRMESIBMAGER -
5 R HIS A
5.1 TE 5 HER MRV AL R S5 A

F TR UEPGE R SR KB F R DGR A, BNEFE T 205180
VERF PR AR R HAE SR BT A ~ 1A [A] B IRIE B A S AT VA

— PUBEE WJHBi1E% (Morpheme Sense Disambiguation, MSD) (Wang et al.,
2024) EFETHIN B ARG RIEFFE L PP RS L. ZESHIHENREE HHIERS/MEIEER

(FEAN B ILMSRB) - SLETAIFE S TAEE TBERTHEY (Wang et al., 2024), FATEEAR KX

— RGN B BFESEA RN, HEEEE SR AL S P BEIER -
HEERN LN ICRIEEER X, ZRERERE LT XPIERE TH— M EE Lo

—~ POEW HEAESS (Word Sense Disambiguation, WSD) (Navigli, 2009) 5 7E T
B ARRERE TSR E X, BRI ORIAR BRES AR Z— - ZESHIEBER S
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BRATMSLAGAR B HE R Z A, B aE ZF KB 50 o WETRHE R TAERIEN R 7% &
TRIR A7 R A B B9 R MR AR SRR HEWT £ R ST 193] 3 (Galley and McKeown, 2003;
Agirre et al., 2014), ET U8B %3] EMIF A CIARE FEE R I125 5 55 85 (Huang et
al., 2019; Scarlini et al., 2020; Zheng et al., 2021b) . SRTIXLE T 1K H IEEBERT S B 4w G
B, 28T BRI PR S N, THEHEENGPT-3.5M KRB AN FUE TR . AR
E—E%Wkﬂﬁﬁﬁﬁﬁﬂ%ﬁﬁ$,#%ﬁZWWQ%&ﬁ,%ﬁ%ﬁﬂW@ﬁ%@%ﬁ
FE -

= POERERHRAES (Metaphor Detection, MD) & 7E HIWr 518 51 SCA H =2 T XA
JEFE AT ARMIE SIS RS GEHENBIMRB) - BMAESFE U ERMES
WG, HBEAET A HHEZFR A (Richards, 1936), FMH KIESHAEREE . HETAIHEE
TAERIRERZEFBERTR B 4aiSHEAL (Su et al., 2020; Choi et al., 2021; Li et al., 2023), X H
B R ) 5o R D>, HA . Wachowiak®5(2023) E5531E 5 FUHEZF 1B F|HRIC  (Reasoning in
Conversation) &= GPT-3MFEMIVRITIMIGE 71, Tong® (2024) LS HH NN E R, XK
T PV Z A R T ORI - B RBIAR S EFER T FIEE B FRIREA, A TR
MRAMESTE AL, BIAIE B P r BAMARE S E SRS - Fi1Z%H AJT % (Comsa
et al., 2022; Zhou et al., 2023; Tong et al., 2024), FHEAIFGE TR « AW 5 E 2 3 = Fh
EFHIE -

5.2 SREIERILHES

R UM BAE %5 R S T BT AE T B 3 0 LM R A BCR B, A
FIWang % (2024)H 2 th B9 770K, W DUBME &S eh B 26 5 L R X5 H, REH
B ERMES . SRR 230145, TR LT R BRI AT LS i YA 8
BORURIE -

LTRSS % BB A E S T H LT E S5 — B A SCR AIFICLS AR
5(Zheng et al., 20210) TR . BT L ARG N\ TIFIVEREHIR, RAURAIHF 5
ESUATR LT FE08 1305 . SURSEH28.TT0% BRI S MR R LU 3574
S AR -

A RRE S o, ASOR I 5 (2010) 8 th 3R ST SUBUB SRR VP - iX— %00
LG T (0 3,524 FH U, 0 STRRAEIRFTRNASONS X430 AR
H, S I S SUBBUE S AOE R - R U SRR T — 500

=S AR RS E BANROFTR - H RIS BRERE L, BB -

£%5 HiRE BOESHE FEE O NIH ETIXE FHETXEKE
e 18] A7 1 13,276 5,519 13,276 12,356 2.15
R AINTH B 10,638 2,706 10,638 10,591 42.01
AT 7,685 2,133 6,515 6,506 34.10
7 S ZFA 19,316 8,683 19,316 19,239 27.45
%7 1,769 828 1,746 1,763 23.25
L 3,313 3,705 - 5,922 8.57
SV HIriE = 5988 3,730 - 5,975 8.46
EHETEA 5,088 3,730 - 5,975 8.46

Table 6: SLEEIESI1THE B

53 LR HTEERE

LB E, EETREFEMIAERS, HI1RE Creywora5 Coim N LTI, I
¥ Fpkuseg#r 145 (Luo et al., 2019)KF Creywora V193 HF10 « FEEET MG FRHF F, X T
P B REE, AMRIERRIESKEEEATNGKEEEZ N, AT E N =
3, Nstage2 = 3, HITE—MEHIFE, B0 RBIAREREFMEER; EZMEHFE, &
R E S R I3FMARRIE X TAMEARE (Emb) , FATRE T HRREEAE
FIEA % IT FIbge-base-zh-v1.5(Chen et al., 2023) -
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R A, FA19 3% FEGPT-3.55ChatGLM2-6B(Du et al., 2022; Zeng et al.,
2022) - HHA1, GPT-3.5:& % T Transformer(Vaswani et al., 2023)J B &EHEE, HELZMIESTS
ESTHBG T RIFRUR, BRNTZEHANAREEZESERUZ —, KIETAPLETT
o ChatGLM2#RA! 2 E: T GLMZEM B AFERGERA!, ETIZRBOtin A T RE/R SR
%, HHREETE P XAEAES T RES IS B2 RIRCR, ol @ ARSI AT R A -

R BT H, NRREE R AFER AT SN, FrE RS RE AR R SE . B
H, BATEERE RO, FERES ftop-kh0, top-ph1, MUREEIL M RER . XTI
FERAILEC RS EHIChat GLM2, AR AT REM AR HLS 8 DI X e 24

R E T H, FERINEGE SR RIS, T MES T, ’ITHE
SRR ESFE PR RIER, HIESGPT-3.585MNETRRIE T AR - KEARM
Fre nia o g B E /ML EEIR IR T FON AR BOS T iR AL S RE R, 1EN
JREERERE RN, DU IR B KRR EEUA B AL R BE ST BRI RIS R B L LI <A 2

AT E VAR, N TIER LS SUGEEES, T R R BOS T 45 57 £ AR
TMtEE, AT AR RGRAIET TLIE . ST EERERL{HINF IR LE{IRER
SO E B HE{ BAR BT 30 AP SGR (PR3 S R R EE R, B TR MBS -

5.4 EEHEFHEBAES NGRS S
5.4.1 ELKER

BT TIEAE = DG S LR R RIRTIUR - BT AHI0 B2 ROE 77
BHRAERTE S BB R RIS AE AT ORI RCR, BT DR | B R TE A S FIIRE BOPERENE
NS REME . N TRBIREEE, ACRH T AESEENEE; mERSTEs, AT
FEMIEIDIR, RAMPAEBESEEERE TR ITHREARNER, AT ESES
BTIRMA TR - (EAS%, RO ARNREERIIMIRD . B, X TREEIRA RS E
AN HREN AL, Ht AR T pkuseg 70 TS IRBUAY_E T 30 B FT BETRNC AOELE -

EE A A SR R iR

kit Avg.
5 G BRI £ wE Al ES
Random 15.35  12.84 18.60  44.24  45.07 25.00 50.00 21.86 29.12
GPT-3.5 58.26  46.62 50.28  62.87  67.27 36.46  56.23  53.46  53.93
+ARX A 67.93  48.89 61.57 66.59 68.40 41.29 56.43 61.39 59.06
ChatGLM2 33.82 32.48 43.67  55.80  59.92 24.66 52.84 47.65 43.86
+ARXHEE 48.15 33.85 47.32 59.05 62.30 26.65 55.01 49.63 47.75

Table 7: FILER | HAH Random L FRHEN FH4

RTHPRB SRR, AT EERELEEEMEES T RT EZRA, F
P)3K4.78% - TEAESSZH, AR TTIES R K 76.91% ~ 4.24%F013.19% I METR R & A, ™
ST X —FEENEES RS RERAERMMERE. EEMET, KX HIEEGPT-
3.55 ChatGLM2_[ 4 Bl #2& FH VE A 25.13% ~ 3.89%, X 3% B JC 16 & T ) B 3C Bl Fh SRR Y
ST IEERRE N E SR R A o EAF . GPT-3.5 B IREERSU R T ChatGLM2, {HAEAR L
FETRRRAENEE, BoRHiX— 7 M W) 55 KA A T .

HTIERANBEF FIR R, BAT = MMES ARG 28, Wt REFTR . 98rs
RER, AEEFAS BVREZIOAMRORZAN, R EA w7 F 5 REEEE B T8
WHEB R, B H AR EIRZ BN ANE - X 7 AR R E Creywora T Csim N £
XX EE HARE R EOAMFO T, HKIH A R B R A AR -

5.4.2 JHEISCIGHEF
R T IUEAR S AR A MR AR R BATRRER - HEP S 1) ) 45 e B 2 Rl 40
17T BRSESS - SRR EE R KSR, HP Ty 5 Hip . iR E = - B EHIT -
BEHE T, HEF I ERERBERZ DR, WA RS LR R 25 S
BT EMNERRFHRGEE LR EEME . Hb, BTG, B HEHE 5 5
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SH v N = ENYARN 73 ,%HA\HHI

ﬁiﬁt{ 7‘5‘& 1!:!%)((%& IEJX(FJIEi IS« CIRY 7JJ
AN AN BRI ZF W Al ES
AT 67.93  48.89 61.57 66.59 68.40 41.29 56.43 61.39
GPT- —HEfF, 67.63  47.02 61.56  66.36  67.55 41.17  56.40 58.15
3.5 —HEF 140 66.82  46.99 56.88 62.11 63.82 40.98 56.31  58.05
~KR&HEF12  53.70 43.74 54.08  61.99  63.75 33.14  56.29  58.00
—¥r 6] 68.02 47.32 61.00 67.45  67.89 41.26  56.43  58.78
AT 48.15 33.85 47.32 59.05 62.30 26.65 55.01 49.63
Chat- —HEfF, 44.05  33.63 47.31 59.04  62.13 26.65 55.00 49.58
GLM2 _HiF g0 42.93  31.90 42.72 54.03 57.77 26.08 52.62  49.43
—KRR&HF1e2 3082 2841 39.85  53.50  57.72 24.81 45.82  49.25
—¥rfilf] 4470  33.14 46.77 59.56  60.83 25.72  47.38  49.38

Table 8: JHESLIG 25 B

1 R FE0.83% ~ 0.57%; 5 BRHE T T FEL.74% ~ 2.59%; F% BR & R R W) 3 — 2 o B A
H3.41% ~ 3.41% ) FF% -

ST R, R BRI T 6 A 5 A BT A0 S 2 VR R 4 I R F%0.46% ~ 1.81%, E[TIE
THME. R, X—WRHEEREESFHAELLE - G0, EFRANIEZ OEEES
W, GPT-3.57ERS R 5 7] J5 VR 2R S/ MESE F- 70.09% -

5.4.3 B 115 B SLIEEE R HIRM

HANERER], #AHR T RATHE Bl AL RBORIEI T EH - T IRTEEER
JER, BATLLChat GLMAERL B, 435 o34 5737 IR 9] 4 B 5 B o AR

FOFRIR T ] ) BEXF SE G A5 SR ROME, < B4 B 95 18] B IR P R ] A1) B 2K
B, “BERZPIEHAEEFIAR OGRS, S5RFEERER 8 WEARK
FEFIABHRATIEIA N IR BIR P AR — SO0 R AT RE AL & 2 45016 - XFFRTE I, BA 1
R R R —5%, BRI BRI A 922,23, B AR EEEE —Ha I A),
B 0TI SR AR A B 031,40, DAL RAE - G5REIR, FEBIAFIRERE,
B = DS LITEIRI 2 NREESS, X FTRERE R BRI F1 A & 7 AU S (5 B RIER
T3 o SR, AERTA S BMERHA A RS ST, BRAFIA) M EEBUS BRI RIRCR,
RHAFMESN ERENFRREAEER X 2R MR THESSIE T, 8 6 f) S B LA
%@ﬁ%%ﬁ:W%Wﬁi%fﬁ%?ﬂ%%$,W@%ﬁﬁﬁﬂTﬁ%y@ﬁ?ﬁﬁ%&i
EHINT -

:F‘ié]‘},/tg 5%%(%) %?X(ﬁﬂi fﬁ[X/ﬁﬁ ﬁ%”ﬁlﬂ%ﬂ
WHR o AR BE 5 B W AN E=
22.23 88.00 48.97 34.11 45.94 58.84 60.77 27.16 52.92 48.51
31.40 88.00 48.31 34.00 46.49 58.59 60.32 26.44 52.72 49.25
39.78 88.00 48.13 33.71 45.37 56.77 59.58 25.02 52.47 49.35
42.21 88.00 48.25 33.68 44.80 56.58 59.52 25.32 51.69 48.91
43.01 88.00 48.03 32.23 44.02 56.32 59.15 24.99 51.40 48.88

Table 9: Il F) 4 BEXT SEHGLE SR AR

FA0FRoR T 91 6B i R SR A5 RN « AR AR 3 R I BHR AT IR AR . SR
&, WTRTE I, BATRE LA RFEN—5%016); 805, FATREYLIERES 7> S
A), Mg F R ERGLEE SR AR TR 5RER, EERAERRN TR, &KE
FEZMES LRIFERE MEES - XATaEd i T RF A E R R 2 SEEMERREE, &
MNTETIERA T 1 G038 T R B E -

EFIRFERZAN, BATLITRE T X FIRRT S HRBENLE T (RF) - 1. ERIR
RE L, WINARGERE, W MEEAETEES LRTEIRE TR . XA R E VB AR E
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SH SR Y V=T ol s 1S ] B
EF‘iéj'iﬁE §§$(%) h%X{ﬁﬂi ﬁX{ﬁﬁ ISL‘:\D@J.T/O'JIJ
WHR o AR B 5 &5 wE AN EHE
22.23 88.00 48.97 34.11 45.94 58.84 60.77 27.16 52.92 48.51
22.17 70.40 48.68 33.34 45.10 58.10 60.03 26.71 52.45 48.43
22.21 52.80 48.51 33.08 44.22 57.38 60.37 26.56 51.90 48.48
22.14 35.20 48.47 32.52 43.73 56.77 60.03 26.08 51.54 48.20
22.13 17.60 48.28 32.03 43.68 56.52 60.15 26.02 51.52 48.18

Table 10: {7 f) 8 55 FXF SLIR 45 R AR

AR E THEMERER, BRGREIRER RE SR S BB . XV RKELZIES
FHIARNEARRM TS5, 2. ERARBE L, BEEAENpager = INRCRELE, (T S BR H—Ffr
BHERPERRINE ;s T Ntageo BN 2 BE R B PUNERR, JoR 518 SR R A 2t
PARASC IR 7T -

6 Z5iE

KYNESHXAERL, WRDOETF I GRS KGR AE S ERBERE ST - &
TZ R TAE, TR W48 15BN A R B T 6 498,126 51 ] AU DGE 18 BER
SERATERFONBEXRSEER . FHEM L, FRX-FTRSKESEBENES, 12
H T —ERE RIEE N AN FMES SR R RIS AE ATV - WAGSEIRREE, %7 IETERTE S5
BRI GRS R T BEMVERRIEA, FHR4.78% .. Hi, FEEESHE - 7\ UEES
FEmg R BIAESS 9 B TF 76.91% ~ 4.24%53.19%, fEFGPT-3.55ChatGLM2tEAY | 43 BIl #
T5.22%H14.33%, X o~ 1R R IR BRI 8 S vERRFRE AE 1 L AOINME - B VERSEEE,
TP RE TiX—WIRS FERERE, FHEMTERFIRERAERFCEE - AR
HEEN LIRS R, MBS ¥ HIRE NESEANES SRS RES i

RS TAEFR, AT BRFATREN TS EE, #—PRAFOEEER - s
HIHAKRE - WA, DR RZTIRS TIEEE L MFES SR PN, DEEFHRS T
AN GRS A 2 LS -
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Fo R, YAiENIERERR TEEERERRIES L2 S —infE, JTTHEHIFHE
BESRIES (CQL) KR ERERR T EMANFRER . 2606 R R 9186 B BE R
E TEH#ATHSGERVERRE, 218 %M s BdE A B R . N X ek, &
IR T R RE A ICQL T2 REICAMELS: —FCHFFCQL BAIRER, A
HWALZHRLE A, ZRFEHER AR RFERERERG E . 20t Mo, 1%
SIERIH T AR REE, HAEMERE BB T BlackLabMIEREE, MBS ¥ ITIE
FRMTHEMSH - HEMKRERIE

KR EREEEES  BRERE RS

Efficient Implementation of a CQL-oriented
Corpus Retrieval Engine

Tingchao Liu!, Luming Lu'?, Liner Yang!?*, Yu Wang!
1School of Information Science, Beijing Language and Culture University
2National Language Resources Monitoring and Research Center
Print Media Language Branch, Beijing Language and Culture University
liutingchao@hotmail.com

Abstract

Corpus retrieval tools play an important role in the field of linguistic research and
are crucial for efficient access to information. However, the current domestic corpus
retrieval tools lack a unified standard in terms of retrieval language, especially the
relative scarcity of Chinese corpus retrieval tools that support Corpus Query Language
(CQL). When using corpus tools with different granularity cuts for Chinese corpus
retrieval, the noise problem or data recall difficulty problem is encountered. To cope
with these challenges, we have developed CAMELS (CQL Analyzer with Multi-lEvel
Lexical System). CAMELS supports CQL statement retrieval, is compatible with
multi-granularity segmentation, and supports retrieval of words that are not in the
vocabulary. After testing with multiple tokenizers, the engine demonstrates excellent
recall and outperforms BlackLab’s retrieval speed in performance, providing linguists
with a more easy-to-use and precise retrieval tool.

Keywords: corpus query language , corpus retrieval , inverted index
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1 58

BEEE S FIIRA R AE R BRI AR, HREMENIES SRR, HEE N
Hi o BRERRS BN NX—E R TIRFRRERR O TR, ST&ER Efiz
B SEIE B A REIEH (R et al., 2014) - JEILTERERRT |2, §5E AT IRE G R
RERELESERASEG, IWMAHES RS R0 IR ST ' TIRA DT - 1
Gh, TERHER W RGULRE I BNIE S 2% (Boulton, 2017), A AERMLESIME S ¥R
i Bh HSE A s PR AR AN ARG S AR o TEBIIEATIE, BIEE T LU S U ROE TR RLE, SHEE
FIOBIRET S5, 1R S EEAVERIE RS (Hu et al., 2019; Wieting and Gimpel, 2017) « Ti{E
BHIRTE S A, KA IR ERE AR RGNZVIGRE S A« R GER A2
it(ZFHand JEEE, 2016), H AT LIHEFHZFINLP R I#4E55 B850 (Chong et al., 2023; Kong
et al., 2022) - SRT, = HIENIERNERR S EASORMN H B E 5 FEE 2Pk -

— T, FEANERETEZAFERRES AGEEANRE - F ) — LA g
BHERR A, HRRFTEEESAHER, WA R HCCLEUPGEE R E (Center for
Chinese Linguistics Peking University, CCL) (B IL%Ret al., 2019) ~ JL3IEF R¥MIBCCHEE
J# (Beijing Language and Culture University Corpus Center, BCC) (& %et al., 2016) -
FIEE BRSNS MEERE (Dynamic Circulation Corpus, DCC) (4 F et al., 2022), 1
EHE FERERRBEMZENRRDGE, BESXEEANRRESEREE . EREREA
JiT ., CCLEVEMFR AT HBRIERT « BRI WA R0 W . FRISMA, & X
T3 MIRFT S, BEMSSEIMEN B R R R IAN - BCCREWESMRIAR, H—RHXF
FIERIHRZ X EWRRR, HEWNG - IRESFEMIIEEREAERS, H O B R AR
e RF R AR ERRIAN, FFEH=oHRK, BZHEET SRR — R
KB (A B, 2023) . DCC fERRE T LR TR, B3R Ei ® Rz
R, HPEERRESRE 7TETIBREGHIES (Corpus Query Language, CQL) KT B
YENKERTE S (Valenzuela-Escarcega et al., 2020) - RER RIS 4 IE T E
BHERR TEBARNIIRE, ERINGSE T ERERRE S AEEL R - X EWRER 7R
FERAAFERERER, FEYAHFERE BN REZEMAN . 5k, FZENINE
BEEEERA I T X CQL MISCFF (KK fFand Z UKk, 2023), #ila1CQPweb(Hardie, 2012) ~ Sketch
Engine(Kilgarriff et al., 2008) ~ BlackLab (de Does et al., 2017) & o iX& F A CQLIEEMMI &
B MR R AT B, IR A& A3 A TR [word=%>)"1, BR
F & <2 3] Bt ) NEiA AT RIR RN [word=%>] & pos=‘VV’].

H—ITE, R SR EEHIAT 518 & S BORN FHEREE 5 | 2 A7 50 e 54
A EAERE - B0, FECCL WERMER, 48 KHR o 1 1) T IR 47 40 1] 70 38 14 AR T R 48 3T
AR (FKIK fand FRUKAK, 2023), FTIEEZEHFEERR . COL FritiE =AW EEr] LLH T
FREFTERPFEIAER, RMXMr & SERRERTHEAERE - §ln, FHCCLEIRIE
A)4F(X)ANX) AT EREE R, 51 SIREN B ZHAE T2 RMER, XEME
BT AR AE R TR S EE T I A S R (R, BDTC A CRUE A 3 A\ ORI & B DT A 2 — 4
SERRIAE, EWGTIRP A E ORI EE o PribZ b, FEOEH 1R AL B O TE R S
BRVER, BT A SGRE YIRS BAAE—ERECSUE, SHPRMARKRRES o
AT R P EIEE AN — U, R ARG TR B M EHERSIE R, WM ARG ER
G5, BRA MR A . B, XTI E AR BN, EAEStanford CoreNLP
(Manning et al., 2014) T S Y5 B FASF “Fe b <Fo7 <wp <" %4515, MfEJieba! TE
FRA A <A S b « FLIRUR ) PR 3738 - THULAC? ) 2 884 <1 4 b 730 R ) 4 —
A - I LI RIS AR, 7 L ik = A 7 S T ) e T L
", I AZIREEMEER -

FIRHER SIS A I R, Bl T & T — o iE R R R 5 E—I% 9. RS
FICQL fEHT28 251 (CQL Analyzer with Multi-1Evel Lexical System, CAMELS)? . %
IR F TR T

(1) ZFFFERBEHACQL BIERER - BT CQLIEERESUS R 2 M, AIOEFECQL 1EH

"https://github.com/fxsjy/jieba
http://thulac.thunlp.org/demo
3https://github.com/paineliu/camels
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RERES, DERARRIESFEAMY . FAIZETANTLR 4 (Parr, 2013) TESH T CQL K%
By, BCQL BB MIBERN, HETRE SN A SR I KRV AR EHR
RN o XHERERR G ERE BN X e R AHITIER A -

(2) BUH T ERGEIHERDI M, TR 1R B R S = AUE - ZECAMELSS | %
B AL R BT B, X BT DL MR RIS BB EEIE T R T HEF R AL RS -
kT RS T E TR BRI AR TR, R T BSMEINFEME S A . [, CAMELS 5%
ETHEAF &R EREEGFREREIRRTIR . EZRTIRTY, FEENAEEE
BEHR R P HOLE - RBIAICEHNEFRTRIE WS RT|F A5 RN TE K G R4S AL
o EAPRRE, 5IEET AR RN R K RAETRIEN FILEEE, 6 FEUE
RO RPER, SCHLT XK R VT SO AP EE AL o 8 % B HER 5 5 X L i AL
Jti, CAMELS 5|ZH %R T H o3 phs B 5 R BB ER R (] -

(3) ET MM B RERE, &I TIEREIRNE - FECAMELSS|ZEH, RAMM BRRE
BS . FESE—M BT, SIERERR PR RICEEFHIR TR LRE N &R EriEE,; &
BB, SN T LA E RGNS _E—F B4 H B R TR IR A — 5 R

FATRCAMELS 5/ 5HECQL HRIERR T EHIT TR, SL38581E T CAMELS 5%
FR) o U PR 2 KL A B R AR - FRNTTB T 2 Fharial g B RLE AT 4318 5 1A PEVR T
ETHMEERE, HFHCAMELS 51 ZHUTERGRES - FAIX LT CAMELS 5| 201
FCQL M IRIERZER RS ¥ BlackLab - L5645 R R BATEEN R IR 6 & T B RHE A1
KRBT, BlackLabTEHROREIEIERL R, MCAMELS 51285858 & MR AT & AR
(BT - MNALE R A UERA T BA TR RGBT mE R -

2 HE

bEEEBERMA TR, HRESR ARG HBE, ERERR TENZRHLEMTE -
WAHNOH — R E 2 S TR TR R « 1ERHE T DL B H 41806 B R 5 R
K. WA FHEERE (WDCC %) FMFRANFMEIEEE (WCCLE) - AR, HTHI
TN F R BRIE RN E 1, B AP SGERE L#ETRERN, S E Rk E
ARER IR o W T ia Hpl AR TE R R, P A TE R B R AIEO TRl EERE 5 RG oA
— M SFEEBWARNGER, S TFRANFEEREE, N DU R 5 38 SRk R ke 2R g
B o X RN TR RANERIERIRE, Wkl T IE B ELE 1 SGEREM T R
—PNH - W, AR SORIE D A FAENE, Bm T OERERRMIERE, BN YRR
FFAR R A B2 n] 0
2.1 BREBRES

EREENESEMAMNEEZ TR, HEWESHAED TAMPEEERE . £UEF
FHERESIEESH, CQL EFEEEMMAL . CQL ZMEREE LIS (Corpus Query
Processor, CQP) K EMAEM—ZRIIET, =Mt TIEL . FIBMEEEESXENFEERE
DIReE(R BF, 2023), Z# S ERER RSB ERIES - HEERIRTE S (Corpus Query
Lingua Franca, CQLF)ZZ N EPFRFREISO 24631-1 (Banski et al., 2016), 7EEPFREE A5
BN SN » CQLIBRIRBIINFRIFTR -

CQL BEHRERSRTT - REVHE - AREH=TE2EH (Lu et al., 2024):

(1) RERBIC . ERATEI —MAENRR, B RS ERERER 5 - #t
BAEMERRFRN, TATT LU E5 AR BB RER - @ EfR R MBS R
gt =EIEE" N, KRB TTA] LU EIE R R €118 - B0, [vord=%>]"1
FORBMPTE G E 2> XM AREE . R BITTANIRE &4 AT LB EZEFEREDRS
NENBHERGZEERER . Fltl, FEK lword=2£>]" & pos=VV 1EIRE & > ERNTNIAERY
e R F B ED RV ENFRAR, X5 P e 1T 5 R IE AR &) -

ESHEY | B R BT A] IRA R R A A FBELE R Z AT, W R iE S iEEE N
BB K . REINE RGBS QR REE RS @ ER R B IT e RINE
MERA =& 1A A DS R ae A e B e kR 2 A B R A R M E (R RF, 2023)

(2) RILHE - CQL AV Awithin K# 5 LURHHERGRTLE - fEwithin 585 F
IR R R BITIEE , fEHFHELEXML s REW 18 A KJLE R R BTy R E i
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RICHIILEC R SO EIRETE R - XML FRE RN A BUR TIBR A B9E L ZEBRIAB LT, AT LUE
H<s/>FRRRRERRELE— AT - REEIEER IAEEEIHEa][F R .

(3) ARG - EARFMFBES, AP URLZEFHEARRETH T A, R
JE B R R IR BRI < MFHPIA ARG, DTS ERRETTZ RIFZHE R - F
, ECQLIEA): “A:[1[1B:[] :: A.pos = B.pos”H, HHINE—MHE=ZTREREEICE L
TEWRAFIB, BRI T S— BRI Tiss = BT pa i L AU R R A RS54 -

T B B
[word="77] 5 T IR

togse | Word=""E & pos="VV] 5 TR TE BRI

\ [word="#% | [word="""]'] RE 2] B IR R

[word="TME][[{1,5} [word="T H’] | “/ME” 71 “fj 5" [AIF&@5 - PN B Tk
BRI [word="FH¥ "Jwithin <s / > TE R —A] L & R B R
R | Al | B[] - A-word = B.word | BL&TEINE Z A 1T X EF

# 1. CQLEA)RA

T CQLEEHRAAAT: - B - RIGHE LIy AL S TS, (R CQLIEHIE
RRMOETES, DR A, RRORAE, TR EIER LR P B R
REK -

2.2 fEHERT

BHERGME RN —FE RS EERRT B, EIAEREAEME RS Eh L5 X
F(Babenko and Lempitsky, 2014; X245, 2004) - 'E B ZL T A8 210 5 08 WAL SCRY A A H B0
O, R SLIAII R W] BT B SORY AR 5| 5 & (Schiiitze et al., 2008), MTIHE = R FIILHLE -

TEERERT P, EHERGIAM R RN - IERE RS S RIE PR BIAE « 1A%
B, BRI RO R A B, W B AR (S B B R B & K
FISCH - EIHER S PB4 TR IR B AN B HES 2 o 1a T A 2 SO SR T AT
TATRAA AL » SCRID A R M —FRIR — 30K o BRI N — B2 > FH SUEID DUSGR S~ A&
L5 RAMPIBHESIER, 105 1% IR H I A S0~ DU SR A B HY AR A (I & 45
FE - XMRGITAIM AT HEAMEM RGN, #5250 EmN K2 aiEK. Bf
R, MEEHERGI AR VR R RGIRE SR, FE RSSRIEIXLE R 0
BEIHERGIR, ICFRES M BRI MR R « RIS, P REIRE RTS8
ALGEA A C LA EHER TR E B RE X L S BRI RLAY SCRIID, AT BRI RE 67 3% [B] 4 5
BEEIE

BHEREGIE 2 CE RN AT Z(Wa et al., 2013; Lin, 2009; Fontoura et al.,
2006), Lucene(Bialecki et al., 2012)' &2 RMH AR HAE, EE2—EHTR2KR
FIETERE « FRERE ERER TEE - Lucene AH IR KAISUAR ST « REMEME R HEHE
71, RFRERBET RTEBEREERAERTTR - LuceneMIOTE T HEHERGIEOK, REWIR
T E 7 BB & AE S BEEIAE ) SUR (Gospodnetic et al., 2010) - #5330 (=T E - 36T
FRHEUEE TR, LucenefEWS R’ IR 1A SRR i@ &1 RIR G 45 o LucenefE & i R H &
% BREAMA . R Lucene RRIEEIR A, (HHANRESIEERERRAIAIE RS - 7
NH -~ DIIGEEA RSB RRRFMT R, TEEEATERZERR - R ZE T Luceneft 7
pIvEgRe, A2 ERER R T EE T Lucene5 | B4 (Elasticsearch, 2018; Shahi and Shahi,
2015) -

2.3 BlackLab

BlackLab? &% T Lucene 518 & FI—8K & WIES 5%, [FIRGEH TR FE1R
FEREE AU P SCAR R R0 TR o ER—3 IR, BlackLab 2T Lucene SEH T 58 K HY
KMRINBERMZIEHERH T . BREWERTIFNENAR, FFEREATIEER, HFrELiE

"https://lucene.apache.org
https://github.com/INL/BlackLab
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FHAERT] - BE4h, BlackLab iMRME T FE S RAHEIIEE, WERESESHTF - BER
BT EoREE, S H PR B St T AR I RS R - BlackLab SRACQL 1E R HIE
BEEIRES -

BlackLab Z23K & A BRI LLR R BIFAE, X 52T 7EBlackLab F1 1 FHCQL &R B
S TRDRL B S5 IR B R R o FE AR R ST BHEE R, TR BB R R FE AT A A o T AR R 4
TS REFEAMA N HA— . XFEFB SR P AEERERRE, ML E —BOUF
FEBRE R EED ST o X5 P AR A R A R R (PSR, 1999; & T FRet
al., 2019) o X G Z 1R AU B TR 28 i B 70 0k TR, NG T IR B SCE e
Wik, AARESSURIFEEREE . BT BlackLab ™8 LUAE N RAE RS, EHILE
5 FBlackLabi# 17 H SCBERNERRES, P REEEEFESEREIEY 9 — SRR 1S
N, AR EEMAORRER . FONCHES RS BT A EE S s TR
ZIE LR ER, (F 50 5 v R R R 1 [R]85 R 2R (K S E et al., 2019) - FR2LLA]
T AER T A F IR A FA B R, IR T Stanford CoreNLP «~ THULAC (THU Lexical
Analyzer for Chinese) 'FllJieba %5470 T ERILER, [l ih SO TE R0 FAZEE BRIE -

TR AR

Stanford | £ | AV [ JEAE | F | 5 | GO | B9 [ A
THULAC | I AR 7| EmL
Tieba | f | FOVIEAE | ROUEN | ) | B | F

F 2. i LEERN . AR LRSS E G ERS 5K EANE, S E—
AIF AN R IR R o AT LIE 29010 — 20 K, Stanford CoreNLP T B 615 fi[a] T4)
SHBNIETE, BERFETHULACHI AR ER K, TMJieba 4318 T B A MARLE & H -

3 T IE

BATEFCQLIE BB ERRRIES . B TFC++ - PythonJF & T B HIERER RS %
AHCAMELS - T ATEBANTLR 4 33500 CQUATE BOSTIRENT: X (5950 BIHE R 3| b2t 7
THGH, DR AR SR R IECAERR, IR UL T RS AIRG RIERE, B SEHER P B R
s, DI TRRIE . E30H T CAMELSRUSSIEBERIR . kRS A5
RRRENELFTR -

T E | BEEE | e [ ETER ERETT

. — — IR SR SR/ T
ETF i g v /B M /5
A % e X F 5]
BIHE | 8 1 v ﬁmﬁ%ﬁ%ﬁgimﬁi

% 3: CAMELSS R GiE e} 2 A B 3] ok B s LI« DL st o o, B 3 i 2
TEREW A [B] < AL BT A B TR « Lo BRI R 2 P AR RSN RO R, T L
TR BALRI A M & S B0 T A% A IR f . CAMELSEF#P4 T mFh 7 N pth s, FRAE
HEHHEH BRI -

3.1 CQLIBEMENT

FATETANTLR 4 LI T CQL e, Z@ITaRBEICQL /E A, 2T EE X,
A RGEVER, RIEEW RO CAMELS 512 R4 R KA - ANTLR 4 (ANother
Tool for Language Recognition 4) 2 & —FKIBESR KA FFIRIBE ST TR, AL EFEREYT
BEEEENEZ (Extended Backus-Naur Form, EBNF) RHiR 18 % (Parr et al., 2014) - ]

"https://github.com/thunlp/ THULAC-Python
Zhttps://www.antlr.org
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JE 45 R

cqQL #ify

[word="—i1"]A:[][]{1,5} [word="—

517 & AERE
~—

®

Y

()

> A tkfEHER G R

b‘ AR

ERERG TR

SCRYIATE IDA A

SCRY K oy L

> ARG &

> idiE TRIE H#

143'1B:[] within <s/> :: A.pos = B.pos AT ANTLR f#HT )

[word="—i4’ JA:

4 N\ [pos!="VV"1[1 {1, 5}
o [word="—i%’ ]B:
4 R " tpost="1v]

1§ Eg&%ﬁﬁﬁ WERI —RER, -2 T kb, & e

2. ... JE, BNMRA: —iBRiEFHREK, —BR BN .

MHERK, ... >l EREEKRRA within <s/> TERHE

3. ... EBEEFGRERE , AU —i(FAIRH, —BIAE (EEIC. R

% SHEATRE. .. P \_l_/

A i

|
i kLAY R 5] 8 LR M

L ERERIIERSRRAER - MAER#HCAMELS K5 TRABHE i £ 1 HE
o BAMCQLEINMIPHL # ) CAMELS WHER R KA AERAE R ERL . A HCQL HIiE
AR BRI e IR R RIATI & 3, ARSI, EiRiE A R3E S LU SR A R
FAT -

7ECorpus Query Language Parser/FEUIH ! & HCQLIE T A M F, FHANTLR
AT CQLAIEEENTES, FHFETANTLR Listener 1877 18 VAR DASLIEE M A5 (L B 1R)
Fik o TR — MIBIER G a0 B 2B -

Root
AndStatement Within
Ol‘Statement word: Y WOI’d= '/ﬁE' <g />
{14}
word="A~MX'  word="A~8'

2: CQLEEWMIRER - LACQL 1B 4a] “lword="H~ L |word=NE"] []{1,4} [word=‘Tfi H]
within <s/ >"F6], ANTLRA AL TE 0 45 16 R 1% 5 NGB A1 F Z I - EX 2 )m ., ]
FHTANTLR Listener i8] B EW FH 52 AE SLAHT -

CQL ZH#ENT e HCAMELS 1R F XA =M OERSE . EliEa) - AR &N
DI RIEE - BIREAEM AR FRR{NWEMITE, BTN TCQLERIE A H AR R H
IC . XEFWREAE T DHITHEEE RIS, SR EENEREHATTHIRERR - JLRZR
HCQLH IR RIEE T €M, HIRE TRE SR TAEEREFPILEER, H e s EmE
BBl A Y~ B g v B B SURIVE Bl - AR SR FHC QL& )8 A1) H B R SR R IR #a 1 >R
7, ERRREIAFRERREEMER - ARFHHE TRRELTZHPRRAFEHANE

"https://github.com/exquery /corpusgl-parser
B =R F F Rk, 460585601, KR, A, 20244TH25H ®28H .
1
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WEE, ENTHeREITTHITEH ERERARS], WMARIE T RREE R CEZHCR - B
Hres i h R R KA A I CAMELS 5| # E #1217 -

3.2 HIHERSIFRRGT

ERERS| TEEEZ QR EHERSIR . EHEIERERSIFELU TP FIAURE
WE Gt B oE - A7 oIS HERER, BAR—RREREEE, e ER
Pt TR TIRES T ML ZE BARE, &m@Ed ERERS TR EHER T R Uk
HEHIER (Kaushik et al., 2004) - FHTARPRRPERNRRFTREAEER, FILFHZED R
THEHER SRS  RF It R, AR EE Bt AR, Bt FHRtERA L5
BIHERS IG5 %0 T, ERSE AR SO Z B AR5 -

RFFIERC R AU, T A SO TE A RS, FF AR R AR R IR R I TR R R R T
Forml i, R Jeis e e Sem B HER 51 7 SN LR 5] - WiERREE B R B EL R NG
KA, RIAEEHER 5 R A0 A f5 ZATBOAEA SR - fln, xR mpr, A
RES R FOFALAL (FEIBREP R — DS BIE) o i ofe <L # TR, s Fn
W (EERUE PR DT <T) Hap— A TEER . 1, ERLEHERGI, if
T ERIE BRI E R BLTL AR A, @0 - BOk - A) TS PEHR G457 -

JVSEIRES TN R IR REE S, BATSOT T SRR EIAEE R R (1) ¥
SOMRE RIIDAL R e - A 148 F 22 Fhoop 38 TR ERHHEIT 98, (RE SR 5>, A RGA
R, SRR SO AR RSN FEIDF S - (2) WU EIRET 0 HHE - SO IA
BIDFIE, B AFHENAE, HUAEREGRA, FEE DR XFHFRER
B, BT, RIERX DT AR TR T - HEIRGES T A 2 U
FHRBALE, FAT ARG TR . BT REFTANBERS, HARAAEFFHET
DA, DIERAEECR . (3) QIBIEEHFRS IR . SHEFTaSidHFE, SEM—
SRR PERFATT R I T AHEF S 5R « XS FATA DIN A — 0 EHisEiXskR LT+
PRI ILECYEE 2iA - CAMELS 52857 A E Oy BT A7 & SRR AT IR, Tk LURE
BAL, WTSEEL T RMERRFAEAR PRI AEMRR . &L, AT aHEF RS LLE
HERGIRAEATEME, ORI T N FAZISCRRIBRES . (4) ERUAETRIER, #ILiAEE
BIFERTIRBS KR - TRIE $8f LD FAF 0T R T, &0 m NEERE T H 801 A
FERHER TR I ILECTE R - EERCEF R ILECE R, QiR CHET S5 TRIER B 5 58 2 0T
fe, MIEREEAEET mrRRIEHE, WRARERILE, BN INFAETRIER 5HR AR KITE
TRBREENIET o Esk, DIE R R MR BRI T AT -

RFS ARG EI3HT 7R - A A P RS W URE NP R, KR 58 E i
STRIER EGEATICED, $REIRACTLE T A F0F, HRBCEAEEHFR G R P RIRRRIEHE - BT
R RTEELA, CAMELSS|BEFFAZILENIT — &k, Mt—iE “fFIta 1)
RRVEH, MR EE RN RIS AR AR AT IRAGE I8, DURIS R IR R R -

3.3 Ml B R

FATRAP N B R RIS URIEERRCR SN - ERERRBRNMUTRE LI R L ITTH
FEWRICED, AFRIEA R AT TER A AN BRI E X R ETF AT R « fFEATE L Btd
REITRT, SEIMEHAF A ICECA&FrER, FETAREHNRIE, TULEZERARRICE -
FECAMELS RS EF, FATEEW THMEL:

(1) HUTIRRBITTHIEE - FEAMEL, 5IEHIT 2B A EFMEESARMRRERIAN, WiE
BHE R A FTRERIICECERE . TR ER, BRI NAEHERS 3, REEE
R NTESEHZENEARRN, 5IEEEHITE SRR RRE BERHBS TR
LR ZEEREERRREAZ A EXRHITEE, DREEARREAXMICH LR .

(2) RIBLIH AN B —F BORE R TR - BT S, 513 RKIBAERE S5
WEA, X b —BrBoR B H VCEE SR AT 40 R ICES, R B AR RS S - 512 N TR B 46
NE, Z—HERRBITTHCHN BT TN RES . BT XHATTREESZ D
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NNP-TDGM: Nearest Neighbor Prompt Term DEF
Generation Model

Sijia Shen Peiyan Wang Shengren Wang Libang Wang
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Abstract

To address the issue that the automatic generation of term Definition (DEF) based
on Knowledge Database Mark-up Language of HowNet, this paper proposes a Nearest
Neighbor Prompt Term DEF Generation Model (NNP-TDGM). This model constructs
the term DEF in the training set as explicit memory sets.When generating (first) se-
memes or roles,the decoder retrieves the core concepts,important attributes,and role
types contained in terms with the same or similar conceptual structures to help the
model generate DEF. This model addresses the insufficient training problem of the
decoder on low-frequency samples. Furthermore, the model improves the problem of
insufficient representation ability of the encoder by prompting the pre-trained language
model to obtain semantic representation embeddings containing the conceptual infor-
mation in terms and term definitions. Experimental evidence shows that the sememe-
role-sememe triple F1 reaches 31.84%, the role F1 reaches 53.12%, the sememe F1
*EIEE
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HR#E (Creative Commons Attribution 4.0 International License) ¥FA] Hhi
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reaches 51.55% and the first sememe F1 reaches 68.53%. These values show an im-
provement of 3.38%, 1.45%, 1.08% and 0.48%, respectively, compared to the baseline.

Keywords: Hownet , DEF generation , Nearest Neighbor , Prompt representation
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HowNet (ZEE et al., 2007):2& H X H KRB S 20 B A £ o8 732 08 LRI,
AT #ADOEMEBRERAROMES . UEBESHEZH . MEWBEESBHZ
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NDEF (Definition) - HowNet# ] 7 N T A1 R E(Niu et al., 2017)~ 11 X IEE (Hou et
al., 2020)~ FEZ B (Gu et al., 2018) [ FHE (Zheng et al., 2020)%E%H .
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FRERAE A, 1B B & SR FE XA IRE 2 (B AR 78 LILRL R R, 12 H SR 56t
PR iR T SR - Qi%E (2020) 3R T £ 1EF A Rl 2 FBabelNet U URAIRE, X Z#
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TSeq2Tree (Dong and Lapata, 2016)HIDEF HENAER A E, Z% T ERES A EEFIRIEDEF,
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TSR R FBAEFI AR TBEDEF A& AR (Nearest Neighbor Prompt Term DEF Generation Model,
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Figure 2: NNP-TDGMI&HR! 454 &

3.3 ETERHIAKIEE NGB R

AROCHRH —FhE TR ARIEIE U B RIE I - B 3R NI 2R85B R
BARIBIE L M ENRIE, (ERAINEE B IDERE AL - PIRIE RAEE LChHEM,
BIFIRRERE: RIE . B RIBFIE SN HAF, ARiEE SRR AR E BRSO,
Bl ARIBEERX B E X R FEHTFREMBE GRS . 7. SFEREE A
TR, 4351 6y 4% ACLS ~ MASK - PMASKHMILMASK « #EAR A «[ARIBCFE ARG, “[E X F
RARTEE S, “MASK]" RRBIB IR RAF - BRERG3REREEEHEG T RI2M R RE
B, GAITCLSE 7~ ff AR 5 B AICLSE AR - 12FH 2 /R AR I A FR1H - CLSEIE M E F
"R E B {zcLs, o, - - - Tn, vspp YA B TN SRE S A P, HKEUS HECLSH & 1E N 1E X
FAEFM Ewers, WE(2)R - MASKEBBCEF B A (ORE - &~ RERE L) 587
PR MASK] HtH# IR 2 5 e R A {zors, o, - - 2mask, vspp i A B T 255
SR G RE R MASK]” 18 7R 77 5 H B 1] & VE N E CRIE R Bwarask, W (3)FT
7~ o PMASKFILMASK R HERRF g AR S AN-~FIg AiE SRS, RN IIFE R FF < [MASK]”,
IR 2578 S AL < MASK)" &7~ 75 1 2 1B L RIEM Bwyask, WR(3)FTR -

wcrs,wo, - ,Wn, WSEP :BERT ($CLS,$O,“’ )$naxSEP) (2)
WCLS, Wo, -+, WMASK, Wsgp =BERT (xcrs, %o, s EMASK, LSEP) (3)
FEAR 24 PR FEAR FEAR 24 R AR
TCLS [ARIE] DCLS [ Y]
TMASK [R1E] [MASK] DMASK [7€ S][MASK]

TPMASK X AE“[ARIB]” IR EZ[MASK] DPMASK X A]if “[& ) K& B & [MASK]
TLMASK  “[RIE] X AEREEZ[MASK] DLMASK — “[fE X)X A)iE 12 B & [MASK]

ACLS [RIE] [ X
AMASK [RAE][7E L [MASK]
APMASK XA AR R IE] A E SR [E X" IR B [MASK]
ALMASK RIE: [RTE] B E S [ X)X A)1E B B2 [MASK]

Table 1: 12 FE R

o =ZlEPEEES RS E, %57B§\:—2§Z\0ﬁ' KIE, HE, 20245E7H25HE28H o
Bl BB
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3.4 LML

WL IS 8 & 8 LRSS (First Sememe Decoder, FD) - X AR fEE2: (Role De-
coder, RD) X JEfEISZS (Sememe Decoder, SD) 3%F4> - 3 AERD SR ELF H KA HA 2424
Mg (LSTM) A . 3RS i WAE R, DL URBE s hF, SRS EsHE
Xﬂ?ﬁﬁﬁzﬁ%&ﬁﬁﬂ‘ B8 SCRAE 7] Ew g asx AR RS 25 24 B IS 2 B FE 82 17] R hy DA R E GG
%‘%J:?IﬁigtLﬁTﬁﬁ%ﬁ?ﬁHﬁ&ﬁam AR BB ISIRESMR (4 R - BT RIEERD
S ZMEDES FDBRIMMER Zparr(sile), RDEEIFIMER &parr(sile), SDIFEIAIHER
5Epas(sile) o

h¢,c; =LSTM (hi—1,ci—1)

¢ exp(h;-hy)
score; =3
Zj:l exp (hj - hy)

l
g; = E i scoreghi

o; = [hi; gy WrasK]
pur (st |e) =softmax (W - o)

Hfh  Me, 1072t — I ZIARIS 2% FIRERUZ [ EMARIRE, e Rt 2R a5 A4 iR
W&, WRSEGENE, h WAREIRID 0B FAN MABSHE R, AR IEAFEE -

Pr (s, o)y
‘n Pur (s, o)y TTTTTTTm e ay Der(s,|e) ‘,
| L *) ,L *(1-2) ! |
:Mrﬂ | N | |
T 77T TR fopk

_______________________________

B "

j(: | ht | & |wmask : @

J& A ) |

AN N [, A
9 ' i it )

%%: . : : 1
: W k@T | Vet sm [T T cootls !
i | BERT | i b+ &% =, [ [ ]| romls i
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:\ LSTM T o, OO T vertlit

ht te, B U ARRAT IS

Figure 3: B MRSz E LHRKNNEX A g

3.5 KNN#ER

Kﬁ(%ﬂﬁ/\%ﬂpﬁ%%ﬁ/\”Jlﬁfrs/\% L%, 2RI E LFESNRICICE, RAINEICILSE
ASFSN TR - SMBACTC BT A BE- @( , V)RE *’A‘JEE P 75 =N an=C(6) s - <" KA =#f
WeRE: ¢ — IR ZIFRRS SR HIRSRUZ (M B hy—y . (I 2RI 25 BORETRUZ 7] 2 by AL 21 AR A 28 A0 2 1)

o =mbEEE S RS, %%15721::5@70ﬁ KJE, E, 20244E7H25H %E28H .
(¢) 2024 hIE LTS B A O S L B R N
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Bo, WFR(5). B UFEINEICILEM LFINRICICERE VEREEY,, KAIPRICIE
HE VERAERY, -

H = {ht,l,ht,ot} (5)
(K, V)= {(myw)|m € HveY,HY,} (6)

FERRGE, a € HAEWFE, mMo i Z12Y 5 i s Bl i € g fiE - it
HaS5mPRZHELE (a,m), 5 as %M PUE KBRS HE-(8 X8 B 2024 5 #2810
RITABEEU,, Eid (7R ZIKNNEHp (s le) - HTARICKE = MEGE, FrLlE X
JRKNN#EZprp (s¢ |e) ~ RAKNNEEZpgg (s¢|e)  LRKNNEER g (s fe) -

N ZI ARG 2 R pas (s e ) FIKNNIER pc (s |e) IIBERANFG i 21 B AR SR (s¢ |e).
M= (8) o, HANEMRAUE -

pr (sele) o< Y Iy—yexp(d(a,m)) (7)
(m,v)eU;
p(sele) = Apar (sele) + (1= A) px (sele), A€ (0,1) (8)

3.6 ETHIUTSPHIARTEDEF A AR

DEF & {4 fud R # i H AP IK:

BB hMlep R ARE RIS EH H AR A TSRS MR A AR, T RRE XS R
R

HER2: MRIGAERE R - MRIAERE SRR ERETR - A E RS, B2IE L
JF RS ES R parp (s¢ ) FF A E LUEKNNGEE UFEKNNEER pre g (s¢ e )R & IR
HE)RBE LEHRpp (s ]e), BAEHMRERNME R BERENEUEELZ D,
BRI 5 5 A, R ARTE R E SR “decide| R " Fl “check| B o BT LB IR ARG I 275 5]
— B UREE AT “<B>7, HAEREE R E LER R AU H RS RCR SR, AR
ASe, T HERE SURFTS R AT R AR o

FIR3: BIEEMKR - KFPIR2Mh, Me, B A KRB EFIR AKNNA . 525 R BIH
Rpr (s le), BRBABERI D LEX RIHR R « HAERALERN “<E>" B EH AR HALEF=E
1k o WRMEEEERER AR, RAFA UK H RS RCR S h A IR e, T A2 AU 50 06 B A S
& .

HPRA: BRI AR o R 5 R3% AR e B A B SR BRI 25 A S URKNNA 58] 3

?E@T%ﬁps (stle), B SURIE, PRAFH H BORSRCRZS h, AARRRIR e, P T A2 BOURRT RE A 5%

BRs:. BEE P3S4, BIPEAEMN T AR <E>" 5 A pliss AT B RIS 454 2
ZIRF| T PR BB RIS -
4 HERESH
4.1 BUES

ARSI EIE R I B AR S AR TEE LAIRE (5K Fet al., 2014), FRiE T 3864 NS AE,
EHAPERGEE (PEMZERNAR) ( (FEAZS ERRAM) JREEEE, 2000) EHEEEE L
RV o BRI EAREM 7 NITFAT S AR, HT314655 K38, B5900F LR, 1057
KR, REFHKEARTR, KBTS TFEKESCS4FH « AICEEIRMENL S =55
& (710%) -~ BiEE (10%) FEAE (20%) - AEIEENGITE S WR2R .

BRRA KRR UREL RARW =ndm

MRS 2431 11224 8765 8765
IS EE 347 1610 1260 1260
BN 694 3173 2471 2471

Table 2: i ARIEE LAIHERIRESIHER

o =ZlEPEEES RS E, %57B§\:—2§Z\0ﬁ' KIE, HE, 20245E7H25HE28H o
Bl BB
(c) 2024 FEPXEEFRUFEFELVERS 62



HEESY

4.2 X HAER

I 3% FELLaMA-7B ~ ChatGLM-6B -~ Seq2Tree~ SSR - SRS+ TSTGHITaSTGHE %Y /E oy
SRe A EitE

LLaMA-7B (Touvron et al., 2023), Z& T TransformerZg#4 ) KA HE F A o ChatGLM-
6B (Du et al., 2022), # TGeneral Language Model (GLM) Zg& # {7 X 1% & 5 &
B . Seq2Tree (Dong and Lapata, 2016), —FhZEFHISeq2Seq /7 1% - TEMEIGES, KfSeq2Seq—
BN e RS 2R R Z IR U ARSI RS a5 i — D ST 79 5 - SSR (5
B, 2022), fH A INGE R ST RTS8 A2 B RT T SUR DLR A LR Z R R 3R, 15
B WR-R 2 = n R, SR RIAREX RIAIDEF - SRS (5%, 2022), 208 #
R IER VLR B SUR RIS S F1 2 A fdtd ey, B3Rk R2- R = nH PR, &
BAFFIARIENT N FIDEF « TSTG (Ye et al., 2022), & XRBAE L5535 A Transformerti
Ao HRHESRENNER R, NEBEREZEHKZR - TaSTG (Ye et al., 2022), HT
FIF R IR, WO ER T, SR E EBR R EEE S - SGER RN T
AN RAE SO R, ACEEE R T SRR R

4.3 FriERR

NNP-TDGMERZE M it 8 LB EIM=04 (UE-XE-E) -« £& - LB LR
FIFLE(E ] ST FLERE RFRFIERRET . BETEARTR(), (10), 1DFR.

=2 (9)
AR (B) R R SR
P_%ﬁiﬁi(é)ﬁé)%\a‘é%\Efnéﬂ%&{me% (10)
ERER () LB 2R ST
= FEREA (B) UR. B2 ok < 0% (11)

4.4 BRSEKE

NNP-TDGM#ER A S 505 B R 3FTR

B WEEE @S % BEEH

MIERZYN 500 R AdamW
Y& 500 Dropout 0.5
FInmYEE 400 LSTME%kL 1

R 2 4 400 BEHLFHF 1
2SR le-3 EELE 1
k 5 A (0,1)

Table 3: NNP-TDGMIR ZH065E

4.5 AKRIBEDEFA LR

RAFETR AR SIREE R - TSTGAITaSTGIUER SR, NEFIRZFRIRAR, Bl
A XEFUEE R FUERSEIELER -

B =R EEE S RSB UE, ?57?—2@1@. KIE, E, 20244E7H25H%E28H o
1l FERX
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s =ZICHF1 RARF1 XJREF1 EHXJEF1

TSTG - - 44.26 31.95
TaSTG - - 39.90 30.88
ChatGLM-6B 10.26 34.59 29.42 51.36
LLaMA-7B 11.15 36.51 31.67 51.29
Seq2Tree 18.97 42.98 35.41 65.22
SSR 19.76 39.70 48.22 71.37

SRS 28.46 51.67 50.47 68.05

NNP-TDGM (ours) 31.84 53.12 51.55 68.53

Table 4: ZIREAISLIGLER (%)

FH#FAFT L, NNP-TDGMEFFXT AR, fFE=J0H « K& - REME R4 AL FEE B
BE, S5XTH T EHDEFAE SR EITFISRSERIFEH,, =0 - <& - YEME YRF1HES
BRE T73.38%, 1.45%, 1.08%, 0.48%-

4.6 JHRELEE
4.6.1 NNP-TDGM4RmlszLs

AR HTWEEEE, WIFETIRROAIEE U EEEMEER (Prompt) SKNN G
(KNN) BIERE . RoEREE LIS R, Ho o RORBRUNEFZ L, « /7 RRER
o F 2R

s KNN Prompt =JC#HF1 XAF1 XJEF1 HYJEF1
NNP-TDGM  / v 31.84 53.12 51.55 68.53
NN-TDGM v - 30.88 52.96 52.10 69.25
P-TDGM - v 30.39 53.31 51.52 69.10

SRS - - 28.46 51.67  50.47 68.05

Table 5: JHEISLISEE R (%)

FHLI G RFK, HTIRR AR EE LE B R B R FIKNN S 3 A BE 0% 12 A1
BIDEFAERGIR - 5SRSERIFA, IIAKNNESRE=TTH - KR - YEME URFUES 5%
& 72.42%, 1.29%, 1.63%, 1.20% - MIAZETHRRIAREE UG ERIEBESRF=T0HE - R -
NREFE YRFUES AR T71.93%, 1.64%, 1.05%, 1.05%. £5RUEAFEE TR RO AREE
NAF BFRAEERFIK NN N T4 R FEDEF BH 2501

4.6.2 KNNEHHREISCE
W KNN3 5 R BEDEFAE AU R I « %t TKe: N E R G2

AKNN,Kg: K ABHEZMAKNNAKg: (X REIDZSINAKNNEISLES « R A PR ELE P-
TDGM - SEERCRUIE6HTR -

it =J6EF1 X ARF1 YEF1 B YXEF1

P-TDGM 30.39 53.31 51.52 69.10
+Kr 30.53 53.31 51.69 69.80
+Kr 30.74 53.59 51.72 69.10
+Kg 30.66 53.31 52.00 69.10

Table 6: fERLZSIIAKNNASEEGSE R (%)

FERRRDES PINAKNN (Kp - KpfKg) W& MM ERMAR - KpXt & URFIHE
RIVIE, FH, Ko URFUERBUE, Kptf ZtHAMKAFIERFHE - FHit, RS

B =P E Rk, %57?—2@1@. K, hHE, 2024F7H25HZ28H.
: Eawl
(c) 2024 HEAPELFSHIEF A LVERE 64



HEESY

FIAKNNERERE AR, AT LR EIEAIERE, T HAFIARRS S I AKNNBER $Hx iR
THERIEAFESS T BIPERE -

4.7 TR LR

R UES. 3T 128 IR IR B AR N R TEDEFAE B 520, 3T T P-TDGM{E F 4 R /R IR
FSEEE o BB 12FP R [E R /R AR 4T S2 98 15 F 2R A o AIP-TDGM p s ag k15 5 2 fif FH
FIHFDLMASKEM IP-TDGM » SLGLE SRR TR, FEFIH T SRSERIENSH -

Ry =ZICHEF1 R RF1 YJEF1 EHXEF1

SRS 28.46 51.67 50.47 68.05
P-TDGMrcrs 26.61 50.83 49.54 67.09
P-TDGM7asasKk 25.47 50.86 47.06 65.22
P-TDGM7prask 26.80 49.93 48.47 65.80
P-TDGM7rarASK 27.01 50.41 48.89 65.94
P-TDGM ac'L.s 29.09 52.06 51.40 69.35
P-TDGM A AsK 29.64 52.79 51.12 68.77
P-TDGMAprASK 30.10 52.67 51.18 67.48
P-TDGM ALMASK 30.75 53.20 51.07 67.76
P-TDGMpcrs 28.53 53.66 51.24 70.40
P-TDGMprask 29.00 51.87 52.02 70.97
P-TDGMpprask 29.58 52.48 51.03 69.10
P-TDGMpraASK 30.39 53.31 51.52 69.10

Table 7: P-TDGMf# F AN EHRENR AL I8 L5 R (%)

R, RAARRRRERS ATEDEF A A R B A I B A, X5 TI4E SR
RPN BURI I FOARAE, 3 — D i vl & 20

(D)3 7~ U AR B 5 B BIP-TDGMrers ~ P-TDGM7asask ~ P-TDGMrpaask S5P-
TDGMyr v ask B I FUE S SRS LI H /NERE TR - RGN NEFERZE, — 7 HAREN
F—MMAEEE, BRERRERRAD, RMEMTIZR0E S A PR B A S8 CRIE ] & -
F—JTHE, REERMEEEA, EEMEPER T RIEFME, ZRIEFESTOIGIE S RERR
AR 2 ANERE, A REFS AR B TR -

QMETETRBEEMNR R, FHEEREEEREEIIAREE LR RS ELT - P-
TDGMpers ~ P-TDGMparask ~ P-TDGMpparasik SP-TDGM p 1 ask HI4 T8 bR 8 I T4t
HTESRS o X RIAER R MAE ZHARIES LRIEEEELER - o, & BLFE
A ARE 8 LR RS UEHE LIRRIOBEREZEFNAK - Ao, PMASKE RLMASK R
5CLS KMASKRBAMAR AE = TeH EFUER TR A, RN E A FEESINERE U -

i b, SRR RBRORMEIT LB, ST R R R AR TS SRR A & IR, R R
WA ERREAF AR ARIES LHEER, HFERITPFEEEFBRRBOEMFSESTN
=

4.8 RREERMILLE

FERKNNEIRA, 30 TACIZ 8 - BRI R, an=C(6) s - BN RACIZE A isEn]
EH3MEE: (1) hp- hp 5he HIRER AR E URMRLEE - KRB S LR
FRRR R, X R TEELRNEPZEREREE . (2) hprs hrrShsp A
RE GRS  RAMRE S R R FERCRAS, XS BT T AR 65 25 H i L
Ji . RAMENER - (3) orr - orprFosr M IURE URMIEE - KAMHESS LR
MEsRI PR E o X3RRI E D HNERINRICICE TR, §T57EXN AR EDEFE SRR AR
Wi o SEAGLERARSHT R, [FIRFRFSRSEEAE NS, FIH T SRS AISLRLER - RHFDR
NE SRR ES - RDFIRKAMFISE: - SDFR UFRMRID S -

B =P E Rk, %%5713—2@‘1043. K, hHE, 2024F7H25HZ28H.
1. ExwX
(c) 2024 HEAPELFSHIEF A LVERE 65



HEESY

A =554HF1 *(ERF1 XYFEF1 B YJEF1
W SRS 28.46 51.67 50.47 68.05

+hp 28.51 51.67 50.48 68.10
FD +hpr 28.51 51.67 50.41 67.95
+opr 28.51 51.67 50.68 69.10
+hpr 29.57 52.57 51.16 68.05
RD +hrr 29.33 52.43 50.73 68.05
+ORT 29.49 52.81 51.05 68.05
+hg 29.04 51.65 50.86 68.05
SD +hgsr 29.13 51.65 51.00 68.05
+osT 29.17 51.65 50.86 68.05

Table 8: A\=0.80f N [FIER AR AR MR IR R (%)

SLREERARY], N T A MEIR A A = RER RN EE - 528 2 HPHE F R ol
RORELF - 7 E LRBREaSF EHopr MR AL, & WREFUERTFL.05% - 75K R ARG &
Hopr® KRAFUERI Eem, $&71 T 1.14% « £ RRRRS &8 A hor (R FLETRTF0.53% -

4.9  MERMI K5

T R KNN A ZEAENS NNP-TDGMAE R SR B30 « A7E X [A](0, 1) N BUE, NNP-
TDGMARTY & FUEII B4R - B4R DIE S|, FUERMENREINEI EABEY, Ei53)
VB G HEFTEVE . RN FUER LRI - VNT0.50, KNNMER 5K, S056 45 RAK
TEMEE, RAKNNEEREHEMIER, ARENES . S\ =06 = ndHr1E&S, HH
BEENFIEN, =CHFEZ BT

70 4 - v
.o 6;52 68.53 69.1 6939 69.39
v 64.51
604 w
60.2 5328 53.59
52.75 52.94 53.12 . . 53.02
DT e e ——1
Q5°'48;26 Q 5036 50.96 5155 5172 51.78 51.84
S 48.65
E 46.49
404 4229
30 1 31.84
20,46 30.72 3147 351.64 3143 31.24 3084
27.93 !
25.58
T T T T T T T T T
0.1 02 03 04 05 06 07 08 09

Figure 4: k = 5BFNNP-TDGMIRE! & F1{ERENZS 1L #i 2%

4.10 SEHISHT

AT RTKNNEE SR B E 3T 7 8, MR RER T ARE . IEWEIDEF - SRSFINNP-
TDGMA R HIDEF, iR T & YJEKNN -« & ZAKNNA Y FEKNNERE R BN -

MIGRSEFIRE, B VERKNNEERR H 5 RN A EE 25 58 48 B 2 AE T AR 1E 2 & 1Y
oUEE - GnSEFIL, TS BRI RIS OB URRT, B URKNNAS 2R 2IHE & 45 5 T 7Y
RAE RIS A < AR IRES” , H BASELX LRGBS BN AR O & “fact | 1B - URKNNAE
R S HFT A ER SR TR BN EEZEME . SF2d, FmAE«3sh%E
A B SRR, RKNNAER R AR E 920 B 302 330 F1 <2 B0 () 228 1 “drive|
B o R ARKNNEER R H 5 RPN A GENE S S50 A8 R sl MHE IR E B R R RAL . ansEfi3,

o =ZlEPEEES RS E, %57B§\:—2§Z\0ﬁ' KIE, HE, 20245E7H25HE28H o
Bl BB
(c) 2024 FEPXEEFRUFEFELVERS 66



HEESY

FRIAE Eilm TR KR RE, RAKNNIRR HAE HREREIE M ZRIE HRRR
B “whole” -

LEERRA, KNNIEW RS RN ASERE S 45408 R 8 e FAE P & iz OE - &
BRI AR, MBNEESEDEF A, MR MBS AN BRI ZRANTE 73 1 (R R -

5 Hw5REE

AR — PR T R AR R RIE M AR EDEF RS (NNP-TDGM) - fRHETHRR
IAREE UERRIETIE, ETARWE . & RIEME L3REEM AR L 12MEN, HiTiR
ARTNGRE B RBR G ATE IR E E LNE &S E BB SCGRIEM 2, FHEES IS
o REETERIAKIDEFAEM L, FlZRE R RIEDEFE 3o RICICE - ERRIY
arEpl () SURBCR AR, @i RS R AR B &g 4 R 2l S AR T 2 & i %L
W BEEBEMXARE, WIERERDEFER - @i SR RAE T £ THRRMAEIE UE
BT M ET B A HIDEF & U7 1A REWS 8 RIEDEFAE BCUCR - X T SR & AR
B SRR R WAL, N R ANAE SRR 1E A AR ARIE & LE R, R RSO -FEiE
BRERRAIEAEMNSES A X TE X KA R 80 5 I AKNNJT & H 5%
B

FEARRIAEFR, FEBWFEHEBMKNNASE, HOBERGIA, B0 ZFEKNNIGRTE
RELL ARG IMA T Z AEE S, PN IZARER SR B, MREMAIES -
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i\ :host={physical|¥) §i}}}}
¥ Y for 2 H Tor 2% HH IR A% O MR 80 B FR R 35 F DEF
IR Psrs PFKNN 1% O M 2 RiE DEE
- {fact|Z & :CoEvent={experiment|5L % :PatientAttrib
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R Psrs PRKNN 3 R RiE DEF
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MLE | K47 %8} modifier={polished| t;:degree={most|#%}}}
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FRIAE “H I LR B % R, X AKNNAER R F 5 <# il FALE 8 S AT iR
BRRERYLE M RIMILE", H BEEIXEARIERBHK A LR “whole” -

B =PRI F F R, ESTIET0N, KR, A, 20244TH25H ®28H .
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BiEEAEAERFEFIEIREMERGE TR EHM ARIES - #E- 4%

(Translate-Train) FIIEMGEHE (Code-Switching) & LIS IE T i BIW 245 HLE]
P T, WMEMHEEMEMREMEE S - Nk, ARH 7 —FE [ EiE S A
WA i BE R B G ER e (SpanCS) 7% - B AL, %7 IEF BB L #AE 8 S HRTR
BE LT XS EWES B, DMEH#HZMIES R EMAXFF - Hik, &7 EF FHE
F- NG ENTEAFRE SRR RN EMES B, DURIES T R 5 R ihEdE
B8 L —8E . BT AFHEN R B IRES 2 R AR ER, A GET
ANLHEIFEERLE, ETHumanEvaltg% T 85107 BAIE ST FIE1E 5 IS A ST 2
{EMHumanEval - %M I8 = P F TR R K, SpanCSTEEIE S G4
BAESS £ — BT R ABEREIS T

KU BSET AR IR

SpanCS: Span-Level Code-Switching for Cross-Lingual Code
Generation

Qingfu Zhu', Shiqi Zhou', Shuo Wang?, Zhiming Zhang',
Haoyu Wang?, Qiguang Chen', Wanxiang Che'*
"Harbin Institute of Technology
2Tsinghua University
3Beijing University of Posts and Telecommunications
{qfzhu, sqzhou, zmzhang, qgchen, wxche}@ir.hit.edu.cn
wangshuo.thu@gmail.com
wanghaoyu666@bupt.edu.cn

Abstract

Cross-lingual code generation aims to transfer the ability of generating code from En-
glish to other natural languages (NLs). Translate-train and Code-switching are two
common data augmentation (DA) approaches for cross-lingual transfer, which comple-
ment each other but have not been effectively combined. To this end, we propose a
span-level code-switching (SpanCS) approach for cross-lingual code generation. First,
it leverages the code-switching framework to correlate source language context and tar-
get language span to model the interaction and alignment among multiple languages.
Second, it utilizes the translate-train approach to extract target language span from
a complete source language translation, ensuring the semantic consistency between
augmented data and original data. To fairly evaluate the discrepancy of code genera-
tion across multiple NLs, we construct MHumanEval, a multilingual code generation
*EAEE
©2024 FETEEZT ¥ A&
#R#E (Creative Commons Attribution 4.0 International License) ¥F7] HhR

B =P E Rk, %@71)}—2@3@ K, hHE, 2024F7H25HZ28H.
l: £
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benchmark that includes 10 NLs, based on HumanEval via manual translation and
verification. Experiments on the benchmark across three backbones show that SpanCS
consistently outperforms conventional DA approaches for cross-lingual code generation.

Keywords: cross-lingual , code generation , code-switching

1 5§

RIGERL (Code Generation) 1E55 BEFEMRIELA E M B RIE S #dE AN I REES K
4 (Chen et al., 2021; Li et al., 2022) . TR, B AEBEREH LR, Foh T HELZME
FI YR RS = B0 M KR FIC 4 (Li et al., 2023; Roziere et al., 2023; Nijkamp et al., 2023;
Daya Guo, 2024), #HMiEzh T R AEKESHAREES (WPython) MEREE T Y
J& (Feng et al., 2020; Zheng et al., 2023b) - S5UILFEIRF, HT2BR5% A OBIEHE R IERIER H
REF (Guo, 2018), H—PRARBEERESY RELZ BMESFIFEREE . R, HTHZ
FERBR BB APPT YIRS TN ERE, BEiE 8 R1E S RIE ARt TRSH E -

PE S ORI LUR U IR 218 S RS 5 D bR ) B VRS SRR, BRI RE R
FRESEIE, PAREEPES TR, FROAEESRENENTIEEEIMES (Zheng
et al., 2021). HEES RUANH TRBAEMRES, REESRBAER?, Bl E R E
FRBEIR LN L BNES BRI - FELEME, FFERERNEIES GEHE NEIE)
AR E S EIRS T HEZEMES, W —PRABES IR - H LN EIEY
I~ EAFEEE- % (Translate-Train) (Singh et al., 2019; Chai et al., 2022) LA KB 555 #:

(Code-Switching) (Liu et al., 2020; Qin et al., 2021) -

SEREE fifa

The object q will fly, if the sum of its elements is less than or equal the maximum possible weight w.

Translate-Train 155 I JCAE . Code-Switching 1 S
The object q will fly, if the sum of its elements is
The object q will fly, if the sum of its elements is less than or equal the maximum possible £ H w.

less than or equal the maximum possible weight w.
WSEAEAR 53 B4

SpanC$
IR a BERERANT % TR A TR R

w, Pk o ¥ KAT. The object q will fly, WIARMMA q TR BFINT
B4 TR REHE wo

Figure 1: #iF-JI14% (Translate-Train) - BTG (Code-Switching) -~ H BB iS4t

(SpanCS) J7{E/R (a8 S8 SR U R XA e R B RA, h X BRIz iR ARTE
) o SpanCSH“E &7 NiZ LR A FRIE S 9518 BA “weight” B IE R SR, FoR T
R/ Code-SwitchingH Y “IV E 7 N EF IR CEIIE, FREERE -

BAmE, BEE-I507 ik f e 50 T IRIE SRy BIRE S, SEEIN HARiE
FHEGEET (B PR, REERL, EPOURR T AT AN BRES A, B
TITEERINRE, RIS RIROMURS) - SR, BIRE-UIZRDT %P IRE SRS BARE S A
MR RE AL 5], BUDARIEF AR B S35, BERE T IRE S 2 HIRE S riER
MFE (Zheng et al., 2021) - FEXIH, BT RHERE S R RIAREYLE SOy HRES T
B, AmEROAEESEMEEE I RA R T AFIES - GBS AR T 1F1%EL
AR5 LASNAS P oAt ) R A BB R A prime number” , AR o S5 T 2 EA AR TN £ SR
& “prime number” {24 > A, B LR PSR URTEATRI T, e feadt T M ARE = ax

" TABEERESTE . SRS BIRES R M A .
R, BRI NESEERES . MEREES -

B =R EEE S RSB UE, %nﬁi—iﬁiﬁ. KIE, E, 20244E7H25H%E28H o
1 1: 2:“31
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T T S #L: A T 1
FiE=S R Given two numbers x and y, add ten on x before doubling it, if x is odd and y is a prime.
BYEH2: KT
H kRS2 sk WETANET x My, W2R x B ACH y RFEE x b, RETRE NS
AN =Nk \ | | | J
SSUE#3: H
FrBeoodl #1 F Beocdl #2 Fr Bt #3
Given two numbers x and y add ten on x before doubling it if x is odd and y is a prime
Y i) ’—’—a -2 \> i) a2
GEPIANEF x Ty D11 N AR S W 1Y W x RAEH y R E

Figure 2: SpanCSHI="MFPIRIRG] - 4346). FFFIESHARER BB SHR, RERwE
DEISTFA] . XFF: CRMFE S FaR R B 5T, B, ABH—RIESLR T . B
H: NEBDXFR A BoTH PR —MEE S EREEWNES B, BRI -

5F o IR, LB HAEE S BIAFAES D EIEN, EREIRERSIRIE S L U AR TE L
2 (W 1FR) o PR, BE- IR ] DR AR T B R N SORBUER AT B
VRIEEEIE, Hit, ETENEISRBS R IED R n] DL B IR HbEE & B R T R s, SR LIRiE S
5 BB S X B RIRIN REFE LB, W R A 598 -

HT AR GRS EEERNIS, RARE T —MAEBRNIED % (Span-level
Code-Switching, SpanCS) 777%, ETIRIES 1 EAE S S ER B RIHIES F R B .
WE 207R, SpanCSH Je R <VRE 5 fiR- O > £ 1 A0JRE S fA BN N BB S iR, It
FWEDEIRTFA] . Bk, UREBE (FEE SN ILEREELETA) HRANFIRIESS
BIRES 4] &a, ERABKEANEST, HFNEMNFR<IFES A E-HinES A
B> AP RFEE—, HARERERR G

B, SpanCSMUERNMEARNEXMKEK TIHIES S BINES ., AREER &S E
LEEXFFRZR, MAMUETXERNSEERERIFES BRI HIMES B, RIET
FEHLE R PR LB . AL, N T B R M AR T LU I s E B NS AR R SS, EA
SRAERB RS S TR, ERESpanCSA] LUIRALH /] AL SR @b O -

FEE S IS A B RCR AT LLOE I 28 S RN - AT, B E 2 M ERES ik
FIEAE A A B B, 4IMCoNaLa (Wang et al., 2023a)F1ODEX (Wang et al., 2022), i&
B ZIAFFIEE AT, BEMESH— MERERMIE S L RN EIE LEM I FATRER
Hit, —MESEENSERET S —MIES, BrlfeeH THEAGHENMIES AR, W
A BE2 T FIE S IR AR, 3 S B0k LA FHGEM SRR TE AN FRE S L TERE
Z5 . Ak, ACRFHumanEval (Chen et al., 2021) IS IERAT B2 EHAM BRES, Wi
T —"% AHMHumanEval 55T M R VE .

A TR S AT

o ARG RNIE- NSRS B HA LS, S T — M pEs & S Bk J7i4SpanCs, /]
LURF B AU A e NI 22 M BIRES -

o AT ZEF A AU B EMHumanEval, W L10F BRES (BFFRIE) |
T AFHF ORI E = (RS A RUEE

o FE=FPE TR ABA FAYSLIREE REH ., SpanCS—EUL T BT AR E SEARHE ik .
2 MXIE

2.1 BIESAEAER
TN E LB S EURMSET, mREZMERES HFITRBERNREETRIES

o =ZlEPEEES RS E, %71?—2@?\3?‘:. KIE, HE, 20245E7H25HE28H o
Bl BB
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CEFZEIE) FIERGENRZEMES - EREERRIE S R a2 a8 8oh BinE S
PRI, AT —FEUR SRR TR (Qin et al., 2021; Liu et al., 2020) . HEIE &R0
PHEERIAELLTHAE, 56, REES RS B AR D 5| NBUSM I 2R
AR CENH, BE- NG ERBNERTIANT —&FM BB IIGELR) ; Hik, 1BG%
WMNBENEANEESZMES, B EESEHEEAER TIES RN E, EaessLilTiE
FRIMFIRITRE X, B IIZR07 15 38 AN RS [FE 5 RE R S S A R 43 31|
B, EERILLEHRR, MITBEERRL) - B p S g dam W 6 B BGE
T SE A, Rt EE F BRIE T H AR E S AR S D ENER, B R R A AR B B R RN
FHENE - MABESIZIFE, AT OISR — 15 SR TR E TR S 5 A B A B I 3 L5 B AR
A (Tarunesh et al., 2021; Gautam et al., 2021) » A3 H #)SpanCS 5 (B 4T HE TS &4 77 1)
ARZ AT, Er L S% EF G BRI g A EME R, I BATRERIEREY
A PATIIGEIR R S R ERA . EEERNE, B IGS B0 MR AR
e E, RYIGEAART2ESN THERS . ZUSEENEERERRNT: —hH, JgkdE
FINEMIES, TEERERFES (WEE) | ofMEB KRR I EI AR HNES
WIERE . H— 0T, FREISEFRN P RS —ME S BN LI E — 1T AR AR R, W
HF—N 2B S I AT & LR AR -

SpanCSHI %7 — 1Mk T/EZERNIE-Code (Chai et al., 2022), HAEFNZGSREFGIAT
REFFATILSSEIFEE, DMELSES A AR . SpanCS5 Z ARIZ AT, ERNIE-
Codese— " NGRERIREAY, 215 5 R AR IR B i & 1< FIE-RD > T2 RS A skt
5 <FE-JE B> RN AR B AR, 1 RERE USSRl SE IR =0 57 - SpanCS&—
FRESTE SRR 1L, BEM B <IBMEH- R >STERREA B0k IR0 3RS X 57
B, DUHE S R — SR AR KSR AN Z1E S LR -

2.2  ZiEF A B A v

— M HEZFET & RN EEN T A PN ZIESR N2 REE . EREE R
1, Wang et al. (2023b)iBiI FrEEWCEFPMEEIEATE - HEFHRE < BRIES -S> P17
IR, ¥R T DIRIE A H O CoNaLaEill B (Yin et al., 2018) « 7ELLZEAM ., Wang et al.
(2022)3t—PFFE T BITM A G, BN AT DU REIER R A SR, BAFA ARER
I R FE P RS E RS B 2 B S T AR -

AR EMES AR H AIMHumanEval 1 X BI7ET: EH4E, MHumanEvalfEANFTEF Z A&
PATHY, BIARFHES H A BNESHHIREE L B 2% M, B AT DLEE R il P 25X 48 [F] 7Y
FUETAHTHES EZEFSEWIMEREZML - HIX, /EAHumanEval (Chen et al., 2021)F)—Fi¥~
&, MHumanEvall5 ] _E 7] DL (A7 B2 A T HumanEval (N8 B TA/E . Flin, K HIRE
= FIMHumanEval 5 £ w818 FJHumanEval-X4H &, BIA[#iEH L HRIES I ZREIESH
HoRAHMEZE S R RE .

3 ik

AATREM A 4ESpanCS, —FH TEIE S A AERES ORI 7% . W 2R, B
SESpanCSFHFE F A EIFE N BIRES A, HaRlHmET o hFa (83.2) - RiE, HE
WHE AR B ARE SR E R B A EX5F, Rl — RN <RIBS A B-BIRE S R B> R
JCAH - AR BCREE SRR BVRIE S A T R EDESL ), BAE B /IRE SRR AR
HEMA R B (§3.3) - &, B ES DN EFEE—NRIES F B B ing
FREBEGHTESA, RIHE— B REAR (§3.4) -

3.1 fFgtmid

KIXFHREFRERREINEZE (Flan, V) , #FHASFERREIZZMNERES] (F)
), FREAFERREE B V= {1, ., V,}) o DU, JRES#ERR ERE S
DHNFERNS = {S1,..., S VAT = {T, ..., T,,}, HASFIT, 5 BIFRENEANFA]- 3 A B
I B HTFANRTIFER, Flan, SHNEANFAFREIFE N TFRSERMNAE (B&iElk
Rl RARHNS; -

S AP IR HIT T AR 2 RN AT LY -
B =PRI F R, FTI-AE83, K, A, 202447 H25H ®28H .

Bl boiwx
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Translate the text below in {Chinese}, be careful not to translate variable names, function
names, code, database schema, graph and HTML.Your translation should not include a
prompt, such as: "This is my translation" or "Translation as follows." Here is text:

{Given two numbers X and y, add ten on x before doubling it, if x is odd and y is a prime.}

Figure 3: RHRVE S R B IRE S R HIR R A ARG - 20 Mok a7 Bl RoR H
PRE B AR AOURIE S AR

3.2 4]

HREIFESHARS, SpanCSRFEAER— MEIKENE N B IRE S AT LR SHIT Z [ FE
M=k EH, AT ATREE S E TRFHERMES, Flinsios memnbtE 4%, X
R TE R AR P BRI, PR IR 5 22 AR U RS A IERATE - B, MRE I BE R
FRCRAE U R A0S B R AR P 2 (I FIUE SRR 1 - SRTT, B3 B AR A X S AR P il 5 4
imogﬁ,Kiﬁ&&ﬁTﬁmmﬁé,%%GmwsTmm%&ﬁﬁE%,E%%@%E
e 3FT7s -

TEMZ )G, SpanCSRHETE A HVME S A 0550 ka1, ot Enr UE=LE
RHSEG(S) = {S1,...,Sm}, SEG(T) = {1}, ..., T}, EHFSEGERSAIRE . BIEKME, &
A RPRLEE R RUOTT BEH AN, DASCHRRJR SERG VR Fr BON ST AN Z R 7 BR MR i ik e« 9 SEIi% H
b, ARSCRFTREZHMCER T8 AV BRAF, il B & ZENSE A& 4 -

3.3 XI5F

B PR PR S R B S 5B S B B AR E S R 18 XA S5E - SR, BT
M EMESRREESIRIES NEMFAREMINT, KI5 M LUFE 7 625 3 3
17 WMERFTR, RIBESMN="TFAHEIER BMES A FA, BIRESHEZAF4A
[FIIE 5 B B ARG S RSB = A TA) « NG EIRRIET, SpanCSHIXT T4 A B (Span)
T RFEAT o« WFFIE R IERALE TR LS, ., S VAT, ..., T, 50— R BT 57 10 F BT
H{(S1:4, T1p)s oo (Sjom, Tym) } EHS, FIT. o218 LM B AELSL T AFH -

BRTE, SpanCSKH T/ OB IESL I A B 57 LABRAR AT FF80R - 4 B9, EFESHITHIE
— NFAER— MG BICE: C = (S1a, Tra). HiK, RSFITHIE — AT a3 REIH
AL R BT EF, ISR A& B FAaIREELEC, = (S1.2, Ti.1)FIC, = (S1.1,Ti2) - &
J&, Wi LaBSEE & (Feng et al., 2022)1 H&EMEENIFE S H S HIRE S B ZA1E A
LUE - RCEAREMIE, MERREEREEEL(S).1, Ti.) DEEE L X5, FIbLL
WHEAM N — N IEXM R BITH - BN, C Ao, 2 M EFREMUENTEKENFTC, HE
B LRy Bt R, B RN T AR — SR E L I .

E_EARWFFREYEF, FBa SWTREM T A GEIEAIINTT, AR ENT BEIRE—1
R BTG RET R — D PR UERR - RE WL, SpanCSIRREMMEIRE — 1 ETT
H, LIBRRITE FRIBMFAEXN TS, LMELE R — S T iEiE g .

3.4 H4YH

LEREN FT IR WA BOTAM AT, EAF DIERMERIR Iy #IRF NG JTH A IR
BERBEEWES B, RETEES B PR G g . Jik, ST aEL AR
TCHRIEEAR, BRERR 2L, BT E T2 RERENER TR M ERE SR, T
TRIRBSEPRM IR o O T &R Lk MR, ASCHARE T B MU iB e Btk B PR KBS,
DURRAER—PMIT PR - B0, SIUEEREmAN 222, g Ta5% TR L
FOCORFFES - HIR, (ENIRS THRIEMES (IMRIBAER) BWHRDE, RICEDEREAN
RIS RS KR, RLES AR MALSIET, MEhRA TR ARES TR -

ETHBREMNEA A THLAWPIREIIABRSRE, KOXIT T —FETHEBEED
(perplexity, PPL) WIEZHMLH - T RARTEZE (beam search) FIEFEMRIL KA TS

VRSB EIR T EE 2B S HRIE K Sent Align (Steingrimsson et al., 2023), #N§5.5-
B =PRI F R, FTI-AE83, K, A, 202447 H25H ®28H .

Bl boiwx
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BEREFTRNDHBRENARES FBOAS . £BROE—DF, 23HF T - BoTdAm
JRVE S R BRI HARE Fr B R B A TR i L, IR 5 IR B H IR B HE P i top- K ke,
K FRIRARHIR N -

WL, RAUEEE _EIGRA RBR v 55 N RS T LU St P O 511« [FIRSF, AR
TR 5 S A A AT LU R v IR A AN AL R B o 1% VAR — D VBHE [l R R 7%
FEFRPR A B ) T BB A M ARG I Hiing - HETLUNWAHE, ASCFRINZB I
T T B, WIEMEERRGER BF, D% 42 T IEME, K%M 1 R
BRI A BN - HR, ASCAOnZ R E P A] DL R L AR SRR A1
FEE L BN R « Z A PERFAE, RIS E BB S A BOEX TIRE S R BE R % L7
RS Bz e LURIE B —E S BB VR, AR O T B AR #, Rl T DUBE M AN i
TEMERHE, OURE = R R -

HETHREHM EETRBEMEARZEM L, A 0S5 AT ET REAINAWLHRF
B EE S M - LR L, HTEE S MtokenBUE TR P S ILEAHER, KEELTE
WINREAENFES ZAFERE - AERZEZE, AR SCLRE S IR A HiRE S 1A
RREEAT TR . BARTTE , BB MIRTE S HARiE 5 UIZREE R LB 00 MEA, 7350T
FENMRZRE, EPRESERICAP, BMESSERICNP - K5, WEP/PIERIENE
PES A BUEARE RS AR, DU-P A O E F (R A A

4 ZiESREALRER¥MHumanEval

AT Z 8 F I EEX T E BN A FIE SRR EREE . R, B US4 pd
UM AR X EERAR R E RS TR AR . A, ASCR HumanEval (Chen et
al., 2021)JZETE (en) HAY B HABILIESHE T MHumanEval - 2% Qin et al. (2023)H)
W, AXMEZESE/EHENAIE (bn) -~ #EiE (de) -~ WHEFE (es) -~ EIE (r) - HIE
(ja) ~ & (w) ~ BILAEE (sw) MRFAEIE (te) LLEPGE (zh) -

BERTIE, ASCR A Tl A7 Mk iR 555 58 M Human Evalli T8 5 iR 2] B bR 5 ik 1080
Fo SEAMEESAR, REBERESPFEATOE —SERTF B, flaRies, Xeq
BAERIE R RLRFFANAS « A, ARSCEEBRIRE Z AT iZ 38 7 BT T AN ThRE - Efd i,
B PHEAREER—ZERAREMN— A RERER . A TRIEEEGEN R E, e % Er)iER
MR B AT WIES R (FlnfEiE - BIEFE - KRBT W/\%, HEER—RE) M=F
AR TAERE, RitEEEmEd2000F - BORTE, SMRES (K5 HBIAEEa B ing
= AP RLAR 90,0655 TC -

5 SEIS

5.1 i

SpanCSRFAHE A& B EdE 7 1 BINE S b8 2| 2 M HEAM HRET - AR H Y
L AEE Nevol-codealpaca-vl, 6 Ei&evol-instruct (Luo et al., 2023)— MRS, 7ECode
Alpaca (Chaudhary, 2023)#2EfH_EAEB) B EORY BMR . ZEOEIEEE 111,272
A, HICENMENESE, N TENE- GRS ENSHOAERRKFE DT BN - N T #HITA
FR AN RO AAS, AR SCRERL IR T 10,000 FEA B SE5G, R & A iZak e B R L
LR S E TR L -

5.2 FEEHIE
SRS panCSFIZEREAR LUK B51E S AR MVE U N R AT T i . BAREZIT.
e Base: UIZTREAR T2 B R EM K AURYE B bRE S fiA 4 sl .
e Cross-Lingual: 7E<ViE 5 MR- >GIAEGE Dk, FIHKEME TR R A B
briES LRE

"https://f.youdao.com/
Shttps://huggingface.co/datasets/theblackcat102/evol-codealpaca-v1

o =ZlEPEEES RS E, %71§—A§\§§\Bﬁ. KIE, HE, 20245E7H25HE28H o
Bl BB
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e Translate-Train: *{f <JfifE A U% > BUREIFE i< BVRE S AU > B0E, HRm
FIRAHTHRUANEESEIER 7% (Hu et al., 2020) - AR, ZAEMNBIMES#
REH T SpanCS5 A IR IGPT-3.5 TurbolIEIIELE R (£ 11§3.2)

e Code-Switching: 7 —FEEFHIEE 7%, U—EMME A3 H0.7) BEVLER
JRIE = Tk P ) BR R O B AR S B -

EFRERERNE, AXREETIETFRIIAETESIEMEEH 7% (Tarunesh et al., 2021;
Gautam et al., 2021), FENATHEIZEITEREHEBRIIGERIENT T REZEHEBME S S &
PRSE AP ARREN SR -

5.3 JIGS5HERE

PR 247 15 SpanCSHR A TE R 1, I AT LLE A FAFM R AR . Oy TiRt4E
TH] YRR B, A SOGe BC T ARG A R AT R FH T i B = RS R B AR O = TRTU T
S5, BFE: CodeGen2.5-7B-mono (Nijkamp et al., 2023) ~ CodeLlama-7B-python (Roziere et
al., 2023)F1DeepSeekCoder-7B-base (Daya Guo, 2024) - E{EEL N, BINVBH T, FICRKFA
REERSHEMAREE -

FFHER ‘ T ‘ bn de en es fr ja ru sw te zh ‘Avg.

Base 6.7 9.1 109 103 11.5 109 9.1 9.7 7.9 11.5 9.8
Cross 243 371 463 457 396 365 42.0 274 243 34.1 35.7
CodeGen Trans 28.0 40.2 451 432 408 359 384 29.2 231 42.0 | 36.6

CS 28.0 371 4v.5 457 371 384 402 262 26.8 36.5 36.4
SpanCS | 28.0 39.0 469 46.3 45.7 42.0 414 268 256 384 | 38.0

Base 237 311 426 341 341 335 359 262 219 347 31.8
Cross 304 439 50.0 54.2 475 396 414 31.7 29.2 45.1 | 41.3
CodeLlama Trans 34.7 420 506 50.6 50.0 38.4 46.3 262 256 43.2 40.8

CS 317 47.5 50.6 51.2 463 40.2 46.3 262 29.2 426 41.2
SpanCS | 34.1 420 56.0 53.6 53.0 42.0 46.9 304 29.2 45.1 | 43.2

Base 201 347 445 347 323 420 39.0 292 231 475 34.7
Cross 396 615 628 628 67.0 57.9 597 329 347 59.7 53.9
DeepSeek Trans 40.8 63.4 640 62.1 65.8 54.8 59.1 42.0 329 59.7 54.5

CS 384 63.4 609 615 664 573 597 396 37.1 579 54.2
SpanCS | 40.8 61.5 67.0 66.4 658 57.9 66.4 396 329 62.8 | 56.1

Table 1: Cross-Lingual (Cross), Translate-Train (Trans), Code-Switching (CS)FSpanCSTE =
MUBETARER (7B) T HpassQ1455H - FJa—7F1(Ave.) FoRILIME S HFHIERE -

KIH=AFE T NHE TE (EETTEMSpanCS) ¥RA TR —HINIGESF - 5%
H BB RETE 0 FISOTA T Zevol-instruct (Luo et al., 2023)fi%E, A Hbatch K/NMEE
H512, ERKERE 72048 - IS4 AdamW (Loshchilov and Hutter, 2017) (L2577 5
Hr, HESEN1e-3, warmupHE1,000, T RERFEE = Tepoch - I EIE T 510K
W TSt ARTS . i pass@1 (Chen et al., 2021)F8FR5F 45 RFITIEM - ZESpanCSTTiEH,
AT W EARRA R NEE L6, JFIESHEIE, HIRES AIMHumanEval ) HAb L
MERES -

5.4 SKEREER

£ EEMHumanEval PE I F 0 F ApassQ14E R F IR - =N EFEB A EGEHES
M S FMEAK IR ADeepSeekCoder ~ CodeLlama~ CodeGen2.5, A& b ZIH 54 £ F I
GHEEHA-BNEDS . EEDCETEAT, Base/TIEH T D18 S BRBERE T DL K
BETRMHEEINGE, Rt SR EES T HEM 7% - Cross-Lingual /i ¥ 7E <5 18-
M >EE EadET THROE, #h 57 TIREIERE T, FIH T Base T VAR 7N B3&E T,
B¥E S G %= R T IIZRFr B, A B R B9 7+ = [A] - Code-Switching5 Cross-
Lingualff [ A RAH S5 s BB 0, WEB 7 78 80 1 28 o ol o 18 9 5 e @ B 7 5 (Rl A
HxRAZMAESN, %5 F 1 2&SpanCSPT 2 T 7L = - Translate-Train ) §8 % 74 A Xt

o =ZlEPEEES RS E, %71§—A§\§§\Bﬁ. KIE, HE, 20245E7H25HE28H o
Bl BB
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10
w/o Prior ®w/o Prior&PPL

0 I
(| | "1 ||

-10
bn de en e fr ja ru sw te zh Avg.

Figure 4:  SpanCSEFRE T I A (w/o Prior) 5 £ REAETHBEE M EHEH(w/o
Prior&PPL) A ELSS « B MR ECRIE T 5 THR S FpassQ1 2 (H -

You are an impartial rater and need to rate the pairs. Below are segmented sentences from two
different languages and the pairings of these small sentences. The paired sentences are required to be
semantically aligned as much as possible. The pairing can be many-to-many, but the fine-grainedness
needs to be as high as possible. The score range is 0-10. The higher the score, the better the alignment
of the paired sentences.The formate of score is [[rate]],for example:'Score:[[10]]'

{Given two -+ }; {#FEW - }; {<Given two numbers x and vy, Z5 E WML T x fl v>, -}

Figure 5: =T GPT-40%f 57 I PFAN AIFR7R 1A « T FIRE AR LD B o BT s BORS SR
A SEERRES L . BRES RN TR/ A BOTAH «

B #, HAEDeepSeekCoderflCodeLlama®: T 17 I i FCross-LingualfiCode-Switching, {H
fECodeGen2.5F THAL E55FHA /7% - ARIOANIXBHT AR ETREKZES RN HFAEE
5, EREFESYRT (fliiswSte) , Cross-Lingual 5 Translate-Train?E CodeLlama b
ZFEE KT CodeGen2.5 - DeepSeekCoder A2 -

MEZ T, SpanCSHISFEI R M —BUL TArE LTk, BZRTAEESITEENE (-
test, p <0.05) o —JiM, SpanCS#t—H T+ T Code-SwitchingfI1ERE, UERA T 15 By #l -1l
Gk, LA BON BT A R B AR B R L —BRIE R . A— T, A3 T Translate-
Train, SpanCSFEK T CodeLlama=f THEREMEMFTIFIES (swhte) IR THATREMSE, £
HiSpanCSTEBEF I ENER . FNf, R dB R By, ZulEX
HMERNMERNER T ANEES Z B H . 47E, SpanCSEIEFIA T #3F- I 45 D%t
RIS, S EMORIE TR S AIE C—EUE . SRR TIES BN TR A, N
P T REAAERE -

5.5 ST

R T2 T fESpanCSHIERME:, AL LIVERE T FIDeepSeekCoder N F- & 31T T H
FENBIAT -

HBESLE 9 T 0P T SRR RN T IR 23 B B X Span CSEEAA R TR, AR S0
MR BEESRAIEAT TR MR, B4R TR STHAR R ITEREEE . oo, MNETHRRERNESA
RRERETRISAINA, 45FRiCw/o Prior HIX, FETHEBRENESL (GEETERAM
) By —MEEY LR, RIBENLEE — MRE S AN BOg o 5 B 57 B AniE =
ABL, ARIEHw/o PPL. SKIREIRE R, HERRMREEERZ N, RULXM - HLHS
RAMEREIFAERRAITIAL . H, te 5SHMEFTRNA BT EFRAET, KEEx D5
Tl BN RE - (FA—15%, RIT=ADETEET AMITER PR, tefI4ER
TEITETE S HRIRIGE - B, HT R R RS A RRA R T B e N R R, AIBERF
FEHRANRE «

RERIE 5 M B ARiE S RIEST A0 57 U BOCAH R SpanCSHI R BEP IR, I IEBIA A DT
O FT RIS A RME, AR SONIUA B ARIE 5 & IBG00 M EAREST T - X FFRCRIIEG
e MBOERIES, FPEMEEARRIN G X ZME S SREMIR, B A L& ERE B &S
=R G A RERE A, BISE R ARMECECE S & PRS- BRI ATSH{ A\ LIE(Zheng et

o =ZlEPEEES RS E, %71?—2@?\3?‘:. KIE, HE, 20245E7H25HE28H o
Bl BB
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al., 2023a), HHGPT-4F B - X TAER, GPT-AESEHMEESIIFEN EEES ASE
ATHARIS — 5t - BsER THTIENMRR AT, ARSI ENERLE =15,
SRR R RRIE S A - BB S AL ST BT A, Fi N0-105 R Fsr o PR
LERWMER2FTR, DO RIS T 38K HSent Align KBS (Steingrimsson et al., 2023)¥3K15
T RET9.55r LA ERIESy, IERH R E IHE RIFANFTRCR - M2, BOARI GO SRR 5 Bod
FERR (382, Greedy vs. SentAlign) DL EET X 5545 R BT AR (5£4, SpanCS vs.
SpanCS+SentAlign) FJB&K T SentAlign, HX}FF#E & Sent AlignA74. 7% - EITE TR LM
T, ET SentAlign=EISpanCSH F Bt 51 AT LAtk — B4R AL A2 s P RE -

T ‘ bn de es fr ja ru sSwW te zh ‘Avg.

Greedy 9.44 958 9.82 9.74 943 976 959 881 9.65 | 9.54
SentAlign | 9.51 9.76 9.88 9.77 9.57 9.83 9.67 9.14 9.75 | 9.65

Table 2: SpanCSHFHHBRHT FLMKH (BIA) 55T Sent AlignEhAS ML 8 1 77 ¢
5, 5RO AR A5 B PGP T-A80- 1085 08 (3759 .

Wik ‘ en es ja ru ‘ Avg.
Cross-Lingual 50.3 444 44.5 59.1 | 496
Translate-Train | 47.6 44.4  40.8 54.3 46.8
Code-Switching | 50.3 45.5 40.8 58.3 48.7
SpanCS 50.8 50.0 414 57.1 | 49.8

Table 3: & 71EAEODEX N ZEVE ) pass@1 45 5 .

FIE ‘ bn de en es fr ja ru sSwW te zh ‘ Avg.
Cross-Lingual 26.8 341 432 37.8 420 34.1 359 243 256 408 34.5
Translate-Train 28.0 341 420 384 39.0 34.1 38.4 268 26.8 384 | 346
Code-Switching 25.0 323 40.8 384 384 329 378 256 26.8 359 | 334

SpanCS

SpanCS+SentAlign | 28.0 39.6 45.7 414 43.9 323 37.1 28.0 256 42.0 | 36.4

25.6 34.7 475 42.6 426 323 371 28.6 23.7 39.0‘ 35.4

Table 4: 477157 DeepSeekCoder-1.3B-Base & T 1A N fpass@14%

ZAAH NEUESpanCSHIZ (L, R3EIR A T EEAEODEXE M 2 v Y45 8 - Translate-
Trainf ) FEHEREEES THM A E, FEERAEERE (ja) FAHIE tw TRRIERE,
X S5MHumanEval £V ERI4E R —5. M Z T, SpanCSTEG T & IFHIFHIMERE, I 5F
PE THIFE (es) BIMERE, FRPAE A DU MR AERE S 22 AR B HAES -
Rt — P I UESpanCSTE A Al | AT FAERE, AU — 0% T b T 44 77 £ DeepSeekCoder-
1.3B-Base” FHIZER o N4/~ SpanCSHE1BE R AR RIS T &0 FH e, UEBHEAE
A2 N ERIFER &AL

NEE  E6ER T SpanCSFTranslate-Train (DeepSeekCoder F & T SpanCSZ #Mr Fx4%: 77
%) BipassQlFgbrbEE 2R FEFI 2R ML o SpanCS L1345 H33 & A5 F| T Translate-Train ) £ 4
PEE, [EIE, ZEFE[EDN)IZR&E N EER S Translate-Train 3%, WEBAHE B EMAIIIZGRCE -
EBREENE, HTHEEEREESHTOTREAMAE, FILEMIESEERE RER T
IR 25 (i 22 T BT B 1% (W RI8HSpanCS-Filtered) & REXEA FIE1E, S BTG FEIE 5 H A
T REMWL, TERMRER O E RN SE 324 T 5 2 Pl 2R B A& A E S o -
i BIESHRNZORANFRESMEENTT, DIRERESMIRTEREERES . N T
B X 5F AR, ACERTHIBIPCA (Wold et al., 1987) FiEE/R T X & FMIE S 1)
PR 2RSSR - 2B Qin et al. (2021) BRI R E, ASXMMHumanEval H FEHLEE

TERIEAL TSRS, HARSKIEIITETBEFURTY EEAk, RATIENLS5.3 .
B =P E Rk, %@flﬁ—?ﬁg:ﬁﬁ. K, hHE, 2024F7H25HZ28H.

&l ERWL
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Figure 6: Translate-Train5 SpanCSIIZRECE - 1« IRIR A F RGP E S pass@1 4553

Translate-Train

Cross-Lingual

Code-Switching SpanCS

Figure 7: ﬁé?PCAE’JB%F#ﬁ?ST?MJL AFRESHIAEX S - ?iéf)%ﬁ‘liﬂljﬁ’]%ﬁﬁ%%i‘ﬁﬁ%

B 53 A LR 2
FERUR T

ZR A EIPUA FY% . SpanCSH NEH HI A i 7EFS 2

SR AL,

VB [A] HXS

Z0 #1

29 #2

Referring to the dictionary labeled as 'B'

It should be able to surgically expunge those
key-value pairs wherein the values are
marked less than 10. / Dictionary B

B = {'one" 1, 'ten": 10, 'twenty": 20, 'zero': 0}

Implement a Python program to parse the
given XML data ... Adding to it, the XML
data includes ... <subject>Maths</subject>...
The program should also handle cases where a
subject list may be empty

Code-
Switching

Referring -8 &3 ML étiqueté as ' ., It Sfbe
@é)‘s CIIOCOOHBINH -5 chlrurglcalement
A3 those key-value FIGT wherein &s
valeurs are marqué $¥ than 10. / Dictionary B
B = {'one" 1, 'ten": 10, 'twenty": 20, 'zero": 0}

Implement &, Python mporpamma -8 parse I
donnés XML data ... Adding kufika it, el XML
%¥l includes ... <subject>Maths</subject>...
The nporpamma S5 (&3 $GaDO casos rae €

tema kuorodesha GTINJIJ kuwa empty.

SpanCS-
Filtered

Referring to the dictionary labeled as 'B', ...,
Inapaswa kuondoa kirafiki key-value ambapo
thamani zimehakikiwa kuwa chini ya 10. //
Kamusi B B = {'moja" 1, 'kumi" 10,
'ishirini": 20, 'sifuri": 0}

g3f6 3N @AW AT $B~ e @3y
aEavad oo ... 99 W3 ey
FeIfE® e a6 - <subject>sifdw</

subject>... The program should also handle
cases where a subject list may be empty

SpanCS

Kwa kurejelea kamusi iliyoandikwa kama
‘B, ..., Inapaswa kuondoa kirafiki key-value
ambapo thamani zimehakikiwa kuwa chini ya
10. // Dictionary B

B = {'one": 1, 'ten": 10, 'twenty'": 20, 'zero": 0}

aF6 SARBAF (AN AT I~ e maq
aaavad sdfe ... 99 W3 wedafd
Seifee e Qe - <subject>Maths</

subject>... The program should also handle
cases where a subject list may be empty

Figure 8: Code-Switching, SpanCS, LA} SpanCS7E B 2H P IR FH T i FRE A IR -

AREE LSS

~Code-Switching 11 R AL, BN F# 1 THEFEIE “be able to” B “be” B A T %
FEEF AR SR IR, REIH#2H HIERIE “adding to” I “to” B R T HT LT 1B A

FCFR HEAR .
BB (key)

T100MEEAS, BFRHETL A (]2

B =R EEE S RSB UE, %%lnjifsﬁ KIE, E, 20244E7H25H%E28H o
: 17298
(c) 2024 FEFPXFEELSAVHIBE AL WERS

SRt P RUR N S R B EBORBIE IR PRy, BN, ZEBI#1F Pythonid
Bl 42 XMLEHE PR ZE N ERHT A -
(16/32) HIREEIREFHEATAIML - EFPRE—A0E
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—ME SR — AR, SEEEE ST

FERTALALEE R A, A A 57 R8RS B BN P A, RIANRIE S A 5TRS, Rt
RS E = R R E SR N E S o Cross-Lingual JIETEAR (AR B2 FERHHEL T, AR
BERRRSAERZE S EMEA Y% - Translate-TrainfJEE 5 AR B V8 5 MR &M
WGRR, AL — MBS 57, I FFREE IR, X 5FRURS Cross-Lingual i HH TC B35 2
5 o Code-Switching 5 HARIEL T IAZ A X AR H AN EE - oG EERMENRH A
RS - ASOA X R H T HAERE A — BB ER, (AN FHgiE~ 4 TIRE - Mk
ZF, SpanCSHIAFIE S HE M MAERZ S FEN A L, W T HERANTTHE

ZEH ot B8 R T Code-Switching ~ SpanCS A M SpanCSH 7EF: T 1Y IR 245 i B 40 D IR HH
ERF AR (32 HSpanCS-Filtered) - 7EHLZ - FXFE BB T, Code-Switching )t
IRE G K EER . B, FERFI#1F, 51E “be able to” B “able” # Z& /5 [&] & X3 “A N7 1Y
I E T o Translate-Trainf1SpanCS /7 ¥4 T KR A g B 72, BN B0 & 7
RLHIFE AR, POZR B MR T B A7 A B B0 A KRS, 1) 40 28 45 4 1 R 427 Span CS-
Filtered B3 # A B FIXMLEGE - R, SpanCSHJ LATE f5 £E5: T [F B0 ) E4H I B i Bh AR
TS RARETY O RAR AR B o A A 1R BRI R B 12

6 4w

ARIHEH T —FhE A B R E A A B B TE S BE # U7 ¥ASpanCS - 5 ILE T 1AM
t, SpanCSH MM BEIriEF B S HIFES LN UHERER, RIRREE T W # Z 8 /35 L
—EHE . AT AFHIEN ZFE S Z AR AR EREE R, AR T — MREL10FIES
FIMHumanEval?FlZEE - 78 =4 F FHREA FRSCEG A, SpanCSHIFIIVERE BEIL TG %
B . WA, SpanCSEAENMIEH TIRES LB MEMES TR, RNESRET
HIIERRE -

£
AT ZENE R BIRRHEHE S (No. 62236004, No. 62206078)%5101 H ¥B «
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Abstract

Visual Language Commonsense Reasoning is a type of task aimed at understanding vi-
sual scenes, often used to evaluate the multimodal commonsense reasoning capabilities
of Al systems. However, reliable commonsense reasoning needs a detailed understand-
ing of the scene, and existing methods based on fine-tuning pre-trained models are
often incapable of effectively utilizing the object relationship information present in
specific scenes, thereby limiting the rationality of their reasoning. To address this
issue, this study proposes a scene graph enhanced visual language commonsense rea-
soning generation framework SGEVL. This framework first uses a sequence of image
patches to provide visual information and employs a gating mechanism that incorpo-
rates an attention mechanism to empower large language models with the ability to
understand visual information. Based on the visual language capabilities of this frame-
work, we further propose a method for generating scene graphs without positional
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information. The generated scene graphs can significantly enhance the model’s under-
standing of scene information, thereby guiding the generation of high-quality answers
and reasoning. Experiments on the VCR, VQA-X, and e-SNLI-VE datasets show that
the performance of the proposed framework surpasses that of baseline models. Fur-
thermore, through ablation studies and visualization results, the effectiveness of each
module in this framework is further demonstrated.

Keywords: Multimodal fusion , Visual language commonsense reasoning , Scene
graph generation

1 58§

REZ A - E S ST EEBE T BERED, R H S8 PERE . IR,
H T X s R ) < BAR A i, HATRRMEC SR T — 1 B R - e iE S H iR
Fe— RFEBB MR FAE A B E A TR EEES - BEd, HniES BRES#
¥ (Vision-language Natural Language Explanation, VL-NLE) (Dua et al., 2021; Kayser et
al., 2021; Pliister et al., 2022; Sammani et al., 2022; Whitehouse et al., 2023)iT#5E] T 12 HY
REE, HOFE A O TRALE S RES B AR 2 5 IR R AN E R, R A AL AR R
B B 5 ORI B — 25 78 AT -

WA, FATAIMAEVL-NLEZ MR R T RIF A - ZERAMEREBED LS KED
AR EHERRZER - G, £ IREEEESLE (Visual Commonsense Reason-
ing, VCR) (Zellers et al., 2019)7, H99.7%HI A& « 97.6% ) 22 F198.8 % ) #E 4 fF T [R] If
S TRNBEMENNERR . FEE— DR SRR RN A) T8 6 & Bt 1w
SA2N LA ERIR R - FRalH, S AR FHEE4DN R8T KA HllN, “He is sit-
ting in a cushioned piece of furniture. He has his briefcase on his lap and he is engrossed in a
book.” B & TUI FAIFKRA: “He is sitting in furniture”, “briefcase on lap” Fl“he is engrossed in
a book” o [RI, XX G B H R A MR AR08 S HIRMER P CEAER - LB
], H#E A2 “what are personl and person3, and person6 doing?” B, — N&EXT G KRR
IR AE A T LU BIZR 2R “personl, person3, and person6 are having a conversation. Because:
personl is smiling and person2 is looking up at person3.” o IR, ESLFREIZ RS, 1% “dining
table” F “cup” ;X K K BE WA RE S IR I Y B BT RSB R — PR S &, TANE —
ARERIS R . T EIRE RS TR AR R, 20 7 FEIE A R - E,
22 R BN 5 5k AT A A AOTEHE “they are eating dinner together. Because: they are sitting at a
table and have drinks on the table.” Il & A5 -

T LU EREE, TATA S BRI T G 5 RN, NS EETE R R
X REIRAR - =& (Krishna et al., 2017; Qiu et al., 2023; Tang et al., 2020a; Tang et al.,
2020b) B 2 — TN Gk R AT A ROTIE - SR ELR T SN H R AT E S5
HAgN T AR —ING, BMEMAERWmSRZERRFR . Fla, wEL (o),
7E = Jt4H “(person, holding, cup)” ™', “person”Fl“cup” X%, “holding” M&xK Z& - BT FEEL
WRZEIMEFEFIE LR R, UREEFZEESPEERERM T HEEBT (Yu et al, 2021;
Wang et al., 2022b) - % BRI VCRIEHHIEGRIIER B FAMMNEMRXRER, HREEE
WG A R ES R E N — B RREANX N T H - &R ER R EERITRE G E S W
RIEHERE R . A RENS RS, && W7 E 561 B i Faster-RCNN (Ren
et al., 2015)% i) B AR &84T ARG, SR /5 TRINAG IS B9 B AR Z R R & - RTM, 1d %
HIRER 7 Gt B A ORI TR R BEAAFHER R, RH T EZ2RLHEIFRAE (Dhamo
et al., 2020; Dhamo et al., 2021; Johnson et al., 2015), XXI T KRZEZE T IFIES RN ZE L
i BEE AR R, FATA AT B AE N B REITE S1BA! (Large Language
Models, LLMs) A] DAZETC 7R O0 BAS B HSE T B I X 53 P13 S 2 TR RTE 7R 25 R 5K 42
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|a)RE what are person1, person3 , and person6 doing?

FARSEHRIAY  person1, person3 and person6 are having a conversation.
[EIEFNiETR Because: person1 is smiling and person2 is looking up at person3.

BinSEHERY they are eating dinner together.
EIZFNEIE Because: they are sitting at a table and have drinks on the table.

they are eating and drinking together.
HELIRE Because: they are all sitting at the same table and they have food
and drinks in front of them.

(©)

Figure 1: —PMSEIE S HIRBEENG T (a) EVCREUEEFTH—1Z%. (b) 2—1MN
(a) PR RE . ER (o) F, BATRR, B 7N E B 00 E &M
H, B=ATROS R ERBAEIEAEE, &E 1Tk BEIEENE SR -

N TR EREE, AR T — s BRI R AT & IR A BUEZESGEVL - h
TOIRBUE M AFERE R, % ERACLIP (Radford et al., 2021)H7 . CLIPHERY i) gk
R — IR ER I — B G miE e, BT BRGSO R EG, 985 R t i E g
SR [A] B R R B — DA HI SRS Z A - CLIPHERIEYIGE R T3 23 7k, JIgHE
S EUR R SCA TCEL S R AVERAERE ST o KT TR A I EAGOURN, IEIEREAR AU R R, fkE
XTI TEAIG o BT ACLIPREZY IR B A o BHRIR A §E 1) LLFFIEIRENAE /1, BEMB IR i
FEEREMRIER R - Bk, SFHCLIPFAEBRINT FIIERFA, HETESER K
B ENLE], TR KTOE SR B AL [ B RIRE ST - N T SEBLEE AR ARG, BRATE
5E#EVisual Genome (VG) #3EEE (Krishna et al., 2017) Ll s B AR, H AWM RIES B
IR S BB SR A O N R R - EE M EpromptiRil, 45 &R 5| 54 fim i 2/ [E
ERER . FATEEVCR (Zellers et al., 2019), VQA-X (Park et al., 2016)Fle-SNLI-VE (Kayser
et al., 2021) = A FREGREAE T 7058, G5 5R BoRTATER H 5 A B sh A TG a1 L
HRESE T ERTTVE o TERSCES AN R AL A5 SR — PR B T IZREZR R R R - AR SCHY
FETTERA T :

o AXEGEBAT FRFIFIARRIE SR, 5IA T —ME&ERNRRATEYLHIETES
AlE, T AZOE S R B (E S A EE

o ATRW T —MIEAER BRI R E &S AN — MR T BERS R ERE S, FRE
e R R AR S B, 51 S A A o= A B AR

o RIAE=ANHIAFEIEE LT T RERER, J0IE T AR HAEZRBUS T THH5R
PERE T IARIRR -

2 MXIIE

s EE S T IEHBIN S BRI REUER . BARU, BB AFINER A
gity, B8 T EAR— IR, BVERARSHmT AZEFRXR . RENFER
NERZZICHYERE, R, BiB)”, HPFIBNEBHT AFR, MXRANBERBER-
D= BAER (Scene Graph Generation, SGG) (Lu et al., 2016; Li et al., 2017a; Zhang et al.,
2017)7&— TN E1E = FHRBU R IE UCRIRIESS - VA I st B AEOTIERT DL AR - 56
—REFEH NI B HFaster-RCNN (Ren et al., 2015)% H R 77 %517 B AW,
SRIGAE ML R BT 2 RTM (Lu et al., 2016; Dai et al., 2017; Liao et al., 2019) . % EF|E#%
PRITLRATRER R HAB TR A LRI, 3B MO IER AN R Gk RRVECE T (L et al.,
2017a; Li et al., 2017b; Xu et al., 2017) . —LET/ERETHREPHIKEFRE (Zhang et al.,
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2017; Krishna et al., 2019; Zareian et al., 2020), 3 H T LW =EERK (Yan et al., 2020;
Wang et al., 2020) - b4, —EEAFREERH T M ES R EERIE (Ozsoy et al., 2023),
HEVREAEA RN FHESMERE BB MR EER . REIE RTS8 £
X mEBERNRE, (AESSHESS AT S BRI -

LB s BEARIEBS BB (Vision-language Natural Language Explanation, VL-
NLE) (Dua et al., 2021; Kayser et al., 2021; Pliister et al., 2022; Sammani et al., 2022;
Whitehouse et al., 2023)7& B IR E SR 1ESS (Natural Language Explanation, NLE) 7EZ1#
DAY R - T BEE AR ARG B AR 1) B IRE S 0] TR R B ST
2o e-ViL (Kayser et al., 2021)2& — M4 VL-NLEAE S FIWAE W, HFEEVQA-X (Park
et al., 2018) ~ VCR (Zellers et al., 2019)Fle-SNLI-VE (Kayser et al., 2021) = M4 . M H
IR (Visual Commonsense Reasoning, VCR) (Zellers et al., 2019)2 HAHE N E JH—I
ZREMESS - VOREUESERM T REBAEGIIME R A, HEETXLAE BN & R -
B ETE AL S VA A e B SRR Y D A e T . 5 2 A BT (R R B AESS ANF] . VOR$E
AR TUE I M B AN R A FE RN 2E L, BERERNGRELMEREEE
R, DR L RTINS H IE R A B2 B BRI R o Oy 1 v PR T B A UHEBREE ST, e
ViLRFVORIES N5 RAEF M NS - T ECEFHE TAE (Dua et al,, 2021; Kayser
et al., 2021; Whitehouse et al., 2023)E0 ] T = FIERERE ST - FIU1, e-UG (Kayser et al.,
2021){# FHHUNITER (Chen et al., 2020)1F J T AR FEAT AR TN, NLX-GPT (Sammani et
al., 2022)38i3)I1%5— M FEBAIGPT-2 (Radford et al., 2019)445 & & R FIAEREA AR - JXEEH
‘Vfﬁ?ﬁ%?%qjﬁ%zﬁﬁ*%ﬁﬁ%%%U\J‘ﬁ?ﬂ’%fﬁ%ﬁ%j}i%ﬁﬁﬁlﬂﬁ, (0227 SESMUII TRy N
HFEZEET

3 A

N T AR A RS BRI E R RAE ST, ARG T — Mg R BRI T B R IR
HAR T ESGEVL . T EE T AN GRRE, EERIBEERERNNRE, RE
FAY R ERMEEAM N E S IR TR . BAERMEFR . Hf, & UITHEE
PSR, QAMNMIRIE, O = (01,00,...,0,) WM EBFHIX G, EfnRRmSHEE -
ETMEN = E-WEN B, FEGIFHTFEIIP = (p1,p2, .., o) EALEEAX,, RKE
BN R B AR SE Rprompt(E A SR A X, - BIRETI— 1% EG = (V,E), EFVHMES
BRFEET SRR MG, EERMTIES B IRMEENE RN, M HEGIF%
TFIIP = (p1,p2,- .., pe) VERNBEIAX,, X RQF & G & AR /Rprompt /E h i
AXio BFRBEEMERMBRI,G,Q) — (A R), HHARKRER, RERERE. RANHHEE
R A, REEGHIFE BY T 2 &3 HAF & H IR -

NG T 51 -
>
[R%: XFRE
“what are personl, person3 and Context: person holding cup;

peront, dong? e e . <k o[BS SAHETE

: eup
ing table behind iy, 4Rk
h

ing handbag;

= = person wearing tie.
ﬁﬁlyg‘% =E —» Question: what are personl
“person, cup, chair, handbag, |§|{Eﬁi§ and person3, and person6
tie, dining table” doing?
= — I3

XFRE =28 N N —
Create a scene graph based on an image —
Fhat mc.ludcs multiple objects. Your task Em ﬁﬁg: @g_'. jEﬂ
is to identify the key elements and “person holding cup;
relationships between these objects in =% > o 7 I _—
the image, as well as their spatial person sitting in chair; Y g . g )
arrangement  within the scene .. person holding handbag; Because: they are sitting at a table
Objects: person cup; ... cup on dining table... ... ® and have drinks on the table.”

/

Figure 2: SGEVLIEZRAILEH I « IZHELR ESCIRTE B R AVHN T s M ik sem L pli i - R
Ja, SEaEMER, A RATa TR B E AR -

B =P E Rk, %@8413—2@9[@ K, hHE, 2024F7H25HZ28H.
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3.1 MHBFETEE

HTARAE SRR CABESHEE, TERAMHERSRER, BHASTRH T —fMET
BCSLER R TR Oy R SRR M SRR T - N T AR RHAE T R
e, FEABEENREMLEE, FAEHCLIPEA! (Radford et al., 2021) K E5FN T FF3)
WIthP = (p1,p2,. .., pm IENREIAX,, FEERH— DS 2R H R8I 5 SO A R #IRE
JRYERE, B SCONMRIEEMEH, - 8E, 8K BB R ARG 1L o i A A0 ST A i
NIATIAS RS S IR A5 S RS ISR A = HL -

H; = TextEncoder(X}), (1)
H, = Wy - X,, st. X, =CLIP(I), (2)
H, = Attention (H{WQ, H,WX HWV), (3)

He, XABEZEmEHSM ;A DEREE, 5K ZREHA 8 E [ E M E [
2, W WK, WVYRIW, 3 AIF R 23] 55 .

Oy T A A R TR SRR (O SOAE GBI RE S, FATSIAN T —FR TEALH] (Zhang et
al., 2023)F BIFEP D AFIFIRAS o BIE, X ERERER M EHA SRR 2 7 & H A R IR
FE LT P . %, MRS EREERARESRZEMEMR, Hilidsigmold MEGTH
HITTEZEN - &da, RS EESERE M EHAM SR E FEH BRI 2 [
EH;. SRR LRI

A = Sigmoid (W - Hy ® W, - Hy) , (4)

He=(1-))-H + A H,, (5)
W HIW, PRI F RS RIS 5 BETRZ B HAE ARSI G A S 5 5 A 1)1)I125 5 13 .

3.2 FEMNEEBENZREEAER

TAL EAR BRI 5 B A B F Visual Genome (VG) #(#E% (Krishna et al., 2017)# 7
. AVGEIRET, 8- RKERESAFRHEENTRE, MiXL 5 E PN REERDE
HEIANE o« E—MREPAFIF, Fral/NORFR, W0 “hair” F “finger”, JEH &6 & HERE)KRE
B, FEERERNZFEPRREREERD . MK REFEESI S RTNEL AR
B, TEHENT RS B OCHERIMER « B, O TRIMERIIZRAER, BATH VCEIESE#ET T —E
FEFEBOIRTE R o« IRIE A A3 5 B = oA A T8 SR R X SR AP 2 RN R 5O R Y
B R BETHET . HREERIS0 TSR - X7 R C 28 A LAFESRE RER 3 B AT &
HERHBRA 2 E R BB =TT4H -

T REE S RA T A eSS R B HAR B R, B, 8 TIIGREIRE T
M EEERGREAREESN . FNIAEHG R P& DN FES SR BEBIRE R -
B2, T Bk BRI 5 e A [R] 4 BN GO BT AT RCR AR TR B 8 P BT f 3
WEEAHRRNESRE—NFT . Bl HRPHFELES D “person” WG, FFAAHINFE X
H“person0”, HINHIXZE X “personl”, HLURME - RN, FATHMA T AT EE R
R R, ME(E1E, None, FiB) FI=J0H, PAYIGRE NG TERFF RAVHE L -

BARRYL, ff FHE T Transformer (Vaswani et al., 2017)FIAKZE S BAIFLAN-T5 (Chung
et al., 2022)/ENETEA, ©R— i gs-EiD 28284 - 222 Vision Transformer (Dosovitskiy
et al., 2021; Liu et al., 2021)7E 1 5 SRR DI B2 &, Fedl 1 H 203 VIR A CLIP AL 7 $2 B 1A
BN T FIE R A - SRR R R B EE N RN 7 B = THFIG =
{suby obji rely; ... ;subs obj, rely}y, HFoRIR=JTTHMEE - IHFET IR THLT 1= E
RN RIZIE X, = {suby obj1; suby objo; ... ;suby obj, HITEZAI RSN - T BERSH| A
REE SR ERFESWRE T, TATME T UK 7R “Create a scene graph based on an image
that includes multiple objects. The task is to identify the key elements and relationships between
these objects in the image, as well as their spatial arrangement within the scene. Objects:{X,}
Scene:” « INJEFF UARRNE N AKX, EBINT FIWERMERAX,, Zad 53177 AR
SR AR5 A BN N H R B G -
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BT R E R 20— MFFIEIFFSIR), B, RS AR E N A B E BRI =
BESEMIEEER

L

Lsg=— ZlogP(gl | 9<1, Xt; Xy ), (6)
I

He g BN ERRIHE, X B SN RELBRNX SRR, X BRI -
3.3 MHIES HIRMEHEE R

FEM W IE S HIREENE, MiiEs BRIESEE (VL-NLE) ) H P& %4
XF LAY EE, BAERREW A B R R EAEE . v TR R A — B, FA]
BEXWMANBERAESEHN—A, BRI £ EEMAER . BRI, B HE
TTransformer (Vaswani et al., 2017)f) KA T BFLAN-T5 (Chung et al., 2022){EH
FFHEA . FHCAER: “Context:{G} Question:{Q}YTEN L AEFAX,. HH, G =
{suby obji rely; ... ;sub, obj, rel,}TANRFEFEI2THAERMYRE=ZTTHFF . HEQFR
TAQ = {q1,q2,--- sqn}, hREAFBBKE - S TMEEAX,, FAEHSHEY R BN
FEFICLIPEGAN T 5, HE 3.1 BB ER A TN SE TSRS -

TEEERE, EYREERNEZE, BMEGRBEEE—MENAH— RS =TH
ERLHI R E - R, HEAEFTE R = JuEE R R, B =TT E A SO A O AR IR IR
EFE R, T EATRELGI ABIME S, SHEFERGR S - Hitk, 5 7 IR A B VR AT & 3
HERR, TRkl S REERN = TTHEREE . RICKH T —FETEEREFETE: TR
RERIAIER R R EG, TS 2R CLIPE R T B & D = Jn B M ER KX A bR i
WHLES - WG ZERTEF, Gor8esRsEUERE, RRENEFEEGY
Fo BN AEFESERE—THE, RENEFEETHFEEFEERHEFESIN=T0
Ho P BREEESSZH/NTEER, FAMRELEETH =JcH, BERAREERN
1k

[FRF, FATRF RS P R EZEFEEE DL “{ A} Because:{ RY FIEXAEIEN(Q — AR)E

RCHIIIZRPRTE - ZRBIVL-NLERRIR R EXLEE TP FHES: (Q — AMQA — R),
AT A A3 T AE R B SCAR SRR IR - BB R, X T FHESQ — A) (Bl AR,
AERLEZ) 1% E “Context:{G} Question:{Q} Answer:” B AR “Answer:{ A} FIEAE R
T T FIESQA —» R) (Rl AREMEE, £f#HEHE) | "KE T “Context:{G}
Question:{Q} Answer:{A} Because:” ] ¥ A F1 “Explanation:{ R} ) EE R M 2 - H
E%: AFIRSY H) R AL AL A B E AN E AR RE - B, VISR AP A AL B SR 1€ S0 LU B AE X
TR -

I
Ly =—) log P (yi|y<i, Xi; Xv) (7)
%

Hrf, g 2RI, XoRE & REQMZ REGHIAREIN, X, FRMEHA -
4 SERERE
4.1 LRGN H R
T VRAERA TR ABRAELR, TS DU AL AT I
e e-UG (Kayser et al., 2021): e-UGRGPT-25UNITERSS &, i Faster R-CNNZRE X 35,
AL RFAE , KO B RAE SR AD A St N\ o 3 3 K AR, X 3 1] ] A ik A\ T 8 SR
AR S, HFFHUNITERA - R U NS RGP T-2 -
e OFA-X (Pliister et al., 2022): OFA-X¥OFA (Wang et al., 2022a)IBERI(EH £ T, T
& —PIFRIEE A D 25 AR 15 88 TransformerZ8 A8 o ZA TR A (m) AN DU AR RS BE, ARYE
R o — -2 T D 4 1 B T RETAE e 18 TE R 8 SR DR -
e NLX-GPT (Sammani et al., 2022): NLX-GPT/&—M4nfidss- DAl mxf g7

G Lo T ARG TR OGP T-24H 5%« B JefE M BAREESS LHUISRIG W IGPT-2,
IEFEVL-NLEEIESE L TH0A -

o =ZlEPEEES RS E, %84?—2@?\7ﬁ. KIE, HE, 20245E7H25HE28H o
Bl BB
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e UMAE (Whitehouse et al., 2023): UMAERFETOFARR . HZ MEGRERIT T HNM
FISCARSER, HAEVL-NLEAESS LT 2551114 -

4.2 FNIFERR

ATV E R RER R E, FEE TR E S F IR AR RE, Bl
RN B AR BRI i 18 5 H R R AR AR RLFR R T4, (Ozsoy et al., 2023; Yu et al.,
2021) -

T EMNEGEEDRBREMR,. BIMNRARBAZ AW HE R (Heuristic Tree
Search, HTS) (OZsoy et al., 2023)KIFME AR E, ZHEHATHEBRZANESEEH
IRECE B 25050 M B, AR LIFIIEREI - FATE LR T 85 FInes
JFH R s, SRR R XA E T f R Bk B B R@50F1100 -

T ES HIRMEEAR, RARH T ARMIEMSITE, B85 8shFEME AL
WAL . EEFEM T, FATER T BRES ERBIFENTESR: BLEU (Papineni et al.,
2002), METEOR (Banerjee and Lavie, 2005), ROUGE-L (Lin, 2004), CIDEr (Vedantam et
al., 2015), SPICE (Anderson et al., 2016)fIBERTScore F1 (Zhang et al., 2020)- [[]Ff,
IAEF Te-VILFEFR (Kayser et al., 2021)#F7 M - e-VILIEAREHSy, SpFISoE M, 4 HI4L
FAESHERE, ngramZE & 7, DLKE S (SPFISpRIsEM) - Spiilid it EROUGE-
L, METEOR, CIDEr, SPICEM&i4MIBERTScore F1HI VAR FHEGEIH . H T 52 HiHY
TAE (Yu et al., 2021; Whitehouse et al., 2023; Sammani et al., 2022; Pliister et al., 2022))
TEM R RE R AT b, FRATT R A ot I8 e A A it SR R VAL F A 1B B p PR e - BV
PR, KA T0.928BERTscore S {E R AW [F1 2 4> B IEFHYE: BERTscorellkT0.92/[EZ
PWIN R REIRA), TIEE0.920 B EHIN AR IERPK - i, 238 E N EZ#IA R & E
WRE, FFat— DA AR o o, AT T AL, TS ZEETIE (Kayser
et al., 2021)FH A FEHLAA IR k300 & RIEF RG], R E 77 E M “yes”, “weak
yes”, “weak no” fl“no” FEEE— MER MR T RENS MRS M2 A0 25 5 -

4.3 ERBHPEE

FESEEE A, FATE A IR FCLIPRE TR+ T Fe g VB s A, TN 4502
FIFLAN-T5-large! FIZ ORI R . FET s B AR B, FoA 1 H RN ASEIHLIR KN
SRR HGERS NI - EMIES FIREEA RN B, Bl 1 B R/ N 16 BIREIR R/ IN) IR
B HERAN IR - EWADBTEF, #FHAdamWLILES (Loshchilov and Hutter, 2019)&i/l|
GRS REEE N be>, G DES IR E NIk o 145 IR A &2 0 5k i
T—IR3SE, ORI BRI T SESI7ESSKNVIDIA RTX 3090 24GbiE + AT -

B | AFUE | R@50 RQ@100

SGTR v 30.38  34.85
pPix2sG | X 2481  26.66
ours X 25.93  43.61

Table 1: Visual GenomeZ{#E£E I A7 & KA i AER QK ¥ b5 I A SLIG 45 5 .

5 LRSI
5.1 BRI RER

SREHHFEERBERAR, AIFRHOTERAT EMEBE, RIAEMD FAE
FERNMVERR - FIb, BATOCR AR Z SRR 9 BTN, 2R WR1ET
7~ o SGTR (Li et al., 2022)5& — &G 514 T 8% 2 i 0057 2 B A& SRR, © 50 3 I =5 4
TRAEIA T S B ERWA T R, AR 0 FA A EY A - Pix2SG (Ozsoy et al,
2023)% i 742 H AT ME— AT AL B BOE TR MR EERAER . TR TPix2Seq® T

Yhttps://github.com/jianjieluo/OpenAI-CLIP-Feature
"https://huggingface.co/google/flan-t5-large

B =R EEE S RSB UE, ?8@3—2@&7% KIE, E, 20244E7H25H%E28H o
1l FERX
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£% (Chen et al., 2022), X2 —FHEEM Y ARLINESS FoR 0 72 T 0 AR AR o SEA 4,
KU, SGEVLERGiM7 s FIAEREIIMLL, fEBERQ100 LG BERRTT . MAELTMER
BHNE T, AR E 7 A ST /ERQ50FIR 100_E #RRE S T Pix2S G « X SR AR K
TR A IRZE S LS R RE B8 T 1RTT, FFREB A RUhIRR SR 1)
ISEIVPES SIS

5.2 MRESFIRERFSSRSR
FATHAFEVCR, VQA-XFe-SNLI-VE= AT RS F 31T T 5558, 5T 17
T, SRINFTR . N HEFRIEAFEGEE 5 BT R T

5.2.1 VCREIEEMTLRLER

WIEF2T T, AN —ST/E (Flile-UG, OFA-XFINLX-GPT) fEVCREUIEE FFEI
H T A BIPERE o A TEBLEUFISPICEX FE fn-gram¥8 br L1505 AK, 38 B X LA 7 A pl 1)
A FEMSREMILAFE—EEE . 5XEEREL, UMAERERERE THEIMEERT, &
FERBLEU-4\6.6%3& M 2113.4%, RILH T HEafa) 74 —20E . R, SHAMEARMEL,
BIESTHEIR LR TR T KE10%, 32 B EAE plsd A ER P E AR AR R R -

AR FITTES SERT O TAEM LIS T EZ08RA - Bk, WA THREMRLE,
B ZEMETEOR ~ ROUGE-L ~ CIDErFfIBERTScore 43 #3A % 720.9~ 34.9+ 57.5F190.1H97%
gy, M T BRI R, XEWRE DR BRI RA SR E] Bk R B TR AE LS R
AR U HEAEUT R . BN, fFe-VILIEFR L, SGEVLIESoMSE 5 BIEUE T 28.3F145.6 15
B, RS R R RE S A B T S A

5.2.2 VQA-XEIEENLKLER

FEVQA-XEHESE SIS B an# 2078 « SGEVLEn-gram FlFEFRFBERT ScorefE#7 I
BUS T E 98 . B, METEORMISPICES S T &m0 E, 4051 824.08124.3, F
TESp B b BRI, B3| 750.6. (H2&, HTVQA-XEESE 2 M rE Z R A+
KERE GRS R EEr 7=V |, MR En TARKEE K, FEinEEn
HEHSRE, XS RESECEN B R . FICESS R A SR T EEA B Fe e DR T 4L
FHiE . (BENGEEEERIAE, SGEVLIREIH T BIFHIRCR -

5.2.3 e-SNLI-VEEIEEH)SLR 55 R

e-SNLI-VEZ{#E 6 b 0L I8 45 Rt RIE R BH T Fo 142 H BOHEZE A0E 3001 - IR¥E K2R 145
R, AR BT EETE R L EBSE TR S5, KR EMETEORFIROUGE-L4
fEtn Lo Beoh, SERETAEMEL, BANIPITEELGZEEE 5 So LSEM T7%0I5EH - Xt —PHiE
SETHEARHAERREBIEEEMTZRYRXRREE, ERFEYREBENERE .

5.2.4  ANTiF

HT EF GBS FIOREE AR E, AN EE YL T R 9 &
i BERT Scoreid i F1 R 24 13 8 A M e A AT 7 N TV o RN 3 75 ZEAR I A2 B A HE 2
BEAEIEEZ, M“yes”, “weak yes”, “weak no”Fl“no” PU- -1 H &t & — RG] # AT 1R -
PR 25 RN L3P R o RS IR AOREFI 5 63. 1% 5 (51 BT TR 4 WA AR I M UE RA R
BT &R, RESARMMEG AR LA SR TN AR o XM ALIA
HIBIAE, HRER IEERIE R AT & F IR E G BEMR . MERZST LIEAEFF, “weak
no” il “weak yes” B ELE L T HEK: | THEGE R “no” B ELBIRIRE /)N, X EBHAERIZERFELIE
WERIIEOL T, MR R ERINRES IR — & BT e 1k -

5.3 {HELSEE
5.3.1  RlE AN E AL R AL

HATHEAT 7 IH R SE 5 LU T MR R AN R B AR AL AR - SR R4 R o B
1, DETR (Carion et al., 2020)7& — /> T H br& M 49 i 2 i B9 £ T Transformer )
Ao CLIPH T2 AR AN T FP A AE AN & R AL - AT LR B, MH T+ T 551 4
fiE, DETRAE X 5P E R B 8 MRMAEE . M4 RS A | R E R H 5 A A

o =ZlEPEEES RS E, %84?—2@?\7ﬁ. KIE, HE, 20245E7H25HE28H o
Bl BB
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‘ e-ViL Scores ‘ n-gram Scores ‘

VCR | So Sr Sp | Bl B2 B3 B4 M RL C S | BS
e-UG 193 698 276 | 207 116 6.9 43 11.8 225 327 12,6 | 79.0
OFA-Xvycr 23.0 71.2 324 | 245 144 9.1 6.1 122 251 485 188 | 79.8
OFA-Xyr 192 620 309 | 223 13.0 8.0 52 113 243 446 178 | 79.3
NLX-GPT - - 32.6 | 247 150 9.6 6.6 122 264 469 18.8 | 80.3
UMAEvcr 225 56.6 39.8 - - - 123 16.7 28,9 482 27.4| 81.8
UMAEyT 228 56.6 402|314 229 176 13.4 175 295 473 26.5 | 81.9
SGEVL(ours) | 26.1 61.9 45.3 | 35.7 24.2 17.3 129 20.7 34.5 55.6 27.4|894
VQA-X

e-UG 36.4 80.5 453 | 57.3 427 314 232 221 457 741 20.1 | 87.0
OFA-Xy 45.5 92.6 492 | 640 494 37.6 28.6 23.1 51.0 1102 22.6 | 86.8
NLX-GPT 40.6 83.0 49.0 | 64.2 49.5 37.6 285 231 51.5 110.6 22.1 | 86.9
UMAEMT 31,5 776 406 | 475 314 214 146 202 351 503 19.1 | 854

SGEVL(ours) | 43.5 87.5 49.8 |64.2 48.6 364 27.0 23.9 448 103.8 23.1 | 86.7
e-SNLI-VE

e-UG 36.0 79.5 453 | 301 199 137 9.6 19.6 27.8 8.9 34,5 | 81.7
OFA-XyT 35.6 789 451 | 324 218 152 108 179 314 1082 32.8 | 804
NLX-GPT 346 739 469 | 370 253 179 127 188 342 117.4 33.6 | 80.8

SGEVL(ours) | 41.7 739 56.5|39.8 27.5 17.9 12.8 249 39.7 114.7 43.9 | 89.3

Table 2: VCR, VQA-XFle-SNLI-VEEFEEE A IEIFEMLESR . B, M, R-L, C, SFIBS% 7l
#FRBLEU, METEOR, ROUGE-L, CIDEr, SPICEFIBERTScore F1. &% NFrJVCRZE
TRZEBNZEVCREFEE LIk, MMTHRRIZRT 50 2551145 -

‘ No Weak No Weak Yes Yes

TS | 5.4% 5.2% 26.3%  63.1%
TR | 9.5% 29.6% 29.1%  31.8%

Table 3: AT PSSR - “d i85 2R 0O [B1E IE R R EAT B AR BRI E - o BRI 2%
71 RIS B 91 P B AT AR

B o BATANX EERF NERIE RFAERE RS, BTEEZRNNEHRSETEENE
K, TN T IR AT DU KBE SRR AL [Rln, BB E .. -

0T ROEBA SRR S LH A AR, B A A S A S VLS AT Tt — 2
o, HEE RSN T AT . HA, “w/o D"FRTINATHRE, RINABEGFIES
Al ELH - SRR E R, MIREASHIR G B2 MR T4R, APl T AR -

5.3.2 EFAFE KI5 sk B {E

BN RN AR 137 57 B 7 iRt AT T IR R SRS - S5 EORAERe - FTLIMERE], HH
(ECE M0.80F, 5 v FIAE R AT LUA S| B LRI RE - 98T, = BIERFREER &R, 5
R T REES, EERTAERZRERKE . Ak, RO RER”R2SE R
EREIALE, MIRHELFRERENGRER SERS RN, XERR R (R AR

MBFAE | 4% | RA20 R@50 R@100

DETR (100, 256) | 10.07 26.00 43.39
CLIPgopar | (1,512) | 639 1582  27.56
CLIPaicn | (49, 2048) | 10.92 2593  43.61

Table 4: 1# FHAFERL 5 AFEE ATE Visual GenomeE g5 1737 5= A BRI TE Rl SELS -

o =ZlEPEEES RS E, %84?—2@?\7ﬁ. KIE, HE, 20245E7H25HE28H o
Bl BB
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| So Sr Sg | Bl B4 R-L BS

SGEVL (w/o I) | 13.7 433 317|279 56 250 77.8
SGEVL 26.1 619 453|357 12.9 345 89.4

Table 5: 1EAFA AITE B SCIG L5 R

Fi% | BT B2 B3 B4 M RL C S BS
SGEVL (w/o #&K) | 35.3 238 169 125 20.7 34.5 53.7 26.8 90.0
SGEVL (w/ 0.7) 354 237 168 123 20.0 33.6 498 265 89.8
SGEVL (w/ 0.8) 35.7 24.2 17.3 12.9 20.7 34.5 55.6 27.4 90.0
SGEVL (w/ 0.9) 353 23.8 169 124 20.0 33.8 50.6 26.5 88.5
SGEVL (w/ 1.0) 349 229 162 11.7 198 338 499 264 886

Table 6: {3 FH AN [R5 &1 7 158 1 (EL O TH A SR 56 -

: what are person0 and person2 about to enter? 1% =MHE: book on bookcase; person standing
/ g | next to chair; person in chair.

[O]E +3EIE: they are about to enter a library.
Because: they are walking towards a bookcase
that has a lot of books.

#R%: person0 and person2 are about to enter a
library. Because: person0 and person2 are
approaching an area filled with books.

1#=[E: person has tie; badge on uniform;
person holding book; person next to chair; book
on chair; person in uniform.

[O]E +3EE: she is a police officer.
Because: she is wearing a badge on her uniform.

5% she is a police officer.
Because: she is wearing a police uniform.

(®)
Figure 3: SGEVLZEVCREFESE b 1IZRHB 54T -

B AR R ERREN KR E AR, Rk EmRRS R EETRAEEN S
HE . Fit, RIEEERATOEH0.81F )y H 2 K% B (H -

5.4 A4S

FATRER D FEFIEAT AT AL AT T 408, DI BT HE B0 U7 ¥ — 4> BEINTE M B A KA -
FATEVORE R & L E’]T%’M&F%QD BI3F R - AILLER], £ K Eﬁéﬂﬂﬁ%bﬂ%
ZIEFFEA R RRETERE - ZEE3G)BIFFH, AEREI“book on bookcase” #E i T iX & —
B RIEMZ s n gett, HEEERIERM N A T iX 1 =JHAE R T “they are about to enter a
library. Because: they are walking towards a bookcase that has a lot of books” - 4= A HHEFRRE
MR S B R IR O, BES IR LSS R, R RIE A BT %’”ﬁﬁﬁ@ﬁ# EI3(b)H
BRI A, FEFRARTYE A ALY “person has tie” Fl“person in uniform” =JT4H, 5 BhHEH
TRV R T —> 5 KPR L2 1) DL BC PR P RS

6 4w

ARILEEWI T AR AT A oV S R R B R ) AR o R RAE R AR
REE SRR Z WG R R AR B’J REFARIAIL, AT T — 3 5 R 5 ) O R R AR R
XA R AHESE R TN B S B35 B A R o 15 5 HREE A Al BB B2 1L

B =R EEE S RSB UE, %8421;2’%“97ﬁ KIE, E, 20244E7H25H%E28H o
1: 17298
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PESE L RYSER R AU T A 5 B T IR R L BCP UG T S A 0RCR B T AU T A
FrE s B E B T e B, Mﬁﬁ@ﬁ%ﬁﬁﬂ%ﬁiﬁlﬁlﬁﬂwﬁﬁﬁﬂé AL, AR3E
OO NIRRT T VAR, DUSIEREZR s N BRI - ARSI RS, FATRR
RERHEPMN R AERIZHE AL, FInasEir %ETEEEHJJ

7 B

% Bt 55 T x H R B2 & 4 (62106105) ~ CCF-H & fn &R H & (CCF-
Baidu202307) + CCF-& 1 KA £ 4 (CCF-Zhipu202315) ~ r‘ﬁaﬂn ﬁn%j:%ﬂﬁﬁ)i‘ B e
(YQR21022) %Dﬁamﬁzm%jt*‘:‘/f RETHEF B B3R -
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Abstract

In the context of global aging, dialogue systems with cognitive stimulation are an im-
portant means to maintain the cognitive health of the elderly. Research work on the
Chinese Cognitive Stimulation Conversation dataset (CSConv) and model construc-
tion has just begun. This study regards cognitive stimulation dialogue generation as a
multi-task integration thinking and reasoning process, and models the logical relation-
ship between emotion classification tasks, decision-making tasks and dialogue response
generation tasks as a reasoning process to guide the generation of large language mod-
els. For decision-making tasks, this paper proposes a decision-making model with a
hierarchical encoder structure. The decision-making experiment results show that the
decision-making model effectively improves the accuracy of decision-making tasks. For
the multi-task process, this study proposes a multi-task integration method to combine
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the models corresponding to the three tasks. The generation experimental results show
that the multi-task integration method of classification, decision-making and genera-
tion significantly improves the dialogue response ability, proving the effectiveness and
advancement of the method.

Keywords: Cognitively stimulating dialogue , Logical reasoning , Decision-making
tasks , Multi-task integration method
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Hrfh, nRoRMIGRE, dha)TRIGERESBRE - Ra, RXEHAWFRYZ 55
K B — R B E AT BN R B R SR (R BT RIS, BIE.(emo) € R4\ E,(cst) €
RMIE By (str) € R4, HoinRoR3FiE0EL, dHFRRBUBAEE - TN/ 50155 BN ik
RIGRAMTI, HiddmiEREREEHES R Hono~ HestM Hyyr . hI R AT RG0S R 45

B = EVEE S R, %ﬁfﬁﬁ—%&){aﬁ, K, i, 202447 H25H%E28H
: ERW
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=,
Hemo = (hémov hgmov ceey h?mo) (2)
Hes = (hly, h2y, . A7 hy) (3)
Hypp = (hlyps B2y s B2 R (4)

R Z G2 R MR, SNSRI mgE R IHE, 525 BHR/E Rt
TEGRIGLER: B A EAA KR BOR S B AR R Ses LU A& 15 BB RS IRSR (S B
HIXS TGRS Spy o

Scst =5® Hemo @ Hcst (5)

Sstr =5® Hemo @ Hstr (6)

Mg —FEE R EINT R LT XERFY], B, AR RS REN B H,
KT RKEHCZME (LSTM) FlTransformer Encoder B FIAN B Z544)

LSTINHE UL 0 — 5L B 5 98 A 28 O R0, 302 8O0 e B 2
BTN 2 BN 6, AT B U AR i ) bR OB . HO B R A
LS TMAEIE R G oo MGy, L U 2 O & R R Fgh, . Lot RS 8 2
AIRREE R, WA E 7R

Gest = LSTM (Sest) (7)
lest = argmaz(softmax(Wigly)) (8)
Gotr = LSTM (Sgy) (9)
Lstr = argmaz(softmax(Wgh,,.)) (10)

Transformer Encoderf&—#%: T H{FEE DVLHIFIER, felg@ i BF R A Ea) 7
HE SR Z B R, AT SE BN SHEE B AR A T - H T {2 # Transformer EncoderXf )5
AR RENEANRIRE, ASCRA—MIEBREZEE, (hp) € RIFEIRANZ A LT IRR,
HnRoRIIERE, CHEBZEE S 67 omiDesia sl 2 n |45 R FF— 3. BXHEamgss R
AL B IRISE R, % AN Transformer EncoderfSE|45 R M o My,, WHAHE—EHREE
B Eml, fm?,., ZEE&EZEEERE R A RIER R, WRE A E R

Hy = (hl,h2, ..., h") (11)

M.y = TransformerEncoder(gcst + H)) (12)
lest = argmax(softmaz(Wyml,)) (13)
Mg, = TransformerEncoder(gstr + Hp) (14)
lstr = argmaz(softmax(W;ml,)) (15)

BIU RE S RA, AR SCEFEH SCRE F R AIChatGLM (Du et al., 2022)/E N4 MR,
FKRAETRRITE, BT T EWMEERRENR, FE SRS i BT R R
RANTE A U BRI AR o AR S5 3R R ATEChat GLMAT IE MR H A «fn]. "2 )5,
BAEBIONENIR, BERANHS| S RIESEA TR ES, BN REE ERR
HE o RS REROETT I TR AR — B IARIRIEAE B R D RE I R ALES A
RHITI R G — N, IREARIE N FIRE RIS R IB S SRS e A S E B - e 1R
WK (FHARAY - S TEEFRRER, AR =MESEEERR, B “RIEH - H-M
REREEE”, ME—NERBHEE4E IR, UHETHERRSI S RESER AR . BE
BRI T “RIBF P A S P IESE N [{(BREIRE Y], NIZEEEARIRBUT 5 & [{ R R
%Y, R CCRRES B [RIE IR Y], PFTLARIE R o R EIE SRR A B Chat GLM*Y
EERT RS 25 BREMIAKIESER, FERURR, BT B & O R o AR

*/j—i//\:\‘_\g {%‘ 4%\ °

B = IEH E R E R RS, ;?ggsﬁi—%lpﬁ, KIE, HE, 2024F7H25HE28H.
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Step 3: IHEEE4ERITS

Stepl: DAL &  Step 2: KIS 3.1 FEEEAER 3.2: HERILRL
Uy (emoy: ) RS . 8): IRE— A EE AR RSTS AR A, (Ra05
i 3 TRIBF FHRGE—IEA, (BRI AR RS RT SERRERS
] [ Ry (csty: 1208); stry ﬁjﬁﬁ)ﬁlﬁ[ﬂ)]f / UNEE, WEFEIE: NEERGSERET.
: 3 2 IREAP RSB, MR AR ChatGLM
] = ; e Ty i, FL -
| Uz (emoy: %) TN o ETZ]? ;;Jama SRR RIERREE), FESN 2E,
- [Retesta i st RpERIOES) | I
. 0. BEREWE.
j LR - 1B & (REACREPABEAIRE, MXAEOANRRTAR
: 1 A (1213), SRR ARRIRE), FAESE, BRE U
a FREERREEALE, AT RERIER —
TERRIER!
YR L 5 2,

& IREAPASTIBE RG], RIZERISARRITIAR
[RRFAF, ERNERSHFRIREIRMBRNES], LRSS

B 4: LSRG T IE S T

ZAESE S AR E WA 4FR . BoE, REANEEELIBR REIHEREER - &
Ja, G5a S HEE LD SRS RS Bl R R S B AR T RN SR SRR R
B NREE R - e, HaBR RETMRFREIMLER, FrEHENE B RALNE
B, B ARG EEE S -

4 ER5HHT

4.1 ERixE

FEIF R R AT B I 2R 8 8 & bert-base-Chinese, % & % > & H2e-5-
TERFERET A, ) F % 5 25 18 B 09 7091 2R B 2 & sbert-base-chinese-nli, % & % >] & 5 2e-
5, LSTMAITransformer Encoderf % > K Hle-4, #LIRK/INHS, B PEE4 . 1HRUE B M
RFE BRI E 4% E 32, WA RS R L X g K B E NS AE - X T AR
B, B0t TR S S mRor B B i m B, R BRI ] Chat GLMI B Z Bl H 58
FPtuning & MAChat GLM? - WEBAFIIKER512, HikAK/NR16, BT N2,

4.2 VA TERR

FERFEBI VRS A, AR ER R (Accuracy) FIF143%8 (Fl-score) 1ERF ZIF
Wrievs - R 58 E BRI IERTINR S EE, MEPIBNSEEZE TEHREMAEZE,
NI LR S IR RESR L T P PAGFRIE -

A F AR TAE, LIBLEU(Papineni et al., 2002)1E 2 & % 38 4= Bl it & 1 45
¥R, BLEUERTH# &4 KUK S 55 OR Z 8 g R LE - 5] A TROUGE(Lin, 2004)%
PAEXTEE AU E . ROUGEMIE TPl A O E B EE AN e B« @ E oL, X
MREIRGE A, DB R ree - o, KR AESEIT T BERT Score(Zhang et al.,
2019), HUERERUARSESHE IR Z AIE SURRIE, #—2FE TIFNRI4EE -

4.3 XfHSEE

N T AT VA AR SO H R SR R IR SR AR S5 BRI, AR T — RIIXS s
3, WA EZFIRE AR A S TFTLSTMA 8 Bk KA T DM g A1 FTransformer
Encodert& & FIR IR DMy ans former = WLFN, 8 T BRERVPAL B2 EPEFIRE, ARHFFLHA
TRESEREERRFEBIELL T - BT RESEBEEEHEGE S, R CE 1R RIS
SR H ORI e . BYERE (CoT) (Wei et al., 2022)1E R —F1i% i Prompt(Liu
et al., 2023)8J71%, HlPrompt™ bR T H SR AFIH AL, N SHEFHP PR . HTIA
FIRBOIEIESS, WRA S M EEEZHRXR, TUASGEREMEHACOTI A, RIES
B B OAE RS, R A5 %3 27 BRI B $2 R 5 -

Zm %3% ZI—Q 5 DMTransformer%uDMLSTM%EW‘j‘ /l\ y&%{?ﬁ% E/‘j 7&6@ Z%%uFlﬁ%&i _\l%J_ ?Eﬁﬁ%
2, HMEM T FMRIERIDMrans former DM L7 ar B8 H RE S Seit i «

https://github.com/ THUDM/ChatGLM2-6B

B = IEH E R E R RS, %98ﬁ3€%-1/(\)9ﬁ’ KIE, HE, 2024F7H25HE28H.
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NFIRIBIR TRRSCRHRR

TR 2 FR
acc f1 acc f1
JE o S 62.81 62.94 65.96 65.29
BERT 63.41 63.38 70.53 70.16
DM ans former 65.96 66.34 72.54 70.93
DM 57 67.37 67.14 72.63 71.92
F 3 PRARSX LRGSR
RPN BLEU-2 BLEU-4 BERTScore ROUGE-1 ROUGE-2 ROUGE-L
CDialGPThse 17.55 6.22 57.70 - - -
CDialGP T4 e 15.05 5.47 57.81 - - -
GPT2-chitchat 34.61 21.04 66.37 - - -
Distil-cluecorpussmall 39.94 25.30 69.41 - - -
Cluecorpussmall 41.04 26.59 68.65 - - -
CSD 45.53 30.90 74.61 - - .
ChatGLM 46.30  39.32 77.67 49.89 36.82 49.51
CLC 43.86  36.27 77.08 46.91 33.80 46.28
CSMI-BERT 44.35  36.91 77.13 48.27 34.02 47.42
CSMI-DMr,qnsformer  47.92  37.23 77.12 48.18 33.94 47.57
CSMI-DM g7 48.83  38.85 78.27 50.34 36.27 49.71
CSMI-ESEHRE 50.41  41.26 79.85 54.87 38.56 54.19

K4 ARSI RGNS R

TR E S ERAES . PRy KRB SRR AE S R AR Chat GLMY &
T, AR ET AT 2EER. (1) AR (ChatGLM) : B HCSConvE 1 £
WChatGLM - (2) ETE4ERERUA (CLC) . ABGERTEMARKESEE . (3) £E5
A& 7715 (CSMI) = fRETIRRFITERA RIE SR . HAh, ARITRE T CSConvEE
£ FRERIF R AT, SRR R T E R ettt - BFE: ELCCCRFRA LIRS
FIIZRAICDialGP These(Wang et al., 2020)FICDialGPT 4,5 (Wang et al., 2020); FEABIIEE E
Y145 FJGPT2-chitchat; ZECLUECorpusSmallif k& I Il £ fDistil-Cluecorpussmall(Radford
et al., 2019)F1Cluecorpussmall(Radford et al., 2019), LA JfJiang et al. (2023)%2 Hi B9 3CIA
FIRIBON 16 REECSD -

MFAFTR, CSMUTIERITES & TR TAE, HILIEZESE T ERa RS St
P RN, CSMISARIREBIPIIES G R R R AR iR =, REAREE B T4 AL
BIEEERPGISER, BT 225G TENERES ety - B2, CSMISARIRE
BRI B8 K T Chat GLMAICSMI- B AR 5>, RN IR SR RS 5 ESUEAR, A&
RAEIE S REEESARANESR - HAT I, ERARBEESSVRERER T, #3REKE
BEREER.

4.4 JHRISEES

N T = BRIER R AR R EARTE RIE S A ERIL, ARIORIT T —RIITEESE
o5 .

ARSI I 6 i G 5 R S R AR S BNIRRAS BAE AT SIS TSNS, BRI T
PALSTMA BRI DM psrar, EFXT B —ER S i%tt, FEINFIRIBURSEESS ETH R Se g 4
R ATLLER], DIEMEEER - BRERMILRKER, EXREREIDM g = E TTRR -
H A 55 BN SRR BRI e, R AT LU A A B AR SR 5 8.,

B = IEH E R E R RS, ,?ggsﬁi—%lgaﬁ, KIE, HE, 2024F7H25HE28H.
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BRAMR DRE SEREE SRRERFEE ACC F1

DMpsrm 1 e = 63.51  63.79
DM_pstm 3 4 “ 65.26  65.65
DM_rstm 3 = i 66.67  66.32
DM s7am 3 & = 67.37 67.14

# 5. DM pspaRBAENAIRIBOR K AESS L RTH RS g g R

— PRI RTLR A fE

RS a8 FE 1 AR R T AN [ W SR R B (5 B O SR AR AT SRR - GIAR6FTR, A
TR E SRR AR R L IE T B RO AR AL, AT LIS = M S5 R R RE RO [B] B 3R
N, - BRE T KB SR TS EEMEERE ) - AN T HESIERERE, BLEU-
AMROUGE-LA I ARG T 1544, HIIEETIRR 7 1E AT AU K8 & R R 551
JRIRHBEEAIFERRRE ), R T & T IR AR A R -

TR TR EIFSR N Y FESSIRER BLEU-4 ROUGE-L

ChatGLM = = 39.32 49.51
CSMI = T 39.62 52.62
CSMI = = 41.26 54.19

F 6: FET IR P AOE 5 AL R S

4.5 ANTL¥FW

SHEERAESH, B EEEERRME, BN EICIE e AR By A= B 45 3R
52% B2 B IEIRZEE X R ES T HZER . BHASCFR T ATEN, N R=41F
BTN A B E AR A RCRE T

o M. PlAFEIERE TG FHAT G I0EE -
o FME: BRAEISREDSEIEA DY -
o (RIEITACE: HlasmIE R MRS HAREKGE R, SRR MRS AZ

RAVTACE

43 N E'ﬁ Nray = f':“
AL S IR e e

HRIE  4.61 3.64 4.24 4.07
Ef s 4.28 4.06 4.67 4.39
SEENE 4.43 3.98 4.41 4.56

P4 4.44  3.89 4.62 4.34

F 7 NLTIFZER

AR CSMI-DM sra E N T EORRBIN 5, PREE HAENASE L AIAEREE R - A0t
FENIAER R T = A BB E S B S ER B R 2, 3 i A~ (B2 1
MR FAER, SZBREENZRE . D R ERN S EIREY N 1-50, 2 BIFR AT #
25 - AFEBIFEATFMARSINALIN, SERARTTR - BARE, g EMREL
FCEERRIA RN T RIFAIKF o SCRAVEVES R, VR B HLESFEXRT 18 25 HY A0 [8] 55 AT L) 2 fit
%ﬁ%“ﬂj}o RFICECEE W AR, SRR S BAE N —FE <, ATLURIFHIGI S RIE S
RERLES -

B = IEH E R E R RS, ,?ggsﬁi—%lpﬁ, KIE, HE, 2024F7H25HE28H.
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4.6 HFIRHT

Uy BIERM T AN FIL.

Ry: M7 M AWE?

Uy: E T TACRETE T AKE L AR T HEHE -
Ro: REEEIR.

HFHA | Us: ERBRASHEHE, KR
RS L5 | emo: 5.0

LR | est: TR str: BERHFRES, HUS0H
BRESE Ry BHW! RESREE, HEKFET .

[y Se X

|

*® 8 FEfI AT

AR A A 45 R e B T — D IHERE AR E N AT RE B, [RIE CRAF T EL A R K
DRUUSGREARAILER, WERSFR. EANE T HOMFLMWER, HERSH DHMAIA
ek, AT CEHERASTERMEG, HMEREL . "HES . WTEARX—EE, HRrRE
BT AR ENGL, REETGH T 2R LGRS RS R, £ RETRYE
DALEZERAHEIE AW ! EBREQR, BRKFET - 7 BENEEEZHZ AR
A H T B NN RE QIR RS MBI - HItrl W, 1FR(E AR S BT LME —Hig
L, KEIFRESEAEERSENHEMRNES . FRGRE T HRAR AW E S
?,gﬁg@%&?%%mo%%T%H%@%Eﬁ&%ﬁ%%ﬁ%ﬁ,E%T%E%@éﬁ
EIERE -

5 R4k

ASCRANFIRIBEAES N BT 2K« REMEREF L ESME TR . T
H T REEIES, BT T A RS E PR« FRRE R SRR L R A R
S —i, RUSESEEIE . RESLEPIERMSLES, #IEM T AT R ERUE
SR « AR ANX — e, JARRIBOIEESS IR THRIA, AR T RHARIR]
BOEAESS IVEAR T H O R R SUE AR KA FR B T H MERZ B MER - FIR B9 IAKIH]
WO RS & RBE SRR TR TR - T BRNTERE S, RRFEERTE
IRER R HRAAETY, H HIRRE G AR AIE SR X258 00 SO FIRI S 55 1
R HHTHITTAR «
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LS

BEEEFRILKINE R R, BiESE RN R SHBERRIUNER . 523
A BT IR THE BRBURR, SRMEREZAN T EBES IR T ORIk -
TRMEX— R, ASCGRI T EES 2 UM EARES - BATELCMET 1 2n
HIBETE S 2 O MR v el 2, HORERH T — & T B4ERE ORI S =
Z XM EAERTTE, FEXEAT T SEREE - AESEE R, FAIMER T LMK
BERA, i A DI B e R AIERA TR 5% - SRR, AR A
T RGBT BB E S 2 UM E A RUES LBUS T BERMERRTT. NWRRES
BER T BE SRR AR L TR R T 5 -

R ZOOMEE  BIESWE, KESRA B

Cross-lingual Multi-document Summarization Based on
Chain-of-Thought

Tian Qi!, Jianan Yang?, Tiejun Zhao!, Muyun Yang!
Faculty of Computing, Harbin Institute of Technology, Harbin 150001,China
2College of Information Science and Engineering, Northeastern University, Shenyang,110819, China
qitian@stu.hit.edu.cn, 202064220stu.neu.edu.cn, {tjzhao,yangmuyun}@hit.edu.cn

Abstract

With the accelerating development of globalization, efficient transmission and under-
standing of cross-lingual information have become particularly important. Traditional
multi-document summarization techniques can improve information retrieval efficiency
but often overlook the challenges posed by cross-lingual scenarios. To address this issue,
this paper proposes a task for cross-lingual multi-document summarization generation.
We first construct a comprehensive cross-lingual multi-document summarization test
set as an evaluation benchmark. Secondly, we propose a cross-lingual multi-document
summarization generation method based on Chain-of-Thought technology and validate
it through experiments. In the experiments, we use several typical large language mod-
els and verify our method through manual and automatic evaluation. The results show
that our proposed method based on Chain-of-Thought significantly improves perfor-
mance in cross-lingual multi-document summarization generation tasks, providing an
effective solution for information retrieval issues under language barriers.

Keywords: Multi-Document Summarization , Cross-Lingual Summarization ,
Large Language Model , Chain-of-Thought

PP E SO E AR, B1I00- 1330, KR, R, 20244725 H 228 H
: Eawl
(c) 2024 HEAPELFSHIEF A LVERE 110



HEESY

1 58

& B FIIEA G BRI AR, AMIEINER BT EME . EXTMERT,
Z O EROR BN T R E B R p o TR — 230 E B7E N —A MR T+
RECFNEE A RBER, EREE - EHME, #5H RsE fEAR BUK & SOR BRI RS
BE . PEE ODEAM EZ2ES NARARE K, BiEE 20 E  (Cross-Lingual Multi-Document
Summarization, CLMDS) FIFEKH #3500, TN ERETGER B L TE R, 2 KEE
B OB S IR, MBS SRR AR, .

RO Z M E T ELE R BT OEE AN CRG— it E, BEBIESIR
T, EATHIREF I . ANRIES Z A PRGN  WILRE N E REFFEEIESE
BRI SBEEMES . i, ARESZEPEESMAY, RESTEEENES
gg@ik%ﬁﬁw[%ﬁﬁ’ THAE S AT RESh = & 05 FIEOR SR, XE—S el T BES 2 30

AIMESS -

TR, RMEESHEA! (Large language models, LLMs) @IGPT-3- LlamaZ$ 7t H /R &
FA0HE (NLP) SUSEUE T EEMASE, BIER OEHEESTRIIHE, ERHEREE
SHBAERAES - R, ANHATEZIOEHE, TEEBIBESY RN, XEEATREIRE
A E KR - ERE T EREPE - N 7 ek Sk, ARSCRE T E T R YR

(Chain-of-Thought, CoT) HIETE T £ UM EARKITIE, %7 B R AR ] Y
BHEMEERE, SRR PERRE, NmiEs T OEEMESNEET) - ARGET A T
BIREST TZ T IEERE L R R - RmFERE T | RE Pk, FHET R
Jila e ARLFEZHLLT =Tk

o R TEIES S OMMEES . P T XES I L, R SR 6 E BT
ST HHOBFII I -

o M T EES Z UMM ENHE - BADEL AL, WET — P 2mNEES 2 30
EMRE, IR REZES LR T — D SRR

o R T ETEYERERISTE S Z UM EANIT L, B KERIE T I EEBES £ X
T A A AR RE LSS -

2 MXRIE

2.1 HIHEHE

Z R E (Multi-Document Summarization, MDS) &8 M [F]—F /A% ks SCRS H 1
B — 1y BEAS 0K X L UM% O N A 43 & M 22 (B S0Wand (/D R, 2017) » 5 B U 22
(Single Document Summarization, SDS) HHH., £ CRYRHERM T 2T A FHA SR ER
HENSMA, ZETHRENCENFEERE M EZARNITRER, MRS T FEHEM
M2 SO BRRCE - Ik, 2 OIS RCH B 8 ORI — 1 FAU5 - Wang et al
(2020)F& H T g B2 M 2E, RITTH TR E OB E - MR EaFHRAREE . 4+
DR =L RN s R B N VAT e s 1 = REl i =P S S SO E ' =P
8] X RAVE LM FE /R - Liu et al. (2018)F| F Transformeri# 7% RS ELSS, N— RIS
FECEA T A AR SR B RCE - R TAEREM B, Liu and Lapata (2019)3gH T — &
T Transformer%G 14 LLZ K 7 SIS SR AIERL, B ER DGR RE R Z BRIR R,
2 OSBRI = m AR B B ORI — 1 PATRIKFS - Li et al. (2020)%& H—"H FHE
LEM 2S5 U R R B B AR S5, 1T G AT LA ST R RO AR AT DL ST B )
WA o 8 T WASFEPRLEZ R AR 5 18 XEER, Jin et al. (2020) BRI A Al
Z U BN H— D 2R B WAL, IR AR R & 2 SR ) LRI AN SRS A
=MRERIFRR - R HBZ CERMENHRETTHRES £, IMASEES S5 HHEE
Fl—MiES, fEBIES LROBIRELD (Pontes et al., 2020) -
EEUH: ERBARREESTE SRS HISUARE KR 577 (62376075)

©2024 PEVEEZT¥ RS
R#E (Creative Commons Attribution 4.0 International License) 1FA] HkR
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2.2 BIESHE

BIEEME (Cross-lingual summarization, CLS) & —WUN G 5 X OME BT A&
39, LEPRE S A A M E RS - R TAEEE B ERKE 7% L (Leuski et
al., 2003; Orasan and Chiorean, 2008; Wan et al., 2010; Wan, 2011; Yao et al., 2015), E[I45E#}
AR ESTME AR . BEREY I RAE BRMES B ESTRAMNE, FEIRE
Hif R E A EBE T mE B IE S WA L . Zhu et al. (2019)1# Around-tripHH 5 50 ,
M T KA BEIE S WETATIERE, JFERIIG T ETHEMEEIES MERT . Zhu
et al. (2020)#& ! T K Transformerf& ! 5 SN AR NE 17 #8255 BOml & B0, RS TR
X TN AR I 3 KH - Cao et al. (2020)fFFH— 1 ZAESSESIMEZE, H[FI2ESTHEAN £ T3
TAHIRFFRR « Xu et al. (2020)KFHEZIE S NG T IEHEITEIESWMELS, ZTENAH
KA TIN R E m B B S M EN L& - S KB FAIEE, Wang et al. (2023b)ERER
THARER S| SAERBESHE, W ARG S REE T 5 25 A K A [ 3
2 EHATzero-shot E BB S ME - N, BATEESHEMNARET TR, HXE230E
MBS TE 5 ME I IE RS -
2.3 JA4EEE

JB4EBE (Chain-of-Thought, CoT) & ¥ [n] &4 fif h — ZR 5 Ff (8] 4 38 25 BR ) 57 B2 8 2%
18, B AR A - EEEE 5 B (Zhang et al., 2023) o X7 F ARG
BHEHEEFE AN - 2N O TR Z AU T a0, BFEE AR
WIREERFF SR (Wei et al., 2022; Kojima et al., 2022; Wang et al., 2022) - Wang et al.
(2023¢) 45 EHEBES | N BB, R T SumCoT, B7E5| S RIEA LIE D A7 =0 AR -
B SeTE S R T shis it B R R s NI SO PR B DT B 2 E - e R R ZER L
JRISCE R PRSP TR AR, DU A e BE R FEE R ERE .
3 ik
3.1 [A]FHHAR

BEE 2 OEME, BN —HEFINEZRIFES 0T, £l ERESE#RE
1)~ BEMBLE A HUEFE X LSOO O N A TR 2 - BB B 2 U n] LUB LR J: A8 —
/l\zjzjtéi%é\l)src = {dsrc,ladsrc,2> madsrc,N}: :/H\:EF(N%IF:?@%: dsrc,i = {Si,j‘j € [17Md1]} 7*%
RIFEEWME NS M, M) FRE, BMREEGTHCETRAE S AFRBEN G - £S5
HVRRAERM— 1R T HVRES HIE SRR Sy, R %M Z T IR R RN R 5 O %
EHINE -
3.2 EE{RZEM

B URoR TSGR R T AR RE O B5 15 = £ SO 2L A BRI ZRA « RS =1
FEME . B, FHANMERAER (Chainl) IS A F G R CERIHE; R
JG, B Z O E YRR (Chain2) SRARS N ICHZ BAIELR, AR TIRIE S 30
MWE; &5, WEEEIES YR (Chain3) MM LAEEERKT BIRES HEES 2 30HH
B i oy FER AR, ERESEEE LA

CLM DS = Chain3(Chain2(Chainl(D; Q; A; Py), P»); L; Ps)

¢ g . &

CESTER S R R EE PN BiEE 5 LAHE BiEE S LML
Bl 1. EET R B TE S & U B A R (AR

m, ()
m,) ()
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3.2.1 F—ME: BIXEWREEM
T BYEREAE BRSO RN 2F7R, R EAES TR n LUR P 2P IR
BB RERBE BRI - XA GIER R, BAIGET —RI5 FERBQ =
[q1, 42, g3, qu], DA S RIEBLSERGE AR RO NE, TRERAT G - (5 T1E - ISR - (]
BFSEND;, it FRBGE RN A, MZP BT L
Aj=LLM(D;;Q)

FoSRZERBEEMWE . 2P HA TR R N2 5 RSO A (5 BT
&, BWmE, RS . IRECERMEE S & SRR POEEGER, LI5S RRR A ROL
NRHES DS, MEZ AR N -

LLM LLM
R AL HRKBIGEE KL 4+ A ABE &
12794 1% 194
(Y, Z

P 2. BAOURAM B A R ERE

3.2.2 BIME: ZIURHEER

TR B, FATTA AR 58 — B Bt 3 0 SORS S0 AR BOAR R 22, ol ok L 4 B R 0 L 4 B
BB — DR Z O - &R LR AR A SEES, Fn s B B EE SR
SO R N R, B3 E i 43 )2 & I (Hierarchical merging)F134 & 5 37 (Incremental
updating) %) S AE BE SRBE AT AR A o X PR FPSR G O 7F TSR ZLATEH 1T T 995 (Wu et al., 2021;
Chang et al., 2023), 1B HHiHARLEZ SO EABOH T IRALDT -

TER IR E R SO ERS, AT E LG HFHAMEIRME, REZEHEHH
B2, BIART —MWHE (B UEESME) | Wi 3FR . XFTERLT —MuE)d
gk, B—PHESHR—EREUBEEELZER - BIRIWERE O HEREN 112
AAGI S RKERAER, —PMHREHBERIENME, A—THREHIITIZIHEST
B E o XMITER TR — MR BMES 2 RN, R E B G H X EHR 5ok
MR LGE R - XMRIS R A A TR TR E e, 5 EREMTIEMEEL, X
TEFEAS T 8 AR BT OCKE - FAPRER SO ZAE R 735 5, MG r w27 S s
AL = {SDS,,5DSs,...,SDS,}, P B, % BuildTreese — M@ A K%L, HTH
X, MR IR R SO E TR AL A 20T AR R

MDS = BuildTree(L, P,)

FERENE RS SOEFHER, BATERER—N2RME, REZPRHEDBECERRE
BRI ER/WES, WE PR IMOTERUT -MRARTE, -2 EREN
TEER LT, DUERGHTAE R - R AEME UM EREN MR 5 S A A
A, — DRSPS E R — D 2R E, A AR AR R E S H B &
i E R % o XSRS B R AR TR DUSE A M A PSR B 2 R KIS R &R, SR T — IR TR AL
BRSSO AT RES I ABIASE T EMER - BOXE OB S HE Sk, HA iR U
HSDS;, Py)uiZBBAR A, UG & b A AR AT A

MDSy =0,V € {1,...,n}, MDS; = LLM(MDS;_y, SDS;, P,)
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IR

N S1234 ,
/VI o Iv\ 812 S123  S1234
E] Si2 = S34 / T T T

r??w A7
= |I= [%] = s, s, s, s,
S, S, S5

Sy

| [ [ [
D, D, D, D,

I I I |
D, D, D D,

H 3. R R B A 4. WENENE R ERE A

3.2.3 F=KE: BiEEZ UHHEER
FEX— B, BATFIASE B AEMP R TRES S OMHEE, EdBES 20N
FEBEREERXT HRES NEIES 2 OMME . B4k, ATEIRES HZ 0™ H
BEMDS - XHEAT BB UENTRHESDS, S B1E S MEA KRR PaE sk, LI5S
R A RSO S HIBTE S ECLM DS, Al
CLMDS = LLM(MDS; L; Ps)

HAFL ={SDS,,SDS,,...,5DS,}, n N EEKE.

4 K
4.1 BUES

BRI ARSI M BE S 2 O EAESS BRI IE LA S ER SE nT (A - (it
ARG O T — A&, BRI R BT B — 55 LRI . A ks T
BE R0 TRV RE PN 5 8 AU A AR SUVE N SO RTE - F T ARIEEHR BRI BB FA R,
138 S B Al 0 a2t I [B] 71 Bl PR K8 A1 2 7 Al A Pubmed B8 2210 SCETRE FE T AIAAAT AN TR GE1e
R R T — S HEME AT TEREMARIL - RN, 7E01E L ORI ENR RN
FATE T A Tk r )7 SR ORFE N R E R FF—E - B RPN A LN R ERRS, T
TREREEARLICABECT 555 REAEERFE R - BATRICEIE S A FF 2 githubfiAH 5%
B E R -

T EAIMNAE R B AL R - BIBEMEIE S IR ELS - EWESEFR, &
18 T =AU T KRB E B EED RS TR R IHE - RETHER, FlRiE
THEM2EE - MRS —EE, DR EREM T ENE . WL 0HE XS R
W3 1778, #Sentence ~ #Words ~ #Tokens7 B R /R A]F ~ HiA /H CFEFF Fltokens AT
%, DOCERIFE Y IETES, Sum-enBR B LS HERHE, Sum-zhFRF LS HHHE -

4.2 FERWE
0T ISUEASCR AR RS R S £ USRI EAL S LRARUE, BT T ILEENE
PERRIE ST AT 5058
e ChatGLM (Du et al., 2022)7& B AR & B — DIFIREY - 335 A X008 AN 7 15 5 1R
B, H T General Language Model (GLM) 284, EH6.2BZ% . fEAHHATEH K
& chatglm3-6b-32k 7 2.

“Thttps://pubmed.ncbi.nlm.nih.gov/
Yhttps://ojs.aaai.org/index.php/AA Al /issue/archive
"https://github.com/yja2576 /CLMDS-Dataset
https://huggingface.co/THUDM /chatglm3-6b-32k
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Task Domain #Docs #Cluster #Sentences #Words #Tokens
Doc  Sum-en Sum-zh Doc Sum-en  Sum-zh Doc Sum-en  Sum-zh
Al 1.00 60 51.23 7.48 4.90 1,103.93 196.83  246.28 1,335.82 223.05  253.77
SDS  Medical  1.00 61 18.33 4.15 4.23 474.69 161.29  320.57  630.52 197.39  375.31
Overall 1.00 121 34.64 5.80 4.56 786.71 178.91 283.27 980.26 210.11 315.04
Al 2.52 50 125.36 7.34 7.34 2,712.72  261.96 496.78  3,274.94  296.22 514.42
MDS Medical 2.72 50 49.48 6.82 6.74 1,302.00 273.28 514.16  1,749.58  328.82 628.28
Overall 2.62 100 87.42 7.08 7.04 2,007.36  257.62  505.47 2,512.26 312.52  584.80

Table 1: AT R ESE S 2 SO EAE SN B EEESOT R

e Qwen GBS TIA]) (Baiet al., 2023)2&F B =AM KESHEE, SHHEMN1.8BE72B,
FEAR A A ME H A2 Qwenl.5-7B-Chat 314 .

e Llama-2 (Touvron et al., 2023):&Metaff tH i) —FDecoder-OnlyZ&#4) B AR BT 24
TEEINTBEI70B « EASCH A FHLlama- 20 7TBIRAL 4, 230 RESTEFESH, HAEH
T T Llama-2 85 U 5.

e GPT-3.5-turbosOpen ALX i FIGPT-3.5 2 FHEA (Ouyang et al., 2022)Z— - %A A L
B AR BRE T SRR, LS ER RS EA, EdEATIEMRES - A3
{8 BIRRUAS 2 gpt-3. 5-turbo-0125

NT EEFEERE R, BAITEFRT 2N 558, BINBRETETSERHEDN
fEbr . EA, ROUGE (Lin, 2000 H THE4AKMES S EWMEZ RN ESEE, RITEE
FKEFEROUGE-1~ ROUGE-2fTIROUGE-LIE#5 - 74, FA1iEK A T BERTScore (Zhang et al.,
2019)) , EFABERT (Devlin et al., 2018) ik AR & 15 SUARMIE - 1AL, ELSHHERH
BN, FATFIHGPT-3.5 (gpt-3.5-turbo-0125) 1E N ZE T3S - GPT-3. 58 IERHE — 1~ 58 K
B EHRE T ERIEEES (Jain et al., 2023; Wang et al., 2023a; Shen et al., 2023), Ff 1A KA
BAE AR E EHTGPT-3.5016k E FXE D) |, HEREH—DA1F10895
B, SRIEFRLIOGE| A4 - SEEE IR LB R A -

IR, ARSGHET T AT, GRAHBELIER TAEF M AR, BT AR PO A4 2 X
A R AR ST T A

L ftt (Fluency) : WASTRER) BORERIFTEENE - — NAMG A 2 00% B IERRR A 745
i TEIRER - RG2S, IREREN .

2. B (Coherence) : TFAETHENEEMEBINTF . — MEH AHMENZE GBS
, AT ZEEEEEEE, e 2 LA BEREGRAL -

3. —E (Consistency) : WHEHEAMESL . WAFAEEEETSEL—8 - WHELILER
HRBUFESCRINE, MEEFESCPREEFER, UAESHERNER -

4. RN (Relevance) : PWASHERGREFUREZNGEE, AP REIRE R -

4.3 SEREERESHT
4.3.1 F—WE: BICEHEEN

FA T 1 Zero-shot F1Chain-of-Thought B FAE Bl 77 20 A2 AR SORY 22, SEAS 45 SR Nk 2T
Ne TEREF, WEKEERIEYE £ IR Zero-shot FlChain-of-Thought B #AE Al 7 20 H 154038
E— R MIERSLAG SR A, R YRS, WMERERES THERERA . EEANLE
B, GPT-3.5BMAEZ AU AITE PR MR 5, XA REVAR T HAE BIRE S A A AT 5
KVERE -

3https://huggingface.co/Qwen/Qwen1.5-7TB-Chat

*https://huggingface.co/meta-llama/Llama-2-7b-chat-hf
®https://huggingface.co/FlagAlpha/Llama2-Chinese-7b-Chat
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BAAME, XT?E% TR, PRI (6 R R A A, A TR PRI Zero-shot J7 U
FTfe st o iXRB, FRAERETE BE 27 S Y B ORI B2 AR AP R A RN - F T AT R, RE
E—EIER B (40Qwen ~ LlamafIGPT-3.5 L IROUGE-1/2/L) , {#F B 4EHE 4 5l 7 = R
TWORIGRTE - SR, HRIE Goyal et al. (2022)IBFF LI, HIEMLEERS AR R H A —
o Ehr b, REGPT-3.5FMMITHELE B Ehiets LRIAE, BHEZAREEZ -

\ Zero-shot \ Chain-of-Thought
| R-1 R2 RL BS GPT-35| R1 R2 RL BS GPT-35

ChatGLM3-6b | 40.54 18.65 25.68 88.60 80.49 46.86 23.18 32.78  90.62 85.08
QWenl.5-7b 46.70  22.19 32.64 91.00 85.57 4740  23.13 3492 91.42 87.21
Llama2-7b 47.06  23.70 33.00 90.84 86.39 4753 24.18 33.09 90.93 86.72
GPT-3.5-turbo | 52.39 28.10 37.92 92.21 87.38 | 53.21 29.70 40.06 92.31 88.20

ChatGLM3-6b | 31.55 1212 18.84 86.22 83.00 36.89 14.32 21.71 87.74 88.00
QWenl.5-7b 3230  8.81 18.02 87.52 88.50 3029 7.82  16.69 87.47 89.33
Llama2-7b 35.97 13.53 21.71 87.58 87.83 35.58 1345 2097 87.78 88.17
GPT-3.5-turbo | 33.84 10.58 19.50 87.91  89.17 33.62 1145 19.58 87.79  89.67

Table 2: AN[F]J7 VAL SO E A b p)SEgn st

BRI, AIGUEAERIR R E, 13T 7 AT -« FATA G - ~ —EER
FRMEDAYEE (BAARRES IS 4.277) SHHZEHT AN T4, ﬁ-ﬁj\*%ml 5@@6 pUES
BIRAER, MR MARKERAEGH T RS, RN EELNA4EE FEEARRE
RS ESET - Hf, Wt —S8E e A8, mER ERERERRA BN EE - XE
FZERFET AT T —MF P51 T RIS AFE R (Prompt),  HHEE A K4 AR Z 12 R
MEME, JHEnERR %T%“D@KEBE%:W%? (i, BFCRINS . B ik GRS - X
—WUEE— B E _Lireh T KRR Z AL N A BEEE ARG LA R - A TiEEHIR
UERR T B4ESE R (Chain-of-Thought) FJEZRM: -

Dataset Model

Medical

Al

Human Evaluation on Medical_SDS
10.0
ChatGLM3-6b
= ChatGLM3-6b-COT
GPT3.5-turbo
. GPT3.5-turbo-COT
Lama2-7b
B llama2-7b-COT
QWenl.5-7b
B QWenl.5-7b-COT

9.5 1

9.0 q

8.5 +

8.0

Scores

7.5+

7.0 1

6.5

6.0 -

Fluency Coherence Consistency Relevance

Ignore 1-5

P 5. B A U A SO B A A A SR A P93

Human Evaluation on Al_SDS
10.0 4
ChatGLM3-6b

9.5 1 B ChatGLM3-6b-COT
004 GPT3.5-turbo
mmm GPT3.5-turbo-COT
8.5 4 Llama2-7b
0 mm LUama2-7b-COT
o 8.0 QWen1.5-7b
&

754 B QWenl.5-7b-COT

7.0 4

6.5 4

6.0 -

Fluency Coherence Consistency Relevance
Ignore 1-5

6. A LB RE T B SRR B A Al A SR A ¥

B =EPETEEE RS sUE, %%11@; %133ﬁ KJE, E, 20244E7H25H %28 H .
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4.3.2 BB LR EARR

EFE MBI UM EERESY, BITRAT =ZMARMERTE: BEEML
(Direct) ~ EIRMARL (Hierarchical) FIMG &L (Incremental) o X %277 ¥ F| F5E —
B BEAS[E] 77 20 AE A B SORS I B, How /o8 R 5 — B Bt Zero-shot 42 Al B SO RS T2, w/ %%
7B —B BE Chain-of-Thought 42 B AT B SCRY 22, FIB ML AE AL ORI 2L . R 3R T FEE 2
AN TR RE L RS EM 5 (Medical MDSHIAI MDS) b DL _E =7 i35 17 5298 45
B WEKEEROEE ZRESMERTET, woSw/EREE R

\ Medical MDS \ AT MDS
Metric Model Direct Hierarchical Incremental Direct Hierarchical Incremental
w/o w/ w/o w/ w/o w/ w/o w/ w/o w/ w/o w/
ChatGLM3-6b | 31.90 34.03 33.64 34.44 33.19 35.41 | 29.56 30.51 29.58 31.06 29.82 31.96
ROUGE-1 QWenl.5-7Tb 38.45 3821 39.07 38.08 38.93 39.48 | 33.77 35.14 33.75 35.46 33.97 34.93
" Llama2-7b 38.87 3893 3851 3833 39.70 38.95 | 33.41 34.92 32.99 3434 34.22 34.80
GPT-3.5-turbo | 40.10 39.77 41.08 40.00 42.80 42.33 | 34.73 3447 33.89 34.28 35.32 35.26
ChatGLM3-6b | 11.38 13.21 12.27 13.45 12.16 13.89 | 8.22 9.63 8.38 10.11 8.20 10.10
ROUGE-2 QWenl.5-7Tb 14.80 14.64 15.44 1450 15.06 15.46 | 10.16 10.53 10.21 10.87 10.02 10.53
" Llama2-7b 16.65 16.58 16.36 16.22 16.62 16.57 | 11.35 11.79 11.20 11.35 11.64 11.52
GPT-3.5-turbo | 15.66 15.13 16.69 15.99 18.25 1795 | 11.46 11.37 11.32 11.01 11.55 11.73
ChatGLM3-6b | 18.97 19.98 19.53 20.57 1898 20.16 | 17.45 1844 17.57 18.70 17.30 18.41
ROUGE.L QWenl.5-7b 23.41 23.01 23.64 23.15 23.19 23.67 | 19.48 20.05 19.91 20.52 18.59 19.37
" Llama2-7b 24.12  23.60 24.17 2355 24.01 23.49 | 20.83 21.52 20.66 21.29 20.16 20.62
GPT-3.5-turbo | 24.41 24.03 25.27 24.14 25.99 25.83 | 21.25 20.74 19.90 20.39 20.22 20.39
ChatGLM3-6b | 76.80 81.60 77.40 80.00 7820 81.20 | 82.80 86.00 82.40 86.60 83.20 84.80
GPT-3.5 QWenl.5-7Tb 86.20 85.60 86.80 86.00 84.60 84.20 | 86.80 87.60 87.80 88.20 85.40 86.40
" Llama2-7b 83.80 86.00 84.40 84.60 85.00 85.40 | 87.20 87.40 87.00 87.60 86.40 87.20
GPT-3.5-turbo | 86.00 86.60 87.00 87.20 86.20 86.20 | 88.60 88.80 88.20 89.20 88.40 89.00

Table 3: A5 {AAEZ SO ZEMIAEE L AISCREEE R

FATxT R 3PS — M B S SRR R =R RIS R, ANREIEEY A i 22 SO R bR
HAT T PMETTEM ST, SRWE AR . FITE AU R £ SO A AUTESS, B A
SR IE AR 5 T B A AR IS ZEROUGE-2FIROUGE-L¥gFr_ 45 Frfg /-, (NAROUGE-1BE 14
T, TGRS RCEIG AR TR T N B . T AT, BRI A RS E T8
PR B RIHET, T E AR KB EROUGE-LIE bR AIRER AT 885 A4 BUCAR K D
F*o BIRTE, BUALTYE A RORIS R FIFAOERE, BERE T 2 O EA R
i, X PR T YRS T VAR 2 SURS R B AR AR R R -

Metric | Medical MDS | AI MDS

‘ Direct Hierarchical Incremental ‘ Direct Hierarchical Incremental

ROUGE-1 | 37.74  37.71(10.03)  39.04(11.30) | 33.76 33.79(10.02) 34.24(10.48)
ROUGE-2 | 14.89 15.04(10.15) 15.97(11.08) | 10.83 10.84(10.01) 10.97(10.14)
ROUGE-L | 22.66 22.85(10.19) 23.29(10.63) | 20.19 20.23(10.04)  19.70(10.49)

Table 4: /N [F]A RIS AE 58 "R B ) 25 SORS R 242 At SR ELER

Motic | Medical MDS | AI MDS
etric

‘ Direct Hierarchical Incremental ‘ Direct Hierarchical Incremental
ROUGE-1 | 4+0.4050 -0.3625 +0.3875 +0.8925 +1.2325 +0.9050
ROUGE-2 | 4+0.2675 -0.1500 +0.4450 +0.5325 +0.5575 +0.6175
ROUGE-L | -0.0725 -0.3000 +0.2450 +0.4350 +0.7150 +0.6300

Table 5: HF—RBUELERESE 58 [ Br AR sl P B 0 RO SUR 17
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M B FIA T LU E , (S —I B B 4ERE 2 (w/) J5, REZEERE
FITE A2 RIS N AOPEBERR A BTt UHAE N T RS RN N 3% - #E— 1)
TR, Wk PR, 5 MBS M BUE R 5 RS R R - FN T E#
RSO (w/o) |, RS —MBUEMEREEMRHE (v/) £ANTE RS
PRI ECE R, X — S B 2 S ) B A AR A &L T i P G 2 T A3 -

N TRABERAEE 22 ORI L, 55— B ERE A T2 U A R T PR RERE (1
AOLREEL, Fedi 1T 7 ATRth, PPAEEER AR 6FTR, w/oRniRh S —Hr B i B4EsE . 25
REIR, B—Pr B A BRI S I B SO R RS PR R IR, R

FEAEENT T8 B AR PR SO N 25 A R R BT

R EEE] T RBEAER - A TIFM A —

{RISUET Goyal et al. (2022)AIBF54AEE, B HEhiPbE RS AR mif Ao A —2it -

Model

Medical _MDS

AI_MDS

Flu/Coh/Con/Rel

Flu/Coh/Con/Rel

ChatGLM3-6b
w/o chainl

9.10/8.70/8.60,/8.40
8.90/8.70/8.10/8.00

8.80/8.50/8.70/8.40
8.70/8.40/8.50,/7.80

QWenl.5-7b
w/o chainl

8.80/8.70/8.80/8.50
8.80/8.50/8.30,/8.20

9.00/8.80/8.90/8.50
8.70/8.60/8.70/8.10

Llama2-7b
w/o chainl

9.00/8.90/8.70/8.60
8.80/8.60/8.40/8.10

8.90,/9.00/8.80/8.70
8.80/8.70/8.70/8.30

GPT-3.5-turbo
w/o chainl

9.00/8.90,/8.90/8.70
9.00/8.90/8.80/8.60

9.20,/9.00,/9.10/8.80
9.10/9.00/8.80,/8.80

Table 6: £E& A1 T3 B AU 2 SRR ZLM AR L )2 I A BRI N TP fr 2 5

4.3.3 F=KB: BiESEZUHRHEER

TEARTH, BATFIA 4.1 HRNEES 2 O MErNRE (CLMDS) #17 TEBESZ
SRS B R SRS - BT BIVEAL T MER (ChatGLM3-6bFIGPT-3.5-turbo) fEAN[FI 4%
HREYERE, BFEEGHER T = MBS ERE AR . SRS RE 7 iR .

BATS R BB E AR TTE, UM TE MBS =B BRI, L
FAFH T ZAM B BT AT T . SR ER, R ICLMDSES H
T EFEROUGE-1~ ROUGE-2~ ROUGE-LiA&GPT-3.5185 AT, 1HH T BESE AR T ET R
WH T REORA - SRR AFH TIE =B B SRR, MRl A FE AR, Xi#—P
BOUE T B YR AR B AT TR R SO I A AR R MR - TR T A O AR RO - T A LE
REATI A CLMDSAESS, FA TSR 2R RIS o £ F R RE R E B $8 48 NI E T 4%
t, TEREFEATIE = "MEBEEEREN T, AR T HRAXEENRA - X R
W TR TR TE T 2 U E A AR S P A R AT B B

GEEFTR, AMERISEISAERER, FEEES 2 MHEERES T, BAEEREARN TR
FHERERE B ETARIER, 7TV GE A R E -

\ Medical CLMDS \ AI CLMDS
Model
| R1  R2 RL GPT35| R1 R2 RL GPT-35
ChatGLM3-6b | 35.82 11.94 2213  68.60 | 36.48 11.68 2229  79.80
w/ chainl,3 | 37.79 13.05 22.79  69.40 | 37.36 1230 2275  80.00
w/ chainl,2,3 | 46.47 18.40 27.67 73.60 | 44.68 15.82 25.31  80.60
GPT-3.5-turbo | 22.43  9.08 14.80  76.80 | 38.26 14.06 26.14  80.40
w/ chainl,3 | 40.68 17.22 2643 7880 | 4241 1646 27.69  80.60
w/ chainl,2,3 | 49.11 21.97 29.94 81.60 | 45.48 18.24 27.69 82.20

Table 7: W1 R BAEREAERS 7 2 4 ORI A B S 2
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5 Z5ip

AT, Bl T —METRAERNEES Z UEMET L, FEEXMATEREM
B ARIE S BT TSRS RE - BATE T — RN, AT RN IEEX —ESS
LRVRIL, FRREE T — SRR IE SR TS . SERATRERN, TR R U ELL
RZEMEERN B, TR RESEREES, BAERIARMELRZERAMENRE -

XL TN T E51E S 2 UM EAU A T EEE L - B, HATH IR RRESE S 23
R E ARSI T — A E R R - HIR, BTG S 2 USRI E B TR
RIBIRRMSE « 1o, FATHELREEREZM, AERRE S RIEAEE S 2 UM EES
ERIARE, BARAR LLtt— P pr 5B FE AL -

R TAEF, FATRFIRSEMAEEREROR, WREF LR IR R R - 3
AR RS, WEELSEMES, DR R P ke A S & . B4
&, R LIRS 2 O ZE AU T MRS R IR MENZERER .
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B X MWand 17/DFE. 2017. Z230H BEHE T ERHEME. BIEE, 35:160-165.
Rt 3
A AXXHHEIRR R

Al B—MB BOUREAER
1B RS B RN A :

Read and analyze the preceding content carefully, anwser the question below:

what is the subject of the study?

what are the research methods of the study?

what are the primary findings of the study?

what are the innovations introduced in the study?

2.4 I B R R A

Let’s integrate the above information and summarize the study in just one paragraph:

A2 BIME ZOOEREER
1. E A SRR A

Summary 1:
{summary_1}

Summary 2:
{summary_2}

Summary n:
{summary_n}

Please carefully review the provided summaries. Analyze the similarities and differences
between these studies. Subsequently, creating a cohesive, unified summary in just one paragraph.
This new summary should be crafted in the style of a survey. Remember, when referencing
the studies, avoid using labels like ”Summary n.” Instead, directly address the content of each
research study.

New summary:

2. B IR A LR R 1

Consider two sets of scientific articles. Your task is to merge the summaries of these articles
into a single comprehensive summary, capturing the connections between different documents and
presenting the merged summary in one paragraph.

Summary of the first set of articles:

{summary_1}
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Summary of the second set of articles:
{summary_2}

Merging Process:

1. Capturing Connections: Identify and analyze the connections between different documents
in both summaries. Look for common themes, findings, methodologies, or implications.

2.Creating a One-Paragraph Summary: Merge the summaries of both sets of articles into a
single paragraph that flows logically and smoothly. Ensure that the merged summary effectively
communicates the overarching insights and contributions of the entire document collection.

Objective: Your goal is to create a merged multi-document summary in one paragraph that
effectively captures the conmections between the articles in both sets and presents them in a
coherent and cohesive manner.

Updated summary:

3.3 B AL R R IA:

Below is a summary of a science article:

{science_article_summary}

The following is a summary of the many scientific articles that have been generated:
{overall_summary}

Your task is to merge the summary of the science article into the overall multi-document
summary. Ensure that the merge is done in a way that maintains coherence and consistency
with the overall summary. Introduce any mew concepts, terms, or references if they are being
mentioned for the first time in the summary.

Step-by-step Process:

1.Merge: Incorporate the summary of the science article into the overall multi-document
summary as a single paragraph. 2.Similarities and Differences: Analyze the similarities and
differences between the articles, if applicable, and integrate these observations into the multi-
document summary to create a smooth and logical narrative.

Objective: Your goal is to create a comprehensive, cohesive, and informative multi-document
summary presented as a single paragraph that accurately represents the key aspects of the science
article while maintaining coherence with the overall summary.

Updated summary:

A3 B=ME: BIESEZIOEHEEN

Summary 1:
{summary_1}

Summary 2:
{summary_2}

Summary n:
{summary-n}
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Multi-document Summary:
{ Multi-document Summary}

Integrate the summaries of each document and their multi-document summaries together,
and generate summaries of these documents in Chinese. During the integration process, iden-
tify common themes, findings, methodologies, or impacts to ensure coherence and consistency.
Introduce new concepts, terms, or references in the summary if they are mentioned for the first
time.

Objective: Your goal is to create a comprehensive, coherent, and informative multi-document
summary in Chinese that accurately reflects the main content of the articles mentioned above.

Updated summary:
A4 BT ESTE A R R

Score the following summary generated by another system given the source on a scale from 1
to 10 with regards to overall general summary quality. 1-point indicates a low quality summary,
and 10-points indicates a very high quality summary. A high quality summary is grammatical,
fluent, informative, relevant, coherent and factually consistent with the source.

Let’s think step-by-step and just output one number representing the score.

Source:
{source_text}

Summary:
{summary_lim}

Your score: (What you must observe is that your output must contain only a number and
no other content)

A5 ZICEREEE RN

Score the following multi-document summary generated by another system given the source
on a scale from 1 to 10 with regards to overall general summary quality. 1-point indicates a low-
quality multi-document summary, and 10-points indicates a very high-quality multi-document
summary. A high-quality multi-document summary is concise in language, grammatical, fluent,
informative, relevant, logically coherent and factually consistent with the source, successfully
integrates all documents, and contains important content from all documents.

Furthermore, when you are scoring the summary, be strict and demand high standards,
don’t be too conservative with your scoring.

Let’s think step-by-step and just output one number representing the score.

Source:
{source_text}

Multi-Document Summary:
{summary_llm}

Your score: (What you must observe is that your output must contain only a number and
no other content)

A6 BEEZIOEREEE R R

Score the following Chinese multi-document summary generated by another system given
the English source on a scale from 1 to 10 with regards to overall general summary quality.
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1-point indicates a low-quality multi-document summary, and 10-points indicates a very high-
quality multi-document summary. A high-quality multi-document summary is concise in lan-
guage, grammatical, fluent, informative, relevant, logically coherent and factually consistent
with the source, successfully integrates all documents, and contains important content from all
documents.

Furthermore, when you are scoring the summary, be strict and demand high standards,
don’t be too conservative with your scoring.

Let’s think step-by-step and just output one number representing the score.

English Source:
{source_text}

Chinese Multi-Document Summary:
{summary_lim}

Your score: (What you must observe is that your output must contain only a number and
no other content)

B ARCSEHI S HT
H T S B ) B ORI A R 1.

Source Document:

Title: Ranking age-specific modifiable risk factors for cardiovascular disease and mortality:
evidence from a population-based longitudinal study

Cardiovascular disease (CVD) remains a paramount contemporary health challenge......

ChatGLM3 Without COT:

Cardiovascular disease (CVD) remains a major health challenge, and this study examined
age-specific effects of 14 risk factors on CVD and mortality in different age groups. The study
analyzed data from 226,759 CVD-free participants aged 40 years and older in the UK Biobank
during the period from baseline time (2006-2010) to September 30, 2021. The primary CVD
outcome was a composite of incident coronary artery disease, heart failure, and stroke. The study
found that age-specific disparities were observed in the risk factors contributing to CVD, and the
overall PAF declined with age. Metabolic factors had the highest PAF in each age group, with
hypertension (14.04% of the PAF) and abdominal obesity (9.58% of the PAF) being prominent.
Behavioral factors had the highest PAF in the middle-aged group (10.68% of the PAF), and
smoking was the leading behavioral factor in all age groups. In socioeconomic and psychosocial
risk clusters, low income contributed most among middle-aged (3.74% of the PAF) and elderly
groups (3.66% of the PAF), while less education accounted more PAF for quinquagenarian group
(4.46% of the PAF). The study concluded that a large fraction of CVD cases and deaths were
associated with modifiable risk factors in all age groups, and targeted efforts should focus on
the most impactful risk factors, as well as age-specific modifiable risk factors. These findings
may inform the development of more precise medical strategies to prevent and manage CVD and
related mortality.

ChatGLM3 With COT:

The study examined the age-specific effects of 14 modifiable risk factors on cardiovascular
disease (CVD) and mortality in a large sample of 226,759 CVD-free participants aged 40 years
and older in the UK Biobank. The study found that a large fraction of CVD cases and deaths were
associated with modifiable risk factors in all age groups. Metabolic factors had the highest PAF
in each age group, with hypertension and abdominal obesity being prominent. Behavioral factors
had the highest PAF in the middle-aged group, and smoking was the leading behavioral factor in
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all age groups. In socioeconomic and psychosocial risk clusters, low income and less education
contributed most among middle-aged and elderly groups, respectively. The study highlights the
need for targeted efforts to focus on the most impactful risk factors and age-specific modifiable
risk factors to inform the development of more precise medical strategies to prevent and manage
CVD and related mortality.

Reference:

This study investigates the age-specific impacts of 14 modifiable risk factors on cardiovas-
cular disease (CVD) and mortality by analyzing data from 226,759 CVD-free participants aged
40 and above from the UK Biobank, spanning from 2006-2010 to September 2021. It identi-
fies significant age-related disparities in the contribution of these risk factors to CVD, revealing
that metabolic factors, especially hypertension and abdominal obesity, are the most influential
across all age groups, while the importance of behavioral and socioeconomic factors varies with
age. The research highlights that a substantial proportion of C'VD cases and deaths could be
attributed to these modifiable risk factors, suggesting that targeted preventive measures focusing
on the most impactful factors for each age group could enhance strategies for CVD prevention
and management. This approach marks a significant innovation in public health efforts, offering
a more nuanced understanding of how age-specific risk factor modifications can inform more
precise medical interventions.

BT JE B I B SO B A O 1] 2:

Source Document:

Title: Safety and efficacy of inhaled interferon-/3 1a (SNG001) in adults with mild-to-
moderate COVID-19: a randomized, controlled, phase II trial

With the emergence of SARS-CoV-2 variants resistant to monoclonal antibody therapies and
limited global access to therapeutics, the evaluation of novel therapeutics to prevent progression
to severe COVID-19 remains a critical need.......

GPT-3.5 Without COT:

In a randomized, controlled, phase II trial evaluating the safety and efficacy of inhaled
interferon- 8 1a (SNG001) in adults with mild-to-moderate COVID-19, it was found that SNG001
was safe with a non-statistically significant decrease in hospitalization for COVID-19 pneumonia
compared to placebo. The trial, conducted between February 10 and August 18, 2021, showed
no significant differences in adverse events, time to symptom improvement, or viral clearance
between the SNG001 and placebo groups. However, there was a notable reduction in hospitaliza-
tions with SNG001 compared to placebo. The findings suggest that SNG001 may be a promising
therapeutic option for preventing severe COVID-19 outcomes, although further research is needed
to confirm its efficacy.

GPT-3.5 With COT:

The study evaluated the safety and efficacy of inhaled interferon-/3 1a (SNG001) in adults
with mild-to-moderate COVID-19 through a phase II randomized controlled trial. Adult out-
patients with confirmed SARS-CoV-2 infection were randomized to receive either SNG001 or
placebo for 14 days. The primary findings showed no significant differences in adverse events,
time to symptom improvement, or viral RNA levels between the two groups. However, there was
a trend towards fewer hospitalizations in the SNG001 group, with an 86% relative risk reduc-
tion compared to placebo. The study suggests that SNG001 was safe and may have potential
benefits in reducing hospitalizations for COVID-19 pneumonia, although this reduction was not
statistically significant in this trial.

Reference:

This study evaluates the safety and efficacy of inhaled interferon- /3 1a (SNG001) for treating
adults with mild-to-moderate COVID-19 through a phase Il randomized controlled trial conducted
between February 10 and August 18, 2021. Utilizing the ACTIV-2/A5401 platform, 220 adult
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outpatients with confirmed SARS-CoV-2 infection were randomized to receive either SNG001
or a placebo once daily for 14 days. The findings revealed no significant differences in adverse
events, time to symptom improvement, or viral RNA quantification between the two groups.
However, SNG001 was associated with a non-statistically significant reduction in hospitaliza-
tions, suggesting an 86% relative risk reduction compared to the placebo. This study introduces
the potential of inhaled interferon-/3 1a as a novel therapeutic approach for COVID-19, high-
lighting its safety and a possible benefit in reducing hospitalizations, despite the need for further
research to confirm its efficacy.

2T BRI & SO A SR 1

Source Document:

Articlel: A Distillation Approach to Data Efficient Individual Treatment Effect Estimation

tion

Qwenl.5 Direct:

This survey presents four innovative studies in the field of causal inference and treatment
effect estimation, addressing various challenges in data efficiency and precision. ”Data Efficient
Individual Treatment Effect Estimator” (DEITEE) presents DEITEE, a method that combines
a base model for confounding adjustment with a decision tree to select critical variables, reducing
the number of required inputs while maintaining accuracy. It particularly shines in scenarios with
limited data. The study on local average treatment effect (LATE) adaptation adapts a weighted
least squares estimator to estimate LATE in merged datasets, relaxing positivity assumptions
and outperforming IPW methods. The Group Instrumental Variable (GIV) approach, intro-
duced in the Meta-EM algorithm, leverages representation learning to identify latent group labels
without predefined 1Vs, overcoming limitations of traditional methods. Lastly, ”Data-Driven
Variable Decomposition” (D2VD) utilizes a regularized integrated regression model to separate
confounders from adjustment variables, enhancing ATE estimation precision in high-dimensional
data. These studies collectively demonstrate the advancement in causal inference techniques, ad-
dressing challenges in data handling and improving the accuracy of treatment effect estimation
in various real-life settings.

Qwenl.5 Hierarchical:

Both sets of scientific articles delve into the realm of efficient and accurate treatment effect
estimation in mized observational datasets. The first set presents ”Data Efficient Individual
Treatment Effect Estimator” (DEITEE), a cutting-edge method that combines a base model for
confounding adjustment with a decision tree to optimize predictions with limited data, particu-
larly in scenarios with sparse individual information. This study complements the second one,
which addresses mon-compliance and missing treatment in a combined dataset by employing a
weighted least squares estimator with estimated propensity-score-difference (PSD) to mitigate
instability and relax positivity assumptions. Both works showcase their effectiveness through
synthetic and real-world examples, highlighting their practicality in applications such as online-
to-offline marketing and panel data analysis. The second set contributes to this area with its
Group Instrumental Variable (GIV) method, a Representation Learning and Meta-EM algorithm
that bypasses the need for predefined IVs by reconstructing latent source labels, relaxing linear
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regression assumptions and outperforming traditional summary IV methods. Meanwhile, Data-
Driven Variable Decomposition (D2VD) proposes a reqularization-based approach that separates
confounders from adjustment variables in high-dimensional data, enhancing ATE estimation
while incorporating orthogonality and sparsity constraints. These innovative methods demon-
strate the potential of data-driven causal inference in various sectors, including social marketing,
healthcare, and public policy, and highlight the importance of overcoming challenges in mized ob-
servational datasets. Together, these studies emphasize the significance of developing efficient
and robust techniques for estimating treatment effects in diverse settings.

Qwenl.5 Incremental:

This study introduces the Data-Driven Variable Decomposition (D2VD) algorithm, a novel
approach to precise ATE estimation in observational studies by leveraging a regularized inte-
grated regression model. D2VD effectively separates confounders from adjustment variables in
high-dimensional data through orthogonality and sparsity constraints, outperforming traditional
methods that treat all variables as confounders. It enhances accuracy and reduces variance in
causal inference applications, particularly in areas like social marketing, healthcare, and public
policy. In contrast, the research on Group Instrumental Variables (GIV) using representation
learning and the Meta-EM algorithm in mized observational datasets offers a breakthrough in
causal effect estimation, eliminating the need for predefined 1V candidates and learning latent
source labels without linear regression assumptions. Although both studies demonstrate improved
performance, GIV focuses on group differences and relaxes linear regression requirements, while
DEITEE addresses limited data by combining a decision tree for confounding adjustment and
individual treatment effect estimation. LATE estimation, another work, handles non-compliance
and missing data with a weighted least squares estimator for Local Average Treatment Effect.
These studies, along with their empirical validation, highlight their practical applications in var-
ious real-world scenarios and suggest potential for combined methods in complex causal inference
tasks.

Reference:

In the realm of estimating treatment effects from observational data, recent advancements
have introduced a variety of innovative methodologies to tackle the inherent challenges associated
with data fusion, practical limitations of data acquisition, and the complexity of high-dimensional
variables. Among these, the Data-Driven Variable Decomposition (D2VD) algorithm stands
out by offering a solution to automatically separate confounders and adjustment variables in
observational studies, thereby enabling more accurate treatment effect estimation with tighter
confidence intervals, especially in scenarios characterized by high-dimensional data. This
approach complements the Data Efficient Individual Treatment Effect Estimation (DEITEE)
method, which reduces data requirements by identifying a minimal set of variables for accurate
estimation, and a novel strategy that addresses the estimation of the local average treatment
effect (LATE) in the presence of incomplete compliance and disjointed datasets through a
weighted least squares estimator. Furthermore, the introduction of a method to overcome
challenges posed by omitted source labels and unmeasured confounders in mixed datasets,
through reconstructing the source label and modeling it as a Group Instrumental Variable (GIV)
within a Meta-EM framework, signifies a significant leap forward. This framework estimates
individual treatment assignment probability and infers treatment effect by mapping raw data into
a representation space, estimating distribution differences, and modeling the GIV for different
treatment assignment mechanisms through an alternating training strategy. Collectively, these
studies not only expand the toolkit available for researchers and practitioners aiming to derive
meaningful insights from observational data to inform treatment decisions and policy-making but
also showcase the diversity of approaches to overcoming the practical challenges of data-related
limitations and complex data structures in the estimation of treatment effects. The integration
of the D2V D algorithm into this body of work highlights the importance of distinguishing between
confounders and adjustment variables in enhancing the precision of treatment effect estimates,
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thereby contributing to the broader field of causal inference with a nuanced understanding of
variable impacts in observational studies.

BT BRI 2 ORI B A B 2:
Source Document:

Articlel: Efficacy and safety of zapnometinib in hospitalised adult patients with COVID-19
(RESPIRE): a randomised, double-blind, placebo-controlled, multicentre, proof-of-concept, phase
2 trial

Article2: Safety and effectiveness of COVID-19 vaccines in patients with IgA nephropathy:
a retrospective cohort study from the TriNetX global collaborative networks

Article3: Efficacy of a monovalent (D614) SARS-CoV-2 recombinant protein vaccine with
AS03 adjuvant in adults: a phase 3, multi-country study

Articlej: Safety and efficacy of inhaled interferon-/3 1a (SNG001) in adults with mild-to-
moderate COVID-19: a randomized, controlled, phase II trial

GPT-3.5 Direct:

The studies examined various interventions for COVID-19 in different patient populations.
One study investigated the safety and efficacy of zapnometinib in hospitalised COVID-19 pa-
tients, showing potential benefits in improving clinical severity scores, especially in non-Omicron
variants. Another study focused on COVID-19 vaccination in IgA nephropathy patients, reveal-
ing reduced infection risks and normalized renal function post-vaccination. A third study assessed
a SARS-CoV-2 recombinant protein vaccine, demonstrating efficacy in non-naive individuals.
Lastly, a study on inhaled interferon- 5 1a in mild-to-moderate COVID-19 patients suggested a
trend towards reduced hospitalizations. These findings collectively underscore the importance
of diverse interventions in managing COVID-19, highlighting the need for further research to
optimize treatment strategies and outcomes.

GPT-3.5 Hierarchical:

The collective findings from a diverse set of scientific articles shed light on various strategies
in combating COVID-19. One study explored the safety and efficacy of zapnometinib in hospi-
talized COVID-19 patients, indicating potential benefits in improving clinical severity scores,
especially in severe cases and non-Omicron variants, despite recruitment challenges. Concur-
rently, research on COVID-19 vaccination in IgAN patients revealed reduced infection risks post-
vaccination, with a noted temporary decline in eGFR, emphasizing the importance of renal func-
tion monitoring. Another study delved into a monovalent SARS-CoV-2 recombinant protein
vaccine with AS08 adjuvant, showcasing varied efficacy based on prior virus exposure, while
a separate investigation on inhaled interferon-/3 1a (SNG001) for mild-to-moderate COVID-19
suggested a potential decrease in hospitalizations. These studies collectively underscore the neces-
sity for continued exploration of diverse approaches in combating COVID-19, with implications
ranging from targeting specific pathways like Raf/MEK/ERK to monitoring renal health and
addressing challenges in vaccine efficacy among naive individuals, ultimately offering promising
avenues for mitigating severe outcomes and advancing our understanding of effective interven-
tions against the virus.

GPT-3.5 Incremental:

In a comprehensive exploration of COVID-19 interventions, a global Phase 3 trial assessed
a monovalent SARS-CoV-2 recombinant protein vaccine with AS03 adjuvant, revealing varied
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efficacy rates based on participants’ serostatus. The vaccine demonstrated 15.3% efficacy in
SARS-CoV-2 naive individuals, 32.9% irrespective of serostatus, and 52.7% in non-naive par-
ticipants, emphasizing challenges in protecting naive individuals against the D614 strain but
showing promise for those previously exposed to the virus. Concurrently, research on zapnome-
tinib in hospitalised COVID-19 patients highlighted potential benefits in improving clinical sever-
ity scores, particularly in severe cases and non-Omicron variants, with minimal adverse events.
Additionally, a study focusing on COVID-19 vaccination in IgAN patients indicated reduced
infection risks and complications post-vaccination, alongside a temporary eGFR decrease that
normalized over time, stressing the importance of monitoring renal function in this population.
The study evaluated the safety and efficacy of inhaled interferon-/3 1a (SNG001) in adults with
mild-to-moderate COVID-19 through a phase II randomized controlled trial. Adult outpatients
with confirmed SARS-CoV-2 infection were randomized to receive either SNG001 or placebo
for 14 days. The primary findings showed no significant differences in adverse events, time
to symptom improvement, or viral RNA levels between the two groups. However, there was a
trend towards fewer hospitalizations in the SNG001 group, with an 86% relative risk reduction
compared to placebo. The study suggests that SNG001 was safe and may have potential benefits
in reducing hospitalizations for COVID-19 pneumonia, although this reduction was not statisti-
cally significant in this trial. These findings underscore the need for continued investigation into
zapnometinib’s therapeutic potential in COVID-19 treatment and the importance of optimizing
outcomes through tailored interventions and vigilant monitoring.

Reference:

Recent research efforts have been directed towards identifying novel strategies to combat
COVID-19 and mitigate its impacts, particularly in individuals with pre-existing health con-
ditions. Among these, a pivotal study evaluated the safety, efficacy, and reactogenicity of a
monovalent (D614) SARS-CoV-2 recombinant protein vaccine with AS03 adjuvant across 53
research centers in eight countries. This Phase 3 trial, randomized and placebo-controlled,
aimed to assess the vaccine’s effectiveness in preventing symptomatic COVID-19, revealing a
nuanced efficacy profile: 15.8% in SARS-CoV-2 naive participants, 32.9% regardless of initial
serostatus, and 52.7% in previously exposed individuals, suggesting its potential utility as a
booster despite challenges in protecting against new variants. The vaccine demonstrated an
acceptable safety profile, aligning with the broader goal of identifying safe and effective COVID-
19 interventions. Another innovative approach explored was the use of inhaled interferon-/ 1a
(SNG001) in a phase II randomized controlled trial for treating adults with mild-to-moderate
COVID-19. Although the study, conducted between February 10 and August 18, 2021, did
not show significant differences in adverse events, time to symptom improvement, or viral
RNA quantification between the treatment and placebo groups, SNG001 was associated with
a non-statistically significant reduction in hospitalizations, suggesting an 86% relative risk
reduction compared to placebo. This introduces the potential of inhaled interferon-/5 1a as a
novel therapeutic approach. Additionally, zapnometinib, an oral MEK1/MEKZ2 inhibitor, was
investigated for its potential immunomodulatory and antiviral effects in hospitalized adults with
moderate to severe COVID-19. Despite early trial termination due to recruitment challenges,
preliminary results indicated possible benefits in reducing clinical severity, especially in severe
cases and those caused by non-Omicron variants, without significant adverse effects. Research
utilizing the TriNetX collaborative networks also assessed the renal safety and effectiveness
of COVID-19 wvaccines in patients with Immunoglobulin A nephropathy (IgAN), finding a
significant reduction in infection risk and complications, alongside a transient, reversible decline
in renal function. Collectively, these studies underscore the critical importance of developing
targeted therapeutic and preventive measures against COVID-19, emphasizing the need for
ongoing research to refine treatment protocols and vaccination strategies in response to evolving
viral variants and diverse patient health profiles.
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ET BY4ERENEIES £ UM EL BRI
Source Document:

Articlel: FiLM: Visual Reasoning with a General Conditioning Layer
Article2: Hierarchical ConViT with Attention-Based Relational Reasoner for Visual Ana-
logical Reasoning

mg

ChatGLM3 Direct:

RICEGEAR T I FERAEA D SRR ST A BT 57, X LT o7 32 B4 Fh 7R B IR 3 2 S A SC A
AT o XA AL S PR RN AT HE AR R o RS i s R 42 P 4R BRI
BEURAFAE, TAEBER A A X L E AT B A . — T30 IR R T TR SR L R M
FI(FILM) B GI A e R, DISEI S B R HETRAE S5 - A, —L8pfotdit T ETER
FIWLHIREETY DI A A e f P et AR (X ER AR B8 2 DR, B THEER
PR ERAIE B R, DUHIRA R RE AL (5 B, o X SR P g R A o 28 L HERE (&7
G T RIFRIRCR « A, —EiP5n KR T amib S e s A AOR A, DLSE I B MR
AR AL HE B AR« ERORUE, X LRI 5T O A HE TR A A & R it TR R BR R T
HEERR I FE AR e B A fEEEEH -

ChatGLM3 chainl,3:

RICLRIR T I AR o A A R R, BAE T R E I A HE  (FILM)
AT MR, RHUHETZRER MK ZHE (HCV-ARR) f#ifRaven’s Progressive Ma-
trix (RPM) (R, {3 FHSRM BRI B 7 VA AT M0 o 0 SR, DL S2He H A0 ot AL 9 ) 2%
(VCRNet) SCHf 2000 o ME & 2 B O HEE 3« X ST 8RB THAHEER - HiEH - 55T
L EAR B HERE 1%, DA H 28 38 K ROBOIR AR5 75 5K o X Ee 7 VEAEAN ] A0 o 4 2 AT 55 0
IR PRI RIFROVERE, UERH 1 X LET7 VR B R A8 A -

ChatGLM3 chainl,2,3:

P ot ME A HEFE [ 2% (VCRNet) AW i BB 5T, HA —Iig| AT 3810 B 12 % FH
(RPR) FIH—H5I AT BIRWEHRM T ZHES (HCV-ARR) , X B 557 #0011 of 4 22
FEMGR bR A ) A& SR T STk - VCRNet3& T —FRESSRIL N Z R0 ZEM , B = 2
Ml EkMRER LN, 2 MRAMES ERIMHUEERE, FNREFSERER D -
H—JiE, RPRAA MRS FEM G E P53 Z P12, @4 615 5 M0 B R LE
AR, RIS R RIEFRESS ESCOl T SSE ARV - HCV-ARR, —Fh45 & BRI %%
(CNNs) FAHLGE 2 e g A2 BT S 1 3R 4ih Al 2/ £ N R E SV, sl A Rut
B ME R RFERPM A FE T HABRE!L . XIS RRIR T IR 2 S BORFEA S e B
FESTTHPRTEEASE, BT AR A T HEAA - REVCRNet TET
S E PO ST, (ERPRAKI T T BRI AENYE, TMHCV-ARRKH T —F4E &
LI M2 (CNNs) FAZSHLER I ZIRTTIE o AT SRR 5 52 7 0 o 44 B AU 50 /) ANy & Fee
FEAME -

Reference:

T HHTE A0 22 W 48 YR T FOSRAG 75 T R 8 TR T T L AR ), X R — R A SR
RIESE M kAR A AT - FFIEZ MR (Feature-wise Linear Modulation, FILM) 25 A
WEE—DERED, R T MR E, EHEME R LI m R R e
NZ DRSS, WECLEVREMENIK TR o« [FI, 50 EConViTEHE:TVER I HIK A
FHZS (Hierarchical ConViT with Attention-based Relational Reasoner, HCV-ARR) K%,
fi# R T Raven’s Progressive Matrices (RPMs) ot AN A2 S HE I () 5 20, R AT
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R 5 2 H A A TR B GIE U &, i — P ETER Bk R R R
HEFRRE S, WMZERPMEIESE FRINH 6 o b, 7 —THFF0HE Hod b Rl o 58 R EE A&
R BEAR B AR S5 R 2 ) B B  SXMOTER IR B TV, WA BB —1
SR B, R AET IR A SRR S ME PRI (TAFY) . BEAGTIE
SIS HIEEE R . EXEA DM, S HEEM4 (Visual Concept Reasoning
Networks, VCRNet) HI5I AR T 7EBTA & M 4% B B T 58 iR AIAE 55 1) 53 3L 38 - & 97 5K
B, DASEELm RS Z R . @R e 05— e R, iR
PR AEZ BRI, VCRNetfEE o A T B A B BTN T, & NP R J5 3
FF o IXRIE 4 B RS BT R B A BOR T B R R A AR 1 5
M RANMES TE AR, RN S NER N BATME, XETERE TS S LR
LM BHLE-— AR RS« B - B TR REENE T BT B DL AR I 5E
RHHELXFERIAET T, IR R B 2 7 E Pk A E B X a7 A BN
BRERIRRZS , R T HEE ) S EATERI A R G T P @B A R R A SRR -

ETBAERENEIES £ O E LR F2:
Source Document:

Articlel: Efficacy and safety of sintilimab plus albumin-bound-paclitazel in recurrent or
metastatic cervical cancer: a multicenter, open-label, single-arm, phase II trial

Article2: Comparative effectiveness of ustekinumab vs. vedolizumab for anti-TNF-naive
or anti- TNF-exposed Crohn’s disease: a multicenter cohort study

Article3: Efficacy and safety of second-line therapy of docetazel plus ramucirumab after
first-line platinum-based chemotherapy plus immune checkpoint inhibitors in non-small cell lung
cancer (SCORPION): a multicenter, open-label, single-arm, phase 2 trial

Article4: Fecal microbiota transplantation plus tislelizumab and fruquintinib in refrac-
tory microsatellite stable metastatic colorectal cancer: an open-label, single-arm, phase II trial
(RENMIN-215)

GPT-3.5 Direct:

XL G AR T ARNRTT 7 RAEA R R B AE B P RIT 2 2k - B—Rt
FUIEAE T SintilimabBk & HE B4 & KL ERIT B SUE SR, B BRI R E &
AEEEN . B R R T Ustekinumab 1 Vedolizumab7E 5, % BUR B HRITTRL, X
Il Ustekinumab7EIm R FIZ M EE SR FAL T Vedolizumab - 88 =R BFF IR T £E3E /N R i FE 3
B, BRI R Z RN R SIS B ERIRITT T SR 2t . REE—R
o THEM LB E S EMEEE T, EMEHFBERK S BENERATMNE 2R enT
3, BIoRHEGEEGFMAEEMN L 2N . XEH R A REE R AET R T HeETT ik
B, PRI T AT KHEE R LG RS i B

GPT-3.5 chainl,3:

X T IIERIT T AN RIVETT 77 ZRAE MR B E 8 T T RO e ek o — ISRl TER
R BRI E SR B T R sintilimab5 0 H'E W45 & S EBE M AR, EnHEE
FIAITREI R - A —TF 5T LI T ustekinumablvedolizumab E 5¢ & B BB 5 FAORUER, SR %
Austekinumab ] BEA& B AL EE - H —TIF 5T T docetaxel firamucirumabfER dE/NH
Rt es A ) IR TR R, EonH RIFIBUME TE AN ] EHE M 22 2 - S5 — It 5T
R T H M EERAE Stislelizumab M fruquintinib4s & M TR R T2 E S Bl B
FTRL, SRIE T i R R VRTT T AT R EEAEA o XSRS N R E VR TT AR AL T
YBTT IR A LA, FEH— B RISIEFIIAT -
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GPT-3.5 chainl,2,3:

TE— RIVERARIEIETRIT T RAYT M Z 2 Z LR, WL T OEe 5% .
—IF RIS TR EFEREDEE (FMT) SBEEMNKATMEEB RS TGN TLER
& (MSS) B MEEERE (mCRC) BEFHINA, ErRHEFENGR, P HBER
B (PFS) 79.61™H, HEERNETAZIN T EMEMARNSE, =2 T R R
WBITIT AR RIVER « 55— R T 2 RPN S i By E R Sk Nz (NSCLO)
BERZEIGTT, M3 A% E MR EEM PN REA, A —BF R T E /A
BHMBHERS S UERTE A e E IR, Tonla & B iR el 2 i al{/E
F o A, — 30 bR o AR JE B AN 4 22 R BR B A e B B A ISR R B, T TNFIR
B FITNFUG 2 1A, i e e S5 26 RS 52 8 BV SRR B AR R A5 58« X Lefft
FUALF R T A MEAER E SOETR TR, R T MR TSRS I E BN, IR AT Im R SR B
i —PIRRR M TR ERSRE

Reference:

I A A PR 50 A 8 R B BT T VA TR RE T8 B, B T TR 16 YT 78 & PP A
BT . He HARHITHISE M BESCORPIONRISZEIE /NIt (NSCLC) HIVRIT A
DR THE, ZAEES R EZEMRSRTES BRSESIEN ZRITIE, B2 T 34.4%E W
MR 2 (ORR) , HZEEMWE. FE, HHOPD- 1R ZE 25 AR AL
FATELZSEZBEESENAE, Tad 7T EENIUMEEME, ORRN44.4%, HhRiEHIZE
H188.9%, REIEFHS5HEHIM T EEN &N REL, . EEBHERAE, —mEZH.0
SIS s TR B B T |, SRR T2 R BT, 25264
52 ARTIA S T IR IR ER %M, BZ2MEES - X —RIFEIETET, BF50 < fd
AR _ B E B R PIANE SRR ia R M D ER SR SRS B 5N T —
FhET GG M T 2R E RS EDE (mCRC) MEBHINAIT TR, G446 T EMERUEDRE
AE (FMT) S#HPD-1MIELME £ RITIE - ks 7R THBRERFH (PFS) 79.61
A, BAEFH (0S) W37 A, BZatnE, ME T mEfMEYAER ST HE
ZAER - XU I RR A T 45 A F X T 15 ABCE B SR A AN S s B SRR T, i
T A AR SR T R R AT

C BIEHERH

C.1 ATLERE

NHERE L 4R SO
Articlel:
Title: FiLM: Visual Reasoning with a General Conditioning Layer

(IZ R4 9041 BLiA] )

Article2:
Title: Hierarchical ConViT with Attention-Based Relational Reasoner for Visual Analogical
Reasoning

(IZ S0 $E1192 B )

Article3:
Title: Learning the Dynamics of Visual Relational Reasoning via Reinforced Path Routing

(IZ R F£918 B H))

Article4:
Title: Visual Concept Reasoning Networks

(1% R F6931 B iH))

BEE £ U E:
T BAAE AR 22 I 4% T AN ZEAG 5 T A3 0 B R A T AL HERE ), X — AR S
BUELE LA APk O AT 4 IEZMEAH] (Feature-wise Linear Modulation, FiLM) JZRI5I A

PP E SO E AR, B1I00- 1330, KR, R, 20244725 H 228 H
: Eawl
(c) 2024 HEAPELFSHIEF A LVERE 132



HEESY

WEE—NERAED, BT MR L, EHZMS RN LI R R A S
MZ LTRSS, WAECLEVREEENNX TR o [, 2 EConVIT5ETER /1)K A
FH2S (Hierarchical ConViT with Attention-based Relational Reasoner, HCV-ARR) B % .
fi# R T Raven’s Progressive Matrices (RPMs)H 5t AN FIZ B B 6, ReBHRSR AT
RRAL o 5 R e aR R T R R E AL &, il — 1 ETHER IR R ARG
HEFRE ST, WMZERPMEURSE FRINH B - thoh, 75— H il o Rl o ¢ R &
R BRI AL S5 R 2 ) B B  SXMOTIER IR B 7%, WA BB —1
LRI B, R A ET RS SRR SR R (TTAFS)) . B AA TS
SUHES RS AR o FEaxX e b A B, WSl S HEEE 4% (Visual Concept Reasoning
Networks, VCRNet) HI5I AR T 7EBTA &M 2% B T IR AE S5 1) 5 3438 - 5 97 5K
B, DISEEm B S 2 B R . @ FEN 0 X5 — e kB, R TR
BRAE BRI EIRAE, VORNet 7Rl id 5T & #958 BHEF ARSI, &R 15 Rl
ARFF o IXRIE S 5 B RS BTSRRI B A BOR T B R R 2R A AR 1 5
MALIRBIESS T HE RN, RINSEIGIN&R DN BAEME, XEIERF TS 2R
ZMBHLE-—FRHE RS« B - B TR REENE T BRI B DL AR IR
REEHLXFERIAETT I, AR R B 2 7 P A E B« X —#a SR T T e B RN
BROERIRRZS, i T R SR R G T P RO A R R A SRR -

C.2 B4

N THI AR AL 3R U

Articlel:

Title: Estimates of the global burden of non-Hodgkin lymphoma attributable to HIV: a
population attributable modeling study

(IZ R4 H£383 1 i)

Article2:
Title: The burden of non-communicable diseases among people living with HIV in Sub-
Saharan Africa: a systematic review and meta-analysis

(1Z R 2674 B iH))

Article3:
Title: Burden and risk factors of chronic obstructive pulmonary disease in Sub-Saharan
African countries, 1990-2019: a systematic analysis for the Global Burden of disease study 2019

(IZ R4 33551 BLiH])

BES 2 O E:

I REE S T RS R AR IEYN (SSA) TIm B EE Rk, A RE T R
e (PLHIV) AR Y (NCDs) A3 DL 8 PR M M (COPD) #4
RO H 3 IR A A . —TEAMM T o BE R, 2019F BB EE ST &M
B (NHL) 5 65 56.92% ] VA FTHIV, 7R &6 F1 R 50 6 I LA K 7R BOFD A 0 A 47 2R i
%, ME TPLHIVHENHLX SN - $bob, —TIRGIEM AT AT A, ez LLRg JE Y
FIPLHIVA & 0% « FIERSE - BEPR A1 EAbNCDsH L R E AT =, 38E 7 i LA 2SR
AT RSB . SIHCFEER, —I4 8119904 220195 4 BRI J5 (1 #8157 2038 O B
FAI, SSARICOPDIRAT R ZARIMEAN, 20195 AU 1T 1A 21103077, B 19904F LIk 3 fin
T117% - TR, BB ES IG5 952 COPDRIEEXE R ZE, JTLHEE T ERHEE
P AR ARV, B FRE A RAE T B RN TN AH o X B AE A BNSR A T A8 4 T R R
BE A IR 2L, X LESRES B 7E N THIVEF JWRFINCDs (B35COPD) H K B2 i3 E
ik, DADGEESSAMIE AR R R o« XPEE A T IES BCA E S LR & 5400-90-90” HiE 1T
B EFRE—E, HZH KX E XA T FIAIBOR H R4 T 0 g, M TR
FINCDsTESE /4t T AL SE H I BOA B B
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SRR AT S B TR NTE S ) F B R AR BRI R, RSB
YERETMIA R . VAR EERE T RIBEMRBUEIBAER, AT FHRAET
JSVEE, (HIX 28 T BB 35 AT RE T In BB AR RS R R, L M B EERE
ARTESARE . Ft, ASGREEES M EEARES (CLFCG) , BRZNE
BB E AR RIS . ARME T H AR EIE S ROSTEE A AEIEE,
EIRE A& WE S AT MBS AN B SORRIEE, HER T ETRKER
TNGRIE SRS SR Al 71k, BHEIERE - LRIAEMEERESENRAL
Mg R, SIS MERAEAER . SLISEERE, N5 55 B RFUIZ0E S AR
KETTIEAE BEh G (BLEU: 50.32) 5 A Ti¥fE (Precision: 62.84) ERIMELF. &
SNSRI EE AT TIRA T, DIEANEIES RIGTTEERIE SR T L L -

KB HEERBIES ] s KBWEFEEM ; BIEEORER ; PUIGE SR
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Learners
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Abstract

The task of generating feedback comments is designed to furnish corrective and in-
terpretative evaluations for the outputs of language learners, thereby facilitating the
enhancement of their writing competencies. Predominantly, existing studies have con-
centrated on monolingual feedback generation, such as providing feedback in English
for learners of English. However, this approach neglects the comprehension barriers
that non-native speakers may encounter, particularly when the feedback incorporates
unfamiliar linguistic elements. To address this issue, this paper introduces the task
of Cross-Linguistic Feedback Comment Generation (CLFCG), which aims to produce
feedback in the learner’s native language. This research develops the inaugural English-
Chinese cross-linguistic feedback comment generation dataset, comprising sentences
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crafted by English learners paired with corresponding feedback in Chinese. The study
explores a methodology based on a pipeline of pre-trained language models, enhanced
by guided generation techniques that incorporate modification edits, cue words, and
grammatical terminology as supplementary input to steer and prompt the generative
model. The experimental outcomes demonstrate that the enhanced pre-trained lan-
guage model pipeline with additional guiding information yields robust performance,
achieving a BLEU score of 50.32 and a Precision of 62.84 in automatic and human
evaluations respectively. An in-depth analysis of these results is presented, offering
substantive insights for the advancement of cross-linguistic feedback comment genera-
tion tasks.

Keywords: Intelligent Computer-Assisted Language Learning , Feedback Comment
Generation , Cross-Lingual Text Generation , Pretrained Language Models
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