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HDAAFHRIIEFEHREE LWHEEZZRIT T
W5HDD, XORERMLEFEZ LT % Z 213K
Re LTHREERBETHS. ZOBERDOEDE L
T, ZNETOXHEDIAAFIED 1 DDITHL 1
DOMDIAA (RXZ ML) LG RN BT
bNb., T L, R TIE 1 DDITH LHH
R EREBEBRNRER®REZRT 200X T b L
532 FETHS DualCSE 8L T 5. I
5DONY MVERI—ZEBENTHELTWE 70, 1§
WRBL T F A MR Y, HNZIGU TRERE
WEBIRLTHHTZ e TE 5. EEBRICKD,
DualCSE (& X DBH/RIV I K VRS BRI 22 B K & # U]1c
WETEZ ZehREh Y

1 IICHIC

XD IAAIZ HA S FEUH BT BN TIA S 5T
INTEL[2,3,4. L2LEDYS, ZAYDEE
TR ST OSBRI 72 KD 2 12 2 2 RE /I %
HIZTWS. Sun HIZK bk, RAEHD DAL
F1£[5,6,71 TH->TH, MTEB DFEX 27 [8] 1
BT 2 BRI 72 B & BB 72 BRI 3 2 R o
Y 02 KA > b B DEPFET 5 [9]. ZDOEHRA
DU DL LT, BFFRIISUEBDERY H %
CeERBERET, 10021 DD bV LDE|
DYTRVWZEDREZONS.

OB T 2720, KFRLTIE 1 DD
WXL Z DX DRI 72 R & B B 7R B K &
KT 200HDAAZED N TEFELRET
5. LUF, ARFE% dual-semantic constrastive sentence
embedding framework (DualCSE) & 3. LIZRT

1D FRXOTFERE (1] 2SI 0.

2) AT, TH/RMZEE) 27307280k, RNz

IR 2R D 2 WIEER 2 B HK T 3 IEFEEN %2
By LTHWS.
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ry ry [1 81 : She won his affection and love.

/ O rs E ; [1 82 : She conquered his heart.

— - 83 : She defeated his heart in battle.
Explicit Semantic Space

T /LM

Shared Semantic Space

Implicit Semantic Space

B 1 DualCSE D%, BI/RAYEE & B BRAT R R I3 E
DREKRZEMTRIENS.

& 512, DualCSE T D AR 22 Bk & BE 2R
RERIEE M E0RLRZRT PLTREIN
%. Bl 21X, “She conquered his heart.” (s,) D HH/R
72 E I 1X “She defeated his heart in battle.” (s3) DA
B ERIZE L, 5o OIEERAY 2 B IX “She won his
affection and love.” (s;) DFA/RIYLEBRIZT V. X5
12, 51 B K sy (ZHHTEICHE BRI 72 B R 2 B 72 7w
7=, FRFIUTET 3RV ER & BRI R R
BROBLEL 5, DZA LD EWV. DualCSE I & D
BN X OIRINE & GBI 72 B R D o 3A 4
Z, WECROBE—DRY ML 25T 2 XHOAAT
ETIERETH > 1-FIHOEHRORIAZAIHEIC L,
TEHRER [10] 7 F R PO [11] &V o T EARR
BRAZAZICBOWTHHRXOMREH 2T 572
TR L, ANXOBEEDOEGWEHE T 2 F61E
[12] DEHEICHTEHTE %. DualCSE i&, ERDH
flid D SHDIABRTFIL 13, 14, 15] ICHO X, HAS
FEHEFW (Natural Language Inference; NLI) 7 — X 2 v
MW E 16 i b Xz rya—&%
s 5. BRI, IR ER BB E
KON ZER L NLL T —Xt vy b [17] 248
T—Xe UTHHHL, RAKTHZITEAT 50
BRICEDRNIGA—RZHEHT 5.

DualCSE D X[ B L O XN DRz 1 2 % e
J1%, & B R RERER (Recognizing Textual Entailment;
RTE) 3 X OHEEREHEE (Estimating Implicitness Score;
EIS) D 2 # X 7 CaHii§ 5. BRI X D, DualCSE
BFPERFEL D S XHIB X OXNOBEFRE X D IEHE
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K1 INLIT—Xty FADT— X4 TLDf|
Premise

Diane says, “Would you like to go a party tonight?”
Sophie responds, “I am too tired.”

Implied Entailment
Sophie would prefer not to attend the party this evening.

Explicit Entailment
Sophie claims to be too tired.

Neutral
The party will take place outside.

Contradiction
Sophie is excited to attend the party this evening.

WHZ 2 Z L Z2RT.
2 Implied NLI (INLI) F¥=%+t v F

ARHEITIX, DualCSE D7 — & & LTSN
5 INLI 7—&+t vy b [17] DWW TaEHT 5. INLI
7 —&+% v M, SNLI[18] % MNLI [19] & W5 %
RN NLI 77— &ty P EdRRD, £11
R KDL, 1 DDH{HEIZH L implied-entailment,
explicit-entailment, neutral, contradiction @O 7 X)L 23
F5EN 4 oD RLZREHPREBEEATVS.
~V implied-entailment & explicit-entailment 1%, %1
Z AR D BE BRI R & BRIV 72 BRI 5 2 &
BzRL, SHETNVOXDOHEENZERERZ 2
BENZML L= DEHII L2 D § 5 Z 2 icfkiro. Y

3 DualCSE

AHITIE, DualCSE DFFMlI% X 5. DualCSE &
AN R B » BB R B E R T 200
HOAARZTFELT S, T NS DHDIAAEY
BT 57-DDEREAMZHHL, HivTHDIAAZ
ERT 3T a—RIZOWTIHNG,

3.1 XtEEfEK

INLI 77— Xty b i FHOY ¥ T iZo0
T, HifE% s;, explicit-entailment, implied-entailment,
contradiction DIRFHZ ZNZ st sh, s; &L, £
o ORI R EROIDARE ZNER L, 1,
rh, r;, ERNZEROEDALZ ZNZN u,
uf, uh, us X358, FAXDBNDI =Ny FIZ

i1’

B3 i ZHOY > RT3 R HEEIIZLLTR D
k3 IEHE NS,
v(hl,hz) = gSim(hl,hz)/T. (1)

3) INLI 7—&t v FOFEFHIMTEHR A ICREHI ATV 3.
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SimCSE DualCSE
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[ premise:s; explicit entailment: s ;3

implied entailment:s,  contradiction: s;
QO: explicit semantic representation
/A\: implicit semantic representation
B2 SimCSE[13] & DualCSE OxtHEHEA DHERK
v(ri,r)
g —
Zj'vzl(v(ria r;‘-l) + v(ri’ rj ) + V(rh u]))
v(u, l';rz)
N _
ZFI v (u;, r;fz) +v(u;, rj) +v(u;, 1))

+ ot + ot
v(ry, ) v(ry, uh)

li =-1lo

—log

—log

- _
i v(r}, u;fl)

N + ot
i j=1 V(I uh)

v(r;,u;)

—log 2

j.vzl v(ri’,u;.)'

RDHWCBITBZvIE2200XRZ FLOELETD
D, sim(h;,h) X2 2DXRZ +F)Lh &£ hy DY
A VHEME, t ZIRESTX—=—2TH 5. —7,
R Q) IHBELEODERTHZ. 22T, BETFE
@ SimCSE[13] ¥ DualCSE (281} % S HRHH Sk 0 [E )&
RBHAZR 2 1TRT. X7 (1)) & (0, 1)) 3H
WIZEDE, X7 (ri,17) & (s, 1) BAEWICEEN S
ISy a—XypEP I3 Y5 bbb, ik
L ERORGOMDAALDIEMEIZE L, it F
JEDIREE DD IAHLDFALEIFMKL 2D, BT,
K7 (rf,wh), ch,uh), @7, u) FEWZESL X
SMEEN,IVRT (rp, w) FHWICEENS XS REX A
%.9Zh51%, INLIF—&ty M NORGIIATE
XD HERMEDEE VKL, R DRI E
C IEERA 2 IR O IAAIIIALLT 253, Rt DH
TR B & WS BRA 72 IR O DA AR L 72 v
CARGE L CERET N TV 5.

3.2 ITYO—4

ARIFFE T, BHR - BEERIER DM DAL T 4
RTpzra—Xe L TUTo 2 EOET LEH

4) RO OAELDE 1HL E2HIIHYT 3.

5) Q) DELDH 3, 4, 5TEICHYTS.

6) XNQOEABLOE 1HLE 2HOSFOD vr,u;) &
V(ll,',l‘j) b:éﬁ%’lj‘é
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W3,

Cross-Encoder B — @ BERT[20] & L < &
RoBERTa[21] ET NV TH 5. HIRH B EK DK
BWr 2053 % & Z2EAJ) “[CLST s [SEP] explicit”
2EZ, BRALEKRORE u 2BS T % & 2 A
77 “[CLS] s [SEP] implicit” 5% 3.

Bi-Encoder 2 © ® i3/ L 7= BERT & L < &
RoBERTa ET /L TH 5. —HDETADr%Z, b
—HDEFAPu BT 3.

MLy a—&RIZBWT, b—2 2 [CLS] DEKE
DRRAVIREI DAL Y LTI 3.

4 FHEEER

XEBLIOXADOEFRERATETVWSE LW
SHAD S, DualCSE DE#MEE 2 DD XX 712 &
DIREET 2. 1 DHD X X713 & EBE%EH (RTE)
THhH, ETAPLHEOEEMFRZIEL {HfET=
TWAH%FT 2. 2 0D X R 7 3REEREHEE
(EIS) TH D, ANXOBEEI R EKRD L FHED D
RS EORERB L TW 202 HEE T 5.

4.1 HERETE

Cross-Encoder, Bi-Encoder D i /5T, FHRi22E %
% BERThue £ ROBERTape LY I—XETILE L
THE L7, REITIX, BIFT —XI12B W T BERT
X D EWIEEEZ /R L 72 RoBERTa & 7L DX E ¥ &
ROoBERET 5. Ny FH A X FHRIIHFKE
7 — X H W TH#E{L X, Cross-Encoder Tl %
NFN 64 & 5e-5, Bi-Encoder TIZZFNF 32 &
3e-5 8otz Fie, WMENT X —& o 13T
[13,22] ZB#EIZ0.05 IZRE L 1=

4.2 RTEXRRY

ZRXVFEHR RTEF, 52 5N7HE p LR
h [ @ B% % entailment ¥ 7z 1% non-entailment D\
TP HET 2 E2R7TH 5. FEEITIE INLI
7—Xty b [17] ZEML, JLO TNV neutral &
contradiction (% non-entailment (2, explicit-entailment ¥
implied-entailment (% entailment 12254 L 7=.

SRILFR FiE p ARG h ORI EBR O
KBz ZhZNr &y, HiE p ORBRIYLERD
£ % u £ 3%, DualCSE 13U RN D52 /-
THE I entailment & THIL, ZHAUANDEHE I
non-entailment & |35 5.

max (cos(ry, r2), cos(uy, rp)) > y. 3)

— 3763 —

5 2 RTE ® X 7 O EfEHE (%). Exp., Imp., Neu., B
X Con. X ZH ZNITD T XL A explicit-entailment,
implied-entailment, neutral, 35 & U contradiction ¥ > 7L
WS 2 IERELERT 5.
Model Exp. Imp. Neu. Con. All
SimCSE (SNLI+MNLI) 79.80 49.00 74.30 67.60 67.68
SimCSE (INLI) 90.60 69.10 66.90 91.00 79.40

DualCSE-Cross (ours)  90.20 73.40 68.40 88.70 80.18
DualCSE-Bi (ours) 91.90 69.90 72.10 87.60 80.38

97.90 80.30 92.00 95.40 91.40

Gemini-1.5-Pro

ZZT, BEy IR T -2 EHWTHEINS.

AR=254> DualCSE ¥ HHEi§F3R—25 4 >~
¥ L T SimCSE (SNLI+MNLD)[13] ¥ SimCSE (INLI)
D2 OoFHEL. BiZEA Y Y F D SimCSE £
FIATHD, BEIFZINLI T —Xty FTHlXh
72 SimCSE EF 1L TH 3. THEHEDR—ZAF L~
%, DualCSE ¥ [FItkiz, HifdLR@iz Zzheii—
DRT7 MVIZFFEEL, ZhoDay A VEMEL
BEZEBEZ 200 TINALETHT S, X612
%% ¥ LT, few-shot learning IZ X 2 K SFEE T
)V (Large Language Model; LLM) DO#5HR S 184E5 5.
EERER RIEXRZDIEMRRER2ITRT.
9, EFETH S DualCSE iz a—Xk
% SimCSE (INLI) % L[\ D, SZORARIY 72 Ik & i
R EREXB T2 2 OEMEEEILEL TV
%. X2, SimCSE (SNLI+MNLI) (3BHR A 72 BRI
M3 2 IEMEER (Exp.) & EERAYZ BRI 3 % IEfE#
(Imp.) DEI S K E2WV. ZHIF, JBIT%E (17 T
WEXNTWS X512, SNLI ¥ MNLI (1 BFERAY 72
BERZEEOXHBLEHDPR W e RFRRTH 2 &
26N 3. &#%I1Z, LLM (Gemini-1.5-Pro) 13 —& L
TZYa—XRETNLIDENLEEZRLTVS.
LLhs, =rya—XET LIS, LLM %
Exp. & LEAX Imp. 2ME N 2 HAA R S5 5. 7

4.3 EISARRY

BRRAIVEE 20D s &s,h5z260, ¥H55
DB LD EOREREOE SN (BEE) 2R3
PR 5. FHMICIE Wang 5DF— Xt v b [12]
CINLIT—Xty F[171ZHWVW5. Wang 5D T —
Xty MIGERNLRERZ O e FF RV DR
THhoRD, HETHERENEVWE LTEALL
X ICIEfRY 72 %, INLITUX, AifEDMREE & b BEERAY
THHEREL, AiRZEAL L ZWICIERET 5.

7) o LLM OFERIZF5% B ICii#k 3 5.
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£33 7FAMREDO—f]. Explicit semantic ¥ Implicit semantic !X, INLI 7 — &t v MZEIF % explicit-entailment ¥
implied-entailment \Z ZNZAMEY T 5. TASWERRO I =) 2 LTHEHL TLRWn

Query: Madeleine has just moved into a neighbourhood and meets her new neighbour Pierre.
Pierre says, “Are you from this state?” Madeleine responds, “I’m from Oregon.”

Explicit semantic: Madeleine is from Oregon. ‘ Implicit semantic: Madeleine was born in a different state.

#1 Laverne moved from Canada.
#2 Angela and her family live in Portland now.
#3 Alyce works in Portland.

#1 The place does not belong to Quincy.
#2 Madeleine enjoys food with some spice, but not if it’s overly hot.
#3 Earlene is not originally from this area.

FK 4 EIS X 27 DIEfEE (%)

Model INLI Wang & [12]
LenGTH 99.90 73.37
ImpScore (original) 80.55 95.20
ImpScore (INLI) 99.97 81.56
DualCSE-Cross (ours) 99.97 79.31
DualCSE-Bi (ours) 100 77.48

BEREHE soBEEORa7%2K @) T
BL, RGO)DEIIZ s & 5 DI BENNENLE
IS 5.

imp(s) = 1 — cos(r,u), 4)

arg max (imp(s;), imp(s2)). 5

RN—=X514 Y AKRHEBERTIX, LenctH, ImpScore
(original)[12], 3 & TF ImpScore (INLI) D 3 DD X —
AT A4 BB L. LENGTH I 51 & 50 D, BV
FOXZ X OBEEBRENEVWE FHIT 5. ImpScore
(INLD) !X RoBERTa Z = > a2 —&X €7/ & L, INLI
7 =Xty MTHBE L 7 ImpScore €7V TH 5.

RBRER BSXRIZOEMEREFL4ITRT.
F 3, DualCSE X INLI 7 — Xt v b, T kbbb
in-domain &% E 1Z B WV TIXIE 100%D IF fift 3 % 3E iL
L7, 72720, ZREANTXDOEIPIBERED S
WY ERET 327-DDEMBFRHE L L THKiE
TzlzheFEZ o5, EEE, Lenotn b IZIE 100%
DIERREZZERLTVE I 00, ZORHMHIE
Frehsd. R, Wang bD7—X+tv b, T4k
5 out-of-domain 7% iE T &, DualCSE & ImpScore
(INLD O IEfR#IZHIH 80%E TR T 5. ¥
7z, DualCSE-Cross O IEf#Z1% ImpScore (INLI) & 1
EFRIETH S, FFETXZIL, ImpScore 535 ERE
ZHEE T 2T DICHREINLFIETH 2 DITH L,
DualCSE [3H/RAY 3 K G ERAY 72 R0 5 2 R
PHERT 2INANZETLTHD, o FHEZ 2
CBHIEHATE M TH5.Y

8) DT T ILOERII R C IR T 5.
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RS 77— a yphoiER

Loss function RTE EIS

DualCSE-Cross 80.18 99.97
w/o contradiction 64.57 99.88
w/o intra sentence 80.10 92.25

w/o contradiction & intra sentence 64.68 32.75

5 o

TITL=>arath BRI NNEBEKOMK
HEOFEEZRBET 27D 7 7L —v a itz
Tz, BARINCIE, FEORGUCHET 2HEKLY
PR L7256, XN OBRICE S 28K 2R L7
B8, BIXUZWSHAEZRALZHEED 3 DD
KB TETAZIBLU. R5WORT X, F
JE DRI $ 2 HRIX RTE X 27 1I2BWVWT LD
R TH D, XHNOBRIZBI S 2#HKIF EIS % X
ZZBNTE DR TH 7.9

TEAMEE WHRMWE X RN ERORE
DEMM ARG LT, Bz 7 2 MRRE EE
L7z, BARANICIX, INLIDOBIFET —Z 50 L D
DHHRE 7 T ) 2 LTGEIRL, &7V ORI
Bk RN LE®RD ZhZziuc L, s — &
H HFEBE DS WREE 3 HFE R T 5. K3 IWORT
3D, DualCSE \FRH/RAY 72 Bk & BE BRI R Bk D 2
NENTHELUT 2 X EMETE 3.

6 &HOHIC

R TIE, 1 DDOICHR 2 EK & BT
REROMRRREZE 2 7-DDXHEDIAATFIE
DualCSE #4242 L7-. RTEB XU EIS X X712k %
EERDFER S, DualCSE 23HARIY 72 B & BE 2R
R R 2 O IAAICHYNICFELTE S 2
CHEIEEI NI, R THAL %8 T — XX
INLI D& & /N2 728, SR KB 228 7 —
RERRELETNLEIIHL 2.

9) 77 VL—arvaoiEs L OMtho € 7T OfERIZTER
D IZFE# T 5.
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A

F—2ty FDOFE

INLI 77— &t v b [17] & Wang 5D T — Xt v b [12]
DHiETEE 6 1R T. INLI 7— &t v b TIXHIE & IR
DRT D%, Wang 5D T — Xt v b TIXRFERRY 72 Ek
PRON RO DORT OB ETRT.

B

K6 T Xty +DHiGH

Dataset train  development test

INLI 32,000 4,000 4,000
Wang 5 [12] 101,320 5,630 5,630

RTERRXRIVDLEETIDER

RTE Z 27 DEETFILDMEREE T I1TRT.

F]7 RTE XRZA27DEETINLDIIEMFR (%)

GPT-40-mini
Gemini-1.5-Pro
Gemini-2.0-Flash
Claude-3.7-Sonnet

Model Exp. Imp. Neu. Con. All
LLMs

GPT-4 98.40 83.10 88.90 94.10 91.12
GPT-40 98.30 84.50 87.20 94.30 91.08

97.30 74.30 90.30 94.40 89.08
97.90 80.30 92.00 95.40 91.40
98.20 85.50 85.40 93.40 90.62
97.10 75.90 93.00 95.90 90.47

DeepSeek-v3 99.10 85.20 87.40 93.30 91.25
Mistral Large 98.10 81.30 88.70 94.60 90.68
BERT-based

SimCSE (SNLI+MNLI) 78.50 41.00 77.40 67.50 66.10
SimCSE (INLI)

ImpScore (INLI)
DualCSE-Cross (ours) 86.80 64.30 72.40 87.50 77.75
DualCSE-Bi (ours)

89.80 67.60 65.70 83.90 76.75
59.20 26.30 75.30 81.50 60.58

91.30 63.30 73.60 85.10 78.32

RoBERTa-based
SimCSE (SNLI+MNLI) 79.80 49.00 74.30 67.60 67.68
SimCSE (INLI)

ImpScore (INLI)
DualCSE-Cross (ours) 90.20 73.40 68.40 88.70 80.18
DualCSE-Bi (ours)

90.60 69.10 66.90 91.00 79.40
81.60 56.80 47.70 61.60 61.92

91.90 69.90 72.10 87.60 80.38

C

EIS ARV DLETILDRER

EIS # 27 DEETFNLDOEREZFE 8 IT-T.

D
77V = a YO E LIRS,

77 L= a 3 thOs#

w/o contradiction {HKZLTOATEHET 2.

V(ri,r;—l)
N
P (V(l‘hr}l) +v(ri,uy))
v(u;, 1)
N
2=y (v(ug, 1‘;2) +v(ug,r)))
v(rj, uf) v(ry, ug)

—log .
N N
S vt S vy

/i = —log

—log

~log (6)

— 3766 —

#F 8 EIS XA 7 DEETFINDIFEMEER (%)

Model INLI Wang 5 [12]
LENGTH 99.90 73.37
ImpScore (original) 80.55 95.20
BERT-based

ImpScore (INLI) 99.97 76.91
DualCSE-Cross (ours) 100 80.46
DualCSE-Bi (ours) 99.97 79.88
RoBERTa-based

ImpScore (INLI) 99.97 81.56
DualCSE-Cross (ours) 99.97 79.31
DualCSE-Bi (ours) 100 77.48

w/o intra-sentence {EEAZLUTOXTHET 3.

v(r;, 1)
li=-log = t
SV ((rrty) + v(rn;)
v(ui,rffz)
—log : (N

S (0 (uirty) + v(ug,r7)

w/o contradiction & intra-sentence K% LR
DOATIHET 5.

V(l'i,l‘:l)
SV e rt,)
v(ui,rlffz)

S (v(ugrty))

l; = —log

—log )

7L —a A OEETFLVOMEE LR I ITRT.

g 7L —araliOoEETNLOER

Loss function RTE EIS
DualCSE-Cross-BERT 7775 100
w/o contradiction 64.13  99.90
w/o intra sentence 77.50 47.13
w/o contradiction & intra sentence 64.38 31.83
DualCSE-Bi-BERT 78.32 99.97
w/o contradiction 65.97 100
w/o intra sentence 77.30 63.42
w/o contradiction & intra sentence 65.47 81.35
DualCSE-Cross-RoBERTa 80.18 99.97
w/o contradiction 64.57 99.88
w/o intra sentence 80.10 92.25
w/o contradiction & intra sentence 64.68 32.75
DualCSE-Bi-RoBERTa 80.38 100
w/o contradiction 66.13 99.95
w/o intra sentence 80.57 60.35

w/o contradiction & intra sentence 65.07 76.15
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