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Abstract

Large Language Models (LLMs) are language models trained on huge amounts
of data, achieving near-human accuracy in various benchmarks such as inference
and translation. However, it has been reported that LLMs may produce differ-
ent outputs depending on the variations in input expressions, even if the meaning
remains the same. For example, when querying an LLM about Anne Redpath’s
place of death, the input prompts ”Anne Redpath’s life ended in” and ”Anne
Redpath passed away in” may yield different results, with the LLM responding
with "London” and ”Edinburgh,” respectively. This issue raises concerns about
the reliability of LLMs. Despite their high performance on benchmarks, doubts
remain about whether LLMs can effectively utilize this high performance, making
it difficult to trust their responses. This inconsistency in responses is not limited to
vocabulary-level paraphrasing, as previous research has pointed out, but also ex-
tends to logically equivalent expressions, as revealed by preliminary investigations
in this study.

To address the inconsistency in LLM responses, existing research suggests that
fine-tuning LLMs with data extended through paraphrasing could potentially en-
hance their robustness. Additionally, there is existing research on data augmenta-
tion using equivalence transformations in propositional logic. While the generation
way of the logical formulas is relatively simple, LLMs using the augmented data
have shown improved accuracy on benchmarks, indicating a possible enhancement
in robustness. However, propositional logic represents a relatively simple form of
logic found in natural language sentences, and there is a need to improve robust-
ness concerning more expressive predicate logic.

Therefore, this study proposes the construction of a language model that is ro-
bust to logically equivalent expressions in predicate logic. To achieve this, we aim
to use a data augmentation method that guarantees logical equivalence to learn
that the extended sentences have the same meaning as the original ones. This will
enable the language model to implicitly learn logically equivalent relationships,
thereby enhancing the robustness of such expressions. Regarding the data aug-
mentation method that guarantees logical equivalence, we propose a paraphrase
method LET, which transforms transforming input sentences into logical formulas,
performing equivalence transformations using first-order predicate logic, and then
converting them back into natural language sentences.

LET consists of three components: T2L (Text-to-Logic translation), L2L (Logi-
cal form-to-Logical form translation), and L2T (Logical form-to-Text translation).
These components are connected in a pipeline to achieve data augmentation with
logical equivalence.

For T2L, translating natural language sentences into logical formulas has been a



long-standing area of research, particularly focused on first-order predicate logic.
This translation enables the use of theorem provers like Coq, which can apply
logically grounded approaches to a wide range of natural language processing
tasks, such as RTE and calculating sentence similarity. Traditionally, Text-to-
Logic translation has been explored using rule-based methods. However, due to
the complexity of natural language, extending these rule-based approaches to prac-
tical applications is challenging. With the success of large language models, there
has been growing interest in methods that use LLMs, which offer a balance of
translation accuracy and flexibility. The emergence of powerful LLMs like GPT-
3.5 and GPT-4 has led to a new paradigm where LLMs are employed to handle
most of the translation tasks. Nonetheless, recently, ccg2lambda has been pro-
posed for semantic analysis and reasoning from the perspective of mathematical
logic. ccg2lambda is a system that consistently performs CCG parse tree gener-
ation (syntactic parsing) using Combinatory Categorial Grammar (CCG), logical
formula generation (semantic analysis) using higher-order logic, and automated
reasoning using the Coq. One advantage of ccg2lambda over LLM-based methods
is that, with correct syntactic parsing, it can generate unique logical formulas that
faithfully preserve the meaning of sentences. Therefore, this study prioritizes the
reliability of the generated logical formulas and adopts ccg2lambda for T2L.

For L2L, while there are many possible transformations for logically equivalent
expressions, many of these transformations may not result in natural expressions
when converted back into the same natural language or may not produce noticeable
differences. Therefore, this study focuses on equivalence transformations in first-
order predicate logic and adopts rules that ensure the resulting expressions are
different when translated back into natural language.

For L2T, translating logical formulas into natural language sentences (Logic-to-
Text) has also been a focus of research, particularly in the context of first-order
predicate logic. Since logical formulas can be viewed as a language that translates
natural language sentences into a specific theoretical framework, Logic-to-Text has
traditionally been considered a simpler task than Text-to-Logic and has been ap-
proached using rule-based methods. With the advent of LLMs, researchers have
explored using these models for Logic-to-Text, leveraging their high text genera-
tion capabilities and flexibility, which rule-based methods lack. Although this area
has not been as actively pursued as Text-to-Logic, there have been studies utiliz-
ing LLMs for Logic-to-Text translation. However, because ccg2lambda generates
formulas in higher-order predicate logic, existing translation methods cannot be
directly applied. Therefore, this study aims to construct an LLM-based model
that takes logical formulas as input and outputs natural language sentences.

To construct a language model that is robust to logically equivalent expressions,



we will use LET to extend the RTE (Recognizing Textual Entailment) problem
and fine-tune the language model with the extended data. This approach aims to
enable the model to implicitly learn logically equivalent relationships and improve
its robustness to such expressions.

In experiments, to effectively verify the robustness of LLMs to first-order predi-
cate logic equivalence, we focused on FOLIO, a natural language RTE dataset for
first-order predicate logic. We used LET to paraphrase the premise sentences in
FOLIO and extend the RTE problem. By fine-tuning the large language model
with the extended RTE problems, we aimed to construct an LLM robust to logi-
cally equivalent expressions. The results confirmed that using manually extended
data, which represents the theoretical upper bound of LET, improved accuracy on
the RTE problems while achieving robustness on Llama2 (7B). This demonstrates
that the proposed method is effective in enhancing LLM robustness to logically
equivalent expressions without compromising inference ability. However, the ef-
fectiveness of the model fine-tuned with automatically extended data using LET
could not be confirmed, indicating that the paraphrasing accuracy of LET is still
insufficient. Additionally, varying the parameter size of the base model did not
validate the effectiveness of LET even at its theoretical upper bound, suggesting
that further investigation into the effectiveness of LET is needed.
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LLM D [aZEDIE—E M LT, BEFIFSE Tld Paraphrase I X DHER L7275 —
ZEFAWCLLIMAZ 7 74 ¥ Fa—=V 78232 A LLM OEEEZ 5D 5 0]
REMEDD B Z e 2R L TW5. EhmdmlORELTFIC & % 7 — ZJLRIZOW
THHENEINTED, IMEEEITE 72 2 mHEROERBEBHTIEH 2 DD,
TR L7 — 2 2R L LLMER Y F~—27 ECIEER 2 X8 TH D, H
I OVTHMEL TWARA[EEMEI RENT WS, 2L, mdimiElE, BRS
RESUCHN 2O TR R R D D TH D, & h RS OBV IREEREIC
BLUCHEEEZR EXE 208N H 5.

Z ZCARME T, ARGEmE L CRER BN U TEEAR S35E 7TV OME L
RET L. ZhERBT 570012, N R FEEEZREET 2 7 — XLRFIEEfE
W, HER L7 XXDEERTTO X E R UERTH 2 Z e 2R XEB 2T, 56ET
IVHRE BRI ERIE A [RME 2R BEGRIE 22238 U, Gl A [RME A R B U CrEf@ e %
M EXxE2ZZHET. £, mBEREEEEZRIET 2 7 — ZXILRFEICOW
T, AN SAER U, —FRGEREZEH L FEEE 21T VAR SE
YIRS Z & T, imB R [EMEM: %2 #HIR 3 % Paraphrase £ LET 24253 5.

LET &, BAZEX 2w NICE#T 5 T2L (Text-to-Logic translation), & %
am P 2 Fm A FE 2GR AN E Z2TE$ % L2L (Logical form-to-Logical form
translation), I H HARSFEXAN & 2485 % L2T (Logical form-to-Text trans-
lation) D3 DDAV R—=F Y b6 D, TN6Z2 4 T5 4 RCEIFEZ T
MFRANC A7 7 — YRR 2 ER T 5. T2L I, wmFHRoE@EtE2ER/ L T, ¥
AMaEm & TR E®GR D B o EFERFERIE 2 15 H U CEKRMNT - #2175
ccg2lambda ZHRH T 5. L2L 2%, HHl—FEARGEREIC BT 2 FMEZFICIER L,
HASEICR LI BB R 2RB 25 X5 RFEAIERHAT 2. L2T 12X, &
B RGERREIC IS T 2720, @2 A LTHARSE X 2T 5, LLM X—
2ADETFINEHERET 3.

Z LT, s AE AR RBUS U CEBRR S35 7L OME T, LET Z{f -
CTRTEMEZIRL, ZOWRT — X% 774 VFa—=v 35T, ST
7OV HE BRI EmBR A [RME 7R BA R ME 2 228 S 8, BRI [RME 7 R0 U CEf
HEAEEXES.



FHMEFEERTIX, —FERFERBL D FEMEM ISR 2 LLM OiEf M % Zh R iR 3
378, —FEREREDOHARSEXD RTE 7 — &ty b TH 3 FOLIO ICEHL,
LET Z{#-TFOLIO DX %2 S WX RTE M@EELR L7z, 2 LT, IR L 72
RTE ME TR SEETNEZ 774V F 22—V 2T 22 8T, PRI EIE
LRI U O LLM ORSEZ HIE L7z, #iRe LT, LET oM LR TH
%, FERTHR L7 7 — 2 Z W5 61213 RTE BN 3 2 IEER A L&
BN OHEEEZES L TV 2 2R L, AFIESHEGRRE S 28720 3 125
N EE 2 RBIC T $ % LLM @tk BIicEMBRFETH L e 2L L
L, LET I QXD BEINCHR L 2T — X 2 HWT 7 7 A v Fa—=V T LE
FIZOWTIEENEDI R TE S, LET BIAO S WIBZEEIIREAR T+ TH
L. Fl, R—ZAETNDNRTARXRY A X %ZEHT 52 LET O LR THHER)
WD R TE S, LET OIS OWT X SR 2ENNEL R 3R o 72
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F1E [FL®HIC

1.1 B=

KB ZEEET L (LLM) ZRBD T — X Ko THEE ZTo L BHEETLTDH
D, HEERRPBHER e YA R v F = — 212 B W T AR OREEEITIHE 2 B MERE % 381
LTWa. (7, ZOEWVICHNID? S, XNEEF vy b —E A TH % ChatGPT Z1&
U, Ho025HRBICBT 2 HRFENEATNS.

L L, #2DO—4 T, LLM IR CEHRD AN THREDEWNC L H HITFER%
ZZTLESMENHEINTED, LLM OEEEEEZ DL TW3 [11, 8]. #i
Z1X, Anne Redpath OFEEH%E LLM IZFIWE LR B, AJ17m 27+ “Anne
Redpath’s life ended in” ¥ “Anne Redpath passed away in” “Ti%, LLM D3R 3#k
Koz Zzhn London, Edinburgh £ #2725 TL %S [8]. ZD K 5 I AJJHEEHED
KL, MBS EL L TORWIRI T, RIC LLM 23Ry F~— 27 T ik
REDEB LTV LT, LLM P ER LA Z > TIELKH#ER L TW5 D
PE S EIGHTEZ 2005 BURTERMDPED , LLM ORIEZE#HT 2 Z i
T &R0,

EHIZ, TOXSREBEDIF—EHMER, FBRLRLVDEWIEZ (HIZIX “X's life
ended in Y” & “X passed away in Y”) 72IJICHEE 53, imHANCEER T WX
(Bl z21F “All X are Y” ¥ “If something is X, it is Y”) IZDWTHFHEL TS Z
Y EAMREDOFIHAE CHE L. K 1.11RT 7 F 2 F ZEBME%REH (RTE) [
RE [10] 2B 2612 FIWCHIAS 2. RTE BEE 11X, fifEr oRiEEEL e
T & %7 % True/False/Uncertain THE T 2H#imEZ X7 TH 5. ZOHITIE, At
X 1,3, 5,6, 7, 8 &b bird A3 kinetic 7> changing TH 3 Z ¥ 23aiAHN 2 728,
IEf#IE True £72%. %3, Llama2(7B) [22] @ 3-shot prompting 12 & b Z D&
RN 2 A, Tl Z Ui Uncertain & 72 572, —75C, 7. All unstable things
are kinetic. ZamHMEMERIZTH 5 7'. If something is unstable, it is kinetic. “\
CEFET S L, Llama2(7B) DT 7 XU True N Z{L L7z, 2D X 5 15N
WEER RIS DOWT D, LLM IZ AT OFEEEIMER N Z e b > TE D, 24U
LLM OEHMSEZERSI BDTH 5.

I7a s 7 MR, 4.2.3 §NCEE LTV 3.

1



Everything is either big or small.
All big things are heavy.

All small things are light.

All heavy things are still.

All light things are unstable.

All unstable things are changing.
All unstable things are kinetic.

. A bird is not both heavy and still.
J7#G: A bird is kinetic or changing.

N oo W

1.1: —FEREEREL RTE [10] MDA

1.2 HHB

Zliﬁg%“ﬁbi, AR [AMEZR RBNIN U CHB AR ZEE T VOMETHIN E 3

L IR EBT 2702, MR FEMENEZ LRAES 2 7 — ZALRFER W, 48
%Lt}t#%é‘ﬁm@)‘( CFRILE®RTHS e 2P EHIE2 8T, SinET VDN
EN AR AR BA R 2228 U, seERIC [AfEZ2 RBLSN U OB 2 M L
w522 HIET.

B R FMEME 2 REE S % 7 — RILIRTFEIC OV TR, AN ZimH AL

#Blﬁﬂlnnnﬂﬂfﬂ%(ﬁm L7-FMEEE 21T VWHARSHEXICREST Z T, PR 72 [F]
{ﬁ @%Tﬂﬁ?‘% Paraphrase +1£ LET (X 3.1) Z12%& 3 5.

1.3 FERX DB

AL DHERIILL RO BYTH 5. 5 2FETlE, AHILICEE S 2 BEEHSE & 35
RHEEIZOWTHRS. 5§ 3ETE, AMROREFEZHART 2. £7, mHiy
7 FMEME 2R L 72 7 — ZHERFIE LET I22oWTildR 3. XIZLET 2IEHL T,
FREHANIC[EE AR R BN U CEBR SiEE 7 VOMEFIELIRE T 5. 56 4B T,
FHMEEERICOWTHNRS . £3, 7 —XHEFE LET OFFMARE Lz a > R—x
¥ L2TIZOWTRR 3. 2Dk, LET %G Lf%‘ﬁbfcgaé%f‘}w), Fim EH

A FME AR RS0 U CRERR I IS DWW TIRR 2. 8 5 =TI, AEDO T H S
HBOFEZ RN .




F28 FEHERAZE

2.1 EBETFILOEFEY
2.1.1 KREEFETIOFRE
LLM OF8 A%

BEFERE 2> TWa LLM &, BERT [6], GPT 3] 2 ThH 22, Zhoik
Transformer [23] 2X—2 2 LTV SaBET NV TH 5. Transformer 1&, 6 D
Transformer 70 v 27 ZHD Ly a—X— L[ L < 6D Transformer 70 v 7 %
FOFa—X—hohsLya—X—Fa—X—EFLTH Y, WHIFHHEAHE
L7 Bl e L7z Z & C, LSTM E 7 VR Y ODRFDEFRET L L R B L%
T X ZBDKIETHEZ, REVEREZROEEET VR o .

Transformer O ENLEH] 2 RFETITHONTED, 1 BEHOFEE T RED a2 —
RAZHWT, B2 oNHGEY DL O ROBGERZ THlT 2B Z21T5. ZHIEHE
AiSEE E AN 5. FHREE TR, H o8 RHeme 1 OB TbhTW\W5 .2
BIEH OB, FED R RAZIZOWTDTF -ty M 2¥E 2TV, ZO¥EEIL
T7 A Fa—=V T eENG. 774 YFa—=V 7T, BIEHERDFEE R
ELLM 28 L AR O W TT OEB D IIF T E 2 —77 T, i LWAGEROFE X
SFELMREL RV EHI SN T WS [7]. RBBADONREIN TV S KBS E
ETNDT 74 v Fa—=r 7T, KDNHNGHREZEHRTE 3 X5, Rl T
% Instruction Tuning [25] 2MTHNZ Z LD —RATTH 5.

LIM AERIFEE TN XY LICESL-NEEZERTIFE

AIET G 7z & 512, LLM OHGERD FHFIE R HEFE TR O 8 O CREERIICAT
DOITED, LLM 23835 X 21258 U HERZ SR INCIEH$ 2 AT EBATIER
<, FEOINHEA BRTFEIERINTWS. T TEHEINZDE, LLM AD AN
Ty EIRTIZFETHo7-. HAMBICEZXH 20N, MEL BEOY
> TN RE~EAE 5 2 5 Few-Shot Prompting ¥ WS fHiER T 7 =v 71X, Z
NFETERRZIGHEEZ R D7D TAROEHELEL L TWET 74 VFa—
=B LU THRIFOMREEZRET L2 2R L. ¥/, ZHETLLM
HFRE L TW B e ein e L2 © 3 2 RIS LT, Chain of Thought [26] &



WH T 7= 7 TlE, 77 MZ Let’s think step by step &\ 9 H#im % B FEHY
WZIT5 Z e BT REEZ AN S 7213 T, LLM OZEBAfEFREE N RIEICH L35 Z
Ehbhrol.

T7 A4V Fa—= P RTRT Z2FEIOVTHEHNLRTENMERI AT
%. Instruction Tuning [25]| TX, RRAZ &7 74V Fa—=V 7 THEESIELE
12, RRA 7 OEET T, #57~ (Instruction) HZIFH->THEFETZ 5 K51
T77 A4 Fa—=rTF5Z8T, RADFERIIH L CTHEUNCEIETE S L 51C
¥ %1T-oTED, Few-Shot Prompting Z{#HH L2 TH AFDOHRENFHHETZ
5ZEDDroTWVWS,

X5, LLM ONERIREBZTEH L FEDPZAIBEZIND L5 IR TETY
% (12, 1]. ZHUE, LLM OFIERD AERIUIE, LLM 24T % X EOTE#D
HOIAZFNTVWEL LW ERbhoTEREDTHS. FHlZIX, LLM HBEHEIZ
BIL7- X e FRICK T 2 XEEMT 2EONHIREEIX, Z2OXDEMBIZE->TIEL
CAFETEZZeDbroTW0W3 [12]. LA L, LLMIZFRIIKTALTHH-T
b, B bERETHEILOESBIEERLTLESHE (e tr—vavl
N %) 22 TH D, LLM IR TR L TV A HERZ TciEH LT
PERTETVWRWI EDRDD 5.

2.1.2 EEEFILOAAICKTIEEER LEICEITT

1.1 8 TRz & 512, LLMIZIXE CERD A ST HREDEWIZ L D HTHER
BPEZTLED LW AT OBEBEESNERNE WS BENREXINTE D, AFED
TS T, WWEACAERZ S WIRZICBWTH 20 & 5 R0 MEs 74
LTWBZ e ZMERLUT. TR, 774V Fa—=V 7% TRTZFIE B
{REVIZIE, Paraphrase IS K DILER L7z 7 — X ZHWTLLMZ 7 74 ¥ F 2 —=V
785 FED, LLM OiEfEtE 2 s 3 2 et e o Z e 2R3 5. Bz,
MetaMath [29] T, BEEFEOBFER D % & 2312, B HER 7T % Paraphrase L
F— IR, R LU ZMEE 7 7 A VFa—=v 73228 T, HEEXA ET 2
Zebhro TS, ZAUIEFEINIIFI CHER 4 REEXTHFE T L
T, AT U CHEBEZES L ARSI NTE 5. FimdmE o |
BRI & 2T — RIFRICOWTHHRDB XN TE D, FMEEF L 12 2B o4
MOEHZHTIEDH 2D DD, —EDRRZINDTWVS [24]. & T TR, BEE
R e LT, sz Lz X DREE DS Paraphrase FIEZ R L, 18R
FREZCIDIER LT — XTI 74 Y F a—= Y ZRITV, BN A2 RIS
WU TR AN DB R TS 5.



2.2 EREBETILLGRER
2.2.1 RIBZ: ERIE & —MhEERIE
REITIE, AT S SR O ERN 2 HIHE BN T 5.

RIBRICDOWT

HEGm (inference) &3, AR Htmm 2 EZ M THIMOZ e TH L. 2 LT, #Hm
DIEL W E S D3, 224 BUARREE (proof) 2352 61508 5 HCHllr s
N3, eI, ZOXS RAAZEIANR e LHRTH D, ZYRGEEH 2 &
iz W, T2 2 2zHE LTW3 [31]. imEHFEOHT ?@)@l@ mE T,
nEHH & %OD%EJZ%f%uEEM&N;%ﬁET% EWVS ﬁ(ﬁnﬂﬂ%%ﬁo TE D "—Tf‘uFFHI%%
REGHHY E DMEINTE D, PO FERD 1D R-oTWVS,

fhasmIE (proposition logic)

HEG “Cf?;:bzh% HifEefiamE, BEBEMS e TE2BRTh2 525, i
2, TH#EMEEDIEETH 20, EREDNEETH 5.0 2 W0WH XL, IELWIE
L< tcb\#, OFNEMEDTHBICED S N TES. O REBERS
ZEMTE EﬁTﬁﬁ% nmLE (proposition) ¥ FER. F7z, FRdodmdlE, ALY
PRETHS. , PRZEEIEETHS.) tWwI 2200mEICTHITLZL
MWTE, L L@k %huj:&:ﬁj\%’ﬂﬁ“% CHEMBEM SR EROZ N TER
W, 2D &5, FRU ESEITE R WEEE R T (%innw_) LIRS,

HIEIC I, BOHAREAII YRR Z Tl 3B S 2 72012, si B2 AWV TRR
t32 2 ZFHHLZ. TEIEAIZED XS REILBTRL, YO XS5 IERILTE
572550, mdEm X, iR mE e L CTRE IR, a3 R 7m0 X
Nz, Z2LTC BETFrmEONEEZMLTICZOEBOAICER L TEDEMBEE
52T, it HOZ Y2 RRILL TV S

EmE TR S B, LURO@ED TH Z)

i Lt omERE OS2 HWT, il EEMEENIESETH B 12513,
HAEREBREER ] ERARNICLTAZ N XS ICEHEINS.

il P | HEREDF/ETDH 2.
i Q FHEFEREZESR.
A | P—Q

CITC, mENETHEIE 1, BATHEIE0TRL, ZOBMFErEMHHEL
MER. 2 L im0 BEHEIL, LB DERICE > TIRET 5. HlZ21X, Ly o

5



2.1 inEmIE CIRO LS

e R I HFn FmisC
P WS T iFRN FoyEp—
pDDOq HE pAg
p¥E7ldq EE pVyg
paB5idq BE p—ogq
PDEX, FRZDLEDAq [FE p+q
HTHS B T
HTHs 1% 1

P QrwWormmdEOEREIX SEILEDERICID, LIFD X 5 Ik

P Q P—=qQ
1 1 1
1 0 0
0 1 1
0 O 1

DFD P Q0O MmEOEMEIX, PAETQMAD L XXBLRD, Th
DADOGZEIZE K.

—p&ihEEFRIE (first-order predicate logic)

I TROMHEmEEZZATHD.

HifE: 1. SRNTOZERMMELBETH 5.
2. KEBIZZ#4AETH 3.
s KEBLEDIEETH 5.

Z Oz i am B OmEIC T 5 e LD K 51Tk 5.

ERANICEZ 2, M@ P, QAETHIZ, MR DLTHEHTHS L51ICED
N5 LaL, GEPQRIE, MEREE LTI L DEZEAEIGES T, R
oMM TIIERAICELVEREREZ KRBT 2 Z i3 TERW.

Z 2 C—FENEERmIE, R 2 R L C, ORI Z RBITE 5 K512l
7o —FEARRERREECIX, BERMEZ AT (name) & 7GE (predicate) W20 I3 5.
23X, BERamlE TREBIZZEAETH 2 13, %l TRER) LdeE T i34 TH S 1

6



MEP | TXRTOEEIIENEETH S.
i Q KENEFAETH 5.

il R KEBZLEDRETH S
AR ‘ P.Q— R

mElE N, R student(Taro) £ 7% 5. aEE, BHTORD D ITREDSRMN %
Fior ZHWTWERZES Z e TE, [TRTD2IZOVWT) WS EFzeE
MELEMES, TH2Z 21200 T) EWHFRFEZHEERLEER. I EThzh
Vo, Iz TH 5.

HREOHERE —FRGERF ORI RNICT 2 L FD X D12k 5.

% Hil Taro RER
IREE _student(x) zI3FETH S
IREE _good(x)  MEEPRETDH S
EIEER | Va(_student(x) —_good(x)), _student(Taro) — _good(Taro)

gﬁﬂzﬁnnnﬁﬁfﬁ@nﬁﬂfﬁfo)ﬁﬂ{ ) L\fﬁﬁﬁﬂj—% glg%ﬂnnnﬁﬂ@@nﬁﬁfﬁfo)ﬁ
PR, aERREED X O WA R Tt 2 TIIRRE T X 3, U N oHEEmRRIZE A
L BARBEREE L FHIEN 2 FIETIRES 2.

% 2.3: #BEJ_‘nnnﬁﬂﬂféj\ém%jﬁ }#EEIJ

. VeF(z) = F(u) (wi3MEEDMEA)
FMEE (V) b)) Fla) (13RO IE)
PVREA (V) F(u) = VoF(x) (WIHMEEDOMEK)
BAEHZE (3) F(2) = F(a) (al3REDMEIK)

. F(u) = 32F(z) (0 IXEEDER)
FERA () F(a) — JxF(x) (al3FE DMEIK)

RIRIZ, et E o 7o — PR OHERR DS Z Y T H % % HIREREEZ [ - Tl
nuqu)



(1)  Va(_student(x) —_good(x)) 7
(2) _student(Taro) ilE7
(3)  _student(Taro) —>_good(Taro) (1)V-_
(4) _good(Taro) (2)(3)

J:OT ?& ciﬁélfbé iR nu"C%f;

2.2.2 BASEXCHRENEOEER
BASHEXH SHREXNOHR

HARBREX D & A DFER (Text-to-Logic) 1&, —F&EaEaRIE 2 /02 <
D ORBEANHIFEE N T E 7. MBEICZER L, Coq D & 5 IR EHEEHIR 2 TEH 5 %
T T, B EBIfREREK [17) SoCELUEETR [27) 2 ¥, IRIAWHARS B D & X &
“C\‘Eﬁ@ﬁ']h%ﬂ% SNICHDBRAD 205 TH 5.

{HRINC, Text-to-Logic &L — L R— 2D FE [30, 2] - THIZE SN T E /=
HASESIIEHETH 2720, V— I R—ZADFIEIIEICH IR T 5 Z & 3K #HE
TH5. £ TREBSEET LVORINIAE - T, BIRRREE & M2 i 2 72
LLM %W FRICBELREE > T3 [14, 9] X512, GPT-3.5% GPT-4 D &
5 725817 LLM A L7 Z & T, LLM 2o TRIIR & 2 7 O KE 7 2 FIT5 5
EWVIFTILWART XA AHBEFNTVS [28)].

L2 L, 35, BOERRE OB D & BEIRAT - #ER 21T 5 ccg2lambda [16] 23RS
TN TW3B. ceg2lambda i, AV H#IRE % (Combinatory Categorial Grammar,
CCG) [21] 12 & B COG HISOAERR (HSTREAT) | BRSHHFIC X 5 B4 (72
WRAGEAT) |, AERASCIRER Coq KX 2 HEHMERECEZ —H L TITHI VAT L TH 5.
ccg2lambda 23 LLM RX— ZDFEE B L7z & 22BN R A e LT, ccg2lambda
TIIMEUENT D IE L P AU —RICE L 5729, S'(O)%FHE%Mikf%ﬁ L7z
aEADVER SN D Z EBWIRFTE 5. AK TR, El S 2o EHEEZ
BHHRL, w4 ccg2lambda ZEFRH L TW 3

RIETVD 5 BATEXANDEIER

im0 & HAAE FE XA OB (Logic-to-Text) IZRH LT ® , —FEuhaEimiE 2 Hul
WZHZEDEA T E 7. RSB B R B AR S E L 2 FE QBRI CAH L2575 T
HdBeWH HIHEDD 5 Z & h 5, Text-to-Logic & DIFfEHLR X A7 2 LT, L—IL
N—=ZDFETHDHEh TV [18, 20 LLM O HBRZICIE, Z DB CEARK
BEN E V=R = 2R WFEREZTEH L L 5 &, Text-to-Logic & DIZTEFRTIE



Wb DD, LLM ZHH L7z Logic-to-Text DA THI T Z 72 [15]. Logic-to-
Text DIFFEUTBWTEHELFED—DIX, BiRERD HASEXOFMEFEIETH 5.
Logic-to-Text OFIARFHEIC 3BT, HEEIER ORI CHW 5 T %7 BLUE [19)]
25 e RIITHZ. Lo L, s O BIEREHI & W 5 BT, BLUE &
X EROFHEZITHR WD, AR TH 5. 20k, #Mako AR
SHRXEIEETHLEHAREEXLE D RTE X A7 & L THIMANCHEIEREHTES 2 F
% [15] %, NI X 2 BHEREHE [4] R EDMERSINT VS,



F3IEFE IEERF

AWFFE T, FmFRA 7 FENYE 2 AR U 7= 7 — X5k 2 [ RTE RIE 2 55k L, ik
RUZZRTEMERZ 7 7 A4 v F2a—=0 73228 T, BN REMERREIZ L
THHBRSHEET VMR T 2 Z L 2K T 5. £7, 3.1HiCl, N7z FEEE
BRAES 27— RIRTIELRIRR T 5. 2L T, 32T, 318TIRELET—
ZILRFEZTEH LT, safaNc[FME7Z REUTN U CEE R T 35T 7V ORERTFIL
PIRET 5.

3.1 LET (Logically Equivalent Transformation)

AT, 777 — RIRFIETH % LET b 5. LET IZHASEX Z i
MR L, SR FEEZERERICEE L e, ThzBASHEXICRET Z
& T, imPERY 2 [FMERE R 2 HER 3 % Paraphrase FIETH % (X 3.1) .

LET 1, BASE X ZmBlNIcZE# 15 5 T2L (Text-to-Logic translation), & 2
am PR 2 R A [FE R M AN E £ $ % L2L (Logical form-to-Logical form
translation), FEID & HARASFEXAN £S5 % L2T (Logical form-to-Text trans-
lation) D3 DDAV R—=F Y "R D, ZNoZ 4 T34 VIRICB T Z L
T [AE R 7 — X PRk 2 5T 5 .
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All students good at chemistry
l enjoy conducting experiments.

=l all x1.(_student(x1) -> (_good(x1)

-> exists x2.(_experiment(x2) &

T2L e exists e3.(_conduct(e3) &
(Subj(e3) = x1) & (Acc(e3) = x2)
& _enjoy(e3)))))
L2L ((exists x1._student(x1) &

_good(x1)) -> exists z1.(exists
x2.(_experiment(x2) & exists
v e3.(_conduct(e3) & (Subj(e3) =
L2T z1) & (Acc(e3) = x2) &
_enjoy(e3))) & (z1 = x1)))

If a student is good at chemistry,
——— | the student enjoys conducting
experiments.

3.1: LET oM. LET ZANX ZimEAANLE L, —diEimH2iEA LM
EEEZITVWHASRE IR T Z & T, wm iz FEE 2R3 % Paraphrase F
ETh5.

11



3.1.1 T2L: Text-to-Logical form translation

T2L T, BASiEC 2 imHEARBIANLHL T 5. AP TIE, T2L I ccg2lambda
RS 5.

ccg2lambda [16] & &, #lEBHiE (% (Combinatory Categorial Grammar, CCG) [21]
12 & % CCG XA (CCG gt | mbddatimBiic X 2 amBrUVER (FRER) |
AEAHSHER Coq I2 K 2R (EHEEA) £ T2 —HL TTO Y RATA4TH 5 (K 3.2).
ceg2lambda ld, TROERENT L HEERZ AIREL 5 2 X T 48 LT, SEBIRRH [17]
RIEUEFE [27), £ -EEERN 2 EOBEM L EREN 2 0E L § 5 ERD
5 [33] Rl TE O 7 F X At 32] M EICHTEHI ATV S.

AL TIZHATEX D SR 24 T 5 72912, CCG it & ER & R 77
DHZEFBHT 5.

B P
L FyTL—b F\ Gl ’\
B T / < — 77

_BRX ., T
Ex H

3.2: ccg2lambda DAY [32].

3.1.2 L2L: Logical form-to-Logical form translation

L2L T, 3£ 3.1 A2\, Ji D T2L T 6 - b GnBE I [FE 72
ELiE N C RN

# 3.1: d AR B 2 FIEHZETE
typel —VyA < Jy—-A
type2 —~JyA < Vy-A
type3 (VyA — B) < 3z(A[z/y] — B)
typed (JyA — B) <> Vz(Alz/y] — B)

NS EMER AR ETR I ZBAIFET 20, ZOEZIFEARTEXCE L
WHARRBRRBTIE R oD, ZR%rob T 5. HlZIX, V(A — B(x)) &
A = VaB(z) ZAMERRXTH 553, BRBE T2 b6, TATHIR, ¥
A xTH BTHE] tWOHRHLZRS.

SIENIEARTFEX D Paraphrase & L TORIERTE 2175 728, HASEXICRE
L7 2R LIRBe R el TcE s /Al LT, B 2EILTFADE
Brizd3K 3.1 OMAIZERA L7z, 7238 typed DAE—LIZEAL T, typed OFf
NTF =Rty PNICHIRFTE Wiz, 72 typed, 4 DESHDOEHUCE L T,

12



ccg2lambda IZBWTRMER & 72 o T\ 5 RIS D3R 7, S ENIHRRT S
HrlTwnd.

3.1.3 L2T: Logical form-to-Text translation

L2T T, L2L TR o Bk O\ % HASFESITR Y. T2L 23 EFEbas
RREISAIE LT W2 728, ZAUctEWv L2T & @ERAEEREITIE S 2 RED D 5
D, BT ABHEM RIS TORWL. 20020, A E AT LTHAS
EYRHITS, LLMR—Z2DEF L2 RT3,

3.2 ERIBMICAMELRIRICH L TRELEZ/ETILO
S

BAHEI TR LT — XWEEFER i o THLIR U 7= SCHOMERTT O X & [F] U =k
THD I E¥EXEE LT, ST T NER RN FIE 2B R %2 2H
L, SmFRANC [AME 2 R B0 U CrEf s 3 3 2 e 2 HIET.

BARANIZIE, RTE % FAWT, X TORMHEXICH LT LET 12 X o T
WEERFHESICE WX 2175 . Z0%, S WHZITTORTHEX & 5 Wi Z 72 FiHE
X2 I NTOMEETRIE MEZINRT 5. £ L THIER L7z RTE METAXT%E
HoCTLIMD7 74 v Fa—=r7F% (K 3.3).

RTERIH ;}1, __7
2 1"
= HIE: B %2
= X1 =l 33 )
\—> X2’ ::> 5L - _> LLM
RS X3
G .
5 ~)L:
e |OREFHELETIRES>T, @ TOMBRXEEVEILEY GLLMT HRLETRTO

RN ZRENEELGXIC ZE\. 2HEASDOETHE BREZFETS
EWRZ ZHLIR

3.3: FmPEAVICAMEZR KRBT U TSR S35 7 VR SR OB

13



F4F Rk - M\

ARETIE, $T41HT, LETOaYR—3> b ThH3 L2T OFHfiZ TV, +9
AT E BEASERINCETX 2 Z e 2R3 5. RIT 4.2 HiT, Gwi
N FE R 7 — RILRDENRE TS 5 72, SRR TFIETH % LET OFFHMi %175 .

4.1 L27T sHMms2ER

411 T—42tyvkhk

L2T &, iz AN e L TR RN 2570, 12T D7 —&ty b LTI,
AN e 5 BT — X THE2RLDPNEL RS, EITEET—XLL
T, FOLIO Z#E5E L7z MALLS [28] D train 77— X 2fF K D WX EIERT—X 2 L
THUS L, T2L ¥ UTHEHA L7z ceg2lambda 12 & o T AL 72,

ZDFER, 26,940 fHD (FZ, FHK) o7 E LR FHMiHO T —& L
TiX, FOLIO @ train 7 —X X D IEfi# 7 — & ¥ LT 50 XOFEXZHUE L, [FERIC
ccg2lambda 12 & D GREEAANZHL 7.

4.1.2 EFI

AREERTIX, L2T DEF L2 LT GPT-4 (gpt-4-1106-preview), GPT-3.5 (gpt-
3.5-turbo-1106) & Tf Llama2 (7B) [22] ZFIH T 5. GPT-4 KU GPT-3.51& OpenAl
API FEHTHIH L TW3 (temperature=0). Llama2 (7B) {ZDWTIEHR [28] %
%2 Supervised Fine-Tuning (SFT) [22] 21T o7z, $LetBHIRE2HIT 579,
QLoRA[B] ZHWT 7 74 ¥ Fa—=V 7L TW3. 774 ¥ Fa—=VIHOS
oy 7 PIUFDO@EDTH 3.

'MALLS (& FOLIO ® 7 =X L AU T =X BB ENTWARNWZ LRI ATV 5. 28]

14



L2T SFT 7O> 7~

### Instruction:

Translate the following nltk’s higher-order logical form text to
English:

### higher-order logical form text:

{logical _form}

### English:

{english}

4.1.3 FHEFSIE

L2T OfHiiFik e LT, 2228 CR7Z X951 EER—E ) OFHMEFIEZ

FEZZ TRV, EREAOESITTOHY — il — R S FR
N30y %2, wmHERZN LD 5 DRIANOHRE A7 L, #EREHiio 7o

> 7 MFIETH % GEMBA [13] Z81E LT L2T Z&7Hfi L 7=. GEMBA &, GPT3.5
PAEo LLM Z 5 U 7= BEREHl O e = M F AT b, ABDFHEi & 00—
FITBWT State-of-the-Art ZEMR L TWEFHMEFIETH 5. BIENAEL LTI,
'x1) O& 5 RmHRNICRHEORREEZZOETFICE T, ELL HASHEXE LTR

BETWVWAREIDRLWHIEEZEMLTWS. BEHEOTa Y 7 MZLLFO@ED
ThH53.

L2T GEMBAEIE7OY 7k

Score the following translation from English to English with
respect to the human reference with one to five stars. Where
one star means "Nonsense/No meaning preserved", two stars mean
"Some meaning preserved, some variables like x1 remained, but
not understandable", three stars mean "Some meaning preserved,
few variables like x1 remained, and understandable", four stars
mean "Most meaning preserved with possibly few grammar mistakes
and no variables like x1", and five stars mean "Perfect meaning
and grammar".

English source: {source}

English translation: {translated}

Stars:

15



# 4.1: L2T GEMBA BIE 71 > 7 MZ & 23l (5 i)
| Ra7¥ 2a7iHE

zero-shot 2.80 0.69

PT-3.
G 35 2-shot 3.58 0.75
zero-shot 3.10 0.83

PT-4
G 2-shot 3.58 0.73
Llama2 7B SFT 3.78 1.05

RERIER

# 411RTHE D, Llama2 (7B, SFT) 25 d RWiER 2 o72. GPT €7V
@ 2-shot 28 Llama2 (7B, SFT) % NElo ZERK & L TIE, T2L THEK S 2 imi
RICHN 2 ED 2-shot TIETFIZEHENR Do 7dR e EZIONS. BB,
GPT4 (2-shot) & Llama2 (7B, SFT) 2502 KA ¥ bDEICHE->TWBHEEA E L
T, T2LIC ko CTio =R O b L IER SN B BMEZA a7 Ik T W5
72HTH DY, Llama2 (7B, SFT) DR a7 5#—FEm\WZ &6 b, T2L 2SIEL
R EAEK L 25ETH Llama2 (7B, SFT) OMHEED —FE W Z & AR T
X5, 20D, 42HIOERTIE, HdDMUREDED) 57 Llama2 (7B, SFT) % L2T
ELTHRHT 5.

4.2 LET $HM#i2ER

421 T—2tvkhk

—PEREE AR O FfE R 3 5 LLM O 2 SRR 3 2 728, —FEk
PO HARTEX D RTE 77— &+ v b TH 2 FOLIO [10] AW 5. FOLIO ®
RTE M, B DRTHE D & fifid X H3 ks X 415 B True/False/Uncertain T%
25 3MEPFEOMBETH Y, BiHE L L IFHE X ICZ L ORIERIHEZZATVWS. Z0D
e, MDTF =2ty FEAD ST —XZIRTE 2 Z e THEIN, LET OFR%E
T LTV e 2R L THRALTWA. %72 FOLIO O train/validation 7 —
X DB Z 24 1,004/204 - TH 5. ETADEEHIZ, train 7 — X L RIBDIL
R7 — &, FHMiZBE LT validation 7 — % & BB DILIR T — X ETIT-o 7.

4.2.2 T—A2LE

AEBRTIE, IRRTFEOENEZRIET 2729, XD 3FHED 7 — Xk Z2{T- 7.
LET: FOLIO ® train 7 — Z DRHE b TWE 2 =— 7 72 1,644 Rz L
T, LET IZ & % Paraphrase 21T\, #LBR S N HHE X D 2 AEHETT — &X4L
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# 4.2: LET 12 & % FOLIO OyERAE
AP (BEMN%) RTE M&E (GEME)
train | 1,991 (+347) 4,651 (+3,647)

LET
valid | 451 (+86) 774 (+570)
. train | 1,978 (+335) 4,604 (+3,600)
LET (¥ ! ’ ’
(B bR ha | a6 (+81) 729 (+525)

# 4.3: LET 12 X % FOLIO ® 5~V Z ¢ @ RTE REHL R4

True False Uncertain

FOLIO 388 289 324
train LET 1,687(+1,299) 1,523(+1,234) 1,441(+1,096)
LET (B LERR) | 1,663(+1,275) 1,510(+1,221) 1,431(+1,086)

valid FOLIO 72 62 69
LET (¥ EFR) | 189(+117) 162(-+90) 174(+105)

BRAESEM L 7. LET 1T X 2H5RFBUIE 4.2, T L Z & @ RTE RIESRERAFBU
£ 43 AES ORI ONRE 15 type T8 DIFEIZR 44 D@EDTH 5.

LET (3E5LPR) : LET oMGa LR 2 W 2 720, AFIT X o TamBE 72 [FER (R %
AR L 7z Paraphrase 1772 (M FLET (Bim EFR) 2 MEFF) . FIEE LTI, X
TO@EHTH .

1. T2L CEZmERD 5 B AN RORERICOWT, BEFHIEEMIEL
R XN TV ADREET 3.

2. IEL(%@*E%&’CL\Z) ZA RO OWT, L2L Z{#\W, [FME 72 5w

3. FMEZERERICOWVWT, L2T 2L T FEXETHASE XL T 5.

Paraphrase (GPT-3.5, GPT-4): dEEmHOFHEZ WA Z2EET5 LT
LLM Oz AN [RfE72 KRB0 U C ot m B35 2 & 2R3 5729, GPT-
4 (gpt-4-1106-preview) , E 7zl GPT-3.5 (gpt-3.5-turbo-1106) % {# - 7z prompt
12 & % Paraphrase, 37255 LLMIZ X 25mHINCFEE S ER S B 0WEF 0z
BHMEX DR ZTo72. 7a Yy 7 MILINIRT. 72, LLMOEWHZIZX 3
AR D 7 — ZYLERIX LET (B _ERR) 2MRR U 78U T - 72729, Bk X iz
RTE MDD LET (Ham ER) R TH 3.
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F 4.4: [AMEZH type Z & D FOLIO train 7 — X DYLEIRAEL
LET LET (B ER)

typel (£—%) 2 0
typel (5—=7%) 0 0
type2 (E—H) 23 12
type2 (5—=7%) 0 0
typed (H—7/) 322 322

Paraphrase 7O 7 ~

Please read the following sentence and generate a new sentence
with the same meaning using a different expression. Do not
provide any information other than the sentence.

{sentence}

4.2.3 ETFI

ARERTIX, FHREEBEFEOMHIKD S Llama2 (7B, 13B) [22] Z{#H L T, £ Para-
phrase FIEIZ K o THR L7z 7 — & £ v 2\ Supervised Fine-Tuning (SFT)
[22] BfTo 7z, ERFEMNEED TS5, QLORAPB| ICL>TI7 74 ¥ Fa—=
LTS, 7y MEIUTNO@ED TH 5.

FOLIO SFT Z7O>Y 7k

### Instruction:

Based on the facts below, determine whether the following
statement is true, false, or uncertain. Do not provide any
information other than the answer.:

### Facts:

{premises}

### Statement:

{conclusion}

### Answer:

{answer}

18




ZED7HIZ Llama2 (7B) D pretrained €7V, 7z GPT-4 (gpt-4-1106-preview)
& GPT-3.5 (gpt-3.5-turbo-1106) % OpenAl API #£H THW (temperature=0), 3-
shot TEMHli L CTW5. 7y MILLTFD@EY TH 5.
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3-shot 7O 7+

### Instruction: Based on the facts below, determine whether the
following statement is true, false, or uncertain. Do not provide any
information other than the answer.:

### Facts:

’If something is a plant, then it is not a cute animal.
Simeng: All plants are not cute animals.

All flowers are plants.

Every kitten is a cute animal.

If something is grown in a garden, then it is a flower.
Piper is a kitten or a cute animal.’

### Statement:

’Piper was not grown in a garden.’

### Answer:

True

### Facts:

’LanguageA is a universal language.

If a universal language exists, then for every two people if they
both know the same universal language they can communicate.

Katya cannot communicate with Danil.

Katya knows LanguageA.’

### Statement:

’Danil knows LanguageA.’

### Answer:

False

### Facts:

’Animals who need large territory travel far.

Every animal that eats a lot needs a large territory.
If something is a big animal, then it will eat a lot.
Bears are big animals.

Larry is a big animal.’

### Statement:

’Larry is a bear.’

### Answer:

Uncertain

### Facts:
{premises}

### Statement:
{conclusion}
### Answer:

20




4.2.4 FHEISIE

ARSEERTIE, LLM OB FER RSN L CoEEErm ELxgs 2 %
HE LTWwWa. L2L, LLMOE#EEZA LXE2 2 WO A5, B Ol
HERENZIF TR, ZOREBELWHETH 2 Z e hiffahs. XoT,
LET (#& EBR) THER L 72 FOLIO @ validation 7 — & % {# - T, mEf@# » EEH
D 2 DD BT E T S .

TR LLM 2%, GRPRAICRMEICHRR S A7z RN LT, HR5RT D RTE & [F T [E]

ERLIEDEIPEIIT S 2 2T, LUFITED 35 SR 216§ 5.
@%_%%_LUWﬁ%ﬁﬁ@ﬁ%kﬁb@%%bkﬁ
T TR

FZE LLM 2 RTE BEICH L TIELWEEZ L2 5 23 i 3
JRRMIEDIEFICE LT, LET (Bim LIR) Tk S -, SRBEII3ia
RITEFCHETH 5720, YREEDHEUCTHS. 7 RTE [H#EIZ 3IRFEET
B2, TRV DIEERB T 5.

4.2.5 RERFER
HESBEBOREZR 2FY T3 CIZ LLM OEEEZR LS E3H7?

FEfE M D FHIRE RIS DOWTR 4.5 1R,

Llama2 (7B) 12D\, Paraphrase (GPT-3.5, GPT-4) IZ K 32 #HE T8 E
D train 7 — X 2o FHET N LD B EIE-BREZEL L TWS /5T, LET
(M ER) 32 a7z EiFtwna. ZofRIE, LET (i ER) 12k 27— &9k
iR, BEAFTRIR & AR BB AY (S [RHE 72 R B0 3 2 LLM O 2 m L X 2
HA[REMED D 5 Z L R ERL TV 5.

Llama2 (13B) iZ2WT, HIEHE—HRIFI—E L TmL, £7 GPT3.5° GPT4 D
TR S [FRREICE W 206, EEMEIXEEET LD AT X —Z P £ ITKEL
RIFS B A[REMEDS D 5.

WMEERIZEDEMEER 2FE T 5 C L IShEREZRS RTE MEQEERZM L
cE5H7?

[EBR O FMFEHMAS 512 DWW T FOLIO validation 7 — & 12 & % 3% 3R 4.6,
FOLIO/validation 7 — &% LET (B LIR) THER U727 — R K 272 3R 4.7
NN

Llama2 (7B) 22T, Paraphrase (GPT-3.5, GPT-4) I X 2 FH €T V@ E
D train 77— X 2M o LEHETLELD B RAT7 2L LTWS—/T, LET (B
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# 4.5: LET (i EIR) TR X 4172 FOLIO /validation 7 — &1 & % B {14 R A

[ — Bk AR
Al FOLIO LET #55k

3-shot - - 0.36 -
SFT 0.74 043  0.44 0.43
a2 7B + Paraphrase (GPT-3.5) 0.86 0.33  0.37 0.30
ama + Paraphrase (GPT-4) 0.86 | 044 045 0.43
+ LET 0.75 040  0.38 0.40
+ LET (3i%LIR) 0.86 0.52 0.55 0.52
3-shot 0.97 0.39 043 0.37
Llama2 13B  SFT 0.95 0.57 0.62 0.55
+ LET (325 LR) 0.92 0.40  0.42 0.39
GPT-35  3-shot 091|041 047 0.38
GPT-4 3-shot | 090 |o051 064 0.45

LR IIRORVWRa 7 RoTED, 8 KA Y MALELTWS. £z, AIEIN
N DHEREZER S % &, B D train 7 — X X° Paraphrase I & 22 € 7108
True c:ﬁoflﬁlﬁbfm%ip LET (& L) TN YR XCEBELTED,
AFERHEOFEMEIC OV THRNRFEEZ LTV ZeHBHFTE 5. ZOMR
(&, LET (B EFR) 12X 27— 2R %Z5E L7z LLM &, bEEamP 24 5 RTE
AN DHERIE ) 2 il /b L TW2 Z e 2 EKRL TV

Llama2 (13B) I22WT, LET (B LiR) 0ix_.%0)tra1n7‘ REffio 28T
THEDBRa7ERFELLTWS. ZOFKE True EAEFELLTWVWETILE Ko

TW572DTHYH, LET DAEMEETEETND T X=X P 4 K E KT
THRHREMNDL D 5.

LET & LET (i LIR) OMeEEDEREEH?

Llama2 (7B) IZ2WT, LET ®IEZF®RIX, LET (Bim ER) 21Tk <, SFT D
FIEOFTHIRBEDIEER o TW3. 2, T2LICER L TW B AREM 235
5. T2L OHiRZ V> TV U TFETHM L7z & Z AR - imBl 0 E R X T
WEDZEMERLTWS. T2LIZLET OFRFID 2 > R—3 > T, »D L2T O¥HE
T—REERT 220K THH 5720, T2L DR IX LET DIEERITK

SWELTWS
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7% 4.6: FOLIO validation 7 — & 1T & % [E& 3314

All True False Uncertain
Pre. Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1
3-shot 0.36 | 0.36 092 052 | 043 0.05 0.09 | 0.2 001 0.03
SFT 0.51 | 049 093 0.64 | 0.55 0.39 045 | 0.62 0.19 0.29
Llama2 7B + Paraphrase (GPT-3.5) | 0.37 | 0.35 0.75 0.48 | 0.27 0.09 0.14 | 0.53 0.23 0.32
ama + Paraphrase (GPT-4) 045 | 0.44 0.86 0.58 | 0.47 0.15 0.23 | 048 0.28 0.36
+ LET 0.38 | 0.36 0.12 0.18 | 0.35 0.38 0.36 | 0.40 0.65 0.49
+ LET (325R.LR) 0.55 | 0.64 040 049 | 047 0.79 0.59 | 0.62 0.49 0.55
3-shot 0.43 | 0.41 093 057 | 056 0.33 042 | 0.0 0.0 0.0
Llama2 13B  SFT 0.62 | 063 0.86 0.73 | 0.55 0.74 0.63 | 0.82 0.27 0.41
+ LET (2R LR) 042 | 039 091 054 | 059 0.30 040 | 0.66 0.02 0.05
GPT-3.5 3-shot | 047 | 054 0.62 058 | 042 080 0.55 | 0.0 0.0 0.0
GPT-4 3-shot | 0.64 | 0.77 070 0.73 | 0.64 0.66 0.65 | 0.53 0.56  0.54

7 4.7: FOLIO /validation 7— & % LET (Bis EFR) TIER L /27 —XIC LK B 1EE

BRE
ATl
All True False Uncertain
Pre. | Pre. Rec. F1 Pre.  Rec. F1 Pre.  Rec. F1
SFT 0.51 | 049 0.93 0.64 | 055 0.39 045 | 0.62 0.19 0.29
+ Paraphrase (GPT-3.5) | 0.31 | 0.30 0.66 042 | 0.21 0.09 0.3 | 055 0.13 0.22
Llama2 7B + Paraphrase (GPT-4) 0.43 | 040 0.82 054 | 045 0.08 0.14 | 0.54 035 0.42
+ LET 0.40 | 021 0.05 0.09 | 035 0.63 045 | 0.54 0.57 0.56
+ LET (E#LIR) 0.52 | 053 032 040 | 044 076 0.56 | 0.67 050 0.57
3-shot 0.37 | 037 0.96 054 | 045 0.09 015 | 00 00 0.0
Llama2 13B  SFT 0.55 | 0.59 0.82 0.69 | 0.46 0.68 0.55 | 0.96 0.13 0.24
+ LET (¥Ef#LIR) 0.39 | 0.36 0.88 0.52 | 042 0.06 0.11 | 0.63 0.16 0.26
GPT-3.5 3-shot | 038 | 042 040 041 | 036 0.77 0.49 | 0.01 0.01 0.03
GPT-4 3-shot | 0.45 | 058 0.38 0.46 | 0.45 0.44 045 | 0.39 058 0.46
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EHE HbHDOIC

5.1 ZEAFHEXDFEH

AW T, FmER 72 FEM: 2 (RAE L 72 B WX IR LET 248K L, LET 2f# -
CFOLIO OHHEX IR U KRS FEBEE TN E 7 74 Vv Fa—=V 7 F 58T,
FRPRAIC FME 2 BN U7 LLM OS2 HIEL 2. R LT, LET O
HEm ERRTH 2, FEXETIIR LT — X2 HW5E12E RTE ME I § 5 1E
BRPM LT 52 MR L, AFESHERRE S 21872 O 3 1 ERHEINIC FE/R R
WX 5 LLM OFaf@tEm LIcAMRFIETH LI Rz, LHL, LETICX
DEEINHR L7z T — 2 HOWT 7 7 A v F 2 —=V T LAETMICOWVWTIX
BMEDTEZRECTE S, LET BROS W BEIIREA D TH L. /2, "R—2R
ETFNDRIRXARY A A%ZEET 2 LET O FRTH BMMENHET X7,
LET OAMEICOWT I LR I[ABEVPDEL R MR- 7.

AR OMEL, XDED TH 5.

o HASWH X ZimMHICER L, dNFiwEl O FEBIfRZ IS 3 2 Z & T, imE
72 FEEEDHEER S 5 2 & % BE L 72 #1 72 7% Paraphrase % LET (X 3.1)
PRELE GHF).

o —FEAMGEFRIED RTE 77— &+t v b TH 2% FOLIO [10] IZBWT, LET iI2 k-
THLIR &7z RTE % Llama2 (7B) TH#E 3 2 L IEFRME R L2,
ANF TN REESHEE X N LET I8 & » TIRIR S/ RTE R %228
T3 EIEERPMET 2205, LET I X %7 — XILERDS, HiGmEE N %18
7203 I Em BRI EERBU N U CHEEMER T T DR 23 3 AlREEZ R L 72
(4) .
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LET Ot4gem E

AFXTIE, LET £ 508 T, LET OMEfEE LT LET (Mam LIR) 2L 72
FER, LET X LET (B LIR) T KREL B2 evbhrot. okl 7z@bh, 20
RN, LET OFRfFID Y R—=%> b TH 2 TLIC K 2EHI ANKEZSEEL
TW5. ZD7, R TIET2L & LTEHHZ RX -7z, LLM X— XD HASEE
X & —PEREERRE AL 2 LOGICLLAMA [28] 72 ¥ & Wy, T2L O #ks
Eom EEXD 70, Fiz, T2L AW L 725mB T L2T o8 57— & e LT
L TW37=%, T2L OZEREER ik, L2T OZEREE DR Eicbokhns 2 b
DT E, LET OMrREm LSRR T 5.

LET M7 —42t v FDOILFE

A Cld, LET OMRENHERE X D & KIEICH - TH D, M ORHIsEER &
LT FOLIO I X 27l ATEE>TLE 7. LLL, LETICX 37— &4k
RASEIC LLM OB 72 FHEVEAN OB 2 ) 2 DT HIUS, BIEIH 7 — X
ty PREDHALNLP 7—Xty N TT—XILRLAHBETD, EFERZET
SEFICHEEE A RS2 2 e iR I NG, 20k, ko LET oMEaER F
DER NI, D7 — &t v b TORBIEFHEZ 1TV 720,

SRETICEDOLET b5 Imm@EICET 5 & 574 5 FHlisRER

AL T, Llama2 O 7B EF AL ZR—XEF )L LTI/, LET TR L 7=
F— X BFH U T UE, BERE X RTE MEOHERRE 1 & #Efs U 7= % ZEfE
HEAEXEZ 2 WHIRERES. LA L, Llama2 D 13B ET L EXRN—ZET )L
YUTCLET TR LT — X2 LT ML, BEDSFT EFLICKEL Y
AFER LD, LET OMENEBETNLD8T X XY 4 RITHBEX N 5 AR
RENTz. ZDTD, AN TXEY A XD KR EFEET N ER—AETILE
L TCLET QMR 21T 5 HEDND 5.
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