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Wzohiehrole. MAZINEHEL, HAGmHE
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NZERFOZ e ZRT. HIZEEMIADLD, a—x
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1 EC®HIC

MEICYEEE 2 A0 EHIE, AN THIEE
RFAPAPSDETH S [1]. TDIT— NI L Tt
I, BRAc BamEHiRNR Y Fe— P REEIh TV 5
[2,3,4,5]. THBIGEE, BN SEHEMEE] 2 H
OREWHDFHEET N EZHOWTIDHEATY .
L Liads, SEETLED > TLTHinEHES
WBEHE LW Z e RS o0 H B (6,7, 8].

SHEEFTNME, AR EVWEXETDZLORE
REGID S, FEEMEREN T IWANINICIERS L 72 [9].
WcEZ 2, SEEFLVORMHEREEN DX
X, AMEREW I CERIC BB 22 iR 0 65
T EENTORWI L ERBELTWS., 25T
H5%61F, BERmEHROENZZaa—
RNRAEERL, SEBETVICFEIESL LT, i
HHERIEN 2R T2 2N TEZ T TH 3.

DL KaA—nRAD 1D LT, EFEEREIN
72 RuleTaker [10] 23%51F 541 5. RuleTaker (&, HE)
BN - ZBREEGEI R & . SR, 5
Z BN HEDOEE TN U CTEEH R %2 8 80
HA32zrickh, Wz (H 2 WVITKEE) §
% (K 1 H®D “Deduction Instance” ¥ [FI4F). JHEEHH]
¥ LT, VxF(x) = G(x),F(a) + G(a) (- 1T B H

T35 0R) F0, GRICHT IHADPHVWs .
Artifical Argument Corpus [11] {Z RuleTaker [Al£k, HE)
R X e —BEAEREA D 572 2 2 — R AT, %
HAlE LTAF RN 2V T a0 - >0 F Y
L OHRAL BB F - G+ -G — ~F (=
BEE) VSN A5 DEBEa — 230
T, mOEBEWRMEHREID—DTH 3,
HAEHEARRE N 2 1B 1S T AR TRt L5 5.
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PSSR O ME 2 AR HERR LI AR IR AL I A3 5K
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NOZEELI-E LT, o BRIz
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L CAMZR %M L7z a— 32 FLD (Formal Logic
Deduction, 3 fii) Z#R L, SEETNVICNEREH
WA RRE I 2 R X5 Z e R HIET.
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(A
@:J Arguments

Proof

(deduction rules)

Tree

Generator

Proof Tree backward Factual Distractors
Modus ponens Factual A-C
F o> G| lA:2lminat Distractor & *((D)V &)
G-H)NT

Generator

— introduction
«++ | A elimination

&3)

I Deduction Instance

| —J
+* | Modus ponens « tree depth = 3 Y « # of distractors: 20
_— + #of branches = 5 + type: logical distractor Facts:
F F-4 « formula complexity forwar - h)grdnesgs: hard 1. T:eéa"":" '9"9"{95_'3"(;“’“1 the sun and
» up to 2 propositions d the Earth’s axis is tilted.
§ p P Compound Formula Constructions 2. ()
with AV, = F=(AAB) G=C 3. If the Earth revolves around the sun and
N B . the Earth’s axis is tilted, then the Earth has
(default) the axioms of J=D H=E seasons.

first-order predicate logic NL assignments

Natural

6. (...
@:] La“guage D: Crops grow in abundance. InStance Hypothesis: Climate changes
- NL templates H E: Climate changes throughout a year. throughout a year.
— | P ASS|gner (A A B): The Earth revolves around the sun Converter Proof:
o {4} > (B): A and the Earth’s axis is tilted. " fact1 & fact3 — int1: the Earth has seasons.
» "if {4}, then {B)" H (A A B) - C:Ifthe Earth revolves around H fact5 — int2: that the Earth has
e o e H

> "{A} results in {B}" H

* Vx {A}(x) = {B}(x): -
» "if something is {4}, then it is also {B}"
» "{A} things are {B}"

A: The Earth revolves around the sun.
B: The Earth's axis is tilted.
C: The Earth has seasons.

the sun and the Earth's axis is tilted, &=
H then the Earth has seasons.
- H (C - E) A D: Thatthe Earth has seasons
results in that climate changes throughout
* Vocab=100000 ayear, and crops grow in abund:

()
. That the Earth has seasons results in that
climate changes throughout a year, and
crops grow in abundance.

Deduction

seasons results in that climate changes
throughout a year.
Int1 &int2 - climate changes
throughout a year.

« proof label = proved
« world assumption = OWA

Answer: proved

X 1: FLD (3 —FEbeEim i O N R ICEH O R EH 2 AR T2 2 e 2 HNE 5. £/, FEROMEN
MRICBNWTHEA R ARRZ—Da—R2ARENRT 22 RIEX, ZHRA T a VBHEINATVS

2 EpiEEE: oliRIEE
F3, UTNO—BEERT Yy T %2EZ 5:

HIER D KIS % HIERHSKEG Z [ L Tw AU,
FARILTW3 HIERICIZPEZED D 5.
HIERIZIZUZED D 5.

()
ftiam (FR O
EEEHVTHRLTE 3:

CDRAT v FX2ODHHE #HED L) » 5
™) ZEWTED,
?

# modus ponens )

Z DR DIEFE R 7 v 7 % modus ponens & FE5.
Modus ponens DA D, [HFER T v ST
1E3 5. PIZIX=EGmIE (syllogism) ZHEHTDH %:
(F > GNG > H)

syllogism 3

F—H )

M, ZUTRVWATy TVREZLZLHTES:
F (FVvG)

4
G “4)

LRI S, B & DI, R, FE
DOHANCHE > THIED SibmE E X 3 EE R
CERTEL. HAGREYTIE, 00X RiEEH
Hlp Z & Zimak & MER. 65T, (2-@) 32 TER
WIS BI AWML TH D, BB, FRG R,

F==(AV-B) ¥ (A B R TFmHEN), EEOE
HamERXT X, Ecu, HIEE - Aham B 2 am B =
WBERARX—VEZ B ENTE D720, ikl
(ZYTHRVDBDDEDC) HIRICIFEET 5.

2) HHEDETH (=1) 225G (=0) 83 & 5 R EHE
B Y THFEETERAT Yy 7 Ghal) DZ 2. £ 5b B,

["A elimination ]
[F-9rG-3]
(G- %)
| F-9nE-m
G| (G- |GrmED
(rrﬁm
H

X 2: WNHREH W ZEGEEHER. ) =BGk
DEH (F): AT v THERLIS Z 2T, =i
HBrEHWEZBEHGm e TE 5.

RIZZEEEREE 2 5. K2k » o5
ko, ZBEmER XD TRFMZ] nmnﬁkiéy
BHEHIEHE R IC K> CEETE 3 (fhofle LT, 4
T XNt DEHEZK 4 12R-7F). H
&, TGRS CIEAMR & XN 2 JH TR 72 Bk
B (K 32) DFEL, UFOZePHshTNWS

SEBR 1 (— R EE R Y 0 52 2 M Godel, 1930). 2T
DZ Y EAE, NFRIC & B2 BRI
FoTEETE S, £/, NHERIC & 3 ZBHEHE
A K o TEH X NZMEEZ 2T, 4 TH 5.
T E A, ERGmHEORD, B, NERE
AW=ZBEEERIc R o 7=, TeMickb, #Y4
IREMALIE T Z OHEIICE B TE, »»D, ZOHE
W&o TEM NS R D) fmakld 2 T4
DTH5. ¥z, K2thH) hRT 2 X512, nHE
Z % O -2 BelifeEin X, BBNG, IEEDMRE
ZHWEZBEE R BB TX 2 Z itk 5.

3) zlgulﬂiibi FéLunuHﬂ@L\-nﬁ %KEZ)
4) HiEPRTHE (=) 43 &5 R/IEEOHEMEE D ST
BV, fmdOTE =) ERBIMAD Z L. K 5a lhlR.
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3 AmEREI—/NZADER

RNHRIT K B ZEREEH G H O 2 S 5 72D D
7 L — 27 — 2 FLD (Formal Logic Deduction) % &
L35, BENEEBRDOZDIIK 1 22O k.
ZEr LT, FBIAERINLHHEZK 5 1ITRT.
SUALEREICK BEBAKRERK  RuleTaker 1, &
AR L 7 VX LITERL, Z0ITYAN—%E
58 THRFERNCA U EER R 2R E L, FEFAARE
LTHWR. L L ZOHEIFIEED Y LN —12 K
F5 570, FEICHW 2FRERF 2 HEE T E 20,
ZZTHAIE, —YDHEE L zimRERE 2 VT
7 VR LR AT O Z 2T K DAFHARZ 4K
FTB5EY 2—1 (X 1 HD “Proof Tree Generator’) %
BIFE L. ZDEY 22—, RiAE - MEED&
A7 v 7 (XA “forward” ¥ “backward”) IZEBWT,
MRk x 7 ¥ X L2 1 OFEY, BEDIARKICHS
5. F#EHARD 2 — FoEERER (F @) 3MEE
THo QHD) 7o, FErmdi (A% BF) Limi
HET AV, - ZHVT S VR BIERT 29,
BHIERBEOER HEOmMEMERTIX, FHEH
F52A6N5DTIERL, MBI AT LHFIZTE-T
BALRTNZERSERVDT, /4 Xk HEE
BEREE) PEEND. ZNEEHE L - alHEERE
PHERKT 5 (X 1 D “Factual Distractor Generator”).
BFIEEE, EFEE T 2 imBE 3 2XE
Bl (AAB) > CITMLTARIA - C)FZHWS
BASEORO YT KamHAc, Q%E%{
#bY4T% (X1 D “Natural Language Assigner”). %
3, S, FACHES AU T LS
BTy TL— 06T VRN DERT 3.
“If A, then B.”, “A leads to B.”
“IfaF, thenb G.”, “WhenaF, b G.”

A—>B:
F(a) - G(b):

A,B,F,G,a,b D X 5 RELRIZIT—EDIEHIK D
F, BN T YR LIEEL-SHEZEID YT 5:

A : “an Earthquake occurs” B : “the year ends”

F :“run” G : “answer” a : “the hamburger” b : “Peter”
7R ATHLHB, (R D Z SRR

DIBTERICDAKIEL, ZDNEIIEE Lm0
DT, FMEEADHAEED L TIND7225 b D HFF
REINRBRITINIRERODPLTHS.

BIEMREAOER FHIZEKTSZ (M1Ho
“Deduction Instance Converter”). %, FFHEEE - K
5) R UEATHSE L FEE, RfamBEROBIE3 T T 5.

6) TAY A— BIPRHIL->TWVWBIHZIX, BHRHIIDI &
W EOHERRE, A DEEEONBERL»»DOTZYTH 3.

£ 1: KA TH W 2 — 82 GEMIETEE ALD.
st 2 a— 2ABOLEERZ 2729
BEDa— R ZAZ/HEE L 7=, “RT” I RuleTaker[12].
RTBE X7 A bt v b DAKRD TFEMiD A S .

a—,24 AR RODEX KROBEX 010
RT (“D0-D3") ar 1~3
RT.PR (“ParaRules”) =91 1~5
RT.BE (“Birds-Electricity”) ar 1~3 skewed
PEAI DAY
SFLD-impl aE  1~3 GIEEY
. VT4 A

sFLD-crit SSre 1
sFLD-axiom INER 1~3
RT.D5 (“D0-D5”) ar 1~5
FLD.D5 UNEES 1~5

flat
FLD-impl R 1~3 (—kp)
FLD UNEES 1~3
FLD* NN 1~8

i+ GERH - [EZ L, #%%&éhé Mm% 7~
v GERE M) DO5E: () dEHRDOR 7 — F 21K
ﬁtbf@nﬁﬁﬁmﬁ/—htﬁm$%%$£ﬁ
& LT (iii) aEFAROHE 7 — FEEZREBHE LT, H
W3, \HEI~V TRGEX N2 o8, B/ —FK
DBEEXERHE T 22X, FIHRKICE - T
IREDBKIEZINDE LHI1I2T 5. [HE T~ R

DEE, ) —FO—H% 7 X LICHIBRT 2 Z
T, A EAIHDKIED TERVWESITT 3.

4 28R

FLD T8 XN ST 7L OimBHREE h %,
oEET — A THEINLEEET N, /2
DEIR¥BELBEVWSEBEET L BT 5.

41 EFI

HEX 27T, GANEEHEDEEILLE5 X
SN ARG ZEER - KEES 2EERHRSIZ KT 5 2
EWRDOENE. ZDDIT, [8] DAFHEEE AW
5. ZAUXTS[13] IZED L AEKETIVT, “factl &
fact3 -> The Earth has seasons.” D X 512, FEIEN7=Hi
A EH XN A6 oK 25HR Ty 7% 1D
DOERLTWL . FE OFMII TR A2 ITRT.

42 RYFI—9

BEO-NX L1703 a— X TiARER
R, Bloa— 2 THEEEFHIIZ 2. LA
HEME 7 (R HERRRE D 2 1815 L T iU R WEAI O
AT T 2IETHRDT, Z—F v Fa—_ZATD
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2 HEa—-—NRARXBVWT, 27 —XEHWT
fine-tuning X 417z ZERH#R DRERH IE K.
RuleTaker FLD
RT RT.PR FLD FLDx

[S2ENSION 664 314

* 3: a— R AT few-shot #5585 L /- 3L HHES D EEAA
EfRR, s a— A FHW RN R 5.

Source corpus

RuleTaker sFLD

T5 RT RT.PR -impl -crit -axiom

RT 70.1 762 744 76.7
RT.PR 64.3 734 675 729
Target RT.BE 56.1 752 794
corpus sFLD-impl 584 66.7 659 | 822 67.3' 80.7
sFLD-crit 719 717 772
sFLD-axiom 54.7 545 545 679 63.7 79.1
avg. 62.6 785 785 771 744 813

13 few-shot (1%=300 FEfHl) TITH. MEEfEE L
L CREBHIEMEH (proof accuracy) [12] Z W 5.
EntailmentBank (EB) [14] REFAARIZ AT CTIEK
XhTEY, £, FHR T v FIEEE L inHE
2Ty TR THELEENRRAT vy THFFEN5.
XoT, XYWBEENLY — > ToOEEHEREES 28
ETZ5. Lo X51g, EHR T v 7OMEH
Ha— 2L I3RR B0, VPEEITOEBIZE
BV, Ko T, {#HfEa— X TH¥E LIAEHERZ
EB £ 7 — X T fine-tuning L CHREZFIHIT 5. M
REFEAE & U CRERHIEME (“AllCorrect” [14]) W 5.

5 ERTTIGRIEZRITZIHN?

7, BEBETADEKEE D - XN B0
R 2R L THL (FR2). FEFASEE RuleTaker T
W RIFRMERER M L TV 323, FLD TOMERRIZE
V. FLD 238t LWEEHO—21X, UTFD X5 1CE X
5N D GEMIZATEE A3). RuleTaker 3B EICHHT 2
DR DAL (X 3b) DAZEHT 2010 L, FLD
WBRER (X 3a) CEEN 24 Rl 2 AT 5.
& 5T, FLD FFEFARER DRI, RKROEL NIZ
BV GERARE AL OBENZ W, FEIARIE, &
LRV BWTEIR SN GREDMH AR DEIC X -
THREINEDT, HD 55RO E—-VIFHAG
DEMICKE L & E (KHEEIZ O(|A|Y) &=,
2T |ANEB LRI BYT 2w 0 #IREE, J

% 4: EntailmentBank (231} % GEAZR D ERA IE .

EntailmentBank
Taskl Task2 Task3
Source T5 36.8 312 6.2
r“ RT.D5 74
COIPYS - prD.D5

FEARDEX). FE5E, FLD IE RuleTaker & D b &7k
RE—=VDIEHAREEATED, HHENEVWEHE
ZHN5. EEE ROARPEW FLDx (30D THES
FEDSE Do 7.

6 FLD ixB8%Hh°?
6.1 FREEADAML

HBHEREE N O ERICB W TR S EER O3 HE
HRHI GRRE) OIS TH2DT, HiEa— 2N S
FLEBETNVCHEE R Z HN D0 EFHND.
RIDOTHB XD, FMiLBENELRZ a0 -8R
M DOEFEICEI L T, sFLD-axiom T X 17z 7EHH
MO D FHNREERE o T2, ZhUE, a— 2
DIEREM S D5 X512, FaFEEEL 2 tho 2 —
PR L TR DHEMICIERE Lz gk 3.
O 2 X LL, BAGREICED H
FMOEMERLTWS., sFLD-axiom ZFwaEEE L L
TREZRZHWTWZDT, EeMickb, hha—
NADFRIIC X % ZEEE R 2 TE R T 2 b
MNTEZ (BHECK4 LS. BB, NBHR
» o8 o h 2 EEREEN I, BRA RimaEc LS
20TH5. —7, Ma— 2OHIAEIZEE2ED
KO WEER2T, MAEANOILIXE Sk,

6.2 KDODEBHEBERXIXIADAL

# 412, EB TOMREZ LS. BB IXHEVA (K
TI0ME) Z2E00T, HOARZZUHEET— X
MO X2, FLDIZK2%8E, &b FEHRIC
EWHEHEGREERICDILT 2 e s, 5
FIWZR WA O M HBl % RT. THE (-) DK
) DROMEHRZE L 7201 E+ S REED A%
FE TR & mPRANICE T 2 HIHD ARRICE
D5 Y, WHEORERNFEINTWS.

7 EHDOHIC
HRAHEICED QB — 22 RR L, B
MEZEBRINR L. 51R81F, BEHOEEL KD
55 iR R IRGHERR R ¥, X D mE R
FNLT, K77 n—FErFIEIETTNL.
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A BEIEHR

F 5
) F F-6 FAG) (FAG) F g ) ) F@) > 6(b) F@)
i i ~ eliminati Aintroduction Aelimination  ——— ——— Vintroduction (5 g) 5 g V elimination - =
S (modus ponens) G (FAG) F G (FVG) (FVvG Ve W K G(b)
Fog o
Fa)
£ L) VxF(x) - 6(x) F(a)
o) y _ (FA-F) it F(a) i ) vx F(x) o F(a) ; 3F®) " H 3 eliminati -7 _— elimination _
n 1 Vx F(x) F@ 3% F(x) p F b o o
o SREEZ e RuleTaker @ “E & maLht.
* (a) —FEdGEMRIEDO N R (FLD Difalkf). (b) a0 AmALAE

3: KEFEREITHE TRV SN2 R, 72721, Artificial Argument Corpus “CHW &M 725#EEI3 [11] D Figure.l ZIRD Z &

V/ elimination l } o5 ‘ /—(5
[F@ [V&F) - 6 ‘ A _
Modus ponens | 1 cu"l;ﬁﬁ)
F(a) \ F(a) - G(a) o
l ‘@ | oo 7 /

(a) RuleTaker DFfialE. (b) Artificial Argument Corpus D L.

4: NFFR B FIN - S EEIRHERIC X 5, SATHIZE OFRRE D HF.
3R 5: AL DNHR (Pr) - $55 (C) K Bb 5 EIMER. Hx, AiEsHE
(=) OFEIIHERD H. ROUL, BIHRHELR DI (=0).

(a) Z4 725k (3) (syllogism).

P = (F— G) A (G - H), (b) ZUTHVHRIE ().

C=FoH. Pr=F.Pr=FVG.
F G H|P C c-g.
1 1 1 1 1 P P
1 1 0|0 o0 Felm ? C
10 1 |0 1 o111
1 0 0|0 o 1 o |1 1 o0
o 1 1 |1 1 o 1 ]0 1 1
0 1 0 |0 1 0 00 0 0
0 0 1 |1 1
0 0 0 |1 1

5: FLD OHH| ABICIRE I F BV 5TV ).

A1 =\

“skewed” IR I DD 3 — 2%, FOAREID HRWARELDZ
&L, ZhUE, DNFERIERD 72512 RT(DO-D3) I2HbE 725
MTH3. —7, “Aa’ E—HRNMEFFD. ETOI—NRADHE
Bk, BHIEERERRK20EEZT, FVXLICEATVS.
RuleTaker: fhd 2 — X2 L DEMFEEDE 2720, HET L
DB —RRIZ - ZE 2y b A X330k 7225 K512, —H%
BTV L . BE mARIIR 3b. 2 OMEE [12].

FLD: 7> 3 Y HHER FHWT, A REZFED a— 2 B/ERL
7z, NBRR FRAERRIIX 3a &, AR SMalARIERI3b &, <2V
T4 TV X VI AR, [11] O Figure.l ;Db D%,
W=, Z2UF 4 H - o oF v THmiRdbiE» K E S LBICH
AEDEZDHEEL VDT, KOEXIZ1 2 LE FESNLD
SHE—FETH 2. 8Ly b A &30k, NV F—>a> -
TAMEY MI Ik THE. ZOMFEMIY = TSRO .

A2 GRS E D
2 6: APIEB DAL 8085 X — K.
%o — 2 5EF  EntailmentBank FZ5&%

Source  Target Source  Target(EB)
transformer model ~ T5-base T5-base  T5-large T5-large
# dataset instances 30000 300 30000 1313
steps 20000 2000 10000 10000
learning rate le-4 le-4 le-4 le-4
learning rate scheduler AdamW AdamW AdamW AdamW
warmup steps 1000 500 1000 1000
batch size 64 64 64 64
gradient clipping 0.5 0.5 0.5 0.5

5 fi, 5% A3 TD “&F — X TD fine-tuning” TlX, 20000 27 v
7B LT\ A, EntailmentBank (X8 5 E & WD T, [8] D
verifier VT W3. ZOftl, EHOFEMI 8] 25EDZ L.

A3 FEIA—-NADHZEDFHD R

R T: #£3—2T, 25— KT fine-tuning = A17= VL2 AV IE AR,
AR DGEX 53 fi="skewed” RO X553 ffi="flat”
RT RT.PR SsFLD-impl FLD-impl FLD FLDx*

[924 939 822 74.6 6641 37.7

“skewed” I — R AFIZB W T, sFLD-impl & RuleTaker & D #5)
EDREW. Ml ROBESFOHESZMFIFACROT, Zof
OEFEOFHMICERTE EZ N5, Hlx1X, FLD O &filH
FIEFFRELRALLTV LI KIS TED, HAS
FEEIDY T I VX AEHC X > THD TEZHETH 2 (3 Hi).
FLD-impl {& sFLD-impl & [FAI#ED “& =" Atz VT w» 528, X
DEESEMNE V. ZAUE, “far’ 3 — S ABELT skewed LA T,
VIR Z XD 2L &0 (T8 A 25 TH A 5. FLD O
B DY FLD-impl & D @0 old, KRR 573 2 LR E %
HAW20DT, 2=V OIHAREELLLTHS S (5 Hi
). FLDx ORiH CTHE U WHHIZ, GEHROE SRS EL, &
BEABIICZ R R Z — > (|A|D) DR EET1 6 TH 5.

a https://github.com/hitachi-nlp/FLD

3% 8: FLD.D5 TOEFIZE T, R—=ZF4 ¥ (T5) Do 1R T v THik - 724,

BN B S N7 T5 DD

1. fossils are formed by the remains of living things - o, -
FLD.D5 2. rock is a kind of nor}llliving thing s s rocks cannot form fossils AR A3 28 O;CL\ 3. ;13% 5<,

1. fossils are formed by thy ins of living thi TE (-) DEERERZ S

. fossils are formed by the remains of living things . N .

T5 2. cannot means not be able to rocks cannot form fossils nTniz LT 5

1. force causes the speed of an object to increase / to decrease
FLD.DS 2. an increase is a kind of change force causes the speed of an object to change AHERED v, BZSHL,

3. adecrease is a kind of change SFIRE (A) DI ETE 2
TS 1. force causes the speed of an object to increase / to decrease P h d of an obi h HNTVARNWT LITERT 3.

2. an increase is a kind of change orce causes the speed of an object to change

1. the milky way is made of stars light year can be used to measure the distance et e . N A
FLD.DS light year can be used to measure the distance between stars between the stars in milky way Ay i%ﬁ‘)i h 3:, éEESZé (st

: : X — — AR S FMEREHINE AN B

TS5 1. the milky way is made of stars the distance between the stars in milky way is light years 1 |- oy (&% & ¢5.
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