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New Graph Reduction Representation and Graph Neural Network Model for Premise Selection

LAN Yongqi' . HE Xingxing' ., LI Yingfang® and LI Tianrui’
1 School of Mathematics,Southwest Jiaotong University, Chengdu 611756, China
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Abstract The search space of an automatic theorem prover usually grow explosively when it proves problems. Premise selection
provides a new solution to this problem. Aiming at the problem that the logical formula graph and graph neural network models in
the existing premise selection methods are difficult to capture the potential information of the formula graph,this paper proposes
a simplified logical formula graph representation based on removing repeated quantifiers and a term-walk graph neural network
with attention mechanism, which makes full use of the syntactic and semantic information of logical formulas to improve the clas-
sification accuracy of premise selection problems. Firstly.the conjecture formulas and premise formulas are transformed into sim-
plified first-order logic formula graphs based on removing repeated quantifiers. Secondly, the message passing graph neural net-
work is used to aggregate and update nodes and their term walk feature information,and then the attention mechanism is used to
assign weights to nodes on the graph,so as to adjust the graph nodes embedding information. Finally,the premise vector and the
conjecture vector are concatenated and input into the binary classifier to realize the classification. Experimental results show that
the accuracy of the proposed method on MPTP dataset and CNF dataset reaches 88. 61% and 84. 74 % , respectively, which sur-
passes the existing premise selection method.

Keywords Graph neural network, Premise selection, Attention mechanism, First order logical formula,Graph reduction represen-

tation

-~ f 3 A T B 3 G 0 TS AL Sy B B M T L K R
G M BT R B R S E ) A . [ B
A a2 BHE N T8 e 4 — 0 BT R 5 1, HIE A ( Automated Theorem Provers, ATPs) i 66 55 M 5

i

% H 9 .2023-03-24 3R {& H 1 .2023-08-10

L TUH - b e B HE AR Bl 5 2% L TTH 4 (2682020ZT107) 5 [ K H 48 BE 4% 3 45 (62106206) 5 2 H 4 A 4L AL I H (19YJCZH048,
20XJCZHO16) ; IJI1 4 BHE 113 (2023 YFHO0066)

This work was supported by the Fundamental Research Funds for the Central Universities of Ministry of Education of China(2682020ZT107),
National Natural Science Foundation of China (62106206), Humanities and Social Sciences Project of Ministry of Education (19YJCZHO048,
20XJCZHO016) and Science and Technology Program of Sichuan Province(2023YFHO0066).

BAEMEE 597 Uiyl@swufe. edu. cn)



194

Computer Science T HEHLFIZ  Vol. 51.No. 5. May 2024

AL AL W B AR A E BB A M A B 3 Ak
v, DTS B RT3 A S e E A

ATPs 38 1 S Wr 1% A48 22 (0] {8 1R vh BT A5 o A0 3L 1) ) 4
ok S X I 1) A ) E W 5 A A /N RS A T 0 o AT L R A
A SR M E B (] R, SR AT, XY oK kT B Y R AL T B T
T A AR Y R ) B FE (AN Mizar B2 ED) il L ATPs
AT B4 AR O b 3 R AR (] 028 v (19 4 4 K 5 R4 98 AN
YA F /A5 B AR T T SEHL I T 5 B A RTE 4T R
J1o B, 45 58 09 BT 15 R BERE TE AR SC N AT 4R 1 4 S . 4R
65 Ay i 1 ) BB T — A 3R AR, RIAE K 2 48 A Ui A
TIE B 2% 2Z 1 0 2 I8 A B THIE B 45 7 IR) A 2508 1 8 =K

PEAFEIR , B RO A ER B 5 I B R KT ATP #
e, B AR TV 2 AT IR R T . L O AR R R T U
FEE—-METHS LBESNNF T ERIME Lk,
B IE A AT M A R Bl IR R TR B A S T SR
5 S A RRAE K T W AT IR AR & 0 5458 A SC AT .
g K RS F TR AR, 3 BURRAE 19 J) B 1k A
A BRI AT HE B B BE ) . REFE TS ALEE ) AR T, — 2L
A PO O vk R T B M B Y — R RO R R B
K 1) B0 9K b % AL Sy 43 25 S ) 0 An K e 30132 12 B 28 T 45
(Long-Short Term Memory, LSTM)™0 7] 5 415 2R #h 28 () 4%
(Gated Recurrent Neural Network, GRU) M 45

TEMCELRE [, i T8 8200 LU AR b b R S 1B T
A B IS 05 B0 FRAE RE % 70 20 14 9038 4 20 SR AR 1E ,
I PR 22 4 12 5 Bl B B A S5 A R T XY R R
FTBRF oY . Wang 501 U A 30T 15 80 TR B
8] 24 A% 70 -4 I P T I 5 49 ] R, 32 8 T AN Ak T T
B R R R 25 W 4% (Graph Convolutional Neural Network,
GCN) #4745 5 #% A, Schlichtkrull Z£1 8] A5 5 X R AL E
FEFE PR T A B GCN, 7 1 $2 ) AR 45 17 15 22 1 20 W 4
FKAZEBERE M Z KB, Crouse 1 B H A XA
] [ 27 11 & R A B A AT 3k v 43 S0 0 T B A%
s M 4% (Message Passing Neural Network, MPNN) i
LSTM & A5 {5 B.. Paliwal %1 7 Wang %5 T /E i 2 Rl
ARSNGB 2 58 A R Row L dE R A A
=t e Ea4 M ENZENARRAS .

AR SO ST K B BT 19 B T P bf 25 00 445 1) i 2 3o 8 O vk
BARRRS T — B F RS R B 2B ) (A A
— IR D Z AT IR B TR 2 T 2 AN B SRR
T 0F T it 2 I 45 A A 1 5% W 33K 5 B0 el 4 ) 4% S RE AR A
i HE 2 A0 20 U A SIS B 5 2) B 1 T A 42 ) 4% A T
R AR AR R S A A AE L ok AR R R
Z BN AE B RRE X SRR E A AR A R R E R
I AT RE B0 A 2 2R AR B D OR A R e, AT
To ik 4y R B A E B ERHE

R T fRY R ), AR SCHE T — R B T AR R 1 1 R
b — B3 5 20 2 R 3R 7R R — Rl B 3 T AL Y 350 E R
ol 2 00 245 A5 D, S0 L R P T B 4 () B, R S W
I B3 % 22 8 52 (9 o 3R 45 B T AL i — B B R A R HOR
TR B A KE BT —Fh B R LS 5 E

25 W 2% i A ( Attention-Term-Walk-based Graph Neural
Network, Attention-TW-GNN) , % 155 5 44 B 301 Jiz 2 485 20 R &
L F WU E = L AT A RS R B A ER
B3840 A T 28 R AR A, JF M i A 5 9 s M 4
B T Y R RO e R 4 R T 24 A A B R 2
A FEVRFAE 1] f 5 B0 5 K M 8 17 94 AR 45 s AEL I PR A 1]
LN v 3 i1 40 I 71743 <19 e S N L o
N T MPTP A CNF $fls 4, 0 2000 B T BLA e
e B SR P TT I

2 —#MARHN-—MEEAXBERTE

— B2 R 2 R T TR AT s M T AR 070 5 A B e R
. T 4R Y — B R A SRR AR G E

XU — B3 b R B E O DR
Mo REI2)ABEFTRIGDE [ &2 TREM S0,
ty e sty B F ooty oo s, ) SR 3 4) BT A 10 LR 2 A R UK
i D=3 E RS 8,

EX 2D —HEEAX AKX TR IAE X,
DIREFRAX 2 H.GRAX M (~H).(HAG) .(HV
G (H>G) . (HoG RAR;DH G ZAR 2 G YA
HARE, (YOG, (TG A,

EX 3 B AHF Ot G= (V. E) R — A4
L HA AR S EE V="{0 00, & G AT L,
A E={ v v v,y EVIEE G A TR AN,

B3 4R 2 3CB) B R R 1 2 o B R 19 18] JE3F R
(Directed Acyclic Graphs, DAGs)™ , Hi— 5 B0 . 1) #4 2
AKX R ORRIT I F MR w2 &I w1
HME W FREXMTFW A EmAZHANX PN EE,

o T v S B FURE L G DAGs 615 T £ 138 Bk
JBT AR R N T T B B & 1A (9 4 ) JE 2 &l (Simplified
Directed Acyclic Graphs Based on removing repeated quanti-
fiers, Simplified-DAGs) . % Simplified-DAGs [ £ /E A 24 T
TEJRA DAGs (19 3l L4 2 A0 (7] B % 223X — Zc 1 1 2 1)
fradt. Bk, B — e SES V.- MNEAA S
EE P~ PHREMNFSES FOBREETNES C.EHES Q
VLR — A — B AR E K s m FEa=R), - ET
i) I o A 0 ) — i 2 A U G= (VL ED T s R

DA 2T, WA

(DA RFEBAREEH WV, =5, E. =0,

() 5= fCsiasyoree s, ) JERREAT I LR £ 0 n JC PR AR
TFos1 08050 es, AL, X Fs Q<i<n) , AT .

DA s, 2 W HAF S RFI NV, =5, E = {(/,
$i) )

Qs 2 REURF I, D) $2 BB 09 O A RV, FNE, s % T
s 4V, =Uv, .E=UE,.

DFF s=P(siys00ss,), H P JEa G WA, s,
sz s, AT, X Fs (I<<<n) , U .

(DA s W mFHE B FH, MV, =5, E, ={(P,
st

(2) s 2 PREURF I, DU 43 Bt 03 7 AR iV, FIE, X T



ZERCHL &5 ¢ TAT [ T4 30 45 )BT 280 PR 24 RT3 7 5 T el 2 ) 2 A Y

195

-\"ﬁv\ = OV‘, 7E,\ = L”JE\’ °
i=1 i=1

D s=Orar o O s » O, (1<TiKom) AL 5 2 T
ik, WA

V:Qmmmuw>

E =020 0, .0, (D)o (D, s H(5)) ) U
EY)

HA, <O 0 O, 0, A AR B IE RS, HGs) e Rk X

s, AMNZ S,

D s R B EE R  WA .

(DF s H—InBWIL T — A s=—s 5 BFR
KA MV, ={—} UV, .E={(—~,H )} UE, . HHHG)
FRR s BANZ RS

(D)F s ARG O AW s=5 Osyusi o &
F#IA, V.=V, ULOIUV, L E =E, U{(®,H(s)),
(O H(s,) UE, i, HCs) R H Gy 43 B R ik s, Bl
s N2,

Tl e bR ) — B2 e A SRk A E R Y
Simplified-DAGs . iZ B 75 9 > DAGs ¥ 8 #0484 [7) e, {15
DAGs gl &l — B i Do m, W VaVy
[, =VyVaf(x,y),dxzAyf(x,y)=dyTaf(x,y).
1WA HRTARVY 2V yVe(f(ax,y)>f(pla,y), plz,
O FELA R EFLR B 1) A T 135 i — B 2
BMANE TR, B LR R, — B2 4 20T L i A
g ——%f B B9 Simplified-DAGs.,

(a) (b)
P 1 R T I o A ] A 7] A — B 2 A 2 2 U
Fig. 1 Simplified first-order logic formula graph based on

removing repeated quantifiers

3 BRI

AR TR T — R0 B TR 8 A 2 1 B A T AL
) T 37 72 1 4 25 T 28 45 8 ( Attention- TW-GNN)D , 36 1 7
T mE G, —NEREAET Attention-TW-GNN iy
T4 2k B R ) B R R N 2 PR, EARE A S LR
R I a P L = /N W S B TN I 24 1 [ 7 o e
B ] 1B 2 7s AR L, A0 AL B — B i A N ST B I A L T
bk B A B A T LB 4R A SN RoR R ILEE 2 %) . 41t &
25 9 45 A5, 37 3 I i S R A W 45D (e K i ECR
T yite AT X 3R A AT A 38 20 SR T 5 B TE AR AR A

TiEE HRAEJG 5 AR SCHY Attention-TW-GNN J5 % 51 A T % 71 0L
) P I S AR A AR SR AR DU R A& — I B A =X
B A B & I 3.1 49 BT 204 28 S Mt , A58 B4
P AU AR T PE IR A - D RAA R E 2
JESNAL (Multi-Layer Perceptrons, MLPs) /7, i H 5 2 19 15
53 JA5 4y (HTHRA FIAS 43 FUE FH A 43 38 1 1% 45 43 1 2 17 32
MIAR 2 @ 1 (0 5% 1), FF 5 © A AR 2 i M #E AT b, AT X A1
PRIEAT IR 3.2,

LA E— &N 2EE

I

| I

| I

! MPTP 75 & |

: /CNF#( 4% & |
I

! = |4 I

||~ E —ME#EE |

Plosak [ AaR !

\ 2 2

b e e e e e e e e e — g !

T T T T T T T T T T T T T T | e :

| A-THEE | | 3B A R A AL B9 T

| |

i EHHE R %

W P 4

2 AR R AL HE AR

Fig. 2 Framework of premise selection model

3.1 BEREEENNBINDUEEE I M EER

3.1.1 A4

Jakubov 25 £2 Hi 1 T it 2 FRAE ) BEAS B T @ o) BRIE
HH 1 4% I0UAT: 55 v T ik 32 2 XAk BT AR I 90 A AR A A T
VIR 4% 5 Hb 4 96 /& O B T O BR 8 &2 #235)) DAGs 1% 39 i 5 47
fE. W G=(V.E)R&H LA E,G H /I E R E M E G
FRTRREE R 3 WA I B AR R G v Y T A I S R AE HR
=04 (uyvsw) s i w0, w €V HEG ERH ALY
Aou N Ro BYACI R TTR w W R o BT L B, X
— AR Y () N pCa)) BTG E AR G 9 (Y,
AoV AP (AL foa) (A paad )

3.1.2 AY E&Einaie

XFHAE G=V,E) , iV HE FMITA . At
tention- TW-GNN B e BN H o€V 4B — DR iRk A
s AR kR IEAC A B Y RIS M A R ST B AR
WL H T RE (1, K},

h(0),=Fy(x,) (D
Hp b € R R R/ANRI MR RZS 1 & d,, 70 sl A
o] e (% A s Fy oy — A AR R AR B R — 28 R B
JLE 5x, ERY 5d & 793, EFRR 793 A1 mARID , 7E X 84510
L ARG — M AR R R A Var”,

3.1.3 BH EEERS

Attention-TW-GNN (115 &5 5 B 2 A B B 3k 75 450 04 i
e A R AR AR S AR B T ML P 1 R R U R R AT
FHR AREANT ERAGR.

A RURY T OE AL 15 DR A B R 32 I R B e &
gy e &D IR E A RE T AGEE . Bk, Xt
WMAE G=(V,E)MBANTE o, T, (), T, (o) T, (v)
a1 e W A Rl At NS <O R R



196

Computer Science T HEHLFIZ  Vol. 51.No. 5. May 2024

FRAEE A Ko,
T, (v)={(vsu,w) | (vyu) s (u,w) EE}
T, () ={(usvsw) | (usv),(v,w) EE}
T, ()= {(usw,v) | (usw), (w,v) EE}
R A= 1 NI A O O SR X1 D
T, () T,, (o) T, (o) = JedL 1 1) £ AT DR SR 5 BE T 41
T, (v), T,,,<v>$uT,<v)u&§é G, F,MF, R4EkA
ENCIETAL R R = W
E%k{)@_ﬁqﬂsﬁ)ﬁvﬁEQEQT“(v),TW(v)*ﬂTKv)
BIfEE m  m& FmS .
me — 5 F (ChY Vs Vshy VDD

T, ()] @
F (Eh(k H'h,(k IJ.h(ﬁ I):l)
& m u shy 5 Ry
il = 2 T, ()] Rk
, F ([h% Vs h% D gD ]
r ! u shy shy
md} > T, ()] (4)

Hop IEARRR W SRS m &Mt [T, (o [, [ T, ()|
T, (D 3 NIREES T, (o), T, () FIT, (o) P A =8
A B AT,
EVAEEREPHAAGNEEBREEXETL, WM
U FHAE A B BRA T ok A1 RO E AR AE AR A s 2, Horp
T ASER R L TN, X AR TR BT A S F
it 2 A SR B JET 2N T A B, ST, A S
Attention-"TW-GNN J7 7k B A 1 B 1 ML RS- 4597 SRS F
B 597 S I E R B om (B sm) FMlm (B o A
o AR ASE TR 2385 49 ) 52 2% BE L il m() o s mE) T m (R o, 1 SN TTE i
R AE B 1 S E B0 & ) 4y B (BT 38 i softmax
BRI A — A% 1 T B0 BN BN E e s @ Flay, s e 4
R G R Fy , Fy RIF A5 B V45 15 095 505 B s s

(k)
Saol’ o

. Wy explmy))
a,, = softmax(m) S exp(m®) 5
€V
¥ 9]
¢ & E MLP 8
T |9
' ° E °* mno S
\ ° -
o .
X &
R
¥ (=] 9
X A (o1
¥\ _
Ot
Ot
";3{2‘ [
. > |9
2, [~ 5] S

(ﬁ)_Fl (0( hfylc*l)) (6)
— By — exp(mg,))

=s =B 7

@y = softmax(m) ) S exp(m®) 7

omev
som =Fu(ay, * hd) (8)
exp(mSy
softmax(m(”)—m (9)
s =F (a, *+ B Y) (10)

Ho s a s @, Mo, 53 R8T BIHEERF RS B m&  mds) A
m S XA B BT R IITAE  ous om Fl ol 551 TR LT
T A = 04 13 A T AT A

AR HLF, Fo o F o Fus Fy fIF B8 b — A i £
= MLPs:

F. =ReLUW® +5%) an
Ho, = R uom, UM, L;WE WP WP € RS0 FIw
Wi WP € R JE 0] 22 5] W SBR[ .0 € R 2] 222
R B s Rel U 2 3017 bRV

Rt 25 F REARHR. W o BRERAERT, (0,
T, (o) AT, Co) 14855 105 By st Als 0 AT 0 B A s &

s =5 458 45 12
3.1.4 HAYWEAZLMAE

Attentionn TW-GNN F| ik H £ & T, (v), T,, (v)
T, Co) I TR L 5 10 RUEAE B, s R — 25 149 0 o R A 1]
RV X A R AT AR R E BT, SR R AP Y

o (RS R R

BP =R 4 F o (64 a3

H Fon ARG BALB R 5 Foa MR, Fo, 01T
— AT BRI B2 MLPs,

P 3 %5 T B TR R 7 LA A TR A PR 4 ) 45 A5 R (Y
WaER AL, AP ATLLE . Attention-TW-GNN fig
% 1) R 30T A 4 A {7 S T A E B 0 TW-GNN HUF]
T AR UL R AR S B 2R TSR B B

a vy

O] []]
Cofmac] 9 (S
—»X

O |O

a vy

3 [
CSefimax ] (9] (3 (D] e

O| |[O]

a v

[O] [O]
CSofmac ] (S (S
————— O] x

o| |0

3 AR R AR i R R

Fig. 3 Model node embedding and transfer process

3.1.5 B

16 b ISR G, Attention- TW-GNN XJ 38 55 24 =0 &
T AT B A B A (Avg Pool) o F 2419 28 LA
NGO F

he =AvgPool (b } = Eh(“ (14)

LGV

Hof b €ER™ , AvgPool Y,
3.2 Iy
ZRNCERCI9TAY FS & KT Attention- TW-GNN HY Bij #2
TE BT (9 50 43 28 4% )RR 4 1 — A~ 187 51 19 2 2 MILPs 52
W, H A3 2 B A W B oA 26, R ADKE i E Wi 4R R A AR
1 Pl A [a] S X6 Chy, 5 B i A 93 2 PR E o 1 75 3810408 328 1T 42



ZERCHL &5 ¢ TAT [ T4 30 45 )BT 280 PR 24 RT3 7 5 T el 2 ) 2 A Y

197

TR T WA PR
z=Fu([hy5h. D (15
Horr, 2 € R SRR A5 WL 1T 42 x4 A8 A A0 JE R A9 4533
FREAELfEE ] softmax BRHUH — f A5 1o i 42 %0 55 48 69 A A
To A58 I 5 BEAR 7 RN X e T 4R 247 30 40«

=softmax(z) (16)

= AP RiZ an

A

y

A exp(z;)

i 2lexp(z;)
J

oLy R — LR AT A S 5 R IS 42 2 th
BOS i AT0 2 L SR 48 T 40 0 A5 43 X R % R A 1
FRASTRYE (1 3% 0) L TULRR B2 80 40 45 58 (78840 J 8D L 72 1% 6
L 472 SR 9 5 B AT BR S AT He e T S B4R 2, A

T Fao BEBETE R — A LA UZ MLPs,
Faue =W (ReLUW,; (=) +b,)) +b, (18)

FLrf W, € RO W, € R kT G5 i 5 8 s b, €
Rt/h. 7[72 GRZ %]EJ"U”@;E Eg'fﬁﬁo
3.3 MKEH

T 41 126 9% 1 3 43 2 1 S0, P S AR S 468760 1 41 530 y
FIELSCAH y 1958 AR 5 1 JEBUR BRBE L (yay) s
Ly =3 Cyln(y)+(1—y)In(1—3:)) (19)

Ly, v 4 0 DS (R 7R ¢ BB .y o B
{1 1 4 2

4 ZRRESHERIN

ARSI BIHET Attention-TW-GNN B Bij 32 12 6 4 70 4
JH Pytorch #E 220 s 3, iF A A9 55 36 76 GPU 4 NVIiDIA
RTX 2080Ti. N fFH 256 GB #l Linux A 4 Center OS 7. 6
1 4029GP-TRT IR % #% I 47,

4.1 HiE&E

A SCHEF MPTP2078 8 R 37 7 WA~ A 46 L 433
JE 45 (MPTP) 346 48 & B X (CNP) $dla 4, Jo i MPTP %
PidE Sy MPTP2078 M1 & i iy % 48 /A 20, CNF % 95 4 4
MPTP2078 i v 3% 4 A U5 By (0 A B =X, o 4 1832 4
s p A BR A A7 BT I = 0 A BGRR O A L. — By
R A BGE 2 A A S L, e T B 2 i
i) V5 N A8 1 AR R AL L skolem # 1 b 55 4 75 4%
WA XL T R AL & e B R 2R A 5 1 — B B A
3 s T35 A 038 0 25 A R 4 T A A R A — B B R A
By, RS0 CNF 4% 4 5 MPTP2078 /8 FE 1) — B 18
S FGE AR R AR ATk L Ak S 1 — B % 58 2 =UF
Vo, Vo, ¥ a,(Atom | Atom) N (Atom N Atom) , FH v Arom
HEFARK.

ASCHE B IR A BPE S B AL T 3T Attention-TW-
GNN (19 Hif 8 0B FEA Y 1 SE 30 25 L i R AL 1469 4G4
F1 24087 A~ F T UE W 3 S 55 A6 A AT 4R . A SCH 8 i A T
25 VB AIE AR (40 996,13 990 11 14068 AMEEA) B MPTP %
48 5 SCHRL19 48 W) L JH: rb 44> B8 42 #0008 i = o 4 (AT 42 .
TEAR BRI $E 2 20 8 0 AR I A0 8 i 4 L AR A8 SR T a2

B9 08 11 RoRBi4A .0 AT T D . A, A& 3CH
A CNF B4R 4523 7 5 MPTP B4 4 40 R E 50 21 2
CNF B4R M T MPTP 505 4 o — B 2 5 A Ui £ ik
B,
4,2 EHEE

AR HET Attention- TW-GNN A 42 3% B A8 ] [
RN HEAG T Adam PEAEERT Y BRIA R B R ISR A, I8
Pytorch 27 1) ReduceLROnPlateau 5 0§ [ 3l i #& 2 3] 3%,
BT S8 B R 1 g,

*1 MRASHRE

Table 1 Parameter setting
EEEE S L
A EER, 128,256,512
®R KK 1,2,3
ELE- 14 100,150,200
ERE S 0. 01
it & K /N Batchsize 16,32,64
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PEFIMERVE . $5r 80, B0 WL RL 43 288 A S8R BT
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1) FE 7 32 0 1 0P 22 I 4% 1) i 4R e R AT R 25 R A 2=, il
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Table 2 Model experimental results comparison on MPTP dataset

%)
A Ace Recall ~ Precision F1

GCNLz4) 86.25 85. 47 86. 69 86.08
GATL25) 85.38 85.56 85.11 85. 34
Graph-SAGEL26] 86.15 85.01 86. 86 85.92
Nelokan 85.67 85.12 85.92 85.52
Chebl28] 86. 14 85.21 86. 68 85. 94
PC-GCNLI6] 87.77 88. 64 87.01 87.82
TW-GNNL19J 88.12 86.95 88.15 88. 04
Attention-TW-GNN 88,61 87.73 89. 19 88. 45
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Table 3 Model experimental results comparison on CNF dataset
%
HA Ace Recall  Precision F1
GCN 80.51 78.73 81.44 80.07
GAT 81. 80 81.25 81.99 81.62
GraphSAGE 82.96 81.62 83.69 82. 64
SGC 80.08 79. 86 80. 05 79.95
Cheb 81.32 79.08 82.60 80. 80
PC-GCN 84.17 83. 40 84.56 83.98
TW-GNN 84. 24 81.42 86.15 83.72
Attention-TW-GNN 84.74 83.67 85.32 84.49
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Table 4 Influence of logical formula graph representation on

premise selection model on MPTP dataset

[€79)
. DAGs Sim-DAGs DAGs Sim-DAGs
Acc Acc F1 F1

GCN 86.25 86.57 86.08 86. 46
GAT 85.38 86. 04 85. 34 85.91
GraphSAGE 86. 15 86.11 85.92 85.96
SGC 85.57 86. 11 85.52 85.96
Cheb 86. 14 85.90 85.94 85.65
PC-GCN 87.77 88.19 87.82 88. 04
TW-GNN 88.12 88.29 88.04 88. 05
Attention-TW-GNN 88.27 88. 61 88.03 88.45
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Table 5 Influence of logical formula graph representation on

premise selection model on CNF dataset

0
i DAGs Sim-DAGs DAGs Sim-DAGs
Acc Ace F1 F1

GCN 80.51 80.97 80.07 80. 48
GAT 81.80 81.80 81.62 81.48
GraphSAGE 82.96 83.53 82. 64 83.36
SGC 80.08 80.93 79.95 80. 62
Cheb 81.32 80.03 80.80 79.70
PC-GCN 84.17 84.40 83.98 84.37
TW-GNN 84.24 84. 64 83.72 84.54
Attention-TW-GNN 84.48 84.74 84.24 84.49
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Table 6 Ablation experiment

%)

Y MPTP # 4 & CNF ¥ # %

e Ace F1 Ace F1
At_TW_GNNg—  88.27  88.03  84.48  84.24
At_TW_GNNa-  88.29  88.05  84.64  84.54
At TW_GNNar—  88.12 88,04  84.24  83.72
At_TW_GNNT—  86.04  85.91  81.80  81.62
Att_TW_GNN 88.61  88.45  84.74  84.49
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