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Automatic Theorem Proving Based on Pre-trained Language Models and Unification

CHEN Hongxiu, ZENG Xia, LIU Zhiming and ZHAO Hengjun

School of Computer and Information Science,School of Software,Southwest University,Chongqing 400715, China
Abstract Pre-trained language models(PLLMs) have demonstrated considerable potential in proving theorems within formal envi-
ronments such as Metamath. However, this potential remains difficult to translate into reliable reasoning ability. Existing approa-
ches typically require PLLMs to directly predict substitutions, which come from an open and potentially infinite expression space.
The absence of logical constraints in this process limits the generalization capability of the models. To address this challenge,a
new proof paradigm is introduced: work variables temporarily substitute concrete terms during inference, and their specific in-
stances are derived through the unification algorithm. This design enables the model to focus on theorem selection rather than
generating unguided substitutions. Based on this paradigm,a dataset is extracted from the Metamath library to construct UnPro-
ver(Unification-Driven Prover) ,which is trained on this data. In addition, several data augmentation strategies are designed to
further enhance UnProver’s performance. Experimental results show that UnProver consistently outperforms baseline methods
and GPT-40 on test sets,achieving superior performance in both proving capability and efficiency. Moreover, UnProver discove-
ries six new and shorter proofs,which have been formally accepted into the official Metamath library.

Keywords lLanguage models, Theorem proving., Metamath, Unification, Work variables
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2. W6 A AR A A A o Y

3. while time limit not exceeded A Q do

4, (G.m,s)<pop(Q)

5 if G=0 then return ProofFound (m,p%V)

6 [Ty Feishi) e (Do Foeshe) J<ModelPredict (G e)

7. for all i=1,+-,e do

8 6, AV <Unify (g ,G[1]D

9 G'<RunTactic(T} |—<p\ L0, AV, )

10. n<xU{(G[1].T Fo}

R A L
12. push(Q, (G, 7i,s:))

13. add(pV . aAY)

14.  end for

15. end while

16. return Fail
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# 2 Metamath IR A BN EE LAY Pass@1

Table 2 Pass@1 on the Metamath test set and synthetic test set

[€79)

Methods l\’/lﬂetam‘ath Synthetic Test Set
Test Set n=3 n=4 n=>5
Holophrasm 67.0 73.8 69.3 27.4
MetaGen 80.0 73.9 69.5 64.4
GPT-40 34.0 40. 1 35.3 29.8
UnProver 82.0 95.5 87.3 78.6
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5% 5 R % ) AR X IR e g 0 e R I HOR TR A i A
B AL TR R AR T . SRR AR SO R M
T 4 B B W R (A 2O I T I R B B 22 R L T L 3 4R
Th T AR R J S5 4 19 1z AL RE 1 . BE A8 TR MR R U3 1 5 B
Al R A R

F 3 ORFHHEH R S T (Y Pass@]1

Table 3 Pass@]1 under different data augmentation strategies

%)

Methods Metamath Synthetic Test Set
Test Set n=3 n=1 n=>
Raw Dataset 82.0 95.5 87.3 78.6
Subgoal 88.0 98.8 90. 4 84.2
Subtree 93.0 99.1 92.4 87.3
All 95.0 99.5 95.7 91.6
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WA A SO BT R FEE B e R @ sy X . D GPTH,
BRI HTPS it F /YT B 3 =X, A5 A 375 [R) i 3500 e 2 R R 35 46t
AR ok, MR AT S B 1 R e A AR Rl A — Bk
S8

m= 4 s, WAL 4E B, UnProver (19 F B 38 i %
PIET GPT-[ ., #f—2 M. 43T UnProver 5 GPT-{ BYIE
O, W LR R B E B AT 44 A4S, GPT-f Al 57 3E B
W B 7 A0 UnProver Ml 57 3E M /Y B A 38 4>, R
1 UnProver By i L%, oM, UnProver TERL K b A bE 3F
PRGEH AEARF) A I R BT HP Y IE BT Rl 1L GPTH

uunlll

e e e (] e )

df-3an  ax-mp  ax-2 Axiom
[9S o | hypo H((pApAP)—q)
; — — —
—_ proof
- Theorem\

step expression
I H((pApAp)—q)

GREYy 3 B, HoAE LR B 3 K B R 2 AN IEEE 2B
I, Xk segE L IH, UnProver ANYFEMSIE B TE £ 52 8, 1M H
BB LB = A0 o 7 3 1 O e e B .

F 4 REIEWRER LAY Pass@1 5 0F B B[]

Table 4 Pass@1 and average proof time under different paradigms
Metamath Synthetic Test Set/ % Average
Methods L K
Test Set/ % n=3 n=4 n=>5 time /s
GPT-f 52.0 92.0 77.6 57.4 11.2
UnProver 82.0 95.5 87.3 78.6 8.1
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