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Abstract

TAINE T DeepSeek-Prover-V1.5, iX/g— %4 Lean 4 UL B HIE T HAL, Bt
DAL ZEFHERE T FEXT DeepSeek-Prover-V1 #47 T35 . %R BUTE DeepSeeckMath-Base 4T
gk, HEFTERMBEAET, MG HET DeepSeek-Prover-V1 4@ pysf iR B A b e
PRUE BRIV T B R « E— 25 Pk REER TH& i BT UE M Bh F R s k2% >] (RLPAF)
S . BT DeepSeek-Prover-V1 [ BUR SEREIERA A AU ¥ASL, BATEEH T RMaxTS, iXA&—
PSR RIER R, R NTE 2K S AR 2 SRl R AR I ALY IE R % 42 . DeepSeck-
Prover-V1.5 #H# T DeepSeek-Prover-V1 B8 T B Z 0, ¥EE /KPR miniF2F FAEN R 4E
IRE TR KT (63.5%), FEARLK T ProofNet Sl i4e_F AT T80 i et
75 (25.3%).
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1. 515

R R B S 3 O R N T B U ) o HE PR G BRAIE R 2R T ORI i . YA B R
T SIS T R, (HE SR AR EPHE (e.g. fiI] Lean (Moura and Ullrich,
2021) A1 Tsabelle (Paulson, 1994)) HHIGERBRAL, X720 R I IE R G TE AR 4%
5. B2 GPT-4 (OpenAl, 2023) S5 5e iU AE A PR T A UE R I AT A ALy, 53X
R R R R RS B R Ak . TR BRI S R Lean & BLUEW] 555
WARGRNEIL ST, TR BeA R SR AR m g —.

e A FEE B b 15 S A 3 R R AR SR - ] 2B R4 A (Polu and Sutskever, 2020;
Jiang et al), 2022; Lample et all, 2022; Yang et al), 2023; Wu et al), 2024) 55224 5 (Jiang
et all, 2022; Zhao et al), 2023; Wang et al., 2023). iFBHABEAE S TNE —A 522k AR (tactic),
FAETE AT UE S PEAT IR DASRIBCY 7T SRS T E B, @ IR R AR @A
ROIEW] . AHEEZTN, SR AE SO AR S, BA T B IA B A e B A,
T UE AR AL 5 8 30 R BRI UE AR 2 A PN B 55 108 (5 T4 . /R4E DeepSeek-Prover-V1 (Xin
et al|, 2024) i# it 5E BEAUEWIAE IAE Lean 4 FIUS T HRIEHIFIR, EaziuAdiiR 7 H R
Pl B TREAETOE T RNSACRES BB BT AT R AT e 2 FO, TR R B AOR SCHO T
XLEEGHI AR . 75 Lean HYMOREH, RN it — RV HAUE PRSI BOR M B . X
WG I T 2 BRI XS (Ross et all, 2011), BBV AT 68 S5 B0IE A A2 ™ 5 25 1E
BT ). SERARHIUE, FEASUERTING, B AR ] B8 S0 P R RACIR S ™ A R IA A

T AEUE T PR A P TC AR SRR R OACIRS: S [ PR 5 R I 2R B feg i 1 S 5
R, FAHE DeepSeek-Prover-V1.5 Wil th T —FhGE— 753k, %7 ikl af — P 5 72
(truncate-and-resume) ML, Z5¢ T UERA A BRAL S 72 BOIE R AL P RN BOR IO AL TS . i AN
PRUER SRR IA A O R, 1 S BRI E BRI I Sk A A CRS . BE)S . Lean UEMHARXF%
R HEATIE. AU B s, WIGRRLA L. AR, RS — ARG B
B, JES R F . A R UE I AR B 5 s T AR AR 1R — IR R B . i it
RO b e AR HERTE, A TH Lean 4 IEMIS A BRI R I INTESR R AR R . (HASHER
(e, FATRTTIEFFA R BRT Mg o S B T AR AR A o AT RF AT -5 KA BIL i SR Il 3 52
FrRigMEER (MCTS; Coulom, 2006) H, HHv il A1 = RIS EA TR EE . o, i1 th
T MBI TR (reward-free) $RRFIEM T MCTS, DAAFLRIEIIRZ 1 S A i e«
FATAPHRRE AR T NTESIIL (a.k.a. #7750 (Schmidhuber, 2010)), DA ZRRMARE
23] X LESIARRER YR T HA e AR A A A A R D RE B RO S U PR Y R T
He, BEWAT RN UL B 19 SOt 2R i FEAR Rtk 7 S i .

1.1. ASCuimk

FAFRE T AT I E T E SR B A S A eSS, ZAESRER L T 2%
BEALCE: OB I gR . s TR S 50 . BT IR B3 S e 2y~
PASH T R BRUE W] KPR R VR - SN L S ORI AR s A 2 ST DA SGSR



Model Training

import Mathlib
import Aesop

set_option maxHeartbeats @

open BigOperators Real Nat Topology Rat Pre-tra in ing

/—- Compute the sum of all the roots of $(2x+3)(x-4)+(2x+3)(x-6)=0%.
Show that it is 7/2.-/
theorem amc12a_2002 pl (f : € - €) (he : V x, f x = (2% x +3) % (x - 4) +
(2 % x +3) % (x - 6)) (ha : Fintype (f-*' {0})) :

Yy y in (f-1' {0}).toFinset, y =7 / 2 := by

—— We show that the roots of the polynomial are -3/2 and 5.

have : (f-1' {@}).toFinset = {-(3 /2 : C), (5: O} := by
ext x
simp only [Set.mem_toFinset, Set.mem_singleton_iff, Set.mem_preimage,
Set.mem_setOf, Finset.mem_insert, Finset.mem_singleton]
/- tactic state:

P C-C cesponse
otV (x:0, fx=(2%xx+3)%(x=-4)+(2xx+3)x*(x-6)
1 : Fintype t(f -**' {0})
x i C
Ffx=0ex=-(3/2)vx=5
=

Supervised
Fine-tuning

Whole-proof

Completion Reinforcement

Error Message from Lean 4 prover: Lea rn ]_ng
failed to synthesize
constructor LinearOrder C
+ intro h
—- We solve the
have : (2 x x + rw [hel Passed the verification of
by linear_con constructor Lean4 prover Model In ference
—— This gives u - intro h
cases' eq_zero_ —— We solve the equation (2x + 3)[2x - 10] = @.
with hl h2 have : (2 % x +3) % (x -4 + x - 6) =0 :=
+ —— Case 1: 2x by linear_combination h
left —— This gives us two cases to solve.
linarith cases' eq_zero_or_eq_zero_of_mul_eq_zero this
+ — Case 2: 2x with hl h2
right - —-Case 1: 2x +3 =10
linarith left
+ —— We check tha linear_combination (1 / 2) * hl
rintro (rfl | r . ——Case 2: 2x - 10 = 0 or
—- Now we compute t right
rw [this] linear_combination (1 / 2) * h2
norm_num + —— We check that -3/2 and 5 are indeed roots.
rintro (rfl | rfl) <;> norm_num
—— Now we compute the sum of the roots.
rw [this]
norm_num

Single-pass
Sampling

Monte-Carlo
Tree Search

Pl 2 | $efAHEZe . DeepSeek-Prover-V1.5 sl id FiillZh . HiEOA A Kot o T B4 Tk A M
TORET BE, PO ZRAR LU DASOACIR TR 5 B 5 45 R i AN 5 B BRUE R . BEZ I 2 DA
BZRARRSHNE Gl Afs) HrbeaSabPR (FRAR) . Rl e, A
—AGEREEIE LA KOR H Lean JEM AR H L MAARES, FATRIFROA R LAZE 2 A4
WEWMBERE , BEJS H Lean IR REATIOUE . X SBARIER B IES R BNAE —MH (0-1) gy, PARE—
AR5 SR R G A TE IR AR L . AR B By, FRN TS S pimh s :
FLUCRFES SR RIS MR R

RIS RBIER SIS E ATT, AR ORI -

NS 3o e s TR e R TR e F e — BB, T HaR T L R B A TR
f s BRSO R TR ), M40 Lean., Tsabelle il Metamath 2754k .
W B JRATE I SRR M IR R G T Lean 4 [UTHN RS, 26, AT
ffi il DeepSeek-Coder V2 236B (hhu et all, l2024|) A Lean 4 fCRSESHNEH RES B YkdEn:
B, WAL BEEN] 5 ARE ST 8. JK, N7 Lean 4 JEMIACE hiH A
AR, R RS A ROR T 2 S . B, B0 TR S T S B
7.

BRAESY ) AR GRPO %% (Shao et all, 2024) X MR AT 3 THERI B) -5
A2 (RLPAF). Lean iF BRI E S5 AR AR B B35 2, 3438 T U5 S5 10iF
RO 0 R

SRR R B A . TS ARG MR O A e T R e
SERA R RS 207 5 . TN TR ST M — Rk S-S PE S, R 2 7 o4
S SR BOREAE e BT T RMaxTS, 32— R Al Sess s e 25




FH RMax (Brafman and Tennenholtz, 2002) 3 W& > i ok F 57 25 il itk BH 18 2% 5] &5 g 4%
KPR EIT BN, XA R B IE AR B A A I R R AR, AT AR BEXT
WS [E T Z R R

1.2, PPAS SARbR G,

e miniF2F: FERARSEREPEIAE X E T, DeepSeek-Prover-V1.5 ¥ miniF2F Mi4E Fik
T 60.2% AL E, R T DeepSeek-Prover-V1 [ 50.0% SEHL T 48%F 10.2 4~ H 40 mL
MRERTE. SAWEREARG, @RI 2R eIk 63.5%.

o ProofNet: DeepSeek-Prover-V1.5 7£ ProofNet F{J BRS¢ 8&IE I A= ik B 38 0 H 5 30
PERE, FEIIEAEFNIAE FA0E 50 21.6% Fl 28.7%. ERNPHE R AR GEIE—E
T TR LEEER, FEg R AN B B E] TR A ikl R 25.4% F1 25.3%.

2. BRIy

2.1. ming

AT P IRATH T BAE A BUE AR R T B s S T TH A R 7, FRATTRT S A AR
A (Shao et al|, 2024) #4772 BTN, ZLAS R LAE & RSN 5 R 5 8
WA T BE S BTN SR . JRATRRN R TR B T iz e e S, pln
Lean. Isabelle #ll Metamath., FA1RFoH 5 HIREEL Ay 44 8 DeepSeek-Prover-V1.5-Base.

2.2. BB

TEAFTH, ARG DeepSeek-Prover-V1.5 WA (SFT) Fri Xk Siiike. BT,
FEATE S BRI A AR Y E R R 1558 DeepSeek-Prover-V1  pUERA%MESE . %3455 B1E
s HRTR F A S Lean 4 fURZ [RIAURS Y, MIMIEHE B RO A E AR . BeAh, FATHRE
A RACR S AR B AR B BAT 55 A A DASCRR SR I8 4R 3 e A5 v T A 4T 55 1k
SR ARG BRAR N DeepSeek-Prover-V1.5-SFT,

Hontail . FATH B GIRAE T — W Lean 4 A HiitE . ZEIREATIHA K
I E IR G RIS . X EHRIE T 20 H , BIAbRHER Lean 4 2% 4 Mathlibd
(Mathlib Community, 2020). 3 H DeepSeek-Prover-V1 (Xin et al., 2024) F1 Lean Workbook
(Ying et all, 2024) i & BUERE, PANK H miniF2F (Zheng et all, 2022) 1 ProofNet (Azerbayev
et all, 2023) FEMEREESE. AT R MUEE S, FRATRH T K EREHE (Polu and
Sutskever], 2020) . Z I FE CIE G 75 FBIALAE BB L 3k A ) ik BRESCH  ( FH Se ik 5 0 s B
FINGREAL, SR )5 R D4R 5 B AL A BT Z2 ik B - ZE R E Az (8], F AT DeepSeek-
Coder V2 236B (Zhu et al|, 2024) KUk A BT B4 RN ERIATAIRTE . e, FiTh
S RIS R ORI SRS U ) T (BRI SS Baly) . S s BIiE S et
9,645k 575



BRI UEWI AR . 7E DeepSeek-Prover-V1 Hr, FA1& I H ARG F P I MRS 5 Lean
P E PRI Z BIfEE R B 20 . FE A RET T, BB AR iR R HE 5220 TR A IR s TAE
Lean ™7, ‘EATHEEUKE— R 52 HRORW R TR, XmE 2R B RAR, B T H
WES TAENLRIFNSE A, FEAS TR 25 (b Bes i oo 2 Ak B B AR RE T « AR — )
L, AT KT — PP AR e BRUE AR AR H AT S HERER /73 . 5 Lean-STaR (Lin et al),
2024) 2 (5 EAERAUEI A BRI T 1) 4 SEHE R (Wed et all, 2022; Feng et al), 2023)),
FATT 7 R e B B AR A T RS IR IR ARG . FRATT(E A DeepSeek-Coder V2 236B
(Zhu et all, 2024) W FFh X308 DeepSeek-Prover-V1 g BG B 155, EIFRAEW
T AEASEEEN HARE S RE S Hak, i AR Lean SR HAK B RTET IR, (X F
g YNGR, s AR A PO S 42 th e B R Bes i, AR OR FT B T 4R Y 25
TRHLK o Z ISR T RAT R, R AN B B B RFE S ORI AR . TRV R AR
e, (AR E 5 38 ok A IE R A AR 41 CoT (JE4EsE) B 53k CoT #ixX. Wifd
Bt A 0 0 T (A

HETERAREE R PRy 7RISR RIS R BT SR, FoA] 7R ZE MR
A A SRR F L. FATHIA LeanDojo (Yang et all, 2023) Tl F fr ARt B T 2 x)
Lean REPL (Read-Eval-Print Loop; Leanprover Community, 2023) #£47 73858 . X 53K A1T5E
B PA=Je B R BURORAE B, HoP QG N ORI BLE, ASY RS I RACIRES . %15 5
A B FFATR B & B A R B A AR IR TRy RS TR, W Bay) . i
BA BB XA UER P i R SR, FRATTRFIS IR 1] 1) AR SV E AR /- tactic state: ...
-7 A TRV, FRATTRE /- tactic state: ™ Z JGHYA token Ay . F 1352 W B i A 461
&K, MZEREZ R token WIVENFER, RS 5INGIKITTH .

UIRDe . FRATET BT A OR , IgREdi i 9B tokens, LUK/ (batch size)
N 2,048, EJREEN le-d. YIZRIRELA 100 MAE BT, PARGE T ZhE. IIZRpipl
BEPLPEE OB IUTS, R BRSO 4,096 tokens.,

2.3. JEFUEWI) IR B AL )

WAbE>] (RL) ERGEN A AR T B MO 2 B B HEFRAE ) (Bhao et all, R024),
T #4427} DeepSeek-Prover-V1.5-SFT, Ffi13] A T ¥k HrB:, MTTi 3£ 87 DeepSeck-
Prover-V1.5-RL, %WEFI RL 5T Lean 4 JEW S0 MAIE I HORNIRBIIMEAE . % RL 337
F EL AR R

PoRil. eI T BB, BT A O A A A BRI IR P . 3K
1AL DeepSeek-Prover-V1.5-SFT £ 2 s AL MR B UE I 14 B 308 i 2 B . X
PR TR TI A5 E], RHSRE R R I 1 S5t . Zad ik, FRATPREE 174y 4.5k AME—fY
SERRMRR . FASEBERIER T CoT FIE CoT BIS48mia, DA RS 1 A T AYiE
B A= HfE



—— RL(CoT) RL (non-CoT) —— SFT (CoT) — SFT (non-CoT)‘

miniF2F-test ProofNet-test et

18.0%

Pass@128
miniF2F-test ProofNet-test

Base (3-shot) 29.7% £ 0.5% 9.7% £ 0.7%

52.0%

50.0%

M %
S SFT (4 CoT) 49.8%+0.3%  15.9%+0.5%
5: 14.0% SFT (CoT) 50.4% +0.4%  15.9% +0.6%
46.0%
oo 12.0% RL (5”5 COT) 50.5% = 0.6% 17.5% + 0.5%
o 0 32 64 9% 128 0 32 64 9% 128 RL (COT) 51.6% +0.5% 18.2% + 0.5%
Sample Budget Sample Budget

K3 | AFIZRB BEBEEE XL, “CoT” 1 “JF CoT” MM MAHS | S4e s 1dBEAT PPl . B
S IXIFORIIE A B TR . 755 1+ o FoRTIHERR n MbRifEZE oo

POBLB. 7R RL YIRS B, i IR0 S BB B (2 5. M2
P53 A BRI 5035 UE PR X0 A IE R PR, L . BLURTIT 2, A0SR A
SERFRRRE N TE B, WA 1, 00k 0, FRAFRcR —SeHem s Senn, (hBoh s, Tt
SR T B T 25 LA PRSP BT A T MRECRIRR B, 0 LA, Fofi ik
B T IR W BRSPS 1 LT S BA UI s .

MRAESE IR, FRAT SR AR SRS AL (GRPO; Shao et all, 2024) VE3%4109 RL &k, 5
PPO (Schulman et alj, 2017) L, ZFEAEASPERZCR FIgRME BE MY, XEEHT
BREINLFIMNY Critic B2, BT S, GRPO WA B R i RrE— 2L iE v, IR
it 2L P9 it R AR R S Il SR AR AR . FRATT A 7 1) 26 SR W ' A (Ao i A Hh AR T B [ R
R RAIER, X5 GRPO WM R R A, MmETE T ilghidfe.

gRieE. FAIET SFT BT RL Ik, B R RHE AR T i Kullback-
Leibler (KL) HUEZ G SH AL FATRTEE A2~ 3 5e-6, KL ST RBUCE N 0.02, Xf
THEAER, FATPRFE—4 32 MEZEIEN], BRRKBEBLEN 2,048, YIZRHEUCR/]N (batch size)
fi &k 512,

2.4. V4L
FEHENLA . FRATHE AR B ENS oA @ BRI RE . AR ARSI ZR Y B G A A R

o MiniF2F (Zheng et al), 2022) | & T & W /K4 M3 (40 AMC. AIME 1 IMO) 1
e ALfERRRE Ty, AR RBCREOE . ZAHEAL T 244 D IRTIE ) EIFT 244 A4S0 0]
AT Lean 3, JHR4fE [Yang (2023) $2ULHRA T340 Lean 4.9.0.

+ ProofNet (Azerbayev et al), 2023) WAL ARRIE K FRTE ML e BIEARE J) . B &k
B Z A A BRI 185 AN IE MR 186 /NIRRT, W5 848 5 AR . 4k
PEREL. g REFIR TN . X BRI ET Lean 3, H- T84l Lean 4.9.0,



PRWIACE . X T DeepSeek-Prover-V1.5-Base HYRERIUEAN SR, FATM 7 M B IESE o RA:
ZAUEBR B B DA R Tl . 6T miniF2F B, FRATEA [Yang (2023) h N TRE
UER; T ProofNet B&ifE, Ff 16 DeepSeek-Prover-V1.5-RL Az Y IEHHIERIAE Ry A HEA
wile YT DeepSeek-Prover-V1.5-SFT Fil DeepSeek-Prover-V1.5-RL, AR APPSR 5]
PRI — R R RN UE R IR A R T ks (CoT) #ERE, —FhIAE R (JE CoT) .
PR 1 LY A

PEMARRR . AT passQK ERFRAER RPN E B TERE , ZFE T A K RS2
A UERRIE R B R . MR B AR BABK A100-40G GPU |, H#IJH vLLM #£48 (Kwon
et al), 2023) FATHEALE . RESHCENEE (temperature) 2 1, top-p {H4 0.95, Hk
token PRI 2,048, A LA UERH B G (T Lean 4 5@ BRUEMAGSHEATHAIE. FRMLER IR, FRATT
5 A Mathlib4 (Mathlib Community], 2020) FiI Aesop (Limperg and From|, 2023) DA ]l & L
RIFERIOAR . Bkt R 300 FRf A [RI BRI .

PGB L. B R T A4 UIZN BHE miniF2F I ProofNet ¥UHiE#E 0N H 4
AT EERELEY DeepSeek-Prover-V1.5-Base Ui T 21t %, A 3-shot $/RiafFg T
miniF2F FAEN IR ik =5y 2 — M. IR B3 81 DeepSeek-Prover-V1.5-SFT i
FAT R, 7E miniF2F F#Y Pass@128 HERfZRAETF TAH=4r2 =, 1£ ProofNet I
T BERRRALSSI B Belt BT TR RE , FEPTA K (R T PassQK HERH.
5 HRIBEFEFRE &I (41 DeepSeekMath (Shao et ali, 2024) 5 A58 b2 3] BT}
TopK IEHMR.) AN, FATMEERNE A EBEIEELRAE 7 (0 B IE 5 . X R TR AR R /N
W SRAETSE T Sf 5y 0L, 1T HLE G RAE T B N R AR . X — S5 7EJ 2L AT B IOR AT
FEHOSE RIS 2 R R T B S, R L.

CoT HiE CoT iyxttk. FA1XFEE T DeepSeek-Prover-V1.5-SFT 1 DeepSeek-Prover-V1.5-
RL £4E CoT Al CoT /MMt Fitkt. 1 i fml, ERSHEIF, CoT Hiip%
LT AR CoT #isk. HAIMF, DeepSeek-Prover-V1.5-RL i i LE35 5 i BRUEMIR, 1E7H
ASFHEN R IS T MERE, AE miniF2F ERSEEHER N 51.6%, TE ProofNet 24
18.2%. CoT f=rp H ARG S HERLAY IR & W R TR MBI gn SR S AT, XTREHS
MG B A YRR UE SRS B TELIXT L, TSR I % @ HE LR R 11 .

3. TR R A S AF R HE R

3.1. WARGHIS

N TAESE AR A B T SEBR RTTIR BATEIA T — Pk B SR SO iR S
ZhEzsTE], R B SIKZPLH] . KEGEE Yao et ali (2023) RIE, FATE Sor A e HERYIE
i P pIVAR Rt W TIREIEES 27 <0k v e e | PG e DG B o e b R D T iR o s TR



R e [ PR T AN SE R E R A I P 2 o 7

BT CRRUEDI MR A FRATEBOR GO U R =AY, i e i AU AR S 1Y
— WAL IR ), AR B e UL $2 5245 Lean UEWIAS , RRHART MR BiJS
TN THE foc P (Y B AR BR AL BT , B OR BT A R 2R 1 SOR AU AR RE IS B T, AT 2l P 1)
F b BRAEIE . SORACH B RN 2 TR A By, A BRI A AR AR B HE ek
B AERETERE , X ACR AR A A Y B A 01 o LRl S, B SRR B o —
IR, T RARAY W B R Y R A

WeSE: BT GUEIRUEW] . A& Lean 4 w1, R[HAY SR AT RE S 2O R SOACIRES, X ERE AT
T FAA e RS B33 5 AT DA [ 22 S BUAH [ 25 R R AR ACRS o S AR BR IR 0L, FRATHER 1Y
FPAH— XL MR . U R AR A R, B EELE R MR
EF BN . IR A& AT I SORSE R A A SE UL ACRD, PAKSR H Lean UEMIGRHIAR
RASHE (FERVERERR) . MORB R (05 B3 A7) TR ILROAB I AR SLAs s, i
AT AR ST A 52 BAUT R A8 5 SEUE I AR 0

3.2. JE TS5 Rig bR R 238 1 X0 PIIE W]

FATHPIE R R E T AR ER S RIg R (MCTS) s (MCTS; Coulom, 2006; Browne
ot al|, 2012) #y, ZAEAPATIUANLIR: #£4F (Selection) . # & (Expansion) . £
(Simulation) HI =13 (Backpropagation)., FA11F P TES 2 BB TA, POAFA TS
RN A R AUA BT b2 YT ST rollout. SE ARG AN AT .

e, LI akoa. BRI, MARTT ROITIG RN E YT, PRSI TR S TR
TR LR B AR RFERE (exploration) 5FIH (exploitation) 2 [A/ES-F# (Kocsis and
Szepesvéri, 2006) . W7 xL s AL SR I AT RAR VRS A T B ORI (E I AR BB VR T

TreePolicy(s) = argmax  Qucg(s, a), (1)
acChildren(s)U{@}

Hop, hfE a \TRARREENE] 7175 (3L a € Children(s)), WA PARY FEAHIT A s (L WAFIE
5 a=0). BHERRT—FFN BT L (virtual node) HHEA (Wang et al), 2023), &
AT EAT— MBI T A, ARSI EEL R A s #TY . XM R BE IR RS
SEY REAEM Y R, PR A A R AR A S, T A A ) e S 9 T VA T A R
SORIAE . TE R s EPATEINE a MM ERTT Ques(s, @) BP0

Va € Children(s) U{®@}, Quca(s,a)= Q(s,a) + UCB(s,a), (2)
~———
Exploitation Exploration



import Mathlib
import Aesop

(a)

Monte-Carlo
Tree Search

set_option maxHeartbeats @
open BigOperators Real Nat Topology Rat

/—— Compute the sum of all the roots of $(2x+3)(x-4)+(2x+3)(x-6)=0$.
Show that it is 7/2.-/
theorem amc12a_2002_pl (f : € » €) (ho : V x, f x = (2 % x + 3) % (x - 4) +
(2 % x +3) % (x - 6)) (hi : Fintype (f-1' {0})) :
Y y in (f-1' {0}).toFinset, y =7 / 2 := by -
-- We show that the roots of the polynomial are -3/2 and 5.
have : (f-*' {@0}).toFinset = {-(3 /2 : C), (5 : O)} := by
ext x
simp only [Set.mem_toFinset, Set.mem_singleton_iff, Set.mem_|
Set.mem_setOf, Finset.mem_insert, Finset.mem_singleton]

/- tactic state:

case a

f:C-C

he : ¥V (x : C), fx=1(2%x+3)*x (x-4)+
(2 % x +3) x (x - 6)

hi : Fintype +(f -1' {0})

x : C

Ffx=06x=-(3/2)vx=5

=/

(b)

rw [hel
constructor
- intro h
-— We solve the equation (2x + 3)[2x - 10] = 0.
have : (2 % x +3) * (x -4 + x - 6) =0 :=
by linear_combination h

—— This gives us two cases to solve.
cases' eq_zero_or_eq_zero_of_mul_eq_zero this
with h1 h2 N
- —Case 1: 2x + 3 =0
left
ff‘l_‘or from Lean 4.
alled to synthessye

Linearorder C
DISCARDED

5 4 | MCTS § R BB i S % SIBLE . (a) 351505, FA B H B YA SE BRI
AU HIZR, RIS S SOk . BIR PRIR DA ROR B ALSETT R i B R . (b) Bl 67
RELEL T2 IS A S AL & 2 B RS IRV E UG ZEIEW o (o) AR (A2
HERAY) i Lean 4 UEMISSHATIOUE . #oRABUAE DS, WHRRUEE L. ARNBER,
RS — 2R B DR A ST A= i QRS ZIFIR e, FRRE s it iR . (d) &4
AN BT S I BER R AP R N R AR . (o) WEDBSEMUS, Ik
YRR e — MY ROUTR, %A RABRT MY . I R AT I T, EIRE
IE P SORAE BAAET -

Hdt, Q(s,a) FRIET PRI A OB AR G IO REA A 5, R R (exploitation) 4L, i
TN B PR R WM R . UCB(s, @) F i LS5 (upper confidence bounds)
FEHIRZR A (UCB; Auer, R002), BB 1EA (s, @) MY SLIATIIEBI. =AM
Hi, Ques(s, @) FLFRT Q(s, @) FOIRALETE, FEDARIRERAE LI R, T4 S ER UCB %
A E TS, RAiEEEs B .

V. TSR EAE A, DAY fse B Bk e Y R S KA A R Y
S BRI SERAEIICRS , FROTHATSE BAUE W AR ARt — RIS 8o, FFH5 42 e B 5 52
% Lean JEWISRHEATIRUE . XA UER] 58 SRS AU TAERRE MCTS HEZE N AT B rollout .
MIRUESSR XYL C 5 s}, AR &k, B E 4R B H AR E BAHTIE] . R0, FA]
FERTIAE R, FERE AR A T AT 2 A B IS R R A T 5 AL o SRR RS B —



SR, TREIFEE R OLE ). BEEREENR, hTIRATR I SR
E—HE HZ R BRI, TAMUGE B — AR —— AT R AR AT
RETERF R PR — 5 RS R IBAR RN . X 5% hTa Rk it fEg MCTS KH, J&
iR UGERAY B— 2115 &5 (Silver et all, 2016, 2018; Schrittwieser et al., 2020).

MU, AR R AU RS B BOR AT AR AT R 2 R i B L R i H ST R, e,
w5 A () SRR L. 4 © = {(root, sV), 5D, s@), (s@),s®), .., (717D =
s, @)} FORG ¢ YOEAURIEFEPIE, RPLLA s MR R RATR . AT & Sl i)
S R(T) REHITA (s,0) € T 19 Ques(s,@) (HERAR (). RabisMeRIEsk B HiEas i,
HAATE, AE e UERH N BE3R i Rextrinsic(T) = 1, SAARMEHAIUEIA 22 HEZR il Rextrinsic (T) = 0.
1058 B A, AV A—F e R BB ARSI AL, AT TR SR A HR M)

3.3. ZRF RisPHE R I AESR D)

A BIE R R B8, AMERIRHARE, e, BRE RN Mo 4
RESRISAET I . SERAMIUE, UERIB R IRRIE A T — R gy, HoA Do 735 iRt HEZ R
Jili, XSS IR ) SCEk A MER R 201 (Krishnamurthy et all, 2016) MM &. H 71
PERE S PP A R P IR R, — R R M NAESR ) (Schmidhuber, 2010), 8% fig
WARBACIMEZR ), IR BEIRIK T AL H IR — (5 5. (Bellemare et alj, 2016; Houthooft
et al), 2016; Pathak et al), 2017; Burda et al), 2019), FEARFTH, FRATHEH T —Fp i WA K HEK
MR RE—— A TR ey RMar (RMaxTS), PATENEWIE R &5 | ATCRHER .

T MCTS i) RMax, FATRHLMAGEEZRMLE RMax (Brafman and Tennenholtz, 2002)
KNSR RIS RHE R NTE R . RMax fiZ0 AR Z R R RS20 MRk Eks—
DRI PPREER, BEa% H Ol R R 2. fEE#ERNE =T, B TEIEMZERHEIA
PRAATATIMER 3, FATHEIRRFEZLT ZeroRMax (Jin et al), 2020), H & REARIIRER 5
W NTERIIRE, de., BE R(T) = Rintrinsic(T) o A4 FE BRIV INLE R il th 215 ] 48 R AR h i
T B RE

Rintrinsic(T) = I [at least one new node is added to the search tree], (3)

Horb v FORBAL I E0EA T 2R3 70 BE AT S (el i R . IR RIS AL S AR LIk
HIASSZR A J ) SR 2 S B AR AR S B e T 24> Lean AU AT BE B0 ] i FP AL S
et , MR A T7 VA B D TR A TR AR
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RSN UCB. SRR UCB HRERAHH Wi &2 UCBL (Auer
et al), 2002):

1 , ’
Qucai (s, a) = V]\\;((EIZ)) + \/ 2 n%zs]\/;l()s,a ) (4)
W(s, a) = Zrel"(s,a) R(7), (5)
N(s,0) = (s, a)l, ©)

Hp T(s,a) = {1 | (s,0) € 1} FRE (s, 0) R RIERD BRI RIEHLL « 5%, KT HE
THE, FATRINKR TG, a) = {11, 72, - - } HEUHMAFHWCERPUE A TR ARRG] . a4
TR, FRATER G R R UCB itk . Fankim e, A% @) tEShnes
i — AR E S, H R ES AR R HEDEMT . X2 A B 18 2R ks 4
PIRRAWY T, ZIMEARIBARSH T S E LRI MEXE. T ik
A ER 4o £ B2 % (DUCB; Garivier and Moulines, 2011), %5 (# HArdn A 1
y € (0, 1) S -5 Mo BRI L8 ik pisf 1) SR I 55 -

_Wy(s,a) 2In Y Ny(s,a’)

Qpuca(s,a) = N, G5, Q) +\/ N, G, ) (7)
Wy(s,a) = 9 pNeO-R(1)), (8)
Ny (s,@) = TGOyt (9)

o, BN SOBHES EAT H SO T ERBREE . FEsEEkd, JATROE vy = 0.99. FHEE
B, il T y 78 DUCB HifE S HAE TSRS MDP i {EEAC i R A R . X BLAY
Pranp TR RIEA, A AL N B SRS KA

3.4. FRFRiIgPWHERIIF L

AT RFEERRERER (MCTS) BR0%, 19 T Chaslot et al| (2008) H A J LA AL
PHIFFATIROR

o BUViRUE T FATFERAT S 256 A~ MCTS 21748, 4 GPU iBfr—MEF
AL, UERAA AL BER /Ny 512, Lean JEMdR@E REPL A, HAEHAET 4> CPU
RoU RIS BT, H g MIER IR UEAE 55 t— PR Sr AR AL B, RV A T B A
Zibo WEFBAMUEIA S Lean JERAGR BRI S 040 P . 18 E fuiF MCTS is174%
PATH KRR R B, AT S22 i A A

o BHFTL: ROTHERERW A 32 MRS, DIOFTRIEEER. 2rika sk
MBI ERPA TR A S Lean ByilbAOAEST . AR ARSIl e b e 17 st T4
Ji&. JHME S B RGER] . ] Lean ER @RI UEA: A UER] DA K 0T S ) A4, 2R AR
HARA TR R IR
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o MERURR: O TSR AR SRR TARSR A R AL, AT IEAESEA TS e — 4
FEFLAZJAN R(t) = 00 X S RIS i 2R O, FHAESE UG R BOR N H S . %
M AEE XA YR R, A TR AR RECR

3.5. LBk LLER

TEATT R, FATRFFATEE I O UEWIA I 2R 07 V-5 IR A AT IO, %R R e B U AR i |
AT B I S AL . H AT, PRI IR R SR D5 IR
PR SR

o ZWUEWDBBERAK: 2RI AR 8 2 ORI S SRR [ 6, 30 P
FR B L RAENGFRAE— R, R DMEBE R — AR, BRI R AR
FE H bR 1k . EH BT 45 GPT-f (Polu and Sutskever, 2020; Polu et al), 2022).
Thor (Jiang et al), 2022). ReProver (Yang et alj, 2023). Hypertree Proof Search (Lample
et all, 2022) PA K InternL.M2-StepProver (Wu et al, 2024).

o PERSEREUEWIEIK: 2R YA BT R IR IR . ARAERR IR, AR
T A BT IR o S A FE DSP (Jiang et all, 2022) . Subgoal-Prover Zhao
et al) (2023) .LEGO-Prover (Wang et al), 2023) . Lyra (Zheng et al., 2023) PA} miniCTX (Hu
et al), 2024).

FEMTHUE IR 2T R AT 1 T IX AR SRS, SOt T A Br IR Gk B SERIER
AT, FRRITFRARTA, (HE S AR T S HLHIR BT YR i R
LR A S B AR = s R0 o A B, KR BURT O B SR, I A AR PRI AR R
X ARG SE I 7 EAE RIS R, R AR S REUE R S 2 R UM A SR AR I e 8 4R
e L, FATAT AN G — AR LM R BRI B, DA SCRpX R sems . ATy 5K
AR R, XA BT IRAE PR B E T IS T OO RE . i S IR TR It
FIAGEFBAR, FATH I R AU R R L 7 — P 1 AR o &=, AN
TR A AT - T B

4. FHRER

TEARATH, Bl TH WA R R 9B MR P45 DeepSeek-Prover-V15 & BHEWIRE S+ sk
UK P4 S RISE FER miniF2F, DAKH AR T B ProofNet. iR T 5 HEIEN]
He RIS RV R T AR, 36R 58 oA MR s S B R, AR 55K
M.

4.1. FEER

FATH5 DeepSeek-Prover-V1.5 5 AE R SCHER T F B ZUEAT TR EL0 AT, DA I Hk g 5 2E
J&.
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o WAIEI®: GPT-3.5 fil GPT-4 (OpenAl, 2023) /& OpenAl FF % [15EE4: 1=l AT g5
A, DAHAE IR A BT NI 2 FE S5 TP R 44 . RS BT AE L S & BEIER
weit, [HEERWSEIER T T RENEE S . B g b, XS i A1
i I COPRA (Thakur et al), 2023), i@ —Fh E N30 B REMA, FIH X EERIE F A
FAR MG . AN, FA1iE8% %5 T Llemma (Azerbayev et all, 2024), Xi&—&RHTE
Kl AR RNE LN S8, e AR 20k B P ) BRI A

o BAMBA T HERL: GPT-f (Polu and Sutskever, 2020; Polu et al), 2022) f{.3& 7K
Transformers (Vaswani et al), 2017) i F T & BUE S5 IR 20 3R A= iU P20 221, I
M AR RGO e BEUE ] . JE 22 E 035 ReProver (Yang et al, 2023).
LLMStep (Welleck and Saha, 2023) #l Lean-STaR (Lin et al,, 2024)., Hypertree
Proof Search (Lample et all, 2022) #£2& T¥EE T Lean WAL E PRI i 52
RIS R 5. [ TAE InternLM2-Math (Ying et all, 2024) #1 InternLM2-
StepProver (Wu et al., 2024) L T H @ PERE .

VPR bR AT passQK HERfFRAEIRHF DeepSeek-Prover-V1L.5 [\ fES i SEab AU JE T
PR, AR A K RN AR OB UERA R BE Ty o S THEA [ AR 07 R Z R 55 A
WA, FRATH DA AL R SRAETSA Ko

o XTHYCRIEE, FOTRERAEERUE K & SO AE SUIRIERLEEL, FRBORM) K EHIE TR
o, DAET SRR I EHT I .

o MTRAEISCRRITIL, #H Azerbayev et al) (2024) IFFZ R, FAIL4H K = NxSXT,
Hp N R BB R E A, S FoRBIRY RAERN RIS, T 3Ry RER

o XFTRBZEIYE, e.g., RMaxTS il HTPS (Lample et all, 2022), Ff1%4H K=NxT,
N RRPHE R ZAREL, T R e i F B 8L AR e .

miniF2F B LIER. 2 [ JR0ET miniF2F-test Bl b A5 B IEN 7 R IRT H 4
Mro TEERRGERUERAE X E T, DeepSeek-Prover-V1.5-RL JUiF T 60.2% fxmiEid R, &
DeepSeck-Prover-V1 (1) 50.0% REHT T 10.2 NAS A FERFERER SR 128 R in 1
K, DeepSeek-Prover-V1.5-RL §IEAH T 51.6% @y, B0 T HALse2urml A s, H
SRR ITEM Y. TERIRRITEERDY, DeepSeek-Prover-V1.5-RL + RMaxTS DA
62.7% MBS, WAL TR ESEHKC, S EA SR T R S HEBTEEN
&, DeepSeek-Prover-V1.5-RL {75 3200 ¥ 52 RAUER AL SORAERI I AA 3 54.9% myidad 3, bk
T WG InternLM2-StepProver [ Zeibgi R (J5H AT T 64 x 3200 RMHE R A KT 54.5%) .

ProofNet ##lidh FRgg . #% E R T ProofNet K44 4% F e BIEBH 775 6 B 27 o
TE R SERSUE P AE B B R, PAMES & RMaxTS 1458 )5, DeepSeek-Prover-V1.5-RL fE# A
ProofNet 44 4 BIBUE T 22.6% F1 25.3% M2, X Seas SO T AT 10 B Se it s
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HiE SRR miniF2F-test
PR R EGE A R T ik
TheoremLlama [49] 128 33.6%
128 46.1% + 0.5%
DeepSeek-Prover-V1 [p3] 16 x 4096 50.0%
128 29.7% + 0.5%
DeepSeek-Prover-V1.5-Base 3200 39.2%
6400 42.2%
32 48.2% + 0.6%
64 49.6% + 0.7%
128 50.4% + 0.4%
DeepSeek-Prover-V1.5-SFT 3200 53.3% + 0.5%
4 x 6400 55.8% + 0.7%
16 x 6400 57.4%
32 50.0% + 0.5%
64 50.7% + 0.4%
128 51.6% + 0.5%
DeepSeek-Prover-V1.5-RL 3200 54.9% + 0.7%
4 x 6400 58.4% + 0.6%
16 x 6400 60.2%
WY& 7 ik
COPRA (Code Llama) [45] 1x 500 5.7%
COPRA (GPT-3.5) |45 1x60 9.0%
COPRA (GPT-4) [45] 1% 60 26.6%
Llemma-7B [§] 1x32x100 26.2%
Llemma-34B [f] 1x32x100 25.8%
ReProver [b3] - 26.5%
LLMStep [51] 1% 32 x 100 27.9%
GPT-f 35 64 x 8x512 36.6%
Hypertree Proof Search [23] 64 x 5000 41.0%
Lean-STaR [26] 641 x50 46.3%
InternLM2-Math-7B [5§] 1x32x100 30.3%
InternLM2-Math-Plus-7B [5§] 1x32x100 43.4%
1x32x100 48.8%
InternLM2-StepProver [52] 64 % 32 x 100 54.5%
1 %3200 53.5% + 0.4%
4 x 6400 56.3% + 0.3%
DeepSeek-Prover-V1.5-SFT 4+ RMaxTS 16 x 6400 59.0%
32 x 6400° 60.2%
1 x 3200 55.0% + 0.7%
4 x 6400 59.6% + 0.6%
DeepSeek-Prover-V1.5-RL + RMaxTS 16 x 6400 62.7%
32 x 64007 63.5%

# 1 | 7€ miniF2F-test a4 b S RAerEmxttt. £ p+ o R TFHMERE p fitriEzE
o. BIAEF A VLM, DeepSeek-Prover-V1.5-Base 45 H 5T 3-shot #£7~, [fj DeepSeek-Prover-
\/1EE§FT7$HZRIJ§§FH CoT #iX$E/R. fF5 T Fni MG TR IRIEER (GEL
5.
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REETH

ProofNet

KRS * RS ot
PR TR R T R
128 6.6%+£09% 9.7%+07% 7.5%+0.7%
DeepSeck-Prover-V1.5-Base 3200 10.8% 15.6% 13.2%
128 19.9% +04% 15.9% +0.6% 17.9% +0.3%
DeepSeek-Prover-V1.5-SFT 3200 20.7% £ 0.7% 21.0% +0.9% 20.9% = 0.6%
4 x 6400 22.2% 23.7% 22.9%
128 20.1% £0.5% 18.2% +0.5% 19.1% +0.4%
DeepSeek-Prover-V1.5-RL 3200 214% +£0.3% 22.0% +0.5% 21.7% +0.4%
4 x 6400 21.6% 23.7% 22.6%
Wk
ReProver [55] - - - 13.8%
InternLM2-StepProver [52] 1x32x100 - - 18.1%
1x3200 222%+0.7% 21.6%+0.2% 21.9% +0.4%
DeepSeek-Prover-V1.5-SFT 4+ RMaxTS 4 % 6400 23.8% 25.8% 24 8%
1x3200 22.0%+0.3% 21.5%+0.8% 21.8% +0.4%
DeepSeek-Prover-V1.5-RL + RMaxTS 4 % 6400 25 49 25.3% 253%

% 2 | 1 ProofNet Hise b 55 est k%t tb. * ¥EEE, ProofNet (B UESE H T8 B i
TR R

ReProver (13.8%) #11 InternLM2-StepProver (18.1%). 245¢%E B A il 2R B FR A 3200 ¥k
i}, DeepSeek-Prover-V1.5 Wik T 21.7% A& B, & M ET A I SCiE 7 InternLM2-StepProver
BT T 3.6%.

4.2. JOPrdi L IR RIS TR BLEER PEr P AT 2tk

FATHERHBCRAEBCE N FOBr L 7 2 IR ROR , 3R S BAR S Bk A AR BRI 5
R, DR, B R R LA K B RS B BUBR B A

BALE SRR T Sk E T UE R I 7 230 L2 ST R M S TR i ) X
WA, FeAI7E R SRR R R A0 5 00 68 P B (SFT) FORTASHEAT T XL o X HE5RDA
Wig Tt R r e B . DeepSeck-Prover-V1.5-RL 1EFA 4 AR B F I T SFT B,
TV A IR SR (CoT) 9. S5HRR RN, (ELIRALE TR BT S35 RMaxTS 2075
(R THE EAZH , i T DAYE— 545 & AR THAERE . ST 45 6 CoT #2771 RMaxTS, DeepSeek-
Prover-V1.5-RL £ miniF2F-test Fik2| T 62.7% WETE ., X—Maes SFT AL ZHT T
3.7%, 1R T H A S HERR FHIER A B e A R I TR 34 B

CoT. ik CoT iy Hems. FLAHE miniF2F-test K LXFH TR AE AR, de., E CoT
Ml CoT fotke. % B g iaml, Wz REEFUERN, CoT HIAHTFAE CoT ittt
HE— R . IR, FIAEIRTE T B AEEE AT A R E BRIERA B MR B AS AT REAF SR )
2 AR BRSNS B AR iy 58 85 RIE R, X PTRMR LR A 8 B BAMIE S
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DeepSeek-Prover-V1.5

o .
PR KA A ST RL
oot 4 % 6400 547%+04%  56.5%  0.5%

16 x 6400 56.1% 57.4%
- 1% 6400 558% < 07%  584% = 05%
ig\ CoT 16 x 6400 57.4% 60.2%
(2+2) x 6400 561% < 08%  583% = 0.6%
non-CoT 5 CoT (8+8) x 6400 58.2% 60.7%
(16 +16) x 6400 58.6% 61.1%
oL 4 % 6400 55.7%+0.6%  584% < 0.6%
16 x 6400 57.8% 59.4%
- 1% 6400 563% < 03%  59.6% = 0.6%
RMaxTS 16 x 6400 59.0% 62.7%
(2+2) x 6400 561% < 08%  60.0% = 0.8%
non-CoT 5 CoT (8 +8) x 6400 59.0% 63.1%
(16 + 16) x 6400 60.2% 63.5%

3| BRI RS, BERIT LM RIA BTN R AR . S5 2RAE miniF2F-test
Hllide EHATIPAL

fE CoT T, MR w FRUE P SR (LRI e B AR G 3225 MiEdE CoT BixR, #
BURERS M T Lean i G AR ALk Lean [ SALHLH] N Al AL B THE L. Sy 1 F LK LE40
5, BAOTRIN T —FRA %N (65 B PAFIEH non-CoT & CoT), 4L REEHIAHL
CoT KL, Hopr Mgk CoT Bixle XA | F4R/R 1 fay LA SAEDE— B S THRA TIE I A4
PR TR I M K J7, 7E miniF2F-test Fik%| T 63.5% Hoidit . fepi H v, ®O1E
7 T Ut I A A BN [ D55 8 7 8 1 AL

4.3. RMaxTS Hyiiaiseis

WEERI S Y UCB.  FRAHI98 T RMaxTS i O ALk, ie., 23t @) s
SR NAE S il A 24 2K (H) gyt Prdn BEAER (discounted UCB) o FATE SEA— AR
WAER I bRIHE UCT 3% (Kocsis and Szepesvari, 2006) HZHF1h, fEZE LT, HRTEH
UCB RJihiksh. FFETRENE, BT RELARRMMEMIESZR, Frf UCB AU A8 (k&R
SR, BT SR R D Rk B e . B H SRR A R R, TR WTERIIE LT,
UCT (JC Rintrinsic) MWIPERBIRILEN 5 ISR B LK. Mok, FoA071%5 & T bR UCB1
(st () B4 UCB i RMaxTS, i RMaxTS (DUCB — UCB1), %550, #
A UCBL i) RMaxTS PEREEAHRR, 5 UCT (JC Rintinsic) M. X2HN UCB1 &
T T R FORRUEWE R RE (Auer et aly, 2002), HEifdetiA® L k. MHEZ T, Jrm
UCB fe s e 52 NFER A EAE 4%, B 1R Rintrinsic BI5 1 PE R MR B3 . X uEM
T A0 UCB #Ll 2T N2l SR SR 2R 1) AN 7

ERACIREAS B SIS FED Y U, JRATRE P ] AR S (5 B A AR R P B A 58
HACHH, AGI e A4 AR BIERIEARIBI (S S, IEP AL RS I St H X AR ZS 1 Y
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SRR miniF2F-test
4x 6400  58.4%+0.5%

57.0%

e
6.0% UL 16 x 6400 60.2%

M UCcT 4 x 6400 58.2% = 0.3%
@ 55.0% (% Rintrinsic) 16 x 6400 61.1%

A o400 RMaxTS$ 4x6400  58.6%+0.3%
S 54.0% —— RMaxTS (DUCB — UCB1) 16 x 6400 60.7%

RMaxTS (w/o state)

53.0% —  RMixTS (UCBL) RMaxTS 4x6400  584%+03%

—— UCT /o Rintrinsic) (TEREARARES) 16 x 6400 61.1%
52.0% w/o Tree Search 0 9,

RMaxTS 4 x 6400 59.6% iOO.6 Yo

0 1600 3200 4800 6400 16 x 6400 62.7%
Sample Budget

5| 054 RMaxTS ST HOBBE IS . 5004 miniF2P-test HURGE LT, i
H AT CoT ) DeepSeek-Prover-V1.5-RL., ZAHIMRJER T 6400 KA BEEA N PassQK
R 2. AR T KA RIS R.

WAL, WK B R3] S S THER (R %, RATVER T RMaxTS HHAJE IR
SR PO HEAT IR A T AR T ) A (5 B 93, 761 B #ritl RMaxTS (without tactic
state) . GERFH], TENCA ARG Z BAOROLT | B HE AR T AR T AR,
H TR AL A B R AT o 3™ T 20 R S 1 2 M S 2R 0 1 T LR T4
RS R T HU (A R HERTRE AR

5. G5k, MRS ACK T

FAEE T DeepSeek-Prover-V1.5, iX@&—MHA 70 LS HINIESHAL, 1E Lean 4 1
A EFEUEAT S M T Fra AL, DeepSeek-Prover-V1.5 PA DeepSeek-Prover-V1.5-Base
FHIIRACEERY, 5 L T RE A BEE R R E XS DeepSeekMath-Base 7B 47T
TNY . FATE— 2P Lean 4 AU AN SRS AT T MBI, &80 4R 55
K H &N EEEGE R 2 ER. FiE, RATRA GRPO iR L b s~ R4 T 58 B
UERAR A ERE /). FETF % DeepSeek-Prover-V1.5 AU ELG [, FAT5IAT RMaxTS (—Fh5¢
FrRIEWERIER) |l BA T IZ R REN KA FOR 2T MR RE ). X e 41 F4y
BT AT NG TROE SRR B FRYSE B K L, DeepSeek-Prover-V1.5 % T
DeepSeek-Prover-V1 BUf5 7 B 14871

DeepSeek-Prover-V1.5 FHESL B 75 A TE A Ak E BHHIEWTEE 7. — 4288l AlphaZero ik k.
R LS A R B R W TSR A2 S A O U TR R, SRR I ML AT 2 R A
PAFRAEIASE IS . AEsi AL IR, SR A RS C ioE WA 4 3 A e S Bk N\ 265
P B AW A R0 (Silver et all, 2016; Fawzi et all, 2022; Lutz et all, 2023). FEJF &
DeepSeek-Prover-V1.5 fyad e, FRATME T iR ib2= > WIRE 1, 5IA RMaxTS PAZHEALIIE
WP BRE AR AT, R, Fenleub RN, G FHRE. — MR BRI W)
WG MR FRAOE AN 2 B IR A 09 A I 2R 43 5. MSRER A IR A A 18 28 2
B H A THE 5 40 BC (Sutton, 1984), RiiERAZR B S g B 28 B9 E 25 57 (Arjona-
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Medina et al;, 2019). % H TR MRS AES | F R ITFE ZEILE — B X EZ H
FEIEPk A A8 (Ng and Russell, 2000; Sorg et all, 2010), {HASHE—E015.

o, IR TAREAFRRT AR B B, i i e 1) AL PRAZ i) 22 5 Y Lean SCIF Y
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AL UEWIM AR ERE Y R R R R

TEARFTHR FRATE/R THN aime_ 1983 p9 (3K H miniF2F FEHAEME (Zheng et al), 2022) ft)—
GH ) 1A st S B sEE s R B A IER . AT, SCR A TATIN LaTeX
Fir. BAE, PUFRIERERE BN sE Bk B AR B R 191 -

N

Complete the following Lean 4 code:

““lean4
import Mathlib

import Aesop

set_option maxHeartbeats O

open BigOperators Real Nat Topology Rat

/-- Show that 9l sin’x+d 5 >12 for O<x<m.-/

X sinx

theorem aime_1983_p9 (x : ) (h : 0 < x x < Real.pi) :
12 (9 * (x ~ 2 * Real.sin x ~ 2) + 4) / (x * Real.sin x) := by

i

rw [le_div_iff (mul_pos h .1 (Real.sin_pos_of_pos_of_lt_pi h .1 h .2))]

nlinarith [mul_self_nonneg (3 * x * Real.sin x - 2)]

Bk, MT%%%%&F&fT*Wﬁ%Eﬁ%iW ZLUERH o A T S AL
SRR B (RIS B ) . BB SR 0 A — BOEAEREATAOE LT,
X%Wﬁ~4&ﬁﬂ,ﬂ$ﬂ%TL%n4&%% (] F) F R AR AR o S AR B A S A 2%
R A BTG | R 58 Al

o\

Complete the following Lean 4 code with explanatory comments preceding each line of

code:
““lean4
import Mathlib
import Aesop
set_option maxHeartbeats O

open BigOperators Real Nat Topology Rat
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/-- Show that % >12 for O<x<m.-/

theorem aime_1983_p9 (x : ) (h : 0 < x x < Real.pi)
12 (9 * (x = 2 * Real.sin x ~ 2) + 4) / (x * Real.sin x) := by
/-
To find the minimum value of géfggfié

least 12. We start by noting that the expression can be rewritten using the

for 0 <x <m, we need to show that it is at

division property of inequalities. We then use the fact that sinx and x are
positive in the given range to establish the necessary inequalities. Finally, we
apply these results to conclude that the minimum value is indeed 12.
-/
-— We start by ensuring that the product x*sinx is positive in the given range.
have h : 0 < x * Real.sin x := by
apply mul_pos
-- x is positive in the range (0,7).
exact h .1
-- sinx s positive in the range (0,7).
exact Real.sin_pos_of_pos_of_1lt_pi h.1 h .2
-- Using the division property of inequalities, we rewrite the expression.
rw [le _div_iff h]
/- tactic state:
X :
h : 0<x x<
h : 0< x * x.sin
12 % (x * x.sin) 9 % (x ~ 2 *x x.sin =~ 2) + 4

-/

B

-- This is equivalent to showing that 9x?sin’x —12xsinx+4 > 0, and the left-hand
side can be rewritten as a perfect square (3xsinx—2)2.
-- We use the fact that (3xsinx—2)? is non-negative to establish this.

nlinarith [sq_nonneg (3 * x * Real.sin x - 2)]

TEIR B, IEARN AR T e AR S PRI ARk K, e, IR —1TH9A
X 12(xsinx) < 9(x2sin?x) +4, B 5B H . 9x?sin®x — 12xsinx +4 > 0 [, 1EH
YL AR 0y BE, RFZEMFGEXES 58 2V WA AR G, AT 58 BRIE
.
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B. MiniF2F-test }8i H Bl

AR YERE (non-CoT) K5 H4eeE (CoT) BEFRIA RIS ML EAME, Filfeft
T3k CoT Bl g CoT B R IMIKRG], RZIRK.

B.1. JE CoT AT CoT BisXiyilis

theorem induction_pordilplon2powkltbon2 (n : ) (h : 0 < n)
(IT k in Finset.Icc 1 n, 1 + (1 : ) /2 "~ k) <5/ 2 :=Dby
rw [Finset.Icc]
simp_all [Nat.succ_le_iff, Nat.one_le_iff_ne_zero]
have h : 0 < 2 7 k := by apply pow_pos <;> norm_num
norm_num
have h : (2 : ) O := by norm_num
field_simp
rw [div_1t_div_iff]
ring_nf
norm_cast
nlinarith
all_goals norm_cast

all_goals linarith

theorem imo_1960_p2 (x : ) (b : 0 1+ 2 *x) (b : (1 - Real.sqrt (1 + 2 * x)) ~ 2

0)
(h : 4 *xx~ 2/ (1 -Real.sqrt (1 +2 *xx)) ~2<2*xx+9) :-(1/2 x x<
45 / 8 := by

norm_ num at h h h
have h : 0 1 + 2 * x := by linarith
have h : 0 < 1 + Real.sqrt (1 + 2 * x) := by
nlinarith [Real.sqrt_nonneg (1 + 2 * x)]
have h : 4 * x 2/ (1 - Real.sqrt (1 + 2 * x)) -~ 2 < 2 * x + 9 := by linarith
have h : 1 - Real.sqrt (1 + 2 * x) O := by
intro h
apply h
nlinarith
have h : 4 * x = 2/ (1 - Real.sqrt (1 + 2 * x)) =~ 2 = (1 + Real.sqrt (1 + 2 * x))
~ 2 :=by
field_simp [h]
nlinarith [sq_sqrt (show O 1 + 2 * x by linarith)]
rw [h] at h

constructor <;> nlinarith [sq_sqrt (show 0 1 + 2 * x by linarith)]
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B.2. CoT EEAMLTHE CoT AR

theorem mathd_algebra_459 (abcd: ) (th :3*xa=b+c+d (h :4*xb=a+ct+t

d)
(h :2*xc=a+b+d) (h : 8*a+10 b+ 6 *c=24) : td.den + d.num = 28
:= by

/-

Given the system of equations involving the times that Anna (a), Bertram (b), Carli
(c), and David (d) can hold their breaths:

1. 3a=b+c+d

2. 4b=a+c+d

3. 2c=a+b+d

4. 8a+10b+6¢c =24

We need to find the sum of the numerator and the denominator of the fraction
representing David's time in minutes, simplified to its lowest terms, and show
that it is 28.

First, we solve the system of equations step by step:

- From the first equation, we can express d in terms of a,b, and c:
d=3a-b-c

- Substitute d into the second equation:
4b=a+c+Ba-b-c)
Simplifying, we get:
4b=4a->
5b =4a

_ da
b_5

- Substitute b into the third equation:
4
2c=a+%5 +@Ba-b-c¢)
Simplifying, we get:
2c=a+%“+3a—%—c
2c=4a-c

3c=4a

_da
€=3

- Substitute b and ¢ into the fourth equation:
4 4da ) _
8a+10 (%) +6(%) = 24
Simplifying, we get:
8a+8a+8a=24

24a =24
a=1
Now, we find b and c:
_4a _ 4
~b=%5=3
— e—4a_14
=373

Finally, we find d:
d=3a-b-c=3.1-%_4_3_4_4_45_12_220_1
d=3a-b-c=3-1-5-3=3-5-3=33-"(5"15-1
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The fraction %% is already in its simplest form, and the sum of the numerator and

the denominator is:
13+15=28
=/
have h : a =1 := by
have h : 8 *xa+ 10 * b+ 6 * ¢ =24 :=h
have h : 24 * a = 24 := by
-- Solve the system of equations to find the value of a
linarith
exact mul_right_cancel (show (24 : ) O by norm_num)
(by linarith)
have h : b =4/ 5 := by
-- Solve for b using the value of a
linarith
have h : ¢ =4/ 3 := by
-- Solve for c using the value of a
linarith
have h : d = 13 / 15 := by
-- Solve for d using the values of a, b, and c
linarith
—-— Sum the numerator and the denominator of d
norm_num [h ]

<;> rfl

theorem numbertheory_xbneqy2p4 (x y : ) : x ° 5 y =~ 2+ 4 := by

/-

To show that for any two integers x and Yy, x5#=y24-4, we can use modular arithmetic
to demonstrate that the equation x° =y?+4 (mod 11) has no solutions.
Specifically, we will consider the possible values of x and y modulo 11 and show
that none of these combinations satisfy the equation.

-/

—-- Use modular arithmetic to show that the equation has no solutions modulo 11.

have : =(x 5 % 11 = (y =~ 2 + 4) % 11) := by

-— Consider all possible walues of = modulo 11.

have : x 411 =0 x %11 =1 x% 11 =2 x% 11 =3 x%11 =4 x% 11 =25
xh1l=6 x%11=7 x%11=8 x%11=9 =x7% 11 =10 := by
omega
-- Consider all possible walues of y modulo 11.
have : y %11 =0 y%11=1 y%h11 =2 y%11 =3 yii11=4 yi 11 =25

yhil =6 y %11 =7 y%11 =8 y %11 =9 y % 11 =10 := by
omega
-= For each combination of = and y modulo 11, check <f the equation holds.

rcases this with (h | h|h |h |h |h |h |k |h|h]|h <>
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rcases this with (h' | h' | h' | h' | h' | h' | h' | h' | h' | ' | h') <>
simp [h, h', pow_succ, Int.mul_emod, Int.add_emod]
-— Use the result from modular arithmetic to conclude the theorem.

omega

theorem amc12_2000_p12 (amc : ) (h : a+m+ c = 12)
a*m*xc+ax*xm+m*c+axc 112 := by

/-

Given nonnegative integers A,M, and C such that A+ M+C =12, we need to find the
maximum value of A-M-C+A-M+M-C+A-C.

To solve this, we can use the fact that the expression A-M-C+A-M+M-C+A-C is
a polynomial in terms of A,M, and C. We can try different values of A,M, and C
that sum to 12 and compute the value of the polynomial for each combination. The
maximum value of the polynomial will then be the solution.

-/

-- We use a lemma that states if the sum of three numbers is less than or equal to
a certain value, then the product of these numbers is also less than or equal to
a certain value.

have h : a 12 m 12 ¢ 12 := by
constructor
- —— Since a + m + ¢ = 12, a cannot be greater than 12.

omega
- constructor
- —— Similarly, m cannot be greater than 12.
omega
- —— And c cannot be greater than 12.
omega

-- Using the lemma, we compute the wvalue of the polynomial for different values of
a, m, and c that sum to 12.

cases' h with h _left h _right

cases' h _right with h _middle h _right

-- We use interval_cases to try different values of a, m, and c.

interval_cases a <;> interval_cases m <;> interval_cases c <;>
-—- For each combination, we compute the wvalue of the polynomial and check if it
1s less than or equal to 112.

simp_all (config := {decide := true})
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