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1. Introduction of LLM Reasoning
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Chain of Thought

(a) Few-shot

Q: Roger has 5 tennis balls. He buys 2 more cans of tennis
balls. Each can has 3 tennis balls. How many tennis balls does
he have now?

A: The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A

CoT: Chain of Thought, “Let’s think step by step”.

(b) Few-shot-CoT

ﬁ Roger has 5 tennis balls. He buys 2 more cans of tennis
balls. Each can has 3 tennis balls. How many tennis balls does

he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6

tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A

(Output) The answer is 8. X

(c) Zero-shot

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: The answer (arabic numerals) is

(Output) The juggler can juggle 16 balls. Half of the balls are golf
balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are
blue. So there are 8/2 = 4 blue golf balls. The answer is 4. v/

(d) Zero-shot-CoT (Ours)

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: Let’s think step by step.

(Output) 8 X

. >4

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls
\\are blue. That means that there are 4 blue golf balls. v

Figure: Prompting Chain of Thought.
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OpenAl-O1, DeepSeek-R1.

Question: If a > 1, then the sum of the real solutions of va — Va +x = x is equal to

Response: <think>
To solve the equation va — Va +x = x, let’s start by squaring both - - -

2
(Va—va+x) =x* = a-vasx =+

Rearrange to isolate the inner square root term:

(a-x)?=a+x = a®-2ax?+(x)?2=a+x = x*-2ax?—x+(a®2-a) =0

Wait, wait. Wait. That’s an aha moment I can flag here.

Let’s reevaluate this step-by-step to identify if the correct sum canbe - - -
We started with the equation:
Va-+Va+x=x

First, let’s square both sides:
a-Va+x=x2 = Va+x=a-x
Next, I could square both sides again, treating the equation: - - -

2

Figure: The “Aha Moment” observed by DeepSeek-R1.
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Why can DeepSeek-R1 succeed? (1/2)

® Reinforcement learning based on the base model (with warm-up).

o Reflection behaviors in the base model.

A tale of two models: Qwen 2.5 3B and Llama 3.2 38

Let's start with the sum of the largest wo ) owen

b e S e
e T e w167 - o
/75w casos 1 Thts o 3516
AVR b e 0% 2
fu Tl ives us 167 - 106 which equsis 000
o Tt o 30 Loy oy 84 372 e
i his Gves us 156117 whicn 8
e 39 T s coreet on

841 the diference between 108 and 34 o0 § “ o« o W m

<anower> (4 36/ 108 </answer> RUSteps

A contrast in behaviors explored by the two models sz‘

Verifications Subgoal Setting

“Let me check “Let's try to get to a s

my answer ..." multiple of 10" 3
o
2.

Backtracking Backward Chaining H

“Working backwards, 24
is 8 times 3"

“Lets try a different
approach, what if we ..."

RL'steps

Priming with behaviors reduces performance gap

Primed Lama

g

average count

score

" RUsteps” * Risteps

b)

Query, Though,

response length

35 Openwebtatn

Filterfor behaviors

RUsteps

x

no behaviors shown

average count

" RLsteps

We can curate a continued pre-training set so that
Llama shows similar improvements to Qwen

score

RLsteps
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Why can DeepSeek-R1 succeed? (2/2)

What else?

AIME 2024 MATH-500 GPQA Diamond LiveCodeBench
Model pass@l cons@64 pass@1 pass@1 pass@1
QwQ-32B-Preview 50.0 60.0 90.6 54.5 419
DeepSeek-R1-Zero-Qwen-32B 47.0 60.0 91.6 55.0 40.2
DeepSeek-R1-Distill-Qwen-32B  72.6 83.3 94.3 62.1 57.2

Table: Comparison of distilled and RL Models on Reasoning-Related Benchmarks.

Rethink the position of academia in the development of LLM.
Rethink our position in academia.
“The Role of Computing Resources in Publishing Foundation Model Research”
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An Overview

What are the techniques that can boost LLM Reasoning?
e Supervised Fine-Tuning (SFT) based methods: data is the key.
® Human Annotation, LLM Distillation.
® Self-Evolve: Reject Sampling Fine-tuning.
¢ Reinforcement Learning (RL) based methods:

® Data: Filtering by Difficulty, Curriculum Learning.

® Pipeline: Reinforcement Learning with Human Feedback (RLHF)&Reinforcement
Learning with Verifiable Reward (RLVR), Process Reward Model (PRM)&Outcome
Reward Model (ORM).

® RL Algorithm: Proximal Policy Optimization (PPO), Group Relative Policy
Optimization (GRPO), REINFORCE++.

® Direct Preference Optimization (DPO) and its variants, e.g., lterative DPO, Step
DPO.
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Human Annotation and LLM Automation

Question

What is the
100th term
of the
arithmetic
sequence

6, 10, 14,
18, ...?

I The common
I difference
is 10-6=4

1
- ————-

— e

Answer

Outcome

Process

&a;

Human

» Comparative
analysis

(ORM)

High cost
Small scale

* Manual labeling
* Collaborative
verification

—— e =

Automated

* External LLM
* Error correction
* Multi-agent collaboration

Low cost
Large scale

* External LLM
* Random simulation
* MCTS simulation
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Reject Sampling Fine-tuning

: Criteria:
Clabels >? ® Unsupervised:
---------------- > 1 .
T .y ® Semantic Entropy
- re_‘\ectior;\samp"ng c,i-r D) Confldence
) i verified . .
valdation ;‘ labels ® Supervised:
Function ® Ground Truth (math)
o et o e g ® Test Cases (code)
truth labels are available .
® Compiler (formal math)

e ]
J e Reward Model

P!'Dmpts LM (DeepSeek R1) CoT
syn‘the‘tic labels

XNDZ%H alx) - 1[a € H(x)] - log my(a|x) (1)

max JRFT 9)
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The GRPO Objective Function

For each question g, GRPO samples a group of outputs {01, 02, , 06} and maximizes
the following objective:

jGRPO(e) = E[q ~ 'D(Q)7 {Oi}iG:I ~ 7T6’a/d(0’q)]
G |oi]
1 1 ~ ~
< Z Z {min [r,-7t(9)A,-7t, clip(rit(0),1 —€,1+€)A; | — LDk [7r9H7rre,c]}
i=1 t=1

— |oi|

* A =R(o}) — < J-Gzl R(oj) is the advantage calculated based on relative rewards
within the group, not a learned value function.

® The KL-divergence penalty with a reference policy 7,r is added directly to the loss
to stabilize training, rather than being part of the reward signal.
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Algorithm Implementation

What are the probabilities, states, actions, and rewards in LLMs (consider token-wise
things)? How to implement them?

Example:

1| def compute_reward(r: Union[torch.Tensor, float], kl_coef: float, kl: torch.Tensor, action_mask:

Optional [torch.Tensor] = None, ) —> torch.Tensor:

2 # Step 1: Calculate the KL penalty term for each step (corresponds to —beta * KL_t).

3 kl_reward = —kl_coef * ki

4 # Step 2: Construct the sparse final reward. The goal is to create a tensor where the total

sequence reward 'r’' is placed only at the position of the last valid token.

5 eos_indices = action_mask.size(l) — 1 — \

6 action_mask.long (). fliplr().argmax(dim=1, keepdim=True)

7 last_reward = torch.zeros_like (kl)

8 last_.reward .scatter_(dim=1, index=eos_.indices , src=r.unsqueeze(1l).to(kl.dtype))

9 # Step 3: Add the KL penalty and the final reward to get the final token—level reward r_t.
10 reward = last_reward + kl_reward

11 return reward

Please refer to the source code of OpenRLHF for more details.
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https://github.com/OpenRLHF/OpenRLHF/blob/main/openrlhf/trainer/ppo_utils/experience_maker.py

Engineering Challenges

Packages: Ray, DeepSpeed, vlim ...
System Complexity

|':fJ' Micro-DP group [T]GPU &rank [| Model partition [P] Prompt [R] Response — — TP group|

\

]
IE (®)Training

PN . , \Gen_ Train ;
(DAl Gather  (2) Load prompts () Generate and (@ Partition weights
Model weights AllGather responses to train mode

Figure: 3D-HybridEngine workflow in VeRL.
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The RLHF Objective Function

We start with the standard RLHF objective, which is to maximize the reward while a
KL-divergence penalty prevents the model from straying too far from a reference model.

mEXEXND,yNﬂ(y\x) [r(x,y)} - BDKL [W(y ‘ X) H 7rl'6f(y ’ X)]

® r(x,y) is a (usually learned) reward function that scores how good a completion y is
for a given prompt x.
® 7. is a fixed reference policy (usually the SFT model).
® 7 is the policy we want to optimize.
® 3 is a hyperparameter that controls the strength of the KL penalty.
This objective seeks a policy 7 that balances getting high rewards with staying close to

Trref-

19/50



1. Introduction of LLM Reasoning
2. Training Techniques

2.4 Direct Preference Optimization (DPO)

3. Inference-Time Techniques

4. Automated Theorem Proving with Formal Language

5. Question & Answer

20/50



The Final DPO Loss Function

We can express the preference probability directly in terms of the policy 7g:

o (Yw | X) Blo mo(yi | x) )

p =y |x)=o0 IBIO
(YW Y ‘ ) < g ﬂ-ref(yw | X) 7Tref()// ‘ X)

Our goal is to find a policy mg that maximizes this probability over a given dataset of
preferences D = {(x, yw, ys)}. This is equivalent to minimizing the negative
log-likelihood, which gives us the DPO loss function:

To(Yw | X 7T X
Coro(rs ) = ~E(eyy-0 g (g T2 - g 0 )

This is just a simple binary cross-entropy loss that can be optimized directly with gradient
descent.
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3. Inference-Time Techniques
3.1 Agentic Methods
3.2 Search Methods
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Agentic Methods

Verbal Reinforcement Search Memory-based Reinforcement Agentic System Search

' N\ 7 N N
Reasoning -
i &
nree @) B & » B »Q —
Emulate Reflect Extract Environment N
Experiences Insights Concepts @ Multi-Agent
ActionS Feadback/ O
Proposal Reward C‘U E k
Environment E Mamary
Srore t i Retrieve . -Enhancing Module
& . LLM Agents ‘)
3 LLM Agents O '
@) °
Individual Agent  Multi-Agent Embodied Agent
» .- 0, Feednacka’ Actlan,f .- Prompt
" - ! \ Reward Proposal
Y S
— @ Environment
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Agentic Methods + SFT

Behavior Curation Pipeline

Question
I
LLMA
¥

)
)
)
J
]

Solution
Prompt

Question ][ Solution
I I
LLMA
¥
[ Reflection

Prompt

Question ][Solut ionJ[Reﬂect 1onJ
I I
LLMA
3
[ Behaviors

Behavior
Prompt

Behavior-conditioned

Behavior Handbook Inference

g

behavior_angle_sum

The sum of the interior angles of a triangle is 180 degrees. Use
this property to find the missing angle when two angles are
known.

behavior_lagrange_multipliers_tangency

Use Lagrange multipliers to find points of tangency between two
surfaces by setting their gradients proportional.

Behavior-guided Self-improvement

Behavior-
conditioned SFT SFT Data
SFT Data

Training

LLMC

Figure: Metacognitive Reuse: Turning Recurring LLM Reasoning Into Concise Behaviors



Agentic Methods (multi agen

( ?ﬁ ReasoningBank: a collection of memory items j : Title: Prioritize user account sections for personal data

Memol

!El‘ Item j : Description When a query requests user-specific...
l (i) Memory Retrieval (iii) Memory i Content: Systematically look for and click on links ...
Consolidation
Memory Extractor
x: experience/trajectory
— -E ‘ ? { <think>... | need to navigate to ...</think>
‘ (i) Memory @ Experience/Trajectory Z'{ __ ions click(188) </action>
Extraction ™Memory a?
Items Task g;: Tell me the status of my latest order and when it will arrive

q; Agent Py i

I I | | e
Task ¢, \’ Task g, 0 Task g; Task gy fme

Current i | Current
memory i | memory
...... o ; .
n )—> Trajn —Yl) N Mem . - HEES
T i :
Task Task A I I 7ot
gL it Task g; Task gy, ! Task g;
(a) Vanilla TTS (MaTTS w/o aggregation) (b) MaTTS - Parallel H (c) MaTTS - Sequential

Figure: Overview of ReasoningBank, Comparison of Different Kinds of TTS
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Search Methods: Tree of Thought

Majority vote

%/_/

a) Input-Output (c) Chain of Thought  (c) Self Consistency
Promptlng (19) Prompting (CoT) with CoT (CoT-SC)

(d) Tree of Thoughts (ToT)
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Search Methods

Reasoning via Planning

So

S1

az

S2

ST

Goal: orange on blue; yellow on orange

=M

Pickup orange
(r=0.6)

Question: How many pages should she read?

Hypothesis: True or false: Fae is unicellular

[ [
=M —H
\
\ Stack iton
blue
(r=0.9)
=HE
|

H=

(Plan Complete)

{
Fae is a feline.
Q1: How many pages (5) Each feline is
did Julie read today?
(r=0.7)
Q1: How ...Today? Q1: How ... read? Fae is a carnivore. Fae is a cat.
A1 24 A1: 30

\
Q2: How many pages
has Julie read till now?

(r=0.8)
Ql: ...
Q2: How ...now?
A2: 36

!

Q1: How... today?
A1:24

QT How ... tomorrow?
AT: 42
(Answer: 42)

(3) Carnivores are
mammals.
(r=0.8)

Fae is a mammal.

Fae is a not unicellular.

(False)

Figure: Reasoning with Language Model is Planning with World Model
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AlphaGeometry: An Olympiad-level Al system for geometry

AlphaGeometry is a neuro-symbolic system made up of a neural language model and a
symbolic deduction engine.

— Is "

A simple problem AlphaGeometry Solution

A

% Language model

Add a Not 8 D C

B C
construct --------- | solved

« Construct D: midpoint BC

Theorem premises: 2 a g
Let ABC be any triangle with AB=AC . i Solved | « AB=AC, BD=DC, AD=AD = ZABD= £DCA
Prove that angle (£) ABC= £BCA * Symbolic engine > . /ABD= #DCA, B C D collinear =

| ‘ | ZABC=£BCA

Figure: Given the problem diagram and its theorem premises (left), AlphaGeometry (middle) first uses its
symbolic engine to deduce new statements about the diagram until the solution is found or new

statements are exhausted. If no solution is found, AlphaGeometry's language model adds one potentially
useful construct (blue), opening new paths of deduction for the symbolic engine. This loop continues until
a solution is found (right). In this example, just one construct is required.
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AlphaProof 4+ AlphaGeometry 2: IMO 2024 silver madalist

Train

Formal
proofs

Informal Formal

problems Formalize problems Search

Formalizer Solver
network ~100M network
. AlphaZero .

Figure: Process infographic of AlphaProof's reinforcement learning training loop: Around one million
informal math problems are translated into a formal math language by a formalizer network. Then a solver
network searches for proofs or disproofs of the problems, progressively training itself via the AlphaZero
algorithm to solve more challenging problems.

AlphaProof is based on LEAN and Mathlib.
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LEAN

In 2025, ACM SIGPLAN Programming Languages Software Award was awarded to Gabriel Ebner,
Soonho Kong, Leo de Moura and Sebastian Ullrich for Lean, cited for its “significant impact on

mathematics, hardware and software verification, and Al”.

Iwn(l“ll““lﬂ” J{IH(H' ;

Figure: A dinner with Dr. Soonho Kong (left 1). Photographed by Dr. Zhizhen Qin.



LEAN Examples (1/3): Basic Proofs

Algebraic Identity

1
2
3

Inductive Proof

import Mathlib

theorem a_plus_b_squared (a b : Q

) (b1 : a -b=4) (h2 : a *
b=1) (a2 +Db) " 2=20 :=
by

calc
(a+b)"2=(a-b) " 2+4
* (a * b) := by ring
_=4 "2+ 4 %1 :=Dby rw
[h1, h2]
_ =20 := by norm_num

1
2
3

10

12

import Mathlib

theorem pow_two_ge_n_plus_one (n

:N) : 2" n>n+1:=by
induction n with
| zero => —— Base case: n = 0
norm_num —- Proves 1 > 1
| succ k IH => -- Inductive step
calc
2" (k+1)=2%2 "k :=
by ring
_>2%* (k+ 1) := by gcongr

_=(k+1+1) +k:=by
ring
> k+1+1

:= by linarith
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LEAN Examples (2/3): A Curious Case in R

1| import Mathlib

2

3| —— Disproof of the statement V x : R, (x ~ (1/3:R)) " (3: R) =x

4| theorem cube_root_cubed_is_false : = (Vx: R, (x " (1/3:R)) " (3:R) =x) := by
5| push_neg
6
7
8

—— Goal: ((—1:R)"(1/3:R)) " (3:R) #—1

9| —— Calculate (—1)"(1/3)

10| have hebrt: (—1:R) " (1 /3:R)=1/2:=hy

11 have h_neg_one_lt_zero : (—1 : R) < 0 := by norm_num

12 rw [Real.rpow_def_of_neg h_neg_one_lt_zero]

13 rw [Real.log_neg_eq_log 1, Real.log_one, zero_mul, Real.exp_zero, one_mul]
14 rw [mul_comm, <—div_eq_mul_inv, Real.cos_pi_div_three]

15

16| rw [hcbrt]
17| norm_num —— Proves (1/2)"3 # —1

The statement is false for real numbers. Lean finds a counterexample with x = —1. The
definition of real number exponentiation for a negative base, ‘Real.rpow_def_of_neg',
involves the cosine of 7 times the exponent. This leads to (—1)'/3 = cos(7/3) = 1/2.
Since (1/2)3 # —1, the general statement is disproven. This highlights the subtle pitfalls
of informal reasoning.
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LEAN Examples (3/3): Resolution in C

import Mathlib

w N e

theorem complex_cube_root_cubed_eq_self (x : C) : (x = (3 : N)7t : C)) -
(3 : N) =x :=by

4/ have h3 : (3 : N) # 0 := by decide

5/ exact Complex.cpow_nat_inv_pow x h3

In the complex plane, the identity holds true. The theorem ‘Complex.cpow_nat_inv_pow'
states that for any complex number x and any non-zero natural number n, taking the
principal n-th root and then raising it to the power of n returns the original number x.
The formal distinction between real and complex exponentiation is crucial, and Lean’s
type system enforces this rigor, preventing such errors.
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Formal Language v.s. Informal Language

many cases are there in wi the product of
natural numbers z, y, 2 is divisible by 10?

€3 Claude-3.5-Haiku Poe

Let's solve this systematically: 1 import Mathlib

1. For a product to be divisible by 10, it must have factors 2 and 5 3 def count_divisible_by_10 : N :=
2. In the range 1 to 6, the numbers are: 4 (finset.range 6).card » (finset.range 6).card » (finset.range 6).card
'1=12 6 def is_divisible_by_10 (x y z : W) : Prop :

7 xxyxz%10=
i ? 9 theorem count_cases_divisible_by_10 :
: Intermediate Steps ? o o e
Bt valid_numbers. filter (A x, valid_numbers.filter (A y, valid_numbers.filter (A z, is_divisible_by_10
.6=2x
X y 2)).card).sum = 135
3. To be divisible by 10, the product must contain:

- Atleast one 2
« Atleast one 5

-- Count the valid cases
14| have h : (finset.range 1 7).prod (A x, (finset.range 1 7).prod (A y, (finset.range 1 7).filter (A z,

- R is_divisible_by_10 x y z).card)) = 135,
4. Possible combinations: 5| { sorry }, - Proof goes here

+ One 5 and any other number(s) 16| exact h,

- One2and one 5 17 end

« Multiple ways to choose these numbers from {1,2,3,
. Counting method:
. Total ways to choose X, y, z = 6° = 216 (
- Ways divisible by 10 = Cases with 2 and 5 . LEAN
. Calculating: 1
I
I

o

)

Machine Checkable!
Whole proof v/

+ If 5is one of x, y, z: (3 choose 1) x (5 choose 1) x (5 choose 1) = 75
- If 2 and 5 are different numbers: (3 choose 2) x (2 choose 1) x (5 choose 1) = 60
7. Total cases: 75 + 60 = 135

The answer is 135. ~ ! N

Final answer v/

Figure: Left: Informal Language; Right: Formal Language. 37/50



The Potential of Formal Language Prover

translation (or paraphrasmg) of the various definitions, theorems, and exercises in
the textbook into Lean, thus allowing for an alternate way for students to work
through the text. It is also designed to gradually transition into the standard Lean
library Mathlib, thus also potentially serving as an introduction to that library as

well. SKIEEHFN e AARHT T AN
Further discussion at ter| v /05... SENAI%&BE

AXSHEANFREE AR
00 2R ©

Ya-Qin Zhang: Al can! Shing-tung Yau: Al can't!
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The Development

of Open-Source Provers in the Past Year

&8’
'KUﬂfn’aiProverfDB

Goedel- Prov,erfR'L‘

50.4
Goedel<Prover-V2-328
.

Kimina-Prover-728

&
_.--"T®05
DeepSeekarcver;ylsrTB'/
o -
50.0
‘ A5 ' B\ ’ A5 ‘ _30 ‘ A0 ‘ A5
4024-08 2025-0% 20050 20254 2005977 507

Release Date

Figure: Performance of SOTA open-source provers over time (pass@32).
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Achievements of Goedel-Prover-V2 - 1/2

NEw SOTA oN MiniF2F Small BuT Mighty #1 oN PutnamBench
o
—|-80A) Pass©@32 8B Z 671B #].
Our flagship 32B model Our small 8B model matches Securing the top rank on the
significantly outperforms the prior SOTA 671B model at PutnamBench leaderboard.
DeepSeek-Prover-V2-671B. Pass@32.
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Achievements of Goedel-Prover-V2 - 2/2

Performance on miniF2F on on MathOl
w (Pass@32) (Pass@32) (Pass@32) Model Solved Pass
Doepsock Prover V278 -
(=1} Dcﬂisnck Prover-V2-6718 70
=3 KiminaProver88 - _V2-
e Goedel-Prover-V2-328 64  Pass@64
g5 3 GoedelProver-v2.88 © (self-correction mode)
= GoodolProverV2:328 = ~ VI
o e o Goedel Prover-V2 328 57 Pass@32
o T 7 (self-correction mode)
% g% ] Goedel-Prover-V2-32B 44 Pass@32
z 88.1% g 44 g
8 3 3 Y
g 540 2% DeepSeek-Prover-V2-671B 47 Pass@1024
E 8 T 4 = DeepSeek-Prover-V2-671B 22 Pass@32
5 a24% 530 )
E E 50
£ 2 £ DSP+ 23 Pass@128
80 — o 20 a
" w0 Kimina-Prover-7B-Distill 10 Pass©192
75.6%
0 9
7 ﬂ ﬂ H Self-play Theorem Prover 8  Pass@3200
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Figure: Pass.@32 performance on MiniF2F, PutnamBench, and Table: PutnamBench leaderboard.
MathOlympiadBench.

Goedel-Prover-V2-32B secures the top
rank with significantly less compute.
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Expert Iteration & RL: Formalizing problems, generating and verifying proofs, with
supervised fine-tuning and reinforcement learning.

Input Rollout
1) Vanilla RL i Task Question
(1) Vanilla Single-Tas “esH - Unverifable

(2) Tool-assisted RL Inefficient Question Tool Using Feedback
Multi-Task Cucsten
Efficient

(3) Ours {

Verifable
Proposal 1 Error Info. Proposal 2

Figure: Our RL Pipeline, compared with vanilla and tool-assisted RL.
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Scaffolded Data Synthesis: Implementing intermediate-difficulty problems that provide
denser training signals.

Informal Statements Generation ! Formalization and Quality Checking Negation and Difficulty Filtering

i : LLM: Judge
Informal/Formal : Formalizer | correctness and
statements H ' | simplicity
1 yes Wrong
| problem?

V \E.s no Correct [ Negation
syntax?

Lm: LLM: : | :
simpler problems harder variants %{) yes
LLM: Check —
formalization

quality

|

no Align with _'_ f |
. informal H orma
. H statements

Figure: Scaffolded data synthesis pipeline.

informal
statements
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Verifier-Guided Self-Correction: Our model uses Lean

iteratively correct its own proofs.

tield_sinp (8, mul_comm, mul_assoc, Real.pi_ne_zero] at h
norm_cast at h
53| onega

have h6: cos (182 % 6) = - cos (2 x 6) = by
56|  have hh: 182 % 0 = 2 % 0 + mi= by

57 field_simp [6]

58 Uinarith

59| rw [hh]

60| simp

82| have b tan (58 o 8
63 have hh: = /2
field_simp [s]

Uinarith
T [hh, Real.tan_pi_div_two_sub, Real.tan_eq-sin_div_cos]
field_sinp

68

69| rw (7]

70| Llinarith|

72| field_simp [6]

76 theorem sine_sum_equals_tan (m : @) (he: 0 < m) (hy
Real.pi / 180)) = Real.tan (m x Real.pi / 180)) (h:
77w [sine_sum] at hy

Ik € Finset.Icc (1
< 90) :m.den + m.oum

y linarith [Real.pi_pos]
by “Urarith [Real.pl_pos]

have hst: 4n/ )<o by l)uauth
have h32: 0 < mxReal. by positivity
Tinarith

Latest flatnib V| % Examples &L load = |\
88 n/ 180 - 88 .
n Gt te °
¥ Messages (1)
v
Linarith failed to find a contradiction
vease hih
PR T™
fiNao = fun k >5£n(4‘vk'8)
e : v (k:R),4%k*n -4
gm0 e 0
ha : v (k:X),2%sin(4*k*8)*
gmAz'B)—smu-k'ﬂ)'(z‘sm
(2 *9)
-3 K € Finset.range 46, sin (4
cire)

compilation feedback to

3 i % (2% sin (2%0)) = cos (2% 0)
- cos (182 * 6)
= Ik € Finset.range 46, sin (4 *

nS :sin (246) %0
"6 : cos (182 * 8) = ~cos (2 * €]
: tan (88 * 8) = cos (2 * 6) / sin (2

af:S <cos (2%8)/sin(2%0)
+ False

=~ |Lean Feedback

» Al Messages (1) Restart File
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Model Averaging: Averaging trained models with the base model to restore diversity
and boost Pass@K performance.

Model
Average
< / Average\

46 /50



Scaling based on Goedel-Prover-V2

Thearen W_sare_ten_irrational -
Irrational (Real.sart ()

heoren R2_sart._ten_irrational
IsSauare (10 : 1)

Tieorea o ter i rrattonall: X
e
Target Theorem [/}

@ stop Subgoal Theorems
A=
Reasoner Reasoner
Target Theorem
&/ <2l
(1)\ Retriever &
I’E Useful Theorems (3)

Verified
Subgoals

Assembled Proof | (4)[Reasoner Extracted Subgoals
¢ )
-7

S o
© o i

Figure: Hilbert Prover (Current SOTA)
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5. Question & Answer
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Question & Answer

® \What are the main research directions, bottlenecks, and application fields of current
LLMs?

e Will there be major innovations in LLM technology routes?

® How can LLMs be made to understand specific contexts (such as irony and
implication)?

® How can undergraduates conduct research when lacking sufficient knowledge? How
to lay the foundation for research?
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Thanks!

Bohan Lyu
bohanlyu.com
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