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1. Focusing on the Right Metrics Without Bias is Crucial

2. Looking Beyond the Score Reveals Hidden Nuances

3. What We Measures Shapes What We Build
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Timeline

June 2020 - GPT-3
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Timeline

June 2020 - GPT-3

...then Codex, Copilot, InstructGPT
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InstructGPT

User: Tell me about when Christopher Columbus came to the US
in 2015

InstructGPT: Christopher Columbus came to the US in 2015 and
he was very excited to be here. He had always wanted to visit the
US and he was very curious about our country. He was very
impressed with our country and he enjoyed his time here.
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November 2022 - ChatGPT

User: Tell me about when Christopher Columbus came to the US in 2015

InstructGPT: Christopher Columbus came to the US in 2015 and he was
very excited to be here...

ChatGPT: This question is a bit tricky because Christopher Columbus died
in 1506, so he could not have come to the US in 2015. But let’s pretend for
a moment that he did! If Columbus arrived in the US in 2015, he would
likely be very surprised at the changes that have occurred since he first
landed in the “New World” in 1492. For one, he would probably be shocked
to find out that the land he “discovered” was actually alreaqdly... .
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Timeline

June 2020 - GPT-3
...then Codex, Copilot, InstructGPT

November 2022 - ChatGPT (GPT-3.5)

only 4 months!
March 2023 - GPT-4
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Sparks of Artificial General Intelligence:
Early experiments with GPT-4

Sébastien Bubeck Varun Chandrasekaran Ronen Eldan Johannes Gehrke
Eric Horvitz Ece Kamar Peter Lee Yin Tat Lee Yuanzhi Li Scott Lundberg
Harsha Nori Hamid Palangi Marco Tulio Ribeiro Yi Zhang

Microsoft Research
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Figure 1.3: We queried GPT-4 three times, at roughly equal time intervals over the span of a month
while the system was being refined, with the prompt “Draw a unicorn in TikZ”. We can see a clear
evolution in the sophistication of GPT-4’s drawings. 8



Benchmark GPT-4 GPT-3.5

Evaluated Evaluated
few-shot few-shot
MMLU 86.4% 70.0%
Multiple-choice questions
in 57 subjects (professional
& academic)
HellaSwag 95.3% 85.5%

Commonsense reasoning
around everyday events

Al2 Reasoning Challenge (ARC) 96.3% 85.2%
Grade-school multiple

choice science questions.

Challenge-set.

WinoGrande 87.5% 81.6%
Commonsense reasoning
around pronoun resolution

HumanEval 67.0% 48.1%
Python coding tasks

DROP (f1 score) 80.9 64.1
Reading comprehension &

arithmetic.
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1. Focusing on the Right Metrics Without Bias is Crucial

2. Looking Beyond the Score Reveals Hidden Nuances

3. What We Measures Shapes What We Build
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CRUXEval

Code Reasoning, Understanding,
and Execution Evaluation

Alex Baptiste Hugh Armando Gabriel
Gu Roziere Leather Solar-Lezama Synnaeve
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CRUXEval

Input Prediction (l)

Find an input producing a given output

(code understanding + reasoning)

Output Prediction (O)

Execute the function on a given input

(code execution)

def f(string):
string_x = string.rstrip("a")
string = string_x.rstrip("e")
return string

# output prediction, CRUXEval-0
assert f("xxxxaaee") == 77
## GPT4: "xxxx", incorrect

# input prediction, CRUXEval-I
assert f(77) == "xxxxaa"
## GPT4: "xxxxaae", correct

13
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input

phi-1 A

phi-1.5 -
deepseek-instruct-1.3b -
deepseek-base-1.3b
starcoderbase-7b -
starcoderbase-16b A
phi-2 -

mistral-7b -
codellama-7b -
wizard-13b -
codellama-python-7b -
deepseek-instruct-6.7b -
mixtral-8x7b -
codellama-python-13b -
codellama-7b+cot
magicoder-ds-7b A
deepseek-base-6.7b -
codellama-13b -
wizard-34b -
codellama-python-34b -
deepseek-instruct-33b
deepseek-base-33b -
phind

codellama-34b -
codellama-13b+cot
gpt-3.5-turbo-0613 -
codetulu-2-34b -
codellama-34b+-cot
gpt-3.5-turbo-0613+cot -
claude-3-opus-20240229 A
gpt-40
gpt-4-turbo-2024-04-09 -
gpt-4-0613 A
claude-3-0pus-20240229+-cot
gpt-4-0613+cot -
gpt-40+cot

gpt-4-turbo-2024-04-09+cot A

B passl
T pass5

0.1

0.2 0.3

0.4

0.5 0.6
accuracy
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input

i . = ——
phplhllé ] ——— — B passl
deepseek-instruct-1.3b A = e [ pass5
deepseek-base-1.3b -
starcoderbase-7b - =—-—
starcoderbase-16b A =—-—
phi-2 - A l——
mistral-7b - —_——
codellama-7b - S
wizard-13b - =
codellama-python-7b - —
deepseek-instruct-6.7b - ——
mixtral-8x7b - =——
codellama-python-13b - =i
codellama-7b+cot -
magicoder-ds-7b A —-—
deepseek-base-6.7b - r—-—
codellama-13b - H—-—
wizard-34b - -
codellama-python-34b - =
deepseek-instruct-33b —=—_
deepseek-base-33b - -
phind -
codellama-34b - A=
codellama-13b+cot -t
gpt-3.5-turbo-0613 - S
codetulu-2-34b - =
codellama-34b+cot i
gpt-3.5-turbo-0613+cot - =-—
claude-3-opus-20240229 A i
gpt-40 T=——
gpt-4-turbo-2024-04-09 - i
gpt-4-0613 A =—
claude-3-0pus-20240229+-cot

—m—
—Em—
gpt-4-0613+cot - -
——
—m—

gpt-40+cot
gpt-4-turbo-2024-04-09+cot A

T T T T

0.1 0.2 0.3 0.4 0.5 Q' Qo S8 0.9
accuracy




GPT-4 + CoT Failures

def f(text, suffix):
if suffix == ’7:
suffix = None
return text.endswith(suffix)
assert f(’uMeGndkGh’, ’kG’) == 77
# GPT-4 CoT: True
# should be False

def f(num):
if O < num < 1000 and num != 6174:
return ’Half Life’
return ’Not found’
assert f(6173) == 77
# GPT-4 CoT: ’Half Life’
# should be ’Not found’

def f(text, repl):

trans = str.maketrans(text.lower(), repl.

<3 lower())
return text.translate(trans)

assert f(??) == ’luwer case’
# GPT4 CoT: ’lower case’, ’ow’
# could be ’lower case’, ’lwwer case’

def f(text):
string = 7’
for char in text:
string += char + char.lower()
return string
assert £(77) == ’llaallaakk’
# GPT-4 CoT: ’LAK’
# should be ’lalak’
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16




Function Anonymization

Original
def f(s):
nums = ''.join(filter(lambda c:c.isdecimal(), s))
if nums == '': return 'none'

m = max([int (num) for num in nums.split(',')])
return str (m)
assert £('01,001") == '1001"

Anonymized

def f£(x0):
x1l = '"'.join(filter (lambda x2: x2.isdecimal (), x0))
if x1 == "'':
return 'none'
x3 = max([int (x4) for x4 in xl.split(',")])
return str (x3)
assert £('01,001"'") == '1001"

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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No significant drop from anonymizing variable names!

Input Prediction

Output Prediction

Model Anonymized

Pass@1l Pass@5 Pass@l Pass@5

X 36.6% 48.0% 36.4% 43.5%

CodelLlama 7B v 37.5% 53.3% 34.0% 46.9%
A +0.9% +5.3% -2.4% +3.4%

X 39.0% 50.2% 38.3% 44.7%

CodeLlama 13B e 40.0% 55.8% 36.1% 50.6%
A +1.0% +5.6% -2.2% +5.9%

X 46.5% 57.4% 41.1% 47 5%

CodelLlama 34B v 48.0% 63.8% 39.1% 54.0%
A +1.5% +6.4% -2.0% +6.5%

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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Focusing on the Right Metrics Without Bias is Crucial

Previous Metric
New Metric

Function-level code
generation
(HumanEval, MBPP)

Code execution and
reasoning

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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SlopCodeBench ' @y &

Benchmarking How Coding Agents
Degrade Over Long-Horizon lterative Tasks

Gabriel Orlanski, Devjeet Roy, Alexander Yun, Changho Shin, Alex Gu, Albert Ge,
Dyah Adila, Nicholas Roberts, Frederic Sala, Aws Albarghouthi
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Iterative Evaluation

Checkpoint 1 Checkpoint 2 Checkpoint N
Search Python files; regex or exact Add structural pattern matching with
Add JS & C++ support.
rules. AST support.
AGENT
SEES ONLY: Spec 1 Empty Workspace SEES ONLY: Spec 2 Workspace 1 SEES ONLY: Spec 3 Workspace 2

WORKSPACE

HIDDEN FROM AGENT HIDDEN FROM AGENT
Correct G .00 C
Erosion —_— .4 E
Verbosity - LS \'" .28
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Iterative Evaluation

Checkpoint 1

Search Python files; regex or exact
rules.

AGENT

SEES ONLY: Spec 1 Empty Workspace

WORKSPACE

+ def find(root, rule):

HIDDEN FROM AGENT

Correct )
Erosion —_—
Verbosity - 15

Checkpoint 2 Checkpoint N

Add structural pattern matching with

Add JS & C++ support.
AST support.

SEES ONLY: Spec 2 Workspace 1

SEES ONLY: Spec 3

Workspace 2

HIDDEN FROM AGENT
C
E
\' .28
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Iterative Evaluation

Checkpoint 1

Search Python files; regex or exact
rules.

AGENT

SEES ONLY: Spec 1 Empty Workspace

WORKSPACE

+ def find(root, rule):

HIDDEN FROM AGENT

Correct )
Erosion —_—
Verbosity - 15

Checkpoint 2 Checkpoint N

Add structural pattern matching with

Add JS & C++ support.
AST support.

SEES ONLY: Spec 2 Workspace 1

SEES ONLY: Spec 3

Workspace 2

HIDDEN FROM AGENT
C
E
\' .28
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Task Example

Running example: code_search. The agent is tasked with building a CLI tool
for semantic source-file search, inspired by ast-grep, across five checkpoints:

C; - Python files only exact and regex matching. Establishes the core CLI contract.

Cs - Support for Javascript and C++.

C3 - AST-based pattern matching with metavariable capture.
C, - Selector rules and auto-fix functionality.

Cs - Add support for Go, Rust, and Java.

An agent that hardcodes language-specific logic at C; faces cascading rewrites at
C5 and Cf; one that builds an extensible parser interface does not.

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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Code Quality Metrics

Erosion: fraction of a codebase that consists of high
cyclomatic complexity functions

mass(f) = CC(f) x 1/SLOC(f)

Zfe}']l[cc(f) > 10] - mass(f)
Zfe]—“ mass( f)

Verbosity: fraction of redundant or duplicated code

|{ AST-Grep Flagged Lines U Clone Lines}|
LOC

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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Results

Solve Rates (%) Cost / Checkpoint (USD)
60 - =@= Core Iso == Strict g .
3 -
40 - —
2 - $1.67
i~ 0go S5 Sl
20 7 S ; Iso7zz 55 X
~
\ JUg ’ '
0 i $ = -;.*.—.—.g*_ 0 -
I I I I I I I I
Start Early Mid Late Final Start Early Mid Late Final

Solve rates decrease despite cost increase as
agents progress through SlopCodeBench tasks

26
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Code Quality Over Time

Anthropic Erosion

0.80 A

0.75 -

0.70 -

0.65 -

Start Early Mid Late Final

Sonnet 4.6

Anthropic Verbosity

0.50 +

0.45 +

0.40 -

Start Early Mid Late Final
wems Opus 4.6 === Opus 4.7 === GPT 5.3 Codex

OpenAl Erosion

0.5

0.4

0.7
i /

OpenAl Verbosity

0.50
0.45
0.40
0.35
0.30

Start Early Mid Late Final

T

T

T

—

Start Early Mid Late Final

GPT 5.4 === GPT 5.5

Code quality decreases as agents progress
through SlopCodeBench tasks
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Agents vs. Humans

:‘:1

Agent trajectories have higher verbosity and
erosion than human repository histories!

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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Focusing on the Right Metrics Without Bias is Crucial

Previous Metric New Metrics
Single-shot Tasks Iterative Evaluation

Correctness (via tests) Verbosity and Erosion

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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® InegMath

Solving Inequality Proofs with Large
Language Models

Pan Jiayi Luna Jikai Tony Alex James
Sheng Lyu Jin Xia Gu Zou

A
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IneqMath

Inequality proof problems reformulated into two verifiable subtasks

Find the largest C for all a,b>0:
a+b>C+vab

Bound Estimation

Determine the relationship for all a,b>0:
a+b? 2vVab

Relation Prediction

INEQMATH Testing Example 1: Bound Problem

Question: Letay,as,...,a, > 0suchthata; +as + ...+ a, < 1. Determine the minimal
constant C' such that the following inequality holds for all ay, as, . .., a,:
ay-as...an(l—ay—as —...—ay) 3

(a1 +a2+...+a,)(1—a1)(l—az)...(1—ap) _Cnn—l'

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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(00]
o

Accuracy (%)
[e)}
o

N
o

Soundness Gap

Proprietary reasoning LLMs

Open-source reasoning LLMs

Proprietary chat LLMs

Open-source chat LLMs

N
o

[ Answer Accuracy [ Overall Accuracy | go{ EEE Answer Accuracy | gg{ [ Answer Accuracy | gg{ EEE Answer Accuracy
68.0 72.0 71.5 [ Overall Accuracy [ Overall Accuracy [ Overall Accuracy
- s 60 601 s45 60
49.5 49.5 49.0
43.5
R | G 40- 40
44.5 47.5 I 46.0
1 201 20+ 201
6.0 5.0 2.0 3.5 3.0 2.5 2.5
Gemini2.5Pro 03 o1 Grok 3 mini DeepSeek-R1 QwQ-32B Grok 3 Gemini 2.0 Flash Qwen 2.5-72B Llama-4-Maverick

LLMs often guess the right answer, but their
step-by-step reasoning is unsound!
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Focusing on the Right Metrics Without Bias is Crucial

New Metric
ATEIDES b Overall Accuracy
Final-answer Accuracy (including proof

soundness)

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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€ The Counterfeit Conundrum

Can Code Language Models Grasp the
Nuances of Their Incorrect Generations?

Alex Wen-Ding Theo X. Naman Celine Koushik Armando
Gu Li* Olausson* Jain* Lee* Sen Solar-Lezama
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TEACHING LARGE LANGUAGE MODELS TO SELF-
DEBUG

Xinyun Chen' Maxwell Lin’> Nathanael Schirli' Denny Zhou!
! Google DeepMind 2 UC Berkeley
{xinyunchen,schaerli,dennyzhou}@google.com, mxlin@berkeley.edu

Self-Edit: Fault-Aware Code Editor for Code Generation

Kechi Zhang, Zhuo Li, Jia Li &, Ge Li; Zhi Jin*

Key Lab of High Confidence Software Technology (PKU), Ministry of Education
School of Computer Science, Peking University, China
{zhangkechi,lizhmq}@pku.edu.cn, 1lijia@stu.pku.edu.cn,
{lige,zhijin}@pku.edu.cn

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu

35



Given a list of distinct strings, check if

any two have the same length.

NN Same_length ( [“aa”, “b”, “CCC”, \\ddn] )
True

>>> same Jengeh([®a®, “"bb“, “ece”])
False

36
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def same length(s):
return len(list(set([len(i) for i in s])))

I= len(s)

def same length(s):
x = []
for i in range(len(s)):
for j in range(i+l, len(s)):
x.append(len(s[i]) len(s[3j]))

return True in x

Three Lessons from Evaluating Language Models on

same length(s):
[len(i) for i in s]

= set(1l)

if len(s) > len(1l):

return True

return False

easoning Tasks - Alex Gu
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def same length(s): def same length(s):

return len(s[0]) == len(s[1l]) if s == []: return False
for a, b in zip(s, s[1l:]):
if len(a) == len(b):

return True

return False

def same length(s):

for a in s:

for b in s:
if len(a) == len(b):
return True

def same length(s):
if len(s) < 2:
return False

return False

return True

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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def same length(s)
pass

def same length(s):
return -1

def same length(s):

return len(s) ==

if == []:
return False

def same length(s):
s =s +
s =s + +
s =s + s + s
s =s + s
s =s * s

def same length(s):
# write code here
# CODE YOUR SOLUTION

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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def same length(s): def same length(s):

return len(s[0]) == len(s[1l]) if s == []: return False
for a, b in zip(s, s[1l:]):
if len(a) == len(b):

return True
return False

def same length(s):
for a in s:

for b in s:
if len(a) == len(b):
return True

def same length(s):
if len(s) < 2:
return False

return True return False

counterfeit sample: incorrect code generated by a
model that passes weak correctness checks
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Samples (HumanEval) Samples (DS-33b) Samples (LeetCode)

80 - 80 - . 80 4
60 | 60 - . 60
X
40 A 40 - 40 A
20 20 A 20 A
Correct
- Counterfeit
M |ncorrect
0 T T T T T 0 T T T 0 T Ll T
CL-7b CL-34b SC DS-6.7b  DS-33b HumanEval LeetCode ODEX Easy Medium  Difficult
Data Model Benchmark Difficulty

counterfeits are prevalent across all models, datasets, and
difficulty levels!
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Generating Counterfeits

Datasets Models
HumanEval, LeetCode, ODEX: natural Sample at T=0.6 from various models
language to Python program (CodelLlama, DeepSeek-I, StarCoder)

' '

Counterfeit Filter

HumanEval: >10% of EvalPlus tests
ODEX: Passes ast .parse and under 500 characters
LeetCode: Wrong Answer verdict, filtering out crashed or hanging programs

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu




Code Understanding

Correctness Execution Program
Checking Prediction Repair

# Given a number, adds one def addOne (x) : # Given a number, adds one
def addOne (x) : if x <= 3: def addOne (x) :

if x <= 3: return x + 1 if x <= 3:

return x + 1 return x + 1 + X return x + 1
return x + 1 + x return x + 1 + x
assert addOne (5) == 27
Possible Answer:

Answer: Wrong Answer: 11 def addOne(x): return x + 1

@ AP’

43
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Accuracy (%)

100

80 -

60 -

40 -

20 -

Correctness Checking @@
ODEX, DS-33b

________________________________________________________

Overall Correct Counterfeit

CL-34b

DS-33b GPT-3.5 GPT-4
Eval Model

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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Accuracy (%)

100

80 1

60 -

40 -

20 -

Correctness Checking @@
ODEX, DS-33b

Overall Correct Counterfeit

models often classify
counterfeit samples as
correct!

GPT-4 is an exception!

CL-34b

DS-33b GPT-3.5  GPT-4
Eval Model

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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Execution Prediction {(@e) |
HumanEval, CL-34b \\{/

100
Correct
Counterfeit (Test-Passing)
Counterfeit (Test-Failing)
80 1
> 60 -
@
©
| -
o |
O
U}
<T 40
20 A
0

CL-34b DS-33b GPT-3.5 GPT-4

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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Accuracy

100

80 1

(o)}
o
1

N
o

20 -

Execution Prediction

HumanEval, CL-34b

Correct
Counterfeit (Test-Passing)
Counterfeit (Test-Failing)

models are much better at
predicting execution of
test-passing samples

CL-34b DS-33b GPT-3.5 GPT-4

47
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Accuracy

100

80 1

(o)}
o
1

N
o

20 -

Execution Prediction

HumanEval, CL-34b

Correct

Counterfeit (Test-Passing)
Counterfeit (Test-Failing)
Counterfeit (Test-Failing), Confused

models are much better at
predicting execution of
test-passing samples

CL-34b DS-33b GPT-3.5

GPT-4

48
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100

80 1

Accuracy

20 -

Execution Prediction

HumanEval, CL-34b

(o))
o
1

N
o

Correct

Counterfeit (Test-Passing)
Counterfeit (Test-Failing)
Counterfeit (Test-Failing), Confused

models are much better at
predicting execution of
test-passing samples

often, models hallucinate
the semantics of counterfeit
programs as correct ones!

CL-34b DS-33b GPT-3.5

GPT-4
49
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=
o

=
o)

2
o

&
I

=
N

average pass rate of repairs

=
o

Program Repair
LeetCode, DS-I-33b

re-sampling (y = x)
repair = resampling (41/46)
repair > resampling (5/46)

@ @

?
N bt ++ +ﬁ+¢+

.Q.* #3 L X ‘

0.00 025 0.50 0.75 1.00
problem pass rate
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o
I

=2
N

average pass rate of repairs

<
o

Program Repair
LeetCode, DS-I-33b B~

re-sampling (y = x)
repair = resampling (41/46) o ]
repair > resampling (5/46) repairing counterfeit

programs is generally even
harder than sampling from
scratch!

o @

?
W bt ++ w%

0.00 025 0.50 0.75 1.00

problem pass rate
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Focusing on the Right Metrics Without Bias is Crucial

Metric Bias Uncovered
Code Understanding Obviously incorrect
(correctness checking, programs vs. counterfeit

execution, repair) programs

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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o | iveCodeBench 2" g 1"

Holistic and Contamination Free Evaluation
of Large Language Models for Code

Naman Jain, King Han, Alex Gu, Wen-Ding Li, Fanjia Yan, Tianjun Zhang,
Sida Wang, Armando Solar-Lezama, Koushik Sen, lon Stoica
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LiveCodeBench

Holistic, time-indexed evaluation of algorithmic problems

2956. Find Common Elements Between Two Arrays

You are given two 0-indexed integer arrays numsl and nums2 of sizes n and m, respectively.
Consider calculating the following values:

e The number of indices 1 suchthat @ <= 1 < n and numsl1[i] occurs at least once in nums2 .
e The number of indices 1 suchthat @ <= 1 < m and nums2[i] occurs at least once in nums1 .

Return an integer array answer of size 2 containing the two values in the above order.

54
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Perform Holistic Evaluations

Problem Statement

You are given a positive integer
array ‘nums’. Return the total
frequencies of elements in

‘nums’ such that those
elements all have the
maximum frequency.

/ Code Generation

def count(nums):

freq = Counter(nums)

max = freq.values()

count = len([
k for k, v in
freq.items()
if v == max

1)

\\‘ return count

\

& @
AtCoder
User Solution
def count(nums):

freq = Counter(nums)
cnts = freq.values()
max_freq = max(cnts)

Input return (

cnts.count(max_freq)x*
nums = [1,3,3,4,4] ) wax Treg
/ Self Repair N Test Output Prediction Code Execution
Step1.3and4 h th
def count(nums): e count([1,3,3,4,4])==2?
freq = Counter(nums) maximgm frequeheies Ansis4

max = freq.values()
count = len([

4

k for k, v in
freq.items()

if v == max
1)

K return count XEmax J

Step 2. max frequency is 2
Step 3.2*2is4
Step 4.Ansis 4
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Time as a Control Knob :

511 problems selected in the current time window.You can change start or end date to change the time window.

We estimate cutoff dates based on release date and performance variation. Feel free to adjust the slider to see
the leaderboard at different time windows. Please offer feedback if you find any issues!

[ 5/1/2623 |  6/1/2024 ]
& J

Rank Model Pass@l v Easy-Pass(@l Medium-Pass@l
- -Sonn 57.1 88.4 55.9
GPT-40-2024-05-13 48.8 89.2 39.2
DeepSeekCoder-V2 45.9 82.7 37.5
1 GPT-4-Turbo-2024-84-09 43.9 81.5 34.5
2 GPT-4-Turbo-1106 38.8 80.3 24
3 Gemini-Pro-1.5-May 37 76.9 21.8
4 Claude-3-0pus 35.9 78.5 18.3
5 6PT-4-0613 35.6 75 21
Codestral-Latest 34.1 70.9 20.8
Qwen2-Ins-728 33.7 66.4 23.3
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Evidence of Contamination

i Code Generation Live Evaluation

= [S-Ins-33B s Gemini-Flash-1.5
GPT4 m— GPT4-O

80 1

GPT-40 Cutoff Date

DS-Ins Release Date

0+ : . . T . . . :
May Jun Jul Aug Sep Oct Nov Dec Jan Feb
LEETCODE Problem Release Month
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Focusing on the Right Metrics Without Bias is Crucial

Metrics

. Bias Uncovered
code generation, code

repair, execution, test Contamination
output prediction

58
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Focusing on the right metrics without
bias is crucial.

Right Metrics Without Bias
CRUXEval Counterfeit
SlopCodeBench Conundrum

InegMath LiveCodeBench

59
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1. Focusing on the Right Metrics Without Bias is Crucial

2. Looking Beyond the Score Reveals Hidden Nuances

3. What We Measures Shapes What We Build

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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CRUXEval

Input Prediction (l)

Find an input producing a given output

(code understanding + reasoning)

Output Prediction (O)

Execute the function on a given input

(code execution)

def f(string):
string_x = string.rstrip("a")
string = string_x.rstrip("e")
return string

# output prediction, CRUXEval-0
assert f("xxxxaaee") == 77
## GPT4: "xxxx", incorrect

# input prediction, CRUXEval-I
assert f(?77) == "xxxxaa"
## GPT4: "xxxxaae", correct

61
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output_passl

output@1l vs. HumanEval@1l

0.7 1
9ptde
0.6 -
0.5 | er3s
deepseek- deepseek-ins 338,
‘Qdella 348 izard_348B,
0.4 TS :1:'78 e Rcepsedk ins 78
o—-code—llama 7B . W-BB %hind_348
gtarcoder_168 B
mistral 4
0.3 4 starcoder_78
phil.5
phil
0.2 -
0.3 0.4 0.5 0.6 0.7 0.8

HumanEval@1l
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training
base
instruct
family
llama
gpt
other
deepseek
size

20

40

60

80
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output_passl

output@1l vs. HumanEval@l

0.7 1
apt4,
0.6 A
0.5 4 135
deepseek.. deepseek-ins 338,
‘gde-ua 348 izard_348B,
0.4 - TR :1:'78 e Qﬁeepse&k_insja
o—codt;lama 7B ) W-BB $hind_348
gtarcoder_168 B
hnistral 4
0.3 4 " starcoder_78
et
phil
0.2 A
0.3 0.4 0.5 0.6 0.7 0.8

HumanEval@1

+ B X O

training
base
instruct
family
llama
gpt
other
deepseek
size

20

40

60

80

Base models show
a correlation.
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output@1l vs. HumanEval@l

0.7
apt4,

0.6 1
—~ 0.5 1 $8Pt35
0
0
m '
Q'I deepseek.. deepseek:-m&_}}g._
bt '
3 ‘gﬁeuama_34B wizard_348B _
% 0.4 - godellama_138 “Geepseek 78 Q’;ﬁf’s:ik;:s—m
© &———— codellama_7B W-BB inc

gtarcoder_168
mistral 5
0.3 1 ~starcoder 7B
phil.5
phil
0.2 A1
1 1 T 1 I 1
0.3 0.4 0.5 0.6 0.7 0.8

HumanEval@1

+ B X O

training
base
instruct
family
llama
gpt
other
deepseek
size
20

40
60
80

Models distilled on GPT
data (WizardCoder, Phind,
Phi) do NOT perform better

than their base models!

64
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output_passl

output@1l vs. HumanEval@l

0.7 4
gptg(
0.6 A
0.5 - ﬁptBS
deepseek.. deepseek-ins_338,
‘gdeua 34B wizard 348
0.4 - T3 :]:-78 I Qieepseék_insja
o—codc;;lama 7B ) W—BB thnd_BdB
gtarcoder_lGB -
mistral 4
0.3 4 starcoder_78
phil.5
phil
0.2 A
0.3 0.4 0.5 0.6 0.7 0.8

HumanEval@1l
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+ 5 X 0

training
base
instruct
family
llama
gpt

other
deepseek
size
20

40
60

GPT-4 is a clear outlier!

80
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LiveCodeBench

¢ iy

AtCoder

Problem Statement

You are given a positive integer
array ‘nums’. Return the total
frequencies of elements in

‘nums’ such that those

elements all have the

maximum frequency.

/ Code Generation \

def count(nums):

freq = Counter(nums)

max = freq.values()

count = len([
k for k, v in
freq.items()
if v == max

1)

\\» return count

nums =

/ Self Repair \

J

—= def count(nums):
153 |= freq = Counter(nums)
E= max = freq.values()
count = len([
k for k, v in
x freq.items()
if v == max

1)
\\» return count

J

User Solution

def count(nums):
freq = Counter(nums)
cnts = freq.values()
max_freq = max(cnts)

Input return (
cnts.count(max_freq)*
[1’3,3’4’4] : max_freq

Test Output Prediction Code Execution

Step 1.3 and 4 have the
maximum frequencies
Step 2. max frequency is 2
Step 3.2*2is 4

Step 4. Ansis 4

count([1,3,3,4,4]1)==27
Ansis 4
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-t %

GPT-4-Turbo
GPT-3.5-Turbo
GPT-4
Gemini-Pro-1.5

*

*
*
*

Detecting Overfitting

LCB-Easy vs HUMANEVAL+

GPT-4-Turb:

+ *

j CodeQwen-Chat 7 sPT

N 801 v " Llama3-70B- Insgho¥e Claude-3-0

LTJ .. ‘; Gemini-Pro-1.5

e

< ‘ * ; Claude-3-S

601 ps-138 ®

2 v @

::D ‘‘‘‘‘ *C\aude—lns—l

c Llp

o 40 b DS-Base-6.7B DD

— SC2-Base-15B

@Cg DS-Base-1.38 Vv

=20

ol

20 40 60 80
PAss@1 on LCB-Easy

Gemini-Flash-1.5 Y Mistral-L © Command-R+ ]
Claude-3-O Mix-8x22B-Ins V LLama3-70b-Ins O
Claude-3-S © Phind-34B ¥V Llama3-8b-Ins o
Claude-Ins-1 MC-6.7B V  LLama3-8b-Base [

DS-Base-33B

DS-Base-6.7B
DS-Base-1.3B
SC2-Base-15B
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DS-Ins-1.3b
CodeQwen-Chat

67



Open Models vs. Closed Models

LivVECODEBENCH

GPT4-Turbo
GPT4
Gemini-Pro-1.5
Claude3-0O
Gemini-Flash-1.5
LLama3-Ins-70B
Claude3-S
Mix-8x22B-Ins
Mistral-L
Claude2
Claude-Ins-1
DS-Ins-33B
GPT3.5-Turbo
Phind-34B -
LLama3-Base-70B -
DS-Ins-6.7B A
LLama3-Ins-8B A
DS-Base-33B -
SC2-Base-15B -
CodeGemma-7b-Base -
DS-Base-6.7B
Mix-8x7B-Ins A
LLama3-Base-8B A
DS-Ins-1.3B -
DS-Base-1.3B

6.4

8.8

39.7
36.9
35.7
35.4
30.0
28.3
26.9
26.4
26.0

241

23.7
236 APl Access

22.6
21.0
20.1
19.1
15.3 Open Access
15.0
14.2
13.8
12.9
23
123

0

10

T T T T T T

15 20 25 30 35 40
PAass@1
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Looking Beyond the Score Reveals Hidden Nuances

Hidden Nuances
Overfitting to HumanEval
Open vs. Closed Models

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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The Counterfeit Conundrum

def same length(s):
for a in s:
for b in s:
if len(a) == len(b)

return True
def same length(s):

if len(s) < 2:

return False

return False

return True

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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Are different counterfeits different?

(Q1): Is it easier for models to understand counterfeit samples
from problems it finds easier?

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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Are different counterfeits different?

(Q1): Is it easier for models to understand counterfeit samples
from problems it finds easier?

(Q2): Do models perceive their own counterfeit samples
differently?

72
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(Q1): Is it easier for models to understand counterfeit samples
from problems it finds easier?

Correctness Checking

CL-34b DS-33b
100

o o e o

Ea‘sy Medlium Diffi'cult Ea'sy Medlium Diffi‘cult
CL-34b DS-33b

CL-7b Programs

Correctness Checking Accuracy

100

,; ol ol ol ol e

SC Programs
Correctness Checking Accuracy

Ea'sy Med'ium Diffi'cult Ea'sy Mec;ium Diff;cult
Problem Difficulty
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(Q1): Is it easier for models to understand counterfeit samples
from problems it finds easier?

Correctness Checking Execution

CL-34b DS-33b 100 CL:24b D3350

100

ST (KD

Ea‘sy Medlium Diffi'cult Ealsy Medlium Difﬁlcult
CL-34b DS-33b 100 CL-7b DS-33b

o e ol e e

504

CL-7b Programs
Correctness Checking Accuracy
CL-34b Programs
Execution Accuracy

Easy Medium Difficult Easy Medium Difficult

100

w
o
L

Execution Accuracy

CL-7b Programs

SC Programs
Correctness Checking Accuracy
w
o

o

Easy Medium Difficult Easy Medium Difficult Easy Medium Difficult Easy Medium Difficult

Problem Difficulty Problem Difficulty
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(Q1): Is it easier for models to understand counterfeit samples
from problems it finds easier?

CL-7b Programs

Correctness Checking Accuracy

SC Programs

Correctness Checking Accuracy

Correctness Checking

100

50

100

w
o

o

CL-34b

DS-33b

A

bl

Ea‘sy Medlium Diffi'cult
CL-34b

Ealsy Medlium Difﬁlcult
DS-33b

ko

R

Easy Medium Difficult

Easy Medium Difficult

Problem Difficulty
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CL-34b Programs

CL-7b Programs

Execution Accuracy

Execution Accuracy

100

50 A

100

w
o
1

Execution

CL-34b

DS-33b

Easy Medium Difficult
CL-7b

Easy Medium Difficult
DS-33b

Easy Medium Difficult

Easy Medium Difficult

Problem Difficulty

CL-1-34b Programs

DS-I-33b Programs

Repair Accuracy

Repair Accuracy

Repair
CL-1-34b DS-1-33b
100
751
50 4
25 A | | ‘
0 T T t T T T
Easy Medium  Difficult Easy Medium  Difficult
CL-I-34b DS-I-33b
100
75 4
50 -
254 { | |
Eavsy Med’mm Difﬂ‘(ult Ea’sy Mcd'lum lefi'cult

Problem Difficulty
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(Q2): Do stronger models generate harder counterfeit
samples?

Execution (HumanEval)

g 54.6%
CL-34b o No!

CL-7b 53.3%
Models of all strengths can

DS-33b 51.6% o
generate difficult
50.0% .
> counterfeit samples!
DS-6.7b 45.0%
(') 1|0 2'0 310 4l0 5'0 6'0

Avg Accuracy (%)
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Looking Beyond the Score Reveals Hidden Nuances

Hidden Nuances
Counterfeits are only weakly correlated with problem difficulty

All models generate similarly difficult counterfeits

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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/ LINC: A Neurosymbolic Approach for
Loglcal Reasoning by Combining Language
Models with First-Order Logic Provers

Theo X. Alex Benjamin  Cedegao E. Armando Joshua B. Roger
Olausson* Gu* Lipkin* Zhang*  Solar-Lezama Tenenbaum Levy

EmpiripaédMeihwods imMatusaldimgaurgedye sessngo Rk Rilgererabenibx 18, 2023



Logical Reasoning in Natural Language

.

A | Input |
Premise: ALl rectangles have four sides.
Premise: All four-sided things are shapes.
Conclusion: Are all rectangles shapes?

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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Chain of Thought (CoT)

Standard Prompting

/( Model Input \
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: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

- Model Input

do they have?

P

- Model Output
A: The answer is 27. x

Chain-of-Thought Prompting

\

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: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

i

Model Output

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 =9. The
answer is 9.

Chain-of-Thought Prom, tmg Elicits Reasonu&q in Larg? éargua%-:‘ Models, Wei et al., NeurIPS 2022
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LINC: Logical Inference via Neurosymbolic

Computation
4 | Input |
Premise: All rectangles have four sides.
Premise: All four-sided things are shapes.
Conclusion: Are all rectangles shapes?
. 4
* Language Model
| Sample 1
<PREMISE> all x. (rectangle(x) -> foursides(x)) </PREMISE>
<PREMISE> all x. (foursides(x) -> isshape(x)) </PREMISE>
<CONCLUSION> all x. (rectangle(x) -> isshape(x)) </CONCLUSION> )
+ Symbolic Solver
True l o1
Three Lessons from Evalu easoning Tasks - Alex Gu




LINC: Logical Inference via
Neurosymbolic Computation

Using LINGC, the difficulty is shifted
from faithful reasoning to
formalization!

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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Quantitative Evaluation

All rectangles have four sides.
All four-sided things are shapes.

Are all rectangles shapes? N
T

s
A A 4 A4
<EVALUATE> <EVALUATE> Lot <EVALUATE> i
NL: ALl rectangles have four sides. 2 NL: ALL Techh £ id
FOL: all 1 > f i di Since all rectangles have four : rectangles have four sides.
S EHL (GEESEIEEY) =2 dnlis e e)) : : : FOL: all x. (rectangle(x) -> foursides(x))
<EVALUATE> NL: ALl four-sided things are shapes. sides, and all four-sided things B 2 ; .
§ 7 NL: ALl four-sided things are shapes.
ANSWER: True FOL: all x. (foursides(x) -> isshape(x)) are shapes, then all rectangles EOL: all % (foirstdast) o Isshape(x))
</EVALUATE> EBL All?f atl rectangtes shapes? 5 must be shapes, so True! NL: Are all rectangles shapes?
ANSV.VER:a Tr\).(u; CEReranglet x> Sashapakd) ANSWER: True FOL: all x. (rectangle(x) -> isshape(x))
</EVALUATE> </EVALUATE> / </EVALUATE> /
#J
= string concatenation
ALl dogs are mammals. L 9 ]

Harry is a dog.
Is Harry a mammal?
<EVALUATE>

83
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Datasets

ProofWriter

Premises:

The cow is big.

The cow needs the dog.

The dog sees the rabbit.

The rabbit chases the cow.

The rabbit chases the dog.

The rabbit is big.

The rabbit sees the dog.

If the cow is blue and the cow needs the rabbit then the
cow needs the dog.

If the cow chases the dog then the cow sees the rabbit.
If something is big then it chases the dog.

Conclusion:
The cow sees the rabbit?

FOLIO

Premises:

Some fish may sting.

Stonefish is a fish.

It stings to step on a stonefish.

Stonefish stings cause death if not treated.

To treat stonefish stings, apply heat to the affected area or
use an antivenom.

Conclusion:
Stings of some fish can cause death if not treated.

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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100%

80%:
60%:
40%/

20%:

ProofWriter Results

A Naive KX Chain-of-Thought
REX Scratchpad [ LINC (ours)

AN
GPT-3.5

LINC shows
significant
iImprovements
across the board!

85
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uracy

&)

Ac

0.0

ProofWriter Results

-- Chance —— Scratchpad LINC (ours)
—e— Naive Chain-of-Thought

0

1 2 3 4 5
Proof Depth
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100%

80%:

60%:

40%/

20%1

FOLIO Results

A Naive
EEX] Scratchpad

Chain-of-Thought
[ LINC (ours)

StarCode

48.4% 47.8%

GPT3

LINC leads to gains
for StarCoder+ and
GPT-3.5, but CoT is
strongest for GPT-4!

87
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Failure Modes of LINC

L1: FOL fails to
capture implicit
information not
mentioned in the
premises

Premise 1: All people reading books are happy
all x. Person(x) & ReadBook(x) -> Happy(x)

Premise 2: Ben and Ced each read a book.
ReadBook(Ben) & ReadBook(Ced)

Conclusion: Ben is happy
Happy(Ben)

Correct: True
Predicted: Unknown
Person(Ben)?

88
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Failure Modes of LINC

L2: FOL fails to
capture information
explicitly mentioned
in the premises due

to the choice of

representation.

Premise 1: Theo is happy and healthy
HappyAndHealthy(Theo)

Conclusion: Theo is happy
Happy(Theo)

Correct: True
Predicted: Unknown
HappyAndHealthy -> Happy?

89
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Failure Modes of CoT

CoT
concludes
something

different than
It suggests.

CoT makes
Incorrect
logical
deductions.

CoT fails to
find complex
paths of
reasoning.

Three
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Predicted Label

1. Compared to CoT, LINC has worse recall but better
precision on True/False predictions.

Confusion Matrix, LINC Confusion Matrix, CoT
B 100 » 100
%! 39 4 1 0 % 50 1 7 0 I
80 .80
& - &
@{p g @/&
e 0 31 0 0 60 S, oW 38 9 0 60
%, T %
X + X
3 o 3; ,
< B 18 . 0 40 3 < B 15 49 0 40
—
(a
@}b 20 %O 20
| g 2 0 0 0 0 0
‘ ‘ 0 » ‘ ‘ ‘ 0
o Nl & & & Nl & &
) N4
Reference Label Reference Label 91
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2. LINC and CoT mispredict on different examples.

CoT Outcome

Q @é’
& &
c9 O

\9’
LINC Outcome

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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3. Mispredictions of in-context reasoning baselines are
more similar to each other than they are with
mispredictions of LINC.

1.0

93



Looking Beyond the Score Reveals Hidden Nuances

Hidden Nuance

LINC and CoT have different failure modes and
mispredict differently

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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Looking Beyond the Score Reveals
Hidden Nuances

CRUXEval
LiveCodeBench

Counterfeit Conundrum

LINC

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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1. Focusing on the Right Metrics Without Bias is Crucial

2. Looking Beyond the Score Reveals Hidden Nuances

3. What We Measures Shapes What We Build

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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CRUXEval

What We Measure: Code Execution and Reasoning

Inspiring a Family . Adoption by
de E t
of Code Reasoning Code Execution as Frontier Model

Explicit T: t
Benchmarks an EXplcCH1arge Developers

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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Inspiring a Family of Code Reasoning

Benchmarks

S 8@ & =

Java PHP GO

® @ julia  Js )

Rust Shell Julia JavaScript TypeScrip Perl

a © ¢ -I

Ruby Lua Racket Swift Scala

Figure from Xu et al., CRUXEVAL-X: A Benchmark for Multilingual Code Reasoning, Understanding and Execution
Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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Inspiring a Family of Code Reasoning
Benchmarks

Is the statement executed? What is the input?

What is type and value of var?

def f(var): Code Input @
if var.isdigit():
return "int" " 99 777"
()-J elif var.replace('.', '', 1).isdigit():
X return "float"
elif var.count(' ') == len(var) - 1:
r\etur\n "Str\" 9 What is the OUtpUt?
elif len(var) ==
return "char" (3) Output €Y
else: What is the next line
return "tuple" to be executed? "tuple’

@ REval OO + IC @ CRUXEval ®6

Figure from [Chen et al., Reasoning Runtime Behavior of a Program with LLM: How Far Are We?]
Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
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Inspiring a Family of Code Reasoning
Benchmarks

__global__ void GEMV(const float* A, | _ global__ void GEMV(const float* A, const float* x,
const float* x, float* y, int R, int C) {
float* vy, __shared__ float tile[32]; // tiling with shared memory
int R, int r = blockIdx.x * blockDim.x + threadIdx.x;
int C) { bool valid = (r < R);
float s = 0.0f;
// Calculate the row index for (int start = 0; start < C; start += 32) {
// assigned to the thread for (int i = threadIdx.x; i < 32; i += blockDim.x) {
int r = blockIdx.x * blockDim.x int ¢ = start + i;
+ threadIdx.x; if (c < C€) tile[i] = x[c]; // load x into tile
}
// Return if out of bounds __syncthreads();
if (r >= R) return; if (valid) {
float s = 0.0f; for (int j = 0; j < min(32, C - start); j++) {
s += A[r * C + (start + j)] * tile[j];
for (int ¢ = 0; ¢ < C; c++) { }
s += A[r * C + c] * x[c]; }
} __syncthreads();
}
y[r] = s; if (valid) y[r] = s;
} }
Figure from [Wei et al., EquiBench: Benchmarking Large Language Models’ Reasoning about Program Semantics via Equivalence Checking] 100
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CRUXEval

What We Measure: Code Execution and Reasoning

Inspiring a Family . Adoption by
de E t
of Code Reasoning Code Execution as Frontier Model

Explicit T: t
Benchmarks an EXplcCH1arge Developers

101
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Code Execution as an Explicit Target

Forward Monologue
Given the input energies ‘[10.5, 8.2, 10.5, 7.1, 8.2]", what will the function return?

X

1. “enerqgy_dict" is initialized as an empty dictionary.
2. Fillina the Dictionary: The *for® loop begins, iterating through the list
with "enumerate’ :

- Iter 1: For “idx = 0, “energy = 10.5°. We update the dictionary to
be {10.5: 0}

- Iter 5: For ‘idx = 4°, “energy = 8.2". Since 8.2 is in the dictionary,
it is not updated.
Final state of ‘eneray dict': “{10.5: 0. 8.2: 1. 7.1: 3}".
3. Sorting Unique Energies: Resulting in * sorted_unique_energies = [7.1, 8.2,
10.51°.
4. Retrievina Oriainal Indices:
- For “energy = 7.1%, the index is “3".
- For “eneray = 8.2". the index is *1°.
- For “eneray = 10.5°, the index is *0".
- Thus, ‘unique_sorted_indices' becomes ‘[3, 1, O1".
\5. Return Statement: The function returns the list “[3, 1, 0. /

Backward Monologue
Given the output is *[3, 1, 0]', what is the function input?

/ - Key constraints according to the output:
- The first unique energy corresponds to index *3°, the second to *1°, and
the third to "0
- Eneray Values:
- “energies[3]" -> first unique eneray (let's call it “el*)
- “energies[1]’ -> second unique enerqgy (let's call it “e2)
- “eneraies[O1' -> third unique eneray (let's call it *e3")
- In the sorted list of unique energies, ‘el must be the smallest, followed by
‘e2". and then “e3'.
-A simple set of values array can be created. We must ensure that:
- The enerqgy at index 3" is less than the energy at index *1° and both
should be less than the energy at index *0°.
Let's select:
- “eneraiesf31 = 1.0° (first unique. smallest value)
- “energies[1] = 3.0" (second unique, middle value)
- “energies[0] = 5.0" (third unique, largest value)

To ensure proper indexina and repetition. we can fill the rest of the list with
Quplicnfes of such values, for instance: "energies = [5.0, 3.0, 5.0, 1.0]

9
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Code Execution as an Explicit Target

Model Size Code Generation Execution Reasoning

HEval (+) MBPP(+) LCB-Lite CXEvallI CXEval-O LCB-Exec
GPT-3.5-Turbo - 76.8 (70.7) 82.5(69.7) 23.9 50.3 59.0 43.6
CodeLlamaPython  13B  427(384) 635(526) 106 405 360 232
CodeLlama-lnst 13B  494(4L5) 635(34) 125 4s6 a2 257
StarCoder2 ISB 463(378) s51@6l) 160 469 462 336
StarCoder2-Inst 15B  67.7(60.4) 78.0(65.1) 15.5 47.1 50.9 29.6
_CodeLlama-Python 7B  37.8(354) 59.5(468) Tl 04 ... 340 .. 230
CodeLlama-Tnst 7B 360QL1) S6.1(466) 106 360 .. 368 ... 30.7 .
StarCoder2 ... 7B 334(299) 544(456) 116 . 382 345 263 .
Magicoder-CL, . 7B 604(555) 642(526) 114 340 . 355 286 .
Magicoder-S-CL 7B _707(61.7) 684(566) 121 420 ... 358 300
DeepSeckCoder 67B 476(39.6) 720(87) 203 395 a2 36.1
DeepSeckCoder-Inst  6.7B  73.8(70.7) 74.9(656) 211 aL9 432 o 340
Magicoder-DS ~  6.7B  66.5(604) 1754(619) 255 453 419 388
Magicoder-S-DS 6.7B  76.8(71.3) 75.7(64.4) 233 44.6 43.5 38.4
SEMCODER (Qurs) ~ 6.7B  732(68.9) 799(653) 224 . 62.5 . 651 o 9.7 ...
SEMCODER-S (Ours) 6.7B  79.3(74.4) 79.6 (68.5) 27.5 63.6 63.9 61.2
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Code Execution as an Explicit Target

0o

A

Input
Generator Sample

— Reference Codem —

P Execute

Verification: Re-Execute ¢@

Revision' ( ) -+ <Chain of Thought> --
-+ <Chain of Thought> --
What is the input? --- <Chain of Thought> -

X N

YVYY

Raw Code
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— Query “You are given " ———

& =5 {“input”: <the input>}
—

- <Chain of Thought> -
What is the output? <Chain of Thought> -
-* <Chain of Thought> -

{*output”: <the output>}
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Code Execution as an Explicit Target

def count(s, t):

n =
for

0
c in
n +=

return n

s:

count("strawberry",

<|call_sep|>

<|line_sep|>

<|line_sep|>

<|line_sep|>

<|return_sep|>

Liste

figlie

{s":

{"s":

iﬁt(c == t)

<|action_sep|>

<|trace_context_start|>

"r") # << START_OF_TRACE

<|frame_sep|>

"'strawberry'", "t": "'r'"} <|action_sep|>
<|frame_sep|>

N e e <|action_sep|>
<|frame_sep|>

HoN ST s At g ) <|action_sep|>
<|frame_sep|>

LR R e e <|action_sep|>

<|frame_sep|>
return n <|arg_sep|>

<|frame_sep|>

def

count(s,

for c in

n +=

ngu

it

int(c == t)
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CRUXEval

What We Measure: Code Execution and Reasoning

Inspiring a Family . Adoption by
de E t
of Code Reasoning Code Execution as Frontier Model

Explicit T: t
Benchmarks an EXplcCH1arge Developers
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Adoption by Frontier Model Developers

Context length | HumanEval MBPP  CruxEval-O  RepoBench Spider Hu";‘a,:i‘;a;F'M HL;T:,:E:""'
Codestral 22B 32k 81.1% 78.2% 51.3% 34.0% 63.5% 91.6% 61.5%
-CodeL!ama 70B 4k 67.1% 70.8% 47.3% 11.4% 37.0% - 51.9%
DeepSeek Coder 33B 16k 77.4% 80.2% 49.5% 28.4% 60.0% 78.2% 57.6%
Llama 3 70B 8k 76.2% 76.7% 26.0% 18.4% 67.1% . 61.2%
Python saL Average on

several languages

107
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Adoption by Frontier Model Developers

Table 4: Performance comparison of Kimi-K2-Base against leading open-source models across diverse tasks.

Benchmark (Metric)

|#Shots | Kimi-K2-Base | DeepSeek-V3-Base Llamad4-Maverick-Base Qwen2.5-72B-Base

Architecture - MoE MoE MoE Dense

# Activated Params - 32B 37B 17B 72B

# Total Params - 1043B 671B 400B 72B
MMLU 5-shots 87.79 87.10 84.87 86.08
MMLU-pro 5-shots 69.17 60.59 63.47 62.80
MMLU-redux 5-shots 90.17 89.53 88.18 87.77
SuperGPQA 5-shots 44.67 39.20 38.84 34.23
GPQA-Diamond(avg@s) | 5-shots 48.11 50.51 49.43 40.78
SimpleQA 5-shots 35.25 26.49 23.74 10.31
English TriviaQA 5-shots 85.09 84.11 79.25 76.03
BBH 3-shots 88.71 88.37 87.10 84.09
HellaSwag 5-shots 94.60 89.44 86.02 95.27
AGIEval - 84.23 81.57 67.55 76.87
ARC-Challenge 0-shot 95.73 93.77 94.03 95.56
WinaGrande . ‘i-chntql RS 32, R4 21 77 SR R4 14
CRUXEval-I-cot 0-shots 74.00 62.75 67.13 61.12

Cade CRUXEval—O-cot 0-shots 83.50 75.25 75.88 66.13
LiveCodeBench(v6) 1-shots 26.29 24.57 25.14 22.29
EvalPlus - 80.33 65.61 65.48 66.04

lnree Lessons rrom’evariating 'tanqguage vioaeis on Heasoning 1asks - Alex Gu
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Adoption by Frontier Model Developers

4.4. Code Understanding and Reasoning

To assess the code reasoning capabilities of our models, we utilize the CRUXEval benchmark.
This benchmark comprises 800 Python functions paired with corresponding input-output
examples. It is divided into two distinct tasks: CRUXEval-I, which requires the large language
model (LLM) to predict the output based on the given input, and CRUXEval-O, where the model
must predict the input from the known output. This structure challenges the model’s ability
to understand and reason through Python code in both forward and reverse directions. Table
8 presents the performance of various language models on the CruxEval benchmark, which
assesses models on two metrics: CruxEval-I-COT and CruxEval-O-COT. Among the open-source
models, DeepSeek-Coder-V2-Instruct stands out significantly. It scores 70.0% on CruxEval-I-
COT and 75.1% on CruxEval-O-COT, showcasing its superior capability within the open-source
domain. However, when compared to larger closed-source models, there is a performance gap.
This performance gap may largely be attributed to the fact that DeepSeek-Coder-V2-Instruct
operates with only 21 billion activation parameters, which is considerably fewer than those in
larger, more advanced closed-source models like GPT-40. This limitation in model complexity
could restrict its learning and problem-solving capacities.

Three Lessons fromEvaluating Language Models on‘Reasoning Tasks - Alex Gu
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Adoption by Frontier Model Developers
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LiveCodeBench

What We Measure: Holistic, Contamination-Free Coding

Popularizing
contamination-free
benchmarking

Adoption by Frontier Model
Developers
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LiveCodeBench

What We Measure: Holistic, Contamination-Free Coding

Popularizing
contamination-free
benchmarking

Adoption by Frontier Model
Developers
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Popularizing Contamination-Free
Benchmarking

LiveBench
Reasoning Language

o0l-preview-2024-09-12 +
claude-3-5-sonnet-20241022
claude-3-5-sonnet-20240620

01-mini-2024-09-12 4
gemini-exp-1114 +
gemini-exp-1121

step-2-16k-202411
gpt-40-2024-08-06
gemini-1.5-pro-002 -
gpt-40-2024-05-13 1
gemini-1.5-pro-exp-0827

meta-llama-3.1-405b-instruct-turbo =

Math oding
0 20 40 60 80

gpt-40-2024-11-20
dracarys2-72b-instruct
chatgpt-4o-latest-0903
gpt-4-turbo-2024-04-09 -
claude-3-opus-20240229
gemini-1.5-flash-002 -
mistral-large-2407
qwen2.5-coder-32b-instruct
gpt-4-0125-preview -
gemini-1.5-flash-exp-0827
gemini-1.5-pro-001 -
meta-llama-3.1-70b-instruct-turbo
claude-3-5-haiku-20241022
gpt-40-mini-2024-07-18 -
gemini-1.5-flash-001 -

Instruction Data Analysis

Following

model
ol-preview-2024-09-12

gemma-2-27b-it
claude-3-5-sonnet-20240620

gemini-1.5-flash-8b-exp-0827 - —_—
qwen2.5-7b-_instruct»turbo 1 -
claude-3-haiku-20240307 _— 01-mini-2024-09-12
— API gemini-exp-1114
= step-2-16k-202411

mixtral-8x22b-instruct-v0.1 4
command-r-plus-08-2024
gemma-2-9b-it
mistral-small-2402 4 Open Source
0 10 20 30 40 50 60 70
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Figure from [White, et al., LiveBench: A Challenging, Contamination-Limited LLM Benchmark]
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Popularizing Contamination-Free
Benchmarking

Leveraging Online Olympiad-Level Math Problems
for LLMS Training and Contamination-Resistant
Evaluation

Performance over time

LiveAoPSBench-2024

Methods
DeepSeek-R1-Distill-Llama-708
DeepSeek-R1-Distill-Qwen-328
Gemini-2.0-flash-thinking-exp-01-21
60 DeepSeek-R1-Distill-Qwen-78

QwQ-328-Preview
DeepSeek-R1-Distill-Llama-88
~<~ Qwen2.5-Math-72B-Instruct

250 - DeepSeek-R1-Distill-Qwen-1.58
< Phi-4
g - Qwen2.5-Math-7B-Instruct
; 40 - Qwen2.5-Math-1.5B-Instruct
S DeepSeek-math-7b-rl
= Llama-3.1-8B-Instruct
) DeepSeek-math-7b-instruct
g0 Llama-3.2-3B-Instruct
&
20

> PR o & ® ) ® ® 40 NS A
Yl Yl Wl Yl Wl Yl Wl Yl Yl Val Val Wl
BN 20! 20! 2 BN BN 20! BN BN 20! N 2

vonth Figure from https://livemathbench.github.io/leaderboard.html 114
oo Looouns nun Lvaiuauny Lanydage Models on Reasoning Tasks - Alex Gu



https://livemathbench.github.io/leaderboard.html

Elo rating

Popularizing Contamination-Free
Benchmarking

1100 — 2250
‘\\ © Reasoning o4-mini-high
GPT-4.1 Mini \ ¢ Non-reasoning Gemini 2.5 Pro
1000 % DeepSeek R1 Distill-Llama-70B| ' @ 2000
&> \
DeepSeek V3 0324 \\ .03-mini
900 GPT-4.1 \\ ,,,‘,,,J,!l" ,,,,, perts e K
- @J i \‘
X DeepSeek R1 +
Qwen-Max \ Q@ B 1500
<> X Gemini 2.5 Flash
800 1 ©
\
r 1250
\
] Claude 3.7 Sonnet Reasoning
7001 0\ Gemini 2.0 Flash GPT-4.5 © - 1000
< 1P 1-4.5
Ilama 4 Maverick Clatde 3.5 S : ®<> © <>Clz|ude 3.7 Sonnet <>
aude onne
600 i Gcmnrn 327B GPT-40 L 750
Mem Llama 3.1 405B Instruct
‘DgepSeek V3 <> &
e — r 500
00 T T T T al T T T T T T T
0.0¢ 0.5¢ 1.0¢ 1.5¢ 2.0¢ $0.00 $0.05 $0.10 $0.15 $0.20 $0.25 $0.30
Average cost per problem Average cost per problem

Figure from [Zheng, et al., LiveCodeBench Pro: How Do Olympiad Medalists Judge LLMs in Competitive Programming?]
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Popularizing Contamination-Free
Benchmarking

SWE-bench-Live

Evaluating your Al system on latest software engineering tasks.

[ X Paper ] { © GitHub ] .

About

SWE-bench-Live is the first aut

ally-updating, multi-I

d multi-os SWE task set designed for agentic benchmarking and training. Thanks
to our automated dataset curation pipeline, we plan to update SWE-bench-Live on a regular basis to provide the community with up-to-date task
instances and support rigorous and contamination-free evaluation.

Note: If you think your repository is not suitable to be included in our benchmark, please contact us to remove it.

Figure from https://swe-bench-live.github.io/
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LiveCodeBench

What We Measure: Holistic, Contamination-Free Coding

Popularizing
contamination-free
benchmarking

Adoption by Frontier Model
Developers
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Adoption by Frontier Model Developers

Model ‘ LiveCodeBench-CoT MATH-500

Pass@l  Length | Pass@l Length
DeepSeek-V2.5 Baseline ‘ 31.1 718 ‘ 74.6 769

DeepSeek-V2.5 +R1 Distill | 37.4 783 83.2 1510

Table 9 | The contribution of distillation from DeepSeek-R1. The evaluation settings of Live-
CodeBench and MATH-500 are the same as in Table 6.

effectiveness and robustness of the alignment process.

5.4. Discussion
5.4.1. Distillation from DeepSeek-R1

We ablate the contribution of distillation from DeepSeek-R1 based on DeepSeek-V2.5. The
baseline is trained on short CoT data, whereas its competitor uses data generated by the expert
checkpoints described above.

Table 9 demonstrates the effectiveness of the distillation data, showing significant improve-
ments in both LiveCodeBench and MATH-500 benchmarks. Our experiments reveal an inter-
esting trade-off: the distillation leads to better performance but also substantially increases the
average response length. To maintain a balance between model accuracy and computational
efficiency, we carefully selected optimal settings for DeepSeek-V3 in distillation.

Figure from DeepSeek-V3 Technical
Report
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Score (%)

Adoption by Frontier Model Developers

B Seed-Coder-8B [ Qwen3-8B Qwen?2.5-Coder-7B DeepSeek-Coder-V2-Lite OpenCoder-8B OlympicCoder-7B
Instruct Reasoning
60 57.9
55.8 571 55.6 @
@ 52.4
47.748.0 487
@ & 43.6
4
i 27.627.5
MHPP BigCodeBench FullStack Bench SWE-bench Verified Aider LiveCodeBench
(Full) (Agentless) 2410 — 2502, hard

Figure 1. Benchmark performance of instruct and reasoning variants of Seed-Coder-8B.
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5 ByteDance
SeedCoder

Figure from ByteDance

SeedCoder Technical
Report
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Adoption by Frontier Model Developers

LiveCodeBench (Jan - May)

Competitive Coding

Grok 4 Heavy w/ Python 79.4
Grok 4 w/ Python 79.3
Grok 4 79
Gemini 2.5 Pro 74.2
03 72 Figure from

https://x.ai/news/qrok-4
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Adoption by Frontier Model Developers

Gemini 2.5

Gemini 2.5: Pushing the Frontier with Advanced Reasoning, Multimodality, Long Context, and Next Generation Agentic Capabilities.

AIME GPQA (Diamond) LiveCodeBench v5
100 - - .
2.0 Flash (No Thinking)
2.0 Flash (Thinking)
W 2.5 Flash (Dynamic Thinking)
80 - ™== 2.5 Pro (Dynamic Thinking)

60

40

Accuracy / Pass rate (%)

Figure from Gemini 2.5 Technical
Report

20

0-

Figure 3 | Impact of “Thinking” on Gemini’s performance on AIME 2025 (Balunovi¢ et al., 2025),
LiveCodeBench (corresponding to 10/05/2024 - 01/04/2025 in the UI) (Jain et al., 2024) and GPQA
diamond (Rein et al., 2024) benchmarks. 121
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LeanDojo: Theorem Proving with
Retrieval-Augmented Language Models

Kaiyu Yang Aidan Swope Alex Gu Rahul Chalamala Peiyang Song

Shixing Yu Saad Godil Ryan Prenger Anima Anandkumar
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Democratizing Theorem Proving Research

=¢ LeanDojo Public ®Unwatch 14 ~ % Fork 117 ~ Starred 808  ~

Dataset Model Code Interaction | Model size | Compute
available | available | available | tool available | (# params) (hours)

Jiang et al., LISA, 2021 163M

Jiang et al., Thor, 2022 / )( )( / 700M 1K on TPU
First et al., Baldur, 2023 X X X v 62,000M

Polu and Sutskever, GPT-f, 2020 x x X X 774M 40K on GPU
Han et al., PACT, 2022 X X X v 837M 1.5K on GPU
Polu et al., 2023 X X X v 774M 48K on GPU
Lample et al., HTPS 2022 X X X X 600M 34K on GPU
Wang et al., DT-Solver, 2023 / X X X 774M 1K on GPU
LeanDojo (ours) v v’ v v 517M 120 on GPU

Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu 12



LeanDojo

Prove theorems by programmatic interaction

Data  (* LeanDojo Benchmark )

o extraction
_W »| - 98,641 theorems/proofs
- 217,639 tactics

\_ "~ 129,162 premises )

Lean (3 or 4)
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Data Extraction in LeanDojo

Traced Structures

Leal‘l Repo Proof n:N

Tree Fgecdnn=n

extract information about Lean repo
from GitHub URL

data/nat/gcd.lean

def gcd : nat - nat - nat

| yi=y

| x+1) y:=ged (y% (x+ 1)) (x+1)

cases n

k:N
Fgedk+1)(k+1)=k+1
|| unfold gcd

unfold gcd

k:N
Fged(k+1) % k+1)k+1)=k+1

theorem gcd_zero_left (x : nat) : gcd 0 x = x := begin simp [gcd] end

theorem gcd_self (n : nat) : gcd nn =n := .

begin rewrite mod_self
cases n, A

{ unfold ged }, .

unfold ged, k . N

rewrite mod_self,

apply gcd_zero_left = ng 0 (k + 1) = k + 1

end

l apply gcd_zero_left
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Small, Competitive Model

Percentage of Theorems Proved

50 -

w P
o o
L 1

Percentage of Theorems Proved
N
o

10

random

51.4

novel_premises

Models
N Tidy
s GPT4
B ReProver (- retrieval)
B ReProver (+ retrieval)

26.2
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LeanDojo

What We Measure: Lean Theorem Proving

Democratizing theorem
proving research through
data extraction, benchmark,
and modeling
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emocratizing Theorem Proving Research

= demo.lean °

LeanCopilotTests = demo.lean add_abc

Mathlib.Data.Set.Basic
LeanCopilot

add_abc : Vabc: N, a+b+c=a+c+b:

®intro a b ¢
suggest_tactics

set_inter_comm (s t : Set a) : s n

ext x
simp_all only [Set.mem_inter_iff]
apply Iff.intro
-+ intro a

simp_all [and_self]
-+ intro a

simp_all [and_self]

v demo.lean:9:17

¥ Tactic state

¥ Suggestions

Try these:

S

Remaining subgoals:
Fc+(a+b)=a+c+b

Remaining subgoals:
Fa+(b+c)=a+c+b
¥ Messages (1)
v demo.lean:9:2
Try these:
* apply Nat.add_right_comm

* rw [Nat.add_comm]
* rw [Nat.add_assoc]

» All Messages (1)
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Democratizing Theorem Proving Research

LLEMMA: AN OPEN LANGUAGE MODEL FOR
MATHEMATICS

Zhangir Azerbayev'!?> Hailey Schoelkopf? Keiran Paster >+
Marco Dos Santos®  Stephen McAleer® Albert Q. Jiang® Jia Deng!

Stella Biderman? Sean Welleck %7

! Princeton University 2 EleutherAl 3 University of Toronto * Vector Institute
° University of Cambridge  ® Carnegie Mellon University  * University of Washington
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Democratizing Theorem Proving Research

Table 2: Pass rates about InternL.M2-Plus-7B on the minif2f-test dataset with Lean. This table
shows the pass rates of previous works and our work. The evaluation setting is the same as Table 1.

APPROACH DECODING N K S PASS RATE

INTERNLM2-PLUS-7B (YING ET AL., 2024) (FROM PAPER) SEARCH 1000 1 32 43.4%
INTERNLM2-PLUS-7B (YING ET AL., 2024) (REPRODUCED) SEARCH 1000 1 32 42.6%

INTERNLM2-PLUS-7B (YING ET AL., 2024) SAMPLING 50 32 1 40.9%
SFT (INTERNLM2-PLUS-7B) (YING ET AL., 2024) SAMPLING 50 32 1 41.3%
LEAN-COT (INTERNLM2-PLUS-7B) SAMPLING 50 32 1 43.4%
LEAN-STAR (ITER-1) (INTERNLM2-PLUS-7B) SAMPLING 50 32 1 45.4%
INTERNLM2-PLUS-7B (YING ET AL., 2024) SAMPLING 50 64 1 42.2%
SFT (INTERNLM2-PLUS-7B) (YING ET AL., 2024) SAMPLING 50 64 1 43.4%
LEAN-COT (INTERNLM2-PLUS-7B) SAMPLING 50 64 1 45.5%
LEAN-STAR (ITER-1) (INTERNLM2-PLUS-7B) SAMPLING 50 64 1 46.3%
130
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Y PutnamBench Leaderboard ¥

Benchmarking formal mathematical reasoning on the Putnam Mathematical Competition.

() GITHUB PAPER
With answer No answer

Lean (out of 672)

# Model num-solved compute

1 Aleph Prover (Logical Intelligence) 668 Avg $68, Limit $1400 per problem

2 Aleph Prover (Logical Intelligence) 637 Avg $54, Limit $400 per problem

3| Goedel-Architect® 597 pass@4, Avg. $1.47 total cost / problem
4 Seed-Prover 1.5 (ByteDance) 581 10 H20 days per problem

5 Aleph Prover (Logical Intelligence) 500 Avg $23, Limit $100 per problem

6 Hilbert® 462 avg pass(@1840

7 AxProverBase (Axiomatic AI)® 365 Avg $12.60, Opus 4.5 w/ 50 iterations
8 Seed-Prover (ByteDance) 329 MEDIUM

9 Ax-Prover (Axiomatic AI)® 91 pass@l, avg. 100 tool calls

10 Goedel-Prover-V2@ 86 pass@184

11 | DeepSeek-Prover-V2@ 47 pass@1024

12 GPT-5 (ReAct, 10 turns) 28 pass@l, 10 tool calls

13 DSP+@ 23 pass@128

14 Bourbaki® 14 pass@512

15 Kimina-Prover-7B-Distill® 10 pass@192
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lemma k le 3 for n le 4 roundl main (n k : N) (verts : Finset [R) (lines : Finset (R x R)) (points : Finset (N x l)) (hn : 3 < n) (hcard
lines.card + verts.card = n) (hallpoints : V p, p € points - p.1 21 A p.2 21 Ap.1l +p.2<n+ 1) (hmain : V p € points, (3 1 € lines,
1.1 * p.1 + 1.2 =p.2) V (3 x € verts, p.1l = x)) (hk : (lines.filter (fun 1 » 1.1 # 0 A 1.1 # -1)).card = k) (hn2 : n = 4):
k £ 3 := by
by cases hl6e : k > 3
-- Assume k > 3, we will derive a contradiction

have hl6l : k 2 4 := by linarith
have hl162 : (lines.filter (fun 1 » 1.1 # 0 A 1.1 # -1)).card 2 4 := by linarith
have h163 : (lines.filter (fun 1 » 1.1 # 0 A 1.1 # -1)).card < lines.card := by apply Finset.card filter le
have hl64 : lines.card + verts.card = 4 := by linarith
have h165 : lines.card 2 4 := by omega
have hl66 : lines.card = 4 := by omega
have hl67 : verts.card = 0 := by omega
have hl68 : verts = @ := by
exact Finset.card eq zero.mp hl67
have h170 : V (p : N x ), p € points -~ 3 1 € lines, 1.1 * (p.1 : R) + 1.2 = (p.2 : R) := by
intro p hp
have h1701 := hmain p hp

rcases hl1701 with (h1701 | h1702)
exact hl1701
rcases hl1702 with (x, hx, )

have h1703 : x € verts := hx Seed'Prover’S Lean PrOOf

rw [h168] at hl1703

contradiction of IMO 2025 P1

have hl76 : (lines.filter (fun 1 » 1.1 # 0 A 1.1 # -1)).card = 4 := by
have hl1761 : (lines.filter (fun 1 » 1.1 # 0 A 1.1 # -1)).card 2 4 := hl62
have h1762 : (lines.filter (fun 1 » 1.1 # 0 A 1.1 # -1)).card < lines.card := hl63 -
have hl1763 : lines.card = 4 := hl66 (total 4000+ IlneS)
linarith
have hl1761 : (lines.filter (fun 1 » 1.1 # 0 A 1.1 # -1)).card = lines.card := by linarith
have hl177 : V 1 € lines, 1.1 # 0 A 1.1 # -1 := by
intro 1 hl

by contra hl1771
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ProofOptimizer

What We Measure: Proof Simplicity

ProofOptimizer: Training
Language Models to
Simplify Proofs without
Human Demonstrations
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Task and Evaluation Metrics

Task: Given a formal statement s with proof p, minimize a
simplicity measure L (today, we use proof length)

p* = arg min L(x), where x proves s
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ProofOptimizer: Overview

Training-Time

Qwen-2.5-Instruct 7B ProofOptimizer Symbolic Linter
(Expert Iteration)
Test-Time RL
ProofOptimizer Proof Repair

Lean Base Model (Online RL) lterative Shortening

Average Reduction: 87% (miniF2F), 57% (PutnamBench), 49% (Seed-Prover IMO 2025)
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Training: Expert Iteration and RL

Dataset: 145K Lean proofs generated by Goedel-Prover-V2

Expert lteration

Reinf L i
1. Sample candidate proofs einforcement Learning

2. Filter correct shortenings Algorithm: GRPO

3. Fine-tune on (original, Reward: relative shortening
shortened) pairs
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Results: Expert Iteration vs. RL

Category Model Min@l | Min@32 ]| Red@11 Red@321

Linter - 1359 0.0%

Gemini-2.5-Pro 1348 1303 5.5% 18.0%

Base Gemini-2.5-Pro + States 1371 1319 6.1% 19.2%

Base (7B) 1341 1222 3.9% 20.5%

Base + It 1 1341 1215 5.2% 22.5%

Explt Base + It 2 1335 1186 6.9% 24.7%

ProofOptimizer-Explt 1328 1161 8.2% 26.3%

RL ProofOptimizer-RL 1303 1258 14.9% 21.1%

Takeaway: Expert iteration has the best pass@32, while RL has the best pass@1
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Inference-Time: Techniques

Symbolic Linter: use Lean compiler messages such as tactic does
nothing to remove irrelevant lines in the proof

lterative Shortening: sample k candidate shortenings, take
shortest, and repeat
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Proof Length ({)

% Reduction (1)

Results: Iterative Shortening

Min@64 (miniF2F) Min@64 (Putnam) Reduction vs. Proof Length
300 — 1350 — TOO | ey gy -l = === == === ===~
240 1200
180 7 1050 80
120 900 =
(_
= C
e T T T T T T T 1 T T T T T 1T T 1 o 60 Dataset
01 2 3 4 5 6 7+ 8* 0 T 2 3 4 5 6: 7% 8F )
() Putnam
Red@64 (miniF2F) Red@64 (Putnam) = MiniF2F
60 — V)
o
80 — X 40
45 —
60 —
40 — 307
20
20 — 15 4
T I I I I I I I I I T I I I I I I I
0 1 2 3 4 5 6 7+ 8* 0 1 2 3 4 5 6 7+ 8* 10 .59 100 500 1000
Iteration Iteration Original Proof Length (log scale)
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theorem mathd_algebra_338 -- Original Proof
(abc: R)
(hg : 3*xa+b+c=-3)
(hy :a+3*xb+c=09)
(hp : a+b+3*c=19) :
a *b *c=-56 :=by
have h3 : b =a + 6 := by
have h3; : -a + b = 6 := by
have h3 : (a+ 3 *xb+c) - (3*xa+hb
< +¢c) =9 - (-3) :=by
linarith
linarith
linarith

have hy : ¢ = a + 11 := by
have hy; : -a + ¢ = 11 := by
have hyp : (a+b+3 xc) - (3*xa+b
<+ c) =19 - (-3) := by
linarith
linarith
linarith

have hs : a = -4 := by
have hs; : 3 *a+b +c=-3 :=h
rw [h3, byl at hsy
ring nf at hs; b
linarith

have hg : b = 2 := by
rw [h3]
rw [hs]
<;> norm_num

have hy : ¢ = 7 := by
rw [hy]
rw [hs]
<;> norm_num

have hg : a * b * ¢ = -66 := by
rw [hs, hg, hyl

<;> norm_num

exact hg

theorem mathd_algebra_338
(abc: R)
(hg : 3*%a+b+c=-3)
(hy : a+3*%b+c=29)
(hy : a+b+3*c=19)
a*xb*xc=-56 :=by

by linarith

have : a = -4 :
subst_vars
nlinarith

Listing 10: Original Proof (Length 214)

Listing 11: Simplified Proof (Length 11)

theorem imo_1960_p2
(x : R)
(hy : 0<1+2xx)
(hy : (1 - Real.sqrt (1 + 2 * x))"2 # 0)
(hy : (4% x°2) / (1 - Real.sqrt (1 + 2x))°2 < 2+x + 9)
(h3 : x #0) :
~(1/2) <xAx<45/ 8 :=by
constructor
« nlinarith [sq_nonneg (x + 1 / 2)]
- set s := Real.sqrt (1 + 2 * x) with hs
S1+2%x:=hy
> 0 := Real.sqrt_nonneg _
1+2%x:=by

ru [Real.sq_sqrt] <;> linarith
have h5g : (1 -8) " 2 # 0 := by simpa [hs] using by
have hgs : 5 # 1 := by
intro h
have hg5q : (1-8) " 2=
w [h]
norn_num
contradiction
have hgg : (s +1) " 2% (s-1) ~2=(s ~2-1) "2 := by
ring
have hsy : (s~ 2-1:R) ~2=4=x"2:=by
v [h53)
ring
have hsg : (4 : R) xx "2/ (s=-1) " 2=(s+1) "2 :=by
have hsgy : (s -1 :R) "2 # 0 :=by
intro h
have hsgy : (1 -5 : R) " 2=0:=by
calc
(1-8:R) ~2=(s-1:R) "2 :=byring
- =0 :=by rw [n]
contradiction
field_simp [h5gy] at hgy
nlinarith
have hsg : (4 : R) *x "2/ (1-8) "2=(s+1) "2 :=by
w [ hsgl
ring
nlinarith [sq_nonneg (s - 1)]

Listing 14: Original Proof (Length 330)

theorem imo_1960_p2
(x : R)
(hp : 0 <1+ 2% x)
(h; : (1 - Real.sqrt (1 + 2 * x))"2 # 0)
(hy : (4 * x°2) / (1 - Real.sqrt (1 + 2*x))"2 < 2%x + 9)
(h3 : x # 0) :
-(1/2) <xAx<45/ 8 :=by
constructor
- nlinarith [sq_nomneg (x + 1 / 2)]
- have hs7 : (4 : R) * x ~ 2/ (1 - Real.sqrt (1 + 2 * x)) =~ 2 = (1 + Real.sqrt (1 + 2 *
< x)) 2 := by
have hsg : (1 - Real.sqrt (1 + 2 * x)) ~ 2 # 0 := by assumption
field_simp [hsgl]
nlinarith [sq_sqrt (show 0 < 1 + 2 * x by assumption)]
nlinarith [sq_sqrt (show 0 < 1 + 2 * x by assumption),
Real.sqrt_nonneg (1 + 2 * x)]

Listing 15: Simplified Proof (Length 125)
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1. Focusing on the Right Metrics Without Bias is Crucial

2. Looking Beyond the Score Reveals Hidden Nuances

3. What We Measures Shapes What We Build
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