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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 already… 6
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Timeline

June 2020 - GPT-3

…then Codex, Copilot, InstructGPT

November 2022 - ChatGPT (GPT-3.5)

March 2023 - GPT-4
7

only 4 months!
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Timeline
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CRUXEval
Code Reasoning, Understanding, 

and Execution Evaluation
Alex
Gu

Baptiste
Rozière

Hugh
Leather

Armando
Solar-Lezama

Gabriel
Synnaeve

Sida
Wang
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CRUXEval
Output Prediction (O)
Execute the function on a given input

(code execution)

Input Prediction (I)
Find an input producing a given output

(code understanding + reasoning)
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GPT-4 + CoT Failures
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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 f('01,001') == '1001'

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

Function Anonymization
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No significant drop from anonymizing variable names!
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Focusing on the Right Metrics Without Bias is Crucial

Previous Metric

Function-level code 
generation 

(HumanEval, MBPP)

New Metric

Code execution and 
reasoning
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       SlopCodeBench 🗑🤖🏋
Benchmarking How Coding Agents 

Degrade Over Long-Horizon Iterative 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
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Iterative Evaluation
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Iterative Evaluation
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Task Example
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Code Quality Metrics
Erosion: fraction of a codebase that consists of high 

cyclomatic complexity functions

Verbosity: fraction of redundant or duplicated code
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Results

Solve rates decrease despite cost increase as 
agents progress through SlopCodeBench tasks
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Code Quality Over Time

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

Agent trajectories have higher verbosity and 
erosion than human repository histories!
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Focusing on the Right Metrics Without Bias is Crucial

Previous Metric

Single-shot Tasks

Correctness (via tests)

New Metrics

Iterative Evaluation

Verbosity and Erosion
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Pan
Lu

Jiayi
Sheng

Luna
Lyu

Jikai
Jin

Tony
Xia

Alex
Gu

James
Zou

Solving Inequality Proofs with Large 
Language Models
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Inequality proof problems reformulated into two verifiable subtasks

IneqMath

Determine the relationship for all a,b>0:Find the largest C for all a,b>0:

Bound Estimation Relation Prediction
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Soundness Gap

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

Previous Metric

Final-answer Accuracy

New Metric

Overall Accuracy 
(including proof 

soundness)
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🕵 The Counterfeit Conundrum
Can Code Language Models Grasp the 

Nuances of Their Incorrect Generations?
Alex
Gu

Wen-Ding
Li*

Theo X.
Olausson*

Naman
Jain*

   Celine
   Lee*

    Koushik
     Sen

   Armando
Solar-Lezama

34



Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
35



Three Lessons from Evaluating Language Models on Reasoning Tasks - Alex Gu
36



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

def same_length(s):
  l = [len(i) for i in s]
  l = set(l)
  if len(s) > len(l):
    return True
  return Falsedef same_length(s):

  x = []
  for i in range(len(s)):
    for j in range(i+1, len(s)):
      x.append(len(s[i]) == len(s[j]))
  return True in x

def same_length(s):
  return len(list(set([len(i) for i in s]))) != len(s)
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def same_length(s):
  if s == []: return False
  for a, b in zip(s, s[1:]):
    if len(a) == len(b):
      return True
  return False

def same_length(s):
   return len(s[0]) == len(s[1])

def same_length(s):
  if len(s) < 2: 
    return False
  return True

def same_length(s):
  for a in s:
    for b in s:
      if len(a) == len(b):
        return True
  return False
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def same_length(s):
  pass

def same_length(s):
  return -1

def same_length(s):
  return len(s) == 1
  if s == []:
    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
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def same_length(s):
  if s == []: return False
  for a, b in zip(s, s[1:]):
    if len(a) == len(b):
      return True
  return False

counterfeit sample: incorrect code generated by a 
model that passes weak correctness checks

def same_length(s):
   return len(s[0]) == len(s[1])

def same_length(s):
  if len(s) < 2: 
    return False
  return True

def same_length(s):
  for a in s:
    for b in s:
      if len(a) == len(b):
        return True
  return False
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counterfeits are prevalent across all models, datasets, and 
difficulty levels!
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Models
Sample at T=0.6 from various models 
(CodeLlama, DeepSeek-I, StarCoder)

Generating Counterfeits

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

Datasets
HumanEval, LeetCode, ODEX: natural 

language to Python program
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Code Understanding
Correctness 

Checking
Execution 
Prediction

Program 
Repair

# Given a number, adds one
def addOne(x):
    if x <= 3:
        return x + 1
    return x + 1 + x

Answer: Wrong

def addOne(x):
    if x <= 3:
        return x + 1
    return x + 1 + x

assert addOne(5) == ??

Answer: 11

# Given a number, adds one
def addOne(x):
    if x <= 3:
        return x + 1
    return x + 1 + x

Possible Answer: 
def addOne(x): return x + 1
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Correctness Checking

44



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

Correctness Checking

models often classify 
counterfeit samples as 

correct!

GPT-4 is an exception!
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Execution Prediction
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Execution Prediction

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

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

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

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

repairing counterfeit 
programs is generally even 
harder than sampling from 

scratch!
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Focusing on the Right Metrics Without Bias is Crucial

Metric

Code Understanding 
(correctness checking, 

execution, repair)

Bias Uncovered

Obviously incorrect 
programs vs. counterfeit 

programs
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       LiveCodeBench 🏖🤖🏋
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, Ion Stoica
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Holistic, time-indexed evaluation of algorithmic problems

LiveCodeBench
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Perform Holistic Evaluations
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Time as a Control Knob
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Evidence of Contamination
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Focusing on the Right Metrics Without Bias is Crucial

Metrics

code generation, code 
repair, execution, test 

output prediction

Bias Uncovered

Contamination
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Focusing on the right metrics without 
bias is crucial.

Right Metrics

CRUXEval

SlopCodeBench

IneqMath

Without Bias

Counterfeit 
Conundrum

LiveCodeBench
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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
Output Prediction (O)
Execute the function on a given input

(code execution)

Input Prediction (I)
Find an input producing a given output

(code understanding + reasoning)
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Base models show 
a correlation.
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Models distilled on GPT 
data (WizardCoder, Phind, 
Phi) do NOT perform better 

than their base models!
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GPT-4 is a clear outlier!
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LiveCodeBench

66



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

Detecting Overfitting
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Open Models vs. Closed Models
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Hidden Nuances

Overfitting to HumanEval

Open vs. Closed Models

Looking Beyond the Score Reveals Hidden Nuances
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counterfeit sample: incorrect code generated by a 
model that passes weak correctness checks

def same_length(s):
  if len(s) < 2: 
    return False
  return True

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

The Counterfeit Conundrum
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Are different counterfeits different?

(Q1): Is it easier for models to understand counterfeit samples 
from problems it finds easier?
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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? 
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(Q1): Is it easier for models to understand counterfeit samples 
from problems it finds easier? 
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(Q1): Is it easier for models to understand counterfeit samples 
from problems it finds easier? 
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(Q2): Do stronger models generate harder counterfeit 
samples?

No! 

Models of all strengths can 
generate difficult 

counterfeit samples!
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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
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Theo X. 
Olausson*

Alex
Gu*

Benjamin
Lipkin*

Cedegao E. 
Zhang*

Armando
Solar-Lezama

Joshua B.
Tenenbaum

Roger
Levy

🔗 LINC: A Neurosymbolic Approach for 
Logical Reasoning by Combining Language 

Models with First-Order Logic Provers

Empirical Methods in Natural Language Processing (EMNLP), December 6-10, 2023
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Logical Reasoning in Natural Language
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Chain of Thought (CoT)

Chain-of-Thought Prompting Elicits Reasoning in Large Language Models, Wei et al., NeurIPS 2022
80
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LINC: Logical Inference via Neurosymbolic 
Computation 

Language Model

True

Symbolic Solver
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LINC: Logical Inference via 
Neurosymbolic Computation 

Using LINC, the difficulty is shifted 
from faithful reasoning to 

formalization!
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Quantitative Evaluation
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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.

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?

Datasets
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ProofWriter Results

GPT-4

LINC shows 
significant 

improvements 
across the board!
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ProofWriter Results

GPT-4

Other methods 
perform worse as 

proof depth 
increases, but LINC 

remains strong!
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FOLIO Results

GPT-4

LINC leads to gains 
for StarCoder+ and 
GPT-3.5, but CoT is 
strongest for GPT-4!
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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)?
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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?
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Failure Modes of CoT

CoT makes 
incorrect 
logical 

deductions.

CoT 
concludes 
something 

different than 
it suggests.

CoT fails to 
find complex 

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

Confusion Matrix, LINC Confusion Matrix, CoT
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2. LINC and CoT mispredict on different examples.
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3. Mispredictions of in-context reasoning baselines are 
more similar to each other than they are with 

mispredictions of LINC.
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Looking Beyond the Score Reveals Hidden Nuances

Hidden Nuance

LINC and CoT have different failure modes and 
mispredict differently
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Looking Beyond the Score Reveals 
Hidden Nuances

CRUXEval

LiveCodeBench

Counterfeit Conundrum

LINC
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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

Inspiring a Family 
of Code Reasoning 

Benchmarks

Code Execution as 
an Explicit Target

Adoption by 
Frontier Model 

Developers

What We Measure: Code Execution and Reasoning
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Inspiring a Family of Code Reasoning 
Benchmarks

CRUXEval-X: 
translation into 

19 programming 
languages

Figure from Xu et al., CRUXEVAL-X: A Benchmark for Multilingual Code Reasoning, Understanding and Execution 98
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Inspiring a Family of Code Reasoning 
Benchmarks

REval: extending 
programs to 
runtime state 

prediction

Figure from [Chen et al., Reasoning Runtime Behavior of a Program with LLM: How Far Are We?] 99
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Inspiring a Family of Code Reasoning 
Benchmarks

EquiBench: check 
if two programs 
are equivalent

Figure from [Wei et al., EquiBench: Benchmarking Large Language Models’ Reasoning about Program Semantics via Equivalence Checking] 100
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CRUXEval

Inspiring a Family 
of Code Reasoning 

Benchmarks

Code Execution as 
an Explicit Target

Adoption by 
Frontier Model 

Developers

What We Measure: Code Execution and Reasoning
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Code Execution as an Explicit Target

SemCoder
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Code Execution as an Explicit Target

SemCoder
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Code Execution as an Explicit Target

SemCoder

Code-IO
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Code Execution as an Explicit Target

Code 
World 
Model

Code-IO
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CRUXEval

Inspiring a Family 
of Code Reasoning 

Benchmarks

Code Execution as 
an Explicit Target

Adoption by 
Frontier Model 

Developers

What We Measure: Code Execution and Reasoning
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Adoption by Frontier Model Developers

Codestral, Mistral AI
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Adoption by Frontier Model Developers

Kimi-K2
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Adoption by Frontier Model Developers

DeepSeek-Coder-V2
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Adoption by Frontier Model Developers

Qwen2.5-Coder
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LiveCodeBench

Popularizing 
contamination-free 

benchmarking

Adoption by Frontier Model 
Developers

What We Measure: Holistic, Contamination-Free Coding
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LiveCodeBench

Popularizing 
contamination-free 

benchmarking

Adoption by Frontier Model 
Developers

What We Measure: Holistic, Contamination-Free Coding
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Figure from [White, et al., LiveBench: A Challenging, Contamination-Limited LLM Benchmark]

Popularizing Contamination-Free 
Benchmarking

LiveBench
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Popularizing Contamination-Free 
Benchmarking

LiveAoPSBench

Figure from https://livemathbench.github.io/leaderboard.html 114
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Figure from [Zheng, et al., LiveCodeBench Pro: How Do Olympiad Medalists Judge LLMs in Competitive Programming?]

Popularizing Contamination-Free 
Benchmarking
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Figure from https://swe-bench-live.github.io/ 

Popularizing Contamination-Free 
Benchmarking

116
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LiveCodeBench

Popularizing 
contamination-free 

benchmarking

Adoption by Frontier Model 
Developers

What We Measure: Holistic, Contamination-Free Coding
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Adoption by Frontier Model Developers

DeepSeek-V3

Figure from DeepSeek-V3 Technical 
Report
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Adoption by Frontier Model Developers

ByteDance 
SeedCoder

Figure from ByteDance 
SeedCoder Technical 
Report
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Adoption by Frontier Model Developers

Grok 4

Figure from 
https://x.ai/news/grok-4 

120
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Adoption by Frontier Model Developers

Gemini 2.5

Figure from Gemini 2.5 Technical 
Report
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LeanDojo: Theorem Proving with 
Retrieval-Augmented Language Models
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Dataset 
available

Model 
available

Code 
available

Interaction 
tool available

Model size 
(# params)

Compute
(hours)

Jiang et al., LISA, 2021 163M -

Jiang et al., Thor, 2022 700M 1K on TPU

First et al., Baldur, 2023 62,000M -

Polu and Sutskever, GPT-f, 2020 774M 40K on GPU

Han et al., PACT, 2022 837M 1.5K on GPU

Polu et al., 2023 774M 48K on GPU

Lample et al., HTPS 2022 600M 34K on GPU

Wang et al., DT-Solver, 2023 774M 1K on GPU

LeanDojo (ours) 517M 120 on GPU

Democratizing Theorem Proving Research
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Data 
extraction Training

LeanDojo Benchmark
- 98,641 theorems/proofs
- 217,639 tactics 
- 129,162 premises

Prove theorems by programmatic interaction

Lean (3 or 4) ReProver (ByT5 LM)

LeanDojo
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Lean Repo
extract information about Lean repo 

from GitHub URL

Data Extraction in LeanDojo
Traced Structures
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Small, Competitive Model
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LeanDojo

Democratizing theorem 
proving research through 

data extraction, benchmark, 
and modeling

What We Measure: Lean Theorem Proving
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Democratizing Theorem Proving Research

Lean Copilot
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Democratizing Theorem Proving Research
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Democratizing Theorem Proving Research

Lean-STaR
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lemma k_le_3_for_n_le_4_round1_main (n k : ℕ) (verts : Finset ℝ) (lines : Finset ( ℝ × ℝ)) (points : Finset ( ℕ × ℕ)) (hn : 3 ≤ n) (hcard : 
lines.card + verts.card = n) (hallpoints : ∀ p, p ∈ points ↔ p.1 ≥ 1 ∧ p.2 ≥ 1 ∧ p.1 + p.2 ≤ n + 1) (hmain : ∀ p ∈ points, (∃ l ∈ lines, 
l.1 * p.1 + l.2 = p.2) ∨ (∃ x ∈ verts, p.1 = x)) (hk : (lines.filter (fun l ↦ l.1 ≠ 0 ∧ l.1 ≠ -1)).card = k) (hn2 : n = 4):
  k ≤ 3 := by
  by_cases h16 : k > 3
  · -- Assume k > 3, we will derive a contradiction
    have h161 : k ≥ 4 := by linarith
    have h162 : (lines.filter (fun l ↦ l.1 ≠ 0 ∧ l.1 ≠ -1)).card ≥ 4 := by linarith
    have h163 : (lines.filter (fun l ↦ l.1 ≠ 0 ∧ l.1 ≠ -1)).card ≤ lines.card := by apply Finset.card_filter_le
    have h164 : lines.card + verts.card = 4 := by linarith
    have h165 : lines.card ≥ 4 := by omega
    have h166 : lines.card = 4 := by omega
    have h167 : verts.card = 0 := by omega
    have h168 : verts = ∅ := by
      exact Finset.card_eq_zero.mp h167
    have h170 : ∀ (p : ℕ × ℕ), p ∈ points → ∃ l ∈ lines, l.1 * (p.1 : ℝ) + l.2 = (p.2 : ℝ) := by
      intro p hp
      have h1701 := hmain p hp
      rcases h1701 with (h1701 | h1702)
      · exact h1701
      · rcases h1702 with ⟨x, hx, _ ⟩
        have h1703 : x ∈ verts := hx
        rw [h168] at h1703
        contradiction
    have h176 : (lines.filter (fun l ↦ l.1 ≠ 0 ∧ l.1 ≠ -1)).card = 4 := by
      have h1761 : (lines.filter (fun l ↦ l.1 ≠ 0 ∧ l.1 ≠ -1)).card ≥ 4 := h162
      have h1762 : (lines.filter (fun l ↦ l.1 ≠ 0 ∧ l.1 ≠ -1)).card ≤ lines.card := h163
      have h1763 : lines.card = 4 := h166
      linarith
    have h1761 : (lines.filter (fun l ↦ l.1 ≠ 0 ∧ l.1 ≠ -1)).card = lines.card := by linarith
    have h177 : ∀ l ∈ lines, l.1 ≠ 0 ∧ l.1 ≠ -1 := by
      intro l hl
      by_contra h1771
      ...

Seed-Prover’s Lean Proof 
of IMO 2025 P1

(total 4000+ lines)
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ProofOptimizer

ProofOptimizer: Training 
Language Models to 

Simplify Proofs without 
Human Demonstrations

What We Measure: Proof Simplicity
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✂ ProofOptimizer
Training Language Models to Simplify 

Proofs without Human Demonstrations
Alex
Gu

Bartosz
Piotrowski

Fabian
Gloeckle

Kaiyu
Yang

Aram H.
Markosyan
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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

Metrics: 
- min@k: minimum shortened proof length
- red@k: maximum relative proof length reduction
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ProofOptimizer: Overview
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Training: Expert Iteration and RL

Expert Iteration

1. Sample candidate proofs
2. Filter correct shortenings

3. Fine-tune on (original, 
shortened) pairs

Reinforcement Learning

Algorithm: GRPO 

Reward: relative shortening

Dataset: 145K Lean proofs generated by Goedel-Prover-V2
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Takeaway: Expert iteration has the best pass@32, while RL has the best pass@1

Results: Expert Iteration vs. RL
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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

Iterative Shortening: sample k candidate shortenings, take 
shortest, and repeat
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Results: Iterative Shortening
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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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