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The Bitter Lesson (March 13, 2019)

Richard Sutton
2024 Turing Award

The biggest lesson from 70 years of AI research
• General methods that leverage computation are 

ultimately the most effective, and by a large margin

Historical Evidence
• Games: expert rules and strategies → surpassed by search and learning
• Speech/vision: feature engineering → end-to-end deep learning
• Control/robotics: human modeling intuition → reinforcement learning 

and general optimization

One thing that should be learned
• The great power of general purpose methods, of 

methods that continue to scale with increased 
computation even as the available computation 
becomes very great. 

• The two methods that seem to scale arbitrarily in this 
way are search and learning
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AI for Optimization
Deep Learning

Model Free Method Learn to Optimize

Reinforcement 
Learning

End-to End 
Learning methods

• Learn GD by GD
• Intuitive, easy to 

implement
• No guarantee of 

generalization  

• Algorithm Unrolling
• High parameter 

efficiency
• Dependence on 

classical algorithmsTuring Award
LeCun

• point-network

• High efficiency 
• No generalization to 

large problem  Farkas Prize
Andrea Lodi

• Learn branch and 
cutting

• Thereotical guarantee 
• Dependence on 

award functionDeepMind
Oriol Vinyals

Foundational Model 
for Optimization 

Representation

Different sizes and types

Decision-making and 
Reasoning

Core Goal
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Foundational Model for Optimization? 
qTraditional methods: 𝐦𝐢𝐧

𝒙∈𝜲
𝒇(𝒙)

qMy foundational model (Generative paradigm):

𝐦𝐢𝐧
𝜽

𝔼𝒇~𝓓[𝔼𝒙~𝒑𝜽,𝒙∈𝜲[𝒇(𝒙)]]
• The variable 𝒙 is sampled from a parameterized distribution 𝒑𝜽
• The function 𝒇 is sampled from different problem families 𝓓
• Methodology: Offline training + online tuning

q Examples:
• Binary Optimization (MP) https://github.com/optsuite/MCPG
• Routing: Lmask (ICLR)           https://github.com/optsuite/LMask
• Scheduling: WeCAN https://github.com/optsuite/WeCAN
• QAP: PLMA                         https://github.com/optsuite/PLMA

https://github.com/optsuite/MCPG
https://github.com/optsuite/LMask
https://github.com/optsuite/WeCAN
https://github.com/optsuite/PLMA


Binary Optimization
MCPG

C. Chen, R. Chen, T. Li, R. Ao, Z. Wen, A Monte Carlo Policy Gradient Method 
with Local Search for Binary Optimization, Mathematical Programming 
https://github.com/optsuite/MCPG
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Binary Optimization   
NP-hard Problem

Difficult for current algorithms 

Industry demand for large-scale 
problems

Binary optimization： Probabilistic model：

Policy gradient

Probabilistic 
Model

• Build 
parameterized 
models

MCMC 
Sampling

• GPU for fast 
large-scale 
sampling

Compute 
Obj. fun.

Decompose 
computation into 
matrix operations

Probabilistic 
Representation

Efficient Large-Scale 
Exploration of Solution Space

Local Search Improves 
Solution Quality

Exact Penalty for 
Constraints

MCPG

Tetris



Parameterized 
Distribution

Target 
Distribution
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Probabilistic Method
Probabilistic Representation for 

Integer Programming 
Optimization

Gibbs 
Distribution 其中

Approximating Distributions 
to Reduce Complexity

Parameterized Distribution…

When ,

Optimize parameters θ to minimize the KL difference

Gibbs approx.
converges

Parameterized 
Approximation 

Gradient of Loss 

similar to policy gradient 
in RL ！

𝐴!	 is advantage function

𝑐	constant，i.e.

Probabilistic Model Loss Function

𝑍! 	𝒊𝒔	𝒂	𝒄𝒐𝒏𝒔𝒕𝒂𝒏𝒕Training 

MCPG
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Sampling and Local Search
Markov Chain Monte 

Carlo (MCMC) Sampling
Filter  function for 

local search

Initial 
sol.𝑥"

Attempt 
Sampling

𝑥$~𝑄(% |𝑥%)

Compute Acceptance 
Probability

𝑎 𝑥# 𝑥$

= min 1,
𝑒%! ('")𝑄 𝑥$ 𝑥#

𝑒%! ('#)𝑄 𝑥# 𝑥$

Metropolis 
Criterion 

Determines 
Acceptance

𝑥$)* = 𝑥#

𝑥$)* = 𝑥$
𝑘 = 𝑘 + 1

accept

Reject

Proposal Distribution 𝑄(𝑥#|𝑥)

Balance Exploration and 
Exploitation

Only requires unnormalized 
probability distribution

• Let 𝒩(𝑥) be neighborhood of x, define

• Example 1： neighborhood search

• Example 2：Greedy method

• Filter function 𝑇 projects 𝑥 to a better solution in the 
neighborhood

Large-Scale Parallelism on 
GPU

Mean-Field Approximation 
Improves Sampling Efficiency

MCPG
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MCPG

Github: https://github.com/optsuite/MCPG

MCPG

https://github.com/optsuite/MCPG
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Convergence MCPG
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Maxcut Problem
Large scale random graphs

Gset Problems

Formulation：

MCPG: stable & strong on large-
scale problems
• 50k-node graphs ≈ 10k-node 

performance
• Best results on Gset; 

surpasses known solutions on 
G55 & G70

• Near-optimal in short time
• More complex filters → 

further gains

MCPG



Routing: LMask
T. Li, H. Zou, J. Wu, Z. Wen, LMask: Learn to Solve Constrained 
Routing Problems with Lazy Masking, ICLR 2026 
https://github.com/optsuite/LMask



Learn to Solve Constrained Routing

NP-hard integer programming

Hard constraints make it difficult 
to guarantee solution feasibility

demand for fast path planning 
algorithms

Tianyou Li*, Haijun Zou*, Jiayuan Wu, Zaiwen Wen, “LMask: Learn to Solve Constrained Routing Problems with Lazy Masking”, ICLR, 2026

Routing Problem： Probabilistic Model：

M
A
S
K

TSP with Time Window（TSPTW） TSP with Draft Limits（TSPDL）

• Integer programming: high complexity, low 
efficiency

• Learning-based methods with masking may 
violate constraints

LMask



An illustrative overview of LMask

LazyMask Decoding

initialization

Generate next 
location

Check 
subsequent 

feasible 

If feasible 
solution exists

Backtrack and 
update 

candidates

If no feasible 
solution exists

Two-step 
lookahead 
initialization

Max backtrack reached

Loss Function of Probabilistic Model

Path cost 
loss

Entropy 
regularization 

Constraint 
violation penalty



Numerical Results

Achieves feasible 
solutions for TSPTW

Lowest optimality gap 
among learning methods

Much faster than 
traditional solvers

• Traditional solvers (PyVRP/ORTools): >4h for 10k TSPTW instances (size 100)

• LMask (learning-based): 20s for 10k instances, outperforms others (>30s)

• Lmask Significantly 
reduces optimality gap

• LMask infeasibility rate 
≈0.0%

• Traditional Solvers 

• Greedy Methods
 
• Learning Methods

PyVRP，LKH，ORTOOL

Greedy-L，Greedy-C

PIP, PIP-D, LMask

LMask



Scheduling: 
WeCAN

R. Zhou, H. Zou, L. Zhou, C. Sun, Z. Wen, Reinforcement Learning for 
Heterogeneous DAG Scheduling with Weighted Cross-Attention



DAG Heterogeneous Scheduling Problems 
MILP ModellingSequential Modelling

Feasible real-valued 
solutions are difficult 
to generate directly

The number of 
variables and 
constraints is 

extremely large

Directed graph 
constraints are 

complex and diverse 
in form

Challenges in Problem Solving

Dependency

Matching

Resource

Sequence 
Characterization

Ordering 
Representation 

Dependency

Resource

Matching

Dependency

Task execution order 
must satisfy the directed 

graph dependencies

Resource Matching

At any time, the total 
resource consumption of 

running tasks on any 
resource pool must not 

exceed its resource capacity

Each task must be 
assigned to a compatible 

resource pool

Problem Scale（TPC-H-100, 3 pool）



Network Architecture 

q The Weighted Cross-Attention Module embeds all compatibility coefficients as 
attention biases, enabling lossless information encoding while ensuring 
scalability — a single network can be directly applied to various resource 
environments (e.g., different numbers of pools).

q The Graph Neural Network based on Longest Directed Distance efficiently 
encodes dependency relations, guaranteeing long-range information 
propagation while preserving partial order relationships.

Generation Mapping with Skip Decision IncorporatedNeural Network Architecture Modules

Generation mapping: selecting the highest-scoring constraint-compliant decision 

based on static task–pool scores and dynamic skip scores. If a task–pool pair (v, c) 

is selected: assign start time s(v) = t and allocate pool c(v) = c. If "skip" is selected: 

advance t to the earliest next task completion time.

q The introduced skip decision fixes the flaw where list scheduling may miss the 
optimal solution, significantly improving solution accuracy in specific scenarios 
such as heavy tasks.

q The skip-score clustering method groups "poor solutions" together, reducing 
the difficulty of reinforcement learning.

Scheduling

Task-Pool Pair Score Skip Coefficient

Score and jumping coefficient Solution



Numerical Results
TPC-H Dataset Synthetic Dataset 

Good 
generalization

Skip decision

Guaranteed 
optimal 

reachability

WeCAN



QAP: PLMA
Pan Yicheng, Zou Haijun, Zhou Ruisong, Li Tianyou, Wen Zaiwen, 
Learning the Quadratic Assignment Problem with Warm-Started 
MCMC Finetuning and Cross-Graph Attention



Learning the Quadratic Assignment
QAP：Permutation

QAP：Matrix

• Feature extraction is 
challenging for the 
problem information 
matrices D and F

• Permutation incurs high space
complexity

• conventional models suffer 
from inefficient sampling

Energy Models over Permutations：

O(1) Temporal Neighborhood Search：

Estimation of Gradient：

Forward Training Objective：

Pretraining and Fine tuning：

Probabilistic 
Generation

Embed problem 
information to 
generate a score 
matrix

Solution 
Sampling

Long-chain 
MCMC 
Sampling

Solution 
Improvement

Forward 
push via 
parallel local 
search

Policy 
Gradient

Pretraining

Model 
Training 
Train the 
probabilistic 
model using  
policy gradient

Solution 
Generation

Short-Chain 
MCMC 
Sampling

Model Fine 
Tuning

Update 
policy 
gradient

New Model

Fine 
Tuning

Generating 
New Instances



Model Architecture 
Warm-start MCMC Fine TuningNetwork Architecture

facility embbedings location embbedings

GCN Encoder 
with flow matrix  F

GCN Encoder 
with distance matrix D

Cross-Graph Attention 

Heatmap Generation 

• Information Embedding within Graphs: Treat matrices D/F as weighted 

adjacency matrices for separate graph convolution, obtaining two sets of 

node features.

• Information Interaction across Graphs: Perform cross-attention on the 

two feature sets to enable cross-graph message passing.

• Matching-Score Generation: Apply inner product followed by nonlinear 

activation to the two feature sets.

• Core Advantage: The architecture avoids constructing an 𝑛²-node 

correlation graph, ensuring scalability.

• Native Feasibility: Probability is modeled directly in the permutation space, 

using 2-swap as the fundamental improvement operation, ensuring both 

sampling feasibility and efficiency.

• Efficient Parallelism: During fine-tuning, multiple instances are optimized 

in parallel via batch processing, sharing the same set of network 

parameters, thereby improving computational efficiency.

• Support for Pretraining: Pretraining provides a favorable initial 

probability distribution for fine-tuning.

Model 

Instance 
(N)

Instance 
(1)

... ...

Probab
ility (N)

Probab
ility (1)

... ...

Batch 
solution(N)

Batch 
solution (1)

... ...

Policy 
Gradient 

MCPG 
Sampling

Batch Fine 
tuning



Numerical Results
Synthetic datasets Robustness Testing

QAP
LIB

• PLMA(T=1): Generates solutions in seconds with accuracy far surpassing 

previous learning-based methods.

• PLMA(T=200): Achieves 0.00% optimality gap on synthetic datasets, 

with significantly faster speed compared to traditional methods (14× 

faster on QAP100, 4× faster on QAPLIB).

• Robustness: No outlier cases with >100% optimality gap on Taixxeyy, 

and the average gap is substantially lower (2.38% vs. 81.01%).



Formalization
+ Automatic 

Theorem Proving
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Formalization of the Gradient Method 

q minimize a differentiable fun: 𝒇 𝒙 , i.e., min
𝒙
𝒇 𝒙

q the gradient method: 𝒙𝒌&𝟏 = 𝒙𝒌 − 𝜶 𝛁𝒇 𝒙𝒌

q Suppose 𝒇 𝒙  is convex，then the complexity is：
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Formalization of Mathematical Optimization

Over 3,000 formalized theorems
Tens of thousands of lines of formalized code

Building a Formalized Software Library for Optimization: Optlib
https://github.com/optsuite/optlib

Conceptual 
Extensions

Property 
Extensions

Algorithm 
Definitions

and 
Theoretical 

Proofs

q Definitions and properties of gradients for smooth functions

q Definitions of subgradients and proximal operators for nonsmooth functions

q Properties of convex functions and Lipschitz-smooth functions

q Optimality conditions for convex optimization and general 

constrained optimization problems

q Convergence analysis of optimization algorithms

Ø Gradient Descent                      Subgradient Methods

Ø Proximal Gradient Methods    Nesterov’s Accelerated Methods

Ø Alternating Direction Method of Multipliers

Ø Block Coordinate Descent

Formal mathematics training programs
Over 200 high-quality formalization 

talents trained

Portions of the formalized code have been adopted into the official Mathlib4

Chenyi Li, Ziyu Wang, Wanyi He, Yuxuan Wu, Shengyang Xu, and Zaiwen Wen. Formalization of Convergence 
Rates of Four First-order Algorithms. Journal of Automatic Reasoning.. 2025, 69, 4.
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Rockafellar《Convex Analysis》

Makes a classic optimization text browsable, verifiable, and reusable

Classic text to formal knowledgep A classic in convex analysis

p Complete theory, clear structure

p A foundation for formalized 

optimization

p Keep book-reading experience

p Chapter browsing

p Docs match Lean source paths



M2F: Automated Formalization at Scale

Wang Zichen, Ma Wanli, Ming Zhenyu, Zhang Gong, Yuan Kun, Wen Zaiwen, 
M2F: Automated Formalization of Mathematical Literature at Scale https://github.com/optsuite/M2F
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ReasBook: A textbook-/paper-scale Lean4 knowledge base

p A Lean 4 knowledge base for textbooks and research papers (compilable, verifiable, reusable)

p Goal: convert long-form math into a buildable Lean project, while keeping the original structure

p Content coverage: A continuously expanding collection of Books and Papers. 2026 target is 1,500 books and 100,000 papers.

Examples: Tao, Analysis II; Rockafellar, Convex Analysis; Lebl, Real Analysis.

p https://github.com/optsuite/ReasBook

The goal is a buildable library that follows the book structure.
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Repository organization: Lean source + documentation site

p Browse like a book: Organized by book/paper contents, with clear chapter structure for easy lookup and navigation

p Two views of the same artifact: Compilable Lean code, together with a web documentation site for a better reading experience

p Reusable knowledge base: Formalized definitions and lemmas can be directly imported by later chapters and other projects

p Designed for continuous growth: Add a new book or paper with a standard template and extend it incrementally

p Easier collaboration: Team members can review, fill proof gaps, refine details, and expand coverage together

ReasBook enables scalable formal math libraries with low-cost collaboration and high reuse

Ø Standard templates

Ø Unified docs

Ø Unified source management



Automatic Theorem Formalization: From Structure to Instances

Chenyi Li, Wanli Ma, Zichen Wang, Wen Zaiwen, SITA: A Framework for Structure-to-Instance  Theorem Autoformalization. AAAI 2026.

� Multi-agent 

collaborative 

formalization 

system (SITA)；

� Structure-template-

driven instance 

formalization

� Automatic 

instantiation of 

concrete 

optimization 

problems
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Automated formalization: min
𝒙

𝟏
𝟐
| 𝑨𝒙 − 𝒃 |𝟐 + 𝝁 | 𝒙 |𝟏

Proximal methods

Formal Convergence

Abstract structure and 
property templates

Formal def: problems 
& algorithms Property verification Full reports 

generation

c

Formal def. of Lasso Gradient Lip. continuity

Formalized Convergence 
for Lasso

c

Formalized algorithm 
For LASSO

Automated formalization: definitions, 
properties, theorems

Flexible domain 
knowledge framework 
via formal templates

Natural language 
report from formal

......

Report for Lasso

Basic def. & prop.

Algorithm

Convergence proofs



ReasLab
https://model.reaslab.io



Modeling
Agent

Solver 
Agent

Prompt-
driven

Multi-paradigm modeling
+

One-click Python scripts

Modeling

Smarter than an LLM

§ Automatically detects problem 
classes

§ Adaptively selects modeling 
paradigms

§ Generates Python code and 
solves

§ AI-assisted exploration and 
conjecturing

§ Auto-generates TeX with live 
preview

§ Supports AI-based document 
refinement

§ Translates Lean propositions from 
natural language

§ Generates verifiable formal proofs
§ Improves rigor and research 

efficiency

Reads statements in natural language
+

Generates compilable Lean scripts

Mathlib-integrated proof checking

Theorem
Proving

Interactive
Writing

Beyond Overleaf

AI-assisted exploration and 
conjecturing

+
Live LaTeX compilation

ReasLab: Intelligent Mathematical Reasoning System

Natural 
language

+ formalization

§ Matches solution strategies and 
algorithms

§ Supports diverse optimization 
tasks

§ Generates code and solver output

Algorithm
Design

Builds a solution pipeline
+

Autonomously calls algorithms

More efficient than manual tuning



Thank You!


