
Towards a unified framework of Neural 
and Symbolic Decision Making 

YuandongTian
Research Scientist Director

Meta AI (FAIR)



Large Language Models (LLMs)

Conversational AI Content Generation AI Agents

Reasoning Planning



Large Language Models (LLMs)

Conversational AI Content Generation AI Agents

Reasoning Planning



What LLMs cannot do well yet?

Travel planning

[J. Xie et al, TravelPlanner: A Benchmark for Real-World Planning with Language AgentsΣ L/a[Ωнп όSpotlight)]
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Using SoTA LLMs for Travel Planning (not great)

First tool use, 
Then plan the travel 

Ground-truth tool use, 
Then plan the travel 

Even SoTA LLMs struggle for such hard planning problems

[J. Xie et al, TravelPlanner: A Benchmark for Real-World Planning with Language AgentsΣ L/a[Ωнп όSpotlight)]



GPT-4-turbo %

[J. Xie et al, TravelPlanner: A Benchmark for Real-World Planning with Language AgentsΣ L/a[Ωнп όSpotlight)]

How about o1?



LLM planning is still a hard problem

Number of Cities

Number of People

Trip planning

Meeting planning

[H. S. Zheng et al, NATURAL PLAN: Benchmarking LLMs on Natural Language PlanningΣ ŀǊ·ƛǾΩнпϐ
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Option One: TheScalingLaw

More data
More compute
Larger models

Does that work for 
reasoning/planning?

Very expensive

[J. Hoffmann*, S. Borgeaud*, A. Mensch* et al, Training Compute-Optimal Large Language Models]
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Language-Driven Guaranteed Travel Planning

LLMs can not handle too many constraints? ->  Combinatorial Solvers can! 

ÅRealistic dataset: collect from the real world

ÅUser instruction translator: Fine-tuned LLM to convert 

user request into symbolic description, augmented by 

flight/hotel information from database. 

ÅImpose constraints and formalize the travel planning as 

Mixed Integer Linear Programming (MILP).

ÅBuild a combinatorial solver to give optimal solution.

Ju et al, To the Globe (TTG): Towards Language-5ǊƛǾŜƴ DǳŀǊŀƴǘŜŜŘ ¢ǊŀǾŜƭ tƭŀƴƴƛƴƎ ό9ab[tΩнп 5ŜƳƻύ 



Experiments (End-to-end Human Evaluation)

Net Prompter Scores (NPS) and its breakdown in three dimensions: satisfaction, value and efficiency.

Ju et al, To the Globe (TTG): Towards Language-5ǊƛǾŜƴ DǳŀǊŀƴǘŜŜŘ ¢ǊŀǾŜƭ tƭŀƴƴƛƴƎ ό9ab[tΩнп 5ŜƳƻύ 



Multi-round Dialogs to Collect Information

User has hidden constraints, 

how to figure out? 

Ą Proactively ask!

[Jiang et al, Towards Full Delegation: Designing Ideal Agentic Behaviors for Travel Planning] 

(b) APEC-Travel Agent



APEC Agent Constitution 

LLM agents should be evaluated and optimized not only based on final outcome, but also based on the procedure of 

how agents achieve the goal.

- Accuracy. The quality of the final solution that the agent provides (e.g., number of questions that 

are answered correctly).

- Proactivity. Whether the agent proactively collects useful information to solve the task. Such 

information may be public or private, vague or precise, explicitly provided or inferred from requests.

- Efficiency. Whether the agent can achieve its goal with a minimal number of interactions (e.g., 

number of questions asked, API calls and tool uses).

- Credibility. The reliability with which agents achieve positive outcomes (e.g., amount of 

hallucination and inconsistency).

[Jiang et al, Towards Full Delegation: Designing Ideal Agentic Behaviors for Travel Planning] 



Using Agent Constitution to fine-tune the models 

Ғ



Agent-as-a-Judge: Evaluate Agents with Agents

Ғ

[M. Zhuge et al, Agent-as-a-WǳŘƎŜΥ 9ǾŀƭǳŀǘŜ !ƎŜƴǘǎ ǿƛǘƘ !ƎŜƴǘǎΣ ŀǊ·ƛǾΩнп] 
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Searchformer: A* Search as a Token Prediction 
Task
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[L. Lehnert, et al, Beyond A*: Better Planning with Transformers via Search Dynamics Bootstrapping, /h[aΩнп]

Wall



Searchformer: A* Search as a Token Prediction 
Task

<trace><plan>
bos
create 0 2 c0 c3  
close  0 2 c0 c3 
create 0 1 c1 c2 
close  0 1 c1 c2 
create 0 0 c2 c1 
create 1 1 c2 c1 
close  0 0 c2 c1 
create 1 0 c3 c0  
close  1 0 c3 c0 
plan   0 2 
plan   0 1 
plan   0 0 
plan   1 0
eos

0 1 2

2

1

0

Start

Goal

Plan step

Frontier state

Closed state

Wall
<prompt>
bos
start 0 2
goal  1 0
wall  1 2
wall  2 0
eos



Train a Transformer to predict the next token via teacher forcing.

Training Method

Encoder

<prompt> <trace><plan>

DecoderEncoder

<prompt> <plan>

Decoder

Solution-Only Model Search-Augmented ModelModel

(100-400 tokens) (100-6500 tokens)



Search-Augmented vs. Solution-Only Models
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Search-Augmented vs. Solution-Only Models

30x30 Maze Navigation

Search-augmented is much 
more parameter & data efficient!



Search-Augmented vs. Solution-Only Models

Search-augmented is much more parameter & data efficient!

Sokoban



How to go beyond?

Imitation 
Learning

Fine-tuning

¦ǎƛƴƎ ǎƻƭǾŜǊΩǎ ǘǊŀŎŜ ǘƻ ǘǊŀƛƴ ǘƘŜ 
Transformer with teacher forcing

Fine-tune the model to achieve shorter 
trace but still leads to optimal plan!

(Reinforcement Learning task)

Search-augmented Models Searchformer



Search

Augmented

A*

Searchformer

A*

Searchformer

A*
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Beyond A*: 
Improving search 
dynamics via 
bootstrapping



Repeated bootstrapping increases the 

Improved Length Ratio (ILR)

Improving search dynamics via bootstrapping



Fine-tuning improves 

performance initially.

Improving search dynamics via bootstrapping



Searchformer 

outperforms largest 

solution-only model.

Improving search dynamics via bootstrapping



DualFormer (Searchformer v2)

[D. Su et al, Dualformer: Controllable Fast and Slow Thinking by Learning with Randomized Reasoning TracesΣ ŀǊ·ƛǾΩнпϐ



DualFormer (Searchformer v2)

Dualformer automatically switches between fast mode (System 1) and slow mode (System 2) 
and works better for dedicated models on either modes. 



Fast mode performance

Slow mode performance



Math Problems

Baseline Dualformer



Math Problems



DualFormer
Dualformer o1-preview (OpenAI)
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Nonlinear objective with combinatorial 
constraints

ÅReal-world domains:
ÅComputer system planning

ÅDesigning photonic devices

ÅThroughput optimization

ÅAntenna design

ÅEnergy grid

Nonlinear + differentiable 
objective Ὢ●

Combinatorial 
feasible region



Example: Embedding Table Placement

Given:
ÅὯ tables

Åὲ identical devices

ÅTable Ὥ has memory requirement ά

ÅDevice Ὦ has memory capacity ὓ

Find
ÅAllocation of tables to devices observing device memory limits

ÅMinimize latency which is estimated by a neural network (capturing nonlinear 
interactions)



Example: Embedding Table Placement

Given:
ÅὯ tables

Åὲ identical devices

ÅTable Ὥ has memory requirement ά

ÅDevice Ὦ has memory capacity ὓ

-ÉÎ ╛ ὼ  s.t. Вὼά ὓȟ Вὼ ρȟ ὼ ᶰ πȟρ

Formulation

╛ is nonlinear due to system issues (e.g., batching, communication, etc)



Solve the Combinatorial Problem in the Latent 
Space

Original Space Latent Space

ÍÉÎ
●
Ὢ●Ƞ◐

ÓȢÔ ●ᶰɱ

Nonlinear optimization with 
combinatorial constraints

Predict surrogate cost ╬ ╬◐

●ᶻ◐ ÁÒÇÍÉÎ
●
╬◐╣●

ÓȢÔ ●ᶰɱ

●z ◐ optimizes Ὢ●Ƞ◐ as much as possible

Surrogate optimization 

combinatorial 
constraints

solved by existing combinatorial solvers

[A. Ferberet al, SurCo: Learning Linear Surrogates For Combinatorial Nonlinear Optimization ProblemsΣ L/a[Ωно ŀƴŘ outstanding paper in SODS workshop]
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Surrogate optimization 

combinatorial 
constraints

solved by existing combinatorial solvers

Proposal: gradient-based optimization



SurCo: Surrogate combinatorial opt

ÅUse surrogate MILP to solve original problem

ÅFind linear coefficients c such that ÁÒÇÍÉÎ
ᶰ
Ὢὼ ÁÒÇÍÉÎ

ᶰ
ὧὼ 

[A. Ferberet al, SurCo: Learning Linear Surrogates For Combinatorial Nonlinear Optimization ProblemsΣ L/a[Ωно ŀƴŘ outstanding paper in SODS workshop]

Objective
Ὢ●z

Solver

●z ╬ ÁÒÇÍÉÎ
ᶰ
╬●

Solution
●z ╬

Loss
Ὢ●z

Surrogate 
Coefficients ὧ

Description Ą 
coefficients:
╬ ╬◐

Problem 
description ◐



Gradient-based Optimization

ÅUse surrogate MILP to solve original problem

ÅFind linear coefficients c such that ÁÒÇÍÉÎ
ᶰ
Ὢὼ ÁÒÇÍÉÎ

ᶰ
ὧὼ 

Objective
Ὢ●z

Solver

●z ╬ ÁÒÇÍÉÎ
ᶰ
╬●

Solution
●z ╬

Loss
Ὢ●z

Surrogate 
Coefficients ὧ

Description Ą 
coefficients:
╬ ╬◐

Problem 
description ◐

●ɳὪ●╬ɳ●z ╬

Assumed 
differentiable

Recent work on differentiable optimization
Differentation of blackbox optimizers
CVXPYLayers
MIPaaL
Etc. 

Assumed 
differentiable

ᶯ╬◐



Embedding Table Sharding

ÅPublic Deep Learning Recommendation Model (DLRM dataset) placing 
between 10 to 60 tables on 4 GPUs

ÅBaseline: Greedy

ÅSoTA: RL approach Dreamshard1

ÅSurCo: Surrogate NN model learned via CVXPYLayers (differentiable LP 
Solver)

1 Zha et al. NeurIPS 2022
Dataset: https://github.com/facebookresearch/dlrm_datasets 

https://github.com/facebookresearch/dlrm_datasets


Results ς Table Sharding



Inverse Photonic Design

ÅDesign physically-viable devices that take light waves and routes 
different wavelengths to correct locations

ÅDevice design misspecification loss Ὢ● computed by differentiable 
electromagnetic simulator

ÅFeasible solution: the design must be the union of brush pattern
Åx = binary_opening(x, brush)

Åx = ͯ binary_opening( xͯ, brush)


