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Large Language Models (LLMS)
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Conversational Al Content Generation Al Agents

Standard Prompting Chain of Thought Prompting
- \ )
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of " isd
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many .
tennis balls does he have now? tennis balls does he have now? o 73
A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls .\
each is 6 tennis balls. 5 + 6 = 11. The answer is 11. = &J
Q: The cafeteria had 23 apples. If they used 20 to SIO“\
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to V‘
do they have? make lunch and bought 6 more, how many apples
do they have? / /
Model Output
. : A: The cafeteria had 23 apples originally. They used
A:Th 27.
o answeris 27. 3 ) to make lunch. So they had 23- 20 = 3. They v
ht 8 more apples, so they have 3 +6=9. The
Cnswer is9. o/ ) )

Reasoning
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Large Language Models (LLMS)

Conversational Al
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Standard 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: 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?

A: The answer is 27. x )

Cnswer is9. & Y,

Chain of Thought Prompting
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: 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?

J

Model Qutput
A: The cafeteria had 23 apples originally. They used

gwmmm So they had 23 - 20 = 3. They
pples, so they have 3 + 6 = 9. The

Reasoning
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What LLMs cannot do well yet?

/I’m going from Seattle

to California from
November 6 to 10,

< 2023. | have a budget of

I |$6,000. For lodging, |

User prefer an entire room

and the accommodations

\must be pet-friendly. )

Travel planning
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What LLMs cannot do well yet

/I'm going from Seattle h

to California from
November 6 to 10,

< 2023. | have a budget of

$6,000. For lodging, |

User prefer an entire room

and the accommodations

\must be pet-friendly. )
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Information Collection

[Tool] CitySearch[California]
[Result] san Francisco, Los
Angeles,.., San Diego

&

2023-11-06]
[Result] No Flights.

2023-11-06]
[Result] Flight Number: F123,
13:40-16:12, Cost: $120

[Tool] DistanceMatrix[Los Angeles,
San Diego, taxi]

Distance: 193 km, Cost: $200

[J. Xie et alJravelPlannerA Benchmark for Re®orld Planning with Language Agehts L / & po@ighii

[Tool] FlightSearch[Seattle, Los Angeles,

[Result] Duration: 1 hour 57 mins,

[Tool] FlightSearch[Seattle, San Francisco,

» Flight: F123

+ Accommodation:

« Dinner:
The Attraction

The plan must adhere to

certain constraints, e.g., user
needs and commonsense. It's g

also vital to ...

User Needs (Hard Constraints)

1. Budget: $6000
2. Room Type: Entire Room
3. Room Rule: Pet-friendly

Commonsense Constraints

1. Reasonable City Route Q
2. Diverse Restaurants a)
3. Diverse Attractions

4. Non-conflicting Transportation

5. Accommodation meets Minimum Night

e
,1‘.;,"‘!

o)

Imh

Delivery Plan

2

of g0 an Dieg
» Breakfast: » Flight: F789

Baskin Robbins (7:59-10:56),
. Cost: $300

(13:40-16:12),

Cost: $120 » Breakfast:

Open Yard

oy Lunch:
Luxury building The Lost Mughal
studio "

= Atftractions:
La Jolla Shores Park;

California Tower
= Accommodation:
East Side Apartment

Griffith Pal

Accommo 3 * Act dation:
Luxury building studio Esif'é'i?fﬁagﬂmem

023-11-10

x

Seattle -> Los Angeles

* Flight: F123, (13:40-16:12), Cost: $120

~ | * Accommodation: Luxury building studio
* Dinner: The Attraction

0



UsingSoTALLMs for Travel Planning (not grea

EvenSoTALLMs struggle for such hard planning problems

Validation (#180) Test (#1,000)
Delivery Commonsense Hard Constraint Final Delivery Commonsense Hard Constraint Final
Pass Rate Pass Rate Pass Rate Pass Rate
Rate Pass Rate  Rate Pass Rate
Micro Macro Micro Macro Micro Macro Micro Macro
Greedy Search 100 74.4 0 60.8 37.8 0 100 72.0 0 52.4 31.8 0
TI'wo-stage

; Mistral-7B-32K (Jiang et al., 2023) 8.9 5.9 0 0 0 0 7.0 4.8 0 0 0 0

Fi rst tOOI use, Mixtral-8x7B-MoE (Jiang et al., 2024) 49.4 30.0 0 1.2 0.6 0 51.2 32.2 0.2 0.7 0.4 0

Then plan the travel  Gemini Pro (G Team et al., 2023) 289 189 0 05 06 0 3.0 249 0 06 0.1 0

GPT-3.5-Turbo (OpenAl, 2022) 86.7 54.0 0 0 0 0 91.8 57.9 0 0.5 0.6 0
GPT-4-Turbo (OpenAl, 2023) 89.4 61.1 2.8 15.2 10.6 0.6 93.1 63.3 2.0 10.5 55 0.6

Sole-planning
DirectaPT—3.5—Turbo 100 60.2 4.4 11.0 2.8 0 100 59.5 2.7 9.5 4.4 0.6
CoTapPT—3.5-Turbo 100 66.3 3.3 11.9 5.0 0 100 64.4 2.3 9.8 3.8 0.4
Groundtruth tool US€,  geactirr oe mors 822 476 39 114 6.7 0.6 816 459 25 107 3.1 0.7
Then p|an the travel Reflexiongpr—3.5—Turbo 939 538 28 11.0 238 0 921 521 22 99 3.8 0.6
DireCtMixtra.]—Sx?B—MoE 100 681 50 33 1.1 O 993 670 37 39 16 07
DirectGemini Pro 93.9 65.0 8.3 9.3 4.4 0.6 93.7 64.7 7.9 10.6 4.7 2.1
DirectGpr—4-Turbo 100 804 172 471 222 44 100 80.6 152 443 231

[J. Xie et alTravelPlannerA Benchmark for Re®orld Planning with Language Agelts L / &poflighd] o6



How about 017

B Commonsense Micro B Commonsense Macro I Hard Micro B Hard Macro I Final Pass Rate
100

94.7 95.3

84.4 84.7
Final = 8.9
-Pass Rate .
0 53.6
— 50 — .
42.4
—— 39.4
3110 311
25
25 — > 51 j— — —-—
3.9
2.2
0 22 n N &

GPT-40-Mini GPT-40-Mini-SFT GPT-40 GPT-40-SFT 01-Mini ol-preview

80.1

73.5

oo oo
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LLM planning is still a hard problem

B GPT-3.5 GPT-4 B GPT-40 B Gemini 1.5 Flash B Gemini 1.5 Pro
0.8 . .
Trip planning 100
0.4
0.2 d II 80
0.0 |I M | n
3 4 5 6 7 8 9 10
Number of Cities
4 80
g
B GPT-3.5 GPT-4 B GPT-40 M Gemini 1.5 Flash B Gemini 1.5 Pro 3
1.00 ®
I I 40
Meeting planning
0.50
0.25 I| I 20
0.00 I - II I-I l.-.l = A [ ]
1 2 3 4 5 6 7 8 9 10
Number of People 0

[H. S. Zheng et MlATURAL PLAN: Benchmarking LLMs on Natural Language Blanrinhd A @ Q

Plan Length vs Correct Predictions for all Models on
Mystery Blocksworld - Plan Generation Zero Shot

Model Name

O1 Preview

Fast Downward
LLAMA 3.1 405B
O1 Mini

GPT-40 Mini
GPT-40

GPT-4 Turbo
GPT-4

Claude 3.5 Sonnet
Claude 3 Opus
Model Group

ol Models (LRMs)
Fast Downward
LLMs

2 4 & 8 10 2 1 16

Plan Length



What are the Solutions?



What are the
Solutions?
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1017 1018 1019 1020 102! 1022
FLOPS

OptionOne Scaling Law

== =1

Deep Deep | Deep [
Models Models ] Models [
Call deep models Provide | + I

(policy, values) data I I

| sover }
| End2end

OptionTwo: Hybrid System

OptionThree Emerging Symbolic
Structure from Neural network



OptionOne TheScalind-aw

o More data

_ More compute
-2.5B Larger models
-500M _
-250M Very expensive

-75M

Does that work for
reasoning/planning?

w»

107 10'® 10" 10%° 10?* 10%
FLOPS

facebook Artificial Intelligence [J. Hoffmann*, S. Borgeaud*, A. Mensch* etTahining Comput®©ptimal Large Language ModEls



Option Two: Hybrid Systems

—————————————————

Deep Models Deep Models i Deep Models g
Tool use dP;ct);”de i + i

i i
_________Endzend
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Option Two: Hybrid Systems

Deep Models
1 Tool use

Solver

facebook Artificial Intelligence



LanguageéDriven Guaranteed Travel Planning

LLMs can not handle too many constraits?Combinatorial Solvers can!

Inference
“Twant t to SFO for 3
days | h‘;f._i’a%udgei’éf ;.iﬁ:rii“g?f‘ié';ﬁhni”‘““’ A - _
$1000 .. Realistic dataset: collect from the real world
User Agent A User instruction translator: Fineined LLM to convert
: : user request into symbolic description, augmented by
o "Oesitle’ il flight/hotel information from database.
0": “San Francisco”, {
“budget”: “ L “fli .
Mo il g A Impose constraints and formalize the travel planning
"lodging”: [“enti “depart”: “6:05pm”,
= By | room, ot iendly] uration”: "1:50, Mixed Integer Linear Programming (MILP).
- 0 u I’ . W " Lu P, AT 0 [
Flight/hotel e T Wty A Build a combinatorial solver to give optimal solution.
Infﬂl‘matiﬂn } candidate hotels . |... }
Symbolic description of Symbolic description of
the user request the optimal itinerary

facebook Artificial Intelligence Ju et alTo the Globe (TTG): Towards Languagdh @Sy DdzZl NI} yGSSR ¢ NI @S



Experiments (Entb-end Human Evaluation)

&

User Guides
Bl e e Lo
o 15 Ao sappeeind AL O DR SRDL LAY, CLE VA VK, BV M08,
T, SO, PV LA, LT AK
gt s et A st Most e, oot e bt
D e s N (WD

s

¢ St S s b s S

Response phase Time (s)
Instruction Translator  2.508+0.116
MILP Solver

- Loading constraints  0.04740.061
- Solving 0.5274+0.457
- Total 0.575+0.507

Question Detractors % Promoters %| | Net %
...fully satisfies the...request -13.3 +53.3 +40.0
...offers good value for the money... -16.8 +52.0 +35.1
...1s efficient... -16.2 +53.1 +36.9

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

Ju et alTo the Globe (TTG): Towards Languageh @Sy DdzZl N> y i SSR

¢ N} @S¢



Multi-round Dialogs to Collect Information

Hi, I'm planning a trip with a specific itinerary in mind. Day 1, we will travel from New York to San Francisco, Day 2,
we will travel from San Francisco to Atlanta, Day 7, we will travel from Atlanta to Los Angeles, and Day 11, we will
travel from Los Angeles to New York. | have some specific preferences and constraints that I'd like to share with you.

Great! Thank you for sharing your itinerary. I'm glad to assist : That sounds a great trip! Can you tell me a bit more
you. Before we proceed, can you please confirm if you are about your travel style? Are you looking for luxury,
traveling with a child? budget-friendly, or something in between? (Prioritization)
No, | am not ﬁ I'd say I'm looking for mid-range cost.
That helps rule out some family-friendly options. Next, are [Think]: The traveler is looking for mid-range cost
you looking to book this trip as part of a frequent traveler options, which suggests they have a budget in mind. |
program or would you like to earn rewards points for your ¢ should ask about their budget next. [End Think] Can you

travel in the future? (Not prioritize important questions) tell me what your budget is for this trip? (Clarification)

I prefor o book tis trip as part o @: waeissoo. (8 User has hidden constraints
a frequent traveler program. @ [‘rh;nk]: With a budget ?ff $3900, :ishould ask about their h f r)
» Terrific! Frequent traveler programs can definitely reward you preferred airline to see if we can find options within their
for your loyaity.(No clarification) Now, in terms of budget, | budget. [End Think] Do you have a preferred airline that ow to Ig ure o Ut '
E want to get a better sense of what you're comfortable : you'd like to use for this trip?

st e ) s 1o nenes. (6 A Proactively ask!

$5,000, or over $5,000 per person for this trip? What type of cabin would you prefer? For example,
: would you like economy, premium economy, business,
I'd say my budget for this trip is around $3, 900. or first class?
: I'd prefer business class. ﬁ

Traveler: Yes, | do have a disability that requires Do you require disability access for your

How can | assist you further? (Not proactive)

some accommodations. accommodations or transportation? (Proactiveness)
E Thank you for sharing this with me. Safety and accessibility area Yes, | do require disability access. ﬁ
top priority for our guests with disabilities. :
@ (a) Llama3.1-8B-Instruct  Accuracy: 0.231 (b) AP EQ’ ravel Age N{Accuracy: 0.279

facebook Artificial Intelligence [Jiang et alTowards Full Delegation: Designing Ideal Agentic Behaviors for Travel Planni



APE@gent Constitution

LLM agents should be evaluated and optimized not only based on final outcome, but also basegracddere of
how agents achieve the goal.

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

- Proactivity. Whether the agent proactively collects useful information to solve the task. Such
iInformation may be public or private, vague or precise, explicitly provided or inferred from reques

- Hficiency. Whether the agent can achieve its goal with a minimal number of interactions (e.g.,
number of questions asked, API calls and tool uses).

- Qredibility. The reliability with which agents achieve positive outcomes (e.g., amount of
hallucination and inconsistency).

[Jiang et alTowards Full Delegation: Designing ldeal Agentic Behaviors for Travel Planni



Using Agent Constitution to fiaine the models

Model Average Accuracy Efficiency Agentic Scores (Full score in each axis: 5)
#Rounds Overall Critical Overall Critical Plan & Priority Proactive Clarification Total
Llama-3.1-8B 15.49 0.231 0.301 0.015 0.019 3.88 4.07 3.90 11.86
Llama-3.1-8B-Reasoning 15.50 0.217 0.287 0.014 0.018 3.80 4.06 3.87 11.75
APEC-Travel-SFT 9.39 0.261 0.417 0.029 0.047 4.46 4.25 3.68 12.41
APEC-Travel-DPO
Iteration 1 11.19 0.286 0.423 0.027 0.041 4.36 4.22 3.86 12.46
Iteration 2 9.77 0.279 0.425 0.031 0.047 4.48 4.32 4.13 12.95 |
Iteration 3 11.18 0.295 0.442 0.029 0.044 4.35 4.30 3.99 12.67
Iteration 2+3 11.36 0.296 0.448 0.028 0.043 4.44 4.28 3.79 12.52
Other SoTA LLMs
Llama3.1-70B 15.49 0.243 0.308 0.016 0.020 3.95 4.19 3.84 12.00

Llama3.1-70B-Reasoning 15.48 0.229 0.310 0.015 0.020 3.93 4.31 4.02 12.28




Agentasa-JudgeEtvaluate Agents with Agents

only.

LLM A

The Federal Reserve
buys bonds in the
secondary market to
increase the money
supply.

. Judge LLM

question.

Accuracy:

5/10

10/10
Instruct-Following:

(Conversation Task)

If the FED buys bonds in the secondary market (A) the
money supply will increase. (B) the money supply will
decrease. (C) the money supply will not be affected. (D)
the discount rate would be affected. Output the answer

LLM

(A) the money supply
will increase.

is better because it gives the correct option
directly, following the required format of the

Accuracy:

10/10
Instruct-Following:

10/10

Metrics-based Judge

N

LLM-as-a-Judge

facebook Artificial Intelligence

Upg

User (Agentic Task)

Hi! Please follow the instruction and set up the script from the
blog https://www.factsmachine.ai/p/hidden-in—
plain-sight to generate 1080p images with hidden text
(‘FUTURE,” in src/visualize.py. Save them in
results/ and verify the text is embedded.

Agent A Agent

=

Workspace

s
& ~ &) visualize py
r <: V4
i results

= hidden jpg

Waorkspace
L sre

& visualize.py

I Workspace I Workspace

Judge Agent ¢ ==

| meract

2B Environment

ide_text_in_image

4 print(“Er

is better because it runs and generates the required
files, fulfiling the user's request. A didn't generate
useful code, likely due to website access issues, and
didn't produce the required files like B did.

Time: 500.7s

Cost: $1.5
Requirements:
Satisfied 2/2 (100%)

Time: 1800.6 s
@ Cost: $1.7

Requirements:

Satisfied 0/2 (0%)

Metrics-based Judge

~

Agent-as-a-Judge

Req

lace

[M. Zhugeet al, Agentasa-WdzR 3SY 9 @I f dz G S

User

Hi! Please follow the instruction and set up the script from the
blog https://www.factsmachine.ai/p/hidden-in—
plain-sight to generate 1080p images with hidden text
(“FUTURE,” in src/visualize.py. Save them in
results/ and verify the text is embedded.

Agent

Agent A

Workspace Q Werkspace
L0 o o
@ visualize.py A N I: @ visualize.py
‘ e <:L°-J v r;su\&
e ¥ == hidden.jpg
I Workspace {3 Environment I Workspace
£3) user ¢ Zm
=< Interact

< It starts to run

& ltstarts to run &% Navigate the website

2 It can't browse the web
G £ Jump to GitHub

== Stuck in an strange loop

, » Writing codes
@ Codes are unreliable

&i Execute and get images

As a User

After step-by-step checks, it's clear Agent is better and
satisfy two requirements of the query. But comparing these
agents or evaluate them took too much time. As a developer,
this would be a bottleneck due to the heavy manual effort.

As a Developer

\

(Agentic Task)

Human-as-a-Judge

3

s



Option Two: Hybrid Systems

Provide
data

Solver

facebook Artificial Intelligence



SearchformerA* Search as a Token Prediction

/7 Wall
2| @
e
0 *—PQ

0

1\ 2
Goal

©-» Planstep
‘ Frontier state

Closed state

facebook Artificial Intelligence [L. Lehnert, et aBeyond A*: Better Planning with Transformers via Search Dynamics Bootstrappirig,a]<



SearchformerA* Search as a Token Prediction

/ot Wal <prompt> <trace><plan>
bos bos
21 @ start 0 2 create 0 2 cO c3
goal 10 )
1 ‘ wall 12 create 01 clc2
* wall 20
: . eos create 00c2cl
0 create11c2cl
0 1 2
Goal create 1 0 c3 cO
©-» Plan step plan 02
O Frontier state plan 01
plan 00
Closed state plan 10

€e0sS

facebook Artificial Intelligence



Training Method

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

Model SolutiorOnly Model SearckhAugmented Model

- Decoca

<prompt> <plan> <prompt>  <trace><plan>

(100400 tokens) (1006500 tokens)

facebook Artificial Intelligence



SearchAugmented vs. Solutie@nly Models

® O
O O
I I

)
o O
I I

Correctly Solved
S
|

Test Tasks [in %]

o

[ [ [ [
50k 100k 500k 1M

Number of Training Sequences



SearchAugmented vs. Solutie@nly Models

 —100- - 30x30 Maze Navigation
D = 80 —
= \
O =
) % 60 —
=) 8 40—
§ =
S 0 20—
O R Solution Only, 175M
U 1
50k 100k 500k 1M

Number of Training Sequences



SearchAugmented vs. Solutie@nly Models

 —100- . 30x30 Maze Navigation
o
g i 80 — Search Augmented, 15M
O i—,
N ¢ 60— Search Augmented, 46M
T,
8 Ic—s 40— Search Augmented, 175M
S O 20—
S Solution Only, 175M
0

[ [ [ [
50k 100k 500k 1M

Number of Training Sequences
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SearchAugmented vs. Solutie@nly Models

 —100- . 30x30 Maze Navigation
o
g i 80 — Search Augmented, 15M
O i—,
N ¢ 60— Search Augmented, 46M
T,
§ Ic—s 40— Search Augmented, 175M
S O 20—
S Solution Only, 175M
0

[ [ [ [
50k 100k 500k 1M

Number of Training Sequences S€arcraugmented is much
more parameter & data efficient

facebook Artificial Intelligence



SearchAugmented vs. Solutie@nly Models

i — 94— e Search Augmented
—
% m—— Solution Only

88 —
86 —
84— I I

46M  175M 747M
Model Parameters

13
=
s T

Sokoban

Optimally Solved
Test Tasks [in %]
1

Searchaugmented is much more parameter & data efficiel



How to go beyond?

‘
Learning

LaAYy 3 a2t OSNXA (0 NI O Ginetuge thé Madal 16 achigvehorter
Transformer with teacher forcing trace but still leads t@ptimal plan!
(Reinforcement Learning task)

e g

Searchaugmented Models Searchformer

facebook Artificial Intelligence



Beyond A*: pwgmemea | LIt ——

Improving search T

dynamics via 5
_ ()  Searchformer—
bootstrapping | | |

Q.
2
()  Searchformer—
| | |
(qp) A* — %
Q.
2
()  Searchformer—
| | |
0) 5000 10000

Sequence Length Averaged per Test Task



Improving search dynamics via bootstrapping

Params. Model ILR-on-solved ILR-on-optimal
Solution only - -
Search augmented 0.908 +0.020 0.919 +0.019

45M  Searchformer, step 1  1.054 +0.025 1.062 +0.015
Searchformer, step 2 1.158 +0.025 1.181 +0.012
Searchformer, step 3 1.292 +0.044 1.343 +0.067
176M Solution only - -
Search augmented 0.925 +0.010 0.933 +0.011
757M  Solution only - -

Repeated bootstrapping increases th
Improved Length Ratio (ILR)

facebook Artificial Intelligence



Improving search dynamics via bootstrapping

Params. Model Solved (%) Optimal (%)

Solution only 90.3 +1.0 86.8 0.3

Search augmented 92.5 1.0 90.8 +1.6

45M  Searchformer, step 1  95.5 +1.0 93.5 +£1.0
Searchformer, step 2  96.0 +0.5 93.4 +0.6
Searchformer, step 3  95.5 +0.8 03.7 +1.6

175M Solution only 05.7 +0.2 90.0 +0.8
Search augmented 95.2 4+0.9 93.2 £+1.0

757M  Solution only 96.5 +0.1 02.2 +1.2

facebook Artificial Intelligence

Finetuning improves
performance initially.



Improving search dynamics via bootstrapping

Params. Model Solved (%) Optimal (%)

Solution only 90.3 +1.0 86.8 +0.3

Search augmented 92.5 1.0 90.8 +1.6

45M  Searchformer, step 1  95.5 +1.0 93.5 +£1.0
Searchformer, step 2  96.0 +0.5 93.4 +0.6
Searchformer, step 3  95.5 +0.8 03.7 +1.6

175M Solution only 05.7 +0.2 90.0 +0.8
Search augmented 95.2 4+0.9 93.2 £+1.0

757M  Solution only 96.5 +0.1 02.2 +1.2

facebook Artificial Intelligence

Searchformer
outperforms largest
solutiononly model.



DualFormelSearchformew?2)

bos /Structured Trace Dropping Strategieh
(create 0 2 c0 c3 1 L B 11 the o1 .
o close 0 2 c0 ¢c3 «— D1 (drop a close clause) LvL 1 =D // drop all the close clauses
8 create 0 1 cl c2
= close 0 1 cl c2 LvL 2 = D1 + D2 // drop all the close clauses
5 create 0 0 c2 ¢l « D2 (drop cost tokens in + all the cost tokens
e
®© create 1 1 c2 cl a clause)
(b}
o close 0 0 c2 cl Lvl 3 = D1 + D2 + sampled D3 // Lvl 2 + drop some
< kcreate 1 0c3 c0le—p3 (drop a create clause) st L
close 1 0 c3 cO -

(1 4 = drop the entire trace /

facebook Artificial Intelligence [D. Su et alDualformer Controllable Fast and Slow Thinking by Learning with Randomized Reasoning Tracés)



DualFormelSearchformew?2)

Method Avg Trace Length 1-Optimal-64 / 3-Optimal-64 1-Solved-64 / 3-Solved-64 SWC  Diversity
Dualformer (auto) 222 99.7 / 994 99.9 / 99.8 0.999 12.52
Maze 15x 15 Complete-Trace 495 94.6 /90.1 96.7/93.0 0.964 7.60
Solution-Only - 72.0/68.9 82.7/80.1 0.610 1.52
Dualformer (auto) 351 99.5 / 98.6 99.9 / 99.3 0.997 20.28
Maze 20 x 20 Complete-Trace 851 98.3/95.5 08.8/93.0 0.987 14.53
Solution-Only - 56.3/52.0 71.9/67.5 0.690 1.52
Dual former (auto) 427 98.6 / 96.9 99.8 / 99.0 0.998 24 81
Maze 25 x 25 Complete-Trace 1208 95.2/85.7 97.0/90.4 0.968 18.85
Solution-Only - 39.7/34.7 60.3/55.4 0.570 1.9
Dualformer (auto) 617 96.6 / 92.1 98.4 / 97.7 0.989 24.42
Maze 30 x 30 Complete-Trace 1538 93.3/82.4 95.9/88.1 0.964 7.60
Solution-Only - 30.0/26.0 54.1/47.8 0.500 1.86
Dualformer (auto) 494 94.0 / 90.0 97.4 /1 94.7 0.979 4.97
Sokoban Complete-Trace 3600 929/844 94.7789.0 0.944 2.91
Solution-Only - 86.8/83.4 92.8/90.0 0.919 1.24

Dualformerautomatically switches between fast mode (System 1) and slow mode (System 2)
and worksbetter for dedicatedmodels on either modes.

facebook Artificial Intelligence



Fast mode performance

Method 1-Optimal-64 / 3-Optimal-64 1-Solved-64 / 3-Solved-64 SWC  Diversity

Maze 15x15 Dualformer (fast) 91.8 / 87.6 97.1 / 94.8 0.960 9.05
Solution-Only 72.0/68.9 82.7/80.1 0.610 1.52

Maze 20x20 Dualformer (fast) 90.9 / 84.0 97.0 / 94.0 0.960 17.27
Solution-Only 56.3/52.0 71.9/67.5 0.690 1.52

Maze 25x25 Dualformer (fast) 83.9 /729 95.5 / 90.6 0.940 21.23
Solution-Only 39.7/34.7 60.3/55.4 0.570 1.9

Maze 30x30 Dualformer (fast) 80.0 / 66.0 91.8 / 85.7 0.906 18.23
Solution-Only 30.0/26.0 54.1/47.8 0.500 1.86

Sokoban Dualformer (fast) 973 / 944 94.8 / 90.0 0.970 4.92
Solution-Only 86.8/83.4 92.8/90.0 0919 1.24

Slow mode performance

Method Avg Trace Length 1-Optimal-64 / 3-Optimal-64 1-Solved-64 / 3-Solved-64 SWC  Diversity
Maze 15x 15 Dudlformer (slow) 278 99.6 / 99.2 99.9 / 99.9 0.999 12.54
Complete-Trace 495 94.6/90.1 96.7/93.0 0.964 7.60
Maze 20 x 20 Dualformer (slow) 439 98.9 / 97.8 99.9 / 99.7 0.998 18.86
Complete-Trace 851 98.3/95.5 98.8/93.00 0.987 14.53
Maze 25 x 25 Dualformer (slow) 589 99.9 / 97.2 99.7 / 99.3 0.997 25.05
Complete-Trace 1208 95.2/85.7 97.0/90.4 0.968 18.85
Maze 30 x 30 Dualformer (slow) 854 97.6 / 93.2 99.5 / 98.2 0.993 25.77
Complete-Trace 1538 93.3/824 95.9/88.1 0.964 7.60
Dualformer (slow) 1482 94.5 / 87.6 97.4 / 94.1 0.970 4.66
Sokoban Complete-Trace 3600 929/84.4 94.7/89.0 0.944 291
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Math Problems

Llama-3-Aug (baseline) Here is a detailed
step-by-step explanation of the reasoning:

» Step 1: Understand the problem and the
given information. We are asked to find
the sum of the elements in the tenth row
of Pascal’s Triangle, given that the third
row has four elements and their sum is 8.

 Step 2: Recall the formula for the sum of
the elements in a row of Pascal’s Triangle.
The sum of the elements in the nth row is
given by the formula: (3) + (7) + (5) +

()=

» Step 3: Identify the relationship between
the sum of the elements in a row and the
sum of the elements in the previous row.
Since the sum of the elements in the nth
row is 2", the sum of the elements in the
(n-1)th row is 271,

» Step 4: Recognize that the sum of the ele-
ments in the third row is 8, which is equal
to 23. This is because the sum of the ele-
ments in the third row is (g) + (:1;) + (g) =
1+ 3+ 3 = 7, and the extra 1 comes from
the top row, which is counted as the Oth

row.

facebook Artificial Intelligence

Question 1

In Pascal’s Triangle, the third row has four elements, and the sum of these elements is 8. What is the
sum of the elements in the tenth row? (Note that we are counting the top row with a single 1 as the

0th row).

Step 5: Use the relationship between the
sums of the elements in consecutive rows
to find the sum of the elements in the tenth
row. Since the sum of the elements in
the third row is 23, and the sum of the
elements in the (n-1)th row is 2"~ 1, we
can set up the equation: 23 = 210-1,

Step 6: Solve the equation for n. Tak-
ing the logarithm of both sides, we get:
3log2 = (10 — 1) log 2. Simplifying, we
get: 3log 2 = 9log 2, which implies that
log 2 = 0. This is a contradiction, since
log 2 is a positive number.

Step 7: Conclude that the equation 23 =
2191 has no solution, and therefore, the
sum of the elements in the tenth row is not
equal to 2101,

Step 8: Recognize that the sum of the ele-
ments in the tenth row is still given by the
formula: () +(7) + () +++++ (10) =
210

The answer is: 1024.

Baseline

Llama-3-Aug (p=0.4, ours) Here is a de-
tailed step-by-step explanation of the reason-
ing:

* Step 1: Understand the problem and the

given information. We are asked to find
the sum of the elements in the tenth row of
Pascal’s Triangle, given that the third row
has four elements and their sum is 8.

Step 2: Recall the properties of Pascal’s
Triangle. The elements in each row of
Pascal’s Triangle are the binomial coeffi-
cients, which represent the number of ways
to choose k items from a set of n items. The
sum of the elements in each row is equal to
2™ where n is the row number.

Step 3: Identify the relationship between
the sum of the elements in the third row
and the sum of the elements in the tenth
row. Since the sum of the elements in each
row is equal to 2", we can write the sum
of the elements in the third row as 2% = 8.
Similarly, the sum of the elements in the
tenth row is 210,

Step 4: Calculate the sum of the elements
in the tenth row. 210 = 1024.

The answer is: 1024.

Dualformer



Math Problems

Model Dataset & Dropping Prob | Greedy@1(%) (slow / fast) Trace Length | Pass@20(%) (slow / fast) Trace Length
Aug-MATH (baseline) 16.9 / 9.6 527 / - 59.6 / 29.8 521 / -
Aug-MATH (p=0.1) 186 /11.3 508 / - 61.6 / 32.0 479 / -

Mistral-7B Aug-MATH (p=0.2) 17.8 / 11.2 A77 / - 61.4 / 31.9 470 / -
Aug-MATH (p=0.3) 17.8 / 11.8 497 / - 61.9 / 31.7 466 / -
Aug-MATH (p=0.4) 17.0 / 11.0 434 / - 56.4 / 28.9 397 / -
MATH 13.1 / 8.5 290 / - 53.0 / 29.4 227 / -
Aug-MATH (baseline) 19.7 / 13.1 548 / - 62.7 / 35.6 535 / -
Aug-MATH (p=0.1) 20.1 / 13.3 544 / - 63.4 / 36.2 522 / -

Llama-3-8B  Aug-MATH (p=0.2) 20.5 / 13.8 525 / - 63.9 / 36.7 497 / -
Aug-MATH (p=0.3) 20.5 / 13.5 515 / - 63.4 / 37.5 474 / -
Aug-MATH (p=0.4) 20.4 / 13.5 490 / - 63.4 / 37.2 450 / -
MATH 13.3 / 12.6 432 / - 52.8 / 35.5 332 / -
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Option Two: Hybrid Systems

—————————————————

Deep Models

_+
=u

Solver
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Nonlinear objective with combinatorial
constraints

Nonlinear + differentiable
gl objective Qe

ARealworld domains:
AComputer system planning
A Designing photonic devices
AThroughput optimization
AAntenna design
AEnergy grid

Corhbinatorial/
feasible region




Example: Embedding Table Placeme L.

Given: Naive Sharding
A Qtables
A¢ identical devices
ATable’thas memory requirementr
ADevice'thas memory capacity

5

\
B

10

/

(=Ri--BENRI-"RIS RN NN L

] Bottl(laneck
Find
AAllocation of tables to devices observing device memory limits

AMinimize latency which isstimated by a neural networcapturing nonlinear
Interactions)




Given:
~ GPU1
A Cxables |
. i i o GPU2
A¢ identical devices £
ATable'thas memory requirement bl
ADevice'thas memory capacity GPUA 35.95
| 10 20 30 40 50
Timestamp (millisecond)
Formulation

A4 A4

-ETJ((b)s.t.B(bé( Oh Bw ph N 7ip

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



Solve the Combinatorial Problem in the Latent
Space

Original Space

Nonlinear optimization with
combinatorial constraints

Latent Space

Surrogate optimization

I E’D.n .Z(‘) AO(;HIFE ﬁ"
® ° ° ° . n
A Predict surrogate cogt - « .
o N ——— ' . A
@0 I'T] ® ° ot m
combinatorial solved by existing combinatorial solvers
constraints

o («) optimizes' Qe as much as possible

[A. Ferbeet al, SurCoLearning Linear Surrogates For Combinatorial Nonlinear Optimization Pr@bletns’ a [ ditstandirlg paRerin SODS workshof



Solve the Combinatorial Problem in the Latent

Space

Original Space

Nonlinear optimization with
combinatorial constraints

| EQelN

o0 i

combinatorial
constraints

Latent Space

Surrogate optimization

Predict surrogate cogt - «

)

GBe N M

solved by existing combinatorial solvers

o («) optimizes' Qe as much as possible

Proposal gradientbased optimization



SurCoSurogatecombinatorial opt

AUse surrogate MILP to solve original problem
AFind linear coefficients such thatA O C "ol A O C ikl

Problem Surrogate Solution Loss
descriptione Coefficientsw (D "Meo’)
DescriptionA Solver Obiecti
g _ ] Ve jective
> C?Lefﬁ(J:Lleints. ) | AOG sl — o) )
Tr

[A. Ferbeet al, SurColLearning Linear Surrogates For Combinatorial Nonlinear Optimization Prableins a [ ddtstandirtg yaRerin SODS workshof:



Gradientbased Optimization

AUse surrogate MILP to solve original problem
AFind linear coefficients such thatA O C "ol A O C ikl

Problem Surrogate Solution Loss
descriptione Coefficientsw (D "Meo’)
DescriptionA Solver -
e Objective
coefficients: — yd A O C HEL ] ~ef 22
— s s “d) AOGHBI > o) >
Tr
no 4k 2 JL .
r ¢ ue" 3¢ e Qe
Assumed Recent work on differentiable optimization Assumed
differentiable Differentationof blackboxoptimizers differentiable
CVXPYLayers
MIPaalL
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Embedding Tabl8harding -

GPU4
[

APublicDeep LearningRecommendationv odel (DLRM dataset) placing
between 10 to 60 tables on 4 GPUs

ABaseline: Greedy
ASoTARL approach Dreamshard

ASurCo Surrogate NN model learned v@/XPY Layefdifferentiable LP
Solver)

1Zhaet al. NeurlP2022
Dataset:https://github.com/facebookresearch/dlrm dataset:



https://github.com/facebookresearch/dlrm_datasets

Resultsg TableSharding

Table Sharding Solution Loss (Latency) Table Sharding Deployment Runtime (s)
50 2.5
? _
2 / =
2 40 g © 2.0
% A f B Domain Heuristic E
= 5 . Greedy g
o 30 5 B SurCo-zero = L5
3 v e »
- g
= 20 - 1.0
S Z g
2 , i _
S 10 Z & 05
«n . ’ o
0 0.0
DLRM-10 DLRM-20 DLRM-30 DLRM-40 DLRM-50 DLRM-60 DLEM-10 DLEM-20 DLEM-30 DLEM-40 DLEM-50 DLEM-G0
Setting Setting
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Inverse Photonic Design

ADesign physicallyiable devices that take light waves and routes
different wavelengths to correct locations

ADevice design misspecification 108» computed by differentiable
electromagnetic simulator

AFeasible solution: the design must be the union of brush pattern
Ax =binary_openingx, brush)
Ax = binary_opening x, brush)



