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LLMs x Planning Benchmarks
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Welcome!

You are in the middle of the room.
Looking around you, you see

a diningtable, a stove,

a microwave, and a cabinet.

Work on computer Make coffee Read a book
Turn on your computer and Go to the kitchen and Sit down in recliner. Pick up 1
sit in front of it. Type on the keyboard, swith on the coffee machine. Wait until a novel off of coffee table. Open novel to N Reasoning

Your task is to:
Put a pan on the diningtable.

> goto the cabinet grab the mouse to scroll. it'’s done and pour the coffee into a cup. J last read page. Read. ) [ . Plan Component
pom - e = - - | anner Validator
You arrive at the cabinet. . ; _ . A4 . . .y \
The cabinet is closed. VI”UO'HOI ne ol | ) Domain | ' \ £/
> open the cabinet robot plClyground s \ ; I GProbIe:n Specific ! ! Test Case Domain Test Case
: . enerator I Evaluator

The cabinet is empty. _ 1 — s x . translator ' . Generator Independent
e sit in | (ST number EE3 K- - : RN . 7 — y (I Components

oto @ stove . ] Y . *

9 niﬁma:n mmm = ) y " I o im i ettt st it s s s e e e e =
You arrive at the stove. Near the Rotateleft ouch ' 2 . . | _\ 2
stove, you see a pan, a pot, —_— ' Domain .
a bread loaf, a lettuce, ' Domain |
and a winebottle. Model Dependent . (

I
> take the pan from the stove ! Componeivs : ,| Language Models Being
et et e e e e e k. . . . —— ! Tested

You take the pan from the stove.
> goto the diningtable
You arrive at the diningtable.

> put the pan on the diningtable

You put the pan on the
diningtable.

ALFWorld VirtualHome PlanBench
[Shridhar, 2021} [Puig, 2018] [Valmeekam, 2023]
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Action:
Language Action
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Introducing Robotouille!

Synchronous Benchmark
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Reasoning: The goal is...
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Environment Action
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Action: Move robotl from table2 to stovel)
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( Observation: )
stovel has pattyl on top of it
Valid Actions: ...

| Goal: Make a lettuce burger. y

Synchronous Benchmark

Asynchronous Benchmark

Synchronous Planning Synchronous Planning Asynchronous Planning

Cutting lettuce while
patty is cooking
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x Waiting for patty
to cook

Efficient

Steps: 20

Inefficient

Steps: 25




Robotouille can evaluate LLM agents on all desiderata

LLM |
Handle time
Agents
delays
Should

Models subtasks with
time delays

Robotouille
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Models subtasks with 30 unique tasks and
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Robotouille can evaluate LLM agents on all desiderata

Solve long horizon Collaborate with
diverse tasks others

Models subtasks with 30 unique tasks and Supports multiple agents
time delays procedural generation locally and over network

Robotouille



Experiments

We evaluate the following baselines on synchronous and asynchronous settings

1. Input/QOutput (1/0): Act
2. 1/O CoT: Think, Act
3. ReAct: Sense, Think, Act

Metrics

® Success rate: Average # goals reached in 10 procedurally generated levels
® Steps to go: Optimal number of steps to reach the goal from failure state



Takeaway 1: Closed-loop agents are superior

Synchronous (%) Asynchronous (%)
/O 1I/OCoT ReAct 1/0 1/0 CoT ReAct
gpt4-o 4.00 14.0 47.0 1.00 1.00 11.0
gpt—4o0-mini 4.00 10.0 11.0 0.00 1.00 0.00
gemini-1.5-flash 0.00 13.0 0.00 0.00 0.00 0.00
claude—-3-haiku 1.00 2.00 2.00 0.00 0.00 0.00

Agents should make use of feedback from interactive environments to recover
from mistakes and reach the goal



Takeaway 2: Asynchronous failures make little progress towards the goal

Asynchronous

100

S

Percentage (%)
S

20

0.0%
0,05]  (05,1.0] (1.0,1.5] (1.5 )
Normalized Steps to Go

A majority of asynchronous failures fail more than halfway from the goal.



Takeaway 3: Synchronous and asynchronous failures are closely related

Synchronous Asynchronous

Failures
[S] Misunderstands Predicates
[T] Violates 'Hold one item' rule
[T] Violates 'One item at station' rule
[T] Violates both rules
|G] Bad Start
|G] Both Uncertainties
|G] Ingredient Uncertainty
|G] Order Uncertainty
[A] Invalid Action

10.1%

Total: 89

Agents struggle at recovering from violating environment constraints and self-
correcting from small mistakes towards the goal
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