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Egocentric videos

Egocentric videos captures the world from a first-person perspective, providing
immersive and personalized data.

e Memory Augmentation: Log users’ daily life and help users recall past
experiences on demand.

e AR/VR: Enhances immersive experiences and real-time contextual interactions.

e Human-Robot Interaction: Enables robots to better understand and
collaborate with humans.





https://docs.google.com/file/d/1i-Lz2firWop6dTJQl-DwZ-NTFIoewFxC/preview

Limited data

Challenges?

Partial visibility

Long videos

Motion blurs

Object occlusions




Eg04D N\ Meta

A massive-scale egocentric video dataset
and benchmark suite.

e 3,025 hours of dailylife activity video
hundreds of scenarios (household,
outdoor, workplace, leisure, etc.)

e 855 unique camera wearers

e 74 worldwide locations

e 9 different countries.

https://ego4d-data.org/



https://ego4d-data.org/

EGO-EXQO4D ®veo

A massive-scale multi-view multi-modal dataset

e simultaneous ego and multiple exo videos
multiple egocentric sensing modalities (audio,
IMU, point cloud, eye gaze...)

5,035 videos

1,286 ego+exo hours

740 participants

123 sites

https://ego-exo4d-data.org/



https://ego-exo4d-data.org/

Let’s explore the data!

1. Review and accept the terms of Ego4D license agreement.

https://ego4d-data.org/docs/start-here/#license-agreement

2. Use the visualizer tool to explore the data

https://visualize.ego4d-data.org

3. For small datasets like EgoSchema, you can download a copy by yourself in Burst. If you
need to access the full video dataset, please reach out to TAs. (Torch path:
/projects/work/public/ml-datasets/, but the file system is not shared with Burst)

4. Check the official website for documentations https://ego4d-data.org/docs/



https://ego4d-data.org/docs/start-here/#license-agreement
https://visualize.ego4d-data.org/
https://ego4d-data.org/docs/

Ego4D Challenges

At CVPR/ICCV workshops, Meta hosts various Ego4D challenges of Ego4D’s five benchmarks.

e Search Ego4D in https://eval.ai/web/challenges/list to participate in challenges!
e You can submit (an answer file) to evaluate your model on the private test sets

& & O JC :

Episodic Memory Hand-Object AV Diarization Social Forecasting
Interactions


https://eval.ai/web/challenges/list

Episodic memory

e Episodic memory: specific first-person experiences
E.g. What did | eat and who did | sit by on my first flight to France?

e Semantic memory: acquired knowledge—memorized facts or information.

E.g. What's the capital of France?

Semantic Memory Episodic Memory
Egocentric video records the who/what/when/where

of an individual’s daily life experience
— ideal for episodic memory!

Apples
Edible - Fruit - Stem }
Seeds - Tree — Red
Round - Sweet

Applications: personal Al assistant

memory for specific events
that you have experienced

object knowledge learned
over many interactions



VQ2D/VQ3D

Visual queries with 2D/3D localization: Given an egocentric video clip and an image crop
depicting the query object, return the most recent occurrence of the object in the input video, in
terms of contiguous bounding boxes (2D + temporal localization) or the 3D displacement vector
from the camera to the object in the environment.

Query
+ frame:
14357

v

Video clip +

Most recent occurrence
[VQ2D example in visualizer] (frame number + bb box) 10



https://visualize.ego4d-data.org/0d270946-95c5-4e71-ae49-b9e802548147?q=%22benchmarks+include+vq%22&st=%22vq%22

NLQ

Natural Language Query: Given a video clip and a query expressed in natural language, localize
the temporal window within all the video history where the answer to the question is evident.

Video clip

+

Query: Who did | interact
with when | looked in the
mirror.?

[NLQ example in visualizer]

A temporal
window that can
answer the
question:

02:26 - 02:34

n


https://visualize.ego4d-data.org/d730a47a-013d-4cd3-b478-370f2fb0d918?q=%22benchmarks+include+nlq%22&st=%22nlq%22

M

Moments queries: Given an input video and a query action category, the goal is to retrieve all the
instances of this action category in the video. Specifically, it poses the request 'Retrieve all the
moments that | do X in the video.', where X comes from a pre-defined taxonomy of action categories.

Video clip

+
Moment:
chop / cut wood_pieces
_using_tool

[MQ example in visualizer]

All temporal
windows of the
given activity

0:00 - 03:48 chop_
0:15 - 03:45 chop_,

02:28 - 02:31 chop,

12


https://visualize.ego4d-data.org/cc883eb4-7772-4ef8-bd85-2c9cb5c6565d?q=%22benchmarks+include+moments%22&st=%22moments%22

EgoTracks

EgoTracks: Given an egocentric video and a visual template of an object, localize the bounding
box containing the object in each frame of the video along with a confidence score representing the

presence of the object.

Template

Video clip +

Bounding box + confidence

13

[EgoTrack paper]



https://arxiv.org/pdf/2301.03213

Goal Step

Goal Step: Given an untrimmed egocentric video, identify the temporal action segment

corresponding to a natural language description of the step. Specifically, predict the (start_time,

end_time) for a given keystep description.

goals
14

steps
y

substeps

v v v v

v

>
>
>
>
>
>

0:00 - 02:16 Stir dough (Prepare the dough mixture)

02:19 -

02:31 -

05:29 -

05:41 -

06:40 -

06:57 -

08:43 -

08:57 -

09:34 -

14:45

02:26 Clean up the kitchen area (Clean the cabinet)

05:28 Knead the dough until it is smooth (Knead the dough in a bowl)
05:35 Clean up the kitchen area (Clean the cabinet)

06:36 Wash hands (Clean hands)

06:55 Clean up the kitchen area (Clean the cabinet)

08:42 Roll out the dough on a floured surface (Roll dough into balls)

08:52 Clean and clear kitchen surfaces (Clean the table)

09:28 Sprinkle flour onto the cooking surface (Add flour to chopping board)

14:38 Roll out the dough on a floured surface (Roll out the dough ball)

- 15:10 Wash or disinfect chopping board (Clean the chopping board)

> substeps [37]

[Goal Step example in visualizer]

14


https://visualize.ego4d-data.org/6d738e16-abe9-4e7f-870b-1c60ea2cd257?q=%22benchmarks+include+goalstep%22&st=%22goalstep%22

EgoSchema

EgoSchema: Given a 3-minute video clip, one question and 5 possible answer choices, output the
index from 0 to 4 indicating which answer choice is the most correct.

0 What is the overarching behavior of C
and the man in the video?

C teaches the man game rules but the man
seems distracted and is not paying attention

The man teaches C how to play the card game
while organizing the deck for future games

C and the man are playing a card game while
keeping track of it in a notebook

C shows the man how to properly shuffle
cards while the man plays them

The man shows C a new card game while
C takes notes for future reference

[EgoSchema website]

15


https://egoschema.github.io/

More ego models and data!

e EPIC-KITCHENS-100: 20M frames of egocentric footage of first-person view kitchen activity,
captured in an unscripted manner. https://epic-kitchens.github.io/2025

e Aria Digital Twin: 200 sequences of real-world activities conducted by Aria wearers in two real
indoor scenes with 398 object instances. https://www.projectaria.com/datasets/adt/

e EgoBody: Large-scale dataset capturing ground-truth 3D human motions during social
interactions in 3D scenes. https://sanweiliti.github.io/egobody/egobody.html

e HoloAssist: Egocentric human interaction dataset, where two people collaboratively complete
physical manipulation tasks. https://holoassist.qgithub.io/

e Egolife: multimodal daily activities of six participants over a week
https://github.com/EvolvingLMMs-Lab/EgoL.ife

16


https://epic-kitchens.github.io/2025
https://www.projectaria.com/datasets/adt/
https://sanweiliti.github.io/egobody/egobody.html
https://holoassist.github.io/
https://github.com/EvolvingLMMs-Lab/EgoLife
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Video features

1. Extract video features (slowfast, omnivore...

) and text features using pretrained encoders

2. Fuse features and feed them into a base video model

Narration: Video:
C look at the pan

C stir the meat in the bowl
C picklup the bowl

(1) Feature|Extractor Pretraining (2) Groundln Model Pretraining

F Ego Video T GroundNLQ
Feature Extractor

(3) Groundlng'ModeI Finetuning

Natural Lan!guage (NL) Video:
Query:

Where did I put the empty
bowl?

(a) Training pipeline

Example: GroundNLQ (winning solution for NLQ2023)

. S HOSD:

Text Feature chre. g3 e °° =

Video Feature | OWPUt: ©'score:0.022 © Score: 0.932
[ Text-aware &

Video Feature /

- N N O
( ) Multi-modal Multi-scale
Text Encoder

L Transformer Encoder

F F 7 3 3
\ R | | .. | [ ...

I

|
1 (3‘% CLIP \ ( 3% InternVideo + EgoVLP
I NL Query: Video:

I In what location did I
-1 see the keys?
|

(b) GroundNLQ design

https://arxiv.ora/pdf/2306.15255
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https://arxiv.org/pdf/2306.15255

Ego foundation models

LaVilLa: Use LLMs to densely narrate long videos, then

EgoVLP: “CLIP” trai ideo- ti
go C rained on video-narration use those narrations to train a dual-encoder.

data constructed from Ego4D.

Conventional

Video-La
C looks around the e o ideo-Language

open space. : Representation Learning
i Feedback of EgoClip design () [S)
o TR itves e AN FgaMCO T ™ =
6 Ot Q: #C C holds cloth Narration / ASR
gets food for
the dog from pocket r EgoNCE j o E X ' . X [ Dual-Encoder Model ]
Video clip Narration [Video Enc] [ Text Enc ] _--"‘;}& ; X . X -
e & T 1
(a) Pretraining set 7 T (c) Development set ﬁ'”
Clip Text

(b) VLP model

(d) Egocentric downstream tasks

Video-text retrieval Action recognition ... | Natural language query
EPIC-KITCHENS-100 = " Charades-Ego Ego4D Challenge

Dual-Encoder Model

e https://ghlin.me/EgoVLP/ v, L 5_& JQ_,

e  https://shramanpramanick.github.io/EgoVLPv2/ IAIadywmwAmmmdq S ey
‘E |Cwa]ksonthepavement C takes a selfie with the phone

https://facebookresearch.github.io/LaViLa/
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https://qhlin.me/EgoVLP/
https://shramanpramanick.github.io/EgoVLPv2/
https://facebookresearch.github.io/LaViLa/

Captions + LLMs

1. Convert videos into a textual log using a captioning model.
2. Use LLM to process the captions and answer queries.

Instruction

\

. Video  digest
" Captioning v

Question

https://agenticlearning.ai/lifelong-memory/

LLM

Coarse
t' ~Interval _ Fine-grained

Explanation Refinement Ehdey

/ NLQ

) Pred —

\% Answer . Voteby ,  Final
Confidence - " Confidence ~ ' Answer

I ‘i QA

20


https://agenticlearning.ai/lifelong-memory/

Agents

A Predict Answer |——— A SeffReflect |——— A Find MissingInfo |

\A.a
Answer the question: SO O ——— Find more information:
\ \
What does the dog play with What does the dog play..?
Frame 50/500 at the beginning? What does the dog play..? )
? A.ice B. bag C. cat D. bottle Frame 450: A dog is sniffing.. Frame 450: A dog is sniffing..
< Frame 50: A dog is walking.. Predict segment and query Q
t 4 C 3 . - - : o A
< Frame 250: A dog is washing. *énez\e/*fr:- gnl oIS Saeh "Segment 1: Frame 1-50 T
. Frame 450: A dog is sniffing.. -y ’ .
Frame 250/500
Frame 53/500
= |l \ 1% 7 '\ y,
Output Output
Output p p ) |_—

=
Answer: A _ N | Segment: 2
Reason: Only ice is seen. Corfiance: LOW' Query: Dog plays with sth. B

Frame 450/500
21
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https://arxiv.org/pdf/2403.10517

NYU

LLM Agent

Advanced Topics in Embodied Learning and Vision

Ying Wang



LLM Agents

4 \

l’ q00000 :

: = |
“An agent is anything that can | ‘Memog firkon
be viewed as perceiving its x | ! { —
environment through sensors Tooluse | |
and acting upon that C | }
environment through -— | _
actuators.” — Russell & Norvig, -_— LLM | Environment

. Retrieval | , Feedback

Al: A Modern Approach (2020) | Reasoning & |

Il Planning ,’

\\ ________ 7

Agent

23

cr: https://rdi.berkeley.edu/adv-lim-agents/sp25



Why LLM Agents?

v

Solving real-world tasks typically involves a trial-and-error process
Leveraging external tools and retrieving from external knowledge
expand LLM’s capabilities
Agent workflow facilitates complex tasks

e Task decomposition

e Allocation of subtasks to specialized modules

e Division of labor for project collaboration

e Multi-agent generation inspires better responses

24

cr: https://rdi.berkeley.edu/adv-lim-agents/sp25



Applications

* Education
* Law
ISOFE80 ® =y ”
. * Finance
Code generation Computer use
Cursor, GitHub Copilot, Devin, Google Jules... Anthropic Claude, Google Jarvis, OpenAl Operator * Healthca re

- = * Cybersecurity

Personal assistant Robotics

Google Astra, OpenAl GPT-4o,... Figure Al, Tesla Optimus, NVIDIA GROOT...
25

cr: https://rdi.berkeley.edu/adv-lim-agents/sp25



Agenda

Building block, workflows, agent
Cognitive architectures for language agents

LLM Agent Environments

o Embodied Agent Interface
o AgentBoard

26



Building Block

Query/
Results

Retrieval

>  LLM > ( Out
AN R
Call/ svee_’s/
Response e
j Y
Memory
Tools

27

cr: https.//www.anthropic.com/research/building-effective-agents



Workflows

Pass
chaining /9 LLMCall2 ——>  LLMCall3 ——— | Out
Output 2
In —>  LLMCall1 —_— Gate
Output 1 )
D [ Exit
Fail
. LLM Call 1
routing F e N
) —— [ . > | LLMCall2 | --o--n-: > ( out
Router
A
> | LEEMCalt8 | ---""
28

cr: https.//www.anthropic.com/research/building-effective-agents



Parallelization

/) LLM Call 1 -

In | ——>  LLMCall2 ——>  Aggregator  —> | Out

\_} Voting, sectioning...
LLM Call 3 -~

Evaluator-optimizer Solution
Ciim ; LLM Call LLM Call s Out
Generator Evaluator
- Accepted
Rejected + 29
Feedback

cr: https.//www.anthropic.com/research/building-effective-agents



Cognitive architectures for language agents

( Procedural Memory Semantic Memory  Episodic Memory )
' : == =
o §——_ ~ —
= e =
Agent Code
(?romptN Parse |(Retneval) (Leamlng) (Remeval)(Leammg) l Remeval } 1 Leatnlng |
A,
-
= =
Decision Procedure | A Working Memory
- {eccn 1R Otaarntions § g
v I
Dialogue Physical Digital

30

cr: Cognitive Architectures for Language Agents (Sumers et al.)



CoALA: Memory

[

Procedural Memo

Agent Code

Al ]| H;
= -

Decision Procedure
L

|
(Actiom )—( Observations
v [

QG

Dialogue

Physical

Digital

Working Memory

Episodic memory stores experience from
earlier decision cycles.

Semantic memory stores an agent’s
knowledge about the world and itself.

Procedural memory: (i) implicit knowledge
stored in the LLM weights; (ii) explicit
knowledge written in the agent’s code.

Working memory maintains active and
readily available information as symbolic
variables for the current decision cycle

31



CoALA: Action

a4 Procedural Memory

Semantic Memory

Episodic Memory )

) 3 (

LM

Agent Code

I[((C

A 1 1 A | A
1Prompti1 Parse |(Retvleval) (Lear:\lng) GemevaD(Leavlnmg) (Retr:vaD (Lzu:\lng:
1 L 1 1 L 11 1 1
I A\ v | ¥ A\J |

1T
SL__JE
Decision Procedure 4 Working Memory
\ ( Actmm)—(observauons )

) €3 =]

Dialogue

Physical

Digital

External actions interact with external
environments. E.g., control a robot,
communicate with a human, navigate a
website

Internal actions interact with internal
memories.
e retrieval (read from long-term memory)
e learning (write to long-term memory)
e reasoning (update the short-term
working memory with LLM)

32



CoALA: Decision making

[

Procedural Memory

Semantic Memory  Episodic Memory \

Agent Code

AL

Prompt (PJa‘@(Retneval) (Leamlng) (Remeval)(Leammg) (Remeval) (Leunlng)

) & &

—
>

NN

e

|11 ‘IIA,
:

:

Decision Procedure

A Working Memory )

|
(M!i‘om )—(Obse- I i )

(((Q @

Dialogue

Physical Digital

>

(Planning v

Proposal

|

Evaluation

|

Selection

v

Execution

33



Agenda

e LLM Agent Environments

o Embodied Agent Interface: Benchmarking LLMs for Embodied Decision
Making (NeurlPS 2024) https://embodied-agent-interface.qithub.io/

o AgentBoard: An Analytical Evaluation Board of Multi-turn LLM Agents
(NeurlPS 2024) https://hkust-nlp.github.io/agentboard/

34


https://embodied-agent-interface.github.io/
https://hkust-nlp.github.io/agentboard/

Embodied Agent Interface: Benchmarking
LLMs for Embodied Decision Making

Unlike existing evaluations rely solely on a final success rate, EAI
breaks down the evaluation into

e four modules for decision making: goal interpretation, subgoal
decomposition, action sequencing, and transition modeling

e a collection of fine-grained metrics, such as hallucination
errors, affordance errors, various types of planning errors, etc.

35



Embodied Agent Interface

Abilities

Goal
Interpretation

Subgoal
Decomposition

Action
Sequencing

Transition
Modeling

LLMs as
Goal Interpretation

Ground Truth
Goal Interpretation

Ground Truth
Goal Interpretation

Ground Truth
Goal Interpretation

LLMs as
Subgoal Decompaosition

BFS Searching as
Action Sequencing

LLMs as
Action Sequencing

PDDL Planner as
Action Sequencing

Ground Truth
Transition Modeling

Ground Truth
Transition Modeling

LLMs as
Transition Modeling

Simulator Output

Goal State

Action Trajectory
Final State

Action Trajectory
Final State

Action Trajectory
(PDOL)

Metrics

Goal Interpretation

Execution Success Rate
Task Success Rate

Execution Success Rate
Task Success Rate

Transition Model F

™ Planner Success Rate

For each ability module, to provide a comprehensive evaluation for it, we isolate
this single module to be handled by the LLMs while using existing data or tools for

the other modules.



M1. Goal Interpretation

Ground the natural language instruction to the environment
representations of objects, states, relations, and actions.

Goal Interpretation pC

LTL Goal

1

Goal Interpretation

)

<30’ gnl)

P
L

A ——
L G
e

Initial Goal
State {Natural

Language)
37



https://docs.google.com/file/d/1bzZU6KWwQ9s9r0cQAMDXB-3QE3D01q-C/preview

M2. Subgoal Decomposition

Subgoal Decomposition generates a sequence of states, where each
state can be a set of objects and their states.

Subgoal Decomposition

Input: Bottling Fruit

¢

Subgoal Trajectory

!

Subgoal Decomposition

1

(301g>

(4
[
Environment

Goal

E' Subgoal Trajectory

Initial Goal
State

38
LLM Output


https://docs.google.com/file/d/13Ej-Lx6JUPiXltOO-1cSU2TOPw-r5xql/preview

M3. Action Sequencing

Action Sequences are essential to achieve the state transitions
identified in Subgoal Decomposition.

Goal Interpretation Subgoal Decomposition Action Sequencing Transition Modeling

a

Action Trajectory

1

Action Sequencing

1

<30v g)aM

Initial Goal Transition
State Model



https://docs.google.com/file/d/1g0rMBQOyqgO4iHLIgMAeF_rISQIixXR3/preview

M4. Transition Modeling

Transition Modeling serves as the low-level controller to guide the simulator
In performing state transitions from preconditions to post-effects.

(pre, eff)

Preconditions & Effects

)

Transition Modeling

1

<807 g)a o

Initial Goal Operator
State Predicates

40


https://docs.google.com/file/d/1000kL8Tih3BGFMY_JqGc87HpFXR0tNXz/preview

Evaluation

Ok
"as\; ?\a\e G:/ oy

5 ],
uce 4 Goal
Interpretation
Action
‘Sequencing
Subgoal

~ Gemini1.5-Pro —— GPT40
~Claude3.5-Sonnet —— 01 ——Mixtral-8x22B

- Llama3-70B

Goal Pred I 25.3% False Positives

0.8%-Goal Grammar
Erors ~—0.01% Format Errors

Missing Goals

Goal
Evaluation

Goal Correct 0.8% Hallucination

1 16.2%| Additional Step

5% Missing Step
.9%. Affordance Error
. E’,‘;lgg;’;gmm 7.6% Wrong Order
. 05% FormatErrors
“7.2% Hallucination

41



Grammar Error

Parsing
PLACE_ONFLOOR(floor.0)
X Unknown action PLACE_ONFLOOR

Action-Arg Len
GRASP(rag.0, bowl.1)
X GRASP only has one param

Hallucination

RINSE(hand.65)
X hand.65 is not in the scene

Wrong Order

WALK(table.355)
SIT(chair.356)
FIND(novel.1000)

GRAB(novel.1000) T

A Precondition

not sitting(agent.65) = False
Historical State

not sitting(agent.65) = True

Missing State
Goal

on(television.410) and
facing(agent.65, television.410)

LLM Output
FIND(television.410)
SWITCH_ON(television.410)

Error Info: State Unsatisfied

XK Missing Final State
facing(agent.65, television)

Goal Satisfaction Error

Missing Relation
Goal

next_to(plywood.78, plywood.79) and
next_to(plywood.79, plywood.80)

LLM Output
..LEFT_PLACE_NEXTTO(plywood.79)
LEFT_GRASP(plywood.79)
LEFT_PLACE_NEXTTO(plywood.80)
Error Info: Relation Unsatisfied

XK Missing Final Relation
next_to(plywood.78,plywood.79)

Trajectory — Runtime Error

Missing Step

CLOSE(fridge.0)
SLICE(strawberry.0)

SLICE(peach.0) "BE TAIBR

X Precondition
holding(knife.0) = False

X Historical State
holding(knife.0) = False

Affordance Error

LEFT_RELEASE
OPEN(shelf.16)

LEFT_RELEASE
LEFT_GRASP(DOO'.SO) BEHAVIOR

X Precondition
shelf.16 not openable

X Precondition
pool.50 not grabbable

Missing Goal Action
Goal

TOUCH(cat)

LLM Output
FIND(cat.1000)
TURN_TO(cat.1000)

Error Info: Action Unsatisfied

X Missing Goal Action
TOUCH(cat.1000)

Additional Step

OPEN(top_cabinet.27)
RIGHT_GRASP(soap.79)

OPEN(top_cabinet.27)  BEHAVIOR

¥ Current State
open(top_cabinet.27) = True

1

open(top_cabinet.27) = False



AgentBoard: An Analytical Evaluation Board
of Multi-turn LLM Agents

e Task diversity is necgssa ry to cover various agent o,
tasks such as embodied, web, and tool agents. Web & AlfWorld
WebShop ScienceWorld
e Multi-round interaction is critical to mimic realistic Webdmna: -»EayAl

. Tool X Game M
scenarios. Query Jericho

) . . Operation PDDL
e FEvaluating agents in partially-observable \ J

environments, where they must actively explore to
understand their surroundings, is essential for
practical assessments.
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AlfWorld

Interactive text environment that require agents to explore
surroundings and perform commonsense tasks like “put two soap
bars in garbagecan'.

Embodied
m'e Goal: heat some apple and put it in fridge.
@
RotateRight -« ./ > check valid actions
LogkDowe. =41/ Choose an action from these valid actions: go to cabinet 1, go to cabinet 2, go to
i cabinet 3

> go to fridge 1
The fridge 1 is closed.

> open fridge 1
You open the fridge 1. The fridge 1 is open. In it, you see a apple 1, a bowl 3, a cup 2, a
cup 1, a egg 3, a lettuce 1, a potato 2, a potato 1, and a tomato 1. (reward: 0.25)
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ScienceWorld

Interactive text environment testing scientific commonsense,
e.g.“measure the melting point of the orange juice".

Goal: Your task is to find the animal with the longest life span.

> go to outside
You move to the outside. (reward: 0.3333333333333333)

> look around
This outside location is called the outside. Here you see: the
agent a substance called air an axe a baby brown bear ...

> focus on baby brown bear
You focus on the baby brown bear. (reward:
0.6666666666666666) 45




BabyAl

Interactive 20x20 grid environment where agents navigate and
Interact with objects within a limited sight range.

Goal: Open the red door, and open the blue door

> check valid actions

You can take the following actions: turn left, turn right, move forward,
toggle and go through blue closed door 1, go to blue closed door 1,
check available actions

(a) GoToObj: "go to
the blue ball”

> go to blue closed door 1

In front of you in this room, you can see several objects: There is a
blue closed door 1 right in front of you 1 steps away. The room has
walls around you. You are not carrying anything. (reward: 0.25)

(b) PutNextLocal: (c) BossLevel: "pick up the grey box behind you, then go

"put the blue key next to the grey key and open a door”. Note that the green door
to the green ball" near the bottom left needs to be unlocked with a green key,
but this is not explicitly stated in the instruction. > togg Ie an d g o th rou g h bl ue door 1

The action is not recognized. Please check valid actions. 46



Evaluation

[ Mistral-7b [ =~ ! GPT-3.5-Turbo Codellama-13b
" T Text-Davinci-003 [_ _ ] GPT-3.5-Turbo-16k " Llama2-70b
Vicuna-13b-16k [ .7 DeepSeek-67b | _] CodelLlama-34b

Llama2-13b [~ " GPT-4 7_ T Lemur-70b I"_ ] Claude2

Memory
50
e
35 X
\ Planning
~

Spatial Navigation

Grounding

Self-reflection

World Modeling

AlfWorld

ScienceWorld BabyAl

Memory

1. Could finish tasks within 2k tokens
2. Could finish task within 4k tokens
3. Otherwise

1. < 3 subgoals on average
2. < 5 subgoals on average
3. Otherwise

World Modeling

1. Requires no additional knowledge
other than instruction

2. Requires knowledge of the environ-
ment from exploration

3. Requires commonsense knowledge in
addition to knowledge from environment

Self-Reflection

1. Detailed feedback and error message
with instruction for the next step.

2. Not very detailed feedback and error
message

3. No error message, e.g. “no change in
state”

Grounding

1. No specific action format is required,
could recognize similar actions

2. Action format is required

3. Action format hard to follow

Spatial Navigation
0. No spatial navigation
1. 2D navigation
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