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Building AI for Generalist Agents

household robots virtual agents self-driving cars

Open-Ended Objectives Massively Multitask World Knowledge

What data sources shall we use?

How can we best use them?



The Data Pyramid for Generalist Agents

Web Data

Synthetic Data

Real-World Data

• Massive scale and ever-growing

• Multimodal and unstructured

• Human-centered data

• Unlimited simulated data (in theory)

• Content creation challenge, reality gap, 

computational burden

• Small scale and expensive to collect

• Ease of use for agent learning, direct transfer



Web Data

Synthetic Data Leverage ALL data available!

Real-World Data

The Data Pyramid for Generalist Agents



MineDojo: Framework for Building Generalist Agents

Generalist 
Agent

Open-ended 
Environment

Internet-scale 
Knowledge Base

YouTube

Wiki

Reddit

“MineDojo: Building Open-Ended Embodied Agents with Internet-Scale Knowledge.” Fan, Linxi et al. NeurIPS 2022



MineDojo: Framework for Building Generalist Agents
Diverse open-ended environment

• Complex 3D world

• 1500+ programmatic tasks 

• 1500+ creative tasks

Build a house in a caveExplore a desert temple

Play fire ball with a ghastEncircle llamas with fences

Ø No well-defined or easily 
automated success criterion

Ø Reward function is very 
difficult to formulate

Ø Success conditions & reward 
functions are well-defined

Ø Templated language prompts



Wiki RedditYouTube

MineDojo: Framework for Building Generalist Agents
Internet-scale knowledge base

“MineDojo: Building Open-Ended Embodied Agents with Internet-Scale Knowledge.” Fan, Linxi et al. NeurIPS 2022



730K videos 

300K hours

2.2B words

YouTube



~7K multimodal pages:

texts, images, tables, diagrams

Wiki









340K posts 
6.6M comments

560K images

Reddit





MineDojo: Framework for Building Generalist Agents
MineCLIP: scalable reward learning from YouTube videos

As I raised my axe in 
front of this pig, 
there’s only one 
thing you know is 
gonna happen…

… I’m also going to 
gather a little bit of 
stone from the side 

of this little hill 
here.

… but I’m gonna go 
around gathering a 

little bit more wood
from these trees.

Video 
Encoder

Text 
Encoder

V1 V3V2

T1

T2

T3

T1 T1 T1 V2 T1 V3

T2 V1 T2 V2 T2 V3

T3 V1 T3 V2 T3 V3

[Xu et al. 2022; Radford et al. 2021]



MineDojo: Framework for Building Generalist Agents

“Shear sheep to 
obtain wool”

MineCLIP
Correlation =  0.95

Observation

Action
Simulator

Stack the history RGB frames
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Combat a spider

Find a Nether Portal

Hunt a cow

Combat a zombie

Find an ocean

Shear a sheep

Combat a pigman

Dig a hole

Hunt a sheep

Combat an enderman

Lay carpet

Milk a cow



MineDojo: Framework for Building Generalist Agents

0 10 20 30 40 50

Ours (Attn)

Ours (Avg)

Manual Reward

Sparse Reward

CLIP (OpenAI)

average task reward

Pre-trained CLIP model from OpenAI
fails to generalize.

Binary task-completion rewards lead 
to exploration challenges.

Dense manually curated rewards 
show oracle performances.

Two variants of MineCLIP models 
learned from YouTube videos



Recreate
Hogwarts
Castle

Simulate a 
tiny CPU

Decorate 
winter
wonderland

Fight Ender 
Dragon

Towards Human-Level Generalist Minecraft Agents

minedojo.org



LID: Interactive Task Planning with Large Language Models

Trained on 300 billion tokens of text

Learning objective: predict the next word

Application Domains:
text summarization, visual question answering, 
conversational AI, …

[Credit: Jay Alammar]

“Pre-Trained Language Models for Interactive Decision-Making.” Li, Shuang et al. NeurIPS 2022



LID: Interactive Task Planning with Large Language Models

Observation

Can we harness the commonsense knowledge in large language 

models for high-level task planning?

Task PlanLLM as Policy

“Pre-Trained Language Models for Interactive Decision-Making.” Li, Shuang et al. NeurIPS 2022



LID: Interactive Task Planning with Large Language Models

VirtualHome agent

“Pre-Trained Language Models for Interactive Decision-Making.” Li, Shuang et al. NeurIPS 2022



LID: Interactive Task Planning with Large Language Models

VirtualHome agent

task goal

Inside(pancake,stove)

history experiences

…

current partial observation

To
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Pre-trained
Language

Model

Policy
Model

action

trained from scratch

pre-trained
“Pre-Trained Language Models for Interactive Decision-Making.” Li, Shuang et al. NeurIPS 2022



LID: Interactive Task Planning with Large Language Models
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Significant improvement in combinatorial generalization to novel tasks

“Pre-Trained Language Models for Interactive Decision-Making.” Li, Shuang et al. NeurIPS 2022



VIMA: General Robot Manipulation with Multimodal Prompts

[Credit: Jay Alammar]

Input Prompt:
How to “find material and craft a gold pickaxe” in 
Minecraft? Let’s think step by step.

GPT-3:
1) Find a place with a lot of trees; 
2) Cut down the trees and gather the wood; 
3) Find a place with a lot of stone;
4) Mine the stone and gather the cobblestone;
5) Find a place with a lot of iron;
6) Mine the iron and gather the iron ingots;
7) Find a place with a lot of gold;
8) Mine the gold and gather the gold ingots;
9) Craft a gold pickaxe.



VIMA: General Robot Manipulation with Multimodal Prompts

[Credit: Jay Alammar]

What if we can prompt a household robot to …

Bring me            . Do this                   .

This is a sponge
You can use it to 
clean the table.

Never enter 
this room!



VIMA: General Robot Manipulation with Multimodal Prompts

generalist robot agent for multi-task learning and zero-shot generalization
“VIMA: General Robot Manipulation with Multimodal Prompts.” Jiang, Yunfan et al. ArXiv 2022



• Transformer encoder-
decoder;

• Encode multimodal 
prompts with a frozen 
LM (Google T5);

• Decode robot arm 
actions given the prompt 
and interaction history.

VIMA: General Robot Manipulation with Multimodal Prompts
VIMA: Visuo-Motor Attention model

“VIMA: General Robot Manipulation with Multimodal Prompts.” Jiang, Yunfan et al. ArXiv 2022



• Cross-attention to condition 
history on prompt;

VIMA: General Robot Manipulation with Multimodal Prompts



• Cross-attention to condition 
history on prompt;

• Alternate cross-attention
and causal self-attention to 
decode actions;

VIMA: General Robot Manipulation with Multimodal Prompts



• Cross-attention to condition 
history on prompt;

• Alternate cross-attention
and causal self-attention to 
decode actions;

• Objects as tokens.

VIMA: General Robot Manipulation with Multimodal Prompts



• 6 task categories unified by 
the sequence model;

• 1000s of procedurally 
generated tasks, paired 
with multimodal prompts;

• Scripted oracles to 
generate expert 
demonstrations.

VIMA: General Robot Manipulation with Multimodal Prompts
Open-source large-scale simulation benchmark



VIMA: General Robot Manipulation with Multimodal Prompts
Four-level evaluation protocol for systematic generalization

• systematically measuring the zero-shot 
generalization capability of trained agents. 

• Each level deviates more from the training 
distribution and is strictly more challenging.



VIMA: General Robot Manipulation with Multimodal Prompts
Model scalability from 2M to 200M parameters



VIMA: General Robot Manipulation with Multimodal Prompts
Data scalability from 0.1% to full dataset

vimalabs.github.io



SAILOR: Data-Efficient Learning from Diverse Prior Data

Target Task

Real-world data is expensive. Can we gather all prior data to 

accelerate learning of target tasks?

Prior Robotic Dataset: related tasks, task-agnostic data, etc.

. . .

large-scale prior robotic data 
collected in diverse settings

small amount of
target task data



Extracts reusable behaviors 
from rich, diverse data

How to learn skill representations that 
enable effective downstream learning?

How to learn robust policy given 
limited target task demonstrations?
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ẑ

Target Task

SAILOR: Data-Efficient Learning from Diverse Prior Data
Mapping past experiences into latent skills

“Learning and Retrieval from Prior Data for Skill-based Imitation Learning.” Nasiriany, Soroush et al. CoRL 2022



Learning Skill Representations

. .

Skill prior

. . . . . .
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Skill decoder
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SAILOR: Data-Efficient Learning from Diverse Prior Data

Prior Data Target Tasks
~24 hours play data across four environments 30 human demonstrations collected in ~30 minutes 

Cleaning UpSetting Up

CALVIN: A benchmark for Language-Conditioned Policy Learning for 
Long-Horizon Robot Manipulation Tasks, Mees et al., IEEE-RAL 2022
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SAILOR: Data-Efficient Learning from Diverse Prior Data
Large-scale prior data collection in real world

• Diverse kitchen 
environment

• 8 food items, one pot, 
one pan

• Unstructured interaction 
data: 300,000 timesteps.

“Learning and Retrieval from Prior Data for Skill-based Imitation Learning.” Nasiriany, Soroush et al. CoRL 2022



SAILOR: Data-Efficient Learning from Diverse Prior Data
Effective imitation learning for vision-based manipulation

BC-RNN (FT): 46.7% success rate Ours: 76.7% success rate

Vision-based policies trained on 30 demonstrations for the target task
ut-austin-rpl.github.io/sailor



Raw visual
observation

VIOLA: Imitation Learning with Object-Centric Priors

“VIOLA: Imitation Learning for Robot Manipulation with Object Proposal Priors.” Zhu, Yifeng et al. CoRL 2022



General
object proposals

Raw visual
observation

VIOLA: Imitation Learning with Object-Centric Priors

Pre-trained region proposal network
on large image datasets 

“VIOLA: Imitation Learning for Robot Manipulation with Object Proposal Priors.” Zhu, Yifeng et al. CoRL 2022



General
object proposals

Object-centric
representation

Raw visual
observation

VIOLA: Imitation Learning with Object-Centric Priors

Encoding object visual appearances and 
their spatial locations

“VIOLA: Imitation Learning for Robot Manipulation with Object Proposal Priors.” Zhu, Yifeng et al. CoRL 2022



General
object proposals

Action
generation

Robot
Commands

Object-centric
representation

Task-relevant Task-irrelevant

Transformer
policy

Raw visual
observation

VIOLA: Imitation Learning with Object-Centric Priors

Using transformers to select task-relevant 
objects and reason about their relations

“VIOLA: Imitation Learning for Robot Manipulation with Object Proposal Priors.” Zhu, Yifeng et al. CoRL 2022



VIOLA only needs 50 raw demonstrations
through easy teleoperation

And it learns to use the K-cup machine to make
coffee without any annotations on raw data

VIOLA can reward a hard-working researcher
with a cup of good coffee!

Workspace Image



Web Data

Synthetic Data

MineDojo, LID [Fan et al. & Li et al. 

NeurIPS 2022]: Building generally
capable agents with Internet-scale

knowledge

VIMA [Jiang et al. NeurIPS FMDM 2022]: 

Building generalist robotic agents with 
multimodal prompts in large-scale simulation

SAILOR & VIOLA [Nasiriany et al. & Zhu et al. CoRL 2022]: 

Data-efficient and robust imitation learning in the real world 
with diverse prior robot data

Real-World Data

The Data Pyramid for Generalist Agents



Web Data

Synthetic Data

Real-World Data

The Data Pyramid for Generalist Agents

Massive, Multimodal, Multitask 
Model for Generalist Agents
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