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Announcements

2

World Foundation Models 
for Robotics

• Assignment 2 on test-time learning is due next week!

Deadline: Wednesday, December 3 at 23:59.

Hang Zhao 
Tsinghua University

• Next week we have a guest lecture! 
 

• Lecture as usual in PO 01 
                           on Tuesday, 1   - 3 pm/2
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Last Week: Test-Time Training
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Pre-Training
Compress world knowledge

Post-Training
Specialize in certain domains and behaviors 

Test-Time-Training
Models continue to learn in deployment environments 
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Week 11’s Exercise Sheet
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No pen-and-paper exercises this week!
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This Week’s Code Demonstration
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Improving Summarization with In-Context Learning 

Work on improving extreme summarization capabilities of LLMs. Showcasing 
instruction-following via few-shot in-context learning.

Code Notebook 10 · Task 1 .

Code Notebook 10 · Task 2 .Quantization in LLMs


Working on understanding quantization schemes (Affine INT8) for tensors and weights, 
post-training quantization (PTQ) of neural network weights, showcasing performance 
downgrade after PTQ, loading a pre-trained LLM and quantizing it to INT8.


More in the exercise session: discussion on current quantization schemes.
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This Week: World Models
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A world model is an AI system that can simulate and predict how the world 
might change given current conditions and potential actions or events.

WORLD MODEL

• World models are generative AI systems that learn internal representations of real-world 
environments, including their physics, spatial dynamics, and causal relationships (at least, the 
basic ones), from diverse input data.


• They use these learned representations to predict future states,  
simulate sequences of actions internally, and support sophisticated  
planning and decision-making without needing continuous  
real-world experimentation.

state 
model

generative 
simulator

encoder

decoder
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From Simple to World Models
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One core issue in the LLM era is the lack of a unified framework that integrates the 
rich cognitive and functional components required by advanced agents. While LLMs 
offer exceptional language reasoning capabilities, many current agent designs remain 
ad hoc. They incorporate modules like perception, memory, or planning in a piecemeal 
fashion, failing to approximate the well-coordinated specialization seen in biological 
systems such as the human brain.

“

Liu et al., (2025)

https://arxiv.org/pdf/2504.01990
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Human Analogy to World Models
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Humans naturally construct internal representations of the world, often referred to as 
mental models in psychology.

a human world model is not a static library of facts, 
but a flexible and ever-evolving mental construct, 
deeply rooted in perception and memory.

➝

Humans mental models are … ... predictive: they anticipate what will happen next 
before it does.


... integrative: fuse perception, memory, and knowledge 
into one coherent picture.


... adaptive: update when new evidence arrives or 
environment changes.


... multi-scale: span milliseconds to years, local details 
to global structure.
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How do Babies Learn How the World Works?

9

Slide adapted from Yann LeCun.
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Large Language Models

• Trained on 3×1013 tokens.  

Each token is 3 bytes.

• Data volume: 0.9×1014 bytes.

• Would take 450,000 years for a 

human to read.


Human Child

• 16,000 wake hours in the first 4 

years.

• 2 million optical nerve fibers, 

carrying about 1 byte/sec each.

• Data volume: 1.1×1014 bytes


A four year-old child has seen 
more data than an LLM !



Charlotte BunneCS-461  ·  Foundation Models and Generative AI

First World Models

10

1991: Richard Sutton’s Dyna Algorithm

Dyna, an Integrated Architecture 
for Learning, Planning, and Reacting 

Richa rd  S. S u t t o n  
G T E  Labo ra to r i e s  I n c o r p o r a t e d  

W a l t h a m ,  M A  02254 
gu t ton~gte .com 

A b s t r a c t  

Dyna is an AI architecture that  integrates learning, 
planning, and reactive execution. Learning meth- 
ods are used in Dyna both for compiling planning 
results and for updat ing a model of the effects of 
the agent 's  actions on the world. Planning is incre- 
mental and can use the probabilist ic and ofttimes 
incorrect world models generated by learning pro- 
cesses. Execution is fully reactive in the sense that  
no planning intervenes between perception and ac- 
tion. Dyna relies on machine learning methods for 
learning from examples- - these  are among the ba- 
sic building blocks making up the archi tecture--yet  
is not t ied to any part icular  method. This paper 
briefly introduces Dyna and discusses i ts strengths 
and weaknesses with respect to other architectures. 

1 I n t r o d u c t i o n  t o  D y n a  

The Dyna architecture a t tempts  to integrate 

• Trial-and-error learning of an optimal reactive policy, a 
mapping from situations to actions; 

Learning of domain knowledge in the form of an action 
model, a black box that  takes as input  a si tuation and 
action and outputs  a prediction of the immediate next 
situation; 

• Planning: finding the optimal reactive policy given do- 
main knowledge (the action model); 

• Reactive execution: No planning intervenes between 
perceiving a si tuation and responding to it. 

In addition, the Dyna architecture is specifically designed 
for the case in which the agent does not have complete and 
accurate knowledge of the effects of its actions on the world 
and in which those effects may be nondeterministic.  

Dyna assumes the agent 's  task can be formulated as a reward 
maximization problem (Figure 1). At  each discrete time in- 
terval, the agent observes a situation, takes an action based 
on it, and then, after one clock tick, observes a resultant re- 
ward and new situation. The agent 's objective is to choose 
actions so as to max imize the  total  reward it receives in the 
long-term. 1 This problem formulation has been used in stud- 
ies of reinforcement learning for many years and is also be- 
ing used in studies of planning and reactive systems (e.g., 
Russell, 1989). Although somewhat unfamiliar, the reward 
maximization problem is easily mapped onto most problems 
of interest. 

1Most systems actually slightly discount delayed reward 
relative to immediate  reward. 

Situation/ 
State L - - - - ~ J  Action 

Figure 1: The Problem Formulation Used in Dyna. The 
agent 's object  is to maximize the total  reward it receives over 
time. 1 

REPEAT FOREVER:  

1. Observe the world's s ta te  and reactively choose an 
action based on it; 

2. Observe resultant reward and new state; 

3. Apply reinforcement learning to this experience; 

4. Update  action model based on this experience; 

5. Repeat  K times: 

5.1 Choose a hypothetical  world state and action; 
5.2 Predict  resultant reward and new state  using action 

model; 
5.3 Apply reinforcement learning to this hypothetical  

experience. 

Figure 2: A Generic Dyna Algori thm. 

The main idea of Dyna is the old, commonsense idea that  
planning is ' t ry ing things in your head, '  using an internal 
model of the world (Craik, 1943; Dennett ,  1978; Sutton & 
Barto, 1981). This suggests the existence of a more primitive 
process for trying things not in your head, but  through direct 
interaction with the world. Reinforcement learning is the 
name we use for this more primitive, direct kind of trying, 
and Dyna is the extension of reinforcement learning to include 
a learned world model. 

The essence of Dyna is given by the generic algorithm in Fig- 
ure 2. In this algorithm, an "experience" is a single unit of 
experience consisting of a s tar t ing state,  an action, a resulting 
state, and a resulting reward. The first step of the algorithm 
is simply that  of a reactive system; the agent reads off of 
its reactive policy what to do in the current situation. The 
first three steps together comprise a s tandard reinforcement 
learning agent. Given enough experience, such an agent can 
learn the optimal reactive mapping from situations to action. 
The fourth step is the learning of domain knowledge in the 
form of an action model (Lin, 1991) that  can be used to pre- 
dict the results of actions. The fifth step of the algorithm is 
essentially reinforcement learning from hypothetical ,  model- 
generated experiences; this is in effect a planning process. 

S I G A R T  Bul le t in ,  Vol. 2, No.  4 160 
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S I G A R T  Bul le t in ,  Vol. 2, No.  4 160 

Richard Sutton 
 (2019) 

Sutton (1991)

https://dl.acm.org/doi/abs/10.1145/122344.122377
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2018: “World Models” by David Ha and Jürgen Schmidhuber

Building generative […] models of […] reinforcement learning environments. Our 
world model can be trained quickly in an unsupervised manner to learn a compressed 
spatial and temporal representation of the environment. By using features extracted 
from the world model as inputs to an agent, we can train a very compact and simple 
policy that can solve the required task.

“

Ha & Schmidhuber (2018)

https://arxiv.org/pdf/1803.10122
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“World Models”  
David Ha and  
Jürgen Schmidhuber

World Models

In many reinforcement learning (RL) problems (Kaelbling
et al., 1996; Sutton & Barto, 1998; Wiering & van Otterlo,
2012), an artificial agent also benefits from having a good
representation of past and present states, and a good pre-
dictive model of the future (Werbos, 1987; Silver, 2017),
preferably a powerful predictive model implemented on a
general purpose computer such as a recurrent neural network
(RNN) (Schmidhuber, 1990a;b; 1991a).

Figure 3. In this work, we build probabilistic generative models of
OpenAI Gym environments. The RNN-based world models are
trained using collected observations recorded from the actual game
environment. After training the world models, we can use them
mimic the complete environment and train agents using them.

Large RNNs are highly expressive models that can learn
rich spatial and temporal representations of data. However,
many model-free RL methods in the literature often only
use small neural networks with few parameters. The RL
algorithm is often bottlenecked by the credit assignment
problem, which makes it hard for traditional RL algorithms
to learn millions of weights of a large model, hence in
practice, smaller networks are used as they iterate faster to
a good policy during training.

Ideally, we would like to be able to efficiently train large
RNN-based agents. The backpropagation algorithm (Lin-
nainmaa, 1970; Kelley, 1960; Werbos, 1982) can be used to
train large neural networks efficiently. In this work we look
at training a large neural network1 to tackle RL tasks, by
dividing the agent into a large world model and a small con-
troller model. We first train a large neural network to learn a
model of the agent’s world in an unsupervised manner, and
then train the smaller controller model to learn to perform
a task using this world model. A small controller lets the
training algorithm focus on the credit assignment problem
on a small search space, while not sacrificing capacity and
expressiveness via the larger world model. By training the
agent through the lens of its world model, we show that it

1Typical model-free RL models have in the order of 103 to
106 model parameters. We look at training models in the order of
107 parameters, which is still rather small compared to state-of-
the-art deep learning models with 108 to even 109 parameters. In
principle, the procedure described in this article can take advantage
of these larger networks if we wanted to use them.

can learn a highly compact policy to perform its task.

Although there is a large body of research relating to model-
based reinforcement learning, this article is not meant to be
a review (Arulkumaran et al., 2017; Schmidhuber, 2015b) of
the current state of the field. Instead, the goal of this article is
to distill several key concepts from a series of papers 1990–
2015 on combinations of RNN-based world models and
controllers (Schmidhuber, 1990a;b; 1991a; 1990c; 2015a).
We will also discuss other related works in the literature that
share similar ideas of learning a world model and training
an agent using this model.

In this article, we present a simplified framework that we can
use to experimentally demonstrate some of the key concepts
from these papers, and also suggest further insights to effec-
tively apply these ideas to various RL environments. We use
similar terminology and notation as On Learning to Think:
Algorithmic Information Theory for Novel Combinations
of RL Controllers and RNN World Models (Schmidhuber,
2015a) when describing our methodology and experiments.

2. Agent Model
We present a simple model inspired by our own cognitive
system. In this model, our agent has a visual sensory compo-
nent that compresses what it sees into a small representative
code. It also has a memory component that makes predic-
tions about future codes based on historical information.
Finally, our agent has a decision-making component that de-
cides what actions to take based only on the representations
created by its vision and memory components.

Figure 4. Our agent consists of three components that work closely
together: Vision (V), Memory (M), and Controller (C)

2.1. VAE (V) Model
The environment provides our agent with a high dimensional
input observation at each time step. This input is usually
a 2D image frame that is part of a video sequence. The
role of the V model is to learn an abstract, compressed
representation of each observed input frame.
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https://arxiv.org/pdf/1803.10122
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tions about future codes based on historical information.
Finally, our agent has a decision-making component that de-
cides what actions to take based only on the representations
created by its vision and memory components.

Figure 4. Our agent consists of three components that work closely
together: Vision (V), Memory (M), and Controller (C)

2.1. VAE (V) Model
The environment provides our agent with a high dimensional
input observation at each time step. This input is usually
a 2D image frame that is part of a video sequence. The
role of the V model is to learn an abstract, compressed
representation of each observed input frame.
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Figure 5. Flow diagram of a Variational Autoencoder (VAE).

Here, we use a simple Variational Autoencoder (Kingma
& Welling, 2013; Rezende et al., 2014) as our V model to
compress each image frame into a small latent vector z.

2.2. MDN-RNN (M) Model

While it is the role of the V model to compress what the
agent sees at each time frame, we also want to compress
what happens over time. For this purpose, the role of the
M model is to predict the future. The M model serves as a
predictive model of the future z vectors that V is expected to
produce. Since many complex environments are stochastic
in nature, we train our RNN to output a probability density
function p(z) instead of a deterministic prediction of z.

Figure 6. RNN with a Mixture Density Network output layer. The
MDN outputs the parameters of a mixture of Gaussian distribution
used to sample a prediction of the next latent vector z.

In our approach, we approximate p(z) as a mixture of Gaus-
sian distribution, and train the RNN to output the probability
distribution of the next latent vector zt+1 given the current
and past information made available to it.

More specifically, the RNN will model P (zt+1 | at, zt, ht),
where at is the action taken at time t and ht is the hidden
state of the RNN at time t. During sampling, we can adjust
a temperature parameter ⌧ to control model uncertainty, as
done in (Ha & Eck, 2017) – we will find adjusting ⌧ to be
useful for training our controller later on.

This approach is known as a Mixture Density Net-
work (Bishop, 1994) combined with a RNN (MDN-RNN)
(Graves, 2013; Ha, 2017a), and has been applied in the
past for sequence generation problems such as generating
handwriting (Graves, 2013) and sketches (Ha & Eck, 2017).

Figure 7. SketchRNN (Ha & Eck, 2017) is an example of a MDN-
RNN used to predict the next pen strokes of a sketch drawing. We
use a similar model to predict the next latent vector zt.

2.3. Controller (C) Model

The Controller (C) model is responsible for determining the
course of actions to take in order to maximize the expected
cumulative reward of the agent during a rollout of the en-
vironment. In our experiments, we deliberately make C as
simple and small as possible, and trained separately from V
and M, so that most of our agent’s complexity resides in the
world model (V and M).

C is a simple single layer linear model that maps zt and ht

directly to action at at each time step:

at = Wc [zt ht] + bc (1)

In this linear model, Wc and bc are the weight matrix and
bias vector that maps the concatenated input vector [zt ht]
to the output action vector at.

2.4. Putting V, M, and C Together

The following flow diagram illustrates how V, M, and C
interacts with the environment:

Figure 8. Flow diagram of our Agent model. The raw observation
is first processed by V at each time step t to produce zt. The input
into C is this latent vector zt concatenated with M’s hidden state
ht at each time step. C will then output an action vector at for
motor control, and will affect the environment. M will then take
the current zt and action at as an input to update its own hidden
state to produce ht+1 to be used at time t+ 1.

“World Models” by David Ha and Jürgen Schmidhuber
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World Models

In many reinforcement learning (RL) problems (Kaelbling
et al., 1996; Sutton & Barto, 1998; Wiering & van Otterlo,
2012), an artificial agent also benefits from having a good
representation of past and present states, and a good pre-
dictive model of the future (Werbos, 1987; Silver, 2017),
preferably a powerful predictive model implemented on a
general purpose computer such as a recurrent neural network
(RNN) (Schmidhuber, 1990a;b; 1991a).

Figure 3. In this work, we build probabilistic generative models of
OpenAI Gym environments. The RNN-based world models are
trained using collected observations recorded from the actual game
environment. After training the world models, we can use them
mimic the complete environment and train agents using them.

Large RNNs are highly expressive models that can learn
rich spatial and temporal representations of data. However,
many model-free RL methods in the literature often only
use small neural networks with few parameters. The RL
algorithm is often bottlenecked by the credit assignment
problem, which makes it hard for traditional RL algorithms
to learn millions of weights of a large model, hence in
practice, smaller networks are used as they iterate faster to
a good policy during training.

Ideally, we would like to be able to efficiently train large
RNN-based agents. The backpropagation algorithm (Lin-
nainmaa, 1970; Kelley, 1960; Werbos, 1982) can be used to
train large neural networks efficiently. In this work we look
at training a large neural network1 to tackle RL tasks, by
dividing the agent into a large world model and a small con-
troller model. We first train a large neural network to learn a
model of the agent’s world in an unsupervised manner, and
then train the smaller controller model to learn to perform
a task using this world model. A small controller lets the
training algorithm focus on the credit assignment problem
on a small search space, while not sacrificing capacity and
expressiveness via the larger world model. By training the
agent through the lens of its world model, we show that it

1Typical model-free RL models have in the order of 103 to
106 model parameters. We look at training models in the order of
107 parameters, which is still rather small compared to state-of-
the-art deep learning models with 108 to even 109 parameters. In
principle, the procedure described in this article can take advantage
of these larger networks if we wanted to use them.

can learn a highly compact policy to perform its task.

Although there is a large body of research relating to model-
based reinforcement learning, this article is not meant to be
a review (Arulkumaran et al., 2017; Schmidhuber, 2015b) of
the current state of the field. Instead, the goal of this article is
to distill several key concepts from a series of papers 1990–
2015 on combinations of RNN-based world models and
controllers (Schmidhuber, 1990a;b; 1991a; 1990c; 2015a).
We will also discuss other related works in the literature that
share similar ideas of learning a world model and training
an agent using this model.

In this article, we present a simplified framework that we can
use to experimentally demonstrate some of the key concepts
from these papers, and also suggest further insights to effec-
tively apply these ideas to various RL environments. We use
similar terminology and notation as On Learning to Think:
Algorithmic Information Theory for Novel Combinations
of RL Controllers and RNN World Models (Schmidhuber,
2015a) when describing our methodology and experiments.

2. Agent Model
We present a simple model inspired by our own cognitive
system. In this model, our agent has a visual sensory compo-
nent that compresses what it sees into a small representative
code. It also has a memory component that makes predic-
tions about future codes based on historical information.
Finally, our agent has a decision-making component that de-
cides what actions to take based only on the representations
created by its vision and memory components.

Figure 4. Our agent consists of three components that work closely
together: Vision (V), Memory (M), and Controller (C)

2.1. VAE (V) Model
The environment provides our agent with a high dimensional
input observation at each time step. This input is usually
a 2D image frame that is part of a video sequence. The
role of the V model is to learn an abstract, compressed
representation of each observed input frame.

World Models

In many reinforcement learning (RL) problems (Kaelbling
et al., 1996; Sutton & Barto, 1998; Wiering & van Otterlo,
2012), an artificial agent also benefits from having a good
representation of past and present states, and a good pre-
dictive model of the future (Werbos, 1987; Silver, 2017),
preferably a powerful predictive model implemented on a
general purpose computer such as a recurrent neural network
(RNN) (Schmidhuber, 1990a;b; 1991a).

Figure 3. In this work, we build probabilistic generative models of
OpenAI Gym environments. The RNN-based world models are
trained using collected observations recorded from the actual game
environment. After training the world models, we can use them
mimic the complete environment and train agents using them.

Large RNNs are highly expressive models that can learn
rich spatial and temporal representations of data. However,
many model-free RL methods in the literature often only
use small neural networks with few parameters. The RL
algorithm is often bottlenecked by the credit assignment
problem, which makes it hard for traditional RL algorithms
to learn millions of weights of a large model, hence in
practice, smaller networks are used as they iterate faster to
a good policy during training.

Ideally, we would like to be able to efficiently train large
RNN-based agents. The backpropagation algorithm (Lin-
nainmaa, 1970; Kelley, 1960; Werbos, 1982) can be used to
train large neural networks efficiently. In this work we look
at training a large neural network1 to tackle RL tasks, by
dividing the agent into a large world model and a small con-
troller model. We first train a large neural network to learn a
model of the agent’s world in an unsupervised manner, and
then train the smaller controller model to learn to perform
a task using this world model. A small controller lets the
training algorithm focus on the credit assignment problem
on a small search space, while not sacrificing capacity and
expressiveness via the larger world model. By training the
agent through the lens of its world model, we show that it

1Typical model-free RL models have in the order of 103 to
106 model parameters. We look at training models in the order of
107 parameters, which is still rather small compared to state-of-
the-art deep learning models with 108 to even 109 parameters. In
principle, the procedure described in this article can take advantage
of these larger networks if we wanted to use them.

can learn a highly compact policy to perform its task.

Although there is a large body of research relating to model-
based reinforcement learning, this article is not meant to be
a review (Arulkumaran et al., 2017; Schmidhuber, 2015b) of
the current state of the field. Instead, the goal of this article is
to distill several key concepts from a series of papers 1990–
2015 on combinations of RNN-based world models and
controllers (Schmidhuber, 1990a;b; 1991a; 1990c; 2015a).
We will also discuss other related works in the literature that
share similar ideas of learning a world model and training
an agent using this model.

In this article, we present a simplified framework that we can
use to experimentally demonstrate some of the key concepts
from these papers, and also suggest further insights to effec-
tively apply these ideas to various RL environments. We use
similar terminology and notation as On Learning to Think:
Algorithmic Information Theory for Novel Combinations
of RL Controllers and RNN World Models (Schmidhuber,
2015a) when describing our methodology and experiments.

2. Agent Model
We present a simple model inspired by our own cognitive
system. In this model, our agent has a visual sensory compo-
nent that compresses what it sees into a small representative
code. It also has a memory component that makes predic-
tions about future codes based on historical information.
Finally, our agent has a decision-making component that de-
cides what actions to take based only on the representations
created by its vision and memory components.

Figure 4. Our agent consists of three components that work closely
together: Vision (V), Memory (M), and Controller (C)

2.1. VAE (V) Model
The environment provides our agent with a high dimensional
input observation at each time step. This input is usually
a 2D image frame that is part of a video sequence. The
role of the V model is to learn an abstract, compressed
representation of each observed input frame.
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Figure 5. Flow diagram of a Variational Autoencoder (VAE).

Here, we use a simple Variational Autoencoder (Kingma
& Welling, 2013; Rezende et al., 2014) as our V model to
compress each image frame into a small latent vector z.

2.2. MDN-RNN (M) Model

While it is the role of the V model to compress what the
agent sees at each time frame, we also want to compress
what happens over time. For this purpose, the role of the
M model is to predict the future. The M model serves as a
predictive model of the future z vectors that V is expected to
produce. Since many complex environments are stochastic
in nature, we train our RNN to output a probability density
function p(z) instead of a deterministic prediction of z.

Figure 6. RNN with a Mixture Density Network output layer. The
MDN outputs the parameters of a mixture of Gaussian distribution
used to sample a prediction of the next latent vector z.

In our approach, we approximate p(z) as a mixture of Gaus-
sian distribution, and train the RNN to output the probability
distribution of the next latent vector zt+1 given the current
and past information made available to it.

More specifically, the RNN will model P (zt+1 | at, zt, ht),
where at is the action taken at time t and ht is the hidden
state of the RNN at time t. During sampling, we can adjust
a temperature parameter ⌧ to control model uncertainty, as
done in (Ha & Eck, 2017) – we will find adjusting ⌧ to be
useful for training our controller later on.

This approach is known as a Mixture Density Net-
work (Bishop, 1994) combined with a RNN (MDN-RNN)
(Graves, 2013; Ha, 2017a), and has been applied in the
past for sequence generation problems such as generating
handwriting (Graves, 2013) and sketches (Ha & Eck, 2017).

Figure 7. SketchRNN (Ha & Eck, 2017) is an example of a MDN-
RNN used to predict the next pen strokes of a sketch drawing. We
use a similar model to predict the next latent vector zt.

2.3. Controller (C) Model

The Controller (C) model is responsible for determining the
course of actions to take in order to maximize the expected
cumulative reward of the agent during a rollout of the en-
vironment. In our experiments, we deliberately make C as
simple and small as possible, and trained separately from V
and M, so that most of our agent’s complexity resides in the
world model (V and M).

C is a simple single layer linear model that maps zt and ht

directly to action at at each time step:

at = Wc [zt ht] + bc (1)

In this linear model, Wc and bc are the weight matrix and
bias vector that maps the concatenated input vector [zt ht]
to the output action vector at.

2.4. Putting V, M, and C Together

The following flow diagram illustrates how V, M, and C
interacts with the environment:

Figure 8. Flow diagram of our Agent model. The raw observation
is first processed by V at each time step t to produce zt. The input
into C is this latent vector zt concatenated with M’s hidden state
ht at each time step. C will then output an action vector at for
motor control, and will affect the environment. M will then take
the current zt and action at as an input to update its own hidden
state to produce ht+1 to be used at time t+ 1.
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World Models

In many reinforcement learning (RL) problems (Kaelbling
et al., 1996; Sutton & Barto, 1998; Wiering & van Otterlo,
2012), an artificial agent also benefits from having a good
representation of past and present states, and a good pre-
dictive model of the future (Werbos, 1987; Silver, 2017),
preferably a powerful predictive model implemented on a
general purpose computer such as a recurrent neural network
(RNN) (Schmidhuber, 1990a;b; 1991a).

Figure 3. In this work, we build probabilistic generative models of
OpenAI Gym environments. The RNN-based world models are
trained using collected observations recorded from the actual game
environment. After training the world models, we can use them
mimic the complete environment and train agents using them.

Large RNNs are highly expressive models that can learn
rich spatial and temporal representations of data. However,
many model-free RL methods in the literature often only
use small neural networks with few parameters. The RL
algorithm is often bottlenecked by the credit assignment
problem, which makes it hard for traditional RL algorithms
to learn millions of weights of a large model, hence in
practice, smaller networks are used as they iterate faster to
a good policy during training.

Ideally, we would like to be able to efficiently train large
RNN-based agents. The backpropagation algorithm (Lin-
nainmaa, 1970; Kelley, 1960; Werbos, 1982) can be used to
train large neural networks efficiently. In this work we look
at training a large neural network1 to tackle RL tasks, by
dividing the agent into a large world model and a small con-
troller model. We first train a large neural network to learn a
model of the agent’s world in an unsupervised manner, and
then train the smaller controller model to learn to perform
a task using this world model. A small controller lets the
training algorithm focus on the credit assignment problem
on a small search space, while not sacrificing capacity and
expressiveness via the larger world model. By training the
agent through the lens of its world model, we show that it

1Typical model-free RL models have in the order of 103 to
106 model parameters. We look at training models in the order of
107 parameters, which is still rather small compared to state-of-
the-art deep learning models with 108 to even 109 parameters. In
principle, the procedure described in this article can take advantage
of these larger networks if we wanted to use them.

can learn a highly compact policy to perform its task.

Although there is a large body of research relating to model-
based reinforcement learning, this article is not meant to be
a review (Arulkumaran et al., 2017; Schmidhuber, 2015b) of
the current state of the field. Instead, the goal of this article is
to distill several key concepts from a series of papers 1990–
2015 on combinations of RNN-based world models and
controllers (Schmidhuber, 1990a;b; 1991a; 1990c; 2015a).
We will also discuss other related works in the literature that
share similar ideas of learning a world model and training
an agent using this model.

In this article, we present a simplified framework that we can
use to experimentally demonstrate some of the key concepts
from these papers, and also suggest further insights to effec-
tively apply these ideas to various RL environments. We use
similar terminology and notation as On Learning to Think:
Algorithmic Information Theory for Novel Combinations
of RL Controllers and RNN World Models (Schmidhuber,
2015a) when describing our methodology and experiments.

2. Agent Model
We present a simple model inspired by our own cognitive
system. In this model, our agent has a visual sensory compo-
nent that compresses what it sees into a small representative
code. It also has a memory component that makes predic-
tions about future codes based on historical information.
Finally, our agent has a decision-making component that de-
cides what actions to take based only on the representations
created by its vision and memory components.

Figure 4. Our agent consists of three components that work closely
together: Vision (V), Memory (M), and Controller (C)

2.1. VAE (V) Model
The environment provides our agent with a high dimensional
input observation at each time step. This input is usually
a 2D image frame that is part of a video sequence. The
role of the V model is to learn an abstract, compressed
representation of each observed input frame.

World Models

In many reinforcement learning (RL) problems (Kaelbling
et al., 1996; Sutton & Barto, 1998; Wiering & van Otterlo,
2012), an artificial agent also benefits from having a good
representation of past and present states, and a good pre-
dictive model of the future (Werbos, 1987; Silver, 2017),
preferably a powerful predictive model implemented on a
general purpose computer such as a recurrent neural network
(RNN) (Schmidhuber, 1990a;b; 1991a).

Figure 3. In this work, we build probabilistic generative models of
OpenAI Gym environments. The RNN-based world models are
trained using collected observations recorded from the actual game
environment. After training the world models, we can use them
mimic the complete environment and train agents using them.

Large RNNs are highly expressive models that can learn
rich spatial and temporal representations of data. However,
many model-free RL methods in the literature often only
use small neural networks with few parameters. The RL
algorithm is often bottlenecked by the credit assignment
problem, which makes it hard for traditional RL algorithms
to learn millions of weights of a large model, hence in
practice, smaller networks are used as they iterate faster to
a good policy during training.

Ideally, we would like to be able to efficiently train large
RNN-based agents. The backpropagation algorithm (Lin-
nainmaa, 1970; Kelley, 1960; Werbos, 1982) can be used to
train large neural networks efficiently. In this work we look
at training a large neural network1 to tackle RL tasks, by
dividing the agent into a large world model and a small con-
troller model. We first train a large neural network to learn a
model of the agent’s world in an unsupervised manner, and
then train the smaller controller model to learn to perform
a task using this world model. A small controller lets the
training algorithm focus on the credit assignment problem
on a small search space, while not sacrificing capacity and
expressiveness via the larger world model. By training the
agent through the lens of its world model, we show that it

1Typical model-free RL models have in the order of 103 to
106 model parameters. We look at training models in the order of
107 parameters, which is still rather small compared to state-of-
the-art deep learning models with 108 to even 109 parameters. In
principle, the procedure described in this article can take advantage
of these larger networks if we wanted to use them.

can learn a highly compact policy to perform its task.

Although there is a large body of research relating to model-
based reinforcement learning, this article is not meant to be
a review (Arulkumaran et al., 2017; Schmidhuber, 2015b) of
the current state of the field. Instead, the goal of this article is
to distill several key concepts from a series of papers 1990–
2015 on combinations of RNN-based world models and
controllers (Schmidhuber, 1990a;b; 1991a; 1990c; 2015a).
We will also discuss other related works in the literature that
share similar ideas of learning a world model and training
an agent using this model.

In this article, we present a simplified framework that we can
use to experimentally demonstrate some of the key concepts
from these papers, and also suggest further insights to effec-
tively apply these ideas to various RL environments. We use
similar terminology and notation as On Learning to Think:
Algorithmic Information Theory for Novel Combinations
of RL Controllers and RNN World Models (Schmidhuber,
2015a) when describing our methodology and experiments.

2. Agent Model
We present a simple model inspired by our own cognitive
system. In this model, our agent has a visual sensory compo-
nent that compresses what it sees into a small representative
code. It also has a memory component that makes predic-
tions about future codes based on historical information.
Finally, our agent has a decision-making component that de-
cides what actions to take based only on the representations
created by its vision and memory components.

Figure 4. Our agent consists of three components that work closely
together: Vision (V), Memory (M), and Controller (C)

2.1. VAE (V) Model
The environment provides our agent with a high dimensional
input observation at each time step. This input is usually
a 2D image frame that is part of a video sequence. The
role of the V model is to learn an abstract, compressed
representation of each observed input frame.
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Figure 5. Flow diagram of a Variational Autoencoder (VAE).

Here, we use a simple Variational Autoencoder (Kingma
& Welling, 2013; Rezende et al., 2014) as our V model to
compress each image frame into a small latent vector z.

2.2. MDN-RNN (M) Model

While it is the role of the V model to compress what the
agent sees at each time frame, we also want to compress
what happens over time. For this purpose, the role of the
M model is to predict the future. The M model serves as a
predictive model of the future z vectors that V is expected to
produce. Since many complex environments are stochastic
in nature, we train our RNN to output a probability density
function p(z) instead of a deterministic prediction of z.

Figure 6. RNN with a Mixture Density Network output layer. The
MDN outputs the parameters of a mixture of Gaussian distribution
used to sample a prediction of the next latent vector z.

In our approach, we approximate p(z) as a mixture of Gaus-
sian distribution, and train the RNN to output the probability
distribution of the next latent vector zt+1 given the current
and past information made available to it.

More specifically, the RNN will model P (zt+1 | at, zt, ht),
where at is the action taken at time t and ht is the hidden
state of the RNN at time t. During sampling, we can adjust
a temperature parameter ⌧ to control model uncertainty, as
done in (Ha & Eck, 2017) – we will find adjusting ⌧ to be
useful for training our controller later on.

This approach is known as a Mixture Density Net-
work (Bishop, 1994) combined with a RNN (MDN-RNN)
(Graves, 2013; Ha, 2017a), and has been applied in the
past for sequence generation problems such as generating
handwriting (Graves, 2013) and sketches (Ha & Eck, 2017).

Figure 7. SketchRNN (Ha & Eck, 2017) is an example of a MDN-
RNN used to predict the next pen strokes of a sketch drawing. We
use a similar model to predict the next latent vector zt.

2.3. Controller (C) Model

The Controller (C) model is responsible for determining the
course of actions to take in order to maximize the expected
cumulative reward of the agent during a rollout of the en-
vironment. In our experiments, we deliberately make C as
simple and small as possible, and trained separately from V
and M, so that most of our agent’s complexity resides in the
world model (V and M).

C is a simple single layer linear model that maps zt and ht

directly to action at at each time step:

at = Wc [zt ht] + bc (1)

In this linear model, Wc and bc are the weight matrix and
bias vector that maps the concatenated input vector [zt ht]
to the output action vector at.

2.4. Putting V, M, and C Together

The following flow diagram illustrates how V, M, and C
interacts with the environment:

Figure 8. Flow diagram of our Agent model. The raw observation
is first processed by V at each time step t to produce zt. The input
into C is this latent vector zt concatenated with M’s hidden state
ht at each time step. C will then output an action vector at for
motor control, and will affect the environment. M will then take
the current zt and action at as an input to update its own hidden
state to produce ht+1 to be used at time t+ 1.
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World Models

In many reinforcement learning (RL) problems (Kaelbling
et al., 1996; Sutton & Barto, 1998; Wiering & van Otterlo,
2012), an artificial agent also benefits from having a good
representation of past and present states, and a good pre-
dictive model of the future (Werbos, 1987; Silver, 2017),
preferably a powerful predictive model implemented on a
general purpose computer such as a recurrent neural network
(RNN) (Schmidhuber, 1990a;b; 1991a).

Figure 3. In this work, we build probabilistic generative models of
OpenAI Gym environments. The RNN-based world models are
trained using collected observations recorded from the actual game
environment. After training the world models, we can use them
mimic the complete environment and train agents using them.

Large RNNs are highly expressive models that can learn
rich spatial and temporal representations of data. However,
many model-free RL methods in the literature often only
use small neural networks with few parameters. The RL
algorithm is often bottlenecked by the credit assignment
problem, which makes it hard for traditional RL algorithms
to learn millions of weights of a large model, hence in
practice, smaller networks are used as they iterate faster to
a good policy during training.

Ideally, we would like to be able to efficiently train large
RNN-based agents. The backpropagation algorithm (Lin-
nainmaa, 1970; Kelley, 1960; Werbos, 1982) can be used to
train large neural networks efficiently. In this work we look
at training a large neural network1 to tackle RL tasks, by
dividing the agent into a large world model and a small con-
troller model. We first train a large neural network to learn a
model of the agent’s world in an unsupervised manner, and
then train the smaller controller model to learn to perform
a task using this world model. A small controller lets the
training algorithm focus on the credit assignment problem
on a small search space, while not sacrificing capacity and
expressiveness via the larger world model. By training the
agent through the lens of its world model, we show that it

1Typical model-free RL models have in the order of 103 to
106 model parameters. We look at training models in the order of
107 parameters, which is still rather small compared to state-of-
the-art deep learning models with 108 to even 109 parameters. In
principle, the procedure described in this article can take advantage
of these larger networks if we wanted to use them.

can learn a highly compact policy to perform its task.

Although there is a large body of research relating to model-
based reinforcement learning, this article is not meant to be
a review (Arulkumaran et al., 2017; Schmidhuber, 2015b) of
the current state of the field. Instead, the goal of this article is
to distill several key concepts from a series of papers 1990–
2015 on combinations of RNN-based world models and
controllers (Schmidhuber, 1990a;b; 1991a; 1990c; 2015a).
We will also discuss other related works in the literature that
share similar ideas of learning a world model and training
an agent using this model.

In this article, we present a simplified framework that we can
use to experimentally demonstrate some of the key concepts
from these papers, and also suggest further insights to effec-
tively apply these ideas to various RL environments. We use
similar terminology and notation as On Learning to Think:
Algorithmic Information Theory for Novel Combinations
of RL Controllers and RNN World Models (Schmidhuber,
2015a) when describing our methodology and experiments.

2. Agent Model
We present a simple model inspired by our own cognitive
system. In this model, our agent has a visual sensory compo-
nent that compresses what it sees into a small representative
code. It also has a memory component that makes predic-
tions about future codes based on historical information.
Finally, our agent has a decision-making component that de-
cides what actions to take based only on the representations
created by its vision and memory components.

Figure 4. Our agent consists of three components that work closely
together: Vision (V), Memory (M), and Controller (C)

2.1. VAE (V) Model
The environment provides our agent with a high dimensional
input observation at each time step. This input is usually
a 2D image frame that is part of a video sequence. The
role of the V model is to learn an abstract, compressed
representation of each observed input frame.

World Models

In many reinforcement learning (RL) problems (Kaelbling
et al., 1996; Sutton & Barto, 1998; Wiering & van Otterlo,
2012), an artificial agent also benefits from having a good
representation of past and present states, and a good pre-
dictive model of the future (Werbos, 1987; Silver, 2017),
preferably a powerful predictive model implemented on a
general purpose computer such as a recurrent neural network
(RNN) (Schmidhuber, 1990a;b; 1991a).

Figure 3. In this work, we build probabilistic generative models of
OpenAI Gym environments. The RNN-based world models are
trained using collected observations recorded from the actual game
environment. After training the world models, we can use them
mimic the complete environment and train agents using them.

Large RNNs are highly expressive models that can learn
rich spatial and temporal representations of data. However,
many model-free RL methods in the literature often only
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algorithm is often bottlenecked by the credit assignment
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to learn millions of weights of a large model, hence in
practice, smaller networks are used as they iterate faster to
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Ideally, we would like to be able to efficiently train large
RNN-based agents. The backpropagation algorithm (Lin-
nainmaa, 1970; Kelley, 1960; Werbos, 1982) can be used to
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dividing the agent into a large world model and a small con-
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then train the smaller controller model to learn to perform
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training algorithm focus on the credit assignment problem
on a small search space, while not sacrificing capacity and
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agent through the lens of its world model, we show that it
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a 2D image frame that is part of a video sequence. The
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Figure 5. Flow diagram of a Variational Autoencoder (VAE).

Here, we use a simple Variational Autoencoder (Kingma
& Welling, 2013; Rezende et al., 2014) as our V model to
compress each image frame into a small latent vector z.

2.2. MDN-RNN (M) Model

While it is the role of the V model to compress what the
agent sees at each time frame, we also want to compress
what happens over time. For this purpose, the role of the
M model is to predict the future. The M model serves as a
predictive model of the future z vectors that V is expected to
produce. Since many complex environments are stochastic
in nature, we train our RNN to output a probability density
function p(z) instead of a deterministic prediction of z.

Figure 6. RNN with a Mixture Density Network output layer. The
MDN outputs the parameters of a mixture of Gaussian distribution
used to sample a prediction of the next latent vector z.

In our approach, we approximate p(z) as a mixture of Gaus-
sian distribution, and train the RNN to output the probability
distribution of the next latent vector zt+1 given the current
and past information made available to it.

More specifically, the RNN will model P (zt+1 | at, zt, ht),
where at is the action taken at time t and ht is the hidden
state of the RNN at time t. During sampling, we can adjust
a temperature parameter ⌧ to control model uncertainty, as
done in (Ha & Eck, 2017) – we will find adjusting ⌧ to be
useful for training our controller later on.

This approach is known as a Mixture Density Net-
work (Bishop, 1994) combined with a RNN (MDN-RNN)
(Graves, 2013; Ha, 2017a), and has been applied in the
past for sequence generation problems such as generating
handwriting (Graves, 2013) and sketches (Ha & Eck, 2017).

Figure 7. SketchRNN (Ha & Eck, 2017) is an example of a MDN-
RNN used to predict the next pen strokes of a sketch drawing. We
use a similar model to predict the next latent vector zt.

2.3. Controller (C) Model

The Controller (C) model is responsible for determining the
course of actions to take in order to maximize the expected
cumulative reward of the agent during a rollout of the en-
vironment. In our experiments, we deliberately make C as
simple and small as possible, and trained separately from V
and M, so that most of our agent’s complexity resides in the
world model (V and M).

C is a simple single layer linear model that maps zt and ht

directly to action at at each time step:

at = Wc [zt ht] + bc (1)

In this linear model, Wc and bc are the weight matrix and
bias vector that maps the concatenated input vector [zt ht]
to the output action vector at.

2.4. Putting V, M, and C Together

The following flow diagram illustrates how V, M, and C
interacts with the environment:

Figure 8. Flow diagram of our Agent model. The raw observation
is first processed by V at each time step t to produce zt. The input
into C is this latent vector zt concatenated with M’s hidden state
ht at each time step. C will then output an action vector at for
motor control, and will affect the environment. M will then take
the current zt and action at as an input to update its own hidden
state to produce ht+1 to be used at time t+ 1.

https://arxiv.org/pdf/1803.10122
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In many reinforcement learning (RL) problems (Kaelbling
et al., 1996; Sutton & Barto, 1998; Wiering & van Otterlo,
2012), an artificial agent also benefits from having a good
representation of past and present states, and a good pre-
dictive model of the future (Werbos, 1987; Silver, 2017),
preferably a powerful predictive model implemented on a
general purpose computer such as a recurrent neural network
(RNN) (Schmidhuber, 1990a;b; 1991a).

Figure 3. In this work, we build probabilistic generative models of
OpenAI Gym environments. The RNN-based world models are
trained using collected observations recorded from the actual game
environment. After training the world models, we can use them
mimic the complete environment and train agents using them.

Large RNNs are highly expressive models that can learn
rich spatial and temporal representations of data. However,
many model-free RL methods in the literature often only
use small neural networks with few parameters. The RL
algorithm is often bottlenecked by the credit assignment
problem, which makes it hard for traditional RL algorithms
to learn millions of weights of a large model, hence in
practice, smaller networks are used as they iterate faster to
a good policy during training.

Ideally, we would like to be able to efficiently train large
RNN-based agents. The backpropagation algorithm (Lin-
nainmaa, 1970; Kelley, 1960; Werbos, 1982) can be used to
train large neural networks efficiently. In this work we look
at training a large neural network1 to tackle RL tasks, by
dividing the agent into a large world model and a small con-
troller model. We first train a large neural network to learn a
model of the agent’s world in an unsupervised manner, and
then train the smaller controller model to learn to perform
a task using this world model. A small controller lets the
training algorithm focus on the credit assignment problem
on a small search space, while not sacrificing capacity and
expressiveness via the larger world model. By training the
agent through the lens of its world model, we show that it

1Typical model-free RL models have in the order of 103 to
106 model parameters. We look at training models in the order of
107 parameters, which is still rather small compared to state-of-
the-art deep learning models with 108 to even 109 parameters. In
principle, the procedure described in this article can take advantage
of these larger networks if we wanted to use them.

can learn a highly compact policy to perform its task.

Although there is a large body of research relating to model-
based reinforcement learning, this article is not meant to be
a review (Arulkumaran et al., 2017; Schmidhuber, 2015b) of
the current state of the field. Instead, the goal of this article is
to distill several key concepts from a series of papers 1990–
2015 on combinations of RNN-based world models and
controllers (Schmidhuber, 1990a;b; 1991a; 1990c; 2015a).
We will also discuss other related works in the literature that
share similar ideas of learning a world model and training
an agent using this model.

In this article, we present a simplified framework that we can
use to experimentally demonstrate some of the key concepts
from these papers, and also suggest further insights to effec-
tively apply these ideas to various RL environments. We use
similar terminology and notation as On Learning to Think:
Algorithmic Information Theory for Novel Combinations
of RL Controllers and RNN World Models (Schmidhuber,
2015a) when describing our methodology and experiments.

2. Agent Model
We present a simple model inspired by our own cognitive
system. In this model, our agent has a visual sensory compo-
nent that compresses what it sees into a small representative
code. It also has a memory component that makes predic-
tions about future codes based on historical information.
Finally, our agent has a decision-making component that de-
cides what actions to take based only on the representations
created by its vision and memory components.

Figure 4. Our agent consists of three components that work closely
together: Vision (V), Memory (M), and Controller (C)

2.1. VAE (V) Model
The environment provides our agent with a high dimensional
input observation at each time step. This input is usually
a 2D image frame that is part of a video sequence. The
role of the V model is to learn an abstract, compressed
representation of each observed input frame.
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et al., 1996; Sutton & Barto, 1998; Wiering & van Otterlo,
2012), an artificial agent also benefits from having a good
representation of past and present states, and a good pre-
dictive model of the future (Werbos, 1987; Silver, 2017),
preferably a powerful predictive model implemented on a
general purpose computer such as a recurrent neural network
(RNN) (Schmidhuber, 1990a;b; 1991a).

Figure 3. In this work, we build probabilistic generative models of
OpenAI Gym environments. The RNN-based world models are
trained using collected observations recorded from the actual game
environment. After training the world models, we can use them
mimic the complete environment and train agents using them.

Large RNNs are highly expressive models that can learn
rich spatial and temporal representations of data. However,
many model-free RL methods in the literature often only
use small neural networks with few parameters. The RL
algorithm is often bottlenecked by the credit assignment
problem, which makes it hard for traditional RL algorithms
to learn millions of weights of a large model, hence in
practice, smaller networks are used as they iterate faster to
a good policy during training.

Ideally, we would like to be able to efficiently train large
RNN-based agents. The backpropagation algorithm (Lin-
nainmaa, 1970; Kelley, 1960; Werbos, 1982) can be used to
train large neural networks efficiently. In this work we look
at training a large neural network1 to tackle RL tasks, by
dividing the agent into a large world model and a small con-
troller model. We first train a large neural network to learn a
model of the agent’s world in an unsupervised manner, and
then train the smaller controller model to learn to perform
a task using this world model. A small controller lets the
training algorithm focus on the credit assignment problem
on a small search space, while not sacrificing capacity and
expressiveness via the larger world model. By training the
agent through the lens of its world model, we show that it

1Typical model-free RL models have in the order of 103 to
106 model parameters. We look at training models in the order of
107 parameters, which is still rather small compared to state-of-
the-art deep learning models with 108 to even 109 parameters. In
principle, the procedure described in this article can take advantage
of these larger networks if we wanted to use them.
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the current state of the field. Instead, the goal of this article is
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2015 on combinations of RNN-based world models and
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We will also discuss other related works in the literature that
share similar ideas of learning a world model and training
an agent using this model.

In this article, we present a simplified framework that we can
use to experimentally demonstrate some of the key concepts
from these papers, and also suggest further insights to effec-
tively apply these ideas to various RL environments. We use
similar terminology and notation as On Learning to Think:
Algorithmic Information Theory for Novel Combinations
of RL Controllers and RNN World Models (Schmidhuber,
2015a) when describing our methodology and experiments.

2. Agent Model
We present a simple model inspired by our own cognitive
system. In this model, our agent has a visual sensory compo-
nent that compresses what it sees into a small representative
code. It also has a memory component that makes predic-
tions about future codes based on historical information.
Finally, our agent has a decision-making component that de-
cides what actions to take based only on the representations
created by its vision and memory components.

Figure 4. Our agent consists of three components that work closely
together: Vision (V), Memory (M), and Controller (C)

2.1. VAE (V) Model
The environment provides our agent with a high dimensional
input observation at each time step. This input is usually
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→ Policy (controller) could be trained entirely within  
     the learned model’s “dream” and then successfully 
     transferred to the real game environment.

World Models

Figure 12. Driving is more stable if we give our controller access
to both zt and ht.

We see that allowing the agent to access the both zt and ht

greatly improves its driving capability. The driving is more
stable, and the agent is able to seemingly attack the sharp
corners effectively. Furthermore, we see that in making
these fast reflexive driving decisions during a car race, the
agent does not need to plan ahead and roll out hypothetical
scenarios of the future. Since ht contain information about
the probability distribution of the future, the agent can just
query the RNN instinctively to guide its action decisions.
Like a seasoned Formula One driver or the baseball player
discussed earlier, the agent can instinctively predict when
and where to navigate in the heat of the moment.

METHOD AVG. SCORE

DQN (PRIEUR, 2017) 343 ± 18
A3C (CONTINUOUS) (JANG ET AL., 2017) 591 ± 45
A3C (DISCRETE) (KHAN & ELIBOL, 2016) 652 ± 10
CEOBILLIONAIRE (GYM LEADERBOARD) 838 ± 11
V MODEL 632 ± 251
V MODEL WITH HIDDEN LAYER 788 ± 141
FULL WORLD MODEL 906 ± 21

Table 1. CarRacing-v0 scores achieved using various methods.

Our agent is able to achieve a score of 906 ± 21 over 100
random trials, effectively solving the task and obtaining new
state of the art results. Previous attempts (Khan & Elibol,
2016; Jang et al., 2017) using Deep RL methods obtained
average scores of 591–652 range, and the best reported
solution on the leaderboard obtained an average score of
838 ± 11 over 100 random trials. Traditional Deep RL
methods often require pre-processing of each frame, such
as employing edge-detection (Jang et al., 2017), in addition
to stacking a few recent frames (Khan & Elibol, 2016; Jang
et al., 2017) into the input. In contrast, our world model
takes in a stream of raw RGB pixel images and directly
learns a spatial-temporal representation. To our knowledge,
our method is the first reported solution to solve this task.

3.4. Car Racing Dreams

Since our world model is able to model the future, we are
also able to have it come up with hypothetical car racing sce-
narios on its own. We can ask it to produce the probability
distribution of zt+1 given the current states, sample a zt+1

and use this sample as the real observation. We can put our
trained C back into this hallucinated environment generated
by M. The following image from an interactive demo in the
online version of this article shows how our world model
can be used to hallucinate the car racing environment:

Figure 13. Our agent driving inside of its own dream world. Here,
we deploy our trained policy into a fake environment generated
by the MDN-RNN, and rendered using the VAE’s decoder. In the
demo, one can override the agent’s actions as well as adjust ⌧ to
control the uncertainty of the environment generated by M.

4. VizDoom Experiment
4.1. Learning Inside of a Dream

We have just seen that a policy learned inside of the real
environment appears to somewhat function inside of the
dream environment. This begs the question – can we train
our agent to learn inside of its own dream, and transfer this
policy back to the actual environment?

If our world model is sufficiently accurate for its purpose,
and complete enough for the problem at hand, we should
be able to substitute the actual environment with this world
model. After all, our agent does not directly observe the re-
ality, but only sees what the world model lets it see. In
this experiment, we train an agent inside the hallucina-
tion generated by its world model trained to mimic a Viz-
Doom (Kempka et al., 2016) environment.

Inside “Dream”

→ use generated  as  
     real observation at 

̂zt+1
t + 1

https://arxiv.org/pdf/1803.10122
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From Static Representations → Dynamic Simulators: 

So far we looked at foundation models that either to learn good representations, model static states. 
Generation was mostly a self-supervised learning principle. 

In world models, generation means simulating how the world evolves over time.

‣ Generate the next step:  
From what the agent currently sees and does,  
the world model generates the next observation and reward.


‣ Generate whole futures:  
By rolling forward, it generates entire trajectories so the agent can “imagine” life ahead.


‣ Generate counterfactuals and plans:  
It generates alternative futures for different actions, letting the agent compare options, choose 
plans, and even create new training worlds.
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Liu et al., (2025)

A world model enables an agent to predict and reason about future states 
without direct trial-and-error in reality.“

Designing an AI world model involves determining how an AI agent acquires, represents, and 
updates its understanding of the environment’s dynamics. 

implicit explicit simulator-based modelsinstruction-driven

While implementations vary, most approaches fall into four broad paradigms:

https://arxiv.org/pdf/2504.01990
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Let   denote the set of possible environment states,  
 
        the set of actions,  
 
and  the set of observations
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Figure 4.3: Four paradigms of world modeling: (a) implicit, (b) explicit, (c) simulator-based, and (d)
hybrid/instruction-driven. These diagrams illustrate the architectural forms of world models under di!erent
design paradigms.

classification aligns with the previous subsections, including the detailed discussion of each paradigm, and
complements the visual representation in Figure 4.2. Table 4.1 further details representative methods along
encoder/decoder, latent space, rollout, planning, and objective, complementing the paradigm-level summary
(form, complexity, paradigm) above.

4.4 Relationships to Other Modules

A
I !"#$% &"%’$ does not exist in isolation but interacts with several key components of the agent’s
architecture. These include (but are not limited to) the memory, perception, and action modules.
In this subsection, we explore how world models integrate with these critical components to enable

coherent and adaptive behavior in dynamic environments.

4.4.1 Memory and the World Model

Memory systems play a crucial role in the operation of world models. While a world model generates
predictive representations of future states or actions, memory serves as the foundation upon which these
representations are built and updated. The relationship between the world model and memory can be
viewed as a loop where the world model predicts potential futures, while the memory stores past experiences,
observations, and learned patterns, allowing for context-dependent reasoning and future predictions.

Memory mechanisms can be structured in various ways, including:

• Short-term memory: This enables the agent to hold and update its internal state temporarily, storing
the most recent interactions or observations. This short-term context helps the agent make decisions
in the immediate environment.

• Long-term memory: This serves as a more persistent repository of experiences and general knowledge
about the environment. A world model can interact with long-term memory to refine its predictions,
and it may use historical data to make more informed decisions or simulate more realistic futures.

Key idea:

• Simulate the future entirely in a latent state space.

• Agent does not reconstruct future observations during planning.

• Decoder, if present, is only for

• auxiliary training losses or

• visualization, not for decision-making.

action

predicted  
observation 

at t + 1

latent state 
at t

latent state 
at t + 1

An implicit world model retains a state , updated asht ∈ ℋ

<latexit sha1_base64="jdvNT/UnmatSjZ27uFrPHHGmeuc="></latexit>

ht+1 = f✓ (ht, at) , ôt+1 = g✓ (ht+1) (optional, not used in rollout)

Decoder
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hybrid/instruction-driven. These diagrams illustrate the architectural forms of world models under di!erent
design paradigms.

classification aligns with the previous subsections, including the detailed discussion of each paradigm, and
complements the visual representation in Figure 4.2. Table 4.1 further details representative methods along
encoder/decoder, latent space, rollout, planning, and objective, complementing the paradigm-level summary
(form, complexity, paradigm) above.

4.4 Relationships to Other Modules

A
I !"#$% &"%’$ does not exist in isolation but interacts with several key components of the agent’s
architecture. These include (but are not limited to) the memory, perception, and action modules.
In this subsection, we explore how world models integrate with these critical components to enable

coherent and adaptive behavior in dynamic environments.

4.4.1 Memory and the World Model

Memory systems play a crucial role in the operation of world models. While a world model generates
predictive representations of future states or actions, memory serves as the foundation upon which these
representations are built and updated. The relationship between the world model and memory can be
viewed as a loop where the world model predicts potential futures, while the memory stores past experiences,
observations, and learned patterns, allowing for context-dependent reasoning and future predictions.

Memory mechanisms can be structured in various ways, including:

• Short-term memory: This enables the agent to hold and update its internal state temporarily, storing
the most recent interactions or observations. This short-term context helps the agent make decisions
in the immediate environment.

• Long-term memory: This serves as a more persistent repository of experiences and general knowledge
about the environment. A world model can interact with long-term memory to refine its predictions,
and it may use historical data to make more informed decisions or simulate more realistic futures.

Key idea:

• Simulate the future entirely in a latent state space.

• Agent does not reconstruct future observations during planning.

• Decoder, if present, is only for

• auxiliary training losses or

• visualization, not for decision-making. 

Analogy: 

Thinking in abstract symbols about the game state, 

without ever “rendering” a picture of the board.
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Examples: World Models, MuZero, Dreamer, V-JEPA2, etc.
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David Ha 1 Jürgen Schmidhuber 2 3

Abstract
We explore building generative neural network
models of popular reinforcement learning
environments. Our world model can be trained
quickly in an unsupervised manner to learn a
compressed spatial and temporal representation
of the environment. By using features extracted
from the world model as inputs to an agent, we
can train a very compact and simple policy that
can solve the required task. We can even train
our agent entirely inside of its own hallucinated
dream generated by its world model, and transfer
this policy back into the actual environment.

An interactive version of this paper is available at
https://worldmodels.github.io

1. Introduction
Humans develop a mental model of the world based on
what they are able to perceive with their limited senses. The
decisions and actions we make are based on this internal
model. Jay Wright Forrester, the father of system dynamics,
described a mental model as:

The image of the world around us, which we carry in our
head, is just a model. Nobody in his head imagines all
the world, government or country. He has only selected
concepts, and relationships between them, and uses those
to represent the real system. (Forrester, 1971)

To handle the vast amount of information that flows through
our daily lives, our brain learns an abstract representation
of both spatial and temporal aspects of this information.
We are able to observe a scene and remember an abstract
description thereof (Cheang & Tsao, 2017; Quiroga et al.,
2005). Evidence also suggests that what we perceive at any
given moment is governed by our brain’s prediction of the
future based on our internal model (Nortmann et al., 2015;
Gerrit et al., 2013).

One way of understanding the predictive model inside of our
brains is that it might not be about just predicting the future
in general, but predicting future sensory data given our

1Google Brain 2NNAISENSE 3Swiss AI Lab, IDSIA (USI & SUPSI)

Figure 1. A World Model, from Scott McCloud’s Understanding
Comics. (McCloud, 1993; E, 2012)

current motor actions (Keller et al., 2012; Leinweber et al.,
2017). We are able to instinctively act on this predictive
model and perform fast reflexive behaviours when we face
danger (Mobbs et al., 2015), without the need to consciously
plan out a course of action.

Take baseball for example. A batter has milliseconds to de-
cide how they should swing the bat – shorter than the time
it takes for visual signals to reach our brain. The reason
we are able to hit a 100 mph fastball is due to our ability to
instinctively predict when and where the ball will go. For
professional players, this all happens subconsciously. Their
muscles reflexively swing the bat at the right time and loca-
tion in line with their internal models’ predictions (Gerrit
et al., 2013). They can quickly act on their predictions of
the future without the need to consciously roll out possible
future scenarios to form a plan (Hirshon, 2013).

Figure 2. What we see is based on our brain’s prediction of the
future (Kitaoka, 2002; Watanabe et al., 2018).
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• At decision time, MuZero runs Monte 
Carlo Tree Search over latent states .


• Each node expansion uses  and  to 
get new states, rewards, values, and 
policies.


• The final action is chosen from root 
visit counts.
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outcomes. The components are trained concurrently from replayed 
experience while the agent interacts with the environment. To succeed 
across domains, all three components need to accommodate different 
signal magnitudes and robustly balance terms in their objectives. This 
is challenging as we are not only targeting similar tasks within the same 
domain but also aiming to learn across diverse domains with fixed 
hyperparameters. This section introduces the model components and 
their robust loss functions.

World model learning
The world model learns compact representations of sensory inputs 
through autoencoding24 and enables planning by predicting future 
representations and rewards for potential actions. We implement the 
world model as a recurrent state-space model25, shown in Fig. 1. First, an 
encoder maps sensory inputs xt to stochastic representations zt for each 
time step t in the training sequence. Then, a sequence model with recur-
rent state ht predicts the sequence of these representations given past 
actions at−1. The concatenation of ht and zt forms the model state from 
which we predict rewards rt and episode continuation flags ct ∈ {0, 1} 
and reconstruct the inputs to ensure informative representations:

̂ ̂
̂ ̂
̂ ̂
̂ ̂

h f h z a

z q z h x

z p z h

r p r h z

c p c h z

x p x h z

Sequence model: = ( , , )

Encoder: ~ ( , )

Dynamics predictor: ~ ( )

Reward predictor: ~ ( , )

Continue predictor: ~ ( , )

Decoder: ~ ( , )

t φ t t t

t φ t t t

t φ t t

t φ t t t

t φ t t t

t φ t t t

−1 −1 −1

Here, the tilde (~) indicates random variables sampled from their 
corresponding distribution. Figure 3 visualizes long-term video pre-
dictions of the world model. Additional video predictions are shown 
in Extended Data Fig. 1. The encoder and decoder use convolutional 
neural networks for image inputs and multilayer perceptrons (MLPs) 
for vector inputs. The dynamics, reward and continue predictors are 
also MLPs. The representations are sampled from a vector of softmax 
distributions and we take straight-through gradients through the 
sampling step23. Given a sequence batch of length T with inputs x1:T, 
actions a1:T, rewards r1:T and continuation flags c1:T, the world model 
parameters φ are optimized end-to-end to minimize the prediction 

loss predL , the dynamics loss dynL  and the representation loss Lrep with 
correspond ing loss weights βpred = 1, βdyn = 1 and βrep = 0.1:

⎡

⎣
⎢
⎢
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⎥
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∑φ E β φ β φ β φ( ) ( ( ) + ( ) + ( )) ,q
t

T

=1
pred pred dyn dyn rep repφ

≐L L L L

where Eqφ
 is the expected value.

The prediction loss trains the decoder and reward predictor via the 
symlog squared loss described later, and the continue predictor via 
logistic regression. The dynamics loss trains the sequence model to 
predict the next representation by minimizing the Kullback–Leibler 
(KL) divergence between the predictor pφ(zt∣ht) and the next stochas-
tic representation qφ(zt∣ht, xt). The representation loss, in turn, trains 
the representations to become more predictable, allowing us to 
use a factorized dynamics predictor for fast sampling during imagi-
nation training. The two losses differ in the stop-gradient operator 
sg(⋅) and their loss scale. To avoid a degenerate solution where the 
dynamics are trivial to predict but contain no information about 
the input, we employ free bits26 by clipping the dynamics and repre-
sentation losses below the value of 1 nat % 1.44 bits. This disables them  
while they are already minimized well to focus learning on the predic-
tion loss:

φ p x z h p r z h p c z h
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Previous world models require scaling the representation loss 
differently based on the visual complexity of the environment22. 
Complex scenes contain details unnecessary for control and thus 
prompt a stronger regularizer to simplify the representations and 
make them easier to predict. Simple graphics where individual pix-
els matter for the task require a weaker regularizer to extract fine 
details. We find that combining free bits with a small representation 
loss scale resolves this dilemma, allowing for fixed hyperparameters 
across domains. Moreover, transforming vector observations using 
the symlog function described later prevents large inputs and large 
reconstruction gradients, further stabilizing the trade-off with the 
representation loss.

We occasionally observed spikes in the Kullback–Leibler losses 
in earlier experiments, consistent with reports for deep variational 
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Fig. 1 | Training process of Dreamer. The world model encodes sensory inputs 
xt using the encoder (enc) into discrete representations zt that are predicted  
by a sequence model with recurrent state ht given actions at. The inputs are 

reconstructed as xt̂ using the decoder (dec) to shape the representations.  
The actor and critic predict actions at and values vt and learn from trajectories 
of abstract representations ̂zt and rewards rt predicted by the world model.
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outcomes. The components are trained concurrently from replayed 
experience while the agent interacts with the environment. To succeed 
across domains, all three components need to accommodate different 
signal magnitudes and robustly balance terms in their objectives. This 
is challenging as we are not only targeting similar tasks within the same 
domain but also aiming to learn across diverse domains with fixed 
hyperparameters. This section introduces the model components and 
their robust loss functions.

World model learning
The world model learns compact representations of sensory inputs 
through autoencoding24 and enables planning by predicting future 
representations and rewards for potential actions. We implement the 
world model as a recurrent state-space model25, shown in Fig. 1. First, an 
encoder maps sensory inputs xt to stochastic representations zt for each 
time step t in the training sequence. Then, a sequence model with recur-
rent state ht predicts the sequence of these representations given past 
actions at−1. The concatenation of ht and zt forms the model state from 
which we predict rewards rt and episode continuation flags ct ∈ {0, 1} 
and reconstruct the inputs to ensure informative representations:

̂ ̂
̂ ̂
̂ ̂
̂ ̂

h f h z a

z q z h x

z p z h

r p r h z
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Encoder: ~ ( , )

Dynamics predictor: ~ ( )

Reward predictor: ~ ( , )

Continue predictor: ~ ( , )

Decoder: ~ ( , )

t φ t t t

t φ t t t

t φ t t

t φ t t t
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Here, the tilde (~) indicates random variables sampled from their 
corresponding distribution. Figure 3 visualizes long-term video pre-
dictions of the world model. Additional video predictions are shown 
in Extended Data Fig. 1. The encoder and decoder use convolutional 
neural networks for image inputs and multilayer perceptrons (MLPs) 
for vector inputs. The dynamics, reward and continue predictors are 
also MLPs. The representations are sampled from a vector of softmax 
distributions and we take straight-through gradients through the 
sampling step23. Given a sequence batch of length T with inputs x1:T, 
actions a1:T, rewards r1:T and continuation flags c1:T, the world model 
parameters φ are optimized end-to-end to minimize the prediction 

loss predL , the dynamics loss dynL  and the representation loss Lrep with 
correspond ing loss weights βpred = 1, βdyn = 1 and βrep = 0.1:
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where Eqφ
 is the expected value.

The prediction loss trains the decoder and reward predictor via the 
symlog squared loss described later, and the continue predictor via 
logistic regression. The dynamics loss trains the sequence model to 
predict the next representation by minimizing the Kullback–Leibler 
(KL) divergence between the predictor pφ(zt∣ht) and the next stochas-
tic representation qφ(zt∣ht, xt). The representation loss, in turn, trains 
the representations to become more predictable, allowing us to 
use a factorized dynamics predictor for fast sampling during imagi-
nation training. The two losses differ in the stop-gradient operator 
sg(⋅) and their loss scale. To avoid a degenerate solution where the 
dynamics are trivial to predict but contain no information about 
the input, we employ free bits26 by clipping the dynamics and repre-
sentation losses below the value of 1 nat % 1.44 bits. This disables them  
while they are already minimized well to focus learning on the predic-
tion loss:
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Previous world models require scaling the representation loss 
differently based on the visual complexity of the environment22. 
Complex scenes contain details unnecessary for control and thus 
prompt a stronger regularizer to simplify the representations and 
make them easier to predict. Simple graphics where individual pix-
els matter for the task require a weaker regularizer to extract fine 
details. We find that combining free bits with a small representation 
loss scale resolves this dilemma, allowing for fixed hyperparameters 
across domains. Moreover, transforming vector observations using 
the symlog function described later prevents large inputs and large 
reconstruction gradients, further stabilizing the trade-off with the 
representation loss.

We occasionally observed spikes in the Kullback–Leibler losses 
in earlier experiments, consistent with reports for deep variational 
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Fig. 1 | Training process of Dreamer. The world model encodes sensory inputs 
xt using the encoder (enc) into discrete representations zt that are predicted  
by a sequence model with recurrent state ht given actions at. The inputs are 

reconstructed as xt̂ using the decoder (dec) to shape the representations.  
The actor and critic predict actions at and values vt and learn from trajectories 
of abstract representations ̂zt and rewards rt predicted by the world model.

• Dreamer world model learns compact representations 
of sensory inputs through autoencoding.


• World model is implemented as as a recurrent state-
space model.


1. An encoder maps sensory inputs  to stochastic 
representations  for each time step  in the training 
sequence. 


2. A sequence model with recurrent state  predicts 
the sequence of these representations given past 
actions .  
The concatenation of  and  forms the model state 
from which one predicts rewards . 

xt
zt t

ht

at−1
ht zt
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outcomes. The components are trained concurrently from replayed 
experience while the agent interacts with the environment. To succeed 
across domains, all three components need to accommodate different 
signal magnitudes and robustly balance terms in their objectives. This 
is challenging as we are not only targeting similar tasks within the same 
domain but also aiming to learn across diverse domains with fixed 
hyperparameters. This section introduces the model components and 
their robust loss functions.

World model learning
The world model learns compact representations of sensory inputs 
through autoencoding24 and enables planning by predicting future 
representations and rewards for potential actions. We implement the 
world model as a recurrent state-space model25, shown in Fig. 1. First, an 
encoder maps sensory inputs xt to stochastic representations zt for each 
time step t in the training sequence. Then, a sequence model with recur-
rent state ht predicts the sequence of these representations given past 
actions at−1. The concatenation of ht and zt forms the model state from 
which we predict rewards rt and episode continuation flags ct ∈ {0, 1} 
and reconstruct the inputs to ensure informative representations:
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Here, the tilde (~) indicates random variables sampled from their 
corresponding distribution. Figure 3 visualizes long-term video pre-
dictions of the world model. Additional video predictions are shown 
in Extended Data Fig. 1. The encoder and decoder use convolutional 
neural networks for image inputs and multilayer perceptrons (MLPs) 
for vector inputs. The dynamics, reward and continue predictors are 
also MLPs. The representations are sampled from a vector of softmax 
distributions and we take straight-through gradients through the 
sampling step23. Given a sequence batch of length T with inputs x1:T, 
actions a1:T, rewards r1:T and continuation flags c1:T, the world model 
parameters φ are optimized end-to-end to minimize the prediction 

loss predL , the dynamics loss dynL  and the representation loss Lrep with 
correspond ing loss weights βpred = 1, βdyn = 1 and βrep = 0.1:
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where Eqφ
 is the expected value.

The prediction loss trains the decoder and reward predictor via the 
symlog squared loss described later, and the continue predictor via 
logistic regression. The dynamics loss trains the sequence model to 
predict the next representation by minimizing the Kullback–Leibler 
(KL) divergence between the predictor pφ(zt∣ht) and the next stochas-
tic representation qφ(zt∣ht, xt). The representation loss, in turn, trains 
the representations to become more predictable, allowing us to 
use a factorized dynamics predictor for fast sampling during imagi-
nation training. The two losses differ in the stop-gradient operator 
sg(⋅) and their loss scale. To avoid a degenerate solution where the 
dynamics are trivial to predict but contain no information about 
the input, we employ free bits26 by clipping the dynamics and repre-
sentation losses below the value of 1 nat % 1.44 bits. This disables them  
while they are already minimized well to focus learning on the predic-
tion loss:
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Previous world models require scaling the representation loss 
differently based on the visual complexity of the environment22. 
Complex scenes contain details unnecessary for control and thus 
prompt a stronger regularizer to simplify the representations and 
make them easier to predict. Simple graphics where individual pix-
els matter for the task require a weaker regularizer to extract fine 
details. We find that combining free bits with a small representation 
loss scale resolves this dilemma, allowing for fixed hyperparameters 
across domains. Moreover, transforming vector observations using 
the symlog function described later prevents large inputs and large 
reconstruction gradients, further stabilizing the trade-off with the 
representation loss.

We occasionally observed spikes in the Kullback–Leibler losses 
in earlier experiments, consistent with reports for deep variational 
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Fig. 1 | Training process of Dreamer. The world model encodes sensory inputs 
xt using the encoder (enc) into discrete representations zt that are predicted  
by a sequence model with recurrent state ht given actions at. The inputs are 

reconstructed as xt̂ using the decoder (dec) to shape the representations.  
The actor and critic predict actions at and values vt and learn from trajectories 
of abstract representations ̂zt and rewards rt predicted by the world model.

1. World Model 
Recurrent state-space model (no Transformers) that 
encodes observations into latents and, given an 
action, predicts next state, reward, and whether the 
episode continues.


2. Critic  
Distributional value network that evaluates imagined 
trajectories from the world model, with strong 
normalization and EMA-averaged parameters for 
stability under sparse or noisy rewards. 

3. Actor  
Policy network that chooses actions from imagined 
futures, maximizing predicted return while 
maintaining exploration so it does not get stuck in 
local optima.

Components of DreamerV3
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outcomes. The components are trained concurrently from replayed 
experience while the agent interacts with the environment. To succeed 
across domains, all three components need to accommodate different 
signal magnitudes and robustly balance terms in their objectives. This 
is challenging as we are not only targeting similar tasks within the same 
domain but also aiming to learn across diverse domains with fixed 
hyperparameters. This section introduces the model components and 
their robust loss functions.

World model learning
The world model learns compact representations of sensory inputs 
through autoencoding24 and enables planning by predicting future 
representations and rewards for potential actions. We implement the 
world model as a recurrent state-space model25, shown in Fig. 1. First, an 
encoder maps sensory inputs xt to stochastic representations zt for each 
time step t in the training sequence. Then, a sequence model with recur-
rent state ht predicts the sequence of these representations given past 
actions at−1. The concatenation of ht and zt forms the model state from 
which we predict rewards rt and episode continuation flags ct ∈ {0, 1} 
and reconstruct the inputs to ensure informative representations:
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Here, the tilde (~) indicates random variables sampled from their 
corresponding distribution. Figure 3 visualizes long-term video pre-
dictions of the world model. Additional video predictions are shown 
in Extended Data Fig. 1. The encoder and decoder use convolutional 
neural networks for image inputs and multilayer perceptrons (MLPs) 
for vector inputs. The dynamics, reward and continue predictors are 
also MLPs. The representations are sampled from a vector of softmax 
distributions and we take straight-through gradients through the 
sampling step23. Given a sequence batch of length T with inputs x1:T, 
actions a1:T, rewards r1:T and continuation flags c1:T, the world model 
parameters φ are optimized end-to-end to minimize the prediction 

loss predL , the dynamics loss dynL  and the representation loss Lrep with 
correspond ing loss weights βpred = 1, βdyn = 1 and βrep = 0.1:
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where Eqφ
 is the expected value.

The prediction loss trains the decoder and reward predictor via the 
symlog squared loss described later, and the continue predictor via 
logistic regression. The dynamics loss trains the sequence model to 
predict the next representation by minimizing the Kullback–Leibler 
(KL) divergence between the predictor pφ(zt∣ht) and the next stochas-
tic representation qφ(zt∣ht, xt). The representation loss, in turn, trains 
the representations to become more predictable, allowing us to 
use a factorized dynamics predictor for fast sampling during imagi-
nation training. The two losses differ in the stop-gradient operator 
sg(⋅) and their loss scale. To avoid a degenerate solution where the 
dynamics are trivial to predict but contain no information about 
the input, we employ free bits26 by clipping the dynamics and repre-
sentation losses below the value of 1 nat % 1.44 bits. This disables them  
while they are already minimized well to focus learning on the predic-
tion loss:
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Previous world models require scaling the representation loss 
differently based on the visual complexity of the environment22. 
Complex scenes contain details unnecessary for control and thus 
prompt a stronger regularizer to simplify the representations and 
make them easier to predict. Simple graphics where individual pix-
els matter for the task require a weaker regularizer to extract fine 
details. We find that combining free bits with a small representation 
loss scale resolves this dilemma, allowing for fixed hyperparameters 
across domains. Moreover, transforming vector observations using 
the symlog function described later prevents large inputs and large 
reconstruction gradients, further stabilizing the trade-off with the 
representation loss.

We occasionally observed spikes in the Kullback–Leibler losses 
in earlier experiments, consistent with reports for deep variational 
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Fig. 1 | Training process of Dreamer. The world model encodes sensory inputs 
xt using the encoder (enc) into discrete representations zt that are predicted  
by a sequence model with recurrent state ht given actions at. The inputs are 

reconstructed as xt̂ using the decoder (dec) to shape the representations.  
The actor and critic predict actions at and values vt and learn from trajectories 
of abstract representations ̂zt and rewards rt predicted by the world model.

• Training Loop:

• Collect real experience from the environment.

• Train RSSM to model latent dynamics + reconstructions.

• Imagine trajectories in latent space.

• Optimize actor and critic from imagined rollouts.

• Same hyperparameters across 150+ tasks (Atari, DM 

Control, Minecraft…). 

• Difference to MuZero:

• Dreamer: no planning tree, instead does offline imagination 

to train a feedforward actor.

• Much more suitable for continuous actions and high-

dimensional control.

https://www.nature.com/articles/s41586-025-08744-2
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= JEPAA counterproposal to Transformers! Architectures for world models.

Encoder Encoder

<latexit sha1_base64="6yuCsdrpFwL5joYndiIFpM8dW0U=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY8kXjhCIo8ENmR2aGBkdnYzM2skG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeTu7nffkSleSTvzTRGP6QjyYecUWOlxlO/WHLL7gJknXgZKUGGer/41RtELAlRGiao1l3PjY2fUmU4Ezgr9BKNMWUTOsKupZKGqP10ceiMXFhlQIaRsiUNWai/J1Iaaj0NA9sZUjPWq95c/M/rJmZ466dcxolByZaLhokgJiLzr8mAK2RGTC2hTHF7K2FjqigzNpuCDcFbfXmdtK7KXqVcaVyXqrUsjjycwTlcggc3UIUa1KEJDBCe4RXenAfnxXl3PpatOSebOYU/cD5/AOuZjQ0=</latexit>x
<latexit sha1_base64="Y6RsQCyd3wq6KsK/FO8hvVz/4GU=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vjw0mML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkfu53nlBpHssHM03Qj+hI8pAzaqzUnA5KZbfiLkDWiZeTMuRoDEpf/WHM0gilYYJq3fPcxPgZVYYzgbNiP9WYUDahI+xZKmmE2s8Wh87IpVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGdn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNkUbgrf68jppX1e8aqXavCnX6nkcBTiHC7gCD26hBnVoQAsYIDzDK7w5j86L8+58LFs3nHzmDP7A+fwB7R2NDg==</latexit>y

<latexit sha1_base64="CrL+CN5QkP4+5ONIP9pKCBQfFio=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vjw0mML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkfu53nlBpHssHM03Qj+hI8pAzaqzUpINS2a24C5B14uWkDDkag9JXfxizNEJpmKBa9zw3MX5GleFM4KzYTzUmlE3oCHuWShqh9rPFoTNyaZUhCWNlSxqyUH9PZDTSehoFtjOiZqxXvbn4n9dLTXjnZ1wmqUHJlovCVBATk/nXZMgVMiOmllCmuL2VsDFVlBmbTdGG4K2+vE7a1xWvWqk2b8q1eh5HAc7hAq7Ag1uoQR0a0AIGCM/wCm/Oo/PivDsfy9YNJ585gz9wPn8AyL2M9g==</latexit>a

<latexit sha1_base64="6+dLCRCOYi8KvQVbucRBcBQixRM=">AAAB/nicdVDLSsNAFJ3UV62vqLhyM1iEClIS0Wh3BTddVrCt0IYwmUzaoTNJmJlISyj4K25cKOLW73Dn3zhpK/g8MHA4517umeMnjEplWe9GYWFxaXmluFpaW9/Y3DK3d9oyTgUmLRyzWNz4SBJGI9JSVDFykwiCuM9Ixx9e5n7nlghJ4+hajRPictSPaEgxUlryzL0eR2ogeNYUJJhUpDc6hqMjzyxb1VrNdpwz+JvYVWuKMpij6ZlvvSDGKSeRwgxJ2bWtRLkZEopiRialXipJgvAQ9UlX0whxIt1sGn8CD7USwDAW+kUKTtWvGxniUo65ryfzsPKnl4t/ed1UhRduRqMkVSTCs0NhyqCKYd4FDKggWLGxJggLqrNCPEACYaUbK+kSPn8K/yftk6rtVJ2r03K9Ma+jCPbBAagAG5yDOmiAJmgBDDJwDx7Bk3FnPBjPxststGDMd3bBNxivH0xnlcE=</latexit>

Pred(sx, x)

<latexit sha1_base64="C2/Ta83x1gi0Bts85j4bBQrcQPw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY8kXjhCIo8ENmR2aGBkdnYzM2uCG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeTu7nffkSleSTvzTRGP6QjyYecUWOlxlO/WHLL7gJknXgZKUGGer/41RtELAlRGiao1l3PjY2fUmU4Ezgr9BKNMWUTOsKupZKGqP10ceiMXFhlQIaRsiUNWai/J1Iaaj0NA9sZUjPWq95c/M/rJmZ466dcxolByZaLhokgJiLzr8mAK2RGTC2hTHF7K2FjqigzNpuCDcFbfXmdtK7KXqVcaVyXqrUsjjycwTlcggc3UIUa1KEJDBCe4RXenAfnxXl3PpatOSebOYU/cD5/AO6hjQ8=</latexit>z

<latexit sha1_base64="TeD2+5Dl+oHoMQUz9QK079KEUGM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseClx4r2lpoQ9lsJ+3SzSbsbsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTjm5n/8IhK81jem0mCfkSHkoecUWOlO91/6pcrbtWdg6wSLycVyNHsl796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwms/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdK+qHq1au32slJv5HEU4QRO4Rw8uII6NKAJLWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QN1Do3z</latexit>sx
<latexit sha1_base64="Q4vRXX3AHVjNRoK9gLGE8u+GQ2g=">AAAB+nicbZDLSsNAFIZP6q3WW6pLN4NFqCAlEakuC7rosoK9QBvCZDpph04uzEyUEPsoblwo4tYncefbOG2z0NYfBj7+cw7nzO/FnEllWd9GYW19Y3OruF3a2d3bPzDLhx0ZJYLQNol4JHoelpSzkLYVU5z2YkFx4HHa9SY3s3r3gQrJovBepTF1AjwKmc8IVtpyzfJtVbrpORqMsco0Tc9cs2LVrLnQKtg5VCBXyzW/BsOIJAENFeFYyr5txcrJsFCMcDotDRJJY0wmeET7GkMcUOlk89On6FQ7Q+RHQr9Qobn7eyLDgZRp4OnOAKuxXK7NzP9q/UT5107GwjhRNCSLRX7CkYrQLAc0ZIISxVMNmAimb0VkjAUmSqdV0iHYy19ehc5Fza7X6neXlUYzj6MIx3ACVbDhChrQhBa0gcAjPMMrvBlPxovxbnwsWgtGPnMEf2R8/gBOz5Nu</latexit>

D(sy, ŝy)

<latexit sha1_base64="4cFD1AXuTacxQUAa7vAu/CiJPSY=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPBS48V7Ie0oWy223bp7ibsToQQ+iu8eFDEqz/Hm//GbZuDtj4YeLw3w8y8MBbcoOd9O4WNza3tneJuaW//4PCofHzSNlGiKWvRSES6GxLDBFeshRwF68aaERkK1gmnd3O/88S04ZF6wDRmgSRjxUecErTSY39CMDODdDYoV7yqt4C7TvycVCBHc1D+6g8jmkimkApiTM/3YgwyopFTwWalfmJYTOiUjFnPUkUkM0G2OHjmXlhl6I4ibUuhu1B/T2REGpPK0HZKghOz6s3F/7xegqPbIOMqTpApulw0SoSLkTv/3h1yzSiK1BJCNbe3unRCNKFoMyrZEPzVl9dJ+6rq16q1++tKvZHHUYQzOIdL8OEG6tCAJrSAgoRneIU3RzsvzrvzsWwtOPnMKfyB8/kDRaiQwQ==</latexit>

ŝy

<latexit sha1_base64="IB+OuwvqlDbHaxHMkbkQESqS/wQ=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseClx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNM7uZ+54lrI2L1iNOE+xEdKREKRtFKD2YwHZQrbtVdgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4dUYurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6K4a2fCZWkyBVbLgpTSTAm87/JUGjOUE4toUwLeythY6opQ5tOyYbgrb68TtpXVa9Wrd1fV+qNPI4inME5XIIHN1CHBjShBQxG8Ayv8OZI58V5dz6WrQUnnzmFP3A+fwB2ko30</latexit>sy

<latexit sha1_base64="fdvfXj/PG+dcFnhmU7CtV6U1Qcw=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoMQL2FXJHoM5JJjBPOA7BJmJ5NkyOyDmV5hWfIbXjwo4tWf8ebfOEn2oIkFDUVVN91dfiyFRtv+tgpb2zu7e8X90sHh0fFJ+fSsq6NEMd5hkYxU36eaSxHyDgqUvB8rTgNf8p4/ay783hNXWkThI6Yx9wI6CcVYMIpGcptVd0ox08N0fj0sV+yavQTZJE5OKpCjPSx/uaOIJQEPkUmq9cCxY/QyqlAwyeclN9E8pmxGJ3xgaEgDrr1sefOcXBllRMaRMhUiWaq/JzIaaJ0GvukMKE71urcQ//MGCY7vvUyEcYI8ZKtF40QSjMgiADISijOUqSGUKWFuJWxKFWVoYiqZEJz1lzdJ96bm1Gv1h9tKo5XHUYQLuIQqOHAHDWhBGzrAIIZneIU3K7FerHfrY9VasPKZc/gD6/MHnTaRcw==</latexit>

C(ŝy)
<latexit sha1_base64="74Rzw6VrLKr5464p/I54J4FyJ+4=">AAACC3icbVDLSsNAFJ3UV62vqEs3Q4tQoZREpLosuOmygn1gG8JkMmmHTh7MTMQSsnfjr7hxoYhbf8Cdf+MkzUJbD1w4nHMv997jRIwKaRjfWmltfWNzq7xd2dnd2z/QD4/6Iow5Jj0cspAPHSQIowHpSSoZGUacIN9hZODMrjN/cE+4oGFwK+cRsXw0CahHMZJKsvXq2Edyyv2ky4mb1oX90ICoAXMVI5bcpWe2XjOaRg64SsyC1ECBrq1/jd0Qxz4JJGZIiJFpRNJKEJcUM5JWxrEgEcIzNCEjRQPkE2El+S8pPFWKC72QqwokzNXfEwnyhZj7jurMbhTLXib+541i6V1ZCQ2iWJIALxZ5MYMyhFkw0KWcYMnmiiDMqboV4iniCEsVX0WFYC6/vEr6502z1WzdXNTanSKOMjgBVVAHJrgEbdABXdADGDyCZ/AK3rQn7UV71z4WrSWtmDkGf6B9/gBC25qU</latexit>

Pred(sx, a,Z)

 observed past and present


 future


 action


: latent variable (unknown)


 prediction cost


 surrogate cost

x :
y :
a :
z
D( ⋅ ) :
C( ⋅ ) :

➝ JEPA predicts a representation  
    of the future  from a representation  
    of the past .

sy
sx
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= JEPA

Encoder Encoder

<latexit sha1_base64="6yuCsdrpFwL5joYndiIFpM8dW0U=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY8kXjhCIo8ENmR2aGBkdnYzM2skG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeTu7nffkSleSTvzTRGP6QjyYecUWOlxlO/WHLL7gJknXgZKUGGer/41RtELAlRGiao1l3PjY2fUmU4Ezgr9BKNMWUTOsKupZKGqP10ceiMXFhlQIaRsiUNWai/J1Iaaj0NA9sZUjPWq95c/M/rJmZ466dcxolByZaLhokgJiLzr8mAK2RGTC2hTHF7K2FjqigzNpuCDcFbfXmdtK7KXqVcaVyXqrUsjjycwTlcggc3UIUa1KEJDBCe4RXenAfnxXl3PpatOSebOYU/cD5/AOuZjQ0=</latexit>x
<latexit sha1_base64="Y6RsQCyd3wq6KsK/FO8hvVz/4GU=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vjw0mML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkfu53nlBpHssHM03Qj+hI8pAzaqzUnA5KZbfiLkDWiZeTMuRoDEpf/WHM0gilYYJq3fPcxPgZVYYzgbNiP9WYUDahI+xZKmmE2s8Wh87IpVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGdn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNkUbgrf68jppX1e8aqXavCnX6nkcBTiHC7gCD26hBnVoQAsYIDzDK7w5j86L8+58LFs3nHzmDP7A+fwB7R2NDg==</latexit>y

<latexit sha1_base64="CrL+CN5QkP4+5ONIP9pKCBQfFio=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vjw0mML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkfu53nlBpHssHM03Qj+hI8pAzaqzUpINS2a24C5B14uWkDDkag9JXfxizNEJpmKBa9zw3MX5GleFM4KzYTzUmlE3oCHuWShqh9rPFoTNyaZUhCWNlSxqyUH9PZDTSehoFtjOiZqxXvbn4n9dLTXjnZ1wmqUHJlovCVBATk/nXZMgVMiOmllCmuL2VsDFVlBmbTdGG4K2+vE7a1xWvWqk2b8q1eh5HAc7hAq7Ag1uoQR0a0AIGCM/wCm/Oo/PivDsfy9YNJ585gz9wPn8AyL2M9g==</latexit>a

<latexit sha1_base64="6+dLCRCOYi8KvQVbucRBcBQixRM=">AAAB/nicdVDLSsNAFJ3UV62vqLhyM1iEClIS0Wh3BTddVrCt0IYwmUzaoTNJmJlISyj4K25cKOLW73Dn3zhpK/g8MHA4517umeMnjEplWe9GYWFxaXmluFpaW9/Y3DK3d9oyTgUmLRyzWNz4SBJGI9JSVDFykwiCuM9Ixx9e5n7nlghJ4+hajRPictSPaEgxUlryzL0eR2ogeNYUJJhUpDc6hqMjzyxb1VrNdpwz+JvYVWuKMpij6ZlvvSDGKSeRwgxJ2bWtRLkZEopiRialXipJgvAQ9UlX0whxIt1sGn8CD7USwDAW+kUKTtWvGxniUo65ryfzsPKnl4t/ed1UhRduRqMkVSTCs0NhyqCKYd4FDKggWLGxJggLqrNCPEACYaUbK+kSPn8K/yftk6rtVJ2r03K9Ma+jCPbBAagAG5yDOmiAJmgBDDJwDx7Bk3FnPBjPxststGDMd3bBNxivH0xnlcE=</latexit>

Pred(sx, x)

<latexit sha1_base64="C2/Ta83x1gi0Bts85j4bBQrcQPw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY8kXjhCIo8ENmR2aGBkdnYzM2uCG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeTu7nffkSleSTvzTRGP6QjyYecUWOlxlO/WHLL7gJknXgZKUGGer/41RtELAlRGiao1l3PjY2fUmU4Ezgr9BKNMWUTOsKupZKGqP10ceiMXFhlQIaRsiUNWai/J1Iaaj0NA9sZUjPWq95c/M/rJmZ466dcxolByZaLhokgJiLzr8mAK2RGTC2hTHF7K2FjqigzNpuCDcFbfXmdtK7KXqVcaVyXqrUsjjycwTlcggc3UIUa1KEJDBCe4RXenAfnxXl3PpatOSebOYU/cD5/AO6hjQ8=</latexit>z

<latexit sha1_base64="TeD2+5Dl+oHoMQUz9QK079KEUGM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseClx4r2lpoQ9lsJ+3SzSbsbsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTjm5n/8IhK81jem0mCfkSHkoecUWOlO91/6pcrbtWdg6wSLycVyNHsl796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwms/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdK+qHq1au32slJv5HEU4QRO4Rw8uII6NKAJLWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QN1Do3z</latexit>sx
<latexit sha1_base64="Q4vRXX3AHVjNRoK9gLGE8u+GQ2g=">AAAB+nicbZDLSsNAFIZP6q3WW6pLN4NFqCAlEakuC7rosoK9QBvCZDpph04uzEyUEPsoblwo4tYncefbOG2z0NYfBj7+cw7nzO/FnEllWd9GYW19Y3OruF3a2d3bPzDLhx0ZJYLQNol4JHoelpSzkLYVU5z2YkFx4HHa9SY3s3r3gQrJovBepTF1AjwKmc8IVtpyzfJtVbrpORqMsco0Tc9cs2LVrLnQKtg5VCBXyzW/BsOIJAENFeFYyr5txcrJsFCMcDotDRJJY0wmeET7GkMcUOlk89On6FQ7Q+RHQr9Qobn7eyLDgZRp4OnOAKuxXK7NzP9q/UT5107GwjhRNCSLRX7CkYrQLAc0ZIISxVMNmAimb0VkjAUmSqdV0iHYy19ehc5Fza7X6neXlUYzj6MIx3ACVbDhChrQhBa0gcAjPMMrvBlPxovxbnwsWgtGPnMEf2R8/gBOz5Nu</latexit>

D(sy, ŝy)

<latexit sha1_base64="4cFD1AXuTacxQUAa7vAu/CiJPSY=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPBS48V7Ie0oWy223bp7ibsToQQ+iu8eFDEqz/Hm//GbZuDtj4YeLw3w8y8MBbcoOd9O4WNza3tneJuaW//4PCofHzSNlGiKWvRSES6GxLDBFeshRwF68aaERkK1gmnd3O/88S04ZF6wDRmgSRjxUecErTSY39CMDODdDYoV7yqt4C7TvycVCBHc1D+6g8jmkimkApiTM/3YgwyopFTwWalfmJYTOiUjFnPUkUkM0G2OHjmXlhl6I4ibUuhu1B/T2REGpPK0HZKghOz6s3F/7xegqPbIOMqTpApulw0SoSLkTv/3h1yzSiK1BJCNbe3unRCNKFoMyrZEPzVl9dJ+6rq16q1++tKvZHHUYQzOIdL8OEG6tCAJrSAgoRneIU3RzsvzrvzsWwtOPnMKfyB8/kDRaiQwQ==</latexit>

ŝy
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Figure 1 V-JEPA 2 Overview. Leveraging 1M hours of internet-scale video and 1M images, we pretrain the V-JEPA 2
video model using a visual mask denoising objective (Bardes et al., 2024; Assran et al., 2023), and leverage this
model for downstream tasks such as action classification, object recognition, action anticipation, and Video Question
Answering by aligning the model with an LLM backbone. After pretraining, we can also freeze the video encoder
and train a new action-conditioned predictor with a small amount of robot interaction data on top of the learned
representations, and leverage this action-conditioned model, V-JEPA 2-AC, for downstream robot manipulation tasks
using planning within a model predictive control loop.

of state-action sequences, often also relying on explicit reward feedback from the environment to infer
goals (Sutton and Barto, 1981; Fragkiadaki et al., 2015; Ha and Schmidhuber, 2018; Hafner et al., 2019b;
Hansen et al., 2022). However, the limited availability of real-world interaction data constrains the scalability
of these methods. To address this limitation, more recent works have leveraged both internet-scale video
and interaction data towards training action-conditioned video generation models for robot control, but only
demonstrate limited results in robot execution using model-based control (Hu et al., 2023; Yang et al., 2024b;
Bruce et al., 2024; Agarwal et al., 2025). In particular, this line of research often emphasizes the evaluation
of the faithfulness of the predictions and visual quality instead of planning capabilities, perhaps due to the
computational cost of planning by generating video.

In this work, we build upon the self-supervised hypothesis as a means to learn world models that capture
background knowledge of the world largely from observation. Specifically, we leverage the joint-embedding
predictive architecture (JEPA) (LeCun, 2022), which learns by making predictions in a learned representation
space. In contrast to approaches that focus on learning entirely from interaction data, self-supervised learning
enables us to make use of internet-scale video — depicting sequences of states without direct observations of
the actions — to learn to both represent video observations and learn a predictive model for world dynamics
in this learned representation space. Furthermore, in contrast to approaches based on video generation, the
JEPA approach focuses on learning representations for predictable aspects of a scene (e.g., the trajectory of
an object in motion) while ignoring unpredictable details that generative objectives emphasize, since they
make pixel-level predictions (e.g., the precise location of each blade of grass in a field, or each leaf on a
tree). By scaling JEPA pretraining, we demonstrate that it yields video representations with state-of-the-art
understanding and prediction capabilities, and that such representations can be leveraged as a basis for
action-conditioned predictive models and enable zero-shot planning.

Our approach, V-JEPA 2, utilizes a stage-wise training procedure, beginning with action-free pre-training
on internet-scale video, followed by post-training with a small amount of interaction data (see Figure 1).
In the first stage, we use a mask-denoising feature prediction objective (Assran et al., 2023; Bardes et al.,
2024), where the model predicts masked segments of a video in a learned representation space. We train

2
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• V-JEPA 2 Architecture:
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• Target encoder   processes masked 
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directly in representation space.

Ec

Et

Pθ

Trained on >1M hours of internet video and images.
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Figure 4.3: Four paradigms of world modeling: (a) implicit, (b) explicit, (c) simulator-based, and (d)
hybrid/instruction-driven. These diagrams illustrate the architectural forms of world models under di!erent
design paradigms.

classification aligns with the previous subsections, including the detailed discussion of each paradigm, and
complements the visual representation in Figure 4.2. Table 4.1 further details representative methods along
encoder/decoder, latent space, rollout, planning, and objective, complementing the paradigm-level summary
(form, complexity, paradigm) above.

4.4 Relationships to Other Modules

A
I !"#$% &"%’$ does not exist in isolation but interacts with several key components of the agent’s
architecture. These include (but are not limited to) the memory, perception, and action modules.
In this subsection, we explore how world models integrate with these critical components to enable

coherent and adaptive behavior in dynamic environments.

4.4.1 Memory and the World Model

Memory systems play a crucial role in the operation of world models. While a world model generates
predictive representations of future states or actions, memory serves as the foundation upon which these
representations are built and updated. The relationship between the world model and memory can be
viewed as a loop where the world model predicts potential futures, while the memory stores past experiences,
observations, and learned patterns, allowing for context-dependent reasoning and future predictions.

Memory mechanisms can be structured in various ways, including:

• Short-term memory: This enables the agent to hold and update its internal state temporarily, storing
the most recent interactions or observations. This short-term context helps the agent make decisions
in the immediate environment.

• Long-term memory: This serves as a more persistent repository of experiences and general knowledge
about the environment. A world model can interact with long-term memory to refine its predictions,
and it may use historical data to make more informed decisions or simulate more realistic futures.

Key idea:

• World model reconstructs or predicts future observations during imagined rollouts.

• These predicted observations are used for training and/or decision-making.

Simulated trajectories are in the same modality as perception  
→ easier to inspect and constrain.

• Factorized dynamics and observation model:
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Difference to Implicit World Models:

• Capability to reconstruct future observations during imagined rollouts distinguishes explicit 

models from implicit ones. 

• While both may use latent representations internally, explicit models treat accurate observation 

prediction as central to the simulation process.

e.g., DINOv2 World Model

Zhou et al., (2024)

https://arxiv.org/pdf/2411.04983
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Figure 1: Overview of the diffusion world model (DWM) generating the next observation – the
process starts from pure noise, ô(0)

t+1 ⇠ N (0, I), and ends with a clean observation, ô(T )
t+1. At each

denoising timestep ⌧ = 1, . . . , T , the model D✓ generates a less noisy observation given the current
version, and is conditioned on previous observations ot�H+1, . . . , ot and actions at�H+1, . . . , at.
The generated next observation is coherent with the current scene, and reflects the last action at, here
FIRE in the game CS:GO.

2 RELATED WORK

World models. Ha & Schmidhuber (2018) introduced the template for modern world models. They
used a VAE to map image observations into a compact latent space, where the dynamics were modeled
using an RNN. Successive generations of Dreamer agents improved on this approach, with recurrent
state-space models (Hafner et al., 2020a), discretized and predictable latent representations (Hafner
et al., 2020b), and more universal design choices (Hafner et al., 2023). A recent alternative approach
trains a discrete autoencoder and autoregressive transformer. Dynamics learning is framed as a
sequence modeling problem, with the transformer predicting a sequence of image tokens quantized
by the autoencoder (Micheli et al., 2022; Robine et al., 2023). The present work continues the search
for sound modeling choices, proposing diffusion models for the first time in this application.

Image & video generation. The last decade saw the leading technique shift from GANs (Goodfellow
et al., 2014; Vondrick et al., 2016), to modeling individual pixels autoregressively using RNNs
or CNNs (Van Den Oord et al., 2016; Van den Oord et al., 2016), to learning compressed latent
representations with discrete autoencoders and modeling with autoregressive transformers (Esser
et al., 2021; Yan et al., 2021), to diffusion models (Dhariwal & Nichol, 2021; Ho et al., 2022a). Our
work shows how this final advancement, diffusion models, can also bring benefits to world models.

Diffusion models. These were introduced by Sohl-Dickstein et al. (2015), followed by several
important refinements including a practical objective (Ho et al., 2020), faster samplers (Song et al.,
2020a), and conditioning techniques (Ho & Salimans, 2022). Many large-scale models have centered
around text conditioned images (Saharia et al., 2022; Rombach et al., 2022), or video (Ho et al.,
2022a; Singer et al., 2022; Ramesh et al., 2022; Voleti et al., 2022). Most work on video diffusion
models generates a set of consecutive frames simultaneously (Section 4) or by flexibly generating
and conditioning on frames not in an autoregressive order Harvey et al. (2022). In contrast to this, a
key requirement in our work is that frames must be generated autoregressively, as an agent’s action
should causally affect each subsequent frame. This necessitates innovation in our model’s design.

Diffusion & RL. Janner et al. (2022) first showed that diffusion models could be effective in RL
domains, by generating entire trajectories of states and actions. A large amount of follow up work
has explored this further in environments with low-dimensional state spaces, e.g. (Ajay et al., 2022;
Wang et al., 2022). Regarding image observations, Pearce et al. (2023) applied diffusion models to
imitate human behavior, showing that diffusion could effectively condition on image observations.
Lu et al. (2023) used diffusion models as a replacement for hand-crafted data augmentation schemes.
They incorporated image observations by diffusing data in the low-dimensional latent space of a
pretrained encoder. Our work is the first to use diffusion for efficient closed-loop interaction with an
agent, as in model-based RL, and the first to diffuse pixels of image observations in RL settings.

2

Diffusion world models use a diffusion process to generate plausible future trajectories from the current 
state and actions, providing a generative world model of the environment’s states and dynamics.

previous  
samples

noise  
sample

concatenation

The Diffusion World Model 
is a conditional diffusion model 
over trajectories.
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Figure 2: Example trajectories sampled from diffusion world models in the environments tested in
this paper; 2D Atari games, a modern 3D first-person shooter, and real-world motorway driving.

3 BACKGROUND

3.1 WORLD MODELING

We consider a standard 7-tuple Partially Observable Markov Decision Process (POMDP),
(S,A, T,R,⌦, O, ⌧), where S is a set of states, A a set of actions, T the transition function de-
scribing p(st+1 | st,at), R : S ⇠ A ⇥ R the reward function, ⌦ the set of observations, O the
observation probabilities conditioned on the state, p(ot+1|st+1), and ⌧ ! [0, 1) is the discount factor.

We consider an agent acting in the environment in a closed loop. At each timestep t, it receives an
image observation, ot ! Rh�w�3, and reward, rt, and selects an action via its policy, at 2 �(·),
with at ! A. Assuming access to observations but not states, the task of the world model is to
predict p(ot+1|ot:t⇥H ,at:t⇥H), by implicitly inferring both the state transition function and the
emission probabilities of observations. It conditions on a history of length H to alleviate the partial
observability of the environment.

There is ongoing debate about whether pixel-perfect predictions are required for world models.
Hafner et al. (2020b) argue that they need only model task-relevant information, which necessarily
leads to limited image predictions. In this work our goal is to learn task-agnostic world models that
model the function, p(ot+1|ot:t⇥H ,at:t⇥H), at high visual fidelity. We believe that our goal will
ultimately be useful in the pursuit of more general agents. As an example of this, some environments
evaluated in Section 5 provide no explicit reward or discount factor, but this philosophy nevertheless
allows us to train world models.

3.2 LIMITATIONS OF CURRENT WORLD MODELS

The design of current state-of-the-art world models have several limitations. The typical blueprint
consists of two components. An autoencoder maps image observations to a low-dimensional, often
discrete, latent state, Enc : ot 7⇥ zt ! Z , where, Z = {1, . . . , N}

K , is the set of K-tuples taken
from a set of cardinality N . Recurrent or transformer architectures then model the environment’s
transition dynamics, p(ẑt+1|zt,at). These can be decoded to image space, Dec : ẑt+1 7⇥ ôt+1 ! ⌦.
Numerous popular works follow this template (Ha & Schmidhuber, 2018; Hafner et al., 2020b;
Micheli et al., 2022), with various choices of autoencoder, dynamics model, and training objective.

1) Latent bottleneck size. The number of tokens in the latent representation, K, causes a fundamental
trade-off – too low and it does not contain sufficient information to capture the visual complexity
of the environment, too high and the latent dynamics models struggle and sampling time slows
when modeling the joint distribution (Micheli et al., 2022). Diffusion world models avoid this issue
by implicitly absorbing the encoder, decoder and dynamics models into a single architecture, that
operates in pixel space without requiring a latent bottleneck.

3
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Figure 4.3: Four paradigms of world modeling: (a) implicit, (b) explicit, (c) simulator-based, and (d)
hybrid/instruction-driven. These diagrams illustrate the architectural forms of world models under di!erent
design paradigms.

classification aligns with the previous subsections, including the detailed discussion of each paradigm, and
complements the visual representation in Figure 4.2. Table 4.1 further details representative methods along
encoder/decoder, latent space, rollout, planning, and objective, complementing the paradigm-level summary
(form, complexity, paradigm) above.

4.4 Relationships to Other Modules

A
I !"#$% &"%’$ does not exist in isolation but interacts with several key components of the agent’s
architecture. These include (but are not limited to) the memory, perception, and action modules.
In this subsection, we explore how world models integrate with these critical components to enable

coherent and adaptive behavior in dynamic environments.

4.4.1 Memory and the World Model

Memory systems play a crucial role in the operation of world models. While a world model generates
predictive representations of future states or actions, memory serves as the foundation upon which these
representations are built and updated. The relationship between the world model and memory can be
viewed as a loop where the world model predicts potential futures, while the memory stores past experiences,
observations, and learned patterns, allowing for context-dependent reasoning and future predictions.

Memory mechanisms can be structured in various ways, including:

• Short-term memory: This enables the agent to hold and update its internal state temporarily, storing
the most recent interactions or observations. This short-term context helps the agent make decisions
in the immediate environment.

• Long-term memory: This serves as a more persistent repository of experiences and general knowledge
about the environment. A world model can interact with long-term memory to refine its predictions,
and it may use historical data to make more informed decisions or simulate more realistic futures.

Key idea:


• Do not learn  and  from data; instead, use an external simulator (or physical world)  
as the ground-truth world model.


• Agent queries the simulator for next state and observation.

T O

Instead of learning from scratch, these models use a simulator or real-world environment  
    to test actions and outcomes:


    ➝ bypasses the need to learn  from data.̂Tθ

observation 
returned by 
simulator

<latexit sha1_base64="m6c9VIskYrg3vE1/Pl+QLWcX4YA="></latexit>

(st+1, ot+1) SIM (st, at)

• Environment update handled by simulator:
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= SAPIEN

Xiang et al., (2020)

Open-source, physics-rich simulation platform for robotics and embodied AI.

 
Provides:

• High-quality rigid-body and articulated-object dynamics.

• Contact-rich interactions (grasping, pushing, tool use).

• Photorealistic rendering for vision tasks.

SAPIEN: A SimulAted Part-based Interactive ENvironment

Fanbo Xiang1 Yuzhe Qin1 Kaichun Mo2 Yikuan Xia1 Hao Zhu1

Fangchen Liu1 Minghua Liu1 Hanxiao Jiang3 Yifu Yuan5 He Wang2 Li Yi4

Angel X. Chang3 Leonidas Guibas2 Hao Su1

1UC San Diego 2Stanford University 3Simon Fraser University 4Google Research 5UC Los Angeles
https://sapien.ucsd.edu

Abstract

Building home assistant robots has long been a goal for

vision and robotics researchers. To achieve this task, a

simulated environment with physically realistic simulation,

sufficient articulated objects, and transferability to the real

robot is indispensable. Existing environments achieve these

requirements for robotics simulation with different levels

of simplification and focus. We take one step further in

constructing an environment that supports household tasks

for training robot learning algorithm. Our work, SAPIEN,

is a realistic and physics-rich simulated environment that

hosts a large-scale set of articulated objects. SAPIEN

enables various robotic vision and interaction tasks that

require detailed part-level understanding.We evaluate state-

of-the-art vision algorithms for part detection and motion

attribute recognition as well as demonstrate robotic inter-

action tasks using heuristic approaches and reinforcement

learning algorithms. We hope that SAPIEN will open

research directions yet to be explored, including learning

cognition through interaction, part motion discovery, and

construction of robotics-ready simulated game environ-

ment.

1. Introduction

To achieve human-level perception and interaction with
the 3D world, home-assistant robots must have the capabil-
ity to use perception to interact with 3D objects [11, 61, 40].
For a robot to help put away groceries, it must be able to
open the refrigerator by locating the door handle, pulling
the door and fetching the target objects.

One direct way to address the problem is to train
robots by interacting with the real environment [30, 4, 27].
However, training robots in the real world could be very
time consuming, costly, unstable, and potentially unsafe.
Moreover, a slight perturbation in hardware or environment
setup can result in different outcomes in the real world, thus
inhibiting reproducible research. Researchers, therefore,

Figure 1: Robot-object Interaction in SAPIEN. We show
the ray-traced scene (top) and robot camera views (bottom):
RGB image, surface normals, depth and semantic segmen-
tation of motion parts, while a robot is learning to operate a
dishwasher.

have long used simulated environments for tasks such as
navigation [43, 58, 44, 1, 3, 56, 14, 58] and control [24, 42,
50, 10].

Constructing simulated environments for robot learning
with transferability to the real world is a non-trivial task.
It faces challenges from four main aspects: 1) The envi-
ronment needs to reproduce the real-world physics to some
level. As it is still infeasible to simulate real-world physics
exactly, any physical simulator needs to decide the level-
of-details and accuracy it operates on. Some approximate
physics by simulating rigid bodies and joints[36, 50, 10];
some handle soft deformable objects [50, 10]; and oth-
ers simulate fluid [50, 45]. 2) The environment should
incorporate the simulation of real robots, including the
behaviors of real robotics manipulators, sensors and con-
trollers [35]. Only this can enable seamless transfer to
the real-world after training. 3) The environment needs

11097

robot camera views

ray-traced scene
<latexit sha1_base64="ZqsSXbpjoQIjGKPva5Vkbf+U+M4="></latexit>

(st+1, ot+1) = SAPIEN (st, at)

Lecture 13: FM in Robotics

= simulator

https://openaccess.thecvf.com/content_CVPR_2020/papers/Xiang_SAPIEN_A_SimulAted_Part-Based_Interactive_ENvironment_CVPR_2020_paper.pdf
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Figure 4.3: Four paradigms of world modeling: (a) implicit, (b) explicit, (c) simulator-based, and (d)
hybrid/instruction-driven. These diagrams illustrate the architectural forms of world models under di!erent
design paradigms.

classification aligns with the previous subsections, including the detailed discussion of each paradigm, and
complements the visual representation in Figure 4.2. Table 4.1 further details representative methods along
encoder/decoder, latent space, rollout, planning, and objective, complementing the paradigm-level summary
(form, complexity, paradigm) above.

4.4 Relationships to Other Modules

A
I !"#$% &"%’$ does not exist in isolation but interacts with several key components of the agent’s
architecture. These include (but are not limited to) the memory, perception, and action modules.
In this subsection, we explore how world models integrate with these critical components to enable

coherent and adaptive behavior in dynamic environments.

4.4.1 Memory and the World Model

Memory systems play a crucial role in the operation of world models. While a world model generates
predictive representations of future states or actions, memory serves as the foundation upon which these
representations are built and updated. The relationship between the world model and memory can be
viewed as a loop where the world model predicts potential futures, while the memory stores past experiences,
observations, and learned patterns, allowing for context-dependent reasoning and future predictions.

Memory mechanisms can be structured in various ways, including:

• Short-term memory: This enables the agent to hold and update its internal state temporarily, storing
the most recent interactions or observations. This short-term context helps the agent make decisions
in the immediate environment.

• Long-term memory: This serves as a more persistent repository of experiences and general knowledge
about the environment. A world model can interact with long-term memory to refine its predictions,
and it may use historical data to make more informed decisions or simulate more realistic futures.

Key idea:

• Blend implicit/explicit neural models with external symbolic knowledge: text rules, code, LLMs.

• World model can be updated or constrained via instructions, manuals, or on-the-fly rule discovery.

• Components:


• Partial implicit/explicit model (latent dynamics and/or decoder).

• LLM or rule knowledge base that proposes, refines, or checks dynamics / constraints.


LLM / rules KB takes history and provisional prediction,  
outputs refined prediction or updated rules.
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Genie 3 can generate an unprecedented diversity of interactive environments.



Charlotte BunneCS-461  ·  Foundation Models and Generative AI

Instruction-Driven World Models: The Genie Family

44

Given a text prompt, Genie 3 can generate dynamic worlds that you can navigate in real time.

Genie 2: An autoregressive latent diffusion model: frames pass through an autoencoder, then a 
large transformer dynamics model with causal masking predicts subsequent latents, using 
classifier-free guidance for action control, generating 3D environments from single prompt 
images (via text-to-image model).

Uses a spatiotemporal video tokenizer, a latent action model inferring discrete actions from 
unlabeled video, and an autoregressive dynamics model to generate 2D interactive 
environments from single images (including outputs of a text-to-image model, photos, etc.).

Genie 1: 

Genie 3: A frame-by-frame autoregressive world model attending to the full prior trajectory, 
optimized for real-time interaction with visual memory, accepting direct text prompts and 
promptable world events; detailed architecture undisclosed.
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‣ Multimodality in Genie 1
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Genie: Generative Interactive Environments
Jake Bruce*,1, Michael Dennis*,1, Ashley Edwards*,1, Jack Parker-Holder*,1, Yuge (Jimmy) Shi*,1, Edward
Hughes1, Matthew Lai1, Aditi Mavalankar1, Richie Steigerwald1, Chris Apps1, Yusuf Aytar1, Sarah Bechtle1,
Feryal Behbahani1, Stephanie Chan1, Nicolas Heess1, Lucy Gonzalez1, Simon Osindero1, Sherjil Ozair1, Scott
Reed1, Jingwei Zhang1, Konrad Zolna1, Je! Clune1,2, Nando de Freitas1, Satinder Singh1 and Tim
Rocktäschel*,1
*Equal contributions, 1Google DeepMind, 2University of British Columbia
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Figure 1 | A whole new world: Genie is capable of converting a variety of di!erent prompts into
interactive, playable environments that can be easily created, stepped into, and explored. This is
made possible via a latent action interface, learned fully unsupervised from Internet videos. On the
right we see a few generated steps for taking two latent actions. See more examples on our website.

We introduce Genie, the first generative interactive environment trained in an unsupervised manner
from unlabelled Internet videos. The model can be prompted to generate an endless variety of action-
controllable virtual worlds described through text, synthetic images, photographs, and even sketches. At
11B parameters, Genie can be considered a foundation world model. It is comprised of a spatiotemporal
video tokenizer, an autoregressive dynamics model, and a simple and scalable latent action model.
Genie enables users to act in the generated environments on a frame-by-frame basis despite training
without any ground-truth action labels or other domain-specific requirements typically found in the
world model literature. Further the resulting learned latent action space facilitates training agents to
imitate behaviors from unseen videos, opening the path for training generalist agents of the future.

Keywords: Generative AI, Foundation Models, World Models, Video Models, Open-Endedness

Corresponding author(s): Ashley Edwards (edwardsashley@google.com), Jack Parker-Holder (jparkerholder@google.com).
© 2024 Google DeepMind. All rights reserved
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right we see a few generated steps for taking two latent actions. See more examples on our website.

We introduce Genie, the first generative interactive environment trained in an unsupervised manner
from unlabelled Internet videos. The model can be prompted to generate an endless variety of action-
controllable virtual worlds described through text, synthetic images, photographs, and even sketches. At
11B parameters, Genie can be considered a foundation world model. It is comprised of a spatiotemporal
video tokenizer, an autoregressive dynamics model, and a simple and scalable latent action model.
Genie enables users to act in the generated environments on a frame-by-frame basis despite training
without any ground-truth action labels or other domain-specific requirements typically found in the
world model literature. Further the resulting learned latent action space facilitates training agents to
imitate behaviors from unseen videos, opening the path for training generalist agents of the future.
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Genie 1

‣ Multimodality in Genie 3
A single autoregressive world-model Transformer natively conditions on text prompts, user actions, and video history 
to generate video (and sometimes audio).

Multimodality is handled inside the core:  
text, actions, and visual context are jointly embedded to maintain a persistent world state and produce the next frame.

vs.

Uses an external text-to-image model to turn 
text into an initial frame, then tokenizes video 
frames and maps user controls into latent action 
tokens for an autoregressive video+action token 
model.

Multimodality is handled before the core: 

• text → image via T2I, 

• sketches/photos → image, 

• all converted into a single video+action token 

stream that the Transformer models.
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The Cosmos World Foundation Model Platform is NVIDIA's open platform designed to 
help developers build customized world models for physical AI systems, 
e.g., autonomous vehicles, robots, industrial systems.

Platform Components:

Pre-trained World Foundation Models: Generalist models trained on 9,000 trillion tokens, 
                                                                  i.e., 20M hours of video

Cosmos Tokenizer: State-of-the-art visual tokenizer  
                                  ➝ 8× more compression, 12× faster than alternatives

Cosmos Curator: Accelerated video processing and data curation pipeline

Cosmos Guardrails: Safety filtering for inputs and outputs

NeMo Framework: For efficient fine-tuning and customization
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Cosmos World Foundation Models come in three model types which can all be customized in post-training. 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We are only at the beginning … 
 
                                               … so far mostly video world models that we can control with an agent. 

... multimodal & 3D: joint models over language, audio, vision, and explicit 3D structure.


... causal & compositional: objects, physics, and goals that can be recombined and used for 
genuine reasoning and zero-shot generalization.


... agent-integrated: world FMs that co-train with agents, support planning and tool use, and 
can be adapted safely to real robots and scientific simulators.


... and more!

What could come next? 
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… other article on Biological World Models

https://ai2050.schmidtsciences.org/fellow/charlotte-bunne/
https://odsc.medium.com/the-future-of-ai-building-world-models-agentic-systems-and-biological-simulations-f6a6b232e2de
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e.g., drug design
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e.g., drug design
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e.g., drug design

that lead from D4. It has been proposed that 
drugs that exhibit such functional selectivity 
might be safer than currently available ones5. 
Al together, these results show how compounds 
that have biological activities comparable 
to those of highly optimized drugs can be 
identified simply by expanding the size and 
structural diversity of screening libraries.

Lyu et al. found that it was essential to screen 
the full library to discover the most biologi-
cally active compounds, thereby raising the 
bar for future virtual-screening studies— the 
best compounds will be missed if smaller 
libraries are screened, and the identified 
compounds will not be as good. Huge virtual 
screens have high computational demands, 
but can be fast, given sufficient calculation 
resources (screening for D4 took just 1.2days 
using processing power roughly equivalent to 
190 desktop computers). 

One of the main obstacles in docking 
studies is that compounds cannot be ranked 
as precisely as in real assays, which raises the 
question of how well docking scores correlate 
with biological activity. Lyu and colleagues’ 
study provides the largest and one of the most 
systematic and useful assessments of this issue. 
The authors show that experimentally deter-
mined hit rates— the percentage of assayed 
compounds that have activity at the target— 
range from about 25% for the highest-scoring 
compounds to 0% for the bottom scorers. On 
this basis, Lyu et al. estimated the total number 
of D4 ligands (compounds that have a mini-
mum affinity of 1micromolar for the receptor) 
in their database to be an impressive 158,000.

Nearly all virtual-screening studies 
supplement machine selection of compounds 
with a human visual inspection— scientists 
‘eyeball’ the high-scoring compounds and 
use their own knowledge of drug discovery to 

prioritize which ones to test. Unexpectedly, Lyu 
and colleagues’ study revealed that, although 
the hit rates of compounds selected with human 
input (about 24%) were similar to those selected 
using docking scores alone, the human-
inspected compounds had higher affinities, 
efficacies and potencies. This demonstrates 
the benefits of human expertise. Never theless, 
users with limited expertise would benefit from 
the virtual-screening approach, because scor-
ing alone identified good compounds that, in 
many cases, enabled even better compounds 
to be found through subsequent testing 
of analogues.

Although Lyu and co-workers’ compu-
tational approach is powerful, it does have 
some limitations. First, screening of the 1bil-
lion molecules expected soon to be in their 
database will inevitably demand substantial 
computational resources. Cloud computing 
and grid computing (the use of a widely dis-
tributed network of computers) can solve this 
problem (see ref.6, for example), but might not 
be affordable for all laboratories. The screening 
time will depend on the docking software used, 
and some research groups might not be able 
to use their own software because of licensing 
issues associated with its use (the authors used 
a freely available docking program).

Patenting of drugs developed from virtual 
screening could also become an issue— Lyu 
and colleagues’ database effectively makes 
public all the synthetically accessible structural 
analogues of library members, which might 
prevent certain types of patent from being filed 
for drugs developed from compounds identi-
fied in the screens. More generally, it is unclear 
whether it would be possible for a company to 
obtain exclusive rights to produce compounds 
listed in make-on-demand libraries, because 
there are few precedents for this.

Furthermore, the 24% and 11% experimental 
hit rates obtained for compounds physically 
tested in the D4 and AmpC assays, respectively, 
show that it is still necessary to synthesize a 
large number of compounds to find potent 
molecules straight away. The lower hit rate for 
AmpC reflects the general difficulty of finding 
compounds that have high affinity for binding 
sites that lack a confined cavity. In principle, 
this problem can be overcome by screening 
peptides— but peptide docking has signifi-
cantly lower throughput and accuracy than 
does small-molecule virtual screening7. 

Future development of docking methods 
should explore whether aspects of human 
prioritization can be incorporated into the 
automated scoring function, to improve the 
quality of hits. The scientists who eyeballed 
the top-scoring compounds mainly filtered 
out molecules whose docking conformations 
were strained, and favoured compounds that 
formed certain interactions with their tar-
gets— an approach that can also be used to 
distinguish between molecules that stimulate 
or inhibit certain receptors8. Studies are also 
needed to test the feasibility of using other 
docking software in huge screens, and how 
well Lyu and colleagues’ method works for a 
wide variety of other molecular targets.

Nonetheless, the new work clearly 
demonstrates the advantages of using 
ultra-large libraries to discover potent and 
selective molecules suitable as leads for drug 
development. Notably, the compounds identi-
fied by Lyu etal. are on a par with those that 
have been highly optimized in drug-discovery 
programmes or for use in biological experi-
ments  (Fig. 1). Moreover, the number of 
experimentally determined structures of 
target–ligand complexes is on the rise— 
obtained, for example, using cryo-electron 
microscopy9, or by using crystallography to 
capture series of complexes formed by repeat-
edly exchanging the ligand in a protein for 
another one10. These structures will provide 
many templates for use in docking studies, 
thereby increasing the utility of virtual screen-
ing as a key tool for drug discovery. �

David E. Gloriam is in the Department of 
Drug Design and Pharmacology, University 
of Copenhagen, 2100 Copenhagen, Denmark.
e-mail: david.gloriam@sund.ku.dk
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Figure 1 | Virtual screening of ultra-large libraries can improve the efficiency of drug discovery. a, In 
conventional drug discovery, libraries containing a few million compounds are screened in 
high-throughput assays to find compounds that can be used as leads for further development. 
These compounds typically have low potency and specificity for the biological target. Analogues of 
the lead compounds are then iteratively made and assayed in a medicinal-chemistry programme, to 
develop advanced compounds that have high potency and specificity. The whole process typically takes 
several years. b, Lyu et al.4 computationally screened 170million compounds in a virtual library in about 
a day. Several of the resulting virtual lead compounds were then synthesized and tested in physical assays, 
and some were found to have biological profiles as good as those of advanced compounds developed 
conventionally. The overall process took only a few weeks.
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3. AI Reasoning Systems 
to extract mechanistic understanding,  
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2. Generative AI 
to forecast disease progression  
or simulate different treatment options 
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Multiple Choice Questions from the Lecture Slides. Exercise 11 · Task 1 .

Some parts of the exam are MCQ that test conceptual knowledge.
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Diving into the Implementation of JEPA 

1. Starting from the image-based JEPA (I-JEPA). Implementing and understanding each 
core component (context encoder, target encoder, predictor network, masking-
strategy, and overall training objective).


2. Extending from I-JEPA to the video-based version (V-JEPA). Understanding the 
difference from I-JEPA and why learning representations from video is crucial for 
many forms of world modeling.


More in the exercise session: Discussion on current world modeling schemes.

Code Notebook 11 · Task 1 .
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Papers are linked in Moodle.

Liu, Bang, et al. "Advances and Challenges in Foundation 
Agents: From Brain-Inspired Intelligence to Evolutionary, 
Collaborative, and Safe Systems." arXiv preprint 
arXiv:2504.01990 (2025).

➝ Chapter 1 and 4
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Have a great week!


