
C I S  6280  ·  FA L L  2026

WORLD MODELS
LECTURE 8
Latent World Models

Jiatao Gu University of Pennsylvania · September 22, 2026



COURSE INFORMAT ION CIS 6280  ·  LECTURE 8

Course announcements

Item Details

Assignment 1 Due Thursday, September 24.
Check Canvas for the exact submission deadline.

September 22 class Tentative: Zoom. Check Canvas for confirmation and the link.

September 24 class May also be on Zoom due to travel.
Check Canvas for confirmation.

Office hours this week Moved to Friday, September 25 at 5:00 PM.

Today: design, train, and evaluate latent predictive models.

 · Instructor update · September 21, 2026Course information 2 / 67

https://www.cis.upenn.edu/~cis6280/


REPRESENTAT IONS AND GENERAT IVE MODELS CIS 6280  ·  LECTURE 8

State, representation, and inference

oₜ
observation

Encoder E
learn a representation

zₜ

observation code

SSM: a state explains how observations evolve.

Representation learning: an objective decides what the code preserves.

An observation code is not automatically a sufficient predictive state.

 · State-space models Kingma & Welling · VAE 3 / 67

https://probml.github.io/ssm-book/chapters/ssm/ssm_intro.html
https://arxiv.org/abs/1312.6114
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VAE at the observation interface

L7 notation: x is one observation. In L8, oₜ denotes an observation at time t.

x
observation

Encoder
inference network

qφ(z | x)

Approximate posterior

sample

z

latent code

Decoder
pθ(x | z)

x̂
reconstruction

The encoder specifies qφ(z | x); sampling produces a code.

Prior p(z) + decoder define the observation generative model.

A temporal transition is an additional modeling choice.

Kingma & Welling · VAE 4 / 67

https://arxiv.org/abs/1312.6114
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Decoders can use adversarial training

z

latent code

Decoder / G
x̂  = Gθ(z)

x̂
decoded image

x
real data

Discriminator D
real vs decoded

Used only during training

Combine reconstruction / perceptual losses with adversarial feedback from D.

Example: VQGAN learns a latent autoencoder with an adversarially trained decoder.

 · Goodfellow et al. · GAN Esser et al. · VQGAN 5 / 67

https://arxiv.org/abs/1406.2661
https://compvis.github.io/taming-transformers/
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Continuous features and tokens

Observation
oₜ

same input

Encoder
representation

One continuous vector
[0.2, −0.4, 1.1, …]

A sequence of patch tokens
[v₁, v₂, …, vK] each vᵢ is a vector

A token is a unit of representation. It can be a continuous vector.

 · Ha & Schmidhuber · World Models Assran et al. · V-JEPA 2 6 / 67

https://worldmodels.github.io/
https://arxiv.org/abs/2506.09985
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From continuous features to discrete codes

v = E(o)
(0.6, −0.1)

Continuous feature

compare

Learned codebook

e₁ = (−1.0, 0.0)

e₂ = (0.0, 1.0)

e₃ = (0.7, −0.2)

e₄ = (1.0, 1.0)

nearest

k* = 3
index

lookup

e₃
vector

Decoder
reconstruct o

Repeat for each feature position to obtain a sequence or grid of code indices.

V codebook entries. The encoder, codebook, and decoder learn from reconstruction and quantization objectives. Toy values shown.

k =∗ arg ​ ∥v −
k∈{1,…,V }

min e ​∥ ​, z ​ =k 2
2

q e ​k∗

 · van den Oord et al. · VQ-VAE Micheli et al. · IRIS 7 / 67

https://arxiv.org/abs/1711.00937
https://arxiv.org/abs/2209.00588
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Latent type and encoder randomness

Continuous output Discrete output

Deterministic encoding Nearest codebook index

Stochastic encoding ; distribution over vectors Sample a categorical code

z = E(o)

z ∼ q ​(z ∣ϕ o)

The encoder distribution and the future-prediction distribution are separate choices.

 ·  · Kingma & Welling · VAE van den Oord et al. · VQ-VAE DreamerV2 8 / 67

https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/1711.00937
https://danijar.com/project/dreamerv2/
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LGSSM: world model and belief update

. Gaussian initial state; independent noise; model parameters fixed.

Current belief

1. World-model prediction 2. Belief update after 

Use the new observation to correct the prediction.

. This is the observation/action history called hₜ in L4.

s ​ =t+1 As ​ +t Ba ​ +t ϵ , o ​ =t
s

t Cs ​ +t ϵ ​t
o

ϵ ​ ∼t
s N (0,Q), ϵ ​ ∼t

o N (0,R)

p(s ​ ∣t H ​) =t N (μ ​,P ​)t∣t t∣t

p(s ​ ∣t+1 H ​, a ​) =t t N (μ ,P )− −

​ ​

μ−

P−

S

p(o ​ ∣ H ​, a ​)t+1 t t

= Aμ ​ + Ba ​t∣t t

= AP ​A + Qt∣t
⊤

= CP C + R− ⊤

= N (Cμ ,S)−

o ​t+1

​ ​

ν

K

μ ​t+1∣t+1

P ​t+1∣t+1

= o ​ − Cμt+1
−

= P C S− ⊤ −1

= μ + Kν−

= P − KSK− ⊤

Keep the updated mean and covariance, then repeat for the next action and observation.

H ​ =t (o ​, a ​)0:t 0:t−1

 · Kalman filtering State-space models 9 / 67

https://ee363.stanford.edu/lectures/021_kf.pdf
https://probml.github.io/ssm-book/chapters/ssm/ssm_intro.html
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General latent world models: two challenges

1. World model: represent and predict the environment

Nonlinear dynamics and image observations require choices about the state, representation, and predictive distributions.

2. Belief update: infer state from observation history

The integrals and posterior may have no closed form. A mean and covariance may no longer describe the belief.

Both LGSSMs and general models can have learned parameters. Here, Hₜ is history; hₜ will denote recurrent memory.

s ​ ∼t+1 p ​(⋅ ∣θ s ​, a ​), o ​ ∼t t t+1 p (⋅ ∣θ s ​)t+1

​ ​

p ​(s ​ ∣ H ​, a ​)θ t+1 t t

p ​(s ​ ∣ H ​)θ t+1 t+1

= p ​(s ​ ∣ s ​, a ​) p ​(s ​ ∣ H ​) ds ​∫ θ t+1 t t θ t t t

∝ p ​(o ​ ∣ s ​) p ​(s ​ ∣ H ​, a ​)θ t+1 t+1 θ t+1 t t

We must design both the latent world model and how observation history informs predictions.

 ·  · Kalman filtering State-space models Hafner et al. · PlaNet 10 / 67

https://ee363.stanford.edu/lectures/021_kf.pdf
https://probml.github.io/ssm-book/chapters/ssm/ssm_intro.html
https://arxiv.org/abs/1811.04551
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The same frame can hide different motion

oₜ₋₂ oₜ₋₁ oₜ: same image

History A
moving right

History B
moving left

different futures

Identical frame inputs cannot distinguish these two motion histories.

State-space models 11 / 67

https://probml.github.io/ssm-book/chapters/ssm/ssm_intro.html


THE DESIGN SPACE CIS 6280  ·  LECTURE 8

State and history: two modeling views

Describe state evolution

Observed history

observations + past actions

→

Model state

infer state / belief; apply modeled dynamics
→

Next model state

predict through the state dynamics

Condition predictions on retained history

Encoded history

observations + past actions

→

Predictor network

internal state retains information from history
→

Next-code prediction

predict using the internal state

H ​t ​s~t
a ​t

​s~t+1

z ​,  a ​≤t <t h ​t

a ​t

​ẑt+1

Both retain information from history. These views can overlap in the same learned model.

 ·  · State-space models Hafner et al. · PlaNet Ha & Schmidhuber · World Models 12 / 67

https://probml.github.io/ssm-book/chapters/ssm/ssm_intro.html
https://arxiv.org/abs/1811.04551
https://worldmodels.github.io/
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From one-step prediction to multi-step rollout

Explicit model state: propagate the state

Inferred state

→
Predicted state

→
Predicted state

History-conditioned prediction: retain earlier codes

Observed prefix

→
One predicted step

→
Two predicted steps

Actions are supplied at each step; earlier actions also remain in the history. A hat marks a generated code.

​s~t

a ​t

​s~t+1

a ​t+1

​s~t+2

… , z ​t

a ​t

… , z ​, ​t ẑt+1

a ​t+1

… , z ​, ​, ​t ẑt+1 ẑt+2

At each step, use the model’s output to continue predicting the future.

 · State-space models Graves · Sequence generation 13 / 67

https://probml.github.io/ssm-book/chapters/ssm/ssm_intro.html
https://arxiv.org/abs/1308.0850
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Rollout variables and training targets

Model state s̃ Model state s̃ ₊₁ Model state s̃ ₊₂

readout / supervision

Observation / code / posterior target
supervision need not equal the internal state

What the model propagates and what supervises it need not be the same variable.

 · Hafner et al. · PlaNet Assran et al. · V-JEPA 2 14 / 67

https://arxiv.org/abs/1811.04551
https://arxiv.org/abs/2506.09985
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Learning representations with dynamics

Pretrain,
then freeze

Encoder Eφ
FROZEN

Predictor Fψ
trainable

Prediction loss
compare with target

z ẑ

No update
Loss updates predictor only

Joint learning Encoder Eφ
trainable

Predictor Fψ
trainable

Prediction loss
compare with target

z ẑ

Loss updates encoder + predictor

Solid arrows: forward computation. Dashed orange arrows: prediction-loss gradients.

A constant representation is easy to predict. What prevents that solution?

 ·  · Ha & Schmidhuber · World Models Assran et al. · V-JEPA 2 Maes et al. · LeWorldModel 15 / 67

https://worldmodels.github.io/
https://arxiv.org/abs/2506.09985
https://arxiv.org/abs/2603.19312
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Autoregressive trajectory prediction

Start from the observed seed . Each prediction uses the earlier outputs and supplied actions.

Deterministic prediction

Directly compute the next code. No distribution or sampling is
required.

Probabilistic prediction

Sample the next code from a predicted conditional distribution.

In the probabilistic case, the trajectory distribution factorizes:

​ =ẑ0 z ​0

​ =ẑt+1 f ​( ​, a ​)θ ẑ0:t 0:t ​ ∼ẑt+1 p ​( ⋅ ∣θ ​, a ​)ẑ0:t 0:t

p ​(z ​ ∣θ 1:T z ​; a ​) =0 0:T−1 ​p ​(z ​ ∣
t=0

∏
T−1

θ t+1 z ​, a ​)0:t 0:t

Autoregressive: reuse earlier outputs to predict later ones. The prediction may be deterministic or stochastic.

 · Graves · Sequence generation State-space models 16 / 67

https://arxiv.org/abs/1308.0850
https://probml.github.io/ssm-book/chapters/ssm/ssm_intro.html
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Teacher forcing vs. autoregressive rollout

At time , both use supplied actions. Rollout history starts from observations, then includes model predictions.

Teacher forcing · training

Input: recorded history

↓

Predict the next code

↓
Compare with recorded  to compute the training loss.

Next step receives recorded .

Autoregressive rollout · inference

Input: observed prefix + predicted continuation

↓

Predict the next code

↓
No recorded future  is supplied during rollout.

Next step receives generated .

t

z ​≤t

​ =ẑt+1 f ​(z , a ​)θ ≤t ≤t

z ​t+1

z ​t+1

​ẑ≤t

​ =ẑt+1 f ​( , a ​)θ ẑ≤t ≤t

z ​t+1

​ẑt+1

Teacher forcing feeds recorded history. Rollout feeds generated history; future observations are unavailable.

 · Graves · Sequence generation Bengio et al. · Scheduled sampling 17 / 67

https://arxiv.org/abs/1308.0850
https://proceedings.nips.cc/paper_files/paper/2015/hash/e995f98d56967d946471af29d7bf99f1-Abstract.html


AUTOREGRESSIVE PREDICT ION CIS 6280  ·  LECTURE 8

Discrete prediction: a distribution over codes

4 11 3 2

5 7 9 1

8 6 0 10

For the next code

Sample · stochastic Argmax · deterministic

π = softmax(f ​(context))θ

L = − log π ​k∗

∼k̂ Categorical(π) =k̂ arg ​π ​

k
max k

Prediction can be stochastic or deterministic.

 ·  · van den Oord et al. · VQ-VAE Micheli et al. · IRIS DreamerV2 18 / 67

https://arxiv.org/abs/1711.00937
https://arxiv.org/abs/2209.00588
https://danijar.com/project/dreamerv2/
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Continuous prediction: a Gaussian distribution

Let  be the available code history and actions;  is the next continuous code.

One continuous coordinate

mean μ

σ

Predict location and spread from context.

For the next continuous code

Sample · stochastic Mean · deterministic

c y = z ​t+1

p ​(y ∣θ c) = N y;μ ​(c), Σ ​(c)( θ θ )

L = − log p ​(y ∣θ
∗ c)

​ ∼ŷ N (μ ​(c), Σ ​(c))θ θ ​ =ŷ μ ​(c)θ

Prediction can be stochastic or deterministic.

 · Graves · Sequence generation State-space models 19 / 67

https://arxiv.org/abs/1308.0850
https://probml.github.io/ssm-book/chapters/ssm/ssm_intro.html
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When Gaussian NLL becomes MSE

Fixed variance Learned variance

Optimize the mean: scaled MSE Residual weighting and log-scale terms also matter

p ​(y ∣θ c) = N y;μ ​(c),σ I( θ
2 )

− log p ​(y ∣θ c) = ​ +
2σ2

∥y − μ ​(c)∥θ
2

C

μ (c) =∗ E[y ∣ c]

Squared error targets the conditional mean. That mean need not be a typical future.

 · Graves · Sequence generation Ha & Schmidhuber · World Models 20 / 67

https://arxiv.org/abs/1308.0850
https://worldmodels.github.io/
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Mixtures represent distinct possible futures

next latent coordinate y
-2 0 2

mean = 0

two-mode density single Gaussian

A mixture of M conditional densities

Each component describes one region of possible
outcomes.

Weights determine how likely those regions are.

p(y ∣ c) = ​π ​(c) N (y;μ ​(c), Σ ​(c))
k=1

∑
M

k k k

 · Graves · Sequence generation Ha & Schmidhuber · World Models 21 / 67

https://arxiv.org/abs/1308.0850
https://worldmodels.github.io/
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MDN: what the network outputs

Context c
history + current action

Neural network
distribution parameters

Mixture weights π1:M
softmax(logits)

Means μ1:M
unconstrained

Scales σ1:M
softplus(raw scale) + ε

A mixture density network predicts parameters; it does not output one chosen future.

 · Graves · Sequence generation MDN-RNN implementation 22 / 67

https://arxiv.org/abs/1308.0850
https://github.com/hardmaru/WorldModelsExperiments/blob/master/carracing/rnn/rnn.py
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MDN: how the loss is computed

Context c
history + action

MDN network
parameters θ

π, μ, σ

Observed y = zₜ₊₁
from the training data

density

y next code

p(y | c)
Negative log

loss ℒ = −log p(y | c)

π₁ N₁ π₂ N₂ sum = mixture

Backpropagate through the mixture to train the network

L(c, y) = − log ​π ​(c) N y;μ ​(c),σ ​(c)[
k=1

∑
M

k ( k k
2 )]

Evaluate every component at the observed y. Training requires no component sampling.

 · Graves · Sequence generation MDN-RNN implementation 23 / 67

https://arxiv.org/abs/1308.0850
https://github.com/hardmaru/WorldModelsExperiments/blob/master/carracing/rnn/rnn.py
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MDN: sampling and rolling forward

cₜ k ∼ Cat(π(cₜ)) ẑₜ₊₁ ∼ N(μₖ,Σₖ) Update context

Repeat with the next supplied action.

Richer alternatives: diffusion and flow models — later lectures.

 · Ha & Schmidhuber · World Models MDN-RNN implementation 24 / 67

https://worldmodels.github.io/
https://github.com/hardmaru/WorldModelsExperiments/blob/master/carracing/rnn/rnn.py
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Latent world models: what we have built

A latent world model predicts how an environment evolves under supplied actions, using a learned internal
representation.

1. Encode observations

Continuous or discrete codes; deterministic or
stochastic encoding.

o ​ ⟼t z ​t →

2. Retain predictive state

A model state, belief, or internal memory carries
past information.

(z ​, a ​) ⟼≤t <t c ​t →

3. Predict under an action

A direct deterministic output, or a distribution
plus a selection rule.

(c ​, a ​) ⟼t t ẑt+1

Train on recorded trajectories

Compare predictions with observed codes or observations. Learn the
representation and dynamics jointly or in stages.

Roll forward

Reuse the predicted state / code for the next action. Decode to
observations when the model includes a decoder.

The representation, retained state, prediction rule, and training objective are the main design choices.

 · State-space models Ha & Schmidhuber · World Models 25 / 67

https://probml.github.io/ssm-book/chapters/ssm/ssm_intro.html
https://worldmodels.github.io/
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Now, some concrete examples

How do actual models choose their
representation, state, predictor, and loss?

TD-MPC · V-JEPA 2-AC · LeWorldModel

World Models · RSSM / Dreamer

IRIS · Photon-1

Randall Munroe · xkcd #1838 · CC BY-NC 2.5 26 / 67

https://xkcd.com/1838/
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TD-MPC

Temporal Difference Learning for Model
Predictive Control

Nicklas Hansen · Xiaolong Wang · Hao Su

2022

Hansen et al. · TD-MPC 27 / 67

https://arxiv.org/abs/2203.04955
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TD-MPC: latent dynamics

Observation
o

Encoder
E ​θ

Latent state
z ​t

Dynamics
F ​θ

Next latent
​ẑt+1

Supplied action
a ​t

Reuse the predicted latent at the next step.

The observation input may include recent frames. Rollout reuses the predicted latent.

z = E ​(o), ​ =θ ẑt+1 F ​(z ​, a ​)θ t t

Encoder
Deterministic: z = E ​(o)θ

Prediction
Deterministic autoregressive
latent prediction.

Loss
Squared L2 latent consistency.

Full method
Reward / value losses also
matter; L2 consistency alone
permits collapse.

Hansen et al. · TD-MPC 28 / 67

https://arxiv.org/abs/2203.04955
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TD-MPC: L2 consistency training

The target encoder follows the online encoder by EMA: .

Update encoder + dynamics

EMA copy of the online encoder

Current
o ​t

Online encoder
E ​θ

Code
z ​t

Dynamics
F ​θ

Prediction
​ẑt+1

Action
a ​t

Squared L2
L ​cons

Next frame
o ​t+1

Target encoder
E ​θ̄

Stop gradient
sg

Target code
z ​t+1

target

L ​ =cons F (E ​(o ​), a ​) − sg E ​(o ​) ​∥ θ θ t t [ θ̄ t+1 ]∥2
2

←θ̄ (1 − τ) +θ̄ τθ

Hansen et al. · TD-MPC 29 / 67

https://arxiv.org/abs/2203.04955
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TD-MPC: learning the transition

Predicted next latent Target from the next observation

sg stops target gradients; the target encoder is updated by an exponential moving average.

​ =ẑt+1 F ​(z ​, a ​)θ t t z ​ =t+1
target sg E ​(o ​)[ θ̄ t+1 ]

L ​ =cons ​ ​ − z ​ ​ ​ẑt+1 t+1
target

2

2

L2 consistency alone permits collapsed codes.

The full TD-MPC objective also includes reward prediction and value learning.

E(o) ≡ c, F (c, a) ≡ c ⇒ L ​ =cons 0

Hansen et al. · TD-MPC 30 / 67

https://arxiv.org/abs/2203.04955
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TD-MPC: latent rollouts and control

Learning the latent transition

Original training animation

Using the model for control

Agent execution · Dog Run

Predictions stay in latent space; the task video shows the resulting behavior in the environment.

 · Hansen et al. · TD-MPC TD-MPC · official demonstrations 31 / 67

https://arxiv.org/abs/2203.04955
https://www.nicklashansen.com/td-mpc/
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V-JEPA 2-AC

V-JEPA 2: Self-Supervised Video Models
Enable Understanding, Prediction and
Planning

Mahmoud Assran et al.

2025

We focus on the action-conditioned world-model stage.

Assran et al. · V-JEPA 2 32 / 67

https://arxiv.org/abs/2506.09985
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V-JEPA 2-AC: a pretrained encoder

Original V-JEPA 2-AC training diagram

The predictor also receives robot pose and the supplied actions.

Encoder
Deterministic pretrained
features; frozen during AC
training.

State
Feature / action / pose history
inside the predictor.

Prediction
Deterministic autoregressive
latent prediction.

Loss
L1 teacher-forced prediction + L1
short rollout loss.

Assran et al. · V-JEPA 2 33 / 67

https://arxiv.org/abs/2506.09985
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V-JEPA 2-AC: predict and roll out features

Retain feature history, actions, and robot-pose context at each step

Observed
history

encoded features

Predictor
aₜ + pose context

ẑₜ₊₁

append to history

Predictor
aₜ₊₁ + pose context

ẑₜ₊₂

two-step output

E(oₜ₊₂)
frozen observed target

L1 rollout error

retain the observed prefix

Both terms compare features with L1 error. The observation encoder stays frozen.

L = L ​ +teacher forcing
L1 L ​two−step rollout

L ​1

Assran et al. · V-JEPA 2 34 / 67

https://arxiv.org/abs/2506.09985
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V-JEPA 2-AC: robot execution

Robot task execution · original V-JEPA 2 demonstration

The robot uses predictions in feature space to choose actions.

 · Assran et al. · V-JEPA 2 V-JEPA 2 · official demonstrations 35 / 67

https://arxiv.org/abs/2506.09985
https://ai.meta.com/vjepa/
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LeWorldModel

LeWorldModel: Stable End-to-End Joint-
Embedding Predictive Architecture from
Pixels

Lucas Maes et al.

2026

Maes et al. · LeWorldModel 36 / 67

https://arxiv.org/abs/2603.19312
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LeWorldModel: joint prediction

Original joint encoder/predictor training pipeline

​ =ẑt+1 F ​(z ​, a ​)ψ history history

Encoder
Deterministic continuous
features, learned jointly.

State
History retained inside the
predictor.

Prediction
Deterministic autoregressive
latent prediction.

Loss
MSE prediction + SIGReg to
constrain the representations.

Maes et al. · LeWorldModel 37 / 67

https://arxiv.org/abs/2603.19312
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LeWorldModel: what prevents collapse?

Constant codes

Easy to predict, no information

Random projections: encourage each marginal toward N(0, 1)

This constraint does not make p(zₜ₊₁ | history, action) Gaussian.

z ​ =i constant ⇒ small prediction loss, uninformative representation

Across samples, SIGReg encourages embeddings toward N(0, I).

 · Maes et al. · LeWorldModel Balestriero & LeCun · LeJEPA / SIGReg 38 / 67

https://arxiv.org/abs/2603.19312
https://arxiv.org/abs/2511.08544


INSTANT IAT IONS OF LATENT  WORLD MODELS CIS 6280  ·  LECTURE 8

LeWorldModel: prediction and control

Decoded latent prediction

Push-T: observed / reconstructed / predicted

Using predictions for control

Original project video · 53–68 s excerpt

The visualization decoder is separate from world-model training; control uses latent predictions.

 · Maes et al. · LeWorldModel LeWorldModel · official demonstrations 39 / 67

https://arxiv.org/abs/2603.19312
https://le-wm.github.io/
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World Models (2018)

World Models

David Ha · Jürgen Schmidhuber

2018

Ha & Schmidhuber · World Models 40 / 67

https://worldmodels.github.io/
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World Models: vision and memory

Previous state
(h ​, z ​)t−1 t−1

RNN update
f ​θ

Memory
h ​t

Action
a ​t−1

MDN prior
p ​(z ​ ∣θ t h ​)t

VAE posterior
q ​(z ​ ∣ϕ t o ​)t

rollout: sample p

observe: sample q

Observation
code
z ​t

Observation
o ​t

VAE encoder
q ​ parametersϕ Decoder

p ​(o ​ ∣ϕ t z ​)t

Encode the current frame as z; retain earlier history in h.

While observing, sample the frame VAE posterior. During rollout, sample the MDN prior.

h ​ =t f ​(h ​, z ​, a ​)θ t−1 t−1 t−1

Encoder
Stochastic VAE code:
z ​ ∼t q ​(⋅ ∣ϕ o ​)t

Latent meaning
 encodes the current frame; 
summarizes earlier codes and
actions.

z ​t h ​t

Prediction
Deterministic  update;
probabilistic  update through an
MDN.

h

z

Loss
VAE objective, then next-code
MDN negative log likelihood.

 · Ha & Schmidhuber · World Models MDN-RNN implementation 41 / 67

https://worldmodels.github.io/
https://github.com/hardmaru/WorldModelsExperiments/blob/master/carracing/rnn/rnn.py
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World Models: encoding observed frames

CarRacing observations and VAE reconstructions · original project video

The VAE encodes and reconstructs observed frames. Temporal prediction is the MDN-RNN’s job.

Ha & Schmidhuber · World Models 42 / 67

https://worldmodels.github.io/
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World Models: staged training

1 Train V: reconstruct each observed frame + VAE KL

2 Freeze V; fit M to recorded latent sequences

oₜ
frame

Frozen V
encoder

q(zₜ | oₜ)
zₜ

recorded code

RNN
history + action

MDN
next-code distribution

aₜ

given action

oₜ₊₁
next frame

Frozen V
encoder

same fixed V
zₜ₊₁

observed target

Negative log
likelihood

score the observed target

M scores the recorded next code. Sampling and optional decoding appear on the rollout page.

L ​ =M − log p ​(z ​ ∣ψ t+1 z ​, a ​)≤t ≤t

 · Ha & Schmidhuber · World Models MDN-RNN implementation 43 / 67

https://worldmodels.github.io/
https://github.com/hardmaru/WorldModelsExperiments/blob/master/carracing/rnn/rnn.py
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World Models: imagined rollouts

Previous state
(h ​, z ​)t−1 t−1

RNN update
f ​θ

Memory
h ​t

Action
a ​t−1

MDN prior
p ​(z ​ ∣θ t h ​)t

VAE posterior
q ​(z ​ ∣ϕ t o ​)t

rollout: sample p

observe: sample q

Observation
code
z ​t

Observation
o ​t

VAE encoder
q ​ parametersϕ Decoder

p ​(o ​ ∣ϕ t z ​)t

Encode the current frame as z; retain earlier history in h.

​  ​ ẑt
 decoder 

​ôt

The latent and memory continue the rollout. The decoded observation is a model output.

 · Ha & Schmidhuber · World Models MDN-RNN implementation 44 / 67

https://worldmodels.github.io/
https://github.com/hardmaru/WorldModelsExperiments/blob/master/carracing/rnn/rnn.py
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RSSM / Dreamer

Learning Latent Dynamics for Planning
from Pixels

Danijar Hafner et al.

2019 · PlaNet

RSSM is introduced in PlaNet and reused in the Dreamer family.

 · Hafner et al. · PlaNet Hafner et al. · Dreamer 45 / 67

https://arxiv.org/abs/1811.04551
https://arxiv.org/abs/1912.01603
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RSSM: PlaNet and Dreamer

Previous state
(h ​,u ​)t−1 t−1

RNN update
f ​θ

Memory
h ​t

Action
a ​t−1

Transition prior
p ​(u ​ ∣θ t h ​)t

State posterior
q ​(u ​ ∣ϕ t h ​, e )t t

rollout: sample p

observe: sample q

Model-state
variable

u ​t

Observation
o ​t

Frame encoder
e ​ =t E ​(o ​)ϕ t Decoder

p ​(o ​ ∣θ t h ​,u ​)t t

history

history also enters the decoder

Infer the latent state u from history + the current observation.

Same RNN + probabilistic latent structure. Red arrows show RSSM’s added history dependencies.

h ​ =t f ​(h ​,u ​, a ​), ​ =θ t−1 t−1 t−1 s~t (h ​,u ​)t t

Latent meaning
 is inferred using history and
the current observation.
u ​t

Posterior
 uses the

temporal context.
q ​(u ​ ∣ϕ t h ​,E(o ​))t t

Shared structure
Deterministic RNN memory +
probabilistic latent transitions.

Difference: training
Joint observation NLL + KL to
the temporal prior.

 · Hafner et al. · PlaNet Hafner et al. · Dreamer 46 / 67

https://arxiv.org/abs/1811.04551
https://arxiv.org/abs/1912.01603
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RSSM: updating with observations

Previous state
(h ​,u ​)t−1 t−1

RNN update
f ​θ

Memory
h ​t

Action
a ​t−1

Transition prior
p ​(u ​ ∣θ t h ​)t

State posterior
q ​(u ​ ∣ϕ t h ​, e )t t

rollout: sample p

observe: sample q

Model-state
variable

u ​t

Observation
o ​t

Frame encoder
e ​ =t E ​(o ​)ϕ t Decoder

p ​(o ​ ∣θ t h ​,u ​)t t

history

history also enters the decoder

Infer the latent state u from history + the current observation.

World Models 2018: current frame RSSM: history + current observation

z ​ ∼t q ​(⋅ ∣ϕ o ​)t u ​ ∼t q ​(⋅ ∣ϕ h ​,E ​(o ​))t ϕ t

 · Hafner et al. · PlaNet Hafner et al. · Dreamer 47 / 67

https://arxiv.org/abs/1811.04551
https://arxiv.org/abs/1912.01603
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RSSM: imagining without observations

Previous state
(h ​,u ​)t−1 t−1

RNN update
f ​θ

Memory
h ​t

Action
a ​t−1

Transition prior
p ​(u ​ ∣θ t h ​)t

State posterior
q ​(u ​ ∣ϕ t h ​, e )t t

rollout: sample p

observe: sample q

Model-state
variable

u ​t

Observation
o ​t

Frame encoder
e ​ =t E ​(o ​)ϕ t Decoder

p ​(o ​ ∣θ t h ​,u ​)t t

history

history also enters the decoder

Infer the latent state u from history + the current observation.

u ​ ∼t p ​(u ​ ∣θ t h ​), h ​ =t t+1 f ​(h ​,u ​, a ​)θ t t t

During imagination, sample the prior and continue. The observation branch is unavailable.

 · Hafner et al. · PlaNet Hafner et al. · Dreamer 48 / 67

https://arxiv.org/abs/1811.04551
https://arxiv.org/abs/1912.01603
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RSSM: learning the model

Previous state
(h ​,u ​)t−1 t−1

RNN update
f ​θ

Memory
h ​t

Action
a ​t−1

Transition prior
p ​(u ​ ∣θ t h ​)t

State posterior
q ​(u ​ ∣ϕ t h ​, e )t t

rollout: sample p

observe: sample q

Model-state
variable

u ​t

Observation
o ​t

Frame encoder
e ​ =t E ​(o ​)ϕ t Decoder

p ​(o ​ ∣θ t h ​,u ​)t t

history

history also enters the decoder

KL(q ∥ p)

Infer the latent state u from history + the current observation.

Joint temporal training: the posterior is matched to a history-dependent prior.

L ​ =t E ​[− log p ​(o ​ ∣q θ t h ​,u ​)] +t t β D ​ q ​(u ​ ∣ h ​, e ​) ∥ p ​(u ​ ∣ h ​)KL( ϕ t t t θ t t )

 ·  · Hafner et al. · PlaNet Hafner et al. · Dreamer DreamerV2 49 / 67

https://arxiv.org/abs/1811.04551
https://arxiv.org/abs/1912.01603
https://danijar.com/project/dreamerv2/
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Dreamer V1–V4: world-model choices

V1–V3: recurrent state-space world models

V1
Gaussian stochastic state

V2
Categorical state
KL balancing

V3
Categorical RSSM
More robust training

V4: a Transformer world model

Video frames
→

Causal tokenizer
continuous video tokens

→
Block-causal dynamics
tokens + supplied actions

Shortcut forcing trains the dynamics to denoise future representations with few generation steps.

o ​≤t

V4 changes the world-model architecture. Latent imagination remains the shared idea.

 ·  ·  · Hafner et al. · Dreamer DreamerV2 DreamerV3 Dreamer 4 50 / 67

https://arxiv.org/abs/1912.01603
https://danijar.com/project/dreamerv2/
https://danijar.com/project/dreamerv3/
https://arxiv.org/abs/2509.24527
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Dreamer: environment behavior and imagination

V3: agent execution

Minecraft environment · DreamerV3 agent

V4: imagined trajectory

Generated Minecraft frames · Dreamer 4

The left clip shows behavior in the environment; the right clip shows a model-generated future.

 · DreamerV3 Dreamer 4 51 / 67

https://danijar.com/project/dreamerv3/
https://arxiv.org/abs/2509.24527
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IRIS

Transformers are Sample-Efficient World
Models

Vincent Micheli · Eloi Alonso · François Fleuret

2022 preprint · ICLR 2023

Micheli et al. · IRIS 52 / 67

https://arxiv.org/abs/2209.00588
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IRIS: images as discrete codes

Image oₜ
observed frame

Discrete
tokenizer

encoder + codebook

Code
sequence

kₜ,₁ … kₜ,K

AR
Transformer
history + actions

Next codes
sample / argmax

Image decoder
codebook lookup + decode

ôₜ₊₁
decoded frame

Separate losses; repeated updates of both autoencoder and Transformer.

This diagram shows IRIS’s observation and dynamics components.

Encoder
Deterministic assignment to
discrete image codes.

State
Code and action history inside
the sequence model.

Prediction
Probabilistic AR: categorical
next-token distribution.

Loss
Autoencoder reconstruction /
codebook terms; token cross-
entropy for dynamics.

Micheli et al. · IRIS 53 / 67

https://arxiv.org/abs/2209.00588
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IRIS: generating future frames

Recorded trajectory (top) and model rollout under recorded actions (bottom). Green: conditioning frames. Original paper, Fig. 3.

Frame t: k₁ … kK aₜ Frame t+1: k₁ … kK

There are two generation orders: across time and within each frame.

Micheli et al. · IRIS 54 / 67

https://arxiv.org/abs/2209.00588
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IRIS: agent behavior in Atari

Official IRIS agent demonstration · Atari environments

An agent trained with imagined trajectories acts in the Atari environments.

 · Micheli et al. · IRIS IRIS · official agent demonstration 55 / 67

https://arxiv.org/abs/2209.00588
https://github.com/eloialonso/iris
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Photon-1

Scaling Video Pretraining with
Imagination Models

David Li · Jonathan Li

July 2026 · Induction Labs technical report

Li & Li · Photon-1 technical report (2026) 56 / 67

https://www.inductionlabs.com/news/scaling-video-pretraining
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Photon-1: video pretraining at scale

Original pretraining diagram · Induction Labs

106B parameters / 5B active · 575M frames · 960 discrete tokens per frame

Encoder
Differential FSQ: discrete frame-
change codes.

State
Token history inside the
Transformer.

Prediction
Probabilistic autoregressive
next-token prediction.

Learning
Video pretraining; later action
SFT and RL.

Li & Li · Photon-1 technical report (2026) 57 / 67

https://www.inductionlabs.com/news/scaling-video-pretraining
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IRIS and Photon-1: shared recipe, different training

IRIS Photon-1

Visual representation VQ image codes FSQ codes of frame differences

Dynamics data Action-labeled Atari interactions Video pretraining without action labels

Actions Condition imagined next frames After SFT: predict next state, then action

Image decoder Autoencoder reconstruction; rollout
rendering

Auxiliary visualization only

A scaled extension of this modeling family; the representation and training stages also change.

Shared recipe: discrete visual representations + autoregressive next-token prediction.

 · Micheli et al. · IRIS Li & Li · Photon-1 technical report (2026) 58 / 67

https://arxiv.org/abs/2209.00588
https://www.inductionlabs.com/news/scaling-video-pretraining
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Photon-1: predicted billiard dynamics

Official Photon-1 billiards demonstration

Predicted ball positions are rendered after billiards finetuning.

Li & Li · Photon-1 technical report (2026) 59 / 67

https://www.inductionlabs.com/news/scaling-video-pretraining
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Comparing the model structures

Model Representation / history Next-step prediction

TD-MPC Stacked frames → compact latent state Deterministic latent transition

V-JEPA 2-AC Frozen features + action/pose history Point prediction (L1 training)

LeWorldModel Jointly learned features + causal history Point prediction (MSE training)

World Models (2018) Frame VAE code + RNN memory MDN over the next code

RSSM / Dreamer V1–V3 Memory + stochastic model state Prior; posterior when observations arrive

IRIS Discrete image codes + causal history Categorical next-token probabilities

Photon-1 Discrete frame-change codes + causal history Categorical next-token probabilities

These are model-component comparisons, not complete agent descriptions.

 ·  ·  ·  ·  ·  · Hansen et al. · TD-MPC Assran et al. · V-JEPA 2 Maes et al. · LeWorldModel Ha & Schmidhuber · World Models Hafner et al. · PlaNet Micheli et al. · IRIS Li & Li · Photon-1 technical report (2026) 60 / 67

https://arxiv.org/abs/2203.04955
https://arxiv.org/abs/2506.09985
https://arxiv.org/abs/2603.19312
https://worldmodels.github.io/
https://arxiv.org/abs/1811.04551
https://arxiv.org/abs/2209.00588
https://www.inductionlabs.com/news/scaling-video-pretraining
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Comparing how the models are learned

Model Representation and dynamics What constrains the representation?

TD-MPC Joint task-oriented learning Consistency + reward/value signals

V-JEPA 2-AC Pretrain, then freeze encoder Fixed pretrained target features

LeWorldModel Joint encoder and predictor Predictive objective + SIGReg

World Models (2018) VAE, then MDN-RNN Reconstruction + framewise VAE KL

RSSM / Dreamer V1–V3 Joint temporal inference and dynamics Observation modeling + prior/posterior agreement

IRIS Separate losses; repeated updates of both modules Reconstruction through discrete codes

Photon-1 Video pretraining, then action learning Encoder training details not specified in report

A learned representation becomes useful for world modeling through its temporal and action-conditioned role.

 ·  ·  ·  ·  ·  · Hansen et al. · TD-MPC Assran et al. · V-JEPA 2 Maes et al. · LeWorldModel Ha & Schmidhuber · World Models Hafner et al. · PlaNet Micheli et al. · IRIS Li & Li · Photon-1 technical report (2026) 61 / 67

https://arxiv.org/abs/2203.04955
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https://arxiv.org/abs/1811.04551
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Training–rollout mismatch

Observed-history training

z₀

recorded

z₁

recorded input

z₂

recorded input

z₃

target

Free-running rollout

z₀

observed seed

ẑ₁

generated input

ẑ₂

generated input

ẑ₃

generated output

Example: V-JEPA 2-AC combines teacher forcing with a two-step rollout loss.

Remedy: train on multi-step predictions that feed generated outputs back as inputs.

 ·  · Assran et al. · V-JEPA 2 Bengio et al. · Scheduled sampling Chen et al. · Diffusion forcing 62 / 67

https://arxiv.org/abs/2506.09985
https://proceedings.nips.cc/paper_files/paper/2015/hash/e995f98d56967d946471af29d7bf99f1-Abstract.html
https://arxiv.org/abs/2407.01392
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Compounding error and observation updates

True system One-step prediction with true-state input Free-running rollout

x₀ = x̂ ₀ = 1; g = 1.08; a₀…a₅ = +1; a₆…a₁₁ = −1; eₜ = x̂ ₜ − xₜ.

Step 12/12 · one-step error: 0.160 · rollout error: 5.823

Remedies: multi-step consistency, a validated rollout horizon, and state updates when real observations arrive.

x ​ =t+1 x ​ +t a , ​ =t x̂t+1 g ​ +x̂t a ​ ⇒t e ​ =t+1 ge ​ +t (g − 1)x ​t

Hafner et al. · PlaNet 63 / 67

https://arxiv.org/abs/1811.04551
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Missing information and unfamiliar inputs

Information missing

same oₜ different
histories

Use relevant history and memory.

Outside the data coverage

training conditions

new query

Expand coverage; validate new conditions.

Longer context and ensemble disagreement can help; neither guarantees reliable out-of-distribution prediction.

A richer output distribution cannot recover information that the representation discarded.

 · State-space models Assran et al. · V-JEPA 2 64 / 67

https://probml.github.io/ssm-book/chapters/ssm/ssm_intro.html
https://arxiv.org/abs/2506.09985
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Multiple futures and uncertainty

Four imagined trajectories from the same initial frame · IRIS, Fig. 2

Use probabilistic dynamics and several samples when the future is genuinely ambiguous.

More randomness does not repair model bias. Evaluate the predicted distribution, not only one sample.

 · Micheli et al. · IRIS Ha & Schmidhuber · World Models 65 / 67

https://arxiv.org/abs/2209.00588
https://worldmodels.github.io/
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Sequential generation cost

Token by token

1 2 3 4 1 2 3 4 1 2 3 4

frame 1 frame 2 frame 3

Frame / block prediction

frame 1
all features as one output

frame 2
all features as one output

frame 3
all features as one output

Cost Possible mitigation Tradeoff

Many serial token steps Fewer tokens; frame/block prediction Compression may lose information

Repeated computation / long
context

Caching; context compression Memory use or forgotten history

Many iterative sampling steps Distillation / shortcut methods Additional training; later lectures

H frames × K serial codes ≈ HK prediction steps. Compare actual latency too: steps have different costs.

 ·  · Micheli et al. · IRIS Wiggers & Hoogeboom · Predictive sampling Dreamer 4 66 / 67

https://arxiv.org/abs/2209.00588
https://proceedings.mlr.press/v119/wiggers20a.html
https://arxiv.org/abs/2509.24527
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Discussion: how would you evaluate this model?

Check Concrete test

Data split Hold out entire episodes, not adjacent frames.

Rollout horizon Same initial evidence and actions; compare one-step and H-step rollout.

Probabilistic output Use held-out NLL when available; check calibration or coverage.

Representation scale Raw latent MSE is not comparable across different encoders.

Use conditions Test new scenes/actions separately and measure generation latency.

Discuss: choose one model and explain which checks apply.

Next: use predicted futures for planning, then learn behavior with world models.

Constructed teaching example 67 / 67


