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Introduction: Motivation 
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Introduction: What is a world model?
- Hypothetical thinking or “thought experiments” (Ball et al. [2025]). 

- What if a machine too can perform thought experiments by simulating actions and plans in complex 
scenarios, extracting the best one among them (Xing et al. [2025])?
 

- World model is a generative model that simulates possibilities in diverse scenarios (Xing et al. [2025]). 

- Takes the previous world state and action and predicts or simulates the next world state through a 
transformative function (e.g. a conditional probability distribution) (Xing et al. [2025]). 
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Introduction: Why do we need them?
- Fundamental for physical reasoning (Zhou et al [2025]).

- Example: autonomous vehicles driving safely by forecasting future street scenarios (Zhou et al [2025]).

- Imitation learning and reinforcement learning (RL) enabled agents to learn complex behaviours across 
diverse tasks (Zhou et al [2025]). 

- With such methods, generalisation is a major challenge (Zhou et al [2025]). 

- WM trained on offline, pre-collected trajectories, with test-time optimisation and task-agnostic reasoning 
can generalise to diverse task families (Zhou et al [2025]). 
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What makes a ‘good’ WM?
- (Xing et al. [2025]) argues the following 5 aspects are desirable for the building and training of a general 

WM

(a) Identifying and preparing training data with the desired world information.

(b) Adopting a general representation space for the latent world state (possibly richer meaning than 
observation data in plain sight).

(c)    Architecture that allows effective reasoning over representations. 

(d)    Objective properly guides the model training. 

(e)    Determining how to use the world model in decision making systems. 
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Video Joint Embedding Predictive Architectures (V-JEPA)Assran et al. [2025]
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Assran et al. [2025]

- Learn a predictive model for world dynamics in this learned 
representation space.

- Why? Ignoring pixel-level reconstruction objective means we 
learn semantic features

- Encoder and predictor are parameterized as vision transformers

Jing et al. [2021]
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V-JEPA Data
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Ego-centric
videos

Exo-centric
videos

YouTube videos

ImageNet (duplicate 
image temporally)

Goyal et al. [2017]

Pu et al. [2024]

Miech et al. [2019] Russakovsky et al. [2015]
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V-JEPA Evaluation
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- Freeze encoder

- Train attentive probe

- Action recognition, 
motion classification, 
action localization

Assran et al. [2025]
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V-JEPA Evaluation
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Frozen JEPA encoder Frozen JEPA encoder

New model (our world model!) trained on top of frozen 
JEPA encoder to predict representation of future 

frames, conditioned on action and end-effector state

Cross-entropy method for sampling 
and optimizing action sequence

Assran et al. [2025]
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DINO-WM: World Models on Pre-trained Visual Features enable 
Zero-shot Planning
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Core Ideas:
1. Build task-agnostic dynamic 

model (world model) from an 
offline dataset of 
trajectories (no need for 
reward modelling or expert 
policy!)

2. Model the world dynamics on 
compact embeddings of 
the world, rather than the 
raw observations themselves

Zhou et al. [2025]

https://docs.google.com/file/d/12_Zst9UXNxOWPWJjv7A4y2Sz7ajkrwaV/preview
https://docs.google.com/file/d/12_Zst9UXNxOWPWJjv7A4y2Sz7ajkrwaV/preview
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DINO-WM
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Pre-trained Observation Model (task 
and environment independent, 

captures rich spatial information)

Dynamic model takes in history of past latent states and 
actions and predicts the latent state at next time step. Zhou et al. [2025]



12

COSMOS World Foundation Model Platform for Physical AI
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NVIDIA et al. [2025]
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COSMOS: Data Curation
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NVIDIA et al. [2025]
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COSMOS: Models

Statistical Machine Learning | World Models

- Autoregressive:
- With discrete tokenizer 

(encodes visual data into 
discrete latent codes)

- Diffusion:
- With continuous tokenizer 

(encodes visual data into 
continuous latent 
embeddings)

NVIDIA et al. [2025]
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COSMOS:
Diffusion Model
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- Continuous Tokenizer
- Encode visual data into 

continuous latent 
embeddings

- Video2World
- predict future video 

based on the current 
observation (input 
video) and perturbation 
(text prompt)

NVIDIA et al. [2025]
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COSMOS:
Autoregressive Model
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- Discrete Tokenizer:
- Encode visual data into 

discrete latent codes

- Video2World:
- World generation as a 

next-token prediction 
based on input video and 
text prompt

NVIDIA et al. [2025]
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COSMOS:
Post Training
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NVIDIA et al. [2025]
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COSMOS:
Post Training
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NVIDIA et al. [2025]
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School of common thoughts 
- (Xing et al. [2025]) argues the vocal school of thought (MacKay et al. [2003]) making the following claims 

in building a WM warrant a closer examination:

1. Sensory inputs are superior to text (larger data volume from the physical world). 

2. World state should be represented by continuous embeddings rather than discrete tokens (for 
gradient-based optimisation).

3. Autoregressive, generative models (e.g. LLMs) ‘doomed’.

4. Probabilistic, data-reconstruction objectives do not work.

5. World model should be used in MPC instead of RL, latter requires too many trials. 
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Closer examination…

Sensory inputs are superior to text (larger data volume from the physical world).

For a WM to be successful (i.e. general-purpose) it must learn from all modalities of experience to generalise 
across diverse tasks. Ignoring low-level perception or high-level abstraction risks omitting crucial information 
needed for intelligent behaviours (Xing et al. [2025]). 

World state should be represented by continuous embeddings rather than discrete tokens (for 
gradient-based optimisation).

Continuous embeddings allow for smoother gradient flow, but this argument overlooks the noise and high 
variability with continuous sensory inputs. Humans counter this variability by categorising the raw perception into 
discrete concepts. Therefore, (Xing et al. [2025]) proposed mixed representations to leverage discrete tokens for 
robust, interpretable and symbolic forms of reasoning whilst continuous embeddings capture fine-grained 
sensory nuance (Xing et al. [2025]).
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Closer examination…

Autoregressive, generative models (e.g. LLMs) ‘doomed’.

Not necessarily, for many real-world systems are fundamentally chaotic with small deviations growing 
exponentially with time. However, autoregressive models can learn abstract properties of systems which are 
surprisingly stable and accurate (Ornstein et al. [1991]).

Probabilistic, data-reconstruction objectives do not work.

Latent reconstruction losses avoid a decoder. (Xing et al. [2025]) argues for learning from the pixel space. 

World model should be used in MPC instead of RL, latter requires too many trials. 

MPC can suffer from practical limitations (Xing et al. [2025]). RL learns a policy function reflecting long-term 
cumulative rewards, enabling more strategic reasoning over extended time horizons (Xing et al. [2025]). 
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Proposed WM framework
- Drawing on this analysis, (Xing et al. [2025]) argues that a general purpose WM should follow the 

following design principles:

1. Use data from all modalities of experience, including text.

2. Employ a mixed continuous and discrete latent representation.

3. Adopt a hierarchical generative architecture (specialised generative layers for different levels of 
abstraction / latent prediction).

4. Be trained with a generative, observation-grounded loss. (encoder - WM - decoder)

5. Be used to simulate future trajectories for offline agent learning via RL.
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The PAN model
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Xing et al. [2025]
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The PAN model
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Xing et al. [2025]
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One-liners for why (a)-(e) common school of thoughts is 
challenged

(a) World state should be represented by continuous embeddings rather than discrete tokens (for gradient-based optimisation).
(b) Indeed continuous embeddings allow for smoother gradient flow, but the argument overlooks inherent noise and high variability with continuous 

sensory inputs. Human cognition has evolved to counter this variability by categorising raw perception into discrete concepts typically encoded in 
language, symbols, structured thoughts. Space of language is man-made latent space of percievable and describable universe which humans live 
in, substantial subspace of whole universe. Can discete rep faithfully capture richness of high-dim, cts sensory data due to risk of info loss thro 
distillation. Theory shows yes in principle can preserve arbitrary fine distinctions between real-valued inputs, provided scaled appropriately. Given 
discrete and cts latent representations offer complementary levels of abstraction, rep power and operational viability, mixed representations. 
Leverage discrete tokens for more robust, interpretable and symbolic forms of reasoning. Continuous embedding role: capturing fine-grained 
sensory nuance

‘Arguement overflooks inherent noise and high variability with continuous sensory inputs, we counter this by categorising raw perception into discrete 
concepts typically encoded in language, symbols and structured thoughts/. In principle discrete reps can capture richness of high dim, cts sensory data 
given scale appropriately. Propose mixed rep to leverage discrete tokens for robust, intepretable symbolic forms of reasoning and cts embeddings for fine 
grained sensory nuance.
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One-liners for why (a)-(e) common school of thoughts is 
challenged
(a) Text captures mental, social and counterfactual phenomena and provides an interface to collective 

human memory which is difficult to derive from raw perceptual input alone [42c]. Path towards 
general-purpose world modeling must leverage all modalities of experience as each modality captures a 
different level of experience, overemphasising certain modalities over others reflects limitation or bias 
over fundamental perception of what world model is and what it can do successful WM must learn from 
these structures of experiences to generalise across diverse tasks, ignoring any level, be it low-level 
perception or high-level abstraction, risks omitting crucial information needed for intelligent behaviours. 

‘Text captures mental, social phenomena and high-level abstraction. If want GP WM must leverage all 
modalities as each capture a different level of experience. Overemphasising certain modalities over others 
reflects limitation or bias. 
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One-liners for why (a)-(e) common school of thoughts is 
challenged

(a) Autoregressive, generative models (e.g. LLMs) ‘doomed’.

Autoregressive generative model: autoregressive here means automatically predict the next component in a sequence by taking measurements from 
previous inputs in the system, generative is capable of creating new and unique content (for example, GPT in LLMs, deep NN consisting on 
encoder-decoder, enables natural language understanding AND natural language generation resp, GPT uses only decoder for autoregressive language 
modeling. Allows GPT to understand natural languages and respond in ways humans comprehend A GPT-powered large language model predicts the next word by considering the 

probability distribution of the text corpus it is trained on. 

Compounding errors issue 

Many real world systems fundamentally chaotic, small deviations which grow exponentially with time BUT autoregressive models can still learn abstract 
properties of system surprisingly stable and predictable 

Statistical Machine Learning | World Models



30

Systems using latent reconstruction losses justify this by saying generative reconstruction losses involving decoder reconstruct aspects of environment either inherently unpredictable or irrelevant to task performance 
(fine-grained visual details, out-of-scence content) which may mislead the model into learning unstable or spurious correlations

Encoder-only architectures suggest by avoiding this reconstruction step, resulting WM can focus more selectively on predictable and task-relevant elements

But remains unclear if encoder-only architecture effective remedy (could be degradation of next-state predictive performance in face of data signal variability stems less from presence of generative decoders than from use 
of continuous embeddings itself which squeeze massive amounts of info into limited subspace with fixed dimension, instability also from energy-based loss functions used for next latent prediction, require heuristic-based 
regualizers, behaviour difficult to understand and control 

Theory shows that latent loss <= generative loss + small reconstruction error (only equal when encoder and decoder perfectly invert each other), unrealistic in practice 
Minimising latent loss does not guarantee consistency with observed data, usually required for minimising generative loss 
Error term small, so latent <= gen implies former can miss semantically important mistakes that latter will penalise and less understood regualisers use in conjunction with latent as objective makes its outcome even more 
difficult to assess

Therefore argue for learning from pixel space, predicting new observation to ensure predicted latent representations meaningfully grounded in real world, reliable prediction in latent space depends on continual validation 
through observable data, generative reconstruction objectives tether learned representations to observable world, richer stable learning supporting meaningful distinctions, general usabillity and human interpretability 

Critiques says instead of modelling full world at a single level of detail, GLP decomposes problem across multiple layers of latent prediction, each specialised for different representational granularites (e.g. continuous 
perceptual features or discrete conceptual tokens)
Each layer operates at appropriate level of abstraction whilst remaining generative and predictive 

         Probabilistic, data-reconstruction objectives do not work.
Latent reconstruction losses avoid a decoder as there is a concern that they compel model to reconstruct aspects of the environment that are unpredictable or irrelevant to task performance. By avoiding a decoder, latent 
reconstruction losses suggest the resulting WM can focus more selectively on predictable and task-relevant elements. However, it is unclear if removing the decoder is the effective remedy. Theory also shows the result 
below, where the inequality is equal only when the encoder and decoder perfectly invert each other. Hence, minimising the latent loss does not guarantee consistency with the observed data. A small error term usually 
implies the former can miss semantically important mistakes the latter would penalise. 

Hence, [c] argues for learning from the pixel space. They use a Generative Latent Prediction (GLP) architecture which instead of modelling the full world at a single level of detail, decomposes the problem across multiple 
layers of latent prediction. 

Statistical Machine Learning | World Models



31Statistical Machine Learning | World Models



32Statistical Machine Learning | World Models

- What is MPC talk about 
- Include the loss 

- Its appeal 

Appeal lies in learning from offline trajectories without potentially unsafe exploration in the real world, higher quality decision-making from WM 
based simulation. 

MPC can suffer from practical limitations, such as high computational overload and difficulty to respond effectively in fast-changing environments. 
Talk about why (the reconstruction of trajectories AND small planning times in terms of horizon searching).

MPC has shown promise primarily in simplified settings, where environment dynamics is simpler and slower decision making is rewarded but does 
struggle to extend to real-world tasks which typically involve complex dynamics and require a mixture of short- and long- term decision-making.

RL is a general, flexible and scalable approach to training agents without restrictions on decision-making or search horizon. RL learns a policy 
function reflecting long-term cumulative rewards, enabling more strategic reasoning over extended time horizons. 
such as high computational overload and difficulty to respond effectively in fast-changing environments. RL is a 
general, flexible and scalable approach to training agents without restrictions on decision-making or search 
horizon. 

         World model should be 
used in MPC instead of RL, latter 
requires too many trials. 
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Sample Body
- How do you tell when coffee is sick? It keeps coffee-ng! (Harleen et. al)

- What does the tissue say when it has a cold? A-tissue! (Harleen et. al)

- Copy and paste this slide to make your body text!
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How do the discussed models compare
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All data 
modalities

Mixed latent 
representations

Hierarchical 
generative 
architecture

Reconstruction 
loss

RL policy 
training

V-JEPA

DINO-WM

COSMOS ✅ ✅


