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Introduction

• Recurrent neural networks (RNNs) naturally enforce compact representations

• But their training is not parallelizable…



• Transformers replaced RNNs

• Self-attention enables flexible look ups over past 
tokens

• But there’s no incentive to learn compact summaries 
of past tokens…

Introduction



• As a result, transformers often learn shortcut solutions that don’t generalize [1, 2, 3, 4]
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GPT3 performance degrades on counterfactual tasks



• Transformers also learn poor world models [5, 6]
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• Motivation #1: we want recurrent-like dynamics 
and compression in transformers

• Motivation #2: we want to retain parallel training

Methodology



Next-Latent Prediction (NextLat)

• We train the transformer such that each of its latent state can predict the next 
latent state (conditioned on the next token)

Methodology



Next-Latent Prediction (NextLat)

Methodology
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Next-Latent Prediction (NextLat)

Methodology

1) next-token cross entropy loss


2) next-latent regression loss


3) Optionally: next-latent token KL (or cross entropy)




Why NextLat?

Motivation

3) Better data-efficiency


2) Faster inference than Multi-Token Prediction


1) Stronger representations for world modeling, reasoning, and planning




Motivation

Why NextLat?



Better Representations

• Train models on trajectories from Manhattan 
taxi rides

[5] Vafa et al. Evaluating the World Model Implicit in a Generative Model. NeurIPS 2024.




World Modeling

Next-Token Prediction Multi-Token Prediction Next-Latent Prediction



World Modeling



Planning

[7] Bachmann et al. The pitfalls of next-token prediction. ICML 2024.


• Path-Star Graph [7]. Simple planning task, yet next-token prediction can’t solve it



Planning

• Only NextLat can solve all graphs



Reasoning

• Countdown Game


• GPT-4 only gets 4% on this task!

Input: <14, 83, 88, 91>


Goal: 23

Solution: 83 - 14 = 69, 91 - 88 = 3, 69 ÷ 3 = 23



Reasoning

• NextLat has incredible performance just by 
predicting next-latent


• MTP methods have to learn to predict 
multiple tokens ahead to catch up



Stronger Representations

X4
X3X2X1

h3h2h1

X5


h4

NTP: p(X5 | h4) 
h4 contains information about X5h3 contains information about X4

NextLat: p(h4 | h3, X4) 
h3 contains all information necessary for X4, X5

h1 compresses all information needed for the 
future, i.e., X2, X3, X4, X5

Every ht is a compressed summary of the history for decoding future tokens!


(not a property with just next-token or multi-token prediction)



Belief States

Motivation

• Intuition: force transformers to compress history at every step; 
stop relying on lazy self-attention


• At convergence, the transformer’s hidden state will  
become belief states



Compact World Models

Motivation

• In the 2nd century, Claudius Ptolemy proposed a geocentric 
model that placed Earth at the center of the universe



Compact World Models

Motivation

• Clearly, a wrong overly-complicated model of the world...  

• Yet, it was the dominant theory for 1500 years… 



Compact World Models

Motivation

• Copernicus proposed the Heliocentric Model  

• Simpler, more compact model of the world



Compact World Models

Motivation

• Copernicus proposed the Heliocentric Model  

• Simpler, more compact model of the world

• Can generalize to explain observations from other 
planets’ viewpoints



Compact World Models

Motivation

• NextLat teaches transformer to form compact world 
models! 



Language Modeling

• Multi-token prediction has become a staple in open-source model 
pretraining



Language Modeling

• Reasons for MTP


• Self-speculative decoding: speeds inference up to 3x


• Better benchmark performance and post-training


• Data-efficiency



Motivation

Next-Latent Prediction

Next-Token Prediction
Multi-Token Prediction



Language Modeling

• Pretrain 1.3 billion parameter models on FineWeb-Edu dataset



Language Modeling

Best performance in downstream accuracy but small win at small 
scale… consistent with observations in Gloeckle et al. [2024]



Language Modeling

NextLat preserves next-token prediction performance better than MTP 
methods!



Speculative Decoding

Let’s count to 10.

Multi-Token Prediction 

1 2 31 2 3
Accept Accept Accept

fixed speculative horizon, e.g. 3 tokens



Speculative Decoding

Let’s count to 10.

Next-Latent Prediction 

1 2 31 2 3
Accept Accept Accept

variable-length speculative horizon

44
Accept

55
Accept

predict next latents recursively



Speculative Decoding



Much faster inference (up to 3.3x) with speculative decoding

Speculative Decoding



Much faster inference (up to 3.3x) with speculative decoding

Speculative Decoding



Train with just next-latent prediction, no need multiple heads for multi-
token prediction!

Speculative Decoding



Data-Efficiency

We will run out of web data for training models by 2028… 

[8] Villalobos et al. Will we run out of data? Limits of LLM scaling based on human-generated data. ICML 2024.




Data-Efficiency

It’s time to think about methods that extract more gradients from each 
sequences…

[8] Villalobos et al. Will we run out of data? Limits of LLM scaling based on human-generated data. ICML 2024.




Data-Efficiency
Multi-Token PredictionNext-Token Prediction

h3

X1 X2 X3

X̂4 X̂6X̂5

h3

X1 X2 X3

X̂4

Learning signal for h3 is only in terms of the next token, or multiple 
tokens….



Data-Efficiency
Next-Latent Prediction

h3

X̂4

ĥ4 ĥ5

X̂6X̂5

X1 X2 X3 X4 X5

h3 is trained to predict h4 which parameterises distribution over X5 



Data-Efficiency
Next-Latent Prediction

h3

X̂4

ĥ4 ĥ5

X̂6X̂5

X1 X2 X3 X4 X5

Moreover, h4 is trained to predict h5 which is trained to predict h6…



Data-Efficiency
Next-Latent Prediction

h3

X̂4

ĥ4 ĥ5

X̂6X̂5

X1 X2 X3 X4 X5

This means that h3 receives dense learning signal about the whole 
future h4, h5, h6…. 



RNN without recurrence

• There are certain problems inexpressible by transformers but expressible by 
RNNs, such as state tracking [9]…

[9] Merrill et al. The Illusion of State in State-Space Models. ICML 2024.


nonlinear RNNs



• NextLat trains a nonlinear RNN without recurrence

X1 X2 X3 X4

h1 h2 h3 h4

transformer forecasts hidden states in 
parallel

RNN without recurrence

next-latent predictor (RNN) trains on one-
step prediction


NextLat: p(h2 | h1, X2) p(h3 | h2, X3) p(h4 | h3, X4)

fully parallel across time!




RNN without recurrence

• We train NextLat on A5, a word problem inexpressible by constant-depth, 
fixed-precision transformers

transformer cannot generalize beyond 
training length of 12 tokens

BUT, the RNN trained using NextLat can 
generalize far beyond!



RNN without recurrence

• We train NextLat on A5, a word problem inexpressible by constant-depth, 
fixed-precision transformers

Question: Can a transformer with O(logT) 
depth co-train an RNN that generalizes to 
sequences of length ≫ T?

Can the RNN learn NC1 computations, even 
though it is supervised using 
representations from a transformer in TC0?



What’s Next for NextLat?

• We got impressive results with just a simple  
MLP for the next-latent predictor

• What if we use more expressive architectures and 
scale up the predictor size?



What’s Next for NextLat?

• Scaling up NextLat

[9] Gloeckle et al. Better & faster large language models via multi-token prediction. ICML 2024.




What’s Next for NextLat?

• NextLat might be better for post-training too!


• better for implicit/explicit value learning

very “Bellman-like”/recurrent representations



What’s Next for NextLat?

• Learning latent dynamics is already common in other fields, but not 
explored in language…

Dreamer algorithm [Hafner et al., 2019]



What’s Next for NextLat?

• Learning latent dynamics is already common in other fields, but not 
explored in language…

Genie algorithm [Bruce et al., 2024]



Conclusion

• NextLat can be a strong pretraining technique for foundation models


• better representations for reasoning and planning


• better data-efficiency; extract more gradients from each sequence

• NextLat can replace multi-token prediction for pre-training


• variable-length speculative decoding 


• less parameters, faster training (only need to train with d=1)
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Paper:  
arxiv.org/abs/2511.05963

Code:  
github.com/JaydenTeoh/NextLat
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