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Importance of Pretraining

Strong pretrained models lead to better post-training
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1 Introduction

Recent years have featured a trend towards pre-trained language representations in NLP systems, applied in increasingly
flexible and task-agnostic ways for downstream transfer. First, single-layer representations were learned using word
vectors [MCCD13, PSM14] and fed to task-specific architectures, then RNNs with multiple layers of representations
and contextual state were used to form stronger representations [DL15, MBXS17, PNZtY18] (though still applied to
task-specific architectures), and more recently pre-trained recurrent or transformer language models [VSP+17] have
been directly fine-tuned, entirely removing the need for task-specific architectures [RNSS18, DCLT18, HR18].

This last paradigm has led to substantial progress on many challenging NLP tasks such as reading comprehension,
question answering, textual entailment, and many others, and has continued to advance based on new architectures
and algorithms [RSR+19, LOG+19, YDY+19, LCG+19]. However, a major limitation to this approach is that while
the architecture is task-agnostic, there is still a need for task-specific datasets and task-specific fine-tuning: to achieve
strong performance on a desired task typically requires fine-tuning on a dataset of thousands to hundreds of thousands
of examples specific to that task. Removing this limitation would be desirable, for several reasons.

First, from a practical perspective, the need for a large dataset of labeled examples for every new task limits the
applicability of language models. There exists a very wide range of possible useful language tasks, encompassing
anything from correcting grammar, to generating examples of an abstract concept, to critiquing a short story. For many
of these tasks it is difficult to collect a large supervised training dataset, especially when the process must be repeated
for every new task.

Second, the potential to exploit spurious correlations in training data fundamentally grows with the expressiveness
of the model and the narrowness of the training distribution. This can create problems for the pre-training plus
fine-tuning paradigm, where models are designed to be large to absorb information during pre-training, but are then
fine-tuned on very narrow task distributions. For instance [HLW+20] observe that larger models do not necessarily
generalize better out-of-distribution. There is evidence that suggests that the generalization achieved under this paradigm
can be poor because the model is overly specific to the training distribution and does not generalize well outside it
[YdC+19, MPL19]. Thus, the performance of fine-tuned models on specific benchmarks, even when it is nominally at
human-level, may exaggerate actual performance on the underlying task [GSL+18, NK19].

Third, humans do not require large supervised datasets to learn most language tasks – a brief directive in natural
language (e.g. “please tell me if this sentence describes something happy or something sad”) or at most a tiny number
of demonstrations (e.g. “here are two examples of people acting brave; please give a third example of bravery”) is often

Figure 1.1: Language model meta-learning. During unsupervised pre-training, a language model develops a broad
set of skills and pattern recognition abilities. It then uses these abilities at inference time to rapidly adapt to or recognize
the desired task. We use the term “in-context learning” to describe the inner loop of this process, which occurs within
the forward-pass upon each sequence. The sequences in this diagram are not intended to be representative of the data a
model would see during pre-training, but are intended to show that there are sometimes repeated sub-tasks embedded
within a single sequence.
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Figure 2 | The multi-stage pipeline of DeepSeek-R1. A detailed background on DeepSeek-V3
Base and DeepSeek-V3 is provided in Supplementary A.1. The models DeepSeek-R1 Dev1,

Dev2, and Dev3 represent intermediate checkpoints within this pipeline.

3. DeepSeek-R1

Although DeepSeek-R1-Zero exhibits strong reasoning capabilities, it faces several issues.
DeepSeek-R1-Zero struggles with challenges like poor readability, and language mixing, as
DeepSeek-V3-Base is trained on multiple languages, especially English and Chinese. To address
these issues, we develop DeepSeek-R1, whose pipeline is illustrated in Figure 2.

In the initial stage, we collect thousands of cold-start data that exhibits a conversational,
human-aligned thinking process. RL training is then applied to improve the model perfor-
mance with the conversational thinking process and language consistency. Subsequently, we
apply rejection sampling and SFT once more. This stage incorporates both reasoning and non-
reasoning datasets into the SFT process, enabling the model to not only excel in reasoning tasks
but also demonstrate advanced writing capabilities. To further align the model with human
preferences, we implement a secondary RL stage designed to enhance the model’s helpfulness
and harmlessness while simultaneously refining its reasoning capabilities.

The remainder of this section details the key components of this pipeline: Section 3.1
introduces the Reward Model utilized in our RL stages, and Section 3.2 elaborates on the specific
training methodologies and implementation details. Data we used in this stage is detailed in
Supplementary B.3.

3.1. Model-based Rewards

For general data, we resort to reward models to capture human preferences in complex and
nuanced scenarios. We build upon the DeepSeek-V3 pipeline and adopt a similar distribution
of preference pairs and training prompts. For helpfulness, we focus exclusively on the final
summary, ensuring that the assessment emphasizes the utility and relevance of the response to
the user while minimizing interference with the underlying reasoning process. For harmlessness,
we evaluate the entire response of the model, including both the reasoning process and the
summary, to identify and mitigate any potential risks, biases, or harmful content that may arise
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LLMs Scale Predictably
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Scaling compute via parameters or data provides steady improvements
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Figure 1 Language modeling performance improves smoothly as we increase the model size, datasetset
size, and amount of compute2 used for training. For optimal performance all three factors must be scaled
up in tandem. Empirical performance has a power-law relationship with each individual factor when not
bottlenecked by the other two.

Performance depends strongly on scale, weakly on model shape: Model performance depends most
strongly on scale, which consists of three factors: the number of model parameters N (excluding embed-
dings), the size of the dataset D, and the amount of compute C used for training. Within reasonable limits,
performance depends very weakly on other architectural hyperparameters such as depth vs. width. (Section
3)

Smooth power laws: Performance has a power-law relationship with each of the three scale factors
N,D,C when not bottlenecked by the other two, with trends spanning more than six orders of magnitude
(see Figure 1). We observe no signs of deviation from these trends on the upper end, though performance
must flatten out eventually before reaching zero loss. (Section 3)

Universality of overfitting: Performance improves predictably as long as we scale up N and D in tandem,
but enters a regime of diminishing returns if either N or D is held fixed while the other increases. The
performance penalty depends predictably on the ratio N0.74/D, meaning that every time we increase the
model size 8x, we only need to increase the data by roughly 5x to avoid a penalty. (Section 4)

Universality of training: Training curves follow predictable power-laws whose parameters are roughly
independent of the model size. By extrapolating the early part of a training curve, we can roughly predict the
loss that would be achieved if we trained for much longer. (Section 5)

Transfer improves with test performance: When we evaluate models on text with a different distribution
than they were trained on, the results are strongly correlated to those on the training validation set with
a roughly constant offset in the loss – in other words, transfer to a different distribution incurs a constant
penalty but otherwise improves roughly in line with performance on the training set. (Section 3.2.2)

Sample efficiency: Large models are more sample-efficient than small models, reaching the same level of
performance with fewer optimization steps (Figure 2) and using fewer data points (Figure 4).

Convergence is inefficient: When working within a fixed compute budget C but without any other restric-
tions on the model size N or available data D, we attain optimal performance by training very large models
and stopping significantly short of convergence (see Figure 3). Maximally compute-efficient training would
therefore be far more sample efficient than one might expect based on training small models to convergence,
with data requirements growing very slowly as D ⇠ C0.27 with training compute. (Section 6)

Optimal batch size: The ideal batch size for training these models is roughly a power of the loss only,
and continues to be determinable by measuring the gradient noise scale [MKAT18]; it is roughly 1-2 million
tokens at convergence for the largest models we can train. (Section 5.1)

Taken together, these results show that language modeling performance improves smoothly and predictably
as we appropriately scale up model size, data, and compute. We expect that larger language models will
perform better and be more sample efficient than current models.

3

Scaling Laws for Neural Language Models— Kaplan et al., 2020



Challenges Ahead with Scaling
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Need new recipes as scaling data is not sustainable

Ilya Sutskever— Test of time talk, NeurIPS 2024



Challenges Ahead with Scaling
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Scaling Data-Constrained Neural Language Models— Muennighoff et al., 2025

Will we run out of data? Limits of LLM scaling based on human-generated data

Pablo Villalobos 1 Anson Ho 1 Jaime Sevilla 1 2 Tamay Besiroglu 1 3 Lennart Heim 1 4 Marius Hobbhahn 1 5

Abstract
We investigate the potential constraints on LLM
scaling posed by the availability of public human-
generated text data. We forecast the growing de-
mand for training data based on current trends and
estimate the total stock of public human text data.
Our findings indicate that if current LLM devel-
opment trends continue, models will be trained
on datasets roughly equal in size to the available
stock of public human text data between 2026 and
2032, or slightly earlier if models are overtrained.
We explore how progress in language modeling
can continue when human-generated text datasets
cannot be scaled any further. We argue that syn-
thetic data generation, transfer learning from data-
rich domains, and data efficiency improvements
might support further progress.

1. Introduction
Recent progress in language modeling has relied heavily on
unsupervised training on vast amounts of human-generated
text, primarily sourced from the web or curated corpora
(Zhao et al., 2023). The largest datasets of human-generated

public text data, such as RefinedWeb, C4, and RedPajama,
contain tens of trillions of words collected from billions of
web pages (Penedo et al., 2023; Together.ai, 2023).

The demand for public human text data is likely to continue
growing. In order to scale the size of models and training
runs efficiently, large language models (LLMs) are typically
trained according to neural scaling laws (Kaplan et al., 2020;
Hoffmann et al., 2022). These relationships imply that in-
creasing the size of training datasets is crucial for efficiently
improving the performance of LLMs.

1Epoch 2University of Aberdeen 3MIT CSAIL 4Centre for the
Governance of AI 5University of Tübingen. Correspondence to:
Pablo Villalobos <pablo@epochai.org>.

Preprint.

2020 2022 2024 2026 2028 2030 2032 2034
Year

1011

1012

1013

1014

1015

E
�
ec

ti
ve

st
oc

k
(n

um
b
er

of
to

ke
ns

)

GPT-3

PaLM

Falcon-180B
FLAN

Llama 3

DBRX Stock of data

Median date of
full stock utilization

Dataset size projection

Median date of
full stock utilization
(5x overtraining)

Figure 1. Projections of the effective stock of human-generated
public text and dataset sizes used to train notable LLMs. The
intersection of the stock and dataset size projection lines indi-
cates the median year (2028) in which the stock is expected to
be fully utilized if current LLM development trends continue. At
this point, models will be trained on dataset sizes approaching
the total effective stock of text in the indexed web: around 4e14
tokens, corresponding to training compute of ⇠5e28 FLOP for
non-overtrained models. Individual dots represent dataset sizes of
specific notable models. The model is explained in Section 2

In this paper, we argue that human-generated public text
data cannot sustain scaling beyond this decade. To support
this conclusion, we develop a model of the growing demand
for training data and the production of public human text
data. We use this model to predict when the trajectory of
LLM development will fully exhaust the available stock of
public human text data. We then explore a range of potential
strategies to circumvent this constraint, such as synthetic
data generation, transfer learning from data-rich domains,
and the use of non-public data.1

1.1. Related work

Stock of internet data Several studies have sought to quan-
tify the internet’s size and information content. Murray H. &
Moore (2000) estimated the internet’s size at approximately
2.1 billion unique web pages containing 21 terabytes of data.
Coffman & Odlyzko (1998) and Odlyzko (2016) found that
public internet traffic experienced a rapid growth rate of

1The code used in our analysis can be found at
https://epochai.org/code/data-stock.
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Scaling Data-Constrained Language Models

Niklas Muennighoff 1 Alexander M. Rush 1 Boaz Barak 2 Teven Le Scao 1

Aleksandra Piktus 1 Nouamane Tazi 1 Sampo Pyysalo 3 Thomas Wolf 1 Colin Raffel 1

1 Hugging Face 2 Harvard University 3 University of Turku

n.muennighoff@gmail.com

Abstract

The current trend of scaling language models involves increasing both parameter
count and training dataset size. Extrapolating this trend suggests that training
dataset size may soon be limited by the amount of text data available on the internet.
Motivated by this limit, we investigate scaling language models in data-constrained
regimes. Specifically, we run a large set of experiments varying the extent of data
repetition and compute budget, ranging up to 900 billion training tokens and 9
billion parameter models. We find that with constrained data for a fixed compute
budget, training with up to 4 epochs of repeated data yields negligible changes to
loss compared to having unique data. However, with more repetition, the value of
adding compute eventually decays to zero. We propose and empirically validate
a scaling law for compute optimality that accounts for the decreasing value of
repeated tokens and excess parameters. Finally, we experiment with approaches
mitigating data scarcity, including augmenting the training dataset with code data
or removing commonly used filters. Models and datasets from our 400 training runs
are freely available at https://github.com/huggingface/datablations.

Figure 1: Return and Allocation when repeating data. (Left): Loss of LLMs (4.2B parameters)
scaled on repeated data decays predictably (§6). (Right): To maximize performance when repeating,
our data-constrained scaling laws and empirical data suggest training smaller models for more epochs
in contrast to what assuming Chinchilla scaling laws [42] hold for repeated data would predict (§5).

37th Conference on Neural Information Processing Systems (NeurIPS 2023).

Limits of LLM scaling based on human-generated data— Villalobos et al., 2024



Directions in Pretraining

- Data (Data Mixture, Deduplication, synthetic data) 

- Architecture (Attention Variants, Mixture of Experts) 

- Optimization (Muon, Dion) 

- Learning Objective (Multi-Token Prediction, Masked Language Modeling)

Design new objectives to extract more information from the same data  
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Background

Going beyond Next-token Prediction
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Next-Token Prediction (NTP)

9

NTP can in principle learn any distribution

LNTP(x, Pθ) = −
T−1

∑
t=1

log Pθ(xt+1 |x≤t)

Pθ(xt+1 |x≤t) = Softmax( fu ∘ fh ∘ fs(x≤t))
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Multi-token Prediction (MTP)
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MTP provides a richer learning objective than NTP
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Better & Faster Language Models via Multi-token Prediction— Gloeckle et al., 2024



Intuition behind MTP
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Exposure bias due to teacher forcing in auto-regressive training

Discrepancy between 
training and …
During training all mistakes are considered equal.

05 Teacher forcing is a blessing and a curse

… Inference
But at inference, some mistakes can derail the model and 
lead it to a completely different answer than intended.

Training Inference

Discrepancy between 
training and …
During training all mistakes are considered equal.

05 Teacher forcing is a blessing and a curse

… Inference
But at inference, some mistakes can derail the model and 
lead it to a completely different answer than intended.

Better & Faster Language Models via Multi-token Prediction— Gloeckle et al., 2024



Intuition behind MTP
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MTP reduces teacher forcing & promotes better generalization

Training Inference

Better & Faster Language Models via Multi-token Prediction— Gloeckle et al., 2024

Multi token 
prediction
Penalizes the model for predictions that 
derail it. 

07 Multi Token Prediction

Gloeckle, Fabian*, Youbi Idrissi, Badr* et al. "Better & faster large language 
models via multi-token prediction." ICML 2024
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During training all mistakes are considered equal.

05 Teacher forcing is a blessing and a curse

… Inference
But at inference, some mistakes can derail the model and 
lead it to a completely different answer than intended.



Intuition behind MTP
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Better performance than NTP on reasoning tasks

Better & Faster Language Models via Multi-token Prediction— Gloeckle et al., 2024

Works at large
scales
Predicting 4 tokens hurts models less 
than 1.3B for code pretraining and helps 
a lot for bigger models.

Smaller models don’t have capacity to 
take advantage of the multi token 
prediction task.

08 Multi Token Prediction

Better & Faster Large Language Models via Multi-token Prediction

Table 1: Multi-token prediction improves performance and unlocks efficient byte level training. We compare models
with 7B parameters trained from scratch on 200B and on 314B bytes of code on the MBPP (Austin et al., 2021), HumanEval
(Chen et al., 2021) and APPS (Hendrycks et al., 2021) benchmarks. Multi-token prediction largely outperforms next token
prediction on these settings. All numbers were calculated using the estimator from Chen et al. (2021) based on 200 samples
per problem. The temperatures were chosen optimally (based on test scores; i.e. these are oracle temperatures) for each
model, dataset and pass@k and are reported in Table S12.

Training data Vocabulary n MBPP HumanEval APPS/Intro

@1 @10 @100 @1 @10 @100 @1 @10 @100

313B bytes
(0.5 epochs) bytes

1 19.3 42.4 64.7 18.1 28.2 47.8 0.1 0.5 2.4
8 32.3 50.0 69.6 21.8 34.1 57.9 1.2 5.7 14.0

16 28.6 47.1 68.0 20.4 32.7 54.3 1.0 5.0 12.9
32 23.0 40.7 60.3 17.2 30.2 49.7 0.6 2.8 8.8

200B tokens
(0.8 epochs) 32k tokens

1 30.0 53.8 73.7 22.8 36.4 62.0 2.8 7.8 17.4
2 30.3 55.1 76.2 22.2 38.5 62.6 2.1 9.0 21.7
4 33.8 55.9 76.9 24.0 40.1 66.1 1.6 7.1 19.9
6 31.9 53.9 73.1 20.6 38.4 63.9 3.5 10.8 22.7
8 30.7 52.2 73.4 20.0 36.6 59.6 3.5 10.4 22.1

1T tokens
(4 epochs) 32k tokens 1 40.7 65.4 83.4 31.7 57.6 83.0 5.4 17.8 34.1

4 43.1 65.9 83.7 31.6 57.3 86.2 4.3 15.6 33.7

2.7⇥ on text. On an 8-byte prediction model, the inference
speedup is 6.4⇥ (Table S3). Pretraining with multi-token
prediction allows the additional heads to be much more ac-
curate than a simple finetuning of a next-token prediction
model, thus allowing our models to unlock self-speculative
decoding’s full potential.

3.3. Learning global patterns with multi-byte prediction

To show that the next-token prediction task latches to local
patterns, we went to the extreme case of byte-level tokeniza-
tion by training a 7B parameter byte-level transformer on
314B bytes, which is equivalent to around 116B tokens.
The 8-byte prediction model achieves astounding improve-
ments compared to next-byte prediction, solving 67% more
problems on MBPP pass@1 and 20% more problems on
HumanEval pass@1.

Multi-byte prediction is therefore a very promising avenue
to unlock efficient training of byte-level models. Self-
speculative decoding can achieve speedups of 6 times for
the 8-byte prediction model, which would allow to fully
compensate the cost of longer byte-level sequences at infer-
ence time and even be faster than a next-token prediction
model by nearly two times. The 8-byte prediction model
is a strong byte-based model, approaching the performance
of token-based models despite having been trained on 1.7⇥
less data.

3.4. Searching for the optimal n

To better understand the effect of the number of predicted
tokens, we did comprehensive ablations on models of scale
7B trained on 200B tokens of code. We try n = 1, 2, 4, 6
and 8 in this setting. Results in table 1 show that training
with 4-future tokens outperforms all the other models con-
sistently throughout HumanEval and MBPP for pass at 1,
10 and 100 metrics: +3.8%, +2.1% and +3.2% for MBPP
and +1.2%, +3.7% and +4.1% for HumanEval. Interestingly,
for APPS/Intro, n = 6 takes the lead with +0.7%, +3.0%
and +5.3%. It is very likely that the optimal window size
depends on input data distribution. As for the byte level
models the optimal window size is more consistent (8 bytes)
across these benchmarks.

3.5. Training for multiple epochs

Multi-token training still maintains an edge on next-token
prediction when trained on multiple epochs of the same
data. The improvements diminish but we still have a
+2.4% increase on pass@1 on MBPP and +3.2% increase
on pass@100 on HumanEval, while having similar perfor-
mance for the rest. As for APPS/Intro, a window size of 4
was already not optimal with 200B tokens of training.

3.6. Finetuning multi-token predictors

Pretrained models with multi-token prediction loss also out-
perform next-token models for use in finetunings. We evalu-
ate this by finetuning 7B parameter models from Section 3.3

4



Multi-Token Prediction
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Strong open source models are using MTP (variants)
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Figure 3 | Illustration of our Multi-Token Prediction (MTP) implementation. We keep the
complete causal chain for the prediction of each token at each depth.

Node-Limited Routing. Like the device-limited routing used by DeepSeek-V2, DeepSeek-V3
also uses a restricted routing mechanism to limit communication costs during training. In short,
we ensure that each token will be sent to at most " nodes, which are selected according to
the sum of the highest  @

" affinity scores of the experts distributed on each node. Under this
constraint, our MoE training framework can nearly achieve full computation-communication
overlap.

No Token-Dropping. Due to the effective load balancing strategy, DeepSeek-V3 keeps a good
load balance during its full training. Therefore, DeepSeek-V3 does not drop any tokens during
training. In addition, we also implement specific deployment strategies to ensure inference load
balance, so DeepSeek-V3 also does not drop tokens during inference.

2.2. Multi-Token Prediction

Inspired by Gloeckle et al. (2024), we investigate and set a Multi-Token Prediction (MTP)
objective for DeepSeek-V3, which extends the prediction scope to multiple future tokens at each
position. On the one hand, an MTP objective densifies the training signals and may improve
data efficiency. On the other hand, MTP may enable the model to pre-plan its representations
for better prediction of future tokens. Figure 3 illustrates our implementation of MTP. Different
from Gloeckle et al. (2024), which parallelly predicts ⇡ additional tokens using independent
output heads, we sequentially predict additional tokens and keep the complete causal chain at
each prediction depth. We introduce the details of our MTP implementation in this section.

MTP Modules. To be specific, our MTP implementation uses ⇡ sequential modules to predict ⇡
additional tokens. The 9-th MTP module consists of a shared embedding layer Emb(·), a shared
output head OutHead(·), a Transformer block TRM9 (·), and a projection matrix "9 2 R3⇥23 . For
the 7-th input token B7, at the 9-th prediction depth, we first combine the representation of the 7-th
token at the (9 � 1)-th depth h9�1

7 2 R3 and the embedding of the (7 + 9)-th token ⇢;1(B7+9) 2 R3
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Figure 2 Implementation of Multi-Token Prediction with MiMo-7B. During pre-training we use a
single MTP layer, while the inference stage can use multiple MTP layers for additional speedup.

2.2 Model Architecture

MiMo-7B follows the general decoder-only Transformer architecture (Radford et al., 2018;
Vaswani et al., 2017), and consists of Grouped-Query Attention (GQA, Ainslie et al. 2023),
pre-RMSNorm (Zhang and Sennrich, 2019), SwiGLU activation (Dauphin et al., 2017) and Rotary
Positional Embedding (RoPE, Su et al. 2024), similar to Llama (Grattafiori et al., 2024; Touvron
et al., 2023) and Qwen (Yang et al., 2024).

Reasoning models often face an inference speed bottleneck due to their lengthy auto-regressive
generation process, despite the high correlation and predictability observed among consecutive
tokens in their reasoning paths.

MTP Modules Inspired by DeepSeek-V3 (Liu et al., 2024a), we incorporate Multi-Token Predic-
tion (MTP) (Gloeckle et al., 2024) as an additional training objective. This approach enables the
model to strategically pre-plan and generate representations that facilitate more accurate and
potentially faster prediction of future tokens. As shown in Figure 2, we implement distinct MTP
setups for pre-training and inference. During pre-training, we utilize only a single MTP layer, as
our preliminary studies show that multiple MTP layers yield no further improvement. In contrast,
we find that multiple parallel MTP layers significantly accelerate inference through speculative
decoding. To implement this, after pre-training, we replicate the pre-trained single MTP layer
into two identical copies. Then, with the main model and first MTP layer frozen, we fine-tune
two new MTP layers for inference speedup.

MTP Inference Speedup During inference, these MTP layers can be utilized for speculative
decoding (Leviathan et al., 2023; Xia et al., 2023) to reduce generation latency. We evaluated
the performance of the MTP layers on the AIME24 benchmark. The first MTP layer achieves
a remarkably high acceptance rate about 90%, while even the third MTP layer maintains an
acceptance rate above 75%. This high acceptance rate enables MiMo-7B to deliver enhanced
decoding speed, particularly in reasoning scenarios requiring extremely long outputs.

6

DeepSeek-V3 Technical Report— DeepSeekAI, 2025 MiMo: Unlocking reasoning potential of Language Model— Xiaomi., 2025 
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3 Methodology: Next-Latent Prediction
In this section, we introduce a simple, yet powerful, method for learning belief states in transformers through
next-latent prediction (or more specifically, via next-hidden state prediction1). We begin by defining belief states in
sequence modeling.

Definition 3.1 (Belief states in sequence modeling). Let X1:T denote a token sequence X1, . . . , XT . A random
variable bt = g(X1:t) is a belief state for the history X1:t if, for every bounded measurable function f of the future,

E[f(Xt+1:T ) | bt] = E[f(Xt+1:T ) | X1:t] a.s.

Equivalently, bt is a sufficient statistic [Striebel, 1965] of the history X1:t for predicting the future tokens, i.e.,
from which we can sample from the distribution P(Xt+1:T | X1:t). Next, we demonstrate the use of next-latent
(next-hidden state) predictions to learn belief states.

Next-Latent PredictionJoint-Token PredictionMulti-Token PredictionNext/Prev-Token Prediction (BST)

Input Tokens Predictions Teacher-forced Tokens

X1 X2 X3

�X5

h3 hT�2

�X4 �XT�3

XT�2 XTXT�1

h3

X1 X2 X3

�X4 �X6�X5

h3

X1 X2 X3 X4 X5

�X4 �X6�X5

h3

�X4

�h4 �h5

�X6�X5

X1 X2 X3 X4 X5

Figure 2: Illustration of different predictive mechanisms at time step t = 3. Other methods supervise only the
token-level emissions, leaving intermediate latent representations implicit. In contrast, NextLat explicitly learns
latent dynamics that predicts hidden state ĥt+1 from (ht, xt+1). Token-level supervision is then applied to the ĥt+1.
Therefore, accurate multi-token predictions (beyond the next token) emerge as a consequence of faithful latent
dynamics modeling, with the latent acting as the bottleneck.

3.1 Why Next-Latent Prediction?
Theorem 3.2. Consider the joint learning of three components:

1. a transformer with parameters ✓ that produces hidden states ht at each time step t,
2. an output head p✓ modeling the next-token distribution, and
3. a latent dynamics model p modeling the transition dynamics of the transformer’s hidden states.

NextLat optimizes for the following consistency objectives:

(Next-Token Consistency): p✓(Xt+1 | ht) = P(Xt+1 | X1:t), (1)
(Transition Consistency): p (ht+1 | ht, Xt+1) = P(ht+1 | X1:t+1), (2)

where the right-hand side of Equation 2 is the transition law induced by the transformer’s weights2. For these
consistency objectives to be satisfied, ht must converge to a belief state for the sequence X1:t.

1In the sequence modeling literature, intermediate latent representations are often referred to as “hidden states”. To disambiguate, we use the
term “latent state” to broadly refer to learned representations within the transformer’s residual stream, and “hidden state” to refer to a subset of
this representation—specifically, the final layer’s output at each time step (i.e., the pre-logit activations).

2We adopt a probabilistic formulation to retain generality with respect to stochastic transformer models, e.g. Fleuret [2025].

4

Learning belief-states via light teacher forcing on future tokens

Next-Latent Prediction Transformers Learn Compact World Models— Teoh et al., 2025



Future Summary Prediction

Going beyond Multi-Token Prediction
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Issue with MTP: Scaling Prediction Horizon
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Need auxiliary head for every additional future token

x≤t xt+1 xt+2 xT−1 xT

MTP: Uses multiple auxiliary heads, each predicting  
       a specific future token

Instead of the entire future sequence, lets predict a future summary!



Future Summary Prediction: Bag-of-words (FSP-BoW)

Auxiliary target as bag-of-words summary of future (Single auxiliary head!) 

LFSP−BoW(x, Pθ) = −
T−1

∑
t=1

log Pθ(xt+1 |x≤t)

Softmax( fu ∘ fh ∘ fs(x≤t))

Transformer Backbone

MainBlock

Unembedding Layer

xt+1

fu( . )

fh( . )

fs( . )

x≤t

AuxBlock
fh′￼( . )

{xt+2, ⋯, xt+τ}

+ BCE( Aθ(x≤t), {xt+2, ⋯, xt+τ} )

Sigmoid( fu ∘ fh′￼
∘ fs(x≤t))

Binary Cross Entropy Loss



Path-star Graph: Long Horizon Prediction
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Task: Predict path between the input start and end nodes

Example Sequence:

x = <graph>   s 5       1 2 3 4 5

start/goal path

Example Graph:

s
1 2 3 4 5

6 7 8 9 10
G(2,5)

Pitfalls of next-token prediction— Bachmann et al., 2024



Path-star Graph: Long Horizon Prediction
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NTP fails due to shortcut learning for intermediate nodes

Example Sequence:

x = <graph>   s 5       1 2 3 4 5

start/goal path

Example Graph:

s
1 2 3 4 5

6 7 8 9 10

NTP:

<graph> s 5  1  2  3  4  5

Multiple edges from start node

G(2,5)



Path-star Graph: Long Horizon Prediction
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NTP fails due to shortcut learning for intermediate nodes

Example Sequence:

x = <graph>   s 5       1 2 3 4 5

start/goal path

Example Graph:

s
1 2 3 4 5

6 7 8 9 10

NTP:

<graph> s 5  1  2  3  4  5
<graph> s 5  1  2  3  4  5

Only one edge from node 1

Lookup in graph and predict!

G(2,5)



Path-star Graph: Long Horizon Prediction
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NTP fails due to shortcut learning for intermediate nodes

Example Sequence:

x = <graph>   s 5       1 2 3 4 5

start/goal path

Example Graph:

s
1 2 3 4 5

6 7 8 9 10

NTP:

<graph> s 5  1  2  3  4  5
<graph> s 5  1  2  3  4  5

Only one edge from node 2

Lookup in graph and predict!

<graph> s 5  1  2  3  4  5

G(2,5)



Path-star Graph: Long Horizon Prediction
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NTP fails due to shortcut learning for intermediate nodes

Example Sequence:

x = <graph>   s 5       1 2 3 4 5

start/goal path

Example Graph:

s
1 2 3 4 5

6 7 8 9 10

NTP:

<graph> s 5  1  2  3  4  5
<graph> s 5  1  2  3  4  5

Only one edge from node 3

Lookup in graph and predict!

<graph> s 5  1  2  3  4  5
<graph> s 5  1  2  3  4  5

G(2,5)



Path-star Graph: Long Horizon Prediction
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NTP fails due to shortcut learning for intermediate nodes

Example Sequence:

x = <graph>   s 5       1 2 3 4 5

start/goal path

Example Graph:

s
1 2 3 4 5

6 7 8 9 10

NTP:

<graph> s 5  1  2  3  4  5
<graph> s 5  1  2  3  4  5

Only one edge from node 4

Lookup in graph and predict!

<graph> s 5  1  2  3  4  5
<graph> s 5  1  2  3  4  5
<graph> s 5  1  2  3  4  5

G(2,5)



Path-star Graph: Long Horizon Prediction
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NTP fails due to shortcut learning for intermediate nodes

Example Sequence:

x = <graph>   s 5       1 2 3 4 5

start/goal path

Example Graph:

s
1 2 3 4 5

6 7 8 9 10

NTP:

<graph> s 5  1  2  3  4  5
<graph> s 5  1  2  3  4  5
<graph> s 5  1  2  3  4  5
<graph> s 5  1  2  3  4  5
<graph> s 5  1  2  3  4  5

     Difficult  
prediction task

       Easy 
prediction task

Inference accuracy solely depends upon correct prediction of first node

G(2,5)



Path-star Graph: Long Horizon Prediction
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Predicting future tokens avoids shortcuts as it requires multiple lookups

Example Sequence:

x = <graph>   s 5       1 2 3 4 5

start/goal path

Example Graph:

s
1 2 3 4 5

6 7 8 9 10

FSP-BoW:

<graph> s 5  1  2  3  4  5
<graph> s 5  1  2  3  4  5
<graph> s 5  1  2  3  4  5
<graph> s 5  1  2  3  4  5
<graph> s 5  1  2  3  4  5

     Difficult  
prediction tasks

G(2,5)



Path-star Graph: Long Horizon Prediction
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FSP-BoW with a single auxiliary head achieves perfect score



Path-star Graph: Long Horizon Prediction
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MTP via scaling auxiliary heads becomes impractical for larger graphs



Issue with MTP: How much lookahead?
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Future can have irrelevant or noise tokens

x≤t xt+1 xt+2 xT−1 xT

MTP: Uses multiple auxiliary heads, each predicting  
       a specific future token

Need to learn a future summary instead of hand-crafted choices!

Bag-of-words 
(multi-hot vector)

x≤t xt+1 xt+2 xT−1 xT

FSP-BoW: Predicts a “bag-of-tokens” summary  



Sibling Discovery
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Task: Generate valid sequences, i.e, siblings followed by their parent

Graph:

Example Sequence:

x =         S1 S2 S3 P

P

S1 S2 S3

Going beyond the creative limits of next-token prediction— Nagarajan et al., 2025



Sibling Discovery

31

Task: Generate valid sequences, i.e, siblings followed by their parent

NTP:

        S1 S2 S3 P
        S1 S2 S3 P
        S1 S2 S3 P
        S1 S2 S3 P

The model now sees the common parent between siblings

Graph:

Example Sequence:

x =         S1 S2 S3 P

P

S1 S2 S3



Sibling Discovery
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Task: Generate valid sequences, i.e, siblings followed by their parent

FSP-BoW:

        S1 S2 S3 P
        S1 S2 S3 P
        S1 S2 S3 P
        S1 S2 S3 P

The model sees the common parent between siblings more often than NTP

Graph:

Example Sequence:

x =         S1 S2 S3 P

P

S1 S2 S3



Sibling Discovery Modified
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Lets add multiple independent components ( ) to the graphm

Graph:

P1
1

S1
1 Sm

1 Sm
2

....

Pm
1

S1
2 S1

3 Sm
3

Example Sequence:

x =                         S1
1 S1

2 S1
3 P1 S2

1 S2
2 S2

3 P2 S3
1 S3

2 S1
3 P3

FSP-BoW:

x =                         S1
1 S1

2 S1
3 P1 S2

1 S2
2 S2

3 P2 S3
1 S3

2 S1
3 P3

Relevant 
future

Not predictable 
from the prefix

If this is 
the prefix 

FSP-BoW would predict a lot of irrelevant information from the future!



Sibling Discovery Modified
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FSP-BoW only provide speed up over NTP for low component cases

Graph:

P1
1

S1
1 Sm

1 Sm
2

....

Pm
1

S1
2 S1

3 Sm
3

Example Sequence:

x =                         S1
1 S1

2 S1
3 P1 S2

1 S2
2 S2

3 P2 S3
1 S3

2 S1
3 P3



Future Summary Prediction: ReverseLM (FSP-RevLM)
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Step 1. Train language model on reverse sequences (RevLM)

LRevLM(x, Qϕ) = −
T−2

∑
t=0

log Qϕ(xt+1 |x≥t+2)

Qϕ(xt+1 |x≥t+2) = Softmax(gu ∘ gh ∘ gs(x≥t+2))

Transformer Backbone

MainBlock

Unembedding Layer

xt+1

gu( . )

gh( . )

gs( . )

x≥t+2

EmbRevLM(x≥t+2) = gh ∘ gs(x≥t+2)Future Summary:

xt+1 xt+2 xT−1 xT

Reverse NTP



Future Summary Prediction: ReverseLM (FSP-RevLM)

Step 2. Auxiliary target as a learned embedding of future (Single auxiliary head!) 

LFSP−RevLM(x, Pθ) = −
T−1

∑
t=1

log Pθ(xt+1 |x≤t)

Softmax( fu ∘ fh ∘ fs(x≤t))

Transformer Backbone

MainBlock

Unembedding Layer

xt+1

fu( . )

fh( . )

fs( . )

x≤t

AuxBlock
fh′￼( . )

EmbRevLM(x≥t+2)

+ | | Aθ(x≤t), EmbRevLM(x≥t+2) | |2
2

fh′￼
∘ fs(x≤t)

Embedding Matching Loss



Sibling Discovery: Learned Future Summary
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FSP-RevLM provides speed up over NTP even for high component cases

Graph:

P1
1

S1
1 Sm

1 Sm
2

....

Pm
1

S1
2 S1

3 Sm
3

Example Sequence:

x =                         S1
1 S1

2 S1
3 P1 S2

1 S2
2 S2

3 P2 S3
1 S3

2 S1
3 P3



Future Summary Prediction

Hidden Representation 
of Reverse LM

. . .

x<t

∅

Bag-of-words 
(multi-hot vector)

. . .x≤t xt+1 xt+2 xT−1 xT x≤t xt+1 xt+2 xT−1 xT

x≤t xt+1 xt+2 xT−1 xTx≤t xt+1 xt+2 xT−1 xT. . . . . .

NTP: Only predicts the immediate next token. MTP: Uses multiple auxiliary heads, each predicting  
       a specific future token

FSP-BoW: Predicts a “bag-of-tokens” summary  
of future sequence.

FSP-RevLM: Predicts a hidden representation of the 
                   future using a reverse language model.

x≤t xt+1 xt+2 xT−1 xT

38



Future Summary Prediction

Real-world pretraining experiments

39



Experiment Setup

- Data (DCLM, Github, Proof Pile, etc.) & Architecture (LLaMA 3) 

- Scale 
- 3B Parameters, 250B Tokens  
- 8B Parameters, 1T Tokens 

- Auxiliary Heads 
- Training: Single auxiliary head for MTP & DS-MTP for fair comparison with FSP 
- Inference: Discard the auxiliary head and only use the next-token (main) head  

- ReverseLM (Teacher) 
- Same model size and trained on the same dataset as the baselines

40



Pretraining Results: 8B

41

General Reasoning Math ReasoningCoding



Pretraining Results: 8B

42

Future Summary Prediction leads to more diversity than MTP



Pretraining Results: 3B vs 8B

43

Future Summary Prediction benefits from scaling 

3B Model 8B Model



Data Constrained Experiment Setup

- Iso-compute Analysis 
- Reduce unique tokens for training and do multi-epoch training to match compute  

- Scale (3B Parameters) 
- 250B unique tokens (1 epoch) upto 5B unique tokens (50 epochs)  

- Evaluation Metric 
- Perplexity & Next-token accuracy on validation set (Dolmino, Dolci-Think)

44



Data Constrained Results: 3B
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NTP’s perplexity suffers the most as we reduce the total unique tokens

Lower is better



Data Constrained Results: 3B

46

Similar trend with next token accuracy as well!



Data Constrained Results: 8B
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Future aware methods dominate NTP in the data constrained regime

1T Unique Tokens (1 Epoch) 50B Unique Tokens (20 Epochs)



Data Constrained Results: 8B
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Future aware methods dominate NTP in the data constrained regime

1T Unique Tokens (1 Epoch) 50B Unique Tokens (20 Epochs)



Future Work

49



Data Constrained Scaling Laws
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Future-aware methods versus diffusion 
 

             - Should be better than diffusion before the critical compute point 
             - Can it be competitive with diffusion after the critical compute point?

Diffusion Beats Autoregressive
in Data-Constrained Settings

Mihir Prabhudesai⇤
Carnegie Mellon University

Mengning Wu⇤

Carnegie Mellon University
Amir Zadeh

Lambda

Katerina Fragkiadaki
Carnegie Mellon University

Deepak Pathak
Carnegie Mellon University

Abstract

Autoregressive (AR) models have long dominated the landscape of large language
models, driving progress across a wide range of tasks. Recently, diffusion-based
language models have emerged as a promising alternative, though their advantages
over AR models remain underexplored. In this paper, we systematically study
masked diffusion models in data-constrained settings—where training involves
repeated passes over limited data—and find that they significantly outperform AR
models when compute is abundant but data is scarce. Diffusion models make better
use of repeated data, achieving lower validation loss and superior downstream
performance. We find new scaling laws for diffusion models and derive a closed-
form expression for the critical compute threshold at which diffusion begins to
outperform AR. Finally, we explain why diffusion models excel in this regime:
their randomized masking objective implicitly trains over a rich distribution of
token orderings, acting as an implicit data augmentation that AR’s fixed left-to-
right factorization lacks. Our results suggest that when data, not compute, is the
bottleneck, diffusion models offer a compelling alternative to the standard AR
paradigm. Our code is available at: https://diffusion-scaling.github.io.

Critical 
Compute Point

Critical 
Compute Point

1 Epoch: 
Chinchilla Optimal 
2.37e+15

1 Epoch: 
Chinchilla Optimal 
1.48e+14

Figure 1: Pareto frontier of validation loss versus training FLOPs for autoregressive (AR) and
masked diffusion models under data-constrained settings. Each point represents a model trained until
convergence; we report the best validation loss achieved among all models using less than or equal to
the FLOPs shown on the x-axis. AR models initially outperform diffusion models, particularly near
the Chinchilla-optimal compute point [12] (indicated on the plot). However, as training continues
beyond this regime with repeated data, AR models quickly saturate and begin to overfit. In contrast,
diffusion models continue to improve with more compute and exhibit no signs of overfitting.

⇤Project co-leads & Equal contribution. Correspondence to {mprabhud,mengninw}@andrew.cmu.edu.

39th Conference on Neural Information Processing Systems (NeurIPS 2025).
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Diffusion Beats Autoregressive in Data-Constrained Settings— Prabhudesai et al., 2025



Post-training Future-aware Methods

51

Post-training analysis for future-aware pretrained models 
 

             - Analyzing NTP vs future-aware pretrained methods using conventional post-training schemes  
             - Novel post-training schemes to leverage future-aware pretrained models?

Figure 3: Perplexities of auxiliary heads over four epochs. Note that head Fh1 is not adapted and is only displayed for
reference.

3.2 Downstream Tasks

We present the results on five downstream tasks of different domains to demonstrate the superior performance and broad
applicability of concept-aware fine-tuning. Example questions from every evaluation dataset can be found in Figure 2b.
The general experimental setup is as follows: using task-specific training datasets, we fine-tune four separate models
using full CAFT, LoRA CAFT, and their next-token versions. The latter two serve as baseline models for comparison.
They are trained for up to 5 epochs with early stoppage and for sequence lengths ranging from 512 to 2048, depending
on the specific task. All results shown are the average of 5 independent evaluation runs and their variance via 95%
confidence intervals (CIs). From Task 3 onwards, the auxiliary heads are pretrained on the training set for 1 epoch
before proceeding to the actual fine-tuning.

3.2.1 Downstream Task 1: Coding

Code is an intuitive application of CAFT. Programming languages have vastly different vocabularies and distributions
from natural languages. For example, punctuations like brackets and colons convey vastly different semantic mean-
ings. Given the dominance of natural language in pretraining corpora, modern tokenizers do not effectively encode
programming-specific texts. Thus, coherent "words" in code, such as __name__ in Python, are often deconstructed into
two or more unintuitive fragments.

For this experiment, we first construct a Python training dataset that consists of a combined 10,000 examples from
CodeAlpaca (Chaudhary, 2023), MagiCoder (Xu et al., 2024), and the Mostly Basic Python Programming (MBPP)
training set (Austin et al., 2021). The HumanEval test set (Chen et al., 2021) is used to evaluate the models; an example
question is shown in Figure 2b. Models tested under the pass@1 setting, i.e., one response is sampled per question,
which is only deemed correct if it passes all test cases.

Table 1: Model Performances on HumanEval.

Task Method Accuracy (%) "

HumanEval

Base 38.9 ±1.501

LoRA Fine-tuning Next-token 40.9 ±0.927

CAFT 45.1 ±1.930

Full Fine-tuning Next-token 40.5 ±2.309

CAFT 49.3 ±2.590

As shown in Table 1, CAFT dramatically improves Python coding performance: LoRA and full CAFT lead to a 4.2%
and 8.8% improvement in accuracy respectively. The magnitude of these gains is surprising given the relatively small
training sample size and short training time. This reinforces our aforementioned hypotheses that the arbitrary parsing of
code greatly hinders model learning, suggesting that the current next-token paradigm suppresses the potential of LLMs
to complete coding tasks.

7

Improving LLMs with Concept Aware Fine Tuning— Chen et al., 2025 

Table 1: Downstream accuracy (%) in mathematical reasoning benchmarks. The subheaders refer to
the training split used in each experiment. Results for Gemma 2B are averaged over 3 seeded runs.
MuToR offers a consistent improvement over both standard Next-Token and Multi-Token.

Model Method GSM8K MATH500 AQUA-RAT

GSM8K 1M-GSM 2M-GSM 1M-MATH AQUA-RAT

Gemma 2B
Next-Token 38.87 66.09 69.02 26.73 40.16
Multi-Token 40.66 66.69 69.02 26.87 38.45
MuToR (ours) 42.10 68.33 70.56 28.13 41.73

Llama3 8B
Next-Token 66.41 85.74 87.33 41.4 -
Multi-Token 66.56 85.67 86.35 42.6 -
MuToR (ours) 67.85 87.03 87.64 43.2 -

Table 2: Experimental results for finetuning Gemma 2B on abstractive summarization benchmarks.
We select the checkpoint with the higher ROUGE-L in the validation set, and report ROUGE scores
on the test set.

Method SAMSum DialogSum

ROUGE-1 ROUGE-2 ROUGE-L ROUGE-1 ROUGE-2 ROUGE-L

Next-Token 51.47 27.29 43.23 47.23 20.91 38.77
Multi-Token 51.90 27.44 43.50 47.98 21.23 39.25
MuToR (ours) 52.32 28.08 44.09 48.22 21.71 39.48

mately 39M trainable parameters for Gemma 2B; register tokens in MuToR add a negligible number
of parameters). As shown in Table 4, our LoRA-MuToR approach improves accuracy over standard
LoRA finetuning across both training splits. Interestingly, LoRA-MuToR matches or even exceeds
the full-finetuning Next-Token performance, demonstrating its utility in PEFT setups. In contrast,
the Multi-Token approach is less compatible with PEFT settings, as it requires training several
additional transformer layers from scratch.

Impact of Maximum Lookahead Offset The key hyperparameter dmax in our MuToR method
controls how many tokens ahead the registers predict. Larger values offer richer supervision but
increase task difficulty. Experiments (Table 3) show that dmax = 4 is optimal for this particular
setting (in general the optimal value may depend on the training data and the downstream task).
Notably, as dmax increases, Multi-Token’s performance degrades, barely beating Next-Token
when using the 1M-GSM training split. In comparison, MuToR’s gains are maintained across dmax

values and training split sizes.

Shared vs. Different Register Embeddings Per Offset We test whether having different register
embeddings per offset improves performance. As seen in Table 5, shared embeddings (Same), which
is the default, perform slightly better than distinct ones (Different), suggesting our positional encoding
scheme provides sufficient offset information.

4.2 Autoregressive Image Generation

Experimental Setup We train LlamaGen-B (111M parameters; Sun et al. 2024) on ImageNet
[Deng et al., 2009] at 256×256 resolution, using ADM’s preprocessing pipeline [Dhariwal and Nichol,
2021]. The dataset is pre-tokenized using a VQ-VAE tokenizer from Sun et al. [2024].

We compare three approaches: (1) Next-Token, the standard next-token prediction baseline; (2)
MuToR-1D with 1D offsets (as in language modeling); and (3) MuToR-2D with 2D offsets (described
in subsection 3.4). Implementation details are included in Appendix A.2.

For evaluation, we generate 50,000 images using classifier-free guidance (scale=2.0) [Ho and Sali-
mans, 2022] and compute FID [Heusel et al., 2017], IS [Salimans et al., 2016], Precision, and Recall
[Kynkäänniemi et al., 2019] using TensorFlow scripts from Dhariwal and Nichol [2021].

7

Multi-token prediction needs registers— Gerontopoulos et al., 2025


 



Reasoning during Pretraining
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Pretrain like your fine-tune 
 

             - Designing reward functions for pretraining?

RLP: Reinforcement as a Pretraining Objective

Thought Policy

No-Think baseline

... ...

Dense 
non-binary 

reward

CoT trace + next token

Next Token Prediction

Photosynthesis is the process 
plants, algae, and some bacteria 
use to make their own food using 
sunlight

Photosynthesis is the process 
plants, algae, and some bacteria 
use to make their own food using 

<think> The sentence describes 
how plants, algae, and bacteria 
make food. Common knowledge 
says this process relies on energy 
from the sun. So the next token is 
most likely “sunlight.”</think> 
sunlightInformation Gain 

Reward

Impact of RLP

RLP leverages verifier-free, dense
rewards based on information gain
to pre-train models that reason before

next token prediction.

RLP further improves reasoning
accuracies after post-training

Paradigm Comparison

Next Token Prediction RLPAspect

Objective Maximum likelihood + reward

Signal Type Dense, position-wise info-gain

Reasoning
Behaviour Explicitly incentivised

Pipelines
NTP: Input → Next token

RLP: Input → CoT + Next token → Verifier-Free Dense Information Gain Reward
RLP bridges pretraining and reasoning

with scalable, dense reward

Overview of RLP

Implicit, Weak

Maximum likelihood of observed tokens

Single sparse (next token)

Reward Source None Verifier-free, instrinsic

Figure 1: Visualization of the RLP framework. A chain-of-thought is sampled before next-token prediction.
Rewards are computed by contrasting the predictor conditioned on the CoT with a No-think EMA baseline,
yielding a verifier-free, dense signal. We list the advantages of RLP over the traditional pretraining objective
(top right) and show the impact after end-to-end training (top left).

wherever thinking improves prediction. Because the signal is defined for ordinary text with teacher forcing,
RLP reframes reinforcement learning for reasoning as reinforcement pretraining on the same streams used for
maximum likelihood.

Unlike post-training with verifiable rewards, which requires task-specific checkers or curated solutions,
RLP is verifier-free: the signal is computed directly from log-evidence under the model and a baseline,
allowing uniform application to domain agnostic web-scale text. Compared to reinforcement pretraining via
prefix-matching rewards (RPT) (Dong et al., 2025), which uses sparse binary reward and often relies on
proxy-model filtering of “easy” tokens, RLP provides a continuous improvement signal at every position and
trains on the full documents. This eliminates the need to preselect high-entropy tokens or couple training
to a separate small model. Prior RPT demonstrations also depend on distilled checkpoints with strong prior
reasoning ability, which clouds whether the method helps base models. RLP is designed to shape thinking in
base models by rewarding only those thoughts that measurably help next-token prediction.

This work makes the following key contributions: We introduce RLP, a verifier-free information-gain
objective that augments next-token prediction by rewarding thoughts in proportion to their predictive utility.
We develop a practical and stable training algorithm that interleaves reinforcement updates with standard
likelihood training via group-relative advantages, a clipped surrogate for thought tokens, and a slowly updated
Exponential Moving Average (EMA) baseline. We provide theoretical guarantees linking expected reward to
reductions in cross-entropy and to a computable lower bound, ensuring both interpretability and tractability.
We conduct comprehensive experiments showing that RLP outperforms strong baselines, remains robust after
strong post-training, generalizes across diverse corpora, and scales e�ectively to larger model sizes and hybrid
architectures—establishing it as a broadly applicable reinforcement pretraining objective.

Our empirical validation is comprehensive, assessing the e�cacy of RLP along four key axes. First,
we evaluate its performance relative to traditional next-token prediction baselines. On the ����3-1.7�-
���� model, RLP outperforms continuous pretraining by +17% and RPT by nearly +4%. We show the
advantage persists even when the baseline uses 35⇥ more data to match FLOPs, confirming the gains arise
from methodology rather than compute. Second, we demonstrate the robustness of these improvements,
showing they are not transient. As shown in Fig.1, when subjected to an identical, strong post-training regimen,
the foundational advantages of RLP compound, allowing our final model to surpass its conventionally trained
counterparts by a significant 7–8% margin. Third, unlike methods requiring narrow, curated datasets, RLP
successfully extracts a powerful reasoning signal from diverse, general-purpose web corpora–establishing its
versatility across data domains (Table 4). Finally, we confirm its scalability and architecture-agnostic power.
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Ensuring safety, factuality and overall quality in the generations of large language models is a
critical challenge, especially as these models are increasingly deployed in real-world applications. The
prevailing approach to addressing these issues involves collecting expensive, carefully curated datasets
and applying multiple stages of fine-tuning and alignment. However, even this complex pipeline cannot
guarantee the correction of patterns learned during pretraining. Therefore, addressing these issues
during pretraining is crucial, as it shapes a model’s core behaviors and prevents unsafe or hallucinated
outputs from becoming deeply embedded. To tackle this issue, we introduce a new pretraining method
that streams documents and uses reinforcement learning (RL) to improve the next K generated tokens
at each step. A strong, post-trained model judges candidate generations—including model rollouts,
the original suffix, and a rewritten suffix—for quality, safety, and factuality. Early in training, the
process relies on the original and rewritten suffixes; as the model improves, RL rewards high-quality
rollouts. This approach builds higher quality, safer, and more factual models from the ground up. In
experiments, our method gives 36.2% and 18.5% relative improvements over standard pretraining in
terms of factuality and safety, and up to 86.3% win rate improvements in overall generation quality.

Correspondence: olggol@meta.com, ellenxtan@meta.com
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Figure 1 Self-Improving pretraining: Our proposed model training streams pretraining documents and improves
the next K generated tokens (suffix, given prefix) at each step with RL. A strong previously post-trained model is
used to judge generation candidates at each RL step for quality, safety and hallucination, where the candidates are: (i)
N rollouts from the current policy; (ii) the original suffix; and (iii) a rewrite of the suffix by the strong post-trained
model. The rewrite can improve the pretrain data’s quality or safety; in the latter case as the prefix remains unsafe
the model is always learning how to steer away to a safe suffix. At the start of training model rollouts (i) are low
quality, so training relies on candidates (ii) and (iii); later in training the judge starts rewarding winning rollouts.
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Thank You!
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