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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.
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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

Design new objectives to extract more information from the same data  



Background

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

Transformer Backbone

MainBlock

Unembedding Layer

xt+1

fu( . )

fh( . )

fs( . )

x≤t



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



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.
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DeepSeek-V3 Technical Report— DeepSeekAI, 2025 MiMo: Unlocking reasoning potential of Language Model— Xiaomi., 2025 



Future Summary Prediction

Going beyond Multi-Token Prediction

8



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))
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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  



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))
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EmbRevLM(x≥t+2) = gh ∘ gs(x≥t+2)Future Summary:
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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) = −
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log Pθ(xt+1 |x≤t)

Softmax( fu ∘ fh ∘ fs(x≤t))
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Future Summary Prediction

Hidden Representation 
of Reverse LM
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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
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Future Summary Prediction

Real-world pretraining experiments
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Pretraining Results: 8B
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Pretraining Results: 8B
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Future Summary Prediction leads to more diversity than MTP



Chat with us during the  
poster session!
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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
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