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ABSTRACT

Most modern language models operate within the autoregressive paradigm, and
are trained to perform next-token prediction (NTP) conditioned only on the pre-
vious context. However, this results in myopic generation, since these models
have no future information to help guide their prediction, which limits their effec-
tiveness in tasks that require lookahead. Recently, multi-token prediction (MTP)
has shown promise as an auxiliary training objective to learn more future-aware
model parameters, however existing methods typically discard MTP at inference
time, or use it only for speculative decoding. In this work, we propose to addition-
ally leverage the future-token prediction capability of MTP at inference for latent
lookahead refinement, moving from implicitly future-aware to explicitly future-
informed token generation. Our method introduces an internal latent thinking
mechanism that operates within a single forward pass and incurs minimal infer-
ence overhead. Whilst early results are inconclusive, our experiments suggest that
the proposed method could prove to be more effective at scale, and we believe our
analyses can serve as foundation for future work.

1 INTRODUCTION

Autoregressive models, which remain the dominant paradigm in modern language modeling, are typ-
ically trained for next-token prediction (NTP) and operate in a strictly causal, left-to-right fashion.
During generation, each new token is conditioned exclusively on the preceding context, meaning
that there is no explicit representation of what is coming in the future to help inform the decision of
which token to predict. This results in myopic generation, since the model is effectively blind to the
downstream consequences of its current prediction.

For many language modeling tasks however, knowing what is coming in the future can be helpful, or
sometimes even crucial to decipher the optimal current token. For example, Baeumel et al. (2025)
show that LLMs consistently fail on the relatively simple task of multi-operand addition due to a
one-token lookahead not being able to accurately factor cascading carries. Bachmann & Nagarajan
(2024) and Nagarajan et al. (2025) further demonstrate that NTP is myopic and can fail in tasks
that require lookahead. Additionally, if a model does not consider the future, it is more susceptible
to falling into suboptimal paths which may even make correctly predicting the remaining sequence
impossible without some form of backtracking.

Numerous works have aimed to address these problems by inducing planning capabilities in LLMs.
One common direction is to train these models with an additional future prediction objective to aug-
ment the myopic NTP objective, with the aim of learning better representations that allow longer-
term planning. For example, methods such as multi-token prediction (MTP) (Gloeckle et al., 2024;
Gerontopoulos et al., 2025) and future summary prediction (Mahajan et al., 2025) have been shown
to be effective in improving LLM performance on tasks which require lookahead (Nagarajan et al.,
2025). Yet, a critical gap remains: these methods typically only use future prediction as an aux-
iliary training signal, but at inference time, generation falls back to being conditioned only on the
preceding context without any explicit future information.
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In this work, we propose a novel internal latent thinking mechanism to leverage this future predic-
tion capability at inference time rather than discarding it, which we call LaLoR: Latent Lookahead
Refinement using MTP. More concretely, our method builds upon recent token-based MTP meth-
ods (Gerontopoulos et al., 2025) and splits the model into two stages: 1) a draft stage, where the
model projects a future trajectory in parallel to the current token prediction; and 2) a refine stage,
where the current token is allowed to look ahead at the projected future in latent space to refine its
prediction accordingly (achieved by simply modifying the attention mask). Thus, we introduce a
per-token thinking mechanism which occurs within a single forward pass, and incurs minimal infer-
ence overhead. With our method, we aim to achieve a future-informed inference process to enable
non-myopic generation.

Our empirical evaluation focuses on the continual pretraining setting. While early results suggest
that an MTP training objective may be beneficial over standard NTP, the proposed lookahead mech-
anism shows limited benefit compared to the MTP baseline. We offer a range of hypotheses and
experiments to explain this behaviour. In particular, we believe that currently, the small models we
use do not learn strong enough future latent representations to aid the next-token generation pro-
cess, and larger scale experiments (both in terms of data budget and model parameter count) could
provide for a fairer opportunity to assess the potential benefits of our lookahead mechanism.

2 RELATED WORKS

Multi-Token Prediction Many recent works explore MTP, mostly for two key uses: 1) as an
additional training objective to augment the myopic NTP objective (Gloeckle et al., 2024; Liu et al.,
2024; Gerontopoulos et al., 2025), and/or 2) for self-speculative decoding for faster inference (Cai
et al., 2024; Chen et al., 2024; Samragh et al., 2025). MTP is commonly achieved by appending
additional prediction heads atop a shared backbone (Gloeckle et al., 2024; Liu et al., 2024; 2025b),
or by introducing special tokens which perform a future-token prediction (Gerontopoulos et al.,
2025). Regardless of the method however, as far as we know, all prior MTP works are used only for
the two use cases above, i.e. at training as an additional objective, and at inference for speculative
decoding. Our method on the other hand aims to additionally leverage MTP at inference to condition
the next-token generation on the future information predicted by the MTP mechanism.

Planning & Lookahead Similar to MTP, other works also use future prediction as an additional
training signal to improve planning capabilities of LLMs, but drop these mechanisms at infer-
ence (Zuhri et al., 2025; Mahajan et al., 2025). Yin et al. (2024) meanwhile include an auxiliary
future prediction task, however they retain special planning tokens during inference to help guide
the token generation based on a latent plan of the future. Wang et al. (2023) and Thankaraj et al.
(2025) similarly make use of special planning/lookahead tokens to guide the generation process.
In contrast to these methods which also help mitigate myopic generation, we do not use a high
level plan of the future to guide the overall generation. Rather, we do a token-level lookahead and
refinement in every forward pass, by projecting the immediate future using MTP.

Works such as Lu et al. (2022) and Nakshatri et al. (2025) propose lookahead mechanisms for
constrained decoding, by rolling out future predictions across multiple beams (relying on discrete
token sampling) to better inform the current token prediction. Our lookahead meanwhile occurs
within a single forward pass and in latent space with minimal overhead (although it does not directly
enable constraint satisfaction).

Latent & Implicit Thinking Most latent thinking approaches can be broadly categorized into
token-wise and depth-wise approaches (Chen et al., 2025). Token-wise approaches such as Hao
et al. (2024); Zhang et al. (2025); Wang et al. (2026); Kang et al. (2025) construct sequential chain-
of-thought style reasoning traces in latent space. Our per-token thinking mechanism is orthogonal
and operates within a single forward pass, adding no extra sequential steps or reasoning traces.
More similar to our approach, Goyal et al. (2023); Herel & Mikolov (2024) allow extra computa-
tion budget per-token, however they use ‘thinking’ or ‘pause’ tokens which generally do not have
a semantic target and only serve to provide additional computational pathways. Meanwhile, our
additional tokens are grounded by their MTP objective. In contrast, depth-wise approaches typi-
cally apply transformer layers recursively to improve latent representations before decoding them to
discrete tokens, allowing for dynamic compute allocation (Koishekenov et al., 2025; Geiping et al.,
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2025). Such approaches are orthogonal to our work, and offer a natural intriguing future direction
to combine with our method to allow for more adaptive refinement.

Our high level idea aligns closely with that of QuietSTaR (Zelikman et al., 2024). Whilst they con-
dition the token generation on a combination of past context and an additional generated ‘rationale’,
in our case, this ‘rationale’ is effectively constrained to being the latent future information predicted
by the MTP mechanism. One of the observations by Zelikman et al. (2024) was that in some cases,
the most useful rationales were near-continuations of the text, which strengthens the motivation be-
hind our work that knowing what is coming in the future might better inform the current prediction.
Compared to Quiet-STaR, our method requires no additional forward passes to generate thoughts,
our ‘thoughts’ remain in latent space, and the actual method for inducing these ‘thoughts’ is very
different (we use MTP to ground thoughts as being latent future information, whilst Quiet-STaR
uses a reinforcement learning approach to learn useful thoughts freely).

3 METHOD

3.1 PRELIMINARIES

3.1.1 STANDARD AUTOREGRESSIVE MODELING

Language models aim to parameterize a distribution over a sequence of discrete tokens from a given
vocabulary V . Under the standard autoregressive paradigm, the joint distribution is factorized into
the product of conditional next-token probabilities:

Pθ(x) =

T∏
t=0

Pθ(xt+1 | x≤t) , (1)

where x = (x1, . . . , xT ) is a token sequence with xt ∈ V . The model is trained to minimize the
negative log-likelihood (NTP loss) over a dataset D:

LNTP(θ) = Ex∼D

[
−

T∑
t=0

logPθ(xt+1 | x≤t)

]
. (2)

During inference, sequences are generated by iteratively sampling the next token x̂t+1 conditioned
strictly on the historical context x̂≤t:

x̂t+1 ∼ Pθ(· | x̂≤t) . (3)

3.1.2 MULTI-TOKEN PREDICTION (MTP)

To augment the myopic NTP objective from Equation (2), numerous works inject an auxiliary MTP
loss during training. Under MTP, the model is additionally trained to predict Pθ(xt+n | x≤t) for
n ∈ {2, ..., k}, where k is the maximum prediction horizon. Thus, the overall training objective
becomes a weighted sum of the primary NTP loss and the auxiliary MTP losses:

LMTP(θ) = λ1LNTP(θ) +

k∑
n=2

λnL(n)(θ) , (4)

where L(n)(θ) is the negative log-likelihood loss over D when predicting the nth future token.

Whilst this general formulation holds for most MTP methods, the specific mechanism for predict-
ing the future tokens can differ. For instance, multiple works attach additional prediction heads
to a shared LLM backbone, where each head is tasked with predicting a future token (Gloeckle
et al., 2024; Liu et al., 2024; 2025b). Gerontopoulos et al. (2025) on the other hand propose Mu-
ToR (Multi-Token Prediction with Registers), an alternative approach that involves inserting special
‘register’ tokens into the training sequence, which are given a future token prediction objective.

Crucially however, whilst these existing works leverage MTP during training to learn more future
aware parameters θ, at inference, the MTP mechanisms are either dropped completely or are func-
tionally isolated from the regular next-token generation process (if used for self-speculative decoding
for example). Hence, the final generation mechanism reverts to Equation (3), whereby the next-token
is conditioned only on the past context and is not explicitly aware of any future information beyond
what was implicitly learned by θ.
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3.2 OUR APPROACH

We aim to address this inference gap by additionally conditioning the next-token generation on the
latent future information Φfuture(x̂≤t) predicted by the MTP mechanism:

x̂t+1 ∼ Pθ (· | x̂≤t, Φfuture(x̂≤t)) . (5)

Thus, we do not inherently break the causal structure of the model, since the future information
itself is conditioned purely on historical context x≤t. We simply propose to additionally leverage
this future information during inference to allow the current token to be explicitly aware of what is
projected to appear ahead, so that it can make a more informed prediction for the next token.

Our method, LaLoR, builds upon MuToR (Gerontopoulos et al., 2025) for a few key reasons:

1. Using special ‘register’ tokens for future token prediction means that we have access to
intermediate latent future states, which is less trivial to obtain with other methods that only
predict future tokens at the final prediction head.

2. This allows us to easily introduce a lookahead mechanism by modifying the attention mask,
enabling future projection and lookahead refinement within a single forward pass.

3. There is virtually no parameter overhead or core architectural change compared to other
MTP methods. We simply modify attention masks and add one additional embedding
vector for the register token, independent of the max horizon k. Meanwhile, alternative
MTP methods which use additional heads require a large parameter overhead that typically
scales with k.

4. Given that inference is typically memory-bounded (Yuan et al., 2024), using additional
register tokens for future projection at inference time incurs minimals latency overhead.
Additionally, we maintain full compatibility with recent methods for highly parallelized
drafting and verification, such as those proposed by Liu et al. (2025a) and Samragh et al.
(2025), opening the potential for significant inference speedups as well.

3.2.1 MTP SETUP

Let x = (x1, . . . , xT ) be a given token sequence of length T (where we refer to each xt as a ‘regular’
token). We introduce special register tokens rt,d which are given a future token prediction task (as
opposed to the next-token prediction target of regular tokens). Whilst all register tokens share the
same input embedding as in Gerontopoulos et al. (2025), each register rt,d is uniquely determined
by an offset d ∈ {2, . . . , dmax}, where dmax is the maximum prediction horizon (equivalent to k
from earlier), and an index t ∈ {1, . . . , T}, to be interpreted as the position of the ‘owner’ regular
token xt (i.e., the closest preceding regular token). Thus, the prediction target of a register token
rt,d becomes x(t+d), and registers are only valid if t + d ≤ T . This setup only introduces D new
parameters to the model, where D is the size of a token embedding vector.

Register Token Insertion During training, in order to keep a fixed token budget when comparing
to baseline methods, we introduce a register budget Br ∈ [0, 1]. For each training sequence x, we
then generate an augmented sequence x′ by first truncating the final ⌊BrT ⌋ tokens from x, and then
randomly inserting ⌊BrT ⌋ register tokens. Since each register token can be uniquely characterized
by a tuple (t, d), we sample ⌊BrT ⌋ such tuples uniformly at random without replacement from the
set {(τ, δ) ∈ {1, ..., T} × {2, ..., dmax} : τ + δ ≤ T}, and then insert a register rt,d immediately
after xt for each tuple (t, d). Thus, each regular token may have between 0 and dmax − 1 register
tokens appended to it, each predicting the dth-next token. For example, with dmax = 4, a possible
final sequence could look like

x′ = (x1, r1,2, r1,4, x2, x3, r3,3, x4, r4,2, x5, r5,2, r5,3, r5,4, . . . , x⌈T (1−Br)⌉) ,

with the registers becoming more sparse with a lower budget Br.

Position IDs We maintain each regular token xt to have a 0-indexed position ID of t − 1, whilst
each register rt,d has position ID of t+ d− 2. As such, registers are given the same position ID as
the regular token which has the same next-token prediction target x(t+d).
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Figure 1: Example of an attention mask constructed for a sequence with randomly inserted register
tokens. The mask in yellow is a standard causal mask modified for the inclusion of register tokens,
which effectively can only be attended to by themselves. This is mask we use in the draft stage. The
purple mask shows the new attention connections that are enabled during the refine stage. Specif-
ically, there is now fully bidirectional attention between each regular token and its corresponding
register tokens.

Attention Mask For our base MTP setup, we follow the same rules for creating the attention
mask as is done in MuToR (Gerontopoulos et al., 2025): 1) regular tokens do not attend to any
register tokens, and 2) register tokens cannot attend to any other register tokens (except themselves).
Otherwise, we maintain a standard causal mask. An example attention mask for the augmented
sequence x′ above is shown in Figure 1 (in yellow), along with the position IDs and prediction
targets of each token.

Training Objective Our MTP training objective follows the same structure as the general formu-
lation in Equation (4). Then, LNTP(θ) is the standard negative log-likelihood loss from Equation (2)
calculated across all regular tokens. When constructing the auxiliary loss, we weight registers at all
offsets equally. Thus given an augmented dataset D̂′ (with registers inserted), we have:

LReg(θ) = Ex′∼D̂′

[
−

T∑
t=0

dmax∑
d=2

1{rt,d∈x′} logPθ(xt+d | x≤t, rt,d)

]
. (6)

The final loss is balanced between LNTP(θ) and LReg(θ) using a factor α ∈ (0, 1):

LMTP = (1− α)LNTP(θ)︸ ︷︷ ︸
Regular Tokens

+ αLReg(θ)︸ ︷︷ ︸
Register Tokens

(7)

3.2.2 LATENT LOOKAHEAD REFINEMENT

The key novelty of our method is to introduce a mechanism for latent lookahead refinement on top
of the base MTP setup. At a high level, the idea is to use the first part of the network to draft an
early representation for the next- and future-tokens (in parallel), whilst the final part of the network
allows the current token to look ahead at the future projections to refine its next-token prediction
accordingly.

More concretely, let L be the total number of layers in our transformer model, and ℓr denote the
number of refinement layers. The first (L − ℓr) layers of the model are responsible for the draft
stage, using the (modified) causal attention mask outlined in Section 3.2.1. However, for the final
ℓr layers (the refine stage), we modify this attention mask to allow fully bidirectional attention
between each regular token and its corresponding register tokens. This is depicted pictorially in
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Figure 2: Inference with LaLoR using dmax = 4. At every step (including the first prefill step), we
append a set of 3 registers (predicting the 2nd-, 3rd- and 4th-next tokens) to the last prompt/sampled
token. For the draft stage, we use the standard MuToR attention masking scheme, whereby register
tokens can attend to previous regular tokens (and themselves), whilst regular tokens cannot attend
to register tokens. In the refine stage, we introduce fully bidirectional attention between the final
prompt/sampled token and the set of register tokens that have been appended to it. Each sampled
token is thus conditioned not only on past context, but also on latent future information encoded
by the register tokens. This inference scheme allows for exact KV caching, as well as potential for
speculative decoding schemes by utilising the future token predictions. Note: wherever no attention
pattern is shown, we assume standard causal attention.

Figure 1. Thus, since we simply modify the attention mask between our two model stages, our
method enables a form of per-token latent thinking that occurs within a single forward pass and with
minimal computational or memory overhead (see Appendix E for ablations on inference latency).

Inference Once we train the network with the register tokens and the draft & refine stages, during
generation, we can simply append a set of dmax − 1 registers with offsets d ∈ {2, ..., dmax} to the
last token of the input at each step. These registers will project future information in the draft stage,
and in the refine stage, the current token is explicitly enabled to see this information. Thus, the next-
token prediction for xt is no longer only conditioned on previous context x≤t, but also on latent
future information Φfuture(x≤t), where

Φfuture(x≤t) = g
(L−ℓr+1):L
(t+1):(t+dmax−1) , (8)

where g
(L−ℓr+1):L
(t+1):(t+dmax−1) represents the hidden states of the register tokens {rt,2, ...rt,dmax} across

the final ℓr layers {L − ℓr + 1, ..., L} of the model. This allows us to achieve the future-informed
sampling from Equation (5). An illustration of the full inference procedure is shown in more detail
in Figure 2.

Note that in principle, this future-informed inference does not actually improve upon an optimal
next-token predictor, given that the latent future information itself is conditioned only on past con-
text. Instead, our method is effectively adding a structural inductive bias to the model through the
draft and refine stages.

4 EXPERIMENTS

4.1 SETUP

In this paper, we focus on a toy continual pretraining setting (from a base model trained with a
standard NTP objective), where we aim to improve the math capability of the model and test whether
LaLoR can offer improvements over standard NTP/MTP training and inference. We choose to focus
on math since this is a domain that could benefit from a lookahead mechanism (e.g. to solve issues
such as cascading carries (Baeumel et al., 2025)).
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Models We use the pretrained SmolLM2 base models (Allal et al., 2025), which are a family
of open small language models that are competitively strong for their size (including in math ca-
pability). We mostly focus our experiments on the 1.7B parameter model, but also conduct some
experimentation on the 360M variant.

Data We use a high-quality data mix comparable to what was used in the final stages of pretrain-
ing SmolLM2-1.7B (Allal et al., 2025), but we upsample the math data to try improve math adap-
tation. We use a mix of 40% high-quality math data using the Nemotron-CC-Math dataset (Rabeeh
Karimi Mahabadi, 2025; NVIDIA et al., 2025), and 60% high-quality English web data from
DCLM-Edu (Allal et al., 2025) and FineWeb-Edu (Lozhkov et al., 2024). More details about our
data mix can be found in Appendix A. Most of our experiments (unless otherwise specified) are
conducted using a 2048 context length with sequence packing (we ensure that there is no cross-
document attention, and that register targets remain within the same document).

Training Unless otherwise specified, we train SmolLM2 1.7B on 10B tokens. We use a Warmup-
Stable-Decay (WSD) learning rate scheduler with a peak learning rate of 2.5 × 10−4, with 750
warmup steps and the final 10% of training reserved for cooldown. For all experiments with register
tokens (MTP baselines and LaLoR), we use dmax = 4, since both Gloeckle et al. (2024) and Geron-
topoulos et al. (2025) found a max horizon of 4 to be effective for MTP (although we aim to study
the effect of this parameter in future work). Unless otherwise specified, we also use a register budget
Br of 0.1, and loss factor α of 0.1 (as explained in Appendix C). For LaLoR, we reserve the final
25% of layers for the refine stage (ℓr = 6 out of L = 24 layers for the 1.7B model). This was cho-
sen to allow the internal representations to converge enough to be meaningful, whilst also leaving
enough layers for refinement to have an influence, although this is likewise a key hyperparameter we
aim to study in future work. Further details about our training setup can be found in Appendix B.

Evaluation We use LM Eval Harness (Gao et al., 2024) to evaluate our models on a set of math
and reasoning & commonsense benchmarks, to measure if the model improved on math whilst
maintaining its general capabilities. For math, we use GSM8K (Cobbe et al., 2021), GSM-Plus (Li
et al., 2024), and MATH500 (Hendrycks et al., 2021) with few-shot prompting. We refer to these as
GSM8K, Plus and MATH respectively. For reasoning & commonsense, we use ARC (Clark et al.,
2018) (both Easy and Challenge), HellaSwag (Zellers et al., 2019), PIQA (Bisk et al., 2020) and
CommonsenseQA (Talmor et al., 2019). We refer to these as ARC-E, ARC-C, Hella, PIQA, and
CQA respectively. We report performances on individual tasks, macro-averages for each category
of task, and an overall macro-average. Further detail on our evaluation configuration is provided in
Appendix D.

4.2 BASELINE RESULTS

The results of our basic LaLoR setup compared to both NTP and MTP baselines is shown in Fig-
ure 3. As expected, all methods improve on math benchmarks, whilst mostly maintaining reasoning
& commonsense capabilties. CommonsenseQA (CQA) seems to benefit from an MTP objective.
Beyond this however, it is difficult to draw concrete conclusions from these results considering the
performance differences between methods are relatively small, and how much the evaluations fluc-
tuate across checkpoints. For example, we see a slight improvement in the total macro-average
performance for the MTP baseline after the final cooldown, largely due to a performance spike on
MATH; however, the MTP baseline has very high variance on MATH across checkpoints suggesting
this difference may be dominated by noise.

Regardless, we see that LaLoR does not seem to improve performance over standard MTP, follow-
ing a similar trajectory on average. Additionally, disabling the refinement at inference time does not
affect performance significantly. To investigate further, we analyse the lookahead attention scores
and find that during training, the lookahead attention is attenuated, as shown in Figure 7 of Ap-
pendix F. This result alone however is difficult to interpret, because it could indicate that the model
is learning to ignore the registers, or the lower attention scores might be learned based on the utility
of the registers.

Coupled with the observation that refinement does not seem to impact downstream performance,
we have two main hypotheses. The first hypothesis is that since the model was pretrained with a
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Figure 3: Evaluation results for SmolLM2 1.7B throughout the 10B token training. The NTP base-
line is trained using a vanilla NTP objective, whilst the MTP baseline is trained with the additional
register loss but without the lookahead mechanism. Both LaLoR results are trained with MTP and
lookahead, but inference is done either with or without refinement enabled. We perform evaluations
at multiple checkpoints during the stable phase (circles), whilst the final result (triangle) is measured
after the learning rate cooldown. All methods improve over the base model in math benchmarks, and
introducing an MTP objective seems to help with CommonsenseQA. However, there appears to be
minimal difference on other tasks between methods, and the results are quite noisy across training.

significant amount of data (11T tokens) in a purely causal fashion, it is perhaps difficult to induce this
new lookahead behaviour when the model can already predict well based on prior context alone, and
it simply learns to ignore this new signal instead during our short 10B token training. This would not
be surprising considering that related work Quiet-STaR initially faced similar issues with the model
learning to ignore the generated thoughts (Zelikman et al., 2024) in their continual pretraining setup.
The second hypothesis is that the lookahead attention is being learned, however its utility is limited
and it does not actually help with improving the current token’s prediction in a meaningful way.
Below, we outline additional experiments to test these hypotheses.

4.3 ATTENTION BIAS TO FORCE LOOKAHEAD

We try introducing a bias in the attention mask to explicitly encourage the model to look ahead, to
test if it is indeed simply learning to ignore the registers because it has no incentive to look ahead.
We introduce this bias with a scheduler, whereby we begin with a strong negative bias (effectively
disabling the lookahead when the latent future information is not learnt yet and thus is likely to just
be noise), and then gradually introduce positive bias to encourage the model to look ahead as the
representation improves. We eventually cool down the bias to zero to allow the model to learn more
freely, after having encouraged the model to learn that there is useful information to attend to in the
future. Further details about this experiment are provided in Appendix G. Analysis of the lookahead
attention behavior throughout these different stages of training, however, indicates that the model
does indeed seem to be learning to attend to the register tokens, as it tries to maintain relatively stable
attention scores in spite of the varying biases throughout training, as described in Figure 8. Thus, it
seems that our first hypothesis does not hold, and it is more likely that the lack of performance gains
indicates that the latent future information simply has low utility. Additionally, since the model
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seems to learn the attentions naturally, and introducing the bias simply causes the model to learn to
compensate for this bias, we do not apply biases to the attention mask in any further experiments.

4.4 ADDRESSING REGISTER TOKEN SPARSITY

One potential reason for the lookahead having low utility at inference could be if the model has
not learned to effectively leverage it for refinement, given the sparsity of register tokens during
training. In our experiments, we use a register budget of only 10% (Br = 0.1), so the majority
of regular tokens do not have corresponding register tokens, and thus there is a very sparse signal
to learn effective refinement behavior. Additionally, since we use a randomized register insertion
strategy, even fewer regular tokens will have a dense signal of multiple register tokens to attend to.
Thus, there is also an additional train-inference discrepancy when using refinement, since during
inference we always append a complete set of registers, which the model may not have learned
to leverage effectively. As such, we conduct additional experiments where we adjust the register
insertion strategy to insert complete sets of registers with all offsets d ∈ {2, ..., dmax} for a random
subset of regular tokens, as well as not constraining the total token budget and instead add T registers
to sequences of length T , effectively doubling the training sequence length. We find that neither of
these modifications improve LaLoR compared to the MTP baseline, as shown in Figure 9, indicating
that register sparsity, whilst possibly still relevant, is likely not the key reason for the low utility of
the lookahead. Further details of this experiment are in provided in Appendix H.

4.5 INTERMEDIATE LOSS TO IMPROVE LATENT REPRESENTATIONS

Another possible reason for the low utility of the lookahead mechanism during inference could be if
the latent future representations themselves are not helpful to the current token’s prediction. If these
representations are poor, we would expect the model to have lower attention to them, and for there
to be less useful information to extract, diminishing the benefits of refinement. Hence, in order to try
improve the intermediate representations, we experiment with introducing an additional loss term.
Specifically, we aim to maximize the cosine similarity between the hidden state of each register
token rt,d and the hidden state of the regular token it is imitating xt+d−1, which we take to be the
ideal representation for the registers to learn. This loss is described in more detail in Appendix I.1.

Although Figure 10 shows no meaningful differences in downstream performance when this in-
termediate loss is introduced, our analysis in Appendix I reveals a few key insights. Firstly, this
intermediate loss can marginally improve the representations at certain (but not all) layers (as shown
in Figure 11). Second, these improvements in representation correlate with higher attention scores
(Figure 12). Thus, we have another strong indication that the model is indeed learning to attend
to register tokens based on the quality of the representations. Although this does not translate into
downstream improvements in the current setup, it seems likely that the potential utility of the looka-
head refinement is strongly tied to the strength of the latent future representations.

4.6 PERFORMANCE BY MODEL SCALE

Prior works on MTP have found that the benefits of MTP scale with model size, and MTP can in fact
hurt the performance of smaller models (Gloeckle et al., 2024; Nagarajan et al., 2025), likely due to
a limited capacity to learn rich representations. Since our method is heavily reliant on the quality
of the MTP, we hypothesize that the small models we work with do not have the capacity to learn
strong future representations, meaning the intermediate latent future information may not be useful
for lookahead refinement. To test whether MTP capability varies with scale under our scheme, we
run experiments to compare NTP against MTP and LaLoR on the smaller 360M parameter model
of the SmolLM2 family. Results in Figure 13, whilst not entirely conclusive, do seem to indicate
marginally worse performance when introducing the MTP loss, including on CommonsenseQA
(CQA) which MTP benefited for the 1.7B model. Analysis of the top-k prediction accuracies of
these two model scales in Figure 14 further suggests that MTP capability will likely improve with
model scale. Thus, it is possible that scaling to larger models might yield more meaningful latent
future representations that can better inform lookahead refinement.
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5 CONCLUSION

In this work, we propose LaLoR, a novel latent thinking method that builds upon recent token-based
MTP methods to introduce Latent Lookahead Refinement. Specifically, we describe a mechanism
for future-informed generation of the next-token, which occurs within a single forward pass and in-
curs minimal inference overhead. Although early experiments with our method do not yield down-
stream performance benefits over standard MTP, based on our analyses, we hypothesize that this
can likely be attributed to weak latent future representations of the models we train, which would be
uninformative for lookahead refinement, and we believe scaling up could be beneficial. Overall, we
hope our hypotheses and analyses can provide key insights to the scientific community and allow
for future work to improve upon the proposed method.

Limitations Given that our experiments do not demonstrate clear performance benefits of LaLoR
over MTP, the method is largely unverified. Thus, its practicality remains limited until we can
produce clear evidence that it is effective. Additionally, although we hypothesize that scaling up
the models could help, there is no guarantee of this, and running experiments at larger scale is
expensive. Furthermore, in our current experimental setup, the downstream evaluations are noisy,
making it difficult to conclude if the relatively small performance differences we see are due to a
specific method or simply dominated by noise.

In terms of the method itself, whilst LaLoR is, in principle, very flexible to the training set-up
(e.g. training from scratch vs continual pretraining, different base models etc.), there exists some
limitations. For example, the reliance on custom attention masks makes this approach inherently in-
compatible with state-space models, or even more recent hybrid models (e.g. Nemotron-3 (NVIDIA,
2025)) which mix linear attention layers with full attention. Also, this means we cannot use opti-
mized attention kernels such as FlashAttention (Dao et al., 2022) out of the box. Although we did
not do so in this work, it should however be possible to leverage FlexAttention (Dong et al., 2024)
for faster attention calculation, given the structured masks we use.

Finally, in order to have access to intermediate future hidden states, our method relies on token-based
MTP. Whilst it is a promising recent approach, using additional heads seems to be the prevailing
MTP approach in recent major model releases (Liu et al., 2024; NVIDIA, 2025; Xiao et al., 2026;
Zeng et al., 2026), meaning our method is not a direct extension of the popular MTP paradigm.

Future Work Our main direction for future work will be trying to improve the latent future rep-
resentations, such that the future signals we inject into the inference procedure might actually help
refine the predictions. As discussed previously, the most promising direction for this seems to be
scaling up the model size. Of course, scaling up the model size also scales up costs, thus we will
also explore additional strategies for improving the latent future representations at this small model
scale. For example, the decision to not allow attention between register tokens (with the same owner
token) in the draft stage is somewhat arbitrary – in our setup, there is no reason we cannot al-
low bidirectional attention from the onset between register tokens with the same owner, since they
are conditioned on the same shared history, and could potentially benefit from the shared attention
throughout.

Furthermore, given that we could not clearly distinguish any potential performance gains due to
noisy evaluations, changing the experimental setup could potentially help. For example, performing
continual pretraining on an earlier checkpoint where benchmark results are still improving dur-
ing pretraining could potentially reveal differences more clearly, particularly considering we only
trained for 10B tokens on a model which was pretrained for 11T tokens. Also, benchmarking on
some more specialized synthetic tasks could allow more targeted evaluations on the potential effi-
cacy of the lookahead mechanism, since it is possible it does not impact every task equally.

There are also a number of key parameters we have not yet studied in this work which we wish to
explore. For example, once we have evidence that the method can work, it would be interesting to
investigate how far we can realistically scale up the future prediction horizon, as well as understand
the effect of varying the number of refinement layers in detail. Additionally, although we claim the
method maintains compatibility with highly parallel drafting and verification schemes such as that
proposed by Liu et al. (2025a), concretely implementing this to measure how much speedup we can
achieve in practice would strengthen this claim.
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A TRAINING DATA MIX

Since we aim to improve math adaptation as a toy setting for our experiments, we upsample the math
data compared to the data mix used in the final stage of pretraining of the base model SmolLM2 (Al-
lal et al., 2025) from 14% to 40%, but maintain a strong representation (60%) of English web data
to ensure that the model does not lose its general language generation capabilities. Specifically, for
the math data we use the highest-quality 4-plus subset of the Nemotron-CC-Math dataset (Rabeeh
Karimi Mahabadi, 2025; NVIDIA et al., 2025), which has been shown to outperform other math
pretraining datasets on math reasoning benchmarks, including FineMath (Allal et al., 2025) which
was used to train SmolLM2.

Our English web data is split evenly between DCLM-Edu (Allal et al., 2025) and FineWeb-
Edu (Lozhkov et al., 2024), aligning closely with the 60/40 mix between these datasets used in
the final stage of base model pretraining. However, for DCLM-Edu, we use a 3-plus subset (filtering
to only include samples which achieved a score of 3+ using the FineWeb-Edu educational quality
classifier). Meanwhile for FineWeb-Edu, we simply sampled data from the 100BT-sample subset.

The data was taken from the following datasets published to HuggingFace:

• nvidia/Nemotron-CC-Math-v1 (4plus subset)

• HuggingFaceFW/fineweb-edu (sample-100BT subset)

• semran1/dclm-edu-3-plus

B TRAINING DETAILS

For majority of our experiments, we train SmolLM2 1.7B on 10B tokens (unless otherwise specified)
using DDP on NVIDIA H200s, with a global batch size of ∼1.1M tokens (560 sequences of length
2048) and bfloat16 precision. We use a Warmup-Stable-Decay (WSD) learning rate scheduler to al-
low for variable training lengths, with 750 warmup steps, and reserving the final 10% of training for
a cooldown to 0 with linear decay (Hägele et al., 2024). For example, in our 10B token experiments,
the final ∼1B tokens (872 steps) are consumed during cooldown. We use a modest peak learning
rate of 2.5×10−4, which is half of the peak learning rate used in the original SmolLM2 pretraining,
in order to avoid catastrophic forgetting and maintain the general capabilities of the model during
adaptation (Ibrahim et al., 2024). Otherwise, we use the same optimizer parameters as SmolLM2
(AdamW optimizer with β1 = 0.9, β2 = 0.95 and weight decay of 0.01). We do not apply weight
decay on normalisation layers, biases, nor the embedding layer (Bakouch et al., 2025). We also clip
gradients to a max norm of 1.

For the experiments with the 360M parameter model, we use mostly the same experimental settings
with a few changes. We use a global batch size of ∼570k tokens (280 sequences of length 2048), and
peak learning rate of 6× 10−4 (0.2× the original pretraining LR, since we find this is more stable)
with warmup for 1000 steps. Additionally for LaLoR, we use ℓr = 8 out of 32 layers, maintaining
the 25% of layers for the refine stage. 360M models are trained using NVIDIA A100s.

C MTP BASELINES

A key difference of our MTP setup compared to MuToR (Gerontopoulos et al., 2025) is that they
focus on a finetuning setting on prefix-answer tasks, and insert one register per regular token in
the answer part of the sequence. As such, the number of tokens to learn from doubles in their
setting (since during finetuning they do not calculate losses over prefix tokens). However, in order
to maintain an equal token budget in our experiments compared to vanilla continual pretraining
without register tokens, we keep the sequence length fixed and replace a proportion Br of regular
tokens with registers. This gives us an additional tradeoff, where we have to balance adding more
MTP signal to get lower-variance estimates for the loss, versus maintaining enough regular tokens
to not hurt the core learning. Accordingly, we also need to balance the loss contribution of the
register tokens, since if we have high-variance estimates and a high weight, this could potentially
hurt learning. Table 1 shows a small ablation on these two parameters when training SmolLM2 1.7B
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Table 1: Ablation of MTP parameters Br (register budget) and α (loss scaling) after training
SmolLM2-1.7B for 10B tokens (with 1B token cooldown). The results for the pretrained base model
are shown in gray, and the vanilla NTP training baseline is shown in the second row. We find that
using a budget of 10% (Br = 0.1) and α of 0.1 seems to offer the best improvement at this early
stage.

Math Reasoning &
Commonsense Total

Register
Budget α GSM8K Plus MATH Avg ARC-E ARC-C Hella PIQA CQA Avg Avg

29.87% 16.79% 12.40% 19.69% 77.78% 47.27% 71.43% 77.42% 41.85% 63.15% 46.85%
— — 33.28% 18.42% 14.80% 22.17% 77.36% 46.76% 70.64% 77.09% 42.26% 62.82% 47.58%

10% 0.1 33.74% 17.58% 17.80% 23.04% 77.48% 46.84% 70.48% 77.53% 44.31% 63.33% 48.22%
10% 0.2 34.65% 17.08% 15.80% 22.51% 77.48% 46.84% 70.50% 77.09% 43.65% 63.11% 47.89%
20% 0.1 33.89% 18.67% 14.60% 22.39% 77.23% 47.01% 70.41% 77.26% 42.83% 62.95% 47.74%

for 10B tokens. Using a small Br = 10% budget along with α = 0.1 seems to work well, so these
are the parameters we use for all further experiments (unless otherwise specified).

The maximum prediction horizon dmax is also a key hyperparameter for MTP methods, however
since multiple works such as Gloeckle et al. (2024) and Gerontopoulos et al. (2025) (both of which
use very different MTP mechanisms) find that using up to 4th token prediction seems to be effective
in general, we use this value for the sake of simplicity. For now, our aim is not to optimize the
MTP setup or achieve the strongest possible results; we simply need to fix reasonable parameters to
enable us to do comparative analyses for our latent lookahead method. In future, we would revisit
this parameter, particularly to study how we might be able to scale up the lookahead horizon.

D EVALUATION BENCHMARKS

We group our evaluations into two categories: Math, and Reasoning & Commonsense.

Math Since our experimental setting involves trying to improve math adaptation by upsam-
pling math data, our primary evaluation focuses on common math benchmarks. We report per-
formance on: GSM8K (Cobbe et al., 2021) (1.3k test samples) with 5-shot examples, GSM-Plus (Li
et al., 2024) with 5-shot examples to assess robustness against mathematical perturbations, and
MATH (Hendrycks et al., 2021) for advanced mathematical reasoning. Specifically, we evaluate on
the mini subset of GSM-Plus (2.4k samples), and the MATH500 subset (500 samples) for MATH
using the Minerva 4-shot prompting format (Lewkowycz et al., 2022) and the Math-Verify evalua-
tor (Kydlicek et al., 2025). We refer to these benchmarks as GSM8K, Plus and MATH respectively.

Reasoning & Commonsense We also monitor a range of standard reasoning and commonsense
benchmarks, to measure the model’s general capabilities and verify that the math upsampling does
not cause catastrophic forgetting. We evaluate on the AI2 Reasoning Challenge (ARC) (Clark et al.,
2018) (Easy and Challenge subsets), HellaSwag (Zellers et al., 2019), PIQA (Bisk et al., 2020), and
CommonsenseQA (Talmor et al., 2019). We refer to these as ARC-E, ARC-C, Hella, PIQA and s
respectively.

We report performances on individual tasks, the macro-averages within each group, and the macro-
average across all tasks. Benchmarks are evaluated using LM Eval Harness (Gao et al., 2024) version
0.4.10dev0. Table 2 shows the configuration for each of our benchmarks, such as the number of few
shot examples and the specific metric we report.

When evaluating with LaLoR, for generative tasks (in this case the three math tasks), we simply
use the inference procedure outlined in 3.2.2. For tasks which measure the loglikelihood of given
target sequences however (all the reasoning & commonsense benchmarks we test), we insert a set
of registers with d ∈ {2, ..., dmax} for each token in the target sequence (and discard these before
calculating loglikelihoods), which produces equivalent outputs to the sequential inference process
(if at each step we were to append the ground truth token).
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Table 2: Configuration for benchmarks using LM Eval Harness

Task Category Task Name Number of
Few-Shots

Score
Metric/Filter

Math

GSM8K 5 strict-match
GSM-Plus (Mini) 5 strict-match
Minerva MATH500 4 math-verify

Reasoning &
Commonsense

ARC-Easy 0 Acc
ARC-Challenge 0 Acc Norm
Hellaswag 0 Acc Norm
PIQA 0 Acc Norm
CommonsenseQA 0 Acc

E INFERENCE BENCHMARKING

We perform ablations to measure the inference speeds when using LaLoR under different conditions.
For our experiments, where not otherwise specified, we use a fixed prompt length S of 256 and
generate 256 tokens per sequence. We compare our implementation of generation with refinement
against the default HuggingFace generation function (using greedy decoding). We calculate the
throughput (tok/s), latency (ms/tok) relative to the HF baseline, and the peak VRAM usage. We
conduct all experiments using SmolLM2 1.7B on a single NVIDIA A100 GPU. For each condition,
we run 2 batches as a warmup, and then average the results over the next 10 batches.

Figure 4 compares decoding speeds across batch sizes, Figure 5 tests different numbers of register
tokens, whilst Figure 6 compares with different numbers of refinement layers ℓr. Overall, we see
there is a consistent latency overhead across all experiments compared to the baseline, but under
many conditions it is relatively minimal (< 1.10×). In particular, for mid-range batch sizes, where
we are GPU memory-bound (thus adding extra tokens is effectively free (Liu et al., 2025a)) but
still not CPU-bound, the overhead is minimal. In the compute-bounded regime however with larger
batch sizes, there is a significant drop off in performance with our method, since the additional
computations required for lookahead refinement start to dominate.

It is important to note that our current implementation is not entirely optimized, and it should be
possible to recover some of this latency. Our inference method requires the following overheads:

• Creating and maintaining an additional 4D attention mask

• Doing the forward pass with non-causal custom attention masks (i.e. not directly compati-
ble with kernels optimized for causal attention)

• Switching the attention mask for the final ℓr refine layers

• Trimming the KV cache at each step to remove register tokens

Thus, there will always be some inference penalty to pay, however our current implementation is
still comparable in latency to the HuggingFace default generation function, and there is scope for
further optimization. For example, implementing a FlexAttention kernel (Dong et al., 2024) for
faster attention calculations with our custom attention mask, or optimizing the cache trimming and
additional attention mask creation (which is done relatively naively in Python for now). The mask
switching is also performed using a model wrapper and pre-forward hooks which incur a small
overhead (Figure 6), however there is likely a more optimized way to build this into the model
directly.
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Figure 4: Throughput and decoding latency compared to the HuggingFace baseline when performing
inference with different batch sizes, and prompt lengths of S ∈ {1, 256}. Latency spikes and
throughput starts to degrade compared to the baseline at larger batch sizes (32+), likely due to the
model moving into the compute-bound regime, whereby the additional register tokens result in a
latency overhead. Meanwhile for smaller batches, inference is likely still memory-bound so the
latency is relatively stable. There is however an initial spike in latency at batch size 1. This could
be due to the overhead of the extra processing steps required for refinement (e.g. trimming the
cache, maintaining an additional attention mask etc.), which could result in being CPU-bounded if
the GPU is able to complete the batch size 1 computations quickly. Furthermore, when comparing a
prompt length S of 1 compared to 256, we see that the larger prompt length degrades faster at higher
batch sizes. Again, in the compute-bounded regime, this additional overhead could be due to the
inefficient attention computations (which would be exacerbated with longer sequences) when using
custom attention masks, compared to the optimized kernels HuggingFace can use by default when
the inputs are purely causal.
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Figure 5: Decoding latency and peak VRAM usage relative to the HuggingFace baseline when doing
inference with different number of registers and varying batch sizes (1, 8 and 32). At small batch
sizes, whilst still in the memory-bounded regime, we are able to effectively scale the number of
registers with minimal impact on latency, and only marginal increase in memory usage. Meanwhile,
for a larger batch size of 32, the latency degrades almost linearly with the number of registers, likely
due to the GPU now being saturated and thus moving into the compute-bound regime.
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Figure 6: Decoding latency and peak VRAM usage relative to the HuggingFace baseline when
doing inference with different number of refine layers ℓr (batch size 8). Increasing the number of
refinement layers linearly increases latency, but has negligible effect on memory. This latency comes
from additional pre-forward hooks to switch the attention mask in the refine layers. Latency with
ℓr = 0 is 18.93 ms/tok on average compared to 19.61 ms/tok for ℓr = 24, which works out to a
penalty of approximately 28 µs/tok per refinement layer on average.

F ATTENTION SCORES ANALYSIS

Since our lookahead mechanism operates by adding bidirectional attention to allow the current token
to attend to its registers, we perform some analyses to visualize the attention patterns to these future
tokens.

F.1 ANALYSIS METHOD

We randomly sample 100 GSM8K test questions (prompt + answer), and append a set of dmax − 1
registers (in our case 3) with d ∈ {2, ..., dmax} to each regular token in the answer part of the
sequence. We then do a forward pass with ℓr(= 6) refinement layers, calculate attention scores of
each answer token to each of its registers, and aggregate the average per-head attention scores for
each refinement layer and each offset d. Since the significance of attention scores themselves can
be hard to interpret, for every (regular) answer token, we also sort all tokens that it attends to by
their attention score, and calculate the average rank of the registers at each offset. Using this, we
visualize the following:

• How the attention scores (or attention mass, since we calculate after softmax) vary across
refinement layers, and across heads within each layer, by constructing box plots of the
distribution of the average register attention scores (across all offsets) per head within each
refinement layer.

• How significant the attention to the register tokens is, by plotting a CDF of the rank of the
attention to the register tokens within each head (across all layers).
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Figure 7: Analysis of the (lookahead) attention to register tokens at different stages of training
SmolLM2 1.7B using LaLoR. The MTP Baseline (with refinement) result shows the attention be-
havior when enabling lookahead in the MTP baseline model which was trained without lookahead.
This is used as a proxy to estimate a ‘baseline’ for the lookahead attention, to observe if the model
learns to attenuate the attention or increase attention to registers compared to an ‘untrained’ looka-
head mechanism. Plot (a) shows the distribution of attention scores to register tokens per head across
layers. Plot (b) depicts the CDF of the rank of register attention scores within each head (see Ap-
pendix F.1 for details on how these are calculated). We observe that through training, the model
learns to attenuate attention to the registers, strongly at first before stabilizing.

G ADDING A BIAS TO THE LOOKAHEAD ATTENTION

We perform additional experiments where we add an explicit bias to the attention mask, with the aim
of encouraging the model to utilize the lookahead mechanism. Starting from an additive attention
mask (applied before the softmax operation when calculating attention scores, with 0 and −∞ values
where attention should or should not be enabled respectively), we set the value of all new attention
connections in the refine stage (in purple in Figure 1) to a bias value b.

We use a scheduler on the value of b to allow the following behavior. In the early stages of training,
when the register tokens are still untrained and intermediate future representations are mostly noise,
we set a large negative bias (b = −10), effectively disabling the refinement (for the first 1B tokens).
Then, for the next 1B tokens, we linearly warm up the bias to a moderately high positive bias of
b = 5, to explicitly encourage the model to look ahead. We remain with this positive bias for the
next 2B tokens, before cooling down linearly to b = 0 over the course of another 1B tokens. Then
for the rest of training, we remain with no bias, to allow the model to learn freely after hopefully
learning that there is information to look ahead at.

Figure 8 shows the progression of the attention scores throughout training with this scheduled bias
(with an analysis similar to that outlined in F.1).
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Figure 8: Progression of register token attention scores during training of a SmolLM2 1.7B mode
using LaLoR with a scheduled attention bias. The plots show the median register attention scores
(solid lines) and interquartile ranges (shaded regions) for attention heads in each layer of the refine
stage. (a) shows the attention scores when we use the same bias at inference as the bias which would
be active at the equivalent step in training, whilst (b) shows attention when performing inference
with 0 bias always. Barring the first 1B token checkpoint, which has a high negative bias applied
to effectively disable the refinement, for the rest of training, it seems that the model is actively
trying to overcome the bias and maintain relatively stable attention scores. In (a), we see that at the
onset of the high positive bias at 2B tokens, the attention scores are high, and over the following 2B
tokens where this bias is maintained, the model is attenuating the bias. After cooling down the bias
between 4B-5B tokens, the attention scores drop, and the model readjusts to increase attention until
it seems to stabalise by the end of training. This indicates that the model is indeed likely learning
how much to attend to registers based on its perceived utility of the registers. (b) also provides strong
evidence that the model is not simply learning to ignore the register tokens, since if this was the case,
after learning to diminish attention to the registers when accounting for the bias, it would likely not
recover the attention scores as we remove the bias if there was no perceived utility for them.

H CHANGING THE REGISTER INSERTION STRATEGY

Whilst in all other experiments we use the register token insertion strategy outlined in Section 3.2.1,
with a fixed token budget and randomly inserted register tokens, here we test if relaxing this budget
and changing the insertion strategy to something more structured can help. Specifically, we aim to
address potential issues due to the sparsity of register tokens in the sequence, and the sparsity of
register tokens within each lookahead interaction during training.

First, in regards to token budget, we no longer truncate any regular tokens. Instead, we simply add
additional register tokens to the input. In practice, we add an equivalent number of registers as the
input sequence length T , thus doubling our training sequence length. This of course significantly
increases the computational and memory overhead during training, and in our experiments it slowed
down throughput (in terms of regular tokens consumed) by ∼ 3×. However, we perform this exper-
iment to verify that the sparsity itself is not the main bottleneck. In terms of training parameters, we
keep these mostly the same. We keep the global batch size fixed in terms of number of sequences,
thus we effectively double our batch size in terms of tokens. We also increase the α parameter for
scaling the MTP loss to 0.3, since the original MuToR paper found this value to work best in general,
and we are now closer to their register insertion regime which also doubles the learnable part of the
sequence. This change in parameter seems to potentially hurt the MTP performance compared to
the 0.1 value we use in all other experiments, however since we are most interested in a comparitive
analysis between MTP and LaLoR, which will use the same α, this is not a major concern.

For the new register insertion strategy, we use mostly the same idea, however instead of sample tu-
ples of Nr unique (t, d) pairs, where Nr is the number of register tokens to insert, we now only sam-
ple ⌊Nr/(dmax −1)⌋ positions t, and insert complete sets of dmax −1 registers with d ∈ {2, ..., dmax}
at these positions. The results of these experiments are shown in Figure 9.

21



Published at Latent & Implicit Thinking Workshop @ ICLR 2026

2 4 6 8 10
Tokens (B)

0.30

0.32

0.34

GSM8K

2 4 6 8 10
Tokens (B)

0.16

0.17

0.18

Plus

2 4 6 8 10
Tokens (B)

0.12

0.14

0.16

0.18

MATH

2 4 6 8 10
Tokens (B)

0.45

0.46

0.47

ARC-C

2 4 6 8 10
Tokens (B)

0.765

0.770

0.775

0.780

ARC-E

2 4 6 8 10
Tokens (B)

0.42

0.43

0.44

0.45

CQA

2 4 6 8 10
Tokens (B)

0.700

0.705

0.710

0.715
Hella

2 4 6 8 10
Tokens (B)

0.7700

0.7725

0.7750

0.7775

PIQA

2 4 6 8 10
Tokens (B)

0.20

0.21

0.22

0.23

Math Avg

2 4 6 8 10
Tokens (B)

0.628

0.630

0.632

0.634
Reasoning Avg

2 4 6 8 10
Tokens (B)

0.470

0.475

0.480

Total Avg

Baseline
NTP Baseline

MTP (Added Registers)
LaLoR (Random Interleaving) (with refinement)

LaLoR (Random Interleaving) (no refinement)
LaLoR (Register Sets) (with refinement)

LaLoR (Register Sets) (no refinement)

Figure 9: Evaluation results for SmolLM2 1.7B throughout the 10B token training using a additional
registers rather than a constrained token budget. We additionally compare the original random strat-
egy for interleaving register tokens into the input, with a modified insertion strategy which only
includes complete sets of registers. Both strategies are tested in the added registers regime, and
compared with a new MTP baseline which also uses additional registers. We find no significant per-
formance differences when comparing with different interleaving strategies compared to the MTP
baseline, and again no difference in performing inference with or without refinement, indicating that
neither form of register sparsity is likely the main cause for refinement being ineffective.

I ADDING AN INTERMEDIATE LOSS

I.1 METHOD

Since each register token rt,d is effectively trying to mimic the next-token prediction process of
a future token xt+d−1, we introduce a new loss to try to push the latent representations of the
register tokens closer to that of the token they are imitating during the refine stage. More concretely,
immediately after the draft stage, at the output of layer L − ℓr, we calculate an intermediate loss
LInt as follows:

LInt(θ) = Ex′∼D̂′

[
T∑

t=0

dmax∑
d=2

1{rt,d∈x′}

(
1− SC

(
h(L−ℓr)
rt,d

,h(L−ℓr)
xt+d−1

))]
, (9)

where SC(u,v) = u·v
∥u∥∥v∥ is cosine similarity, and h

(L−ℓr)
rt,d and h

(L−ℓr)
xt+d−1 are the hidden states of

a register and the token it is imitating at the output of layer L − ℓr. We detach gradients from the
hidden state of the regular token to ensure only the registers learn from this additional loss. Our total
loss then becomes

LTotal = LMTP + βLInt , (10)

where β ≥ 0 is the weight for the intermediate loss. In our experiments, we use β = 0.1. For a fair
comparison, we also run an additional experiment where we add this loss to standard MTP training
without lookahead (calculated at the same layer).
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I.2 RESULTS
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Figure 10: Evaluation results for SmolLM2 1.7B throughout the 10B token training using an addi-
tional intermediate loss with β = 0.1. The intermediate loss seems to make no significant difference
in downstream performance for either the standard MTP training or LaLoR.

I.3 ANALYSING INFLUENCE ON HIDDEN STATES

We analyse the influence of this intermediate loss on the hidden representations of the register to-
kens, to measure if indeed they are pushed closer to the target representation of the regular token
which has the equivalent next-token prediction target. For this analysis, we use a setup similar to
what is described in Appendix F.1, however instead of aggregating attention scores, we calculate
two metrics: the layer-wise cosine similarities of intermediate states, i.e. SC(h

l
rt,d

,hl
xt+d−1

); and
the ratio of the L2 norms |hl

rt,d
|2/|hl

xt+d−1
|2 respectively for all l ∈ {1, ...L} and d ∈ {2, ..., dmax},

averaged across all sequence positions t. Results of this analysis, comparing the LaLoR models
trained with and without the intermediate loss, are shown in Figure 11. We see that the introduc-
tion of the intermediate loss does in fact seem to push the representations slightly closer for some
intermediate layers (with this effect most pronounced at the layer in which the loss is introduced),
however the representations in the final layers of the model are less affected by this loss.
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Figure 11: Comparison of layer-wise cosine similarity and norm ratios of intermediate representa-
tions of register tokens (at each offset) compared to the regular token they are imitating (i.e. with
the same prediction target) when training with LaLoR with and without the intermediate loss. The
highlighted layer indicates the layer at which this loss was calculated. We see that the intermediate
representations do get somewhat closer to the target representation in the middle layers of the net-
work, with a spike in improvement at the layer where the loss is calculated. However, the effect on
the final layers of the model is less pronounced.

I.4 ANALYSING INFLUENCE ON ATTENTION

Figure 12 shows how the lookahead attention scores change across the refine layers when introduc-
ing this intermediate loss (using the same analysis setup as F.1). We see that the intermediate loss
seems to increase attention to the registers. Comparing to Figure 11, we also observe a high corre-
lation between the improvement in hidden representation and increase in attention scores. Layers
closer to the start of the refine stage where the loss is calculated seem to benefit more in terms of
representation and also gain higher attention scores, whilst the effect in both analyses is minimal for
the final layers of the model.
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Figure 12: Distribution of the attention scores to register tokens in each head, across all layers in
the refine stage, for SmolLM2 1.7B models trained using LaLoR with and without an intermediate
loss. We see that the attention scores when using an intermediate loss increase compared to training
without, particularly in the earlier layers of the refine stage closer to where the intermediate loss is
calculated.
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Figure 13: Evaluation results for SmolLM2 360M throughout the 10B token training. Whilst all
methods improve on math benchmarks, the continual training hurts reasoning & commonsense ca-
pabilities. Comparing between methods, there is not much differentiation, and again evaluations
at different checkpoints are relatively noisy. However, it seems that whilst methods using an MTP
objective (including LaLoR) perform very similarly across tasks, NTP performs marginally better
on average in reasoning & commonsense tasks, though this is not conclusive.

(a) SmolLM2 360M (b) SmolLM2 1.7B

Figure 14: CDF of the rank of the target token in the predictions by regular (NTP) tokens, as well as
register (MTP) tokens at different offsets d, for the 360M (a) and 1.7B (b) parameter MTP Baseline
models. We see that the top-k accuracies of MTP with the larger 1.7B model is consistently higher
than the 360M model, suggesting the MTP performance can likely improve with scale. Additionally,
although not a perfect proxy for acceptance rates in speculative decoding, the non-zero top-1 accura-
cies of the MTP suggests we can gain at least some inference speedups when applying a speculative
decoding scheme atop MTP (or LaLoR).
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