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ABSTRACT

Training large language models (LLMs) typically proceeds in two distinct stages:
pre-training and post-training. However, the question of how to exploit these
stages synergistically—particularly how post-trained models can inform and im-
prove pre-training—remains underexplored. We begin by analyzing training dy-
namics and identify the annealing (mid-training) phase as a critical turning point
for the pre-trained base model’s capabilities. During this stage, high-quality cor-
pora are introduced under a rapidly decaying learning rate, leading to a substantial
shift in the base model’s probability distribution and a noticeable surge in perfor-
mance. Interestingly, while reinforcement learning (RL) during post-training in-
duces only minor distributional shifts, it significantly enhances reasoning capabil-
ities. Motivated by this observation, we propose RL-Guided Annealing (RGA),
a method designed to leverage RL-enhanced models, naturally produced during
standard LLM training pipeline, to guide token weighting during the annealing
phase. Specifically, RGA transfers knowledge from the RL stage back to anneal-
ing by reassigning token-level importance weights based on the per-token loss
differences between the base and RL models. Notably, RGA does not require
any specially trained teacher or reference model. Across multiple model fami-
lies, RGA consistently improves performance, achieving average gains of 5.21%,
1.84%, and 1.78% on 10 pre-training benchmarks. It also boosts downstream per-
formance after post-training by over 2%. These findings reveal a positive feed-
back loop between pre-training and post-training: RL-tuned models retroactively
improve their foundational base models, which in turn support more effective
RL—enabling a self-reinforcing path toward higher model quality.

6x faster

5.2% better

(a) Performance Comparison at the Annealing
Stage on OLMo-1B

(b) Performance Comparison at the
Reinforcement Learning Stage on OLMo-1B

Figure 1: RL-Guided Annealing (RGA) on OLMo-1B substantially outperforms baselines trained
with standard annealing method. (a) At the annealing stage, RGA improves average accuracy across
10 widely-used benchmark tasks by 5.2% and reaches the baseline performance 6× faster. (b) The
improvements can carry over to post-training: during reinforcement learning (RL), RGA maintains
a higher verifiable correct rate than the baseline and achieves better performance.
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1 INTRODUCTION

Training large language models (LLMs) is a multi-stage process comprising pre-training and post-
training (Achiam et al., 2023; Touvron et al., 2023; Yang et al., 2025a). Pre-training of LLMs
typically optimizes a next-token prediction objective that applies a uniform weight to every token in
the loss function. In contrast, reinforcement learning (RL) follows a different training paradigm: RL
methods assign non-uniform token weights based on reward signals from the environment (Schul-
man et al., 2017; Shao et al., 2024), yielding substantial improvements in the reasoning capabilities.
A strong pre-trained base model serves as the foundation for effective and efficient post-training.
However, little research examines how to leverage these two stages synergistically, specifically, how
post-trained models can provide guidance for pre-training, thereby improving final performance.

Much of the literature on improving pre-training focuses on data selection, which can be viewed as
document-level reweighting. Methods in this line of work (Wenzek et al., 2019; Xie et al., 2023a;
Albalak et al., 2024) primarily perform data cleaning to quickly filter noisy documents. Other studies
investigate sample-level reweighting (Gu et al., 2023; Zhang et al., 2025), but these approaches
often rely on heuristic rules and remain relatively coarse-grained. Recent research suggests that
only a small subset of tokens is pivotal for model capability (Arbuzov et al., 2025; Cui et al., 2025),
indicating that sentence-level upsampling or downsampling may be suboptimal and motivating finer-
grained token-level reweighting.

To determine the change the customer should
receive, we need to follow these steps:

Annealing Corpus

RL-Guided Annealing (RGA)

AnnealingBefore Annealing After Annealing

Figure 2: RGA enhances the annealing stage by dynamically reweighting tokens in the annealing
corpus, thereby shifting the model’s token distribution toward that of a more capable RL model.

By analyzing training dynamics during the pre-training phase, we identify the annealing (i.e., mid-
training) stage as a critical turning point. This stage typically trains on the highest-quality corpora
under a rapidly decaying learning rate to accelerate the acquisition of high-order capabilities such
as graduate-level STEM knowledge or mathematical/code reasoning (Touvron et al., 2023; Yang
et al., 2025a). Our analysis indicates that annealing induces a significant shift in the probability
distribution of the base model. As shown in Figure 2, we compare the token-level log probability
distributions over sequences produced by the final RL model with those of the base model before
and after annealing. It can be observed that the RL model is much closer to the annealed model,
while it differs significantly from the pre-annealed model. The observation suggests that annealing
plays a pivotal role in the qualitative transformation of the base model. Since the RL model and
the post-annealed base model exhibit similar token-level probability distributions, it is natural to
consider whether the RL model can be used to refine the token loss distribution during annealing.
By doing so, we aim to produce a model that is more closely aligned with the RL model, thereby
yielding a stronger base. This improved base could be more compatible with the subsequent RL
phase and ultimately lead to better overall performance.

Building on these observations, we propose RL-Guided Annealing (RGA). During the annealing
stage, we use the RL-tuned model as a reference model to assign dynamic token-level weights.
RGA leverages the RL model produced by the training pipeline itself, without requiring a separately
trained teacher model on specially selected pretraining data as in Lin et al. (2024). RGA computes
the delta values of per-token loss between the base model and the RL model and, by contextualizing
these delta values with their sequence-wise distribution, derives relative importance weights for each
token. Rather than discarding tokens via hard selection, we dynamically modulate their weights,
thereby preserving the semantic coherence of the training data. Consequently, the pre-training stage
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To  determine  the  change  the  customer  should  receive ,  we  need  to  follow  these  steps :  1 .  Calculate  the  total  cost  of  the  

items  purchased . 2 .  Subtract  the  total  cost  from  the  amount  paid .  First ,  let 's  find  the  total  cost  of  the  items : The  

cost  of  the  pants  is  $ 140 . The  cost  of  the  shirt  is  $ 43 . The  cost  of  the  tie  is  $ 15 .  Adding  these  together  gives : \

[  \ text { Total  cost }  =  140  +  43  +  15  \ ]  Let 's  perform  the  addition  step  by  step : \[  140  +  43  =  183  \ ] \[  

183  +  15  =  198  \ ]  So ,  the  total  cost  of  the  items  is  $ 198 .  Next ,  we  subtract  the  total  cost  from  the  amount  paid : 

The  customer  paid  with  a  $ 200  bill . \[  \ text { Change }  =  200  -  198  \ ]  Perform ing  the  subtraction  gives : \[  200  -  

198  =  2  \ ]  Therefore ,  the  change  the  customer  should  receive  is  \ (\ boxed { 2 }\ ).

Figure 3: Token-distribution comparison between the pre-annealing base model and the RL model.
Background intensity reflects ∆ log p = log pRL − log pbase, with deeper red denoting tokens on
which the RL model is substantially more accurate.

effectively mimics the RL training paradigm by prioritizing tokens that contribute most to down-
stream performance, while largely retaining the efficiency of standard next-token prediction.

The core contribution of RGA lies in introducing a novel training framework—the first to lever-
age an RL-tuned model to guide token-level weight assignment during the annealing phase of
pre-training. This paradigm establishes a bidirectional synergy between pre-training and post-
training by reusing models already produced in the standard training pipeline. Notably, RGA
achieves this without relying on any specially trained reference models or larger teacher architec-
tures, making it both practical and scalable. Extensive experiments show the efficacy of RGA: it
achieves 5.21%, 1.84% and 1.78% average improvements in 10 pre-training benchmarks across dif-
ferent model families. Moreover, we verify that pre-training with RGA leads to better post-training
results, establishing a co-improving fly wheel between base and RL models.

2 BACKGROUND

Standard LLM Pre-training. LLMs are typically pre-trained using a next-token prediction objec-
tive (NTP). Consider a sequence of tokens, x1:T = [x1, . . . , xT ] over a vocabulary V . An autore-
gressive model defines the probability of this sequence as the product of conditional probabilities:

pθ(x1:T ) =

T∏
t=1

pθ(xt | x<t) . (1)

Given a dataset D comprising N sequences D = {x(i)
1:Ti
}Ni=1, the model parameters θ are optimized

by minimizing the average negative log-likelihood, which assigns uniform weight to every token:

LNTP(θ) = −
1∑
i Ti

N∑
i=1

Ti∑
t=1

log pθ

(
x
(i)
t | x

(i)
<t

)
. (2)

Analyzing Log-Probability Discrepancies Between Base and RL Models. We visualize the
token-level log-probability gap between the base and RL models in Figure 2. For each model,
we compute its probability distribution over the sentence drawn from the annealing corpus. The gap
narrows substantially after annealing, indicating that the annealing stage is a critical turning point
that drives a qualitative transformation of the base model.

To pinpoint where the RL model outperforms the pre-annealing base model on a specific sentence,
Figure 3 visualizes the per-token prediction difference between the two models. For each token,
the background color encodes the RL-to-base log-probability margin (∆ log p): lighter indicates a
smaller difference, whereas deeper red indicates that the RL model assigns higher likelihood to the
ground-truth token. Most tokens exhibit modest margins, while a few exhibit strong positive margins
(deep red). This pattern suggests that the superior reasoning of the RL model is driven by a small set
of pivotal tokens, with the rest largely following the distribution of the base model. Moreover, many
high-margin tokens are discourse connectives (e.g., ‘Therefore’, ‘So’, ‘gives’), format tokens (e.g.
‘boxed’), or key verbs (e.g. ‘follow’, ‘Adding’), consistent with the enhanced reasoning capabilities
of RL models. For additional examples, please refer to Appendix B.
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Stable Pre-Training

Text Data

Code

Scientific Articles

Annealing

Learning rate
decay enables

focused
training on

higher-quality
data.

Base LLM

Fine-Tuning

Instruction Data
(QA Pairs)

Reinforcement Learning
（RL)

LLM Generated
Response

Instruction-
Tuned LLM

Reward
Signals RL-Tuned

LLM

① RL-Guided Annealing (RGA)

② Fueling Better RL

Figure 4: Overview of the proposed RL-Guided Annealing (RGA) pipeline. The procedure connects
pre-training and post-training, yielding a positive feedback loop in which improvements from RL
strengthen the base model, which in turn enhances subsequent RL.

Based on this observation, we attempt to assign larger weight to these important pivotal tokens
during pre-training. The annealing phase is particularly well-suited for adjusting the token weight-
ing within pre-training. This is because the data quality during annealing is significantly better,
encompassing more instruction data, reasoning-related data, and similar content that is inherently
more aligned with post-training objectives. Moreover, the annealing phase is the critical stage in
which the model rapidly acquires higher-order capabilities (instruction following or reasoning) due
to the rapid drop of learning rate. Therefore, adjusting token weights during this phase to emphasize
pivotal tokens is a more efficient and effective strategy.

3 METHODOLOGIES

3.1 TOKEN REWEIGHTING MECHANISM

RGA dynamically adjusts token-level loss weights, enabling the base model to prioritize tokens
fundamental to the reasoning improvements of RL model. Inspired by prior works (Lin et al., 2024;
Zhu et al., 2025), RGA focuses on tokens that the current model has not yet effectively learned
but have been mastered by the more sophisticated RL model. These tokens are characterized by a
significant loss discrepancy between the two models. We formally define this discrepancy, termed
the delta loss of token xt, in equation 3.

L∆(xt) = LCurrent(xt)− LRL(xt) = − log pθ(xt | x<t) + log pRL(xt | x<t). (3)

Then we apply a sequence-level normalization to remove scale variation, as in equation 4, where T
denotes the sequence length:

µ∆ =
1

T

T∑
t=1

L∆(xt), L̂∆(xt) = L∆(xt)− µ∆. (4)

Intuitively, tokens with larger delta loss should receive higher weight. We therefore map the nor-
malized deltas to non-negative, bounded weights via a clipped sigmoid in equation 5.

wt = clip
(
2 · σ

(
L̂∆(xt)

)
, 1− ϵ, 1 + ϵ

)
, σ(z) =

1

1 + e−z
. (5)

This clipping mechanism essentially serves as a regularization term, ensuring the loss does not
deviate too far from the original log-likelihood maximization of the NTP paradigm and preventing
over- or under-emphasis on any single token. ϵ is a hyperparameter with a default value of 0.2. We
will further analyze the clipping mechanism in Section 4.3.

Finally, we compute a weighted loss by applying these weights to the standard next-token prediction
objective, as defined in equation 2 and equation 6. By reweighting rather than discarding tokens, this
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Algorithm 1 RL-Guided Annealing (RGA)
Require: Current model θ, frozen RL reference, clipping parameter ϵ

1: for mini-batch sequences x1:T from the annealing corpus do
2: LCurrent(xt)← − log pθ(xt | x<t) ∀t ▷ NTP (equation 2)
3: LRL(xt)← − log pRL(xt | x<t) ∀t ▷ added
4: wt ← clip

(
2 · σ

(
(LCurrent(xt)− LRL(xt))− µ∆

)
, 1− ϵ, 1 + ϵ

)
▷ added

5: L ←
∑

t wt LCurrent(xt) ▷ RGA (equation 6)
6: update θ ← θ − η∇θL
7: end for

scheme preserves the semantic coherence of the sequence while directing the model’s focus toward
the most pivotal tokens during the annealing process.

LRGA(θ) = −
1∑
i Ti

N∑
i=1

Ti∑
t=1

w
(i)
t log pθ

(
x
(i)
t | x

(i)
<t

)
. (6)

The overall RGA algorithm is shown in Algorithm 1, which is very simple to incorporate with the
current pre-training process.

3.2 RL-GUIDED ANNEALING

As shown in Figure 4, RGA is a simple yet effective paradigm that creates a self-reinforcing loop.
It leverages the readily available last-round RL model from the training pipeline as the reference for
annealing, thereby avoiding any extra training on manually curated clean datasets, whose construc-
tion is costly and often poorly defined. Moreover, the gains from RL transfer to the annealed base
model, which in turn facilitates subsequent RL, yielding a self-reinforcing feedback loop: better
base model will produce better RL model, and better RL model acts as better RGA reference.

On the other hand, we focus on the annealing stage for mainly two reasons. First, as the annealing
corpus is largely reasoning oriented, adopting the latest RL model as the reference is well aligned
with the data distribution. Second, compared with the stable pre-training stage with a stable or slowly
decaying learning rate, the annealing stage delivers faster and more data-efficient gains, allowing
RGA to translate the enhanced reasoning capabilities of RL into overall performance improvements
more effectively.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Base Models. We evaluate RGA across multiple representative model families that provide pub-
licly available pre-annealed checkpoints, including OLMo-1B (OLMo et al., 2024) and SmolLM3-
3B (SmolLM et al., 2025). Here, the base model refers to the pre-annealed version from official
releases. Its corresponding publicly released RL-tuned version serves as the reference during an-
nealing. To ensure a comprehensive evaluation, we additionally train a proprietary 2B experimental
model (PropLM-2B) from scratch, as most open-source models, such as Qwen (Yang et al., 2025a)
and Llama (Grattafiori et al., 2024), only provide post-annealed versions, with pre-annealed base
models being relatively scarce. PropLM-2B follows a standard multi-head attention (MHA) archi-
tecture, with 32 layers, a hidden dimension of 2048, and 32 attention heads. It is stably pre-trained
on 8 trillion tokens of general text data before undergoing RGA-based annealing experiments.

Annealing Corpus. For OLMo-1B, we employ the official OLMo annealing corpus (dolmino-mix-
11241), which consists of DCLM, FLAN, StackExchange Q&A, peS2o, Wikipedia/Wikibooks, and
Dolmino Math. For SmolLM3-3B, we utilize their mixed dataset, which includes a combination
of web text, code, and mathematical data. For PropLM-2B, we use a curated in-house multilingual

1https://huggingface.co/datasets/allenai/dolmino-mix-1124
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Table 1: Few-shot accuracy across 10 widely used downstream tasks. Extended results and the
num shots used per task are provided in Appendix C. The best scores of each model family are
boldfaced.

Method GSM8K MATH GPQA BBH IFE HE MBPP TQA ARC-C MMLUPRO Avg.

Annealing on OLMo-1B

Pre-Annealed 3.03 2.94 20.31 28.43 22.66 6.71 4.80 21.30 44.71 9.54 16.44
Standard 48.14 10.26 22.54 30.87 16.19 8.54 4.60 22.40 46.67 13.31 22.35
RHO-1 50.42 10.32 25.45 29.33 19.06 6.71 6.20 23.38 46.42 13.68 23.10
SGA 50.34 12.16 23.44 31.15 13.07 10.98 9.00 24.11 47.70 15.23 23.72
RGA 61.64 14.50 24.55 32.07 28.54 12.80 9.20 25.58 49.23 17.44 27.56

Annealing on SmolLM3-3B

Pre-Annealed 31.61 14.52 27.68 43.13 22.06 25.61 37.40 30.23 56.31 23.24 31.18
Standard 64.22 31.64 26.34 56.5 43.29 28.05 47.60 29.74 53.24 30.68 41.13
RHO-1 62.93 28.70 26.56 55.32 38.73 31.10 43.80 28.52 54.10 28.19 39.80
SGA 62.77 31.24 24.11 58.65 45.08 36.59 49.20 30.97 53.84 30.83 42.33
RGA 63.76 31.68 26.12 58.27 45.68 37.20 49.60 31.95 54.69 30.73 42.97

Annealing on PropLM-2B

Pre-Annealed 34.87 15.30 22.99 43.39 23.26 25.00 38.80 27.54 52.30 19.96 30.34
Standard 49.51 25.00 27.90 44.37 32.61 37.20 46.60 26.56 53.33 24.93 36.80
RHO-1 42.46 16.44 26.79 40.45 32.01 27.44 39.20 26.68 49.23 21.69 32.24
SGA 47.54 19.84 30.13 44.60 32.73 32.93 43.40 25.46 52.65 24.42 35.37
RGA 52.69 24.50 29.69 47.21 36.93 39.94 47.00 27.42 54.61 25.85 38.58

annealing corpus comprising web text, encyclopedic material, mathematical and STEM reasoning,
as well as code. The annealing corpus for all three models contains 50B tokens. The sequence length
is 4K for OLMo-1B and 8K for both SmolLM3-3B and PropLM-2B.

Annealing Setting. For OLMo-1B, SmolLM3-3B and PropLM-2B, we employ maximum learning
rates of 3e-4, 2e-4 and 2e-4, respectively. These rates follow a cosine decay schedule to a minimum
learning rate of 1e-7. The global batch sizes are set to 2M, 2M and 64M tokens, respectively,
matching those used during each model’s stable pre-training phase. For the clipping parameter
in equation 5, we set ϵ = 0.2.

Baselines. We compare RGA with four baselines:

• Pre-Annealed. The pre-annealed base model, which is the starting point of the annealing phase.

• Standard. The conventional next-token prediction objective that assigns uniform weights to all
tokens, as shown in equation 2.

• RHO-1 (Lin et al., 2024). A token-level data-selection baseline that retains tokens with high
RHO loss during training and discards the remainder. Following their methodology, we carefully
construct a 50B high-quality dataset from our proprietary data. We then continue pre-training the
same base model on this dataset to derive the reference model used in our experiments. The top-k
ratio is set to 0.8.

• SGA (SFT-Guided Annealing). An ablation study to evaluate the impact of replacing the RL
reference model with a SFT model for guiding the annealing process.

Evaluation. To comprehensively evaluate the pre-trained models, we assess their few-shot perfor-
mance across multiple widely-used downstream tasks using the lm-eval-harness framework (Gao
et al., 2021). To further demonstrate the superiority of RGA, we also conduct subsequent post-
training—SFT, DPO, and RLVR2—and evaluate the zero-shot accuracy of the resulting models.
Further evaluation details can be found in Section C, with extended results provided in Appendix D.

2SFT: supervised fine-tuning; DPO: direct preference optimization; RLVR: reinforcement learning with
verifiable rewards.
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(a) PropLM-2B (b) SmolLM3-3B

Figure 5: Language modeling loss over the annealing process. We also plot the loss difference as
RGA loss minus Standard loss to aid visualization and interpretability.

4.2 MAIN RESULTS

RGA Enhances Pre-Training Performance. Table 1 reports few-shot accuracies on downstream
tasks for LMs trained with different methods, from which we have the following observations. First,
annealing proves to be a critical stage: across the three model families, all annealed variants sig-
nificantly outperform the pre-annealed base. Second, RGA achieves the best performance on most
tasks by dynamically adjusting token-level weights to focus on those most pivotal to the improved
reasoning capabilities of the RL model. Finally, RGA surpasses RHO-1 by directly using the RL
counterpart as reference, avoiding costly data curation and teacher training with uncertain returns.
Figure 5 shows the loss trajectories during the annealing process for PropLM-2B and SmolLM3-3B.
The loss of RGA is consistently lower than that of the standard approach.

Gains in Pre-Training Transfer to Post-Training. RGA enhances performance not only during the
annealing stage but also provides a superior foundation for subsequent post-training. To demonstrate
the advantage of our approach, we further conduct post-training experiments. As illustrated in Fig-
ure 6, we apply identical post-training procedures to both the standard base model and the RGA base
model on OLMo-1B. We observe that the performance gains achieved during pre-training transfer
consistently to post-training, regardless of the specific technique employed. Figure 6 (a) presents
the results of applying RL directly to the annealed base model, while figure 6 (b) shows the results
after applying the full post-training pipeline, including SFT, DPO, and RL. Additional results are
provided in the Appendix D.

(a) Base + RL
① RGA ① RGA

② Fueling
Better RL② Fueling

Better RL

① RGA ① RGA

② Fueling
Better RL

② Fueling
Better RL

(b) Base + SFT + DPO + RL

Figure 6: Performance gains of RGA on OLMo-1B during pre-training transfer consistently to post-
training, regardless of the post-training process (SFT, DPO, or RL). Figure (a): applying RL directly
to the annealed base model. Figure (b): applying the complete post-training procedure to the an-
nealed base model.

Co-Improving Feedback Loop Between Pre-Training and Post-Training. We have demonstrated
that RGA enhances performance during both pre-training and post-training. We now show that a
stronger RGA RL model can improve the annealing process even further, as illustrated in Figure 7.
Here, the RGA2 base model is produced by reusing the RGA RL model as a new reference dur-
ing annealing. This creates a cascading effect of improvements: RL-guided annealing produces a

7
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Figure 7: Co-improving feedback loop between pre-training and post-training via RGA. RGA base
is the base model after RL-guided annealing; RGA RL is the RL-tuned model trained on RGA base;
RGA2 base reuses the RGA RL as the new reference for the annealing stage. Improvements cascade:
RL-guided annealing→ stronger RGA base→ stronger RGA RL→ stronger RGA2 base.

stronger RGA base, which in turn yields a stronger RGA RL model, leading to an even stronger
RGA2 base. As shown, the RGA2 base outperforms the RGA base, demonstrating that RGA is a
robust technique capable of enhancing the entire LLM training pipeline.

4.3 ANALYSIS AND DISCUSSION

Choosing the Reference: Why RL over SFT. In RGA, we employ the RL model as the reference
model. To further investigate the influence of reference model selection, we conduct an ablation
study using a SFT model as an alternative reference. Figure 8(a) visualizes token-level preferences
of the SFT and RL models. The background is color-coded by the log-probability difference for each
ground-truth token, ∆ log p = log pRL− log pSFT. Deeper red indicates tokens where the RL model
assigns higher likelihood, while a deeper blue indicates tokens favored by the SFT model. This color
mapping provides an intuitive way to identify where and how the prediction patterns of these two
models diverge. We observe that the RL reference assigns higher likelihood to discourse connectives
(e.g., ‘Therefore’, ‘then’, ‘since’, ‘so’), consistent with its enhanced reasoning capabilities, while
SFT tends to favor content words such as ‘cube’. More examples are provided in Appendix B.

Figure 8(b) plots downstream performance during annealing on OLMo-1B when guided by SFT
(SGA) versus RL (RGA), where RGA consistently outperforms SGA over training. Table 1 shows
the same trend across additional benchmarks, supporting the choice of the RL model as the reference.

First , I need to find the smallest positive perfect cube that can be written

as the sum of three consecutive integers . Let me denote the three consecutive

integers as $ n - 1 $, $ n $, and $ n + 1 $. Their sum would be :\ [( n - 1 )+ n +

( n + 1 )= 3 n .\ ] So , the sum of three consecutive integers is always a

multiple of $ 3 $. Therefore , I 'm looking for a perfect cube that is also a

multiple of $ 3 $. Since it 's a perfect cube and a multiple of $ 3 $, it must

be divisible by $ 3 ^ 3 = 27 $, because for a cube to be divisible by $ 3 $, it

must have $ 3 $ as a factor with an exponent that is a multiple of $ 3 $. In

other words , if a cube is divisible by $ 3 $, then since it 's a cube , the

exponent of $ 3 $ in its prime factor ization must be at least $ 3 $.

(a) Token-level preference between the SFT and RL models (b) Comparison of downstream performance during annealing

Figure 8: Comparison between SGA and RGA. (a) Background color encodes the log-probability
margin ∆ log p = log pRL − log pSFT for the ground-truth token: deeper red denotes RL-favored
tokens (higher likelihood), deeper blue denotes SFT-favored tokens, and white indicates negligible
differences (|∆ log p| < 0.1). (b) Downstream performance during annealing on OLMo-1B.

Impact of the Clipping Mechanism. We now examine the role of the clipping mechanism intro-
duced in equation 5. As illustrated in Figure 9, applying the clipping mechanism to RGA elevates
the overall gradient norm. This increase indicates that clipping prevents certain token weights from
becoming diminutive, thereby mitigating token under-emphasis. As a result, the model can learn
more effectively, achieving a more rapid loss reduction. For comparison, we also present the loss
and gradient norm trajectories for the RHO-1 baseline. These results show that RHO-1’s strategy

8



432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

Under review as a conference paper at ICLR 2026

0 200 400 600 800 1000 1200
Training Step

1.30

1.35

1.40

1.45
Lo

ss

0 200 400 600 800 1000 1200
Training Step

0.0

0.1

0.2

0.3

0.4

Gr
ad

ie
nt

 N
or

m

RGA (no clip) RGA RHO-1

Figure 9: Clipping mechanism in RGA. By bounding token-level weights, clipping keeps gradient
norms within a normal range and accelerates loss reduction.

of directly discarding tokens not only impairs semantic coherence but also yields extremely low
gradient norms due to token under-emphasis, which hinders efficient loss reduction.

5 RELATED WORK

Data Selection Strategies in Pre-Training. The quality and composition of the training corpus are
critical factors in pre-training LLMs. A primary objective is to optimize this corpus through care-
ful data selection, which is crucial for developing the model’s foundational capabilities (Xie et al.,
2023b; Albalak et al., 2024; Liu et al., 2024; Gu et al., 2024; Zhu et al., 2025). Common strategies
employ lightweight filters, including heuristic-based, classifier-based (Mann et al., 2020), and per-
plexity or loss-based approaches (Qin et al., 2023; Wenzek et al., 2019). More advanced techniques
utilize reference models as proxies for data selection. Ankner et al. (2024) select examples with
reference model sequence-level log-perplexities within specified ranges. Mindermann et al. (2022)
select examples and Lin et al. (2024) select tokens for training based on excess training loss over a
reference model. However, our proposed RGA offers a token-level reweighting approach rather than
hard selection, and directly leverages the existing RL model in the training pipeline as a reference,
eliminating the need for additional training costs of the reference model.

Token-Level Analysis. Recently, numerous studies have performed token-level analysis in post-
training, especially in reinforcement learning with verifiable rewards (RLVR), focusing on token
entropy patterns. Yang et al. (2025b) argue that low-probability tokens disproportionately influence
model updates due to their large gradient magnitudes, which hinders effective learning of LMs.
Wang et al. (2025a) observe that RLVR largely adheres to the base model’s entropy patterns, pri-
marily adjusting the entropy of a small fraction of high-entropy tokens, which act as critical forks
that steer the model toward diverse reasoning pathways. Arbuzov et al. (2025) share a similar per-
spective, noting that LLM errors are not uniformly distributed but are concentrated at sparse “key
tokens” representing critical decision junctions. Wang et al. (2025b) propose an adaptive weighting
strategy designed to prioritize uncertain data during post-training.

6 CONCLUSION

This work investigates methods for coupling pre-training and post-training, identifying the anneal-
ing (mid-training) phase as a critical turning point characterized by substantial distribution shift.
Building on this insight, we introduce RL-Guided Annealing (RGA), a method that leverages the
RL counterpart as the reference model during annealing to assign dynamic, token-wise weights.
These weights guide the base model toward tokens that are most pivotal for the significant reason-
ing improvements demonstrated by RL models. RGA reweights tokens instead of discarding them,
thereby preserving semantic coherence while largely maintaining the efficiency of standard next-
token prediction. Evaluations across multiple model families show that RGA consistently improves
performance on pre-training benchmarks and further enhances post-training outcomes, establishing
a co-improving fly wheel between base and RL models.

9
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REPRODUCIBILITY STATEMENT

To facilitate the full reproducibility of our work, we provide comprehensive details of our method-
ology and experimental configuration. The pseudocode detailing our proposed RGA is included in
Algorithm 1. Section 4.1 and Appendix C contain all relevant implementation details, such as data
construction procedures, model specifications, hyperparameter settings, and evaluation details. Our
code will be made publicly available to support replication and further research.
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A THE USE OF LLMS

Use of large language models (LLMs) in this study was limited exclusively to language refinement.
The models were used to improve clarity, correct grammar, and assist with translation to enhance the
manuscript’s readability and accessibility. They were not used for research ideation, data analysis,
or the generation of any core scientific content.

B VISUALIZATION OF LOG-PROBABILITY DISCREPANCIES BETWEEN
DIFFERENT MODELS

B.1 PRE-ANNEALED BASE MODEL VERSUS RL MODEL

To  determine  what  fraction  of  Tuesday 's  total  revenue  was  from  the  sale  of  large  cups ,  we  need  to  consider  both  the  proportion  of  

cups  sold  and  the  price  of  each  type  of  cup .  Let 's  break  it  down  step  by  step .  1 .  ** D etermine  the  proportion  of  large  cups  

sold : **    Since  3 / 5  of  the  cups  sold  were  small ,  the  proportion  of  large  cups  sold  is :    \ [    1  -  \ frac { 3 }{ 5 }  =  

\ frac { 2 }{ 5 }    \ ]  2 .  ** Define  the  price  of  each  type  of  cup : **    Let  the  price  of  a  small  cup  be  \(  P _s  \ ).  The  price  

of  a  large  cup  is  then :    \ [    \ frac { 11 }{ 5 }  P _s     \ ]  3 .  ** Calculate  the  revenue  from  small  cups : **    The  revenue  

from  small  cups  is  the  proportion  of  small  cups  sold  multiplied  by  the  price  of  a  small  cup :    \ [    \ frac { 3 }{ 5 }  \ times  P _s   

 \ ]  4 .  ** Calculate  the  revenue  from  large  cups : **    The  revenue  from  large  cups  is  the  proportion  of  large  cups  sold  multiplied  

by  the  price  of  a  large  cup :    \ [    \ frac { 2 }{ 5 }  \ times  \ frac { 11 }{ 5 }  P _s  =  \ frac { 22 }{ 25 }  P _s     \ ]  5 .  

** Calculate  the  total  revenue : **    The  total  revenue  is  the  sum  of  the  revenue  from  small  cups  and  the  revenue  from  large  cups :    

\ [    \ frac { 3 }{ 5 }  P _s  +  \ frac { 22 }{ 25 }  P _s     \ ]    To  add  these  fractions ,  we  need  a  common  denominator .  The  common  

denominator  of  5  and  25  is  25 :    \ [    \ frac { 3 }{ 5 }  P _s  =  \ frac { 15 }{ 25 }  P _s     \ ]    So  the  total  revenue  is :    

\ [    \ frac { 15 }{ 25 }  P _s  +  \ frac { 22 }{ 25 }  P _s  =  \ frac { 37 }{ 25 }  P _s     \ ]  6 .  ** D etermine  the  fraction  of  the  total  

revenue  from  the  sale  of  large  cups : **    The  fraction  of  the  total  revenue  from  the  sale  of  large  cups  is  the  revenue  from  large  

cups  divided  by  the  total  revenue :    \ [    \ frac {\ frac { 22 }{ 25 }  P _s }{ \ frac { 37 }{ 25 }  P _s }  =  \ frac { 22 }{ 37 }    \ ]  

Therefore ,  the  fraction  of  Tuesday 's  total  revenue  that  was  from  the  sale  of  large  cups  is  \ (\ boxed {\ frac { 22 }{ 37 }} \ ).  The  

correct  choice  is  \ (\ boxed { D }\ ).

You  can  achieve  the  desired  functionality  by  iterating  through  the  array  and  sum ming  up  the  numeric  values  while  ignoring  any  non -

numeric  values .  Below  is  a  JavaScript  function  that  implements  this  logic :  ``` javascript  function  sum Array (arr )  {     let  sum  =  

0 ;  //  Initialize  sum  to  0       for  ( let  i  =  0 ;  i  <  arr .length ;  i ++)  {         //  Check  if  the  current  element  is  a  number    

if  ( typeof  arr [i ]  ===  ' number '  &&  ! isNaN (arr [i ]))  {             sum  +=  arr [i ];  //  Add  to  sum  if  it 's  a  valid  number          

}     }      return  sum ;  //  Return  the  final  sum  }  //  Example  usage : const  array  =  [ 1 ,  - 2 ,  3 . 5 ,  ' text ',  null ,  4 ,  NaN ,  

5 . 5 ,  undefined ,  - 1 ]; const  result  =  sum Array (array ); console .log (result );  //  Output :  7  `` `  ###  Explanation : 1 .  

** Initialization **:  We  start  by  initializing  a  variable  ` sum `  to  0 . 2 .  ** Iteration **:  We  loop  through  each  element  of  the  array  

using  a  ` for `  loop . 3 .  ** Type  Checking **:  Inside  the  loop ,  we  check  if  the  current  element  is  of  type  ` number `  and  also  ensure  

it  is  not  ` NaN `  ( since  ` NaN `  is  technically  of  type  ` number `  but  should  not  be  included  in  the  sum ). 4 .  ** Sum m ation **:  If  

the  element  is  a  valid  number ,  we  add  it  to  ` sum `. 5 .  ** Return  Value **:  After  the  loop ,  we  return  the  computed  sum .  ###  

Complexity : -  ** Time  Complexity **:  O (n ),  where  n  is  the  length  of  the  array ,  since  we  are  iterating  through  the  array  once . -  

** Space  Complexity **:  O ( 1 ),  as  we  are  using  a  fixed  amount  of  space  ( the  ` sum `  variable )  regardless  of  the  input  size .

To  show  that  the  equation  \(  x ^ 2  +  y ^ 2  =  q ^ m  \ )  has  no  positive  integer  solutions  for  any  positive  integer  \(  m  \ )  where  \(  

q  \ equiv  3  \ p mod { 8 }  \ ),  we  will  use  properties  of  quadratic  residues  modulo  8 .  First ,  let 's  determine  the  quadratic  residues  

modulo  8 .  The  possible  values  for  \(  x  \ )  modulo  8  are  0 ,  1 ,  2 ,  3 ,  4 ,  5 ,  6 ,  and  7 .  We  calculate  the  squares  of  

these  values  modulo  8 : \ [ \ begin { aligned } 0 ^ 2  & \ equiv  0  \ p mod { 8 },  \\ 1 ^ 2  & \ equiv  1  \ p mod { 8 },  \\ 2 ^ 2  & \ equiv  4  

\ p mod { 8 },  \\ 3 ^ 2  & \ equiv  9  \ equiv  1  \ p mod { 8 },  \\ 4 ^ 2  & \ equiv  16  \ equiv  0  \ p mod { 8 },  \\ 5 ^ 2  & \ equiv  25  

\ equiv  1  \ p mod { 8 },  \\ 6 ^ 2  & \ equiv  36  \ equiv  4  \ p mod { 8 },  \\ 7 ^ 2  & \ equiv  49  \ equiv  1  \ p mod { 8 }. \ end { aligned } 

\ ] Thus ,  the  quadratic  residues  modulo  8  are  0 ,  1 ,  and  4 .  Therefore ,  the  sum  of  two  squares  modulo  8  can  only  be : \ [ 0  +  

0  \ equiv  0  \ p mod { 8 },  \ quad  0  +  1  \ equiv  1  \ p mod { 8 },  \ quad  0  +  4  \ equiv  4  \ p mod { 8 },  \ quad  1  +  1  \ equiv  2  

\ p mod { 8 },  \ quad  1  +  4  \ equiv  5  \ p mod { 8 },  \ quad  4  +  4  \ equiv  0  \ p mod { 8 }. \ ] So ,  the  possible  values  for  \(  

x ^ 2  +  y ^ 2  \ )  modulo  8  are  0 ,  1 ,  2 ,  4 ,  and  5 .  Next ,  we  consider  the  value  of  \(  q ^ m  \ )  modulo  8 .  Since  \(  q  

\ equiv  3  \ p mod { 8 }  \ ),  we  have : \ [ q ^ m  \ equiv  3 ^ m  \ p mod { 8 }. \ ] We  need  to  determine  the  pattern  of  \(  3 ^ m  \ )  

modulo  8 .  We  calculate  the  first  few  powers  of  3  modulo  8 : \ [ \ begin { aligned } 3 ^ 1  & \ equiv  3  \ p mod { 8 },  \\ 3 ^ 2  

& \ equiv  9  \ equiv  1  \ p mod { 8 },  \\ 3 ^ 3  & \ equiv  3  \ cdot  3 ^ 2  \ equiv  3  \ cdot  1  \ equiv  3  \ p mod { 8 },  \\ 3 ^ 4  

& \ equiv  3  \ cdot  3 ^ 3  \ equiv  3  \ cdot  3  \ equiv  9  \ equiv  1  \ p mod { 8 }. \ end { aligned } \ ] We  observe  that  the  powers  of  

3  modulo  8  repeat  every  2  terms :  \(  3 ,  1 ,  3 ,  1 ,  \ ld ots  \ ).  Therefore ,  \(  3 ^ m  \ equiv  3  \ p mod { 8 }  \ )  if  \(  m  \ )  

is  odd ,  and  \(  3 ^ m  \ equiv  1  \ p mod { 8 }  \ )  if  \(  m  \ )  is  even .  In  either  case ,  \(  q ^ m  \ )  modulo  8  is  either  1  or  

3 .  However ,  from  our  earlier  list  of  possible  values  for  \(  x ^ 2  +  y ^ 2  \ )  modulo  8 ,  we  see  that  3  is  not  included .  

Therefore ,  \(  x ^ 2  +  y ^ 2  \ )  can  never  be  congr uent  to  3  modulo  8 .  Thus ,  the  equation  \(  x ^ 2  +  y ^ 2  =  q ^ m  \ )  has  no  

positive  integer  solutions  for  any  positive  integer  \(  m  \ )  where  \(  q  \ equiv  3  \ p mod { 8 }  \ ).  The  final  answer  is : \ [ 

\ boxed {\ text { No  positive  integer  solutions }} \ ]

Figure 10: Token distribution divergence between the base and RL models. Background intensity
encodes the per-token log-probability margin (∆ log p = log pRL − log pbase), with deeper red
indicating higher confidence in the ground-truth token from the RL model.

To identify where the RL model surpasses its pre-annealed base model on a given sentence, Section 2
presents an example visualizing log-probability discrepancies between the base and RL models.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Figure 10 provides additional examples for further analysis. For each token, the background color
encodes the RL-to-base log-probability margin (∆ log p): lighter shades indicate smaller margins,
whereas deeper red indicates that the RL model assigns higher likelihood to the ground-truth token.
Most tokens show modest margins, while a small subset exhibits large positive margins (deep red).
This pattern suggests that the RL model’s superior reasoning is driven by a limited set of pivotal
tokens, with the remainder largely following the base model’s distribution.

B.2 SFT MODEL VERSUS RL MODEL

Let  Amy 's  age  =  A ,  Ben 's  age  =  B ,  Chris 's  age  =  C .  Given :  ( A +B +C )/ 3  =  6  =>  A +B +C  =  18 .  ( 1 )  Four  years  ago ,  Chris  

was  the  same  age  as  Amy  is  now :  C  -  4  =  A .  So  A  =  C  -  4 .  ( 2 )  In  four  years ,  Ben 's  age  will  be  3 / 5  of  Amy 's  age  at  

that  time :  B + 4  =  ( 3 / 5 )( A + 4 ).  ( 3 )  We  need  to  find  C .  From  ( 1 )  and  ( 2 ):  ( C - 4 )  +  B  +  C  =  18  =>  2 C  +  B  -  4  =  

18  =>  2 C  +  B  =  22  =>  B  =  22  -  2 C .  ( 4 )  From  ( 3 ):  B + 4  =  ( 3 / 5 )( A + 4 )  =  ( 3 / 5 )(( C - 4 )+ 4 )  =  ( 3 / 5 ) C .  So  

B + 4  =  ( 3 / 5 ) C  =>  B  =  ( 3 / 5 ) C  -  4 .  ( 5 )  Equ ate  ( 4 )  and  ( 5 ):  22  -  2 C  =  ( 3 / 5 ) C  -  4 .  Multiply  both  sides  by  

5 :  110  -  10 C  =  3 C  -  20  =>  110 + 20  =  3 C + 10 C  =>  130  =  13 C  =>  C  =  10 .  So  Chris  is  10  years  old .

I  need  to  find  the  greatest  common  factor  ( G CF )  of  643 2  and  132 ,  and  then  add  11  to  it .  The  G CF  is  the  same  as  the  

greatest  common  divisor  ( G CD ),  so  I 'll  find  the  G CD  of  these  two  numbers .  I 'll  use  the  Eu clidean  algorithm  since  it 's  efficient  

for  finding  the  G CD .  The  Eu clidean  algorithm  involves  repeatedly  applying  the  division  algorithm  until  I  get  a  remainder  of  zero .  

So ,  I 'll  start  with  643 2  and  132 .  I  need  to  divide  643 2  by  132 .  First ,  find  out  how  many  times  132  goes  into  643 2 .  Let  

me  calculate  that .  132  times  48  is ?  100  times  48  is  480 0 ,  32  times  48  is  153 6 ,  so  480 0  +  153 6  =  633 6 .  That 's  

less  than  643 2 .  132  times  49  is  633 6  +  132  =  646 8 ,  which  is  greater  than  643 2 .  So ,  132  goes  into  643 2  exactly  48  

times ?  Let  me  check :  132  *  48  =  132  *  50  -  132  *  2  =  660 0  -  264  =  633 6 .  Yes ,  633 6 .  But  643 2  -  633 6  =  96 .  

So ,  643 2  divided  by  132  is  48  with  a  remainder  of  96 .  So ,  G CD ( 643 2 ,  132 )  =  G CD ( 132 ,  96 ).

Figure 11: A comparison of token-level preferences between the RL and SFT models. The back-
ground color of each ground-truth token indicates the log-probability margin ∆ log p = log pRL −
log pSFT. Deeper red signifies a stronger preference from the RL model, deeper blue from the SFT
model, and white denotes a negligible difference (|∆ log p| < 0.1).

In this section, we analyze the rationale for selecting the RL model over the SFT model as a refer-
ence during the annealing process. A key justification lies in their distinct token-level preferences,
which we now examine in greater detail. As our examples illustrate, the RL model assigns a signifi-
cantly higher likelihood to discourse connectives (e.g., ‘First’, ‘But’, ‘So’, ‘Let’). This preference,
visualized by a deeper red background for the corresponding tokens, is consistent with the enhanced
reasoning capabilities cultivated during reinforcement learning, making the RL model a more suit-
able reference.

Table 2: Zero-shot accuracy of post-trained models on OLMo-1B across 11 widely used downstream
tasks. The best scores are boldfaced.

Method GSM8K MATH MATH-500 MBPP MBPP+ HE HE+ ARC-C GPQADM MMLUPRO IFE Avg.

Stage: SFT

Standard 42.61 12.28 11.40 16.20 25.66 21.95 18.90 40.96 24.75 14.34 56.83 25.99
RGA 47.00 16.54 10.40 19.60 29.10 26.22 21.95 41.38 25.76 13.56 59.11 28.24

Stage: DPO

Standard 57.70 15.10 16.00 9.20 18.78 24.39 21.95 43.43 21.72 14.61 67.39 28.21
RGA 55.04 17.96 15.00 12.40 21.69 25.61 22.56 45.22 23.23 15.78 69.18 29.42

Stage: RL

Standard 66.72 18.60 21.40 8.80 17.33 19.51 17.07 43.00 20.20 14.58 69.90 28.83
RGA 65.73 19.66 20.20 11.60 22.09 28.35 24.39 44.80 25.25 16.73 70.62 31.77

C EVALUATION DETAILS

C.1 EVALUATION OF PRE-TRAINED BASE LMS

We comprehensively evaluate the pre-trained base models by measuring their few-shot performance
across a suite of widely used downstream benchmarks, including: GSM8K (Cobbe et al. (2021);
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Figure 12: Loss trajectories during SFT and DPO on OLMo-1B.
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Figure 13: Performance comparison at the reinforcement learning stage on OLMo-1B.

8-shot), Minerva Math (Lewkowycz et al. (2022); 4-shot), GPQA (Rein et al. (2024); 5-shot), Big-
BenchHard (BBH; Suzgun et al. (2022); 3-shot CoT), IFEval (IFE; Zhou et al. (2023) 3-shot), Hu-
manEval (HE; Zheng et al. (2023); 0-shot), MBPP (Austin et al. (2021); 3-shot), TruthfulQA (TQA;
Lin et al. (2021); 3-shot), ARC-Challenge (Clark et al. (2018); 25-shot), and MMLUPro (Wang et al.
(2024); 5-shot). We report Pass@1 for MBPP and HumanEval. In extended experiments, we also
evaluate additional benchmarks such as HellaSwag (Zellers et al., 2019), PIQA (Bisk et al., 2020)
and MuSR (Sprague et al., 2023).

C.2 EVALUATION OF POST-TRAINED LMS

Given that the post-trained models already exhibit instruction-following ability, we evaluate their
zero-shot accuracy. We report results on 11 widely used benchmarks: GSM8K (Cobbe et al., 2021)),
Minerva Math (Lewkowycz et al., 2022), Math-500 (Lightman et al., 2023), MBPP (Austin et al.,
2021), MBPP+ (Liu et al., 2023), HumanEval (HE; Zheng et al. (2023)), HumanEval+ (HE+; Liu
et al. (2023)), ARC-Challenge (Clark et al., 2018), GPQADiamond (GPQADM; Rein et al. (2024)),
MMLUPro (Wang et al., 2024), IFEval (IFE; Zhou et al. (2023)).

D MORE POST-TRAINING RESULTS

To further demonstrate that RGA enhances performance not only during annealing but also in sub-
sequent stages, we perform additional post-training on the annealed base models. As illustrated in
Figure 12, the loss trajectories for both SFT and DPO show that RGA consistently maintains lower
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loss values compared to the standard approach. Furthermore, we present a performance compari-
son of the reinforcement learning process in Figure 13, which indicates that RGA achieves a higher
verifiable correct rate while also maintaining longer sequence lengths.

In Table 2, we present the performance of the post-trained models across 11 downstream bench-
marks. The results demonstrate that the performance gains achieved during the annealing stage are
effectively maintained throughout the entire post-training process.
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