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Abstract

Supervised fine-tuning (SFT) is the predomi-
nant method for adapting large language mod-
els (LLMs), yet it often struggles with gener-
alization compared to reinforcement learning
(RL). In this work, we posit that this perfor-
mance disparity stems not just from the loss
function, but from a more fundamental differ-
ence: SFT learns from a fixed, pre-collected
dataset, whereas RL utilizes on-policy data
sampled from the current policy. Building on
this hypothesis, we introduce one-token roll-
out (OTR), a novel fine-tuning algorithm that
guides SFT with the policy gradient method.
OTR reframes the autoregressive learning pro-
cess by treating each token generation as a
single-step reinforcement learning trajectory.
At each step, it performs a Monte Carlo “roll-
out” by sampling multiple candidate tokens
from the current policy’s distribution. The
ground-truth token from the supervised data
is then used to provide a reward signal to these
samples. Guided by policy gradient, our algo-
rithm repurposes static, off-policy supervised
data into a dynamic, on-policy signal at the
token level, capturing the generalization ben-
efits of on-policy learning while bypassing
the costly overhead of full sentence genera-
tion. Through extensive experiments on a di-
verse suite of challenging benchmarks spanning
mathematical reasoning, code generation, and
general domain reasoning, we demonstrate that
OTR consistently outperforms standard SFT.
Our findings establish OTR as a powerful and
practical alternative for fine-tuning LLMs and
provide compelling evidence that the on-policy
nature of data is a critical driver of general-
ization, offering a promising new direction for
fine-tuning LLMs.

1 Introduction

Supervised fine-tuning (SFT) has become a corner-
stone for adapting large language models (LLMs)
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to downstream tasks (Ouyang et al., 2022; Chung
et al., 2022; Zhang et al., 2025). However, a grow-
ing body of evidence suggests that while SFT ex-
cels at mimicking expert demonstrations, it often
struggles with generalization compared to methods
based on reinforcement learning (RL) (Chu et al.,
2025a; Huan et al., 2025; Shenfeld et al., 2025). Re-
cent research Chu et al. (2025a) has proposed the
view that “SFT memorizes, while RL generalizes".
This limitation is particularly concerning as SFT
can disrupt the well-formed distributions learned
during pre-training, leading to a degradation of
general capabilities—a phenomenon sometimes re-
ferred to as catastrophic forgetting (Kumar et al.,
2022; Huan et al., 2025; Shenfeld et al., 2025).

This generalization gap motivates a deeper inves-
tigation into the fundamental differences between
SFT and RL, with the goal of enhancing the gener-
alization of SFT by borrowing principles from RL.
Recent advancements in RL have demonstrated
that even simplified methods, such as GPG (Chu
et al., 2025b), which directly optimize an objective
structurally similar to a weighted SFT loss, can
achieve performance comparable to more complex
algorithms like PPO (Schulman et al., 2017) or
GRPO (Shao et al., 2024). This suggests that the
performance disparity between SFT and RL may
not solely stem from the loss function, but also
from a more fundamental difference: the nature of
the data used for updates. SFT typically relies on
a static, pre-collected set of expert demonstrations,
which is known as off-policy data, whereas RL
methods utilize on-policy data sampled iteratively
from the current policy.

As RL becomes an increasingly popular
paradigm for fine-tuning LLMs, the critical role
of on-policy data has garnered significant atten-
tion (Tajwar et al., 2024; Ren and Sutherland, 2024;
Shenfeld et al., 2025). Tajwar et al. (2024) has
shown that on-policy sampling is crucial for RL to
discover optimal policies, especially when the tar-



get behavior lies in low-probability regions of the
initial model. It provides a more stable and effec-
tive learning signal by ensuring that policy updates
are made in regions the model can already reach,
thereby preventing drastic and potentially harmful
shifts in the output distribution (Ren and Suther-
land, 2024; Shenfeld et al., 2025). This suggests
that the on-policy nature of RL is a key factor con-
tributing to its superior generalization and ability
to preserve pre-trained knowledge.

Inspired by these insights, we propose one-
token rollout (OTR) algorithm, a novel fine-tuning
method that aims to enhance the generalization of
SFT from a data-centric perspective. OTR guides
the fine-tuning process with the policy gradient
method, treating each token-generation step as an
individual, on-policy learning event. By perform-
ing a Monte Carlo “rollout" at each token position
which samples candidate tokens from the current
policy and using the ground-truth token as a reward
signal, OTR transforms the off-policy supervised
data into a token-level on-policy signal.

OTR enhances generalization by narrowing the
data-side gap between SFT and RL, while its de-
sign as a token-level method bypasses the costly
generation of complete, sentence-level on-policy
training data. Our extensive experiments demon-
strate that this on-policy simulation consistently
improves the generalization of fine-tuned models
across a wide array of challenging mathematical,
coding, and general reasoning benchmarks. These
results not only validate the efficacy of OTR as a
powerful alternative for fine-tuning LLLMs but also
provide strong evidence for the critical role that on-
policy data plays in the generalization performance
of fine-tuned language models.

Our contributions can be summarized as follows:

¢ We introduce One-Token Rollout, a novel fine-
tuning algorithm that guides SFT with the
policy gradient method. By treating each to-
ken generation as a single-step reinforcement
learning task, OTR improves model general-
ization without incurring the high computa-
tional cost of full sentence generation.

* We provide a new data-centric perspective on
the SFT-RL generalization gap, positing that
the on-policy nature of training data is a criti-
cal factor. The success of our token-level on-
policy simulation serves as strong evidence
for this viewpoint.

* We conduct extensive experiments on a wide
array of challenging benchmarks across math-
ematical, coding, and general reasoning do-
mains. Our results empirically demonstrate
that OTR consistently outperforms SFT, vali-
dating its efficacy as a powerful and practical
alternative for fine-tuning LLMs.

2 Preliminaries

2.1 Supervised Fine-Tuning

The standard approach for adapting pre-trained
LLMs to specific downstream tasks is Supervised
Fine-Tuning. Given a dataset of prompt-response
pairs, where the prompt-response pair is a sequence
of tokens {p, z1, z2,...,x7}, SFT aims to maxi-
mize the conditional probability of the ground-truth
sequence. This is achieved by minimizing the neg-
ative log-likelihood loss, autoregressively training
the model 7y to predict the next token x; given the
prompt p and the preceding context x1.4—1:

T
1
Lspr(0) = —7 E log mg(z¢|p, x1:4-1). (1)
=1

2.2 Policy Gradient

Policy gradient represents a class of reinforcement
learning algorithms that directly optimize a param-
eterized policy, my. In this framework, the text
generation process is modeled step-by-step. At
each timestep ¢, the state s; is the sequence of the
prompt p and previously generated tokens x1.4—1,
and the action a; is the next token selected by the
policy from the vocabulary.

The core objective is to adjust the policy’s pa-
rameters, 6, to maximize the expected total reward.
This objective function, .J(#), is defined as the ex-
pected cumulative reward:

T
J(0) =E;n, [Z r(st, at)] , (2)

t=1

where (s, a;) is the scalar reward received after
taking action a; in state s;, and 7 is the entire se-
quence of states and actions (s1,ay, s2,as,...),
known as a trajectory.

The policy is improved by ascending the gradient
of this objective, Vy.J(6). The foundational policy
gradient theorem provides a way for the gradient



Algorithm 1 One-Token Rollout.

Require: Training sequence x1.7; policy my; temperature x; rollout count K; penalty 5. Here, ¢
indexes token positions, j indexes rollout samples, a € V' denotes a vocabulary token, and [, is

its logit.
Ensure: Updated parameters 6
1: for each response-token position ¢ do

2: Let s; be the current state and x; the ground-truth token.

3 Compute logits [, under g (- | s;) and form the sampling policy 7y (a | s¢) < softmax(lq/k).
4: forj=1,...,Kdo

5: Sample a; ; ~ my(- | s¢) without backpropagating through the sampling operation.

6: Assign R(ay ;,x¢) < 1if a; ; = a4, and R(ay ;, 2¢) B otherwise.

7: end for

8: Compute L413(0) + —+ EjK:l StopGradient (R(aj ;, 1)) log mg(ay ; | 5t).

9: end for

10: Average L4y () over valid response-token positions to obtain £LoTg(6), then update 6 by

minimizing this loss.

computation:
T
VoJ(0) = Err, [( > Vologm(as | St))
t=1
3)
X ( Z T(St, at))] )
t=1

where Vg logmy(a; | s¢) indicates the direction
in the parameter space that would be used to up-
date the policy my. This direction is then weighted
by the sum of all rewards in the trajectory, effec-
tively reinforcing action sequences which can lead
to higher overall rewards.

3 Methodology

We introduce the One-Token Rollout algorithm, a
novel fine-tuning method that adapts the principles
of Policy Gradient to the token level. OTR reframes
the standard fine-tuning process by treating each in-
dividual token generation step as a complete, single-
step trajectory. This conceptual shift allows us to
simplify the general policy gradient framework into
a highly efficient, token-level reinforcement learn-
ing algorithm, where the supervised training data
is repurposed to provide a reward signal.

3.1 From Policy Gradient to One Token
Rollout

Our starting point is the foundational policy gradi-
ent theorem introduced in the Section 2. The core
innovation of OTR is to consider the generation of
a single token from a state s; to an action a; as a
complete trajectory of length one. In this micro-
trajectory, the summations over timesteps present

in Equation (3) collapse, as there is only a single
state-action pair. Consequently, the summations of
Vologmg(as | s¢) and r(s¢, ar) over T tokens in
the original formula both reduce to terms for an
individual token, and sampling a full trajectory 7
simplifies to sampling a single action a; from the
policy my(+|s¢). The policy gradient for this single
step thus simplifies dramatically to:

VQJ(Q) = Eat~7r9(-|st) |:Vg logwe(at ‘ St)
“)
X r(st,at)].

To implement this, we approximate the expecta-
tion E[-] using Monte Carlo estimation. At each
timestep ¢ of the original sequence, we perform a
“rollout" by sampling candidate actions from the
current policy. This transforms the optimization
problem into a sample-based loss function.

3.2 Token-Level Rollout and On-Policy
Reward

To facilitate the rollout, we first define a stochastic
sampling policy and a reward mechanism.
Stochastic Policy for Exploration. For a given
state s¢, the LLMs first compute a vector of raw,
unnormalized scores for every token in the vocab-
ulary V. These scores are known as logits. Let [,
denote the logit corresponding to a specific action
a. The model’s base policy, 7y, is typically derived
by applying the softmax function to these logits.
To encourage exploration, we create a new sam-
pling policy, 7j, by introducing a temperature pa-
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Figure 1: An illustration of the computational divergence between SFT and OTR.

rameter <. The sampling policy is defined as:

mp(alst) = softmax <Z’Z> : (5)
Consistent with its common use during model infer-
ence, the temperature adjusts the shape of the final
probability distribution. We utilize a temperature
k > 1 to flatten the distribution, which increases
the likelihood of sampling less probable tokens and
thereby enhances exploration.

Rollout and Reward Definition. At each timestep
t, we draw a set of K candidate actions from our
exploration policy:

!/ / K / /
Ay ={ay =1, ap; ~mp(ls).  (6)
Crucially, we use the ground-truth token x; from
the supervised dataset to construct an immediate re-
ward signal. Each sampled action a; ; 1s evaluated

against x; using the following reward function:

L ifay; =,

7
B ifaaj =+ 14 7

R(a;,jyfﬁt) = {

Here, [ is a hyperparameter where 5 < 1. A
reward of 1 is given for “rediscovering” the ground-
truth token, while a lesser reward [ is given for all
other tokens. We finally set 5 = —0.1 based on the
ablation study detailed in Section 4.4.

This design elegantly converts the traditionally
off-policy supervised data into an on-policy learn-
ing signal at the token level. The actions A} we
evaluate are sampled directly from the current pol-
icy mj, and the fixed ground-truth token x; is used
simply to assign a real-time reward to these on-
policy actions. This avoids the complexities of
importance sampling or other off-policy correction
techniques typically required in sentence-level RL.

3.3 The OTR Objective Function

Based on the token-level rollout and policy gradient
in Equation (4), the loss at timestep ¢ is the Monte
Carlo approximation of the negative policy gradient
objective, averaged over the K samples:

T E |: atjamt

x log 71'9((127]-|St):|,

’C OTR

(®)

where 7y is the model’s original, non-temperature-
scaled policy. Given our defined reward func-
tion, we can decompose this loss. Let Ny =
Z]K=1 I[(a; ; = =) be the count of times the
ground-truth token was sampled. The loss func-
tion simplifies to its final form:

N,
LOTR(Q) = - Ygt log g (x¢|s¢)

, )
-2 log mo(af 1s.).

jst agyj;é:pt

This per-timestep objective has an intuitive inter-
pretation. The first term is a SFT-like loss for the
ground-truth token, but it is dynamically weighted
by its sampling frequency Ng. If the ground-truth
is never sampled, its loss contribution is zero. The
second term acts as a regularizer, weighted by (3,
which penalizes the model for assigning high prob-
ability to the incorrect tokens it sampled.

The total loss for an entire sequence of length T'
is the average of these per-timestep losses:

Z Lo (0

The complete OTR training procedure is summa-
rized in Algorithm 1. For clarity, the pseudocode

Lorr(0 (10)



Table 1: Main results on in-domain mathematical reasoning benchmarks. For each model, the best result between
SFT and OTR is in bold. The symbol indicates performance degradation compared to the base model.

Model Method GSMSK MATH Olympiad Minerva AIME24 AIME25 AMC23 Average

Base 77.90 42.64 25.20 23.20 3.30 0.00 40.00 30.32
Qwen2.5-3B

SFT 82.05 62.50 26.23 24.90 7.30 1.65 37.03" 34.52

OTR 82.93 63.95 27.05 25.00 7.71 2.91 40.78 35.76

Base 85.36 49.80 36.40 28.30 6.70 3.30 42.50 36.05
Qwen2.5-7B

SFT 88.18 67.75 31.53" 32.53 8.54 5.00 43.75 39.61

OTR 89.77 70.45 35331 3345 8.33 6.87 44.38 41.23

Base 86.90 54.10 38.20 29.80 3.30 6.70 55.00 39.14
Qwen3-4B

SFT 74.131 63.95 32.10 29.60 10.21 6.247 42.66" 36.98"

OTR 91.98 75.30 40.63 36.68 10.22 11.67 52.817 45.61

Base 90.40 60.80 40.90 34.20 13.30 16.70 62.50 45.54
Qwen3-8B

SFT 83.77% 77.40 41.70 37.70 15.20 15.631 55.16" 46.65

OTR 91.63 79.45 4243 39.35 14.80 14.177 59,537 48.77

Base 71.20 47.00 16.00 9.60 6.70 0.00 12.50 23.29
Olmo3-7B

SFT 79.95 61.00 27.38 22.33 10.41 17.51 4125 37.12

OTR 80.73 62.10 31.60 21.75 17.91 18.11 47.81 40.00

presents the operations as nested loops over token
positions and rollout samples, although the actual
implementation is fully vectorized. A single for-
ward pass produces logits for all token positions,
and the K candidate tokens are sampled simulta-
neously from the temperature-scaled policy. The
sampling and reward computation are performed
within a torch.no_grad() context, so only the
reward-weighted log-probability term contributes
to backpropagation. This design avoids K autore-
gressive sequence-level rollouts and keeps the ad-
ditional computational overhead modest. Detailed
analyses of training time and GPU memory usage
are provided in Section A.

This objective allows OTR to focus its optimiza-
tion effort, reinforcing correct predictions that are
already within the model’s reach while gently sup-
pressing plausible alternatives, creating a more nu-
anced and effective learning signal than SFT alone.
To visually summarize the computational diver-
gence of the OTR update from the standard SFT,
we provide a detailed illustration in Figure 1.

4 Experiments

4.1 Experiment Settings

Dataset. We conduct experiments on the OpenR1-
Math-220k dataset (OpenR1 Team, 2025), which
consists of 220,000 mathematical problems with
detailed reasoning traces. These traces are gener-
ated by the DeepSeek R1 model (DeepSeek-Al
et al., 2025) for problems originating from the
NuminaMath-1.5 dataset (LI et al., 2024). To effi-
ciently manage computational resources while en-

suring data quality, we randomly sample a subset
of 5,000 instances for our training set. All selected
instances have reasoning traces with lengths under
8192 tokens, and their lengths are approximately
uniformly distributed across different intervals.
Models. We utilize a suite of powerful and
contemporary open-source LLMs as base mod-
els. Specifically, we conduct our experiments
on the following models: Qwen2.5-3B (Qwen
Team, 2024), Qwen2.5-7B (Qwen Team, 2024),
Qwen3-4B-Base (Qwen Team, 2025), Qwen3-8B-
Base (Qwen Team, 2025), and Olmo3-7B (Olmo,
2025). Given that OTR maintains a computational
footprint highly comparable to SFT, exhibiting sim-
ilar training durations and peak GPU memory us-
age, we select SFT as our primary baseline for com-
parison. Comprehensive computational efficiency
analysis is reported in Section A.

Training Details. Our implementation is built
upon the Verl framework, and to ensure a fair com-
parison, both our OTR algorithm and the SFT base-
line are trained using identical settings. We em-
ploy the AdamW optimizer with a learning rate of
5 x 1076, The learning rate follows a cosine decay
schedule, which includes a warm-up ratio of 0.03
and decays to 1 x 107°. For the training configu-
ration, we use a batch size of 64 and a maximum
sequence length of 10240 tokens. All models are
trained for 2 epochs.

4.2 Evaluation

Our evaluation is designed to accurately reflect
the impact of the SFT and OTR fine-tuning algo-
rithms on the base models’ capabilities. To this end,



Table 2: Out-of-domain performance on code generation and general reasoning benchmarks. For each model, the

best result is shown in bold. The fsymbol indicates performance degradation compared to the base model.

Code General Reasoning

Model Method HumanEval+ MBPP+ Avg BBEH SuperGPQA MMLU-Pro Average

Base 35.40 50.30 4285 6.00 19.28 33.90 19.73
Qwen2.5-3B

SFT 57.60 48.201 52.90 7.23 18.671 36.15 20.68

OTR 59.30 49.90" 54.60 7.88 19.22F 36.20 21.10

Base 48.80 64.00 56.40 6.88 23.93 4231 2437
Qwen2.5-7B

SFT 68.50 58.101 63.30 10.44 26.25 51.24 29.31

OTR 69.00 59.207 64.10 11.28 26.32 51.22 29.61

Base 56.70 62.40 59.55 8.19 28.56 53.35 30.03
Qwen3-4B

SFT 70.20 60.90" 65.55 9.27 28.117 53.86 30.41

OTR 74.00 62.90 68.45 9.71 29.03 55.96 31.57

Base 61.60 63.50 62.55 9.91 32.53 59.57 34.00
Qwen3-8B

SFT 76.00 65.40 70.70 10.40 29.03" 53.82F 31.08"

OTR 71.70 66.50 72.10 10.02 30.49F 56.87" 32467

Base 37.80 54.20 46.00 0.49 12.14 16.14 9.59
Olmo3-7B

SFT 54.20 51.001 52.60 2.72 17.30 36.10 18.71

OTR 55.50 55.80 55.65 343 17.94 37.39 19.59

we utilize a suite of challenging benchmarks span-
ning mathematical, code, and general reasoning do-
mains to test the generalization of the algorithms,
and we employ distinct evaluation settings for the
base and fine-tuned models. For all evaluations, the
maximum generation length is set to 8192 tokens.
Benchmarks and Metrics. Our evaluation cov-
ers a suite of challenging benchmarks across
three domains. For mathematical reasoning, our
evaluation includes Minerva Math (Lewkowycz
et al., 2022), MATH-500 (Hendrycks et al., 2021),
GSMSK (Cobbe et al., 2021), OlympiadBench (He
et al., 2024), AMC 2023, AIME 2024, and AIME
2025. For the highly challenging AMC 2023,
AIME 2024, and AIME 2025 benchmarks, we re-
port mean@16 accuracy, while for the remaining
math benchmarks, we report mean@4 accuracy.
For code generation, we use HumanEval Plus (Liu
et al., 2023) and MBPP Plus (Liu et al., 2023),
with performance measured by the pass@1 met-
ric. Finally, for general domain reasoning, we
evaluate on MMLU-Pro (Wang et al., 2024), Su-
perGPQA (Du et al., 2025a), and BBEH (Kazemi
et al., 2025) using Exact Match (EM) accuracy.
Base Model Evaluation. To align with standard
evaluation practices for base models, we use a nat-
ural prompt template for testing. Specifically, we
employ a 5-shot setting for the MATH-500 and
GSMSK benchmarks and use a greedy sampling
strategy with a temperature of O for decoding for
all benchmarks.

Fine-Tuned Model Evaluation. For models fine-
tuned with SFT and OTR, we use their respective

chat templates and a O-shot setting across all bench-
marks. The decoding strategy is stochastic sam-
pling with a temperature of 0.7 and a top-p of 0.8.

4.3 Results

We present the main experimental results in Ta-
ble 1 for in-domain generalization and Table 2 for
out-of-domain (OOD) generalization. For all OTR
experiments presented in this section, we set the
key hyperparameters for our algorithm: the tem-
perature parameter x = 1.3, the number of rollout
candidates K = 256, and the reward hyperparam-
eter 3 = —0.1. The value for 8 was determined
to yield the best overall performance based on our
ablation studies detailed in Section 4.4.
In-Domain Generalization. As shown in Table 1,
OTR consistently demonstrates superior perfor-
mance over SFT on mathematical reasoning tasks.
Across all four model families, OTR achieves a
higher average score. This highlights OTR’s effec-
tiveness in enhancing the specialized capabilities
of the models within their training domain.
Furthermore, OTR shows greater generalization
by mitigating the catastrophic forgetting often ob-
served during fine-tuning. The number of instances
where performance degrades below the base model
(marked by the Tsymbol) is significantly lower
for OTR (4 instances) compared to SFT (10 in-
stances). Even in cases where both methods under-
perform, OTR’s performance drop is considerably
milder. For example, on the AMC23 benchmark
with Qwen3-8B, SFT’s score drops by 7.34 points
relative to the base model, whereas OTR’s score



Table 3: Ablation study on the hyperparameter 3 for in-domain mathematical reasoning.

Model Method \ GSMS8K MATH Olympiad Minerva AIME24 AIME25 AMC23 Average
SFT ‘ 82.05 62.50 26.23 24.90 7.30 1.65 37.03 34.52
Qwen2.5-3B -1.00 83.10  63.05 26.05 25.75 6.88 291 3766 35.06
OTR 8= -0.10 82.93 63.95 27.05 25.00 7.71 291 40.78 35.76
- 0.00 83.65 63.10 27.48 22.35 8.34 2.69 39.53 35.31
0.01 83.75 63.70 27.30 24.65 5.43 2.69 36.72 34.89
SFT | 7413 63.95 32.10 29.60 10.21 6.24 42.66 36.98
Qwen3-4B -1.00 9215 7175 40.60 35.68 12.09 13.33 5375  46.48
OTR 8= -0.10 91.98 75.30 40.63 36.68 10.22 11.67 52.81 45.61
- 0.00 91.03 76.30 40.75 36.88 10.20 10.63 53.28 4558
0.01 90.15 76.30 39.35 36.95 9.79 9.79 51.41 44.82
Table 4: Ablation study on the hyperparameter 3 for out-of-domain generalization.
| Code General Tasks
Model Method \ HumanEval+ MBPP+ Avg \ BBEH  SuperGPQA  MMLU-Pro  Average
SFT ‘ 57.60 48.20 52.90 ‘ 7.23 18.67 36.15 20.68
Qwen2.5-3B -1.00 57.90 4970 5380 | 7.8 19.07 36.26 20.87
OTR 8= -0.10 59.30 49.90 54.60 7.88 19.22 36.20 21.10
- 0.00 58.90 49.20 54.05 8.38 19.39 36.16 21.31
0.01 60.50 49.90 55.20 7.59 19.08 36.49 21.05
SFT ‘ 70.20 60.90 65.55 ‘ 9.27 28.11 53.86 30.41
Qwen3-4B -1.00 74.20 6110 67.65 | 9.91 28.65 56.51 31.69
OTR 8= -0.10 74.00 62.90 68.45 9.71 29.03 55.96 31.57
- 0.00 73.70 61.90 67.80 9.54 28.24 53.93 30.57
0.01 73.20 62.20 67.70 8.38 26.11 50.37 28.29

drops by only 2.97 points. This suggests that OTR’s
on-policy signal helps preserve the valuable knowl-
edge learned during pre-training.
Out-of-domain Generalization. The advantages
of OTR extend to OOD tasks, as detailed in Ta-
ble 2. On both code generation and general reason-
ing benchmarks, OTR consistently surpasses SFT
in average performance across all models. This
trend demonstrates OTR effectively leverages its
on-policy signal to achieve more generalized capa-
bilities that are not confined to its training domain.
From the perspective of knowledge preservation,
OTR again proves to be a more generalizable al-
gorithm. SFT underperforms its base model in 7
OOQOD instances, particularly showing vulnerabil-
ity on SuperGPQA and MMLU-Pro with larger
models. In contrast, OTR underperforms in 5 in-
stances and shows consistent improvements on gen-
eral reasoning for the Qwen3-4B model where SFT
struggles. This demonstrates that OTR provides
a more reliable fine-tuning approach that not only
enhances target skills but also better maintains the
model’s general intelligence, leading to superior
overall generalization. A supplementary experi-
ment is detailed in Section C.

4.4 Ablation Study

To investigate the impact of the reward hyperparam-
eter 3, we conduct a comprehensive ablation study.

We select four values for analysis, ranging from
negative to positive: -1.0, -0.1, 0, and 0.01. The
performance across in-domain and out-of-domain
benchmarks is presented in Table 3 and Table 4,
respectively. To provide insight into the training
process for our subsequent analysis, we also track a
key diagnostic metric: the number of ground-truth
(GT) tokens sampled during the token-level roll-
out. For a direct comparison, we also record this
metric for SFT. It is important to note that this mea-
surement is for analysis only and does not alter the
standard SFT algorithm.

Effect of 5 on Training Stability. Our first key
observation relates to training stability, as depicted
in Figure 2(a). While most OTR variants show a
stable increase in GT token counts, the setting with
B = 0.1 exhibits clear training instability. Its GT
count initially rises but then collapses in the later
stages. We hypothesize that assigning a positive
reward to incorrectly sampled tokens, especially a
relatively high one, can mislead the optimization
process. This may cause the model to increase
the probabilities of all rolled-out tokens indiscrim-
inately, ultimately leading to a degradation of the
learned distribution. This observed instability mo-
tivates us to limit our search space, leading to our
selection of 3 values {-1.0, -0.1, 0, 0.01}, which
primarily explores the non-positive range.

Impact on Performance and Optimal 3 Selec-
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Figure 2: Analysis of the number of GT tokens sampled during training. (a) Compares OTR with different 3 values
against SFT on Qwen3-4B. (b) Compares OTR and SFT on larger models.

tion. From the performance results in Table 3
and Table 4, it is evident that OTR is robustly supe-
rior to SFT. Regardless of the specific 3 value, OTR
variants consistently outperform the SFT baseline
in terms of average scores across nearly all domains
and models. Among these variants, the setting of
8 = —0.1 demonstrates the most consistent and
high-level performance across both in-domain and
0OD tasks. Therefore, we select 3 = —0.1 as the
default value for our main experiments.

The Importance of Negative Samples. This study
also provides insight into the importance of uti-
lizing negative samples. A direct comparison be-
tween the 3 = —0.1 and 8 = 0 rows in our tables
reveals that the former almost universally outper-
forms the latter. This result provides empirical
evidence that incorporating an explicit penalty for
negatively sampled tokens is a crucial component
of OTR’s success, contributing to a more effective
learning signal than what is offered by SFT-like
formulations.

Analysis of Learning Dynamics. Finally, we ana-
lyze the source of OTR’s general superiority over
SFT by examining the GT token counts at conver-
gence in Figure 2. Across different models, scales,
and architectures (as shown in both Figure 2(a)
and Figure 2(b)), OTR-trained models consistently
converge to a higher number of sampled GT tokens
than SFT-trained models. A higher GT count in-
dicates that the model’s learned policy assigns a
higher probability to the ground-truth sequences,
which suggests a lower perplexity on the training
data. We infer from this that OTR enables the
model to learn from and utilize the training data
more profoundly and efficiently than SFT, poten-
tially unlocking a higher performance ceiling.

5 Related Work

RL for LLMs. Recently, RL has gained signifi-
cant traction as a powerful paradigm for enhanc-
ing the capabilities of large language models (Hu,
2025; DeepSeek-Al et al., 2025; Wu et al., 2025a).
The success of state-of-the-art models, which have
leveraged RL-based algorithms like GRPO (Shao
et al., 2024) to achieve substantial improvements in
reasoning and cross-domain generalization, has cat-
alyzed a surge of interest in these methods. The tra-
ditional approach to RL fine-tuning, reinforcement
learning from human feedback (RLHF) (Ouyang
et al., 2022), often relies on complex and computa-
tionally intensive algorithms like PPO (Schulman
et al., 2017). The inherent instability and imple-
mentation complexity of PPO have motivated a
recent wave of research focused on simplifying the
RLHF pipeline. A prominent line of work, includ-
ing methods like DPO (Rafailov et al., 2023) and
GEPO (Wu et al., 2025b), elegantly reframes the
preference learning objective to create a simple
loss, eliminating the need for an explicit reward
model. In a similar spirit, GPG (Chu et al., 2025b)
simplifies the RL objective into a weighted max-
imum likelihood form, demonstrating that such a
simplified approach can match the performance of
more complex algorithms.

Improving SFT. While SFT is the most widely
used paradigm for fine-tuning, its limitations,
such as catastrophic forgetting and deviation from
the pre-trained model’s distribution, are well-
documented (Kumar et al., 2022; Huan et al., 2025).
A major line of research aims to improve SFT by
modifying its objective function. A prominent ex-
ample is proximal SFT (Zhu et al., 2025), which



introduces a proximal regularization term to the
SFT loss to penalize divergence from the initial
model’s policy. This approach is analogous to the
KL-divergence constraint in PPO and helps stabi-
lize training and preserve pre-trained knowledge.
Another significant line of work seeks to enhance
SFT by reformulating it through the lens of rein-
forcement learning, often by establishing a math-
ematical connection between their objectives. For
instance, some studies reframe RLHF as a reward-
weighted form of SFT (Du et al., 2025b), while
others view SFT as an RL method with an im-
plicit reward function (Wang et al., 2025; Qin and
Springenberg, 2025). DFT (Wu et al., 2025c) iden-
tifies an implicit inverse-probability weighting in
the SFT gradient and addresses the resulting insta-
bility by re-weighting the loss for the ground-truth
token with its own model probability. Although
these works build a theoretical bridge between SFT
and RL, they primarily focus on re-weighting the
loss for the static, ground-truth expert data. In
contrast, our work offers a distinct, data-centric
solution. OTR moves beyond loss modification
and instead transforms the training data itself into
a dynamic, on-policy signal by actively sampling
from the model’s current policy.

6 Conclusion

In this work, we investigated the generalization
weakness of SFT compared to RL, positing that the
disparity stems from the fundamental difference
between SFT’s static, off-policy data and RL’s dy-
namic, on-policy data. To bridge this gap from a
data-centric perspective, we introduced One-Token
Rollout, a novel fine-tuning algorithm. By refram-
ing each token generation as a single-step rein-
forcement learning trajectory, OTR transforms the
static supervised dataset into a dynamic, on-policy
learning signal, successfully incorporating the ad-
vantage of on-policy data into the SFT framework
while maintaining its computational efficiency. Our
extensive experiments empirically validate this ap-
proach, demonstrating OTR consistently outper-
forms SFT on a wide array of in-domain and OOD
benchmarks. Ultimately, we present OTR as a pow-
erful and practical alternative for fine-tuning LLMs,
providing compelling evidence that simulating on-
policy interaction is a key direction for developing
more generalizable fine-tuned language models.

Limitations

While our experiments demonstrate OTR’s consis-
tent advantages across a range of models and bench-
marks, this work has several limitations. First,
due to computational constraints, our study is
conducted on models up to 8 billion parameters
and trained on a subset of a mathematics-focused
dataset. Consequently, the scalability of OTR to
larger-scale models (e.g., 70B+) remains to be val-
idated. Second, our investigation is confined to
the text-only modality. The reward mechanism,
while effective, relies on a relatively simple static
penalty coefficient 3. Third, OTR does not con-
stitute fully on-policy trajectory learning: its con-
texts remain teacher-forced, while only candidate
tokens are sampled from the current policy. More-
over, the exact-token reward may be restrictive
for open-ended tasks with multiple valid contin-
uations. Future work will aim to address these
limitations by scaling OTR to larger models, train-
ing on larger datasets, and extending the framework
to other modalities, such as vision-language tasks.
We also plan to explore more sophisticated adap-
tive reward mechanisms, investigate the potential
of multi-token rollouts, and evaluate OTR as an
initialization stage for downstream standard RL
fine-tuning. A detailed discussion of these future
directions is provided in Appendix D.
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A Computational Efficiency Analysis

To assess the computational overhead of our pro-
posed method, we conduct a comprehensive com-
parison of training efficiency between OTR and the
SFT baseline. We report the total training time and
peak GPU memory usage (VRAM) across three
different model scales: Qwen2.5-7B, Qwen3-8B,
and Olmo3-7B.

Table 5 presents the quantitative results. As ev-
idenced by the data, OTR incurs only a slight in-
crease in training time compared to SFT. This is
primarily because OTR performs rollout for only
a single token step, avoiding the expensive gener-
ation costs typically associated with standard RL
methods that require full-sentence rollouts. In the
case of Qwen3-8B, OTR even recorded a slightly
shorter training time; we attribute such minor dis-
crepancies to normal system fluctuations and data
loading variances rather than algorithmic differ-
ences. In terms of memory consumption, OTR
exhibits a marginal increase in peak VRAM usage
compared to SFT. A key factor contributing to this
memory efficiency is that the sampling process is
wrapped in a torch.no_grad() context.

Furthermore, we clarify that sampling a large
number of candidate actions (e.g., K = 256) does
not introduce massive computational overhead. Be-
cause OTR operates strictly at the token level, it
only requires a single forward pass per batch to
compute the logits for the input sequence. The K
candidates are then sampled directly from these
already-computed logits using highly optimized,
parallelized tensor operations. By entirely avoiding
the sequence level autoregressive generation re-
quired by standard RL methods, OTR maintains ex-
ceptional efficiency. Consequently, SFT serves as
a fair and strong baseline for evaluating the perfor-
mance gains of OTR under a strict computational
budget.

B Analysis on Algorithm Mechanism and
Output Diversity

To provide a deeper understanding of the OTR
framework, we elucidate its algorithmic proper-
ties regarding exploration and the preservation
of output diversity. Rather than merely sharp-
ening the model distribution around supervised
targets—a characteristic typical of aggressive,
reward-weighted maximum likelihood (ML) train-
ing—OTR introduces a nuanced on-policy regu-
larization that actively maintains a healthy explo-

Table 5: Comparison of computational efficiency be-
tween SFT and OTR.

Model Method Training Time Peak Memory (GB)
Quen2 378 Gy 2107 755
Quend$B gy 20 30m 1960
Omo3TB gy ho2m 79

ration space. In the following, we demonstrate
these intrinsic advantages through both theoretical
mechanism analysis and empirical validation.

Mechanism Distinction from SFT. OTR fun-
damentally differs from rigid, off-policy SFT or
aggressive ML training. SFT blindly forces an
increase in the probability of the GT token, re-
gardless of the model’s current policy. In contrast,
OTR strictly acts as an on-policy RL algorithm:
when the GT is not sampled, OTR does not sim-
ply elevate the GT probability; instead, it evenly
penalizes the incorrect tokens that the model ac-
tually generated. This mechanism provides a nu-
anced regularization based on the model’s own roll-
out distribution. If OTR merely aggressively over-
fit the supervised data, the most extreme penalty
(B = —1.0) would yield optimal results. How-
ever, our ablation studies demonstrate that a softer
penalty (5 = —0.1) achieves the best performance.
Furthermore, OTR’s ability to maintain general rea-
soning capabilities on OOD tasks without suffer-
ing from the catastrophic forgetting typical of SFT
substantiates that the gains stem from genuine rea-
soning improvements rather than mere distribution
memorization.

Empirical Evidence on Output Diversity
(Pass@K). To further demonstrate that OTR pre-
serves output diversity and does not devolve into a
deterministic policy, we provide detailed Pass @4
performance across our suite of mathematical rea-
soning benchmarks. During the evaluation of
the fine-tuned models, we consistently utilized
stochastic sampling (temperature = 0.7, top-p =
0.8) rather than greedy decoding. As shown in Ta-
ble 6, OTR consistently outperforms standard SFT
in the Pass@4 evaluation. This confirms that, with
a properly formulated reward and 3 setting, OTR
maintains a healthy exploration space and preserves
the necessary diversity required for downstream op-
erations.



Table 6: Comparison of Pass@4 performance across mathematical reasoning benchmarks. The results demonstrate
that OTR preserves output diversity in stochastic sampling settings.

Model Method MATH GSMSK Olympiad Minerva AIME24 AIME25 AMC23 Average
Qwen2.5-3B SFT 78.60 93.30 44.40 39.00 20.00 6.70 75.00 51.00

i OTR 78.40 91.80 42.70 38.20 23.30 23.30 87.50 55.03
Qwen3-4B SFT 85.80 95.10 52.70 46.30 33.30 30.00 82.50 60.81

B OTR 84.80 95.50 54.70 45.60 30.00 36.70 87.50 62.11

Table 7: Results of SFT and OTR on in-domain math benchmarks when trained under the DFT experimental settings.

For each model, the best result is in bold.

Model Method GSMSK MATH Olympiad Minerva AIME24 AIME25 AMC23 Average
Qwen2.5-3B SFT 78.50 53.25 19.43 16.55 2.28 0.83 24.53 2791
: OTR 78.70 57.10 21.53 21.50 2.70 1.86 28.75 30.31
Qwen3-4B SFT 88.75 64.80 30.60 27.30 6.25 4.38 35.78 36.84
OTR 88.05 68.65 33.88 25.90 9.38 6.46 42.66 39.28

C Additional Experiment

To assess the robustness of our method and validate
its generalization benefits across different training
data and training configurations, we conduct an
additional experiment. For this analysis, we adopt
the training data and hyperparameter settings from
dynamic fine-tuning (Wu et al., 2025c¢), which pro-
vides a distinct training environment to test the effi-
cacy of OTR. This comparative analysis focuses on
the Qwen2.5-3B (Qwen Team, 2024) and Qwen3-
4B (Qwen Team, 2025) models, with the detailed
setup provided below.

Dataset. We train with the NuminaMath CoT
dataset (LI et al., 2024), which comprises around
860,000 mathematical problems paired with cor-
responding solutions. To efficiently manage com-
putational resources, we randomly sample 50,000
instances from this dataset for training.

Training Details. Our implementation is built
upon the Verl framework. For a fair comparison,
both our proposed OTR algorithm and the SFT
baseline are trained using identical settings. Specif-
ically, we employ the AdamW optimizer with a
peak learning rate of 5 x 107°. The learning rate
follows a cosine decay schedule with a warm-up ra-
tio of 0.1. We use a batch size of 256, a maximum
input length of 4096 tokens, and train all models
for 1 epoch.

As shown in Table 7, even under the training
settings adapted from DFT, our OTR method con-
sistently outperforms the standard SFT baseline
across the majority of benchmarks. This finding
demonstrates the robustness of the OTR algorithm
and suggests that its generalization benefits are not
confined to a specific set of data and hyperparame-
ters but hold true across different settings.

D Future Work

Building upon the limitations discussed in the main
text, we outline three compelling directions for ex-
tending the OTR framework, directly addressing
the algorithmic properties observed in our evalua-
tion. First, while OTR demonstrates robust perfor-
mance across static penalty coefficients, exploring
adaptive mechanisms could further automate and
stabilize the training process. Second, to better
capture local temporal dependencies without fully
reverting to the expensive full-sequence generation
of standard RL, extending OTR to multi-token roll-
outs presents a natural and critical next step for
investigating the efficiency-effectiveness trade-off.
Finally, given that OTR efficiently aligns the model
while preserving a healthy exploration space, com-
prehensively evaluating its potential as a robust
initialization stage for downstream on-policy RL
remains a highly promising avenue.

E Declaration of LLM Usage

The usage of LLMs is strictly limited to aid and
polish the paper writing.
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