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Abstract

In this paper, we describe our reinforcement-learning with human feedback
(RLHF) fine-tuning process on a small open-weight large language model. Our
base model of choice is Qwen2.5-1.5B-Instruct and we attempt to evaluate fine-
tuning approaches in both offline and online problem. In particular, we first im-
plement and evaluate DPO, IPO, and AOT in the offline optimization setting, and
GRPO, DrGRPO, and GSPO in the online setting. We then aim to improve the
instruction-following ability of the Qwen2.5 model in the online setting using an
RLOO-style leave-one-out baseline for reward-model-based policy optimization.

1 Introduction

While scaling large language models has been shown to improve their ability to solve complex
problems, many deployment settings are limited in compute and hardware and thus cannot support
frontier-scale models. In edge or resource-constrained settings, smaller models are more practical,
motivating the need for fine-tuning these smaller models after pretraining. Supervised fine-tuning is
one common approach, but limited in the fact that it mainly teaches the model to imitate example
responses. For open-ended instruction following, there is typically no single correct answer, making
preference-based optimization a better fit. Rather than solely relying on demonstrations, RLHF
uses comparisons between candidate responses to directly optimize the model towards preferred
outputs. In this work, we study both offline and online RLHF methods for improving the Qwen2.5-
1.5B-Instruct model. We first implement DPO [Rafailov et al., 2023], IPO [Azar et al., 2024], and
AOT [Melnyk et al., 2024] approaches for the offline preference-optimization setting, where the
methods must train directly from fixed chosen/rejected response pairs. For the online optimization
setting, we first train a reward model from the preference data, then use its scores to optimize the
language model on newly sampled responses. In this setting, we implement GRPO [Shao et al.,
2024], DrGRPO [Liu et al., 2025], and GSPO [Zheng et al., 2025]. We then improve the policy
using an RLOO-style leave-one-out baseline [Ahmadian et al., 2024], which stabilizes updates by
comparing each sampled response against the other responses generated for that same prompt. The
main question we attempt to answer is whether this modified advantage estimator produces a better
head-to-head win rate against the frozen base model under a fixed evaluation protocol.

2 Problem Setup

Base model and data. All methods start from the frozen Qwen/Qwen2.5-1.5B-Instruct model.
The dataset is a WildChat-derived preference set with four splits: paired preference splits
(train_prefs, test_prefs) and prompt-only generation splits (train_gen, test_gen), with
4744 / 256 / 4744 / 256 samples respectively. The train_prefs and train_gen prompt distribu-
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tions match. train_prefs additionally carries chosen/rejected labels. We use train_prefs for
offline preference optimization and reward-model training, and train_gen for the online rollouts.

Evaluation protocol. The primary metric is head-to-head win rate against the frozen base model.
For each of 128 held-out prompts, we generate a response from the trained policy and a response
from the frozen base model, then use GPT-5.4 as an external LLM judge to determine the better
response. We report the fraction of prompts on which the trained policy wins.

3 Methods

3.1 Offline Preference Optimization

Let x be the prompt, y+ the chosen response, y− the rejected response, πθ the trainable policy, and
πref the frozen reference policy. Then we define the corrected preference margin to be:

∆θ(x, y
+, y−) =

[
log πθ(y

+ | x)− log πθ(y
− | x)

]
−
[
log πref(y

+ | x)− log πref(y
− | x)

]
. (1)

DPO. DPO optimizes this margin with the logistic loss, increasing the log likelihood of chosen
response with respect to rejected ones:

LDPO = − log σ
(
β∆θ(x, y

+, y−)
)
. (2)

IPO. IPO uses the same margin but attempts to match it to a target using the following equation:

LIPO =

(
∆θ(x, y

+, y−)− 1

2β

)2

. (3)

AOT. AOT makes use of the distribution of chosen and rejected scores across a mini-batch. Instead
of only comparing each chosen response with the paired rejected response, it sorts the chosen and
rejected rewards in the batch and compares the corresponding quantiles:

LAOT =
1

B

B∑
i=1

− log σ
(
β(r+(i) − r−(i))

)
. (4)

3.2 Reward Modeling

For the online methods, we first train a reward model rϕ(x,y) that assigns a scalar score to each
prompt-response pair. Then we train the reward model using the Bradley–Terry objective:

LRM = − log σ
(
rϕ(x, y

+)− rϕ(x, y
−)

)
. (5)

This model is then used to score the responses in the online RLHF methods.

3.3 Online RLHF

In the online setting, the policy samples a group of G responses for each prompt. The reward model
scores each response, and the policy update depends on how each response performs relative to the
other responses sampled for the same prompt. For the default GRPO-style update, the advantage for
response j to prompt i is as follows:

Ai,j =
ri,j − µi

σi + ϵ
, µi =

1

G

G∑
j=1

ri,j . (6)

This makes the reward signal relative within each prompt, rather than comparing directly across
unrelated prompts. GRPO then uses these advantages inside a PPO-style clipped policy-gradient
objective. DrGRPO expands this update by removing the standard-deviation normalization and
changing the length normalization, which changes how reward scale and response length affect
learning. GSPO applies clipping at the sequence level rather than the token level, treating the full
response more like one structured action.
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3.4 Leave-One-Out Advantage Estimation

We next focus on improving the online optimization setting. The default group-relative advantage
compares each response to the mean reward of the whole group, including itself. We instead im-
plement an RLOO-style leave-one-out baseline [Ahmadian et al., 2024], where each response is
compared only to the other responses sampled for the same prompt:

Arank
i,j =

2(ranki,j − 1)

G− 1
− 1, (7)

The motivation behind this is that each response should be judged relative to alternative responses
for the same prompt, but its own reward should not contribute to the baseline. This gives a cleaner
within-prompt comparison and may reduce variance in the online policy update. We use this RLOO-
style advantage estimator as a direct replacement for the default group-relative advantage while
keeping the same reward model, data, base model, and evaluation protocol.

4 Experimental Setup

Baselines. All experiments use the same base model, dataset splits, evaluation files, and token
budgets. We first compare the offline methods DPO, IPO, and AOT, and the online methods GRPO,
DrGRPO, and GSPO. We then focus on the online setting and use the strongest online method as
our main baseline. We then compare this baseline against three online extensions: RLOO, online
DPO, and RAFT-style rejection-sampling finetuning.

Online variants. Table 1 summarizes the online variants we evaluate. Each variant keeps the
same base model, reward model, data, and evaluation protocol, and changes only the online policy-
optimization procedure.

Variant Base algorithm Main change Purpose

Baseline GRPO Default group-relative advantages Online reference baseline
RLOO GRPO Leave-one-out advantage baseline Improve credit assignment
Online DPO DPO RM-selected best/worst online pairs Convert rollouts into preference pairs
RAFT SFT Finetune on RM-selected completions Distill best-of-N samples

Table 1: Online policy-optimization variants.

5 Results

5.1 Offline and Online Methods

Method Type Checkpoint Win Rate

DPO Offline step_000890 0.78
IPO Offline step_000890 0.69
AOT Offline step_000890 0.68
GRPO Online step_000025 0.74
DrGRPO Online step_000025 0.80
GSPO Online step_000025 0.61

Table 2: Head-to-head win rates for the offline and online methods.

Among the offline methods, DPO performed best with a win rate of 0.78. This is a substantial
difference than IPO and AOT at 0.69 and 0.68 respectively. Among the online methods, DrGRPO
performed best with a win rate of 0.80, followed by GRPO at 0.74 and GSPO at 0.61. GRPO,
DrGRPO, and GSPO all use reward-model scores from sampled responses, but differ in how they
normalize the advantages and apply the corresponding policy update. DrGRPO appeared to make
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Figure 1: Win rates across all six methods.

the strongest use of the reward signal in this short training run. One misleading internal metric was
GSPO’s low KL: it stayed close to the reference model, but its generations were weaker and its final
win rate was much lower. This shows that low KL alone is not enough and that the policy still needs
to move in a useful direction.

Figure 2: Training dynamics for GRPO, DrGRPO, and GSPO over 25 steps. Left: mean reward-
model score. Right: KL divergence from the reference policy.

5.2 Reward Model Diagnostics

Checkpoint Pair Accuracy Mean Margin

step_000250 0.805 2.58
step_000350 0.824 4.13
step_000445 0.813 4.72

Table 3: Reward model diagnostics on held-out test_prefs.

The reward model performed well on held-out preference pairs. Pair accuracy peaked at 0.824 at
step 350, while the mean margin continued increasing through step 445. We used the step-445
checkpoint for online training because it gave the largest separation between chosen and rejected
responses. The reward model was not perfect, but its held-out accuracy was strong enough to support
online optimization, as shown by the DrGRPO and RLOO results.

4



Figure 3: Reward model pair accuracy and mean margin on held-out preferences over training.

5.3 Online Extensions

Method Main Change Win Rate

GRPO baseline Group-normalized advantage 0.74
RLOO Leave-one-out advantage 0.81
Online DPO RM-selected preference pairs 0.70
RAFT RM-selected SFT completions 0.24

Table 4: Online extensions compared against the GRPO baseline.

Figure 4: Win rates for the online extensions compared to the GRPO baseline.

We tried three online extensions: RLOO, Online DPO, and RAFT. RLOO was the best method,
reaching a win rate of 0.81. This improved over the GRPO baseline at 0.74 while keeping the same
reward model, data, and training setup. The main change was the advantage estimator: instead of
comparing each response to a group mean that includes itself, RLOO compares each response to the
mean reward of the other responses for the same prompt. This gave a cleaner within-prompt learning
signal and improved the final judge win rate.

Online DPO performed worse than the GRPO baseline with a win-rate of 0.70. It likely lost useful
information by turning a group of scored responses into only one best/worst preference pair. RAFT
failed most clearly, with a win rate of 0.24. Since RAFT only finetunes on the highest-reward
sampled completions, it was highly sensitive to reward-model mistakes.

Overall, the strongest result came from changing the online objective rather than changing the reward
model or evaluation setup. If we had more budget, we would first test RLOO with different reward-
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model checkpoints and larger group sizes, since the leave-one-out baseline should become more
useful when there are more samples per prompt.
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