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Abstract

Post-training using online reinforcement learning
(RL) is an important training step for LLMs, in-
cluding code-generating models. However, online
RL for code generation involves LLM inference
and verification of the generated output, which
can take considerable time and resources. In this
paper, we explore the application of offline RL
to code-generating models by leveraging existing
code datasets. Our experiments demonstrate that
offline RL is an effective training strategy for im-
proving LLM performance. We show that offline
RL can be especially beneficial for small LLMs
and challenging coding problems.

1. Introduction
Training LLMs with feedback based on specific human pref-
erences is a key aspect of Large Language Model (LLM)
training to improve LLM performance and make its output
more desirable to humans. In many areas, such as soft-
ware engineering and math, these preferences are based on
verified rewards. In software engineering, the commonly
used method for verification is functional correctness of
generated code.

Numerous Reinforcement Learning (RL) algorithms, such
as PPO (Schulman et al., 2017), GRPO (Shao et al., 2024),
RLOO (Kool et al., 2019; Ahmadian et al., 2024), and their
variants have been proposed to train LLMs with preferences.
However, they are on-policy online learning algorithms;
training LLMs with these algorithms is bottle-necked due
to the inefficient transformer inference. To address ineffi-
cient inference, inference engines such as SGLang or vLLM
(Kwon et al., 2023) are typically employed. However, us-
ing these engines makes RL training off-policy (Yao et al.)
because the model’s logits differ between training and in-

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by the International Conference
on Machine Learning (ICML). Do not distribute.

ference. The gain in performance under off-policy setting
shows that on-policy algorithms can be directly applied in
an off-policy setting, at least for LLMs.

In this work, we go one step further and study the impact of
online policy gradient algorithms in an offline setup. That is,
we train models on pre-existing data rather than sampling
new data from the model. This training setup addresses
three major limitations of online learning of LLMs.
Efficiency. Offline training eliminates the need to sample
new data and does not require the verification of code sam-
ples, which can significantly speed up the RL training.
Diversity. Offline RL can address another major issue in
online LLM training – entropy collapse (Yu et al., 2025).
As online training of LLMs progresses, the diversity of gen-
erated outputs decreases, leading to reduced exploration
and, hence, reduced gains from further training. Using pre-
existing data in offline training ensures sufficient diversity
within a group. We can also use heuristics to control the
diversity in a batch.
Training Stability. During online RL training of LLM, if
all the generated solutions to a particular problem are cor-
rect, the variance in the training increases, resulting in no
improvement or degradation in the performance of the LLM.
Using offline data can also help alleviate this issue.

Thus, training LLMs with offline data can help improve the
post-training phase. These gains motivate our exploration
of offline RL for LLMs in the context of code generation.

Our study reveals that,

• Online policy gradient algorithms when applied di-
rectly in an offline setup can improve LLMs in code
generation.

• Offline RL can improve the model on challenging pro-
gramming problems.

• Training with offline RL also improves pass@10, es-
pecially on harder problems showing that offline RL
does not lead to reduced diversity in generated code.

Our study also establishes some failure cases of using offline
RL. When the base model is already good at a task, offline
RL does not improve the model. The gain is also limited
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in the case of easy problems whereby SFT outperforms
offline RL. Further theoretical and empirical analysis to
develop new training algorithms or using Q-learning can
help alleviate these problems.

2. Training Setup
2.1. Models

For our experiments, we have used Qwen2.5-Coder (Hui
et al., 2024). Specifically, we train models at two scales:
0.5B parameters and 7B parameters. For the 0.5B parameter
model, we train the full model. The 7B parameter model is
trained with LoRA (Hu et al., 2021).

2.2. Dataset

We use the CodeNet dataset (Puri et al., 2021) for training.
The CodeNet dataset is a large-scale code dataset compris-
ing 4k problems and 14 million solutions across more than
50 programming languages. More importantly, the CodeNet
dataset contains metadata such as functional correctness,
syntactic correctness, time taken to run the code, memory
consumed, and code size. This metadata can be used to
provide the model with feedback on the code’s quality. In
this work, we have used functional and syntactic correctness.
Additionally, we have only trained on Python solutions.

A key limitation of the CodeNet dataset is its high imbalance.
The imbalance exists in two dimensions: 1) the number of
solutions to a given problem (ranging from 0 to 27k) and
2) the very high proportion of correct solutions. To reduce
the imbalance, we limit the maximum number of correct
solutions to a given problem to 50.

2.3. Offline RL with Leave one out

Following Ahmadian et al. (2024), we use REINFORCE
Leave-one-out (RLOO) (Kool et al., 2019). The RLOO
objective is,

∇θJRLOO(θ) =
1

n

n∑
i=1

Âi ∇θ log πθ(yi | x) (1)

where, πθ is the policy being trained and Âi is the advantage.
Ahmadian et al. (2024) samples the sequences y1, . . . , yn
from πθ. In our setup, we can assume that these sequences
have been sampled from an unknown policy πβ . The ad-
vantage is calculated by using n samples for each problem
statement to reduce variance. The advantage in Ahmadian
et al. (2024) is calculated as,

Âi = R(y(i), x)−
1

n− 1

∑
j ̸=i

R(y(j), x) (2)

We also experiment with the advantage commonly used with
GRPO. It is given by,

ÂGRPO
i =

R(y(i), x)−mean(R)

std(R)
(3)

Nair et al. (2021) proposed an online RL training algorithm
that uses offline data augmented with online interactions.
While we do not engage in online interaction, we draw
inspiration from their proposed algorithm. However, instead
of using a separate critic for advantage estimation, we use
the GRPO advantage.

The advantage in this case can be represented as,

Âexp
i = exp(ÂGRPO

i ) (4)

Practically, this results in increasing the weight of correct
samples and reducing the weight of negative samples. Thus,
it pushes the overall objective closer to SFT while also using
negative samples.

2.4. Batches and Groups

We experimented with group sizes of 4 and 8 and found that
the models performed better with 4. Thus, we conducted
all the experiments with a group size of 4. For each group,
we ensured there was at least one correct and one incorrect
solution. This condition results in the removal of problems
with no correct solutions (usually the most difficult ones).
In this sense, it is a very limiting condition, but it reduces
the variance in the advantage calculation. In the future,
the condition can be relaxed by using variance reduction
techniques such as advantage clipping.

2.5. Reward

We provide the following reward based on the status of the
code.

r =



+1.0 All Test Cases Passed
−0.1 Test Cases Failed
−0.5 Time Limit Exceeded
−0.6 Runtime Error
−1.0 Compile Error

(5)

2.6. Computational Constraints

While numerous variants of RL training algorithms have
been proposed for LLMs in recent years, they require sig-
nificant computational budget. We apply specific compu-
tational constraints to ensure a computationally efficient
training. These constraints are: 1) Use of a single A100
80GB GPU for each training run, and 2) A training time for
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Figure 1. Comparison of typically used setup for training LLM with rewards (left) v/s the proposed offline setup (right). In left, the
sampler and learner are the same models but running in different modes for inference and training respectively resulting in deviation
between sampling policy and the policy being trained. The proposed setup removes the need for sampling and verification during training,
making training faster and efficient.

less than 30 hours for the 7B model and less than 5 hours
for the 0.5B model.

To satisfy these constraints, we train the models with a very
small batch size of 8 and for a small number of steps. We
limit the code length to 2048 tokens. Code samples longer
than 2048 tokens are ignored.

2.7. Benchmarks

We evaluate the trained models on two benchmarks: 1)
MBPP (Austin et al., 2021) and 2) APPS+ (Dou et al., 2024).
MBPP consists of simple Python problems. APPS+ contains
problems of different difficulty levels categorized into “in-
troductory”, “interview”, and “competitive”. For MBPP, we
report pass@1; for APPS+, we report pass@1 and pass@10
across all three categories.

3. Results and Discussion
We present the results in Table 1, Table 2 and Table 3. We
present a discussion around the results in this section.

3.1. Offline RL improves code generation capability.

Across both benchmarks and different difficulty levels of
APPS+, we observe that the code generation capability of
the LLM improves with offline RL. The gain from offline RL
is most consistent when RLOO combines with the GRPO
advantage. This gain shows the importance of reducing
the variance in advantage estimation. However, we do not
observe any improvement in the performance of the 7B
model on MBPP. The lack of improvement shows that, on
tasks where the base model is already good, offline RL
might be ineffective. However, improving the offline data

and integrating some online training might help.

3.2. Offline RL improves model on difficult problems.

An important gain from offline training is improvement on
difficult interview- and competition-level problems with the
larger 7B model and on interview-level problems with the
0.5B model. The improvement is even more stark in the
case of competition-level problems for the 7B model. In
this case, SFT makes the model worse on both pass@1 and
pass@10 while RLOO with GRPO advantage improves the
model by 88% on pass@1 and 40% on pass@10.

3.3. Small model requires different scale of reward.

As shown in Table 1, RLOO with exponential advantage
leads to significant improvements in the model’s perfor-
mance on introductory and interview-level problems. How-
ever, unlike the 7B model, neither RLOO nor RLOO with
GRPO advantage improves the model. Using the expo-
nential advantage changes the reward range from [−1, 1]
to [0.37, 2.72]. Thus, small models might benefit from a
different reward level. However, the same reward harms
the model on MBPP. The impact of reward across various
models and benchmarks also underscores the importance of
empirically determining the optimal reward during training.

4. Related Works
Code generation is a very common application for which
LLMs are leveraged, and many open source LLMs have
been released (Hui et al., 2024; Guo et al., 2024; Jiang
et al., 2026). Within this domain, Reinforcement Learning
with Verifiable Reward (RLVR) (Lambert et al., 2025) has
emerged as an important paradigm, in which feedback is
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Table 1. Performance of Qwen-2.5-Coder 0.5B model under different training on the APPS+ dataset. The best performance in a category
is bold. The performance on competitive problems is trivial across all training setup.

MODEL
PASS@1 PASS@10

INTRODUCTORY INTERVIEW COMPETITION INTRODUCTORY INTERVIEW COMPETITION

BASE 0.03 0.06 0.00 0.30 0.60 0.00
SFT 1.94 1.87 0.16 5.9 8.1 0.87
RLOO 0.06 0.12 0.05 0.5 1.1 0.35
WITH GRPO ADVANTAGE 0.07 0.59 0.05 0.4 3.5 0.35
ADVATNAGE WITH EXP() 1.67 2.15 0.10 5.4 8.6 0.70

Table 2. Performance of Qwen-2.5-Coder 7B model under different training on the APPS+ dataset. The best performance in a category is
bold. If the performace degrades compared to base model, then it is marked in red.

MODEL
PASS@1 PASS@10

INTRODUCTORY INTERVIEW COMPETITION INTRODUCTORY INTERVIEW COMPETITION

BASE 4.5 7.01 1.42 11.90 25.70 8.22
SFT 9.21 11.30 1.38 16.50 30.30 6.29
RLOO 6.98 10.31 2.06 13.80 27.80 8.04
WITH GRPO ADVANTAGE 7.72 12.14 2.67 14.70 30.20 11.54
ADVATNAGE WITH EXP() 7.14 11.09 2.38 15.10 30.30 9.97

Table 3. Performance of 0.5B and 7B model on MBPP benchmark.
The best performance is marked in bold. If the performance
degrades over the base model, then it is marked in red.

TRAINING 0.5B 7B

BASE 36.2 64.4
SFT 35 63.2
RLOO 37.4 64.4
WITH GRPO ADVANTAGE 39.4 64
ADVANTAGE WITH EXP() 35 64.40

based on verifiable rewards rather than a reward model.
However, training is typically done using online learning.

CodeRL (Le et al., 2022) was trained with offline data and
verifiable reward. However, the code was generated from
the model at the beginning of the training. In this case,
there is a risk of lack of good samples if the base model is
bad. Additionally, CodeRL was trained with a frozen critic
model. Instead, we use human-written code, which ensures
good and bad samples and code diversity. There is also no
need for a critic model in our setup.

5. Limitations and Future Work
In this paper, we have shown that offline RL is a promising
method to train LLMs with verifiable reward for function-
ally correct code generation. However, our work has some
limitations. These limitations are,

• We have not experimented with different learning rate
and different rewards. Additionally, we have used a
small batch size.

• The dataset is highly imbalanced. While we have used
some heuristics to reduce the imbalance, the rules for
filtering the data could be improved.

• We have only used offline data. The offline training
can be coupled with online interaction to improve ex-
ploration.

• We have used on-policy online algorithms directly in
offline setup. Developing theoretically-grounded algo-
rithms for offline training of LLMs or using Q-learning
(Snell et al., 2023), which might be more suitable in
offline case, can help improve the performance further.

Thus, there are different axis along which the training can
be improved in future work.

6. Conclusion
In this paper we have shown that offline RL can be an ef-
ficient method for post training of code generating LLMs.
Offline RL improves both pass@1 and pass@10. The im-
provement is even more significant on difficult problems.
Moreover, the gain in performance has been achieved under
severe computational constraints and with a highly imbal-
anced data. Better reward design and dataset composition
can further improve the model. Integrating additional sig-
nals, such as efficiency, memory consumption, and security
alongside functional correctness can further enhance the
quality of generated code. Integrating these characteristics
is simpler in the case of offline data compared to evaluating
the code for each characteristic in an online setup.
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