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Abstract—Optimizing scientific software is a difficult task
because codebases are often large and complex, and performance
can depend upon several factors including the algorithm, its
implementation, and hardware among others. Causes of poor
performance can originate from disparate sources and be difficult
to diagnose. Recent years have seen a multitude of work that use
large language models (LLMs) to assist in software development
tasks. However, these tools are trained to model the distribution
of code as text, and are not specifically designed to understand
performance aspects of code. In this work, we introduce a
reinforcement learning based methodology to align the outputs of
code LLMs with performance. This allows us to build upon the
current code modeling capabilities of LLMs and extend them to
generate better performing code. We demonstrate that our fine-
tuned model improves the expected speedup of generated code
over base models for a set of benchmark tasks from 0.9 to 1.6
for serial code and 1.9 to 4.5 for OpenMP parallel code.

Index Terms—Large Language Models, Code Generation,
Performance Optimization, Reinforcement Learning

I. INTRODUCTION

DEVELOPING fast and scalable code is a difficult, but
often necessary task for scientific software developers.

It can require expert knowledge of the application domain,
algorithm design, programming languages, and hardware. This
is a challenging task for even serial code, and even more com-
plex for parallel code. Further, programmers and performance
engineers are often tasked with optimizing existing code, often
not written by them, which requires understanding an existing
codebase and the performance implications of changes. Large
language models (LLMs) have emerged as a powerful tool for
assisting in the software development process for a variety
of tasks such as code completion, bug detection, and code
summarization [1]. Recently, they have also been used with
limited success to generate parallel code [2]. Yet they struggle
to understand performance aspects of code as they are not
designed for this task. Code LLMs are trained on code as text,
and as a result, are not well-suited to reason about complex
performance issues. Additionally, the code they generate does
not consider performance and could be slow, despite being
correct. This has been demonstrated in existing works that
show LLMs often generate inefficient parallel code [3].

Creating artificial intelligence models that can generate
faster code has the potential to significantly improve the pro-
ductivity of software developers. By using performance-aware
code LLMs, developers can focus on design and correctness
without worrying about the performance implications of using
LLMs to generate code. Additionally, as LLM-based tools

become more integrated with software development work-
flows, developers will become more and more reliant on the
quality of their outputs. Improving the performance of LLM
generated code while maintaining its correctness will improve
the quality of the target software being developed. Further,
code LLMs that can write fast code can remove the need for
every scientific and parallel programmer to be a performance
expert in addition to their existing domain expertise.

It is non-trivial to create code LLMs that can generate faster
code. Creating performance-aware code LLMs will require
fine-tuning of LLMs using performance data, one challenge
is creating such datasets. LLMs typically require very large,
general datasets for training tasks, and it is challenging to
create such large datasets for performance data. Arbitrary code
can have a wide range of performance characteristics, and
depend on many factors such as input data, hardware, and
software environment. Due to the complexity in collecting
performance data for arbitrary code, performance datasets are
often small and/or narrow in focus. Further, even with such
a dataset in hand, an LLM needs to be carefully fine-tuned
to align its generated outputs with more performant code.
There are many potential pitfalls here, for instance, improving
the performance of generated code at the cost of correctness.
Additionally, fine-tuned LLMs can learn a distribution too
disjoint from their initial code distribution they modeled and
lose their ability to generalize.

In order to overcome the challenges associated with collect-
ing large scale performance data, we propose a new approach
that combines a structured, narrow performance dataset with
a more general synthetic code dataset for fine-tuning. We
also propose two novel fine-tuning methodologies: (1) rein-
forcement learning with performance feedback (RLPF), which
is based on reinforcement learning with human feedback
(RLHF) [4], and direct performance alignment (DPA), which
is based on direct performance optimization (DPO) [5]. We
use these two approaches and the new dataset to align an
existing code LLM to generate faster code. These proposed
fine-tuning methodologies use fast and slow code pairs to fine-
tune the LLMs to generate samples more similar to the fast
code and less similar to the slow code. The aligned model is
then evaluated on two code generation benchmarks and one
code optimization benchmark. We find that the aligned model
is able to generate code with higher expected speedups than
that of the original model, while maintaining correctness. Our
proposed methodology is able to fine-tune existing state-of-
the-art code LLMs to generate faster code than they were
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previously capable of generating.
This work makes the following important contributions:
• A code performance dataset that combines narrow, struc-

tured performance data with broad synthetic data to help
models learn performance properties, but maintain their
ability to generalize.

• Two novel fine-tuning methodologies, reinforcement
learning with performance feedback (RLPF) and direct
performance alignment (DPA), for aligning code LLMs
to generate faster code.

• A fine-tuned, performance-aligned LLM that generates
faster code than traditional code LLMs.

• A detailed study of the performance and correctness
of the code generated by performance-aligned LLMs
including serial, OpenMP, and MPI code. Additionally,
an ablation study motivating the use of synthetic data to
fine-tune code LLMs for performance.

II. BACKGROUND

In this section, we detail concepts and prior works that our
methodologies build upon. We provide a background into
LLMs and their use for code generation. We further provide an
overview of reinforcement learning and the Proximal Policy
Optimization algorithm and their use in RLHF and DPO.

A. Large Language Models for Code

LLMs have been shown to be effective tools for many code
generation tasks [1]. These LLMs are typically Transformer
models [6] fine-tuned on large code datasets [7], [8] to model
the probability distribution of code text data. These models can
then be used to generate code, fill in missing code snippets,
complete code snippets, and more. Code is generated by
showing them a sequence of code text (as tokens) and using the
model to predict the next token in the sequence. Getting good
text generation with this method is not always straightforward,
so additional sampling techniques such as temperature and
top-p are often used to improve the quality of the generated
text [9]. These control the randomness of the sampling process,
with temperature controlling the entropy of the distribution
and top-p controlling the tokens considered for sampling.

B. Reinforcement Learning and Proximal Policy Optimization

Reinforcement learning (RL) is a popular machine learning
training paradigm where an agent model learns to interact with
an environment to maximize a reward signal. This learning is
typically accomplished by the agent iteratively taking actions
in the environment, observing the results, and updating its
policy to maximize the reward. While RL techniques have
been popular for a number of years, they have recently been
applied to LLMs due to their success in aligning LLM outputs
with human preferences [4].

Proximal Policy Optimization (PPO) [10] is a popular RL
algorithm that has been used to successfully fine-tune LLMs. It
is a state-of-the-art algorithm that has become widely used due
to its efficiency and robustness across a number of different
tasks. A key difference between PPO and other RL algorithms

is its use of clipping to prevent unusually large updates to
the policy. PPO clips the ratio of the new agent policy and
the previous agent policy to a range of [1 − ϵ, 1 + ϵ]. This
prevents large weight updates, which can lead to instability in
the training process. The clipped policy updates are combined
with a value loss function (the reward signal) and an entropy
loss function (to encourage exploration) to train the agent.
After running many iterations of the training process, the agent
learns to make decisions that optimize the reward signal. In
this paper, we will train an agent (an LLM) to generate code
that is fast (higher reward for faster, correct code).

Reinforcement learning with human feedback (RLHF) [4]
applies these ideas to LLMs by first training a reward model
on human preference data and then using algorithms such as
PPO to optimize the LLM against this learned reward while
constraining it to stay close to a supervised reference model.
More recently, Direct Preference Optimization (DPO) [5] has
been proposed as an alternative that reparameterizes the KL-
regularized RLHF objective into a purely supervised loss over
preference pairs, removing the need for an explicit reward
model and online RL optimization. In this paper, we build
on these techniques but use performance feedback instead of
human feedback, and we compare both RL- and DPO-style
training for aligning LLMs toward generating faster code.

III. OVERVIEW OF METHODOLOGY

Figure 1 presents an overview of our methodology for aligning
code LLMs to generate faster code. We start by creating a
dataset that can be used to fine-tune an LLM to generate code
that is both correct and fast (Section IV). To accomplish this,
we collect a large, structured code dataset with performance
data and test cases to measure correctness. This structured
dataset is, however, not representative of the entire distribution
of code we want an LLM to optimize so we ameliorate its
shortcomings by generating a synthetic code dataset that covers
a wider distribution.

Fig. 1. An overview of the proposed methodology. We first collect a large
dataset of fast and slow code pairs using coding contest submissions and
synthetically generated data. Then we fine-tune three different LLMs on this
data to generate faster code. Finally, we evaluate the fine-tuned models on
code generation and optimization tasks.

These datasets are then used to align the outputs of an LLM
with performance considerations. We employ three different
techniques – supervised learning, reinforcement learning, and
direct alignment, to fine-tune code LLMs (Section V). The
models are aligned to answers that are not only correct,
but also fast. Using the fine-tuned models we then generate
code for a set of three different benchmark tasks for code
generation and optimization (Section VI). These tasks measure
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the correctness and performance of the generated code for
coding problems outside the distribution of the training data.

IV. DATA COLLECTION AND LABELING

In order to align LLMs to generate more performant output, we
need to fine-tune them on performance data. Further, to apply
the proposed fine-tuning methods, we need a dataset of code
where we have a slow and a fast implementation of a particular
problem. This type of structured performance data paired with
source code is difficult to collect. It requires being able to
build, execute, validate, and profile arbitrary code snippets,
which is difficult to accomplish at scale. In this section, we
describe our process of collecting a large performance dataset
(Dc). Additionally, we discuss how we extend the dataset
with synthetic data (Ds) to cover a wider distribution of code
patterns. The final dataset D contains over 4.5 million code
samples, distributed over three source languages (C++, Java,
and Python) as shown in Table I.

TABLE I
NUMBER OF SAMPLES IN BOTH DATASETS BY SOURCE LANGUAGE.

Dataset (D) Runtime
Data C++ Java Python No. of

Samples

CodeContests+Perf (Dc) ✓ 1.8M 0.9M 1.8M 4.5M
Synthetic (Ds) ✗ 5k 0 5k 10k

A. Performance Dataset Collection

We build our performance dataset using the CodeContests
dataset introduced by DeepMind in [?]. This dataset contains
coding contest problems and solutions from the Aizu [11],
AtCoder [12], CodeChef [13], Codeforces [14], and Hack-
erEarth [15] online competition platforms. In total there are
13,610 coding problems in the dataset. These range in diffi-
culty from simple to very difficult, and cover a wide range of
topics such as graph algorithms, dynamic programming, and
search. Each problem in the dataset has a corresponding set
of submissions from users, labeled as correct or incorrect. The
number of submissions per problem ranges between tens and
thousands. There are solutions in three different programming
languages: C++, Java, and Python. Additionally, the dataset
includes meta-data for the problem such as the problem
statement, test cases, time limits, and memory limits.

This dataset is extremely valuable for our study as it
provides a large amount of code samples along with the
necessary tests to measure correctness and performance. More
so, it contains many code samples that solve the same problem,
but in different ways and with different runtimes. While many
of the code contest websites record runtimes for submissions,
the CodeContests dataset as provided by DeepMind does
not include this information. We collect this data ourselves
into a new dataset, CodeContests-Perf (Dc), by executing
each of the correct submissions and recording their runtimes.
Each submission is run on all the test cases for its problem.
Generally, there are between 5 and 20 test cases per problem.
We create submission-runtime pairs using the average runtime

over all the test cases. Each run is executed on a single core of
an AMD EPYC 7763 CPU with a 2.45 GHz base frequency.

The final CodeContests-Perf dataset contains 4.5 million
samples. The distribution of samples by source language is
shown in Table I. There were a small fraction of submissions
labeled as correct in the CodeContests dataset that errored or
failed the test cases when we ran them. These are omitted
from the final dataset. We also include code submissions that
were marked as incorrect in the original dataset, however, we
do not run them. These will eventually be useful to prevent
the model from generating fast, but incorrect code.

B. Synthetic Data Generation

The amount of data and the availability of easy testing in
the CodeContests-Perf dataset makes it a crucial component
of our study. However, the distribution of code represented
in the dataset is significantly different than that of the code
that is typically found in production code. Coding contests
generally award participants based on time-to-submission lead-
ing to users writing messy and/or disorganized code to solve
problems as quickly as possible. Further, the types of problems
typically found in coding contests such as depth-first search
and dynamic programming, while an important subset, do not
cover the full range of relevant problems that are found in
production code, and in particular, in scientific computing.

To address the shortcomings of the CodeContests-Perf data,
we generate an additional synthetic dataset Ds of fast and
slow code samples. This is inspired by several recent works
demonstrating the effectiveness of fine-tuning LLMs on syn-
thetic data to improve performance on real tasks [8], [16], [17].
Gilardi et al. [16] even find that LLMs can outperform humans
for many text annotation tasks. In our case of annotating
code performance, real runtimes are the best annotation, but
in the absence of runtime data, synthetic data is a promising
candidate to obtaining labeled code performance data.

We use the Gemini-Pro-1.0 LLM model [18] to generate
synthetic code samples as we found it to give the best
outputs among a number of models we tested. We adapt the
methodology in [8], where samples are generated using seed
code snippets to get diverse outputs from the model. First,
we create a dataset of 10,000 seed samples that are 1-15 line
random substrings of random files from The Stack dataset [19],
which is a large, 3TB dataset of permissively licensed code.
Then the LLM is asked to generate three pieces of text: a
problem statement inspired by the seed snippet, a fast solution
to the problem, and a slow solution to the problem. This
produces inherently noisy data, since the LLM does not always
generate ideal (fast vs. slow) outputs. However, prior work has
shown that gains in predictive performance from fine-tuning on
synthetic data can outweigh the downsides of noisy data [8].

In total, we collect 10,000 synthetic samples, 5,000 in C++
and 5,000 in Python. While adding more synthetic samples
would likely continue to improve the quality of the fine-tuned
model, we found that limiting to 10,000 samples provided
adequate model quality while operating within time/cost con-
straints of this study. Table I shows the distribution of samples.
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Parallel Code Data Representation: As one of our key
focuses is to improve models in generating and optimizing
parallel HPC codes we ensure that many of the seed snippets
used to generate synthetic data are parallel code. We filter
The Stack [19] for CUDA, OpenMP, and MPI codes in c++,
python, and Fortran. We also include a small percentage of
Kokkos samples. In total 60% of the seeds are from parallel
HPC sources. This ensures that there is representative parallel
code in the synthetic dataset, which is crucial for improving
a models’ ability to generate fast parallel HPC code.

V. ALIGNING LLMS TO GENERATE FASTER CODE:
PROPOSED FINE-TUNING APPROACHES

LLMs have been shown to be capable of generating correct
code with high frequency on several benchmarks [1], yet
they do not always generate code that is efficient [3]. They
require further fine-tuning to align them with performance
considerations. In this section, we detail how we fine-tune
LLMs with supervised learning and RL techniques to generate
faster code. We utilize the dataset introduced in Section IV to
train three different models using supervised learning, RL with
performance feedback, and direct performance alignment.

A. Supervised Learning

In the first approach, we fine-tune a language model on the
dataset of code from D to predict the next token in a sequence
given previous tokens. For our methodology, we begin with a
model that has already been trained on a large corpus of text
and code, and then fine-tune it on a smaller dataset of coding
problems and fast solutions.

We create two types of prompts using the samples in D
to fine-tune the model. In the first type of prompt, we use
a standard instruction prompt where the model is given a
problem statement and a fast solution. Using the coding contest
data in Dc, we use the problem description as the instruction
and randomly sample one of the five fastest solutions as the
response. In the second type of prompt, we use a variation of
the standard instruction prompt where the task is to optimize
a given code snippet and the output is an optimized version
of the code. For this, we use the problem description and one
of the slowest 33% of solutions as the instruction, and one
of the five fastest solutions as the response. Forming prompts
from the synthetic dataset Ds is similar except we only have
one slow and one fast solution for each problem, so we do
not sample from ranges of solutions.

Over these prompts, the model is fine-tuned to minimize
the cross-entropy loss between its predicted next token and
the actual next token. We refer the reader to [20] for more
details on fine-tuning LLMs for text generation. After fine-
tuning, the model should have more fast code snippets in its
training data and its probability distribution should shift toward
faster code. Several prior works, however, have observed that
methods more sophisticated than supervised fine-tuning are
required to align LLM outputs with certain properties, such as
safety and human preferences [4], [21].

Supervised Fine-Tuning Evaluation Metric: We evaluate
the success of the supervised fine-tuning by measuring the

perplexity of the tuned model over an evaluation dataset.
Perplexity is inversely proportional to how confident a model
is that a data sample is in the distribution it models. A lower
perplexity is better and indicates the LLM is less “perplexed”
by a particular sample. A model’s perplexity over t tokens
from a dataset X is given by Equation (1).

Perplexity(X ) = exp

{
−1

t

t∑
i

log pθ (xi | x<i)

}
(1)

Predicted probability of token xi

given the previous tokens x<i

B. Reinforcement Learning with Performance Feedback

To further align an LLM’s outputs with performance con-
siderations, we propose a new method, which we call rein-
forcement learning with performance feedback (RLPF). This
method is inspired by the success of reinforcement learning
with human feedback (RLHF) [4], which aligns LLM outputs
with human preferences. RLHF uses human-labeled preference
data to train a reward model that assigns rewards to LLM
outputs that are more preferred by humans. This reward model
is used in conjunction with reinforcement learning to fine-tune
a LLM to generate outputs that are more preferred by humans.
We adapt this method into RLPF that uses code performance
instead of human feedback to fine-tune LLMs to generate
faster code. Recent works have found success in using cleaner
reward signals with RLHF or GRPO [?].

Reward Model: We first need to design a reward function that
can be used to guide the reinforcement learning process. If we
can automatically run, test, and measure the performance of a
generated LLM output, then we can simply use a function of
the recorded runtime as the reward. In our case, this is possible
for the coding contests dataset Dc, where we have unit tests
available to run and test the generated code (see Section IV-A).
This further highlights the utility of this dataset for our study.

As mentioned in Section IV-B, we want to be capable
of generating fast code outside the context of coding con-
tests i.e. we do not want to exclusively use the code contests
data for RL fine-tuning. Since we may not be able to obtain
runtime data for other arbitrary code samples, we need to
train a reward model that rewards faster code more than
slower code for samples where we cannot obtain runtime
data. Fine-tuning LLMs for relative performance modeling was
previously demonstrated by Nichols et al. [2] and, thus, a fine-
tuned LLM is a viable candidate for the reward model.

To accomplish this we train a reward model (an LLM), rθ,
to predict a reward for a given code sample, where a higher
reward indicates faster code. To train this model, we first use
a subset of D to create a dataset of triplets (p, df , ds) where p
is a problem description and df and ds are fast and slow code
solutions to the problem, respectively. Using rθ, we compute
predicted rewards for df and ds, and use these to calculate the
loss function Lr in Equation (2).

Lr = − log
[
σ
(
rθ (p, df ) − rθ (p, ds) − µ (p, df , ds)

)]
(2)

predicted reward for fast code
predicted reward
for slow code

adaptive margin;
scales the reward based on runtimes
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This loss function is used to train rθ to predict a higher
reward for df than ds. In Equation (2) σ, is the logistic func-
tion and µ is an adaptive margin as defined in Equation (3).
The loss function in Equation (2) is adapted from Wang et
al. [?] to include runtime information. It trains the reward
model to generate rewards farther and farther apart for faster
and slower code samples. As rθ(p, df )− rθ(p, ds) gets larger,
the loss function tends towards zero. On the flip side, the loss
increases as the difference between the rewards decreases or
rθ assigns a larger reward to the slower code. We utilize an
adaptive margin µ to further scale the rewards based on how
much faster the fast code is than the slow code:

µ (p, df , ds) =

min

{
λ , runtime(ds)

runtime(df )

}
if p ∈ Dc

0 otherwise
(3)

max margin value speedup of df over ds

Since we can train the reward model on both datasets Dc

and Ds, we can use the runtime information from Dc to
scale the rewards appropriately. We use a max margin λ to
prevent extremely large margins when ds is very slow. Figure 2
provides an overview of the reward model fine-tuning process.

Fig. 2. An overview of the reward model fine-tuning process. The reward
model outputs a reward for a fast and slow code sample. The loss function
uses these rewards alongside runtime data to update the weights of the model
so that its predicted rewards move farther apart for faster and slower code.

It is important to note that the reward model rθ is not
directly modeling code performance. Doing so would likely be
impossible as performance can depend on a number of factors
like hardware, input, etc. that are not accounted for in the input
to the reward model. Instead, the reward model is trained to
learn code structures and patterns that generally lead to better
performance. This is another reason it is important to have a
large dataset that covers a wide distribution of code, so that the
model can learn these generalizations. Using the runtime data
in Dc and the trained reward model, we can define a reward
function r(p, d) that assigns a reward to an LLM generated
code sample. This reward function is defined in Equation (4).

r(p, d) =


−1 if p ∈ Dc, d incorrect
median runtime(p)

runtime(d) − 1 if p ∈ Dc, d correct

rθ(p, d) otherwise
(4)

The model is penalized with a negative reward for incorrect
code. If it generates correct code, then the reward is based on
the speedup over the median runtime, median runtime(d),
from the submission already in the dataset. For the synthetic
problems, we use the output of the reward model rθ.

Reward Model Evaluation Metric: We evaluate the final
reward model by its accuracy over an evaluation dataset. The
accuracy is defined as the proportion of samples where the
reward is larger for the fast code than for the slow code.

accreward(X ) =
1

|X |
∑

(p,df ,ds)∈X

1 [rθ(p, df ) > rθ(p, ds)] (5)

Here 1 is the indicator function that returns 1 if the condi-
tion is true and 0 otherwise. A perfect accuracy of 1 indicates
that the reward model always predicts a higher reward signal
for the fast code sample than the slow code sample.

Reinforcement Learning: Using the reward function r(p, d)
and PPO [10], we align an LLM to generate faster code.
We use the supervised fine-tuned model from Section V-A
as the base model to fine-tune with RL as is common in
RLHF [4]. We optimize the base model using the reward
objective function in Equation (6).

Lp = r(p, d)− ηKL
(
πRLPF(d | p) ∥ πS(d | p)

)
(6)

new model πRLPF

being fine-tuned with RL supervised model πS

Here KL is the Kullback-Leibler divergence and η is a
hyperparameter that controls the divergence penalty. This
penalty helps prevent the model from getting stuck in local
optima or diverging too far from the original distribution of
the supervised model.

During fine-tuning, a prompt is given to the base model
(a coding problem or optimization task) and it generates a
response. The reward function r(p, d) is then used to compute
a reward for the response either by running the generated code
or getting a reward from the reward model. The reward is then
used to compute the loss function Lp in Equation (6). The loss
is then used to update the base model’s parameters using PPO.
The process is repeated for a number of iterations T or until
the model converges. Figure 3 provides an overview of RLPF.

Fig. 3. The RLPF fine-tuning process. A prompt is given to the model and
a reward is calculated based on the code it generates. Additionally, the KL-
divergence between a reference model and the fine-tuned model is included in
the reward to prevent deviating too far from the original distribution. Finally,
PPO is used to update the model’s parameters based on the reward.
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RLPF Fine-Tuning Evaluation Metric: We measure the
success of RLPF using two metrics: the mean reward and the
magnitude of the KL-divergence over an evaluation dataset.
The mean reward indicates how well the model is able to
optimize the reward function. A higher mean reward is better
and indicates that the model is generating faster code. The
KL-divergence measures how far the fine-tuned model has
diverged from the supervised model. The absolute magnitude
of this is difficult to interpret, but it should be positive and
low to indicate the fine-tuned model is not diverging too far.

Convergence: There are two optimization problems in RLPF:
training the reward model rθ and fine-tuning the PPO policy.

Reward model. The loss in Equation (2) is a Bradley–Terry
style logistic loss on the scalar difference ∆rθ(p, df , ds) =
rθ(p, df ) − rθ(p, ds) with an additional margin µ(p, df , ds)
that is constant with respect to θ. This margin simply shifts
the logit and increases the penalty on pairs where the runtime
gap is large; it does not change the set of minimizers. As in
standard pairwise preference learning, any rθ that orders all
fast/slow pairs correctly with a sufficient separation achieves a
(near-)optimal value of Lr [?], [?]. In practice, because rθ is
a large neural network, the objective is non-convex, and, as is
standard in LLM preference modeling, we rely on empirical
convergence evidence to validate the reward model.

Policy optimization. The RL stage uses standard PPO with
a KL penalty, as given in Equation (6). We do not modify the
PPO update rule; RLPF only changes the scalar reward signal
r(p, d). Theoretical convergence properties therefore carry
over unchanged under the usual assumptions of PPO [10].

C. Direct Performance Alignment

In recent work, Rafailov et al. [5] demonstrated an alterna-
tive approach that does not use reinforcement learning to align
LLM outputs with certain properties. Their approach, called
Direct Preference Optimization (DPO), uses a derivation of
RLHF’s reward objective (similar to Equation (6)) to directly
update the model’s parameters to align with a reward signal,
rather than train a reward model and use RL. The derived loss
takes a similar form to the reward loss in Equation (2). This
DPO fine-tuning has many advantages over RLHF, such as
requiring less computation, being easier to implement, and is
generally more stable with less hyperparameters [5]. However,
some works still find that RL fine-tuning can outperform
DPO for certain tasks and datasets [?]. Thus, we adapt the
DPO approach to compare it with RLPF. We propose Direct
Performance Alignment (DPA), an adaptation of the training
procedure and loss function from [5] that takes into account
performance, to fine-tune an LLM to generate faster code. The
proposed loss function in DPA is shown in Equation (7).

Ld = − log σ

(
β log

πP (df | p)
πS(df | p)

− β log
πP (ds | p)
πS(ds | p)

− µ(p, df , ds)

)
(7)

predicted probabilities from fine-tuned model πP and
supervised model πS on fast (df ) and slow (ds) code

Like with the reward loss in Equation (2), we utilize the
adaptive margin µ from Equation (3) to scale the loss based
on the runtime of the fast and slow code samples. This loss
function can be used to fine-tune a base LLM to generate faster
code without using RL. To compute the loss, we need fast and
slow code pair model predictions from the model being fine-
tuned and a base reference model (the supervised model). Then
the loss from Equation (7) is used to update the weights of the
model being fine-tuned. This process is iteratively repeated for
a number of iterations T or until the model converges. This
DPA fine-tuning process is portrayed in Figure 4.

Fig. 4. The DPA fine-tuning process. The model being fine-tuned and a
reference model are used to generate probabilities for a fast and slow code
sample. These probabilities, combined with runtime data, are used to compute
a loss and update the model’s parameters.

DPA Fine-Tuning Evaluation Metric: The success of DPA
fine-tuning can be measured using a similar accuracy metric to
the reward model from RLPF. Since we do not have a direct
reward signal like in Equation (2), we can instead measure
how often the difference in log probabilities between the fine-
tuned model and the supervised model for the fast code, i.e.
log

πP (df |p)
πS(df |p) is greater than the log probability difference for

the slow code, i.e. log πP (ds|p)
πS(ds|p) . This is shown in Equation (8).

accdpa(X ) =
1

|X |
∑

(p,df ,ds)∈X

1

[
πP (df | p)
πS(df | p)

>
πP (ds | p)
πS(ds | p)

]
(8)

Convergence: DPA differs from DPO only by subtracting
an example-dependent margin µ(p, df , ds) from the Bradley–
Terry [?] logit in Equation (7). For each training triple
(p, df , ds), the DPO objective rewards the model when the log-
likelihood ratio between the fine-tuned and supervised models
is larger for the fast code than for the slow code, i.e.

log
πP (df | p)
πS(df | p)

− log
πP (ds | p)
πS(ds | p)

> 0.

Adding the margin simply tightens this condition to

log
πP (df | p)
πS(df | p)

− log
πP (ds | p)
πS(ds | p)

> µ(p, df , ds),

without changing the fixed points of the objective, since µ
does not depend on the model parameters. As a result, the
convergence analysis in [5], particularly Equations 6 and 7,
applies directly to DPA. Adding margins to monotone loss
functions is a common ML technique pre-dating LLMs [?].
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VI. EVALUATION TASKS

It is important to quantify how well the models do on down-
stream tasks after fine-tuning. In this section we present two
different tasks, code generation and optimization, to evaluate
how well the training methodologies in Section V improved
the LLMs ability to generate fast code. We further detail an
ablation study to motivate the use of synthetic data.

A. Code Generation

To evaluate the ability of the models to generate fast
code, we utilize two sets of coding problems. The first is a
subset of 100 coding contest problems from the CodeContests
dataset [?] that were removed from the training set. We can
provide the model with the problem statement and use it to
write a solution to the problem. We can then run the code and
measure both its correctness and performance. Correctness can
easily be tested using the problem’s provided unit tests.

In addition to the coding contest problems, we also evaluate
the models on the ParEval benchmark [3], which is a collection
of parallel code generation problems for evaluating the ability
of LLMs to generate correct and efficient parallel code. We
narrow our focus to a subset of 180 problems, namely the
serial, OpenMP [22], and MPI [23] problems. We include
OpenMP and MPI problems to evaluate the models’ ability
to generate fast parallel code. The problems in ParEval range
a wide variety of domains, such as linear algebra, graph
algorithms, sorting, etc. The problems are designed to be
challenging and require the generation of efficient code. The
ParEval benchmark provides a great way to test the LLMs on
problems unlike what is in their training data (coding contests).
This is the most important aspect of our benchmarking; we
include results across coding contests for completeness, but
demonstrating that the fine-tuned model can write fast com-
plex, parallel scientific code on previously unseen problems is
a key demonstration of our approaches’ efficacy.

Further benefits of using ParEval come from the selection
of problems it contains. ParEval is designed to test common
scientific kernels, such as iterative solvers, linear algebra,
graph algorithms, etc. They are intentionally designed to
mimic real world HPC scientific kernels. Thus, if a model is
able to generate fast code on these problems, or optimize them,
then it is likely it will be useful for single kernel optimization
in real-world applications. While optimizing HPC applications
often involves more than just single kernel optimization, the
ability to automatically optimize individual kernels is a crucial
first step towards building out full application methods.

Code Generation Evaluation Metrics: We evaluate the gen-
erated code on two metrics: correctness and performance.
To study correctness we adopt the popular pass@k metric
from Chen et al [1]. This metric measures the probability that
if an LLM is given k attempts to write a correct solution,
it will succeed. Equation 9 shows how this value can be
estimated using N generated samples from an LLM. Typically
the average pass@k over a set of prompts is reported and, as
LLMs have progressed, only the pass@1 value is reported. We
refer the reader to [1] for further discussion of pass@k.

pass@k =
1

| P |

∑
p∈ P

[
1−

(
N − cp

k

)
/

(
N

k

)]
(9)

Number of samples generated per prompt

Set of prompts
Number of correct
samples for prompt p

To evaluate the performance of the generated code, we use
the speedupn@k metric introduced by Nichols et al [3]. This
metric measures the expected max speedup over a baseline
implementation if the LLM is given k attempts to write a
solution. The speedupn@k metric is defined in Equation 10.
We refer the reader to [3] for a complete derivation of this
metric. For the coding contest problems, we use the median
submission runtime as the baseline. For the ParEval problems,
we use the baselines provided by the benchmark.

speedupn@k =
1

|P |
∑
p∈P

N∑
j=1

(
j−1
k−1

)(
N
k

) T ∗
p

Tp,j,n

(10)

runtime of sample j of prompt p on n processors

runtime of baseline for prompt p

B. Code Optimization

In addition to generating code, we also evaluate the ability
of the models to optimize existing code. This is accomplished
by providing a code snippet and instructing the model to
generate an optimized version of it. To evaluate this task we
use the functions in the PolyBench benchmark suite [24]. This
is comprised of 30 unique kernels that are typically used to test
compiler optimizations and auto-tuning tools. We provide an
existing kernel implementation to the LLM and instruct it to
generate an optimized implementation. We can then evaluate
the correctness and performance of the generated code.

Code Optimization Evaluation Metrics: We evaluate the
generated code on the same metrics as the code generation
task: correctness and performance. We use the same pass@k
metric (Equation (9)) to evaluate correctness. To evaluate
performance, we use speedupn@k (Equation (10)), except with
the baseline being the runtime of the original kernel.

C. Synthetic Data Ablation Study

Finally, we test our hypothesis that training on synthetic data
helps the models’ ability to generalize and prevents it from
over-fitting to code contest data. To accomplish this we train
the models exclusively on the code contests dataset Dc without
any of the synthetic dataset Ds. We then evaluate the models
on the code generation (Section VI-A) and code optimization
(Section VI-B) tasks. We compute the same pass@k and
speedupn@k metrics and compare the impact of the synthetic
data on the models’ performance. Of most interest is the
performance on the ParEval and PolyBench benchmarks, as
these are the most different from the training data.

VII. EXPERIMENTAL SETUP

Using the large performance dataset D from Section IV and
the training methodology introduced in Section V, we can



IEEE TRANSACTIONS OF PARALLEL AND DISTRIBUTED SYSTEMS 8

now fine-tune LLMs to generate faster code. Once fine-tuned,
these models can then be evaluated on the benchmarks detailed
in Section VI. This section details the base models for fine-
tuning, the data subsets for each fine-tuning task, how we
implement the fine-tuning process, and the experimental setup
used to evaluate the fine-tuned models.

A. Base Model for Fine-Tuning

Each of the training methodologies introduced in Section V
begins with a base LLM that has already been trained and fine-
tunes it further. We select the Deepseek-Coder 6.7B model [7]
as the base for the supervised fine-tuning (Section V-A). It is
a 6.7B parameter code LLM released by Deepseek-AI that
is trained on 2T tokens comprised of mostly code with a
context length of 16k tokens. We select this model due to
its good performance on code generation tasks [25] and due
to other works finding it a better base model for fine-tuning
than the popular CodeLlama models [8]. Furthermore, its
6.7B parameter size makes it tractable for end-users to use
to generate code themselves on consumer hardware. While
Deepseek-Coder is a strong base model for our studies, the
proposed methodologies can be applied to any existing code
LLM. To demonstrate this we also fine-tune Llama3.1-8B [?].

For the remaining two fine-tuning methods, RLPF and DPA,
we use the supervised fine-tuned deepseek model as the base.
This is in line with the methodologies in [4], [5] and ensures
that the model being aligned is within the distribution of the
text data it is trying to model. Additionally, we use Deepseek-
Coder 6.7B as the base for the reward model. The final set of
models used for comparison is shown in Table II.

TABLE II
MODELS USED FOR COMPARISON IN THIS PAPER.

Model Name Description Fine-Tuning
Methodology

DS Deepseek-Coder 6.7B base model —
DS+SFT DS after supervised fine-tuning Section V-A
DS+RLPF DS+SFT after RLPF fine-tuning Section V-B
DS+DPA DS+SFT after DPA fine-tuning Section V-C
LL Llama3.1-8B base model —
LL+SFT LL after supervised fine-tuning Section V-A
LL+RLPF LL+SFT after RLPF fine-tuning Section V-B
LL+DPA LL+SFT after DPA fine-tuning Section V-C

B. Data Setup

We fine-tune the LLMs using the dataset D from Section IV.
We set aside 100 contests from the CodeContests dataset for
the code generation evaluation task. The dataset is further split
into smaller datasets for each fine-tuning task. The supervised
fine-tuning dataset, DSFT, is comprised of 40% of the full
dataset, D, and the remaining 60% is used for the reinforce-
ment fine-tuning dataset, DRLPF, and the direct performance
alignment dataset, DDPA. These two datasets can be the same
since the alignment fine-tuning tasks are disjoint. The DRLPF
dataset is further split into 66% for the reward model dataset,
DREWARD, and 33% for the reinforcement learning dataset,
DRL. During each fine-tuning stage we set aside 5% of the
respective dataset for evaluation (i.e. 5% of DREWARD is set
aside to calculate the reward model accuracy after training).

All of the dataset splits are stratified so that the proportion of
code contest to synthetic data is equal to the original dataset.

When creating prompt, fast code, and slow code triplets
(p, df , ds) from Dc for RLPF and DPA fine-tuning, we select
df randomly from the top 5 fastest solutions. We then select ds
from the slowest 50% of the solutions. Additionally, a random
5% subset of slow solutions are replaced with an incorrect
solution. This is to ensure that the model is not just learning
to generate fast code, but also to avoid generating incorrect
code. We use the fast-slow code pairs from Ds for the triplet.

C. Fine-Tuning Setup

In order to implement the fine-tuning we extend the TRL
Python library [26]. TRL provides existing implementations
of RLHF and DPO, which we modify to use our custom
rewards, loss function, and datasets. We fine-tune the models
on a single node with four 80GB A100 GPUs and two AMD
EPYC 7763 CPUs. We detail our setup parameters here and
point the reader to [?], [4] for further conversation on RL
training setup nuances.

1) Supervised Fine-Tuning Hyperparameters: We fine-tune
the supervised model for three epochs over the DSFT dataset.
We use bfloat16 precision and a global batch size of 64 (1
sample per GPU and 16 gradient accumulation steps). To fine-
tune in parallel we make use of the PyTorch fully sharded
data parallelism (FSDP) implementation [27], which shards
model parameters across ranks to save memory. Furthermore,
we use the Adam optimizer [28] and an initial learning rate
of 1.41× 10−5 (the default in TRL [26]).

2) Reward Model Fine-Tuning Hyperparameters: The re-
ward model is fine-tuned with the same hyperparameters as
the supervised model (Section VII-C1), except it is fine-tuned
for only one epoch over the DREWARD dataset. We use a
max margin of λ = 3 for the margin function µ(p, df , ds).
Experimentally we found this max margin to limit the runtime
ratio from getting too large.

3) RLPF Fine-Tuning Hyperparameters: We fine-tune the
RLPF model for four PPO epochs over the DRL dataset. We
use a global batch size of four and a learning rate of 1.41 ×
10−5. The KL regularization coefficient is initialized to η =
0.1. When sampling outputs from the fine-tuned and reference
model we use sampling with a top-k of 0 and a top-p of 1.0.
All of these values are taken from best conventions in [26].

4) DPA Fine-Tuning Hyperparameters: The DPA model is
fine-tuned for 1 epoch over the DDPA dataset with a global
batch size of four. We employ a learning rate of 1 × 10−7

in the AdamW optimizer [29] (taken from [5], [26]). We
experimentally found β = 0.6 most stable for training.

D. Evaluation Setup

For the code generation tasks we use each of the LLMs
to generate code for the prompts in the evaluation subset of
Dc and ParEval. We generate 20 samples per prompt with
a temperature of 0.2 and a top-p of 0.95 following standard
practices LLM code benchmarks [3]. For the optimization task
we similarly generate 20 optimized versions of each kernel in
the PolyBench benchmark suite using each of the models.
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The generated code is run on a single AMD EPYC 7763
CPU. For the ParEval OpenMP tests we report results on
8 cores and use 512 ranks for the MPI tests. We use the
tests in CodeContests and ParEval to record correctness and
runtime of the generated code. For the optimized PolyBench
kernels we test correctness and runtime against the original
implementations. All runtimes are averaged over five runs.

Model Selection: As our main contribution is the fine-tuning
methodologies to align LLMs to generate faster code, our
primary comparisons are between the LLMs with different
fine-tuning methodologies applied to them. Each of these fine-
tuned LLMs are compared with the performance of (A) human
written baselines, (B) the base LLM, and (C) the other fine-
tuned LLMs. We do not include large commercial LLMs since
their weights are not open and, thus, we cannot apply our fine-
tuning methodologies to them and evaluate its impact.

VIII. RESULTS

With the fine-tuned models from Section V we now evaluate
their code generation abilities on the tasks in Section VI. This
section presents the results from fine-tuning and evaluation.

A. Fine-Tuning Results

Our training process ran on four 80GB A100 GPUs. The
SFT fine-tuning took approximately 12 hours, while DPA took
approximately 18 hours. RLPF took much longer with 6 hours
for reward model training and 34 hours for RL fine-tuning. In
general the DPA fine-tuning took less GPU memory as no
reward model needed to be stored in memory and was much
easier to fine-tune than RLPF. This is in line with similar
benefits from using DPO over RLHF [5].

We record the fine-tuning metrics on the 5% evaluation
datasets at the end of each fine-tuning step. The DS+SFT
model yields an evaluation perplexity of 1.62. It is generally
difficult to reason about specific perplexity values, but values
near 1 show a strong ability to model the underlying text dis-
tribution. Since perplexity is the exponential of cross-entropy
(see Equation (1)) a perplexity value of 1.62 means that the
cross-entropy between predicted probabilities is ≈ 0.48.

The RLPF reward model achieves a final evaluation accu-
racy of 93% after one epoch of training calculated using Equa-
tion (5). This means that in 93% of samples the model assigns
a higher reward signal to faster code than slower code. This
is a strong result as the success of RL-based LLM fine-tuning
is highly dependent on the quality of the reward model [?].
Using this reward model the DS+RLPF model is then able to
achieve a mean reward of 1.8 and a KL divergence of 0.29.
This means that DP-RLPF is getting a positive mean reward,
while maintaining a similar distribution to the original model.

Finally, we see that the DS+DPA model achieves an eval-
uation accuracy of 87% calculated as shown in Equation (8).
This is not as high as the RLPF reward model, but is still a
strong result. The log-probability difference between DS+DPA
and the reference model for fast code samples is greater than
for slow code samples in 87% of the evaluation dataset.

B. Code Generation Results

Figures 5 and 6 show the correctness and performance
results of each fine-tuned model on the code generation tasks.
We see a promising trend in pass@1 scores in Figure 5 where
the fine-tuned models improve in correctness over the baseline
model. The RLPF models show the most improvement across
all tasks. These improvements can be attributed to training over
more data and, in the case of the RLPF and DPA models,
using incorrect samples as negative rewards. Improving the
correctness of the models is a strong result considering that
the primary goal of this work is to improve the performance
while keeping the correctness levels the same.
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Fig. 5. Correctness results for each model on the code generation tasks.
Each of the fine-tuned models shows an improvement in correctness over the
baseline model with the RLPF models showing the most improvement.
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Fig. 6. Speedup results for each model on the code generation tasks. OpenMP
runtimes are on 8 cores and MPI runtimes are on 512 ranks. The RLPF models
are the best performing model across all benchmarks. “Best Human” shows
the speedup of the best human coding contest submission over the median.

Figure 6 further details the speedup results for each fine-
tuned model. We present the speedup results for OpenMP on
8 cores and MPI on 512 ranks with a sequential implemen-
tation as the baseline. Across all four benchmarks DS+RLPF
produces faster code than the other models. In the case of the
code contests and ParEval serial problems, the speedup1@1
value is easy to interpret. For instance, in the case of the serial
ParEval problems, DS+RLPF generates code with an expected
max speedup of 1.6x over the sequential baseline. We see the
same order of model performance across all the benchmarks
with DS+RLPF performing the best, followed by DS+DPA,
DS+SFT, and DS. The Llama models performed worse than
the Deepseek models, but the same trends hold.

We analyzed a random subset of 50 outputs from each
model to better understand how RLPF and DPA were able
to generate faster code. For coding contest problems, they
typically used better algorithms or data structures to improve
performance and often frequently used compiler intrinsics like
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vectorization or optimization hints. For OpenMP and MPI
problems, they made better use of the parallelisms constructs.
For example, standard DS frequently “handrolls” implemen-
tations of scan operations, while RLPF models would use the
native MPI Scan function for better performance.

Memory Usage Analysis: We recorded peak memory usage
during the runtime of each generated code sample. We find
little to no statistically significant difference in memory usage
from the original codes and between the different models. This
is due to most of the coding contest and ParEval problems we
optimized were functions that were passed already allocated
memory buffers. The optimizations did not need to change the
memory usage of the code to achieve better performance.

Energy Usage Analysis: Due to the fact that most product
HPC systems do not enable RAPL counters for users due to
security concerns, we were not able to collect power usage
data on the same machine as the code generation evaluation.
However, we were able to collect power on a separate Intel
Ultra 9 288V processor from a local machine to demonstrate
power results. We note that runtime trends on this processor
were similar to those presented later on the AMD EPYC CPU,
confirming the validity of the power usage data. From the
power usage data and runtimes we can estimate the energy
usage of each generated code sample. We find the average
energy usage across ParEval serial problems to be 1.35 mWh
for DS, 1.36 mWh for DS+SFT, 1.29 mWh for DS+DPA, and
1.27 mWh for DS+RLPF. There is little difference in energy
usage except for DPA and RLPF due to shorter runtimes.

Cross-Architecture Generalization: Table III shows the
speedup results for RLPF models on two different CPU ar-
chitectures: AMD EPYC 7763 and Intel Sapphire Rapids. We
observe that the models generalize well across architectures
achieving strong speedups on both systems. The speedup
values are similar between architectures, demonstrating that
the fine-tuned models learn performance optimizations that
transfer across different hardware platforms.

TABLE III
SPEEDUP@1 RESULTS FOR RLPF MODELS ON AMD EPYC 7763 AND

INTEL SAPPHIRE RAPIDS ARCHITECTURES.

Model CodeContests ParEval
MPI OpenMP Serial

AMD EPYC 7763
DS+RLPF 18.5 14.8 4.5 1.6
LL+RLPF 15.2 10.4 3.9 1.5

Intel Sapphire Rapids
DS+RLPF 17.2 12.7 4.9 1.3
LL+RLPF 12.0 8.6 4.4 1.3

C. Code Optimization Results

Figure 7 shows the correctness and performance results
when using the fine-tuned models to optimize PolyBench
kernels. DS is omitted because it is only a code completion
model and was not trained to optimize code inputs. We
first see that all three fine-tuned models transform the input
code to a correct output code with relatively high accuracy.
While provably correct compiler optimizations may seem more

/* Output from baseline DS model */
float dot(const float* y, const float* x, int n) {
float acc = 0.0f;
for (int i = 0; i < n; ++i) {
acc += y[i] * x[i];

}
return acc;

}

/* Output from DS+RLPF model */
float dot(const float* __restrict y, const float* __restrict

x, int n) {↪→
float acc = 0.0f;
#pragma omp parallel for simd reduction(+:acc)
for (int i = 0; i < n; ++i) {
acc += y[i] * x[i];

}
return acc;

}
Listing 1: Example of outputs from the baseline DS and
DS+RLPF models. The base DS model, when prompted for
a dot product implementation, typically gives the canonical
C/C++ dot implementation. The DS+RLPF model, on the other
hand, outputs a much faster implementation by default.

desirable, LLM optimizations can be applied at a higher
level of abstraction and include natural language comments
to explain the transformation to a developer.
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Fig. 7. pass@1 (left) and speedup1@1 (right) results for optimizing
PolyBench kernels. The distribution of speedup values over the 30 benchmarks
is shown on the right. DS+RLPF has further outliers at 11.6 and 22.4.

We show the distribution of speedup1@1 per PolyBench
benchmark in Figure 7 rather than an average to highlight the
spread of results. The speedup results show that DS+RLPF is
the best performing model. It is able to produce an expected
max speedup greater than 1 in 26 out of the 30 benchmarks. In
the case of the 3mm kernel (three matrix multiplies) it is able
to get up to 22.4x expected speedup. As in Section VIII-B, we
sample 50 optimizations from each model to analyze by hand.
Many of the optimizations come from loop unrolling and/or
cache friendly data access patterns.

Listing 1 shows an example of the different outputs between
a baseline model and the RLPF model. The baseline, while
not incorrect, tends to produce a canonical C/C++ dot product
implementation. The RLPF model, on the other hand, will
default to generating a much faster implementation by using
OpenMP parallelism and SIMD vectorization.

D. Synthetic Data Ablation Study Results

We further highlight the use of synthetic data in the fine-
tuning process in Figures 8 and 9. Results for DS+RLPF
are shown since it is the best performing model. We see a



IEEE TRANSACTIONS OF PARALLEL AND DISTRIBUTED SYSTEMS 11

general improvement in both correctness and performance of
generated code when incorporating synthetic data versus fine-
tuning on just coding contest data. Correctness improves for
all benchmarks (Figure 8) and, notably, even improves on
the coding contest benchmarks. The synthetic data is able to
improve generalization even within the coding contest domain.
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Fig. 8. pass@1 results for DS+RLPF on each task with and without synthetic
data in the fine-tuning dataset. For all tasks, the model fine-tuned on synthetic
data produces correct code at a higher rate.

The speedup results in Figure 9 show that fine-tuning with
synthetic data also helps the models produce faster code. Only
in the case of the coding contests and ParEval serial problems
do we see a decrease or no change in speedupn@1. However,
these differences are small. The performance increases for
OpenMP, MPI, and PolyBench are much more significant.
incorporating synthetic performance data into the fine-tuning
process has prevented the models from overfitting code contest
data and enabled them to generalize better to new tasks.
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Fig. 9. speedupn@1 results for DS+RLPF with and without synthetic data
in the fine-tuning dataset. For OpenMP, MPI, and PolyBench tasks, the model
fine-tuned on synthetic data produces faster code, while the coding contest
and ParEval serial problems show a slight decrease or no change.

IX. RELATED WORK

In this section we detail relevant works that study LLMs
for HPC and parallel code or use RL to align LLMs for code.

LLMs, like OpenAI Codex [1] and DeepSeek [7] are
revolutionizing how developers approach their coding tasks.
These models are trained on vast datasets that include code
repositories, documentation, high quality programming prob-
lems and solutions. They have shown incredible potential in
many software-related tasks.

In HPC, researchers are particularly interested in using
LLMs for generating parallel code [2], [3], [30]. Nichols

et al. [2] proposed HPCCoder, a model fine-tuned on HPC
data, to generate parallel code, label OpenMP pragmas, and
predict performance. Chen et al. designed the LM4HPC [30]
framework to facilitate the research and development of HPC
software and proposed OMPGPT [31] for generating OpenMP
pragmas. Despite their popularity, LLMs still struggle at gener-
ating efficient code [3]. Our work addresses this shortcoming.

While RLHF [?] has been critical for boosting the perfor-
mance of LLMs by incorporating human feedback into the
reward model [5], it is not specialized to code and furthermore
does not consider performance. Another work by Mankowitz
et al. [32] trains a deep RL agent, AlphaDev, to discover
sorting algorithms that outperformed previously known human
benchmarks. However, the training process is limited to a
single algorithm at a time and does not yield a model that
can generate fast code for general problems. To address this
gap and enable LLMs to generate faster versions of general
code, we introduced RLPF and DPA.

Further works have explored alternatives to RLHF for RL
on LLMs. GRPO [?] uses a group reward across many reward
signals and finds that it yields better convergence. These works
are tangential to ours as you could theoretically substitute
different RL techniques into our data and reward approach.

X. LIMITATIONS

The models are trained and evaluated on C++, Java, and
Python, and the parallel experiments use OpenMP and MPI
running on a CPU architecture, so the results may not directly
transfer to other languages or accelerators (e.g., GPUs). How-
ever, we note that accelerating parallel CPU code for three of
the most common programming languages is already a signif-
icant result. There are also threats to internal and construct va-
lidity. Correctness is assessed using available test suites, which
may not fully cover the space of legal inputs. Furthermore,
while we take care to evaluate our models on distributions
outside of their training data, it is possible that some evaluation
distributions may see lower performance improvements. We
believe that the ParEval unit tests are sufficiently strong to
catch correctness errors and the problems cover a wide range
of scientific kernels with over 420 problems.

XI. DISCUSSION

As presented in Section IX, there has been preliminary work
into evaluating the performance of LLM generated code and
constructing large agentic frameworks to design new algo-
rithms and faster solutions. However, little work has actually
explored aligning model weights with a more performance-
oriented objective, such that the model can now yield faster
code solutions by default. The proposed models in this work
are tangential to works that explore large agentic solutions
as the models yielded in this work can be high performing
components within such systems. Furthermore, this work tries
to address the more fundamental problem of single and/or few
function optimization, which prior work [3] has shown that
LLMs still struggle with. This is an essential problem to solve
before LLMs are ready to handle full application optimization.
Recent work [33] has shown that LLM software engineering
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agents cannot even solve simple tasks in small HPC code
repositories, much less for larger, full applications.

The importance of this work, thus, lies in its capability
to align existing models to generate faster code. While fine-
tuning techniques exist for model alignment they are not read-
ily applicable to performance-oriented tasks. These techniques
require large amounts of data to train, which is difficult to
obtain for performance data without significantly sacrificing
the generality of the data. Furthermore, HPC code is a low-
resource domain, meaning that performance-oriented data is
even more scarce. A main contribution of this work is the
insight to combine large scale performance data with more
general synthetic data to deal with scarcity. Furthermore, novel
reward functions are introduced to handle the combination of
real performance runtimes and latent reward signals from a
model. Finally, while coding contest problems are included
in the evaluation for completeness’ sake, the crux of the
evaluation is in the ParEval and PolyBench tasks, which are
designed to contain realistic single and few function code tasks
from the HPC and compiler domains.

XII. CONCLUSION

In this paper, we have explored fine-tuning LLMs to learn
code structures and patterns that lead to better performance.
To accomplish this, we first collected a large performance
dataset from coding contests and extended it with synthetically
generated samples to cover a wider code distribution. We
then introduced two novel fine-tuning methodologies, RLPF
and DPA, that align LLMs with faster code outputs. We
have demonstrated that such techniques increase the expected
performance of generated code over baseline LLMs while
maintaining correctness for both serial and parallel codes. Our
results demonstrate that we can fine-tune existing code LLMs
to generate faster code than previously capable.
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