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Abstract—Automatic software system optimization can im-
prove software speed, reduce operating costs, and save energy,
but real deployments rarely optimize a single metric as de-
velopers must navigate trade-offs across performance, memory,
readability, and other constraints that vary by workload and user
preference. Traditional approaches rely on manual tuning and
compiler heuristics, while recent Large Language Model (LLM)-
based optimizers often struggle to represent multi-objective
priorities in a controllable way across diverse settings. However,
there remains a lack of methods that can robustly encode and
adapt to varying multi-objective trade-offs within a single, unified
optimization framework.

Our system, Hydra, provides an end-to-end workflow that
measures multiple objectives on candidate implementations and
uses those measurements to fine-tune an LLM with Direct
Preference Optimization (DPO), producing an optimizer that can
adapt to different trade-offs. Given alternative implementations
for the same task, the pipeline samples per-example objective
weights, materializes a structured JSONL dataset, executes can-
didates to collect objective-specific measurements via profilers or
host metrics, normalizes measurements into comparable reward
components, and aggregates them into a weighted reward to label
winner/loser pairs for DPO training. We validate the pipeline’s
end-to-end functionality on small-scale examples and describe
ongoing work toward a systematic evaluation, along with the
expected limitations and challenges of applying the approach to
complex applications.

Index Terms—Software Optimization, Large Language Mod-
els, Preference Learning, Reinforcement Learning

I. INTRODUCTION

Software optimization in real-world systems is inherently
multi-objective: developers must balance trade-offs across
runtime, memory usage, energy consumption, and other con-
straints that vary by workload and user preference. These
trade-offs have direct consequences for reliability [1], user
experience [2], energy consumption [3]–[5], and long-term
sustainability [6]. Performance failures can lead to costly
downtime and increased security risks [7]–[9], while data
centers already account for 3-4% of electricity consumption
in major regions [10]–[12]. Despite this, optimization is often

deprioritized in practice due to competing demands such as
rapid development and time-to-market [13], and is typically
addressed only when bottlenecks become critical [14].

Existing approaches to Multi-Objective Software Optimiza-
tion (MOSO) remain limited. Traditional techniques, including
compiler optimizations [15], algorithmic improvements [16],
and hardware-aware tuning [17], require significant manual
effort and are not designed to flexibly adapt to changing trade-
offs across objectives. Recent LLM-based systems demon-
strate strong performance improvements, but lack explicit
mechanisms for controllable preference learning across multi-
ple objectives [18]. Other approaches incorporate preference
learning via reinforcement learning or preference optimization
(e.g., DPO/GRPO), but rely on online training loops that are
computationally expensive [19]. As a result, existing methods
either lack flexible multi-objective preference control or incur
significant training overhead.

In modern computing systems, optimization targets are in-
herently multi-dimensional, spanning metrics such as runtime,
memory usage, energy consumption, CPU cycles, and through-
put, with priorities that vary across use cases. To address
this, we frame MOSO as a preference learning problem and
introduce Hydra, which leverages Direct Preference Optimiza-
tion (DPO) to train an LLM to distinguish between better
and worse implementations under varying objective trade-offs.
By constructing preference pairs from measured performance
across multiple metrics, the model learns to favor implemen-
tations that align with sampled objective weights, effectively
moving toward desirable optimizations while avoiding inferior
ones. This enables the system to understand multi-objective
trade-offs and adapt its optimization behavior at inference
time.

We evaluate Hydra on the PIE dataset, using diverse pro-
gramming tasks with multiple candidate implementations to
assess optimization quality across five metrics: runtime, energy
consumption, memory usage, CPU cycles, and throughput. We
also evaluate the performance of existing LLM-based opti-



mization baselines, including Efficoder and GPT-5.4. Finally,
we present results demonstrating the feasibility of our pipeline
along with a discussion of expected challenges and limitations.

II. BACKGROUND

Reinforcement Learning (RL) for code generation and opti-
mization presents an opportunity to address the limitations of
non-AI-based and some alternative AI-based approaches. Prior
RL works can be broadly categorized into the following two
groups: 1) Direct RL and 2) Preference/Ranking Optimization.

A. Direct Reinforcement Learning

Direct RL methods leverage techniques including Actor-
Critic Networks and Proximal Policy Optimization (PPO)
to enhance code generation and optimization performance.
For example, CodeRL uses the actor-critic framework and
incorporates feedback from unit test case results [20]. A
pre-trained LLM functions as the actor and generates code
according to the problem specifications, while a separate critic
network learns to predict the functional correctness of the code
given reward signals from running unit tests. Although this
approach helps reduce logical and syntactical errors in the
optimized code, its reward signals are limited to functional
correctness, and the training process is computationally expen-
sive. PPOCoder similarly leverages the actor-critic paradigm,
but introduces PPO with a clipped objective function to
prevent significant policy updates and substantial deviations
from the original pre-trained LLM [21]. This method provides
denser reward signals compared to CodeRL by incorporat-
ing compiler feedback, syntactic matching scores, semantic
matching scores, and a KL-Divergence penalty to facilitate the
actor’s policy updates. The use of PPO increases stability and
generalization during training, but the use of a KL-Divergence
penalty potentially hinders policy exploration.

B. Preference Optimization

Preference/Ranking Optimization methods rely heavily on
Direct Preference Optimization (DPO) or variations of it to
perform preference learning and avoid bottlenecks found in
traditional RL. CodeDPO establishes preference relations be-
tween code snippets based on functional correctness and code
performance [22]. These preference labels guide the LLM’s
code generation, increasing the probability of generating code
aligned with the preferred priors. However, CodeDPO relies
on a custom PageRank algorithm when generating preference
labels, limiting its generalizability. Other approaches modify
DPO to create RLPF (Reinforcement Learning with Perfor-
mance Feedback) and Direct Performance Alignment (DPA)
[23]. DPA treats code generation as a preference optimization
problem, allowing the model to learn to differentiate between
”fast” and ”slow” code during training. Although this method
obviates the need for an explicit reward model, which may
suffer from complex reward shaping, its formulation limits it
to the ”fast” and ”slow” pairwise code representations.

Metric Units Description
Functional Correctness Pass/Fail Code must compile and pass all tests; ensures se-

mantic preservation.
Runtime ms Total execution time of the program from start to

finish.
Memory Usage KB Peak memory consumption during execution, indi-

cating efficiency of memory management.
CPU Cycles – Total number of CPU cycles consumed, providing a

hardware-level measure of efficiency.
Throughput – Work completed per unit time; relevant for streaming

or batch workloads.
Energy Consumption Joules Power usage recorded using Intel’s RAPL interface,

capturing energy efficiency.

TABLE I
QUANTITATIVE METRICS FOR EVALUATING SOURCE CODE OPTIMIZATION.

III. PROBLEM DEFINITION

A. Problem Statement

We study the problem of multi-objective software optimiza-
tion. Given an input program C consisting of a function or
class, the goal is to produce an optimized program C ′ that
is functionally equivalent to C while improving its measured
efficiency across a set of system-level objectives. These objec-
tives include runtime, memory usage, CPU cycles, throughput,
and energy consumption.

A valid solution must satisfy two requirements. First, it
must preserve the semantics of the original program: for the
same valid inputs, C ′ must produce the same outputs as
C. Second, it should improve or maintain performance with
respect to one or more target metrics, depending on the desired
optimization preference. Since these objectives may conflict
with one another, the optimization task is inherently multi-
objective rather than a single-metric maximization problem.

Formally, let m(C) = [m1(C),m2(C), . . . ,mK(C)] denote
the vector of measured performance metrics for program C,
where each mk corresponds to a metric such as runtime,
memory usage, CPU cycles, throughput, or energy consump-
tion. Given a user-specified or sampled preference vector
w = [w1, w2, . . . , wK ], where wk ≥ 0 and

∑K
k=1 wk = 1,

the objective is to generate a functionally equivalent program
C ′ that achieves a better weighted performance score than the
original program under w.

B. Evaluation Metrics

To evaluate the effectiveness of our proposed model for
source code optimization, we consider a comprehensive set of
quantitative and qualitative metrics. These metrics capture not
only the performance and efficiency of the optimized code but
also its functional correctness and long-term maintainability.

1) Functional Correctness: The most fundamental require-
ment of code optimization is that the transformed code pre-
serves the semantics of the original program. Any optimization
that alters functionality is invalid. We measure correctness as
a binary pass/fail outcome, where code is considered correct
only if it both compiles and passes an established suite of test
cases. This ensures that improvements in performance are not
achieved at the cost of correctness.



Fig. 1. Framework overview of Hydra

2) Runtime Performance Metrics: We employ several run-
time metrics to quantify execution efficiency. Table I summa-
rizes the metrics used.

3) Maintainability: While runtime performance is critical,
overly aggressive optimizations often reduce code readability
and interpretability. Transformations such as loop unrolling,
tiling, or removal of syntactic sugar may hinder long-term
maintainability. To account for this, we may evaluate code
quality using large language models (LLMs) as automated
reviewers. Optimized code is scored against existing industry
coding standards to assess legibility, style adherence, and
maintainability using metrics such as cyclomatic complexity.
This ensures that the optimization process does not compro-
mise future adaptability and developer productivity.

IV. METHODOLOGY

As shown above, Figure 1 illustrates the entire Hydra
workflow, inspired by [24].

A. Stage 1: Dataset Construction

Hydra relies on a dataset containing pairs of functionally
equivalent program submissions for programming tasks. Each
pair consists of two implementations that produce correct
outputs but differ in their implementation and performance
characteristics. During training, we sample code-submission
pairs for the same problem. The LLM does not generate code
during training. Instead, the LLM is trained entirely offline
using pre-existing code pairs. This design choice significantly
reduces computational overhead and eliminates the need for
code execution and correctness verification.

B. Stage 2: Preference Modeling via Dirichlet Distribution
Sampling

To capture the diversity of optimization objectives typically
encountered in real-world scenarios, we represent optimization
preferences as a weight vector spanning multiple performance
metrics. Let there be M metrics of interest, such as runtime,

memory usage, CPU cycles, throughput, and energy consump-
tion. We model user preferences as a probability simplex over
these metrics and sample a preference vector

w = (w1, w2, . . . , wM )

from a Dirichlet distribution parameterized by concentration
parameters

α = (α1, α2, . . . , αM ).

The magnitude of an entry in α corresponds to the weight
that particular metric receives in w. The Dirichlet distribution
ensures that the sampled weights sum to one, allowing them
to be considered as relative importance values. The Dirichlet
distribution is defined as

w ∼ Dirichlet(α), p(w | α) =
1

B(α)

M∏
i=1

wαi−1
i ,

where B(α) is the multivariate Beta function. By varying
α, the distribution can represent balanced preferences across
all metrics, preferences that place high importance on a single
metric, or intermediate preferences. Sampling from this distri-
bution introduces stochasticity and diversity into the training
data, thereby exposing the model to different optimization
scenarios while avoiding overfitting to a single objective.

C. Stage 3: Profiling Code and Constructing Performance
Vectors

Each code submission, Ci, in a given code pair is executed
and profiled across the M metrics. Let vi = (vi,1, . . . , vi,M )
denote the raw performance vector. The vector is normalized
using a Sigmoid function to map all metric values to be in the
[0, 1] range:

ṽi = σ(vi) =
1

1 + exp(−vi)
,

where the Sigmoid function σ(·) is applied element-wise.
The aggregate reward for code Ci given a sampled prefer-

ence vector w from Stage 2 is then computed as the weighted
sum of normalized metric values:

Ri = w · ṽi =

M∑
k=1

wkṽi,k.



For each code pair (Ci, Cj), the submission with higher
reward is labeled as the winner, Cw, and the other as the
loser, Cℓ. This information is provided to the next stage for
calculating the DPO loss.

D. Stage 4: DPO Loss Calculation and LLM Fine-Tuning

We begin with an LLM and create two copies. The first is
simply the original model, i.e., the reference model πref. The
second is the policy model, which will be fine-tuned, πθ. The
DPO loss for a winner-loser pair (Cw, Cℓ) can be written as:

LDPO(θ) = − log σ

(
β
[
log

πθ(Cw | x)
πref(Cw | x)

−log πθ(Cℓ | x)
πref(Cℓ | x)

])
,

where:
• πθ(C | x) is the probability of the code C given prompt

x using the current LLM being fine-tuned,
• πref(C | x) is the probability under the static reference

model,
• β is a temperature/scaling parameter controlling the

sharpness of the preference signal,
• σ(z) = 1

1+e−z is the sigmoid function.
The parameters of the LLM are then updated via Gradient

Descent:

θ ← θ − η∇θLDPO(θ),

where η is the learning rate.

E. Stage 5: Adaptive Dirichlet Distribution Sampling

We introduce a novel adaptive sampling module to guide
the preference sampling towards metrics where the model
is under-performing. We first classify a sampled preference
vector w into a region r ∈ {1, . . . ,M, balanced} based on the
metric that dominates:

r =

{
k, if wk > threshold
M + 1, otherwise (balanced region)

For each region r, we compute a loss Lr, representing
the model’s performance given that preference vector. Over
S samples in an epoch, the average loss per region is:

L̄r =
1

|Sr|
∑
i∈Sr

L(i)
r ,

where Sr is the set of samples classified into region r.
Next, we calculate the mean loss across all regions:

L̄global =
1

R

R∑
r=1

L̄r,

where R is the total number of regions.
Finally, the Dirichlet concentration parameters α =

(α1, . . . , αR) are updated based on the deviation of each
region’s average loss from the global mean. This effectively
performs Gradient Descent where the gradient is represented
by the difference between the two loss terms:

αr ← clip
(
αr · exp

(
η (L̄r − L̄global)

)
, αmin, αmax

)
,

where η is a step size, and αmin and αmax are lower and
upper bounds.

This update rule increases αr for regions where the LLM
performs below average, thereby increasing the probability of
sampling preference vectors that emphasize under-performing
metrics in the next epoch. Additionally, regions with below-
average loss have their weights reduced, resulting in more
focused training on metrics with weaker performance. After
this update step, the following training iteration begins with
the newly calculated Dirichlet concentration parameters.

F. Implementation:

For Stage 1, we utilized the PIE dataset for its format of
optimized-unoptimized code pairs. This static dataset allows
for offline training as specified in Stage 1. In our implemen-
tation of Stage 4, we started with the open-source model
CodeQwen-1.5-7B-Chat using QLoRA, loaded in 4-bit NF4
with double quantization and kept frozen, as discussed earlier
in this paper.

V. EXPERIMENTS

A. Evaluating Hydra

We conduct experiments using code optimization pairs
derived from the PIE dataset, which provides pairs of function-
ally equivalent implementations with differing performance
characteristics. Each pair consists of a slower reference im-
plementation and a faster alternative for the same task. In
our experiments, we focus on Python code pairs to evaluate
multi-objective inference-time optimization behavior across
five system-level metrics: latency, memory usage, CPU cycles,
throughput, and energy consumption.

Experiments use the enriched PIE Python split, where raw
program pairs are scored across all five target metrics. The
raw split contains 36,857 Python entries, and after enrichment
and filtering, 35,752 usable preference pairs are used for DPO
training. Each pair includes latency, peak memory usage, CPU
cycles, throughput, and estimated energy. Energy is estimated
using CPU cycles as cycles × 2.5×10−10 J. This enriched
dataset provides broader metric coverage than the earlier
limited-metric setup, allowing the model to learn from multiple
system-level optimization signals simultaneously.

Importantly, although all five metrics are present, they do
not contribute equally to learning. Some metrics, such as
latency, CPU cycles, throughput, and energy, provide stronger
and more consistent preference signals, while memory usage
is noisier and less reliable. This dataset property creates
a challenging multi-objective setting where a well-designed
framework must automatically identify and prioritize informa-
tive objectives without manual weight tuning.

To evaluate generalization, we construct held-out evaluation
examples that are not used during training. This prevents
memorization of specific code variants and instead evaluates



whether learned optimization behavior transfers to unseen
programs with different inefficiency patterns.

B. Training

We fine-tune a pretrained code model, Qwen2.5-Coder-7B-
Instruct, using Direct Preference Optimization (DPO) with
LoRA adapters under a 4-bit NF4 QLoRA setup. The en-
hanced training run starts from a warm-start checkpoint trained
on an earlier preference dataset and continues on the enriched
Python preference pairs. The run is configured for up to 72,000
DPO steps using a learning rate of 2×10−6, β = 0.015, and an
adaptive Dirichlet learning rate of 0.002. The Dirichlet concen-
tration parameters are clipped to [αmin, αmax] = [0.75, 1.5].

Training is performed on a single NVIDIA A100 80 GB
GPU using SLURM. Because long training jobs may be
interrupted by scheduler time limits, the pipeline supports
checkpoint resumption across multiple job slices. This allows
training to continue from the latest saved state without dis-
carding previous progress.

We compare two frameworks under identical settings. The
Base Framework samples a Dirichlet weight vector once at
dataset construction time and keeps it fixed throughout train-
ing. The Enhanced Framework samples weights per batch from
a Dirichlet distribution parameterized by a learnable α vector,
which is updated online using per-metric advantage signals.
This baseline is intentionally chosen as a controlled ablation:
both frameworks share the same model, data, and optimization
settings, differing only in whether objective weights are static
or adaptive. This isolates the contribution of adaptive Dirichlet
sampling and α updates.

In the enhanced framework, preference labels are recom-
puted at each step using the current weights, allowing win-
ner/loser assignments to evolve over training. This introduces
an implicit curriculum where objectives with strong learning
signals are emphasized, while weaker or noisier objectives are
suppressed.

We track several internal signals to characterize learning
dynamics. The DPO loss measures how well the policy assigns
higher likelihood to preferred implementations relative to the
reference model. The policy–reference divergence quantifies
how far the learned policy deviates from the base model,
serving as an indicator of stability and overfitting risk. Finally,
we track per-metric advantage deltas ∆k, which measure
step-wise improvement for each objective. Unlike aggregate
advantage, ∆k reveals which metrics contribute to learning and
whether the adaptive mechanism correctly shifts focus toward
informative objectives over time.

C. Evaluation

We evaluate both frameworks at two levels: training-level
behavior and inference-level performance on a held-out bench-
mark.

At the training level, we record DPO loss, policy–reference
divergence, Dirichlet α trajectories, and per-metric advantage
deltas throughout training. These signals are used to assess

optimization stability, preference learning progress, and the
behavior of the adaptive weighting mechanism.

At the inference level, we evaluate the trained model
on seven held-out Python programs designed to represent
common inefficiency patterns. These include closed-form al-
gebraic simplification, nested-loop reduction, inefficient list
construction, repeated string concatenation, manual dictionary
counting, unnecessary file reads, and redundant sorting. This
benchmark is designed to reflect realistic Python optimization
scenarios rather than synthetic training conditions.

For each program, we compare the original and optimized
implementations across all five system-level metrics: latency,
peak memory usage, CPU cycles, throughput, and estimated
energy consumption. Latency is measured using repeated wall-
clock trials, memory is measured using peak allocation statis-
tics, CPU cycles are collected using hardware performance
counters, throughput is reported as function calls per second,
and energy is estimated from CPU cycles. These metrics
provide an external measure of optimization quality and allow
us to assess whether improvements observed during training
translate to meaningful performance gains at inference time.

Correctness is verified using deterministic test cases for each
generated program. Since the small correctness benchmark is
saturated by the evaluated models, correctness alone is not
sufficient to distinguish optimization quality. Therefore, our
evaluation focuses on whether functionally correct outputs also
improve measured system-level performance.

This evaluation protocol enables us to compare the Base
and Enhanced frameworks in terms of both learning dynamics
and their ability to generalize optimization behavior to unseen
Python programs, while isolating the impact of adaptive multi-
objective preference weighting.

D. Empirical Study to Evaluate Baselines

1) Empirical Study Goals: In our efforts to develop a com-
prehensive study comparing our approach with other baselines,
our first step was to conduct a smaller-scale empirical study.
The primary goal of this study was to evaluate how leading
code generation models respond to optimization objectives in-
volving competing performance tradeoffs, specifically, runtime
efficiency versus memory efficiency. Rather than evaluating
only functional correctness, our objective was to measure
whether different prompting objectives produce distinct op-
timization behaviors that form a meaningful runtime–memory
tradeoff frontier.

Specifically, we investigated the following research ques-
tions:
• Can prompting alone steer LLMs toward different op-

timization objectives, such as runtime optimization, memory
optimization, or balanced optimization?
• Do different granularities of the prompts (minimal versus

detailed prompts) affect the optimization quality?
• How do open-source code optimization models compare

against frontier proprietary models?



• Do existing state-of-the-art baselines naturally exhibit
Pareto-style tradeoff behavior across runtime and memory
objectives?

To answer these questions, we conducted a study using ex-
isting optimization baselines, including GPT-5.4 and Efficoder.

2) Baselines Tested: We used GPT-5.4 as a strong frontier-
model baseline for code optimization tasks. The model was
prompted directly to optimize code under different optimiza-
tion objectives.

We also evaluated Efficoder, an optimization-focused open-
source model. Following the methodology described in the
original work, we fine-tuned a Qwen2.5-Coder-7B-Instruct
backbone model using the author’s precise training pipeline
on their custom EffiInstruct code optimization dataset.

3) Benchmark Tasks: Experiments were conducted on the
HumanEval code generation benchmark. For each task, mod-
els were asked to generate optimized implementations while
preserving the original program behavior.

Each model was evaluated under three optimization objec-
tives: Runtime-focused optimization, Memory-focused opti-
mization, and Balanced optimization.

Additionally, two prompt granularities were evaluated: 1)
Minimal prompts: short instructions specifying only the op-
timization objective. 2) Detailed prompts: longer prompts
explicitly describing behavioral constraints and including op-
timization suggestions.

This resulted in six prompting configurations per model: 1)
Runtime-Minimal, 2) Runtime-Detailed, 3) Memory-Minimal,
4) Memory-Detailed, 5) Balanced-Minimal, 6) Balanced-
Detailed.

For each of these tasks, the runtime was measured using
wall-clock execution time averages across repeated executions.
Memory usage was measured using the GNU time utility,
which reports maximum resident set size (RSS).

VI. RESULTS AND ANALYSIS

A. Analysis of the Baseline Methods’ Performance

Figures 2 and 3 compare the runtime-memory tradeoffs from
GPT-5.4 and Efficoder using both the detailed and minimal
prompting strategies. Each point represents the average run-
time and memory usage across tasks that successfully passed
the functional correctness check. Lower-left positions indicate
better overall performance.

Across both prompting strategies, GPT-5.4 consistently
achieved substantially lower runtime and memory usage than
Efficoder. The gap was especially evident for runtime, where
GPT-5.4 reduced average execution time while also maintain-
ing lower memory consumption. These results reinforced that
frontier LLMs can perform strong optimization behaviors even
without task-specific fine-tuning.

However, the objective-specific prompting did not produce
a clean Pareto frontier. Prompts explicitly targeting memory
optimization did not achieve the lowest memory usage, and
runtime-focused prompts did not always minimize execution
time. This behavior was observed for both GPT-5.4 and
Efficoder. This indicates that current LLMs do not reliably

Fig. 2. Runtime vs Memory Pareto Frontiers for Detailed Prompts

Fig. 3. Runtime vs Memory Pareto Frontiers for Minimal Prompts

separate optimization objectives through prompting alone,
even when prompts are explicitly designed around runtime,
memory, or balanced optimization.

Despite this, the balanced prompts frequently produced the
strongest overall results, suggesting that models may implicitly
optimize for general code quality rather than strictly adhering
to a single optimization target. This behavior was particularly
visible for GPT-5.4, where the runtime, memory, and balanced
data points clustered closely together despite differing opti-
mization instructions.

Additionally, the detailed prompting strategy generally
shifted results toward lower memory usage values compared
to the minimal prompting strategy, as seen by the leftward
movement of points along the x-axis. This trend suggests that
providing more explicit optimization guidance may help both
frontier and smaller fine-tuned LLMs generate more efficient
code.

Table II takes the results from the earlier Pareto analysis
and presents them with more detail in tabular form. GPT-
5.4 outperforms Efficoder on every metric in every condition,
achieving substantially lower post-optimization runtimes and



TABLE II
EFFICODER VS. GPT-5.4 AVERAGE BEFORE/AFTER METRICS. COMPUTED ON COMMON SUCCESSFUL TASKS (N) OUT OF 163 TOTAL; BEFORE VALUES

USE A SHARED AVERAGED BASELINE.

Objective Model Detail N
Runtime

Before (ms)
Runtime

After (ms)
Runtime

Ratio
Memory

Before (MiB)
Memory

After (MiB)
Memory

Ratio

Runtime

Efficoder minimal 74 203.338 215.600 0.950 9.864 10.257 0.892
GPT-5.4 minimal 74 203.338 147.616 1.412 9.864 9.865 1.000

Efficoder detailed 78 224.098 202.473 1.062 9.094 9.264 0.942
GPT-5.4 detailed 78 224.098 150.931 1.516 9.094 9.105 0.998

Memory

Efficoder minimal 70 208.496 205.265 0.950 10.473 10.696 0.948
GPT-5.4 minimal 70 208.496 151.442 1.428 10.473 10.545 0.999

Efficoder detailed 68 257.613 234.339 1.032 14.181 14.305 0.966
GPT-5.4 detailed 68 257.613 160.941 1.628 14.181 14.215 0.999

Balanced

Efficoder minimal 64 323.077 178.601 1.768 7.843 8.223 0.901
GPT-5.4 minimal 64 323.077 144.835 2.211 7.843 7.844 0.999

Efficoder detailed 61 206.693 181.124 1.152 2.346 2.505 0.949
GPT-5.4 detailed 61 206.693 142.447 1.472 2.346 2.349 0.999

near-identical memory footprints to the baseline.
The runtime improvements are most pronounced under the

balanced objective, where GPT-5.4 achieves ratios of 2.211
and 1.472 for minimal and detailed prompting respectively,
compared to Efficoder’s 1.768 and 1.152. This suggests GPT-
5.4 is better able to exploit joint runtime-memory tradeoffs
when not constrained to a single objective.

On the memory objective, GPT-5.4 consistently achieves
memory ratios near 1.000, meaning its optimized code con-
sumes almost exactly the same memory as the raw code.
Efficoder’s memory ratios are trivially lower across the board
(0.948–0.966). This pattern holds under both prompting con-
ditions, and a manual inspection of the raw code revealed less
opportunity for memory optimizations versus runtime.

Interestingly, the strong performance of both models under
the balanced objective suggests that when optimization is
driven purely by prompting, without any explicit training on
tradeoffs, a balanced prompt may be preferable to a narrowly
targeted one, since general-purpose LLMs are not inherently
trained to reason about competing resource objectives. This
motivates our proposed approach: by incorporating tradeoff-
aware training via DPO, where preference pairs explicitly
encode runtime-memory tradeoffs, we expect the model to
develop a more principled understanding of the optimization
landscape and consequently achieve better tradeoff navigation
than prompt-engineering-based optimization alone can pro-
vide.

B. Analysis of Hydra with Adaptive Dirichlet Sampling

We evaluate the Hydra framework along two complemen-
tary dimensions: (i) training-time behavior under adaptive
multi-objective weighting, and (ii) inference-time performance
on unseen Python optimization tasks. This Python evalua-
tion complements the broader experimental setup by testing

Fig. 4. DPO training loss during the enhanced training run. The stable loss
trend indicates that adaptive multi-objective weighting does not destabilize
preference optimization.

whether the adaptive framework can produce functionally cor-
rect and performance-improving outputs under five measured
or derived system-level metrics.

Figure 4 shows the DPO training loss during the enhanced
training run. The loss remains stable throughout training, indi-
cating that the adaptive Dirichlet mechanism can be integrated
into DPO without causing collapse or unstable preference
updates. This stability is important because the framework
changes the relative contribution of each optimization objec-
tive during training instead of relying on fixed metric weights.

C. Adaptive Weighting Dynamics

Figure 5 shows the evolution of the Dirichlet concentration
parameters throughout training. Unlike the static weighting
baseline, the enhanced framework dynamically adjusts objec-
tive weights based on per-metric advantage signals observed
during training.



Fig. 5. Evolution of Dirichlet concentration parameters during training.
Metrics with stronger and more consistent preference signals receive higher
adaptive weight, while weaker or noisier objectives receive less emphasis.

Fig. 6. Final per-metric preference behavior after training. Metrics with higher
preference rates and stronger mean advantages contribute more strongly to the
learned optimization policy.

The learned weighting behavior shows that the framework
does not treat all objectives equally when the data does not
support them equally. Metrics with consistent improvement
signals, such as latency, CPU cycles, throughput, and energy,
receive stronger weight during training. In contrast, memory
receives lower relative emphasis when its advantage signal is
weaker or noisier. This behavior allows the model to focus on
objectives that provide reliable supervision rather than forcing
the optimizer to learn equally from all metrics.

D. Final Objective Allocation

Figure 6 summarizes the final learned objective allocation.
The resulting distribution is non-uniform, showing that the
framework adapts to the quality and consistency of each
metric signal. Latency receives the strongest preference signal,
while CPU cycles, throughput, and energy also provide useful
optimization feedback. Memory contributes less strongly, re-
flecting its weaker and more variable behavior in the training
data.

These results indicate that the enhanced framework per-
forms adaptive objective prioritization during DPO training.
Instead of assuming that all optimization metrics are equally
informative, the method learns which metrics provide reliable
preference signals and adjusts the training objective accord-
ingly.

Fig. 7. Dataset coverage and optimization signal characteristics for the PIE-
enriched Python preference dataset. (a) Coverage of the five optimization
metrics across all enriched pairs. (b) Fraction of preference pairs for which
the optimized implementation outperforms the original under each metric.
(c) Distribution of latency speedups across preference pairs. (d) Speedup
distributions for all five metrics, clipped to [0.1×, 10×] for visualization.

E. Dataset Metric Coverage

Figure 7 provides a more detailed view of the enriched
Python preference dataset. As shown in Fig. 7(a), all five target
metrics latency, memory, CPU cycles, throughput, and energy
are available across the enriched preference pairs, giving the
adaptive framework access to a broad set of optimization
signals. This is a substantial improvement over more limited
settings in which only a subset of metrics is available.

However, broad coverage does not imply equally strong
training signal. In Fig. 7(b), latency, CPU cycles, through-
put, and energy show near-perfect optimization success rates,
meaning that the optimized code in the preference pairs consis-
tently outperforms the original under these metrics. Memory
behaves differently, with a substantially lower success rate,
indicating that memory improvements are weaker, less consis-
tent, or more task-dependent in this dataset. This explains why
the adaptive framework assigns memory less relative weight
during training.

The latency distribution in Fig. 7(c) further shows that
most preference pairs provide moderate but meaningful latency
improvement, with the majority falling in the 1–1.5× range
and a smaller fraction showing larger gains. Figure 7(d)
extends this view to all five metrics. Latency, CPU cycles,
throughput, and energy generally exhibit speedup distributions
above the 1× baseline, whereas memory is centered closer
to parity and shows higher variability. Taken together, these
results show that the enriched dataset provides broad metric
coverage, but that the quality of the optimization signal
differs substantially across objectives. This motivates the use
of adaptive weighting, which increases emphasis on reliable
metrics and reduces the influence of weaker ones.



Fig. 8. Per-metric advantage signals during training. Stronger positive
advantage values indicate objectives where the preferred code consistently
outperforms the rejected code.

F. Distribution of Optimization Signals

Figure 8 illustrates the strength of the per-metric opti-
mization signals used for adaptive weighting. Latency, CPU
cycles, throughput, and energy show clearer positive advan-
tage signals, indicating that the preferred programs are more
consistently better under these objectives. Memory, however,
provides a weaker signal, which explains why the adaptive
framework assigns it less relative emphasis during training.

This result reinforces the need for adaptive weighting. In
a multi-objective code optimization setting, different metrics
do not contribute equally to preference learning. The pro-
posed framework uses observed advantage signals to determine
which objectives should receive stronger weight, reducing the
need for manual weight tuning.

G. Inference-Time Performance and Generalization

To evaluate generalization, the trained model is tested
on unseen Python programs exhibiting common inefficiency
patterns. These include redundant loops, unnecessary sorting,
repeated string concatenation, repeated file reads, manual
dictionary counting, and inefficient list construction. The gen-
erated outputs are executed and compared against the original
implementations using latency, peak memory usage, CPU
cycles, throughput, and estimated energy consumption.

The results show that the model applies non-trivial opti-
mizations in several cases. In particular, avoidable algorithmic
overhead is removed in examples such as triangular summation
and nested-loop filtering, resulting in large reductions in
latency, CPU cycles, and estimated energy. Similarly, repeated
file reads and redundant sorting are improved by replacing
unnecessary repeated work with simpler computations.

However, the improvements are not uniform across all
cases. Some transformations improve latency while increasing
memory usage, as seen in the string concatenation case. Other
examples show small regressions in wall-clock time while
still improving CPU cycles and estimated energy. These cases
highlight the importance of multi-metric evaluation: a model
may improve one objective while slightly regressing another.

Overall, these findings provide preliminary evidence that
the enhanced framework can generalize optimization behavior
beyond the training examples while using adaptive objective
prioritization. At the same time, the results reveal remaining
challenges in balancing competing objectives and improving
robustness across all code patterns.

H. Inference Results
Inference-time behavior was evaluated using a small set of

Python programs designed to expose common optimization
opportunities. Each program targets a specific inefficiency pat-
tern, such as redundant computations, repeated loops, unnec-
essary file reads, repeated container operations, or inefficient
string construction. Evaluation is performed by executing both
the original and optimized programs and measuring latency,
peak memory usage, CPU cycles, throughput, and estimated
energy. Table III summarizes the observed results.

The results show that the enhanced framework can produce
substantial performance improvements for several classes of
inefficiencies. The largest gains occur when the original pro-
gram contains avoidable algorithmic overhead. For example,
the triangular-sum benchmark is transformed into a closed-
form computation, producing near-zero measured latency and
large reductions in CPU cycles and estimated energy. Sim-
ilarly, the nested-loop example is simplified substantially,
resulting in a major latency reduction and a large throughput
increase.

Other examples show more moderate but still meaningful
improvements. The file-line benchmark reduces both latency
and memory usage by avoiding unnecessary repeated work.
The redundant-sort and list-comprehension examples show
smaller gains because the original implementations are already
relatively efficient. The string concatenation case improves la-
tency but increases memory usage, illustrating that optimizing
one metric can sometimes regress another. This tradeoff is
expected in multi-objective code optimization and motivates
the use of adaptive metric weighting.

The Dict Histogram case shows a small latency regression
while still reducing CPU cycles and estimated energy. Because
the measured latency difference is small, this case is likely
affected by runtime noise and Python interpreter overhead.
This example highlights the importance of reporting multiple
metrics rather than relying only on wall-clock time.

Overall, the inference results provide preliminary evidence
that the DPO-trained policy, combined with adaptive Dirichlet
weighting, can learn and apply meaningful optimization pat-
terns beyond the training examples. The strongest gains occur
when the target program contains clear algorithmic inefficien-
cies, while smaller or noisier cases remain more challenging.
Since the evaluation set is small and all evaluated models pass
the correctness suite, future work should evaluate on larger
held-out benchmarks and include stronger correctness filtering
and more precise performance measurement.

VII. CONCLUSION

In this work, we explored preference-based LLM fine-tuning
for MOSO in an offline setting. Instead of relying on online



TABLE III
BEFORE/AFTER INFERENCE-TIME PERFORMANCE COMPARISON BETWEEN THE ORIGINAL PYTHON PROGRAMS AND THE PROGRAMS OPTIMIZED BY OUR
MODEL. THE EVALUATED METRICS INCLUDE LATENCY, PEAK MEMORY USAGE, CPU CYCLES, THROUGHPUT, AND ESTIMATED ENERGY CONSUMPTION.

ENERGY IS ESTIMATED AS CYCLES × 2.5×10−10 J.

Latency (ms) Memory (KB) CPU Cycles Throughput Energy (mJ)

Sample Orig. Opt. Orig. Opt. Orig. Opt. Orig. Opt. Orig. Opt.

Triangular Sum 220.4 ≈0 < 1 < 1 380M 26M 136 ops/s 39M ops/s 95.0 6.5
Nested Loop Filter 871.5 1.1 71 71 1.15G 29M 6 ops/s 5K ops/s 287.5 7.3
File Lines (2 reads) 11.1 3.2 1217 615 45M 36M 2K ops/s 6K ops/s 11.3 9.0
String Concatenation 25.3 15.0 107 1163 62M 56M 790 ops/s 1K ops/s 15.5 14.0
List Comprehension 276.9 245.2 19694 19694 338M 282M 72 ops/s 82 ops/s 84.5 70.5
Redundant Sort 79.7 75.1 10931 9368 99M 90M 251 ops/s 266 ops/s 24.8 22.5
Dict Histogram 144.1 147.8 6284 6303 360M 336M 139 ops/s 135 ops/s 90.0 84.0

Average / Summary 46.7% latency reduction 9.1% memory reduction 36.0% cycles reduction improved in most cases 36.0% energy reduction

Note: ≈ 0 indicates execution time below the timer resolution. String concatenation improves latency but increases memory usage because join()
allocates a larger intermediate buffer. The Dict Histogram latency regression is small and likely within measurement noise.

code generation, execution, or correctness checking, we con-
struct training preferences by profiling existing program pairs
from the PIE dataset across multiple performance metrics.
By sampling weight vectors from a Dirichlet distribution and
applying them to normalized performance metrics, we generate
a diverse set of implicit optimization objectives that get
converted to binary preference pairs required for DPO. This
approach avoids the substantial computational costs associated
with online LLM/DPO fine-tuning techniques.

Our baseline evaluation reveals that strong general-purpose
models such as GPT-5.4 already achieve meaningful runtime
improvements through prompting alone, with runtime ratios
as high as 2.211 under the balanced prompting strategy. How-
ever, both baseline approaches struggle to improve memory
usage and neither demonstrates reliable tradeoff-aware behav-
ior when more specific optimization objectives are specified.
These results confirm that prompt-based optimization, while
effective for single-objective tasks, is insufficient for principled
multi-objective tradeoff navigation, reinforcing the need for
explicit tradeoff-aware training.

Our experiments demonstrate some early promise. Exposing
the model to a richer distribution of trade-offs and preferences
during training can help it be more robust when performing
MOSO during inference. This underscores the value of using
a Curriculum Learning-like training approach.

VIII. LIMITATIONS

Our framework has several limitations that stem from its
underlying design. First, Hydra relies on executing candi-
date implementations to obtain multi-objective performance
measurements, resulting in nontrivial computational overhead
that may limit scalability to large codebases or expensive
workloads. Second, the quality of the learned optimization
policy is limited by the diversity of the sampled candidates
and objective weightings. An insufficient coverage can lead
to biased preference signals and reduced generalization to
unseen trade-offs. Additionally, while DPO enables stable
offline preference learning, it lacks the ability to actively ex-
plore new optimization strategies beyond the provided dataset,
which may restrict performance improvements in complex or

highly dynamic environments. Also, our approach assumes
that the profiling-based measurements are reliable and com-
parable across executions, while in practice, nondeterminism
and environment-specific factors can introduce variance into
the reward signal, affecting training stability and optimization
quality.

Metric signal quality. Even when a metric is present in
the dataset, it may provide a contradictory or near-random
preference signal that does not reliably distinguish better from
worse implementations. In our Python experiments, mem-
ory usage exhibited a preference rate of only 39.4% barely
above chance meaning the model had no consistent basis
for preferring memory-optimized code. While the adaptive
Dirichlet mechanism correctly responds by down-weighting
such metrics, this represents a data quality limitation rather
than a framework limitation: collecting training pairs with
stronger and more diverse memory optimization signals would
be necessary to make memory a reliable training objective.

Benchmark saturation. The correctness benchmark used
for evaluation is limited to a small set of seven handcrafted
examples, all of which all evaluated models including the
untuned base model solve correctly. This means correctness
alone is insufficient to differentiate model quality at this scale;
more discriminating evaluation on larger, harder, or real-world
benchmarks (e.g., the full PIE test split) is needed to draw
stronger conclusions about generalization.

Finally, for a new dimension to work within our framework
it would ideally need to be: (1) a continuously measurable
variable that can produce a scalar score per program, (2)
consistently computable with a reliable automated tool, and (3)
comparable across programs. These constraints are what allow
our framework to succeed on the dimensions we selected.
In contrast, a dimension such as security is largely boolean,
and there is no established continuous scale on which to say
one program is ”20% more secure” than another. This makes
it very challenging to normalize against other dimensions
or include it in a weighted tradeoff with other continuous
variables.



IX. FUTURE WORK

There are several promising avenues to explore in the future,
building on this work beyond conducting a more thorough
analysis comparing Hydra to the baselines and an ablation
study. First, future work could investigate explicit preference
conditioning during inference. For example, learned preference
embeddings or control tokens could be introduced into the
prompt to enable users to steer the model toward particular
optimization strategies without requiring retraining. Addition-
ally, our use of categorical grouping and gradient descent is
intentionally simple. Using more rigorous approaches could
enable increased stability and optimal updates to the sampling
process.

Finally, extending this framework beyond PIE to larger,
more diverse codebases would further test its generalizability.
Combining offline preference learning with limited online
refinement may also serve as a promising hybrid approach.
Future experiments should assess how optimizations hold up
across varying input sizes and hardware environments.

X. APPENDIX

A. Related Works

Developing energy-efficient systems and software is a long-
standing and well-established challenge in the computing
domain. While this paper focuses primarily on reinforcement-
learning-based approaches to software optimization, that is not
the only method

ranging from traditional approaches that revolve around
modeling computing systems and developing design method-
ologies and decision frameworks to optimize the system ar-
chitecture [25]–[27] to AI approaches focused on Supervised
Finetuning of LLM code optimization models.

1) Non-AI Approaches for Software Optimization: Tradi-
tional code optimization techniques primarily focus on trans-
forming intermediary representations of source code at various
stages of compilation, resulting in executables that are more ef-
ficient while preserving the original program semantics. High-
level optimizations, such as constant propagation and constant
folding [28], are applied early in the compilation process to
reduce code redundancies and simplify computations. Mid-
level optimizations, including loop unrolling [29], loop tiling
[30], and common sub-expression elimination, aim to improve
execution time by enhancing spatial and temporal locality,
thereby reducing expensive memory access operations. At the
low level, optimizations such as branch prediction hints [31]
and tail call elimination operate on the low-level interme-
diate representation (LIR), providing final, platform-agnostic
modifications that increase CPU/GPU throughput and reduce
stack frame overhead. However, such heuristic optimization
techniques may not adapt well to the dynamic workloads com-
mon in modern AI applications [32]. Because their instruction
sets are often fixed and manually tuned, many techniques are
limited in their ability to exploit complex runtime patterns as
well as predict performance bottlenecks in highly parallelized
or irregular computation graphs.

AI Approaches for Software Optimization:
2) Fine-Tuning Approaches: Recent advances in fine-

tuning large language models (LLMs) for code optimiza-
tion have introduced strategies that go beyond next-token
prediction and traditional reward-based learning objectives.
These approaches leverage architectural design choices, di-
verse training data, and latent representation learning to better
align model outputs with performance-oriented goals such as
execution speed and efficiency.

One such method is Problem-Oriented Optimization (POO),
which frames optimization as a program synthesis task by fine-
tuning on diverse human-generated solutions to the same prob-
lem [33]. This ensemble-style supervision captures a broad
spectrum of optimization strategies, improving the model’s
generalization across problem domains. To ensure correctness,
the method incorporates an Anchor Verification mechanism
that compares generated code to slower but verified solutions.
This helps the model maintain correctness while learning
to generate more optimal solutions. However, the reliance
on crowd-sourced code can introduce bias toward common
strategies and may limit exploration of unconventional but
efficient patterns.

Another approach involves encoder-decoder architectures,
such as those used in the E-code model [34]. This method
uses an Expert Encoder Group composed of multiple BERT-
style encoders. These encoders separately process the prob-
lem description, an inefficient baseline implementation, and
input/output examples. These embeddings are then fused and
passed into a decoder (GPT-Neo) to generate optimized code.
An execution time predictor filters the generated outputs
during inference, selecting only those expected to run faster.
Although effective in performance improvement, the model’s
complexity and reliance on execution prediction can increase
computational overhead during inference.

Lastly, LLMs can also be fine-tuned using contrastive
learning to align latent representations of optimized and
unoptimized code. For example, while CodeT5+ also uses
an encoder-decoder architecture, it further incorporates con-
trastive loss alongside standard generation objectives to pull
semantically equivalent solutions closer in the embedding
space [35]. This alignment of code representations enables the
model to generalize efficiency across semantically equivalent
and structurally diverse implementations, even when surface
syntax varies. However, this approach lacks explicit perfor-
mance feedback, which may limit its ability to capture low-
level optimization effects.

3) Feedback-based Iterative Optimization Approaches:
Traditional heuristic-based code optimization techniques are
often limited in adaptability. Recent research instead intro-
duces feedback-based iterative approaches that leverage LLMs
to produce more dynamic and targeted optimizations. [36] [37]
[38].

One such method is Preference Optimization with Runtime
Feedback, which fine-tunes a model on self-generated prefer-
ence data labeled as ”quick vs. slow” and ”passed vs. failed”
to inherently produce code that is both correct and has a



lower execution time [36] [39]. The framework’s effectiveness
relies on starting with a small but high-quality set of problems
and unit tests [36] [39]. Furthermore, all experiments were
conducted using Python, and the results may not generalize to
other programming languages without further analysis.

A second approach, Compiler-Informed Optimization, uses
a compiler as an automated oracle to provide detailed feedback
to an LLM, guiding it to reduce the instruction count of
LLVM IR [36]. The feedback in this loop includes verification
of predicted instruction counts and validation of optimization
passes, which helps the LLM correct its internal understanding
and improve code size. The feedback model struggles with
generations produced at a higher temperature. It was trained
on feedback from deterministic outputs (temperature 0), and
its ability to provide useful corrections diminishes when the
generated code is significantly different or more ”fuzzy” [36].

A variant, the ”Fast Feedback” loop, accelerates optimiza-
tion by using a more concise feedback report. This avoids
requiring the LLM to generate a full optimized IR and makes
each iteration about 10× faster [36] While the ”Fast Feedback”
model can correct errors and improve upon a single, deter-
ministic generation, it fails to improve the performance of the
original model when 10 or more diverse samples are generated.
The research found that simply sampling from the original
model without any feedback loop achieves higher performance
when allowed many attempts, indicating that for this specific
problem, a well-tuned sampling strategy is more powerful than
an iterative feedback loop [36].

Early Unsuccessful Iterations

B. Supervised Finetuning

For the goal for the first prototype, we aimed to assess
whether supervised fine-tuning (SFT) can serve as the primary
method for code optimization in our pipeline. We additionally
sought to obtain a code-optimization dataset for the proposed
pipeline and used this prototype to test it, with potential
adoption for our pipeline contingent on promising results.

We assembled a dataset of instruction–response pairs drawn
from the corpus of a recent paper called “HPC-Coder-v2:
Studying Code LLMs Across Low-Resource Parallel Lan-
guages” by Chaturvedi, Nichols, Singh and Bhatele. Each
prompt contained an unoptimized reference implementation
and requested a functionally equivalent implementation with
lower runtime. The target response supplied the corresponding
optimized implementation used for supervision. This framing
allowed us to test whether a model could learn to produce
efficient code while preserving correctness.

For the model, we chose to fine-tune CodeQwen-1.5-7B-
Chat using QLoRA. As of October 2025, this model was a
top performing code generation model on HuggingFace via the
Big Code Models Leaderboard. The base model was loaded
in 4-bit NF4 with double quantization and kept frozen; LoRA
adapters were the only trainable parameters, with bfloat16
compute. Each datapoint was rendered with the model’s chat
template, and we trained on all tokens in the conversation

(system/user/assistant) under the standard causal-LM cross-
entropy objective. Training used a small per-device batch
with gradient accumulation, a 2048-token context, a cosine
learning-rate schedule with warmup, the paged-AdamW (8-
bit) optimizer, and gradient checkpointing to reduce memory.
Checkpoints contained only the adapters, enabling compact
single-GPU fine-tuning and inference.

For evaluation, we prioritized correctness and speed over
text similarity. For each held-out task, we generated a can-
didate solution, normalized it into a callable entry point if
needed, and ran unit tests against a task-specific oracle to ver-
ify functional equivalence. We then benchmarked the oracle,
the model’s candidate, and an unoptimized prompt baseline
across increasing input sizes, reporting median runtimes. In a
representative case (sum of 1..n), the fine-tuned model emitted
the closed-form solution, passes all tests, and its runtime curve
overlapped the oracle while decisively outperforming the loop
baseline. These results indicated that the prototype does learn
optimization patterns without sacrificing correctness, while
retaining QLoRA’s cost efficiency.

C. Reinforcement Learning - Proximal Policy Optimization

For the second prototype, our goal was to explore whether
reinforcement learning (RL) can allow a model to learn code
optimization directly from execution-based feedback. Instead
of relying on labeled reference outputs, we aimed to fine-tune a
pretrained code model through interaction with a reward signal
that captures correctness, efficiency, and structural quality.

We used the data/xlcost benchmark as the training en-
vironment to study how Proximal Policy Optimization (PPO)
adjusts a model’s policy toward reward-driven behavior. In this
setting, each generated program is executed and assigned a
scalar reward derived from multiple criteria: whether the code
compiles, passes unit tests, and yields an abstract syntax tree
(AST) structurally similar to the reference implementation.
This formulation encourages the model to generalize optimiza-
tion patterns while maintaining functional equivalence.

The training framework followed the PPOCoding repository,
which implements an RL loop through two key components:
rl_run.py, managing rollouts and policy updates, and
reward.py, defining the execution-based reward computa-
tion. The model begins by generating candidate completions
for a given prompt; each completion is evaluated, and the
reward is backpropagated to refine the model’s generation
policy under the PPO objective.

Initial setup encountered several technical challenges. Run-
ning the PPO loop locally led to dependency conflicts, includ-
ing missing PyTorch, Tree-sitter, and SacreBLEU modules,
as well as Tree-sitter API mismatches. Additional issues
arose from parser build failures due to architecture incom-
patibility with Apple’s M-series processors. After resolving
these dependencies, the next step involves successfully exe-
cuting the run.sh script to reproduce the full PPO train-
ing cycle and begin analyzing the resulting reward curves
and CodeBLEU metrics. These outputs will help determine



whether reinforcement-based fine-tuning can effectively inter-
nalize reward signals and produce more efficient, correctness-
preserving code compared to purely supervised methods.

D. Cross-Attention

Cross-Attention (CA) is a mechanism that allows one se-
quence of representations (Queries) to attend to another se-
quence (Keys and Values), enabling the modeling of relation-
ships across different modalities. It is commonly used in tasks
such as sequence-to-sequence translation. Motivated by this,
we explored CA as a novel module to link program structure
to the measured performance. Specifically, we applied CA
between embeddings of individual lines of source code and
a vector of normalized performance metrics (e.g., runtime,
memory, energy), to encourage the model to learn which
regions of code most strongly influence particular performance
metrics.

Fig. 9. Attention heatmap with uniformly distributed attention weights

However, our implementation yielded no meaningful results,
and we soon realized that this approach is fundamentally
limited in principle. Performance metrics are global properties
of an entire program, while cross-attention assumes a localized
relationship between Query and Key elements. We observed
that the attention maps depicted a uniform distribution. When
attending to the three performance metrics, each line of code
assigns approximately equal weight (0.33) to all metrics,
indicating that the attention mechanism fails to associate
particularly strongly with any one of them. Figure 9 illustrates
this effect, showing near-uniform attention across metrics for
all code lines. This confirms that CA cannot learn meaningful
associations in this particular use-case making it a poor tool
choice for our problem.

E. Adaptive Dirichlet Sampling Proof-of-Concept Results

While we leave integrating the Adaptive Dirichlet Sampling
module with the rest of the framework as future work, we de-
veloped a proof-of-concept implementation and demonstrated
its functionality in an isolated simulation. The results are
described below.

Figure 10 shows the evolution of the Dirichlet concentration
parameters α over 100 simulated epochs of adaptive sampling.

Fig. 10. Evolution of the Dirichlet concentration parameters over a simulated
training period

Each αk corresponds to one of the preference regions: runtime,
memory, CPU, throughput, energy, and balanced, which means
no particular preference. At the start of training, all parameters
are initialized roughly equally to simulate a uniform prior over
metric preferences. As training progresses, we observe that the
α values associated with memory, CPU, and energy steadily
increase, while those corresponding to runtime and throughput
decrease or remain steady. In the simulation, we configured
the DPO loss to be higher for the memory, CPU, and energy
metrics and made it lower for runtime and throughput. There-
fore, this trend demonstrates the effectiveness of the adaptive
sampling strategy: regions where the simulated LLM performs
poorly (i.e., higher DPO loss) are increasingly sampled, due
to increasing α values, while regions where the LLM already
excels are sampled less frequently. By epoch 50, memory and
energy reach the hard-coded upper bound value of 10. The
figure highlights the promise in the underlying theory of our
Adaptive Dirichlet Sampling module as it shows the algorithm
nudges the training to ensure that the LLM gets exposure to
the most challenging metrics.

Figure 11 depicts the average DPO loss for each preference
region throughout the course of training. Initially, the losses
for memory, CPU, and energy regions are high, reflecting
the intentionally poor performance of the simulated model on
these metrics. Runtime and throughput start with lower losses
as configured, indicating the model is already well-versed in
those areas. During training, the adaptive sampling mechanism
shifts the sampling distribution toward the high-loss regions,
increasing their α values as shown in Figure 10. As a result,
the average losses for memory and enegy begin to stabilize
and decrease for CPU cycles. The balanced region maintains
a moderate loss throughout, while runtime and throughput
losses remain low. This behavior confirms that the adaptive
mechanism is successfully focusing training on metrics that
need improvement. Overall, these proof-of-concept results
validate that the simulated DPO loss and adaptive sampling
techniques can guide a model to prioritize learning about the
more challenging metrics during training.



Fig. 11. Average loss per preference region over a simulated training period.

XI. STATEMENT OF WORK

A. Arjun Gupte

During this semester, I focused on evaluating our framework
against SOTA baselines. I surveyed recent literature, identi-
fying and selecting baseline methods that were relevant and
representative of our approach. I implemented the Efficoder
and GPT-5.4 baselines and conducted all corresponding ex-
periments (Section V.D) and data analysis (Section VI.A).

Beyond my technical work, I established the semester’s
big-picture goals and created concrete milestones to keep the
team on track throughout. I organized and facilitated regular
team meetings, led brainstorming sessions, and created slide
decks presented during VIP classes covering complex AI and
RL topics. I led authorship of multiple significant portions of
the final research paper (Abstract, Introduction, Methodology,
Experiments - Empirical Study, Results - Empirical Study,
Conclusion, and Limitations). Throughout both semesters I
provided ongoing mentorship by giving feedback on team-
mates’ written work and presentations and sharing lessons
from my prior research experience.

B. Ahmed Elmersawy

I was primarily responsible for implementing, stabilizing,
and validating the Direct Preference Optimization (DPO)
training and inference pipeline for our multi-objective code op-
timization framework. Early in the project, I implemented the
preference scoring and reward aggregation components that
convert measured code-pair performance into DPO-compatible
winner/loser training data.

I then developed and refined the QLoRA-based DPO fine-
tuning pipeline for training large code models efficiently.
This included LoRA adapter integration, reference-policy han-
dling, and stable DPO loss computation. A significant part of
this work involved debugging SLURM configuration issues,
CUDA memory limits, module mismatches, and environment
inconsistencies to successfully fine-tune Qwen-based code
models on large preference datasets.

For the Python model, I implemented the adaptive Dirichlet
multi-objective weighting mechanism, which updates metric
weights during training based on observed preference signals.
I also built the enriched PIE data pipeline to score and
filter preference pairs across five optimization metrics: latency,

memory, CPU cycles, throughput, and energy. I managed long
training runs, checkpoint resumption, and training stability
across multi-day jobs.

I also conducted the model evaluation pipeline and
designed and executed the five-metric inference bench-
mark on held-out Python programs using perf stat and
tracemalloc,producing the results reported in Table III.

I also contributed extensively to writing the paper, including
authoring the full experiments and results and analysis helped
update the corresponding limitations.

C. Stefan Maxim

My contributions to the paper encompassed technical di-
rection, empirical methodology, and manuscript preparation. I
helped establish the project’s research focus by identifying and
systematizing a set of hardware-level code optimization tech-
niques suitable for model training, with particular emphasis on
transformations at the intermediate representation (IR) level
across compilation stages. This work was supported by a re-
view of relevant microarchitectural concepts, including branch
prediction mechanisms and tail-call elimination, as well as
established optimization strategies such as loop unrolling and
loop tiling. I also investigated methods for quantifying perfor-
mance and energy efficiency, incorporating tools such as Intel
RAPL and Linux perf into our evaluation framework. In col-
laboration with the senior team lead and graduate researchers,
I contributed to the decision to transition the project toward a
fine-tuning-based approach, specifically leveraging preference-
based methods rather than relying solely on inference-time
optimization. In addition to shaping the technical direction,
I was responsible for drafting several core sections of the
manuscript, including the Abstract, Related Work, Metrics,
and the section on Direct Preference Optimization (DPO).
This required synthesizing existing literature on preference-
based learning and adapting DPO to the context of code
optimization. On the experimental side, I contributed to dataset
construction by extending the PIE Madaan code-pair dataset
with additional performance and energy-related annotations,
and conducted evaluations across heterogeneous hardware en-
vironments, including personal computing systems, consumer
GPUs, and Purdue’s RCAC cluster. I also implemented the
DPO-based training pipeline used in our experiments and pro-
duced quantitative visualizations to support our results. Finally,
I authored a complementary paper documenting an agent-
based implementation of the prior iteration of our optimization
system; this work was accepted for publication in the Journal
of Purdue Undergraduate Research and serves as a baseline for
assessing the improvements introduced in the current study.

D. Andre Lee

As a direct contribution to Hydra’s semester goal of doc-
umenting comparisons in performance with alternative base-
lines, I began the Spring 2026 semester by performing a liter-
ature review on the Efficoder, Afterburner, PIE, and Mercury
research papers. Summarizing the definitions, results, methods,
benefits, and limitations of each paper, I compiled my findings



into a shared online document. After discussing with the
Hydra team, we decided to proceed with implementing the
group relative policy optimization (GRPO) method discussed
within the Afterburner paper as one of our selected comparison
baselines.

We determined that our eventual goal is to implement a
lightweight Docker-free alternative to Afterburner’s methods
that is able to utilize the CodeNet or PIE dataset, which we
currently use with our DPO method. I worked on setting up
the Monolith environment and replicating the results of the
paper with these goals in mind. Near the end of this semester,
I helped revise a portion of this paper in accordance with the
editorial comments of Dr. Davis and reported on my findings
on the Afterburner baseline in our Spring Undergraduate
Research Conference slide presentation.
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