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Abstract

Large language models (LLMs) can generate
functionally correct code, but their ability to
optimize programs is underexplored. We intro-
duce OEISPerf, a code-to-code benchmark for
algorithmic program optimization built from al-
ternative implementations of integer sequences
in the On-Line Encyclopedia of Integer Se-
quences. For each sequence we mine multi-
ple mathematical formulations, synthesize and
validate Python implementations, and pair a
substantially slower program with the fastest
validated reference found by our construction
pipeline, producing instances that often require
substantial structural transformations and can
yield substantial speedups. Evaluating 15 open-
source and closed-source LLMs shows that
even the strongest evaluated setting, Gemini-3-
Flash with its thinking mode enabled, matches
the reference efficiency on only 67.9% of test
instances. Across LLMs, we observe both
incorrect “optimizations” that break correct-
ness and superficial refactorings that preserve
suboptimal complexity. Finally, we fine-tune
Qwen2.5-Coder-3B-Instruct via reinforcement
learning, markedly improving reference attain-
ment on OEISPerf while slightly improving per-
formance on standard code-generation bench-
marks.1

1 Introduction

Large language models (LLMs) have achieved re-
markable progress on a wide range of programming
tasks (Jiang et al., 2026; Huynh and Lin, 2025).
However, their effectiveness in program perfor-
mance optimization is still not well understood.
Program performance optimization is important
and challenging because it requires transforming
an inefficient yet functionally correct implementa-

*Corresponding author.
1The code and dataset are publicly available at https://

github.com/l-yh0/OEISPerf and https://huggingface.
co/datasets/l-yh/OEISPerf.

tion into a substantially faster one while preserving
its semantics (Garg et al., 2022).

Recent work such as PIE (Shypula et al., 2024)
has taken an important step in this direction by
constructing code optimization datasets from hu-
man submission logs and using them to evaluate
the optimization capability of LLMs. Despite these
contributions, such datasets may not fully reflect
the type of optimization behavior that we aim to
study. Human contestants in programming com-
petitions typically begin from a submission that
receives a Time Limit Exceeded verdict and itera-
tively refine their code until it just satisfies the time
limit. Once the verdict becomes Accepted they of-
ten stop further optimization. Consequently, the
collected logs primarily capture small, incremental
improvements on code that is already near the time
limit. Typical edits include replacing C++ input
and output streams cin and cout with scanf and
printf, or switching from dynamic arrays such
as vector to static arrays. These modifications of-
ten result in relatively modest speedups, and such
engineering-level optimizations do not adequately
assess the inductive reasoning ability of LLMs for
program optimization.

To address these issues, we propose OEISPerf.
OEISPerf does not rely on mined submission logs.
It instead leverages the On-Line Encyclopedia of
Integer Sequences (OEIS), which is one of the
most comprehensive repositories of integer se-
quences (Sloane, 2023). Many sequences in OEIS
admit multiple implementation strategies. For a sin-
gle sequence, there may exist an exponential time
recursive procedure as well as an efficient closed-
form computation. We mine these alternative strate-
gies from OEIS, use LLMs to convert them into
Python programs, and validate the generated code
using the known terms of each sequence. For every
sequence, we select the fastest validated program
discovered by our pipeline as the efficient reference
solution, which serves as an empirical optimization
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target. We then remove programs whose perfor-
mance is too close to this reference. The remaining
programs for the same sequence are treated as in-
efficient solutions and are paired with the efficient
reference solution to form optimization instances.
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Figure 1: Performance distribution of selected represen-
tative LLMs on OEISPerf, decomposed into three mu-
tually exclusive outcomes: (1) Reference attainment,
where the generated program is functionally correct
and achieves an execution time no larger than that of
the efficient reference implementation, t(p) ≤ t(pref);
(2) Below-reference improvement, where the gen-
erated program is functionally correct and no slower
than the inefficient implementation, t(p) ≤ t(pineff),
but still slower than the reference; and (3) No valid
gain, including cases with performance degradation,
t(p) > t(pineff), execution failures, or functional in-
correctness. The suffix “(thinking)” indicates that the
model is evaluated with its thinking mode enabled; mod-
els without this suffix are evaluated with the mode dis-
abled or when such an option is not available. The
horizontal dashed line marks the 67.9% reference attain-
ment rate achieved by Gemini-3-Flash (thinking).

We evaluate 15 LLMs on OEISPerf. Figure 1
reports results for several representative models.
Even the strongest evaluated setting, Gemini-3-
Flash (thinking) optimizes only 67.9% of the pro-
grams to match the efficient reference solution,
suggesting that OEISPerf poses a substantial chal-
lenge. To further explore the potential of OEISPerf,
we perform reinforcement learning fine-tuning on
Qwen2.5-Coder-3B-Instruct using the training split
of OEISPerf and observe considerable performance
improvements.

In summary, our main contributions are as fol-
lows:

• We introduce OEISPerf, a benchmark for al-
gorithmic program optimization built from
alternative implementations of OEIS integer
sequences.

• We evaluate 15 LLMs on OEISPerf, show-
ing that current models often either break cor-
rectness during aggressive rewrites or remain
trapped in suboptimal algorithmic structures.

• We show that GRPO fine-tuning on the OEIS-
Perf training split substantially improves the
program optimization ability of Qwen2.5-
Coder-3B-Instruct, while slightly improving
its performance on standard code-generation
benchmarks.

2 OEISPerf Dataset

2.1 Data Construction

Sequence Data

Candidate Mining

a(n) = a(n-1) + 2*a(n-2) + 2, a(0)=0, a(1)=1.

LinearRecurrence[{3, -2}, {1, 3}, 20]

a(n) = StirlingS2(n+1,2).

a(n) = Sum_{k=1..n} binomial(n, k).

A000225 Mersenne numbers

Code Generation

Refined

ErrorRefiner

Filtering data

Figure 2: Overview of the OEISPerf construction
pipeline.

Step 0: Sequence data preprocessing. We first
collect sequence data from OEIS, and then use
Qwen3-14B to extract, from the OEIS entries, the
alternative computation specifications associated
with each sequence, such as recurrences, closed-
form expressions, and generating functions.

Step 1: Code generation. We use DeepSeek-
V3.2 to generate sequence computation programs
according to the specifications extracted in Step 0.
In this step, we instruct the model to avoid addi-
tional mathematical reasoning or rewrites aimed at
improving asymptotic complexity, and instead to
implement the provided specifications as faithfully
as possible.

Step 2: Program validation. For each candidate
program of a sequence, we validate it against all the
terms extracted from OEIS by checking whether
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the program outputs match the given sequence. We
also examine whether the program hard-codes the
full set of terms used for validation, and we exclude
such programs from subsequent evaluation.

Step 3: Program repair. For programs in Step 2
that fail to execute or do not pass validation, we pro-
vide the runtime error messages, the corresponding
source code, and the original specification to the
LLM in order to obtain a repaired version.

Step 4: Runtime evaluation. We evaluate the
runtime on the last k = 7 terms provided by the
OEIS entry. For sequences with fewer than k avail-
able terms, we use all available terms. For these
last k terms, the actual input parameter n is typ-
ically large enough to expose significant perfor-
mance differences. To reduce noise from hardware
and system variability, we time m iterations over
all k terms, repeat for r rounds, and use the me-
dian across rounds to compute the average per-call
runtime.

Step 5: Constructing program pairs. For each
sequence, we select the program with the small-
est runtime as the efficient reference solution pref .
Among the remaining candidates, we discard pro-
grams whose runtime lies within a factor of the
base of the natural logarithm e of that of pref , in
order to obtain higher-quality program pairs. Each
remaining program is then treated as an inefficient
program pineff , from which we remove all com-
ments in the source code, and paired with pref for
subsequent experiments.

2.2 Dataset Splitting

To mitigate data leakage caused by near-duplicate
programs or shared mathematical structures, we
split the dataset by sequence identifier. All in-
stances derived from the same sequence are as-
signed to the same split. We utilize a random par-
tition for training, validation, and testing, which
results in 2762 training instances, 240 validation
instances, and 265 test instances.

2.3 Test Set Data Analysis

Tree Edit Distance Algorithm-level program op-
timization may lead to substantial restructuring of
the control flow. To objectively quantify this struc-
tural change, we apply the Zhang–Shasha algo-
rithm (Zhang and Shasha, 1989) to the Abstract
Syntax Trees (ASTs) of our program pairs to com-
pute their tree edit distance.

Metric Edit Distance Norm. Dist.

Mean 66.3 0.74
Median 54.0 0.75
Min / Max 11 / 227 0.45 / 0.94

Threshold % of Pairs Exceeding

> 20 97.4%
> 50 53.6%
> 100 17.7%

Table 1: AST Tree Edit Distance statistics be-
tween pineff and pref on the test split of OEISPerf.
“Norm. Dist.” denotes the edit distance divided by the
maximum AST node count of each pair.
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Figure 3: Empirical cumulative distribution function
(ECDF) of optimization potential. Distribution of the
optimization potential P = ln t(pineff ) − ln t(pref).
Dashed vertical lines delineate the 25th, 50th, and 75th
percentiles (P25, P50, and P75) of the distribution.

The results in Table 1 indicate that structural
differences between pineff and pref are substan-
tial for most instances, with normalized distances
concentrated around 0.75 and typical edit counts re-
quiring modification of a large fraction of the AST.
Taken together, these results indicate that OEISPerf
often goes beyond simple cosmetic refactoring and
frequently requires meaningful structural reorga-
nization to match the efficiency of the reference
implementations.

Optimization Potential Distribution To further
characterize the difficulty of OEISPerf, we analyze
the optimization potential available for each test
instance. We define the optimization potential P
as P = ln t(pineff )− ln t(pref ).

Figure 3 shows the empirical cumulative distribu-
tion function (ECDF) of this optimization potential
on the test split. The distribution is strongly right
skewed: the 25th, 50th, and 75th percentiles are
P25 = 3.56, P50 = 5.20, and P75 = 8.13, which
correspond to typical speedups from roughly tens
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Model Params Reference attainment rate (%) Reference-normalized speedup score No valid gain rate (%)

Open-Source Models

GLM 4.7 (thinking) — 58.1 91.4 4.9
Kimi-K2 (thinking) 1T (32B) 48.3 83.8 9.8
Qwen3-14B (thinking) 14.8B 37.4 78.3 14.3
GPT-OSS-20B (thinking) 21B (3.6B) 37.7 78.6 11.3
DeepSeek-V3.2 (thinking) 685B 33.2 71.6 18.5
DeepSeek-V3.2 685B 17.4 49.7 39.6
GLM 4.7 — 16.2 43.8 49.4
Qwen3-14B 14.8B 10.9 38.1 42.6
Llama-3.1-8B-Instruct 8B 3.4 18.4 71.7
Qwen2.5-Coder-3B-Instruct 3B 2.3 21.6 70.2
Llama-3.2-3B-Instruct 3B 1.9 13.2 79.2

Closed-Source Models

Gemini-3-Flash (thinking) — 67.9 93.7 4.2
GPT-5.2 (thinking) — 46.0 89.2 3.0
Seed-1.8 (thinking) — 37.4 86.8 3.8
Gemini-2.5-Flash (thinking) — 30.9 70.1 21.5
Gemini-3-Flash — 27.9 59.6 36.6
GPT-5.2 — 27.5 60.7 31.3
Gemini-2.5-Flash — 26.4 64.6 28.7
Qwen3-Max — 23.8 54.2 38.9
Claude-Sonnet-4.5 — 21.1 59.0 29.8
Claude-Haiku-4.5 — 18.9 56.6 27.9
Seed-1.8 — 10.6 33.1 62.3

Table 2: Performance comparison of different models. For MoE models, total parameters are shown with activated
parameters in parentheses. The suffix (thinking) indicates that the model was evaluated with its thinking mode
enabled, whereas models without this suffix were evaluated with the mode disabled or with no such option available.
Bold denotes the best result and underlining denotes the second-best result within each metric group.

to well over a thousand times faster than the in-
efficient baseline. This indicates that OEISPerf
does not focus on micro-optimizations, but instead
probes the LLMs’ ability to realize substantial al-
gorithmic improvements in program efficiency.

2.4 Metrics

We consider three primary metrics: reference at-
tainment rate, reference-normalized speedup score,
and no valid gain rate.

Reference attainment rate. We define the refer-
ence attainment rate as the proportion of instances
for which the generated program is functionally
correct and its runtime is no greater than that of
the efficient reference program pref . This metric is
used to assess the extent to which the model attains
reference-level performance for code optimization
on the given task.

Reference-normalized speedup score. We de-
fine the reference-normalized speedup score as

S =
100

|T |
∑

p∈T
clip

( ln t(pineff )− ln t(p)

ln t(pineff )− ln t(pref )
,

0, 1
)
.

(1)

Here, t(·) denotes the runtime of a program, T de-
notes the evaluation set, and clip(·, 0, 1) truncates
the value to the interval [0, 1]. For an incorrect pro-
gram, the corresponding term in the summation is
defined to be zero. This metric characterizes, on a
common scale, the speedup achieved by the gen-
erated program relative to the inefficient baseline
and the efficient reference.

No valid gain rate. We define the no valid gain
rate as the proportion of instances in which the
LLM output is invalid or slower than the initial inef-
ficient program. Concretely, an instance is counted
as no valid gain if the generated program does not
pass validity checks, or if its runtime exceeds that
of the initial inefficient program pineff .

3 Evaluation on OEISPerf

3.1 Experimental Setup

LLMs. We evaluated OEISPerf on a to-
tal of 15 LLMs. Open-source models in-
clude Kimi-K2 (Kimi Team, 2025), GLM
4.7 (GLM, 2025), GPT-OSS-20B (OpenAI, 2025a),
Qwen3-14B (Qwen Team, 2025), DeepSeek-
V3.2 (DeepSeek-AI, 2025), Qwen2.5-Coder-
3B-Instruct (Hui et al., 2024), Llama-3.2-3B-
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import sympy as sp
def calculator(n: int) -> int:
    if n == 0:
        return 1
    dp = [0] * (n + 1)
    dp[0] = 1
    for i in range(1, n + 1):
        total = 0
        for k in range(1, i + 1):
            comb = sp.binomial(i - 1, k - 1)
            term = comb * k * dp[i - k]
            total += term
        dp[i] = total
    return int(dp[n])

Inefficient Program
def calculator(n: int) -> int:
    total = 0
    binom = 1
    for k in range(n + 1):
        total += binom * (n - k) ** k
        if k < n:
            binom = binom * (n - k) // (k + 1)
    return total

Efficient Reference Program

def calculator(n: int) -> int:
    if n == 0:
        return 1
    dp = [0] * (n + 1)
    dp[0] = 1
    for i in range(1, n + 1):
        dp[i] = i * dp[i - 1] * 2
    return dp[n]

Correctness Verification

def calculator(n: int) -> int:
    if n == 0:
        return 1
    dp = [0] * (n + 1)
    dp[0] = 1
    for i in range(1, n + 1):
        total = 0
        comb = 1  # C(i-1, 0)
        total += dp[i - 1]  # k = 1 term
        im1 = i - 1  # Store i-1 for faster access
        for k in range(2, i + 1):
            # Update comb from C(i-1, k-2) to C(i-1, k-1)
            # Using: C(n, k) = C(n, k-1) * (n - k + 1) // k
            comb = comb * (im1 - k + 2) // (k - 1)
            total += comb * k * dp[i - k]
        dp[i] = total
    return dp[n]

Case 1

Correctness Verification

Case 2

Reference attainment

Figure 4: Case study of optimization solutions generated by LLMs for OEIS sequence A000248. The upper
panel presents a representative dataset instance by contrasting the inefficient program with the efficient reference
program. The inefficient program implements the recursive definition a(n) =

∑n
k=1

(
n−1
k−1

)
ka(n − k) using a

standard dynamic programming approach. The efficient reference uses a single-pass summation by evaluating the
explicit summation a(n) =

∑n
k=0

(
n
k

)
(n− k)k and iteratively updating the binomial coefficient. The lower panel

illustrates two prevalent failure modes encountered by LLMs during the optimization process. Case 1 displays
an invalid complexity reduction where the model attempts an O(n) solution but introduces logical errors that
violate functional correctness. Case 2 exemplifies a partial optimization where the model successfully produces a
functionally correct program that slightly streamlines the inner combinatorial calculation. However, this specific
output preserves the suboptimal nested-loop structure and strictly bounds the overall time complexity to O(n2). Such
partial improvements fail to bridge the fundamental algorithmic gap required to match the reference performance.

Instruct (Llama Team, 2024), and Llama-3.1-8B-
Instruct (Llama Team, 2024). Closed-source mod-
els include Gemini-3-Flash (Google DeepMind,
2025), Gemini-2.5-Flash (Gemini Team, 2025),
Seed-1.8 (ByteDance Seed, 2025), GPT-5.2 (Ope-
nAI, 2025b), Qwen3-Max (Qwen Team, 2025),
Claude Sonnet 4.5 (Anthropic, 2025b), and Claude
Haiku 4.5 (Anthropic, 2025a). For each task in-
stance, we sample exactly one solution. We use
the temperature 1.0, and maximum output length
of 32,768 tokens across model settings.

Prompt. The LLMs are provided only with the
inefficient Python program through the prompt tem-
plate shown in Appendix Table 12, with comments
and explicit metadata removed where possible.

3.2 Main Results
Table 2 presents the evaluation results of LLMs on
the test split of OEISPerf. Even the strongest eval-
uated setting, Gemini-3-Flash with thinking mode

enabled, matches the efficiency of the efficient ref-
erence solution on only 67.9% of test instances.
The open-source model GLM-4.7 (thinking) comes
close to this level, achieving reference attainment
rates above one half, together with high reference-
normalized speedup score and single-digit no valid
gain rates.

Interestingly, Seed-1.8 (thinking) obtains a low
no valid gain rate and a high reference-normalized
speedup score, but its reference attainment rate
is much lower than that of other top-performing
LLMs. This suggests that some LLMs have learned
important optimization strategies and can often sub-
stantially accelerate inefficient programs, yet still
find it difficult to match the efficient reference solu-
tions. In other words, these models exhibit strong
optimization capabilities, but this capability is still
insufficient to push inefficient programs to a fully
optimized level.

We observe that LLMs exhibit a pronounced
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dependence on the thinking mode. For Gemini-
3-Flash, disabling thinking mode reduces the ref-
erence attainment rate by more than half and in-
creases the no valid gain rate, and several other
LLMs show similar trends. This phenomenon indi-
cates that OEISPerf requires LLMs to perform deep
inductive reasoning to derive strong algorithms for
improving inefficient programs, rather than merely
applying shallow, local code edits.

3.3 Case Study

Figure 4 illustrates two common optimization fail-
ure modes. First, the model may attempt an aggres-
sive algorithmic rewrite to reach the reference effi-
ciency, but due to insufficient inductive reasoning it
fails to preserve semantic equivalence, causing the
optimized code to fail correctness checks (Case 1).
Second, the model may preserve functional cor-
rectness but only perform local refactoring within
the original control-flow structure, resulting in per-
formance that still falls short of the reference so-
lution (Case 2). Overall, these cases suggest that
current LLMs still have substantial room for im-
provement in program optimization tasks.

4 Reinforcement Learning

4.1 Group Relative Policy Optimization

To investigate the enhancement of code optimiza-
tion capabilities in LLMs, we conduct reinforce-
ment learning fine-tuning on our constructed train-
ing set. We employ Group Relative Policy Op-
timization (GRPO) as the designated training al-
gorithm (Shao et al., 2024), with training imple-
mented based on the verl framework (Sheng et al.,
2025). GRPO effectively mitigates the high vari-
ance inherent in code generation tasks and elimi-
nates the need for a separate value network, thereby
reducing computational overhead.

Formally, for each query q, GRPO samples a
group of outputs {o1, o2, . . . , oG} from the old pol-
icy πθold . Consequently, the loss is defined as fol-
lows:

JGRPO(θ) = E q∼P (Q),
{oi}∼πθold

[
1

G

G∑

i=1

1

|oi|

|oi|∑

t=1

(

min
(
ρi,tÂi,t,

clip(ρi,t, 1− ϵ, 1 + ϵ)Âi,t

)

− β DKL(πθ ∥πref)

)]
.

(2)
where ρi,t =

πθ(oi,t|q,oi,<t)
πθold (oi,t|q,oi,<t)

denotes the prob-
ability ratio at step t, and β is the coefficient
for the KL divergence regularization. Crucially,
Âi,t represents the advantage computed via group
normalization. Specifically, given the rewards
r = {r1, . . . , rG} for the group of outputs, the
advantage is derived as:

Âi,t =
ri − mean(r)

std(r) + ϵ
, (3)

where the baseline is estimated solely from the
group scores, obviating the need for a critic model.

4.2 Reward Function Design

We define the total reward R(p) for a generated
program p. This total reward comprises the sum
of a format consistency reward and a performance-
driven efficiency reward:

R(p) = rformat(p) + reff(p). (4)

The first component is the format reward
rformat(p). This term acts as a sparse signal en-
suring that the generated code adheres to the strict
formatting requirements specified in the prompt.
Specifically, we assign a reward score of 0.05 if
the system successfully extracts a code block and
identifies a defined calculator function within
that block.

The core optimization objective is encapsulated
in the efficiency reward reff(p). We compute this
metric exclusively for programs that pass the func-
tional correctness tests; the reward is zero other-
wise.

To emphasize substantial speedups, we introduce
a margin parameter τ ≥ 0 and shift the efficiency
score by subtracting τ , so that minor improvements
below the margin receive no positive reward. In our
training runs, we set τ = 0.5. To stabilize training,
we further constrain the reward within [0, 2]. The
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Model OEISPerf HumanEval MBPP LiveCodeBench v5

RAR RNS NVG HE HE+ MBPP MBPP+ Pass@1

Qwen2.5-Coder-3B-Instruct 2.3 21.6 70.2 83.5 78.7 73.8 62.7 21.6
Qwen2.5-Coder-3B-Instruct-OEISPerf 12.1 43.0 44.5 85.4 79.3 75.1 64.3 23.3

Table 3: The performance of Qwen2.5-Coder-3B-Instruct fine-tuned on OEISPerf compared with the base Qwen2.5-
Coder-3B-Instruct. RAR denotes the reference attainment rate, RNS the reference-normalized speedup score, and
NVG the no valid gain rate on OEISPerf.

final efficiency reward is:

reff(p) = clip
( ln t(pineff )− ln t(p)

ln t(pineff )− ln t(pref )
− τ,

0, 2
)
.

(5)
This formulation incentivizes the model to gener-
ate functionally correct programs while prioritiz-
ing large runtime improvements that approach or
exceed the execution speed of the reference imple-
mentations.

4.3 Evaluation Benchmarks
We evaluate the GRPO-finetuned model, denoted as
Qwen2.5-Coder-3B-Instruct-OEISPerf, on OEIS-
Perf. To ensure fine-tuning preserves founda-
tional coding abilities, we also evaluate on Hu-
manEval (Chen et al., 2021), MBPP (Austin et al.,
2021), and LiveCodeBench (Jain et al., 2025). For
HumanEval and MBPP, we adopt the EvalPlus (Liu
et al., 2023) evaluation framework, which aug-
ments each task with additional test cases and
yields the corresponding HumanEval+ and MBPP+
scores. Unless otherwise specified, we report
pass@1 on all benchmarks.

4.4 Evaluation Results
Table 3 compares the base model Qwen2.5-Coder-
3B-Instruct with its GRPO-finetuned counterpart,
denoted as Qwen2.5-Coder-3B-Instruct-OEISPerf.
On OEISPerf, fine-tuning substantially improves
optimization behavior: the reference attainment
rate rises from 2.3% to 12.1%, the reference-
normalized speedup score increases from 21.6 to
43.0, and the no valid gain rate drops from 70.2%
to 44.5%. At the same time, performance on
out-of-distribution code benchmarks also improves
slightly. In summary, these results suggest that rein-
forcement learning on OEISPerf can meaningfully
strengthen the program optimization ability of the
LLM while largely preserving, and in some cases
modestly enhancing, its general code generation
capability.

4.5 Hidden-State Alignment Analysis

Base GRPO

0.4

0.3

0.2

0.1

0.0

0.1

0.2

0.3

0.4

∆

µ=-0.004
[-0.016, 0.008]

µ=0.045
[0.033, 0.058]

∆ = 0

Base
GRPO

Figure 5: Distribution of representational shift ∆
across the test split for the base model Qwen2.5-Coder-
3B-Instruct and the GRPO-finetuned model Qwen2.5-
Coder-3B-Instruct-OEISPerf. For each instance, ∆ mea-
sures the within-model gain in cosine similarity from
the initial inefficient program pineff to the generated
program pgen with respect to the efficient reference pro-
gram pref . Half-violin plots show the empirical density,
box plots summarize the interquartile range and median,
and white diamonds mark the dataset mean. We also
report 95% bootstrap confidence intervals for the mean
shift; the interval for the Base model slightly overlaps
zero ([−0.016, 0.008]), whereas the GRPO-finetuned
model has a clearly positive interval ([0.033, 0.058]),
indicating a consistent movement of representations to-
ward the reference solutions.

To better understand what changes after finetun-
ing, we analyze how the internal representations
of programs differ between the base model and
the GRPO-finetuned model. For each program, we
take the final hidden state of the last token as its
representation. Due to the autoregressive nature
of the model, this state attends to the entire prefix
and thus encompasses information from the whole
input text.

For every instance, we encode three programs:
the inefficient implementation, the efficient ref-
erence solution, and the code produced by the
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Model cos(pineff , pref ) cos(pgen, pref ) ∆

Qwen2.5-Coder-3B-Instruct 0.771± 0.072 0.766± 0.113 −0.004
Qwen2.5-Coder-3B-Instruct-OEISPerf 0.746± 0.077 0.791± 0.102 0.045

Table 4: Cosine similarity to the efficient reference program pref computed in each model’s own representation
space, reported as mean ± standard deviation on test split. The relative representational shift is defined as
∆ = cos(pgen, pref )− cos(pineff , pref ). We assess optimization behaviour through the within-model change ∆,
which captures how generation moves the representation of a program toward the reference solution.

model. Let hineff , href , and hgen denote their last-
token hidden states.We compute cosine similarities
cos(hgen, href ) and cos(hineff , href ) within the la-
tent space of each model and define a differential
alignment score:

∆ = cos(hgen, href )− cos(hineff , href ). (6)

This quantity measures how much the generated
program increases alignment with the target repre-
sentation relative to the initial code inside the same
embedding space.

As summarized in Table 4, the Base model ex-
hibits a slight negative shift in ∆, which means that
its hidden representation for the generated program
is slightly further from the target than the represen-
tation of the initial implementation. By contrast,
the GRPO-finetuned model shows a substantially
larger and consistently positive ∆, with Figure 5
indicating that most instances experience a clear
movement of the generated representation toward
the reference solution. Taken together, these results
indicate that after GRPO finetuning, the model’s
generated programs are represented more similarly
to efficient reference solutions.

5 Related Work

LLMs for Code. LLMs have demonstrated
strong capabilities across a wide range of natu-
ral language processing tasks, and this progress
has rapidly transferred to code generation. Early
large-scale efforts such as Codex demonstrated
that LMs fine-tuned on publicly available code
from GitHub can generate functionally correct pro-
grams from docstrings and power developer tools
in practice (Chen et al., 2021). AlphaCode fur-
ther showed that large-scale sampling and filter-
ing can produce competitive-programming solu-
tions (Li et al., 2022). Motivated by these advances,
subsequent work has focused on developing code-
specialized language models through large-scale
pretraining and post-training. Representative open
releases include StarCoder2 (Lozhkov et al., 2024),

DeepSeek-Coder and its Mixture-of-Experts suc-
cessor DeepSeek-Coder-V2 (Guo et al., 2024;
DeepSeek-AI et al., 2024), CodeGemma (Zhao
et al., 2024) built upon Gemma with code-focused
adaptation, and Qwen2.5-Coder (Hui et al., 2024),
which reports strong results on code generation,
code completion, and program repair. In parallel
with these model advances, recent research has
increasingly emphasized evaluation beyond func-
tional correctness, including performance consider-
ations, which aligns with the focus of OEISPerf.

Code Benchmarks. To evaluate functional cor-
rectness in code generation, researchers have pro-
posed a range of foundational benchmarks. Repre-
sentative examples include HumanEval (Chen et al.,
2021) and MBPP (Austin et al., 2021), which mea-
sure the ability of language models to synthesize
correct programs from natural language specifica-
tions. Subsequent efforts such as EvalPlus (Liu
et al., 2023) expanded the test suites of these foun-
dational datasets to rigorously ensure functional
correctness and mitigate false positive evaluations.
To address the growing concern of data contami-
nation, LiveCodeBench (Jain et al., 2025) contin-
uously curates problems from recent competitive
programming contests to evaluate models on dy-
namically updated and unseen tasks.

Beyond functional correctness, recent work has
increasingly emphasized the execution efficiency
of the generated programs. EffiBench (Huang et al.,
2024), EffiBench-X (QING et al., 2025), and Mer-
cury (Du et al., 2024) introduced comprehensive
benchmarks to measure the runtime and memory
efficiency of code generated from natural language
prompts across various programming languages.

Recent work such as PIE (Shypula et al., 2024)
curates a code-to-code dataset of performance-
improving edits made by human programmers
across thousands of competitive programming
submissions. However, many earlier paired
datasets are mined from human submission tra-
jectories and primarily reflect repair-style improve-
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ments. The improvements are largely dominated
by engineering-level micro-optimizations. Distinct
from previous research, OEISPerf shifts the evalua-
tion focus from statement-level edits toward algo-
rithmic restructuring to assess the inductive reason-
ing capabilities of LLMs in program optimization
tasks.

6 Conclusion

In this work, we introduced OEISPerf, a code-to-
code benchmark for program optimization built
from alternative implementations of OEIS integer
sequences. Our analysis of tree edit distances and
optimization potential shows that most instances
require large structural changes and admit substan-
tial speedups. Evaluating 15 LLMs reveals that
LLMs often fall short of the efficient references.
Finally, GRPO-based reinforcement learning on
OEISPerf noticeably strengthens optimization be-
havior, while slightly improving performance on
standard code-generation benchmarks.

Limitations

OEISPerf has two main limitations. First, our
dataset construction uses DeepSeek-V3.2 to syn-
thesize candidate implementations from extracted
computation specifications, which may introduce
model-specific construction bias despite subse-
quent validation and filtering. Second, although
all programs are evaluated in a fixed runtime en-
vironment with repeated measurements to reduce
variance, wall-clock measurements may still be af-
fected by residual system-level variability, such as
cache state, CPU scheduling, and frequency fluc-
tuations. Since most OEISPerf instances exhibit
substantial optimization gaps, such variability is
unlikely to materially affect our main conclusions.
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A On-Line Encyclopedia of Integer
Sequences

The OEIS is a curated and publicly accessible
repository of integer sequences with rich mathemat-
ical metadata. Each sequence is assigned a unique
A number that consists of the letter A followed by
six digits. The OEIS home page reports 393586
sequences in early 2026. Each entry records initial
terms and a brief definition, together with struc-
tured fields that may include comments, formulas,
recurrences, references, links, and programs for
term generation.

The OEIS database is distributed under the Cre-
ative Commons Attribution Share-Alike 4.0 li-
cense (CC-BY-SA-4.0). We comply with attribu-
tion and ShareAlike requirements, and use the data
for academic research.

Figure 6 shows a screenshot of a typical OEIS
sequence entry page.

B Version Information of the Models

As shown in Table 5, we detail the specific versions
or access identifiers of all models considered in this
paper. For open-source models, we additionally
report the license specified by the corresponding
model repository.
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Figure 6: An example OEIS entry page. The identifier in this page is “A000248”. This webpage includes the number
sequence, number sequence offsets, number sequence references, number sequence links to other supplementary
information, mathematical explanations, cross-references with other number sequences, and so on.

C AST distance implementation details.

For the structural analysis in Table 1, we parse
each program into a Python AST and compute tree
edit distance using the Zhang–Shasha algorithm.
To better reflect structural transformation rather
than superficial lexical variation, we construct the
edit-distance trees using AST node types as labels,
without encoding identifier names or literal values.
This design makes the metric less sensitive to cos-
metic edits such as variable renaming, and instead
emphasizes changes in program organization, ex-
pression structure, and control-flow composition.
As a result, the reported distance is intended to cap-
ture the degree of syntactic restructuring between
pineff and pref .

D OEISPerf Statistics

Table 6 reports the descriptive statistics of the
dataset partitions employed in this work, namely
the training, validation, and test splits. For each par-
tition, Min, Max, Average, and Median correspond
to the minimum, maximum, mean, and median

number of terms per instance, respectively. The
numbers reported for train, valid, and test repre-
sent the total number of instances in each split.

E Evaluation

E.1 Runtime Environment

All runtime measurements are obtained on a server
with x86_64 architecture and dual socket Intel
Xeon Platinum 8352V CPUs at 2.10 GHz. Each
socket hosts 32 physical cores and 64 hardware
threads, for 64 physical cores and 128 hardware
threads in total. The cache hierarchy comprises
3 MiB L1 data cache and 2 MiB L1 instruction
cache across 64 instances, 80 MiB L2 cache across
64 instances, and 108 MiB L3 cache across 2 in-
stances. All reported wall clock times are measured
in this environment.

E.2 Evaluation Implementation Details

Table 7 outlines the key hyper-parameters used in
our evaluation framework.
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Open-source
Model Provider Link/Version License

GLM 4.7 Zhipu AI https://huggingface.co/zai-org/GLM-4.7 MIT
Kimi-K2 Moonshot AI https://huggingface.co/moonshotai/Kimi-K2-Thinking Modified MIT
Qwen3-14B Qwen Team https://huggingface.co/Qwen/Qwen3-14B Apache-2.0
GPT-OSS-20B OpenAI https://huggingface.co/openai/gpt-oss-20b Apache-2.0
DeepSeek-V3.2 DeepSeek-AI https://huggingface.co/deepseek-ai/DeepSeek-V3.2 MIT
Llama-3.1-8B-Instruct Meta https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct Llama 3.1 Community License
Llama-3.2-3B-Instruct Meta https://huggingface.co/meta-llama/Llama-3.2-3B-Instruct Llama 3.2 Community License
Qwen2.5-Coder-3B-Instruct Qwen Team https://huggingface.co/Qwen/Qwen2.5-Coder-3B-Instruct Qwen Research License

Closed-source
Model Provider Link/Version

Gemini-3-Flash Google gemini-3-flash-preview
Gemini-2.5-Flash Google gemini-2.5-flash
Seed-1.8 ByteDance Seed doubao-seed-1-8-251228
GPT-5.2 OpenAI gpt-5.2-2025-12-11
Qwen3-Max Qwen Team qwen3-max-2025-09-23
Claude-Sonnet-4.5 Anthropic claude-sonnet-4.5
Claude-Haiku-4.5 Anthropic claude-haiku-4.5

Table 5: Version and license information of the models evaluated on OEISPerf. The license column is reported for
open-source models according to the corresponding model repositories.

Split #Instances Min Max Average Median
Train 2762 4 120 36.24 28.0
Valid 240 5 105 36.50 25.5
Test 265 6 105 38.42 28.0

Table 6: Descriptive statistics of the dataset splits used in this work. #Instances denotes the number of instances in
each split, while Min, Max, Average, and Median represent the minimum, maximum, mean, and median number of
terms per instance, respectively.

Resource limits and sandboxing. All correct-
ness verification and runtime evaluation runs exe-
cute in separate subprocesses. We cap the memory
using prlimit –as (memory limit M GB), and
enforce a wall-clock timeout of 3400s per subpro-
cess.

Software Environment. All generated Python
programs were executed and validated in a stan-
dardized environment running Python 3.13. Math-
ematical functions and generation requirements
were handled using SymPy version 1.14.0.

E.3 Results
Figure 7 shows the complete results of LLMs.

E.4 Multi-sample Evaluation
Table 8 reports reference attainment pass@k results
with n = 10 samples per instance for representative
LLMs.

F Reinforcement Learning

F.1 Training Configuration
We fine-tune the model with GRPO for a total of
six epochs, using LoRA-based parameter-efficient
adaptation with rank 32 and scaling factor 64 ap-
plied to all linear layers in the transformer. The

policy is optimized with the AdamW optimizer
with a learning rate of 3 × 10−5, weight de-
cay of 0.01, and Adam momentum coefficients
(β1, β2) = (0.9, 0.999), together with global gradi-
ent norm clipping at 1.0 to stabilize training. We
employ a cosine learning-rate decay schedule with
a warmup phase covering 5% of the total training
steps, after which the learning rate is gradually an-
nealed following the cosine schedule. All GRPO
fine-tuning experiments were conducted on a server
equipped with NVIDIA A10 GPUs. The total com-
putational budget for fine-tuning the model was
approximately 70 GPU hours.

F.2 Training Process
As shown in Fig. 8, we present the overall re-
ward trajectory of the Qwen2.5-Coder-3B-Instruct
model during training. The blue curve denotes the
instantaneous reward at each training step, while
the orange curve shows the moving average of re-
wards, which provides a smoother view of the over-
all trend.

F.3 Out-of-distribution Code Benchmark
Licenses

Table 9 summarizes the licenses of the out-of-
distribution code benchmarks and we use these
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Symbol / Parameter Value in our evaluation implementation

k (The last k items of the input) k = 7
m (Times per benchmark repeat) m = 50
r (Repeat rounds) r = 7
M (Memory limit) M = 0.5 GB
subprocess timeout timeout = 3400 s

Table 7: Key evaluation hyper-parameters and implementation choices.
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Figure 7: Performance distribution of all LLMs on OEISPerf.
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Figure 8: Overall reward values of the Qwen2.5-Coder-3B-Instruct model during training.

Model Pass@1 Pass@3 Pass@5

Seed-1.8 (thinking) 38.7 55.2 61.6
Seed-1.8 10.5 17.7 22.0
GPT-OSS-20B (thinking) 34.3 53.9 63.5

Table 8: Reference attainment pass@k results with n =
10 samples per instance for representative LLMs.

benchmarks only for research evaluation and do
not redistribute modified benchmark data.

G Prompt

Table 10, Table 11, and Table 12 summarize
the prompts used in our pipeline: code generation
from OEIS formulas, automatic program repair

Benchmark License

HumanEval MIT
HumanEval+ Apache-2.0
MBPP CC BY 4.0
MBPP+ Apache-2.0
LiveCodeBench MIT

Table 9: Licenses of the out-of-distribution benchmarks
used in our evaluation.

when tests fail, and program optimization during
evaluation.
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Prompt of Code Generation
You are a Python master. Your task is to faithfully implement the given formula, rather than

performing any mathematical derivation or simplification. Functions such as cos, sin, log,
and exp can all be implemented using the corresponding functions in the ‘sympy‘ library. In
particular, the implementation of generating functions must use the ‘sympy‘ library.

Note: **Do not optimize the calculation process. Stay faithful to the formula, and do not
consider the time complexity of computing too many terms!**

Write Python code to compute the sequence a(n).

Uniform requirements (very important):

1. You must define and only define the ‘calculator‘ function as the function entry point:

‘‘‘python
def calculator(n: int) -> int:

...

‘‘‘

2. The use of any caching to optimize calculations is strictly prohibited!
3. You are allowed to write a small number of helper functions, but please implement them **

inside the ‘calculator‘ function**;
4. You must include one and only one function definition named ‘calculator‘. Do not write any

test code, ‘print‘ statements, or constructs like ‘if __name__ == "__main__":‘!
5. Please wrap the output code in a ‘‘‘python code block!

Below is the formula description from the OEIS %F line. Please interpret it into a Python
function to compute a(n):

Original %F line (prefix removed):
{FORMULA}

Context:
Sequence ID: {ID}
Name (%N): {NAME}
Offset (%O): a={OFFSET_A}, b={OFFSET_B}
First four terms (starting from offset): {TERMS}

Please output the Python code that meets the requirements.

Table 10: Code-generation prompt used in dataset construction. The prompt also provides OEIS context (sequence
ID, name, and %O offset a,b where a is the index of the first listed term and b is OEIS’s internal second offset used
for ordering, i.e., the position of the first term with |a(n)| ≥ 2).
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Prompt of Program Repair.
You are a Python master. Your task is to faithfully implement the given formula, rather than

performing any mathematical derivation or simplification. Functions such as cos, sin, log,
and exp can all be implemented using the corresponding functions in the ‘sympy‘ library. In
particular, the implementation of generating functions must use the ‘sympy‘ library.

Note: **Do not optimize the calculation process. Stay faithful to the formula, and do not
consider the time complexity of computing too many terms!**

Write Python code to compute the sequence a(n).

Uniform requirements (very important):

1. You must define and only define the ‘calculator‘ function as the function entry point:

‘‘‘python
def calculator(n: int) -> int:

...

‘‘‘

2. The use of any caching to optimize calculations is strictly prohibited!
3. You are allowed to write a small number of helper functions, but please implement them **

inside the ‘calculator‘ function**;
4. You must include one and only one function definition named ‘calculator‘. Do not write any

test code, ‘print‘ statements, or constructs like ‘if __name__ == "__main__":‘!
5. Please wrap the output code in a ‘‘‘python code block!

Previously, you generated code based on the instructions below, but an error occurred during
automated testing.

Please fix the code based on your understanding of the error message and output it again.

========= Previous Instructions =========
{ORIGINAL_PROMPT}

========= Your Previously Generated Code =========
{INCORRECT_CODE}

========= Automated Testing Error Message =========
{ERROR_MESSAGE}

========= Context =========
Sequence ID: {ID}
Name (%N): {NAME}
Offset (%O): a={OFFSET_A}, b={OFFSET_B}
First four terms (starting from offset): {TERMS}

Please output the corrected, complete Python code (you must still only define a single ‘def
calculator(n)‘ function), and do not include any explanatory text or Markdown.

Table 11: Program-repair prompt for failed candidates: when previously generated code INCORRECT_CODE
does not execute or fails validation, the model receives the original generation instructions, the faulty code, and
the automated testing error message. It must output a corrected, complete implementation that preserves the same
constraints, using the provided OEIS metadata (ID, name, offset a,b, and initial terms) to resolve errors, and
returning only the fixed code for re-validation.
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Prompt of Evaluation
Your task is to optimize the provided sequence calculation code, focusing on reducing time

complexity to achieve extreme performance.
Requirements:
1. Code must be enclosed in a block.
2. The function signature must strictly adhere to ‘def calculator(n: int) -> int:‘.
3. The code block must strictly exclude testing code, print statements, or ‘if __name__ == "

__main__"‘.

Code:
‘‘‘python
{CODE}
‘‘‘

Table 12: The prompt used for evaluation.
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