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Abstract

Vectorization via Single Instruction, Multiple
Data (SIMD) architectures is a cornerstone
of high-performance computing. To fully ex-
ploit hardware potential, developers often re-
sort to explicit vectorization using intrinsics, as
compiler-based auto-vectorization frequently
yields suboptimal results due to conservative
static analysis. While Large Language Models
(LLMs) have demonstrated remarkable profi-
ciency in general code generation, they struggle
with explicit vectorization due to the scarcity
of high-quality corpora and the strict semantic
constraints of low-level hardware instructions.
In this paper, we propose AUTOVECCODER, a
novel framework designed to empower LLMs
with the capability of automated explicit vector-
ization. AUTOVECCODER integrates two core
components: VECPROMPT, an automated data
synthesis pipeline to inject domain-specific in-
trinsic knowledge; and VECRL, a reinforce-
ment learning framework that aligns code gen-
eration with execution efficiency. AUTOVEC-
CODER-8B trained by this framework achieves
state-of-the-art performance on the SSE and
AVX subsets of SimdBench and, in some cases,
generates implementations surpassing standard
-O3 optimizations, effectively overcoming the
inherent bottlenecks of traditional automated
vectorization.

1 Introduction

Vectorization (Chen et al., 2021; Nuzman et al.,
2006a,b) is a fundamental programming paradigm
for harnessing Data-Level Parallelism. By orga-
nizing data into vectors and leveraging Single In-
struction, Multiple Data (SIMD) instruction sets,
developers can process multiple data elements con-
currently within a single clock cycle, achieving
significant performance gains. From AVX (Intel,
2025) in x86 architectures to SVE (ARM, 2025) in
ARM, vectorization has become an indispensable
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for (int i = 0; i < n-1; i++){
    a[i] *= c[i];
}

Loop-Carried Dep

for (int i = 0; i < n-1; i++){
    a[i] *= c[i]
    b[i] += a[i + 1] * d[i];
}

Explicitly Vectorized

__m256i a_vec, b_vec, c_vec, a_n_vec, d_vec;
__m256i prod_vec, sum_vec;

for (i=0; i < n-1-(n-1)%8; i+=8) {
    a_vec = _mm256_loadu_si256((__m256i *) &a[i]);
    b_vec = _mm256_loadu_si256((__m256i *) &b[i]);
    c_vec = _mm256_loadu_si256((__m256i *) &c[i]);
    a_n_vec = _mm256_loadu_si256((__m256i *) &a[i+1]);
    d_vec = _mm256_loadu_si256((__m256i *) &d[i]);
    prod_vec = _mm256_mullo_epi32(a_vec, c_vec);
    _mm256_storeu_si256((__m256i *) &a[i], prod_vec);
    prod_vec = _mm256_mullo_epi32(a_n_vec, d_vec);
    sum_vec = _mm256_add_epi32(b_vec, prod_vec);
    _mm256_storeu_si256((__m256i *) &b[i], sum_vec);
}

Failed

Success

Figure 1: An example of explicit vectorization. From
top to bottom, the figure shows: (1) code that can be
automatically vectorized by the compiler; (2) code that
cannot be automatically vectorized due to loop-carried
data dependencies; and (3) explicitly vectorized code.

core technology for performance-sensitive applica-
tions, such as deep learning inference and scientific
computing.

Despite the immense parallel potential offered
by modern hardware, generating efficient vector-
ized code remains a formidable challenge. Cur-
rent development practices face a dichotomy be-
tween automation and performance. As shown
in Figure 1, implicit vectorization (Baghsorkhi
et al., 2016; Mendis et al., 2019) relies on compiler
auto-vectorization; however, constrained by con-
servative static analysis, compilers often struggle
to generate optimal instruction sequences. Con-
versely, explicit vectorization allows developers
to directly control hardware via ISA-specific (In-
struction Set Architecture) intrinsics, guaranteeing
performance but introducing a steep learning curve,
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Figure 2: Overview of the AUTOVECCODER framework, which integrates knowledge-augmented data synthesis
(VECPROMPT) and performance-driven reinforcement learning (VECRL) to enhance LLMs for explicit vectorization
tasks.

laborious coding processes, and limited portabil-
ity. Consequently, automating the generation of
high-performance, high-reliability explicitly vector-
ized code holds significant academic and industrial
value.

Recent advancements in Large Language Mod-
els (LLMs) (Joel et al., 2025; Zhang et al.,
2024) have demonstrated remarkable capabilities
in code generation. However, explicit vectorization
presents unique challenges for LLMs due to the
task’s high logical density and strict adherence to
low-level hardware constraints. Existing models
frequently fail to generate code that is both semanti-
cally correct and optimized for specific instruction
sets. For instance, SimdBench (He et al., 2025)
reveals substantial deficiencies in current models
regarding high-performance vectorization. Further-
more, existing attempts (Taneja et al., 2025) to
build auto-vectorization workflows are hindered by
an insufficient understanding of complex instruc-
tion mappings, making them ill-equipped to adapt
to the rapid evolution of CPU architectures and
SIMD instruction sets.

To tackle these challenges, we propose AU-
TOVECCODER, the first training framework deeply
optimized for explicit vectorization tasks. This
framework consists of two core components: 1)
Automated Data Synthesis and Distillation Pipeline
(VECPROMPT): We construct a large-scale and reli-

able training corpus for vectorized programming by
systematically constructing computational require-
ments and combining Retrieval-Augmented Gen-
eration (RAG) (Chen et al., 2025a) mechanisms
to inject high-quality domain knowledge of SIMD
intrinsics. 2) Performance-Driven Reinforcement
Learning Algorithm (VECRL): By introducing a
correctness-gated performance reward mechanism,
we guide the model to optimize specifically towards
generating "higher performance code."

Leveraging this framework, we develop AU-
TOVECCODER-8B model. Experimental results on
the SSE and AVX subsets of SimdBench indicate
that AUTOVECCODER, despite having only 8B
parameters, achieves state-of-the-art performance
compared with advanced closed-source models
across a range of vectorization programming tasks.
Moreover, in some scenarios, it generates explic-
itly vectorized code that is superior to the results
of compiler -O3 optimization. This fully proves
the effectiveness and advanced nature of our data
pipeline and reinforcement learning algorithm.

In summary, the main contributions of this paper
are as follows:

• VECPROMPT: We propose an automated data
synthesis pipeline that utilizes RAG to inject
SIMD intrinsic knowledge, constructing high-
quality training data for vectorized program-

31943



ming.

• VECRL: We introduce a GRPO-based rein-
forcement learning algorithm with a joint re-
ward mechanism specifically designed to op-
timize both code correctness and execution
performance.

• AUTOVECCODER-8B: We develop an 8B-
parameter model that achieves SOTA perfor-
mance compared with advanced closed-source
models on the SSE and AVX subsets of Simd-
Bench and, in specific scenarios, outperforms
compiler -O3 optimizations.

2 Related Works

The focus of LLM-based code generation has
shifted from general functional correctness toward
performance optimization. This section reviews re-
cent advancements in LLM-driven vectorization
and reinforcement learning for code efficiency,
framing the context for AUTOVECCODER as a
framework to achieve deep ISA-level alignment.

2.1 LLM-based Vectorization Code
Generation

Recent research has increasingly explored the
synergy between LLMs and vectorized program-
ming to exploit the data parallelism of modern
SIMD architectures (e.g., SSE, AVX, and AVX-
512). Current approaches can be broadly catego-
rized into implicit and explicit vectorization. Im-
plicit vectorization focuses on program rewriting
to improve the success rate of traditional com-
piler auto-vectorization. For instance, VecTrans
(Zheng et al., 2025) utilizes an LLM-based agent
to transform complex loop structures into compiler-
friendly equivalent forms. Explicit vectorization,
conversely, involves the direct synthesis of code
using SIMD intrinsics. LLM-Vectorizer (Taneja
et al., 2025) demonstrates the feasibility of this
approach by translating scalar C programs into
vectorized implementations, achieving speedups
of up to 9.4× on the TSVC (Maleki et al., 2011)
benchmark. SimdBench (He et al., 2025) provides
a multi-architecture (x86, ARM, RISC-V) evalua-
tion suite for assessing both functional correctness
and execution performance. LLaMeSIMD (Vec-
torCamp, 2025) and VecIntrinBench (Han et al.,
2025a) focus on the cross-architecture migration
of SIMD intrinsics, with the latter specifically tar-
geting the RISC-V vector extension. Building on

this, IntrinTrans (Han et al., 2025b) incorporates an
execution-guided optimization workflow to refine
intrinsic translation. However, these existing ef-
forts primarily rely on zero-shot prompting or mod-
ular workflows, which lack a systematic training
regime to inherently instill the specialized seman-
tics of SIMD intrinsics into the model’s parameters.

2.2 RL for Code Optimization

As the proficiency of LLMs in code generation ma-
tures, the optimization objective has shifted from
mere functional correctness to execution perfor-
mance. One line of work treats performance tuning
as a general reasoning task. For example, After-
burner (Du et al., 2025) employs the Group Rel-
ative Policy Optimization (GRPO) (Shao et al.,
2024) algorithm with execution speed as the re-
ward signal to iteratively enhance code efficiency.
Feng et al. (2025) proposed a two-stage alignment
process using DPO (Rafailov et al., 2024) and
RLOO (Stiennon et al., 2020) to decouple the op-
timization of correctness and performance. This
trend is mirrored by the emergence of performance-
oriented benchmarks such as ECCO (Waghjale
et al., 2024), EFFIBENCH (Huang et al., 2024),
and Mercury (Du et al., 2024). Another research
direction focuses on domain-specific code opti-
mization for complex hardware scenarios. Kernel-
Bench (Ouyang et al., 2025) and TritonBench (Li
et al., 2025a) evaluate the efficiency of operator-
level implementations. Specialized frameworks
like CUDA-L2 (Su et al., 2025) and AutoTriton
(Li et al., 2025b) utilize execution feedback within
the GRPO framework to guide the generation of
high-performance DSL code. Similarly, SUPER-
CODER (Wei et al., 2025) applies RL to assem-
bly code optimization, and ChipSeek-R1 (Chen
et al., 2025b) incorporates hardware PPA (Power,
Performance, Area) metrics into a Verilog train-
ing pipeline. These methods typically struggle
with low-level DSL code, where strict architec-
tural constraints, sparse optimization opportunities,
and vast instruction combinations make effective
performance-oriented code generation particularly
challenging.

3 Methodology

Developing AUTOVECCODER consists of two
primary stages: (1)VECPROMPT, a knowledge-
augmented distillation pipeline that synthesizes
high-quality scalar-to-vector parallel corpora; and
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(2)VECRL, a performance-driven reinforcement
learning stage that aligns the model with efficiency
using execution feedback.

3.1 VECPROMPT: Knowledge-Augmented
Data Synthesis

Explicit vectorization requires a precise mapping
between scalar logic and architectural intrinsics.
VECPROMPT addresses the scarcity of such data by
combining synthetic schemata with real-world code
snippets, augmented by domain-specific knowl-
edge retrieval.

3.1.1 Seed Program Construction
We first construct a diverse set of scalar C/C++
functions as source programs. To balance computa-
tional coverage and structural diversity, we employ
a dual-source strategy.

Synthetic Schemata We formalize vectorization
requirements as a triplet C = ⟨O, T ,D⟩, where O
denotes the operator type (e.g., GEMM, element-
wise, reduction), T represents the data type (float,
double, int, etc.), and D specifies the input dimen-
sions. We further inject complex control flows
(e.g., conditional branches) into these templates
to simulate scenarios where traditional compiler
auto-vectorization typically fails.

Real-world Collection We harvest C/C++ snip-
pets from established benchmarks like MBPP
(Austin et al., 2021) and XLCoST (Zhu et al.,
2022), normalizing them into a consistent func-
tional format to ensure engineering compatibility.
Each seed function is annotated with a natural lan-
guage description and a dedicated test suite for
functional correctness and performance validation.

3.1.2 Distillation via RAG
To ensure the quality of distilled vectorized code,
we incorporate an RAG mechanism to infuse the
model with up-to-date hardware expertise. We con-
struct a specialized knowledge base K from official
SIMD intrinsic documentations. For each scalar
function f , we perform dense semantic retrieval
to obtain the top-k relevant intrinsic definitions
K(k)

f = {d1, . . . , dk} based on embedding simi-

larity. By providing K(k)
f as context, the model

generates vectorized code along with intermedi-
ate reasoning steps. This "knowledge-in-the-loop"
approach significantly mitigates hallucinations re-
garding ISA-specific constraints. A case study to
illustrate the role of RAG is shown in Appendix D.

3.1.3 Execution-Based Quality Control
To guarantee the reliability of the training set, all
generated candidates f̂ undergo a rigorous filtering
pipeline: (1) Compilability: The code must suc-
cessfully compile for the target instruction set. (2)
Functional Equivalence: The output of f̂ must
match the scalar original across all test cases. (3)
Complexity Constraint: Candidates exceeding
predefined length thresholds are discarded to avoid
degenerate implementations.

The resulting high-fidelity dataset, DSFT =

{(f,K(k)
f , f̂)}, is used for Supervised Fine-Tuning

(SFT), establishing a robust baseline for instruction
following and syntax correctness.

3.2 VECRL: Performance-Guided
Reinforcement Learning

While SFT establishes a foundational capability
for instruction following and syntactical mapping,
it often fails to capture the intricate performance
landscapes of ISA execution. To bridge the gap
between syntactically correct and computationally
optimal code, we introduce VECRL. This reinforce-
ment learning stage shifts the optimization objec-
tive from static token-matching to dynamic execu-
tion efficiency, enabling the model to autonomously
explore vectorization strategies that maximize per-
formance gains on target architectures.

3.2.1 Correctness-Constrained Reward
Shaping

We model vectorization as a conditional policy op-
timization problem. A unique challenge in this
domain is that performance feedback often exhibits
a heavy-tailed distribution: minor code mutations
may yield order-of-magnitude speedups. To sta-
bilize training, we design a hierarchical reward
function. We first define the relative execution im-
provement ∆:

∆ =
Tscalar − Tvector

Tscalar + ϵ
(1)

where Tscalar and Tvector denote the execution la-
tency of the scalar and vectorized implementations,
respectively.

To ensure stable policy convergence and distin-
guish between correctness and efficiency, our re-
ward design follows three primary objectives: (1)
Strict Filtering: Non-functional code is assigned
zero reward to penalize syntax or logical errors.
(2) Baseline Incentive: A constant reward is pro-
vided for any functionally correct implementation
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to prevent the vanishing gradient problem. (3)
Saturation-Aware Scaling: Performance gains are
rewarded within a bounded, Lipschitz-continuous
range to prevent extreme outliers from dominating
policy updates.

To satisfy these requirements, we formulate the
total reward Rtotal as:

Rtotal = I(correct)·(βbase+βperf·tanh(α·∆)) (2)

where I(·) is an indicator function for functional
correctness. The coefficients βbase and βperf bal-
ance the trade-off between basic instruction follow-
ing and performance optimization, while the tanh
mapping, scaled by a sensitivity factor α, squashes
the relative improvement ∆ into a stable numerical
manifold.

3.2.2 Optimization with GRPO
We employ Group Relative Policy Optimization
(GRPO) to refine the model’s policy. For each
scalar function f , we generate a group of G vec-
torized candidates {v1, . . . , vG}. The advantage
Âi for each candidate is computed by normaliz-
ing its performance-aware reward Rtotal (defined in
Section 3.2.1) against the group statistics:

Âi =
Rtotal(vi)− mean(Rtotal)

std(Rtotal) + ϵ
(3)

The model is optimized by maximizing the follow-
ing objective, which incorporates the advantage
and a KL divergence penalty to maintain training
stability:

LGRPO =Ef,{vi}

[
1

G

G∑

i=1

(
πθ(vi | f)
πθold(vi | f)

Âi

− ηDKL(πθ∥πref)

)] (4)

This allows AUTOVECCODER to move beyond
imitation of SFT data and discover novel ISA-level
optimizations that transcend traditional compiler
heuristics.

4 Experiments

In this section, we detail the experimental method-
ology designed to evaluate AUTOVECCODER. We
first describe our two-stage data synthesis and train-
ing procedure, including the hyperparameters used
for Supervised Fine-Tuning (SFT) and VECRL.
Subsequently, we outline our execution sandbox

environment, which ensures resource isolation and
precise performance measurement. Finally, we de-
fine the evaluation metrics and the set of state-of-
the-art (SOTA) baselines used for comparative anal-
ysis.

4.1 Experiment Setup

Data Synthesis and SFT In the VECPROMPT

stage, we construct supervised training data for ex-
plicit vectorization through knowledge-augmented
distillation. We employ the UltraRAG framework
(Chen et al., 2025a) as our retriever, utilizing a
knowledge base built from official Intel SIMD in-
trinsics documentation (Intel, 2025). For each tar-
get scalar function, the retriever identifies the top-5
intrinsic snippets with the highest semantic rele-
vance to serve as external expertise for the distilla-
tion process. We use DeepSeek-R1-250528 as the
teacher model, resulting in a high-fidelity dataset
of 7, 685 samples. Notably, this teacher model was
frozen prior to the public release of SimdBench
(July 2025), ensuring no data contamination be-
tween the distillation source and the evaluation
benchmark. SFT is conducted using the LLaMA-
Factory framework (Zheng et al., 2024) with a
learning rate of 1× 10−5 over 3 epochs, based on
the Qwen3-8B (Yang et al., 2025) model. Prompts
during distillation and evaluation are shown in
Appendix C. The resulting dataset exhibits broad
coverage across multiple dimensions. In terms of
computational semantics, it spans 6 operator cate-
gories—arithmetic, math, logic/bitwise, reduction,
type conversion, and comparison—with a near-
uniform distribution drawn from a pool of 136
unique operators. In terms of data representation,
it covers 11 element types including 32-bit/64-bit
floating-point, signed and unsigned integers rang-
ing from 8 to 64 bits, and string types, along with
both 1D (50.8%) and 2D (49.2%) inputs. In terms
of control-flow complexity, approximately 56% of
the scalar reference programs contain 2 or more
loops (including nested structures over 2D inputs),
and 32% include conditional branches, directly tar-
geting the challenging scenarios where traditional
compiler auto-vectorization typically fails.

Code Execution and RL During the VECRL
stage, we perform performance-driven policy op-
timization using the verl framework (Sheng et al.,
2024). The training set comprises 3, 988 samples,
blending successfully distilled implementations
with those that failed initial execution filtering to
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encourage robust exploration. We set the learning
rate at 1×10−6 with a batch size of 64 for 5 epochs.
The reward function hyperparameters are config-
ured as α = 3.0, βbase = 2.0, and βperf = 1.0. All
RL experiments are conducted on a single node
equipped with 8×NVIDIA A100 GPUs. To en-
sure stable evaluation, we implement a lightweight
execution sandbox using ZeroMQ (ZMQ) (Akgul,
2013) for task scheduling and resource manage-
ment. Detailed implementation and benchmarking
workflows are provided in Appendix A.

4.2 Metrics and Baselines

We evaluate execution efficiency using Google
Benchmark library (Google, 2014). All generated
code is compiled under the -O3 optimization level
to ensure a rigorous baseline. The primary metric,
SpeedUp, is defined as the ratio of scalar execution
time to vectorized execution time:

SpeedUp =
Tscalar

Tvector
(5)

where Tscalar and Tvector denote the execution time
of the scalar and vectorized implementations, re-
spectively, under identical input scales and hard-
ware conditions. All benchmarks are executed
on an Intel(R) Xeon(R) Platinum 8374C CPU @
2.70GHz (x86_64 architecture). To characterize
the overall proficiency of models in explicit vector-
ization, inspired by Ouyang et al. (2025), we use
the fastp metric, which accounts for both functional
correctness and performance gain:

fastp = 1
N

∑N
i=1 1(correcti ∧ {SpeedUpi > p}) (6)

where N is the total number of test cases, 1(·) is
the indicator function, and p is a predefined per-
formance threshold. This metric represents the
percentage of samples that are both semantically
correct and achieve a speedup exceeding p. To
further characterize the speedup distribution, we re-
port the median (P50) and 75th percentile (P75) of
SpeedUp, computed exclusively over functionally
correct samples.

To ensure a fair and contemporary compari-
son, we re-evaluated several SOTA models within
our unified hardware environment. Following the
SimdBench protocol, we evaluated: DeepSeek-V3-
250324 (DeepSeek-AI et al., 2025), DeepSeek-
V3.2-Thinking (Liu et al., 2025), DeepSeek-R1-
250528 (Guo et al., 2025), Qwen3-Coder-480B-
A35B, Qwen3-Coder-Plus (Qwen Team, 2025),

Gemini-2.5-Pro (Comanici et al., 2025), Grok4-
Fast (xAI, 2025), Claude-4-Sonnet (Anthropic,
2025), and GPT-5 (OpenAI, 2025). Each model
is tested under SSE (-msse, -msse2) and AVX
(-mavx, -mavx2) instruction set configurations to
assess their adaptability across different SIMD vec-
tor widths. We emphasize that all models are
evaluated in a strictly zero-shot setting: neither
AUTOVECCODER nor any baseline is provided
with RAG-retrieved documentation during infer-
ence. The RAG-augmented knowledge injection
is used exclusively during the VECPROMPT data
synthesis phase.

5 Results

5.1 Main Results

Table 1 presents the comprehensive evaluation of
AUTOVECCODER-8B on Simdbench, compared
against a wide spectrum of advanced open-source
and closed-source LLMs. Collectively, these re-
sults validate the efficacy of our VECPROMPT +
VECRL training paradigm, demonstrating that a
specialized 8B model can achieve—and even ex-
ceed—the domain-specific proficiency of massive,
general-purpose frontier models through targeted
data distillation and performance-driven reinforce-
ment learning.

Superiority in Correctness and Performance
Our proposed model, AUTOVECCODER-8B,
achieves the highest correctness, fast1, and me-
dian speedup (P50) on both instruction sets, while
maintaining highly competitive P75 performance.
Notably, at the critical performance threshold of
fast1 (representing implementations that are strictly
faster than their scalar counterparts), AUTOVEC-
CODER-8B significantly outperforms much larger
models, including DeepSeek-R1, Gemini-2.5-Pro,
Claude-4, and GPT-5. This suggests that for
low-level explicit vectorization tasks, performance-
aware training objectives and execution-in-the-loop
feedback are more decisive factors than raw param-
eter scale.

Synergistic Optimization of Correctness and
Efficiency A key observation is that while
some closed-source models achieve higher peak
speedups (e.g., P75), their correctness rates are sub-
stantially lower. In contrast, AUTOVECCODER-8B
consistently generates vectorized implementations
that surpass the default -O3 compiler optimizations
while maintaining a high rate of functional equiva-
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Model AVX SSE

Corr fast1 P50 P75 Corr fast1 P50 P75

Qwen3-Coder-480B-A35B 55.15 33.09 0.67 1.25 45.59 29.41 − 1.08
Qwen3-Coder-Plus 34.56 19.85 − 0.89 44.85 25.00 − 1.00
DeepSeek-R1-250528 73.53 44.12 0.97 2.83 69.85 46.32 0.99 1.95
DeepSeek-V3-250324 43.38 24.26 − 1.00 34.56 22.79 − 0.97
DeepSeek-V3.2-Thinking 53.68 30.88 0.47 1.30 42.65 27.94 − 1.01
Gemini-2.5-Pro 63.97 39.71 0.88 2.84 61.76 47.06 0.93 2.35
GPT-5 62.50 36.76 0.82 1.18 55.88 33.82 0.60 1.15
Grok4-Fast 18.38 9.56 − − 19.85 11.03 − −
Claude-4-Sonnet-20250514 58.09 28.68 0.72 1.03 66.91 40.44 0.93 1.51

Qwen3-8B (w/o Training) 9.41 2.79 − − 10.88 5.00 − −
AUTOVECCODER-8B (w/o VECRL) 62.79 35.59 0.81 1.85 62.94 43.53 0.95 1.70
AUTOVECCODER-8B (Ours) 76.76 47.35 0.99 2.74 77.35 53.53 1.02 2.22

Table 1: Main results on SimdBench comparing AUTOVECCODER-8B with various state-of-the-art LLMs across
AVX and SSE instruction sets. Metrics include functional correctness (Corr), the proportion of correct samples
with speedup > 1 (fast1), and the median (P50) and 75th percentile (P75) of speedup over correct samples.
AUTOVECCODER-8B (w/o VECRL) denotes the model after VECPROMPT SFT only. Results for Qwen3-8B,
AUTOVECCODER-8B (w/o VECRL) are averaged over 5 runs. The best and second-best results are highlighted in
bold and underlined, respectively. “−” indicates insufficient correct samples for meaningful computation.
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Figure 3: Performance evolution of AUTOVECCODER-
8B during VECRL, evaluated on the validation set every
20 optimization steps across 5 epochs. No smoothing is
applied.

lence. This underscores the advantage of our frame-
work in navigating the correctness–performance
trade-off, ensuring that generated code is not only
fast but also reliable for production use.

5.2 Results Analysis

5.2.1 Performance Beyond -O3

We analyze cases in SimdBench where AUTOVEC-
CODER-8B outperforms -O3 auto-vectorization,
identifying four recurring patterns where our model
transcends the limitations of traditional compiler
heuristics. The detailed case studies are shown in
Appendix E.

Mask-based Control Flow Compilers often fail
to vectorize loops with data-dependent branches
due to conservative control-flow analysis. AU-
TOVECCODER-8B overcomes this by successfully
transforming such logic into mask-based SIMD

operations.

Handling Non-deterministic Iterations When
loop structures prevent static inference of iteration
behavior, compilers resort to scalar code. AU-
TOVECCODER-8B leverages SIMD-level condition
handling to maintain parallelism without requiring
rigid structural proofs.

Semantic Dependency Resolution Compilers
are frequently inhibited by potential pointer alias-
ing or memory dependencies. AUTOVECCODER-
8B utilizes its learned semantic intuition to safely
apply vectorization where traditional analysis re-
mains overly conservative.

Memory Access Restructuring Indirect or non-
linear memory patterns are notoriously difficult for
auto-vectorizers. AUTOVECCODER-8B demon-
strates the ability to restructure these into SIMD-
friendly access patterns, maximizing hardware
throughput.

These patterns underscore the model’s ability to
exploit the semantic flexibility of SIMD intrinsics
in scenarios where traditional compiler heuristics
reach their theoretical limits.

5.2.2 Training Dynamics of VECRL
To analyze the training dynamics of VECRL, we
track AUTOVECCODER’s performance trajectory
throughout the RL phase. Specifically, we evaluate
the model every 20 optimization steps across five
epochs (280 steps total) using pass@1 correctness
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and fast1 metrics on both AVX and SSE subsets.
The resulting trends are illustrated in Figure 3.

Phase I: Functional Grounding During the first
two epochs, we observe a significant surge in cor-
rectness for both instruction sets, with SSE and
AVX correctness rapidly increasing from approx-
imately 60% to 70%. However, the fast1 metrics
exhibit noticeable fluctuations without a consistent
upward trend, suggesting that the policy is primar-
ily guided by functional constraints, focusing on
exploring the valid solution space of SIMD intrin-
sics.

Phase II: Performance Optimization A distinct
shift occurs from the third epoch onward. While
correctness continues to improve at a more gradual
but stable rate, fast1 for both SSE and AVX begins
to show consistent and steady growth. Notably,
SSE fast1 exhibits a particularly strong upward
trend, indicating that the model effectively transi-
tions from “imitation of correctness” to “optimiza-
tion for efficiency,” prioritizing high-throughput
SIMD implementations within the valid solution
space.

5.3 Analysis of Vectorization Depth

Beyond the optimization patterns discussed above,
we observe that the model learns vectorization
strategies of varying depth, which warrants a nu-
anced examination.

Memory-Centric Vectorization For tasks that
are inherently data-movement-bound (e.g., matrix
row reordering, strided load/store), the model ap-
plies SIMD wide load/store operations as its pri-
mary strategy. Since these tasks involve no arith-
metic computation, this constitutes the correct and
complete vectorization approach, yielding measur-
able speedups through reduced instruction count
and improved cache utilization.

Partial Vectorization In a smaller number of
cases, the model uses SIMD instructions exclu-
sively for batch data loading into temporary buffers,
while the subsequent computation remains scalar.
These implementations are technically valid uses
of SIMD intrinsics, but the resulting speedup stems
primarily from improved memory access patterns
rather than computational parallelism.

Implications for Reward Design Neither pat-
tern constitutes reward hacking, as the model
does not exploit illegitimate shortcuts to inflate

speedup metrics. However, these observations re-
veal that our current reward function optimizes for
end-to-end execution speed without distinguishing
the depth of vectorization. Designing more fine-
grained reward signals that assess the degree of
computational parallelism remains a promising di-
rection for future work.

5.4 Ablation Studies

5.4.1 Effect of VECPROMPT: Bridging the
Semantic Gap

To analyze the role of VECPROMPT in the over-
all training pipeline, we compare the reinforce-
ment learning behavior under two settings: (1)
direct VECRL training on the base model (w/o
VECPROMPT), and (2) the full AUTOVECCODER

pipeline (VECPROMPT SFT followed by VECRL).
We track the pass@1, pass@5, and fast1 metrics on
the AVX and SSE instruction sets, as summarized
in Table 2. Experimental results demonstrate that
VECPROMPT provides a crucial initialization and
stabilization effect for the reinforcement learning
stage. This performance gap directly impacts the
efficiency of VECRL through two mechanisms:

Reward Sparsity Higher initial correctness sig-
nificantly increases the density of non-zero re-
wards during the rollout process. This allows the
performance-driven signals to influence a larger
proportion of training samples, leading to a more
stable and faster convergence of the policy.

Search Space Constrainment VECPROMPT

constrains the policy’s exploration to a semanti-
cally reasonable subspace of SIMD intrinsics. By
grounding the model in functionally correct imple-
mentations, the RL process can focus on differenti-
ating and ranking implementations based on their
execution efficiency, rather than struggling to learn
basic syntax and SIMD semantics from scratch.

5.4.2 Effect of Reward Function Design
To evaluate the impact of reward design on training
stability and final performance, we compare our hi-
erarchical reward against a Naive SpeedUp Reward
(NSR), defined as

NSR = max{1, SpeedUp}. (7)

This baseline focuses solely on execution speed,
falling back to a reward of 1 if the implementation
is slower than the scalar version. Table 3 sum-
marizes the performance of the model before RL
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Training Stage AVX SSE

VECPROMPT VECRL pass@1 pass@5 pass@1 pass@5

Corr fast1 Corr fast1 Corr fast1 Corr fast1

9.41 2.79 20.59 8.09 10.88 5.00 26.47 14.71
✓ 16.91 7.35 35.29 15.44 20.59 9.56 41.18 22.79

✓ 62.79 35.59 91.91 61.76 62.94 43.53 87.50 70.59
✓ ✓ 76.76 47.35 93.38 69.85 77.35 53.53 94.85 75.74

Table 2: Ablation study on the impact of VECPROMPT in the training pipeline.

Reward AVX SSE

Corr fast1 Corr fast1

- 62.79 35.59 62.94 43.53
NSR 63.97 36.03 70.59 46.32

VECRL 69.85 41.18 72.06 47.79

Table 3: Ablation study on the impact of VECRL in the
training pipeline.

and after one epoch of training under both reward
settings.

Our proposed reward design consistently outper-
forms NSR across all metrics on both SSE and AVX
instruction sets as shown in Table 3, indicating that
utilizing raw execution speed as the sole optimiza-
tion signal is insufficient for generating reliable,
high-quality vectorized code. Detailed tracking
of the optimization trajectory (shown in Figure 5)
reveals that NSR triggers a "cold-start" exploita-
tion behavior. In the early stages of training, the
model achieves a transient surge in performance by
rapidly magnifying a narrow set of high-risk vector-
ized patterns that yield high immediate rewards but
lack functional robustness. This speculative opti-
mization leads to subsequent policy degradation; as
training progresses, the model adopts increasingly
fragile and over-specialized implementations that
fail to generalize across diverse kernels. This re-
sults in a non-monotonic performance trend where
initial gains are followed by a steady decline in
both correctness and stability.

6 Conclusion

We presented AUTOVECCODER, a framework that
empowers LLMs to generate high-performance
vectorized code. By integrating knowledge-
augmented distillation (VECPROMPT) with
performance-driven reinforcement learning
(VECRL), AUTOVECCODER bridges the gap
between high-level code semantics and low-level
hardware efficiency. Our evaluations show that

AUTOVECCODER-8B maintains high functional
correctness while uncovering optimization
strategies beyond traditional compiler heuristics
like -O3. This work demonstrates the efficacy
of combining domain-specific knowledge with
performance-driven feedback, offering a vi-
able path for leveraging LLMs in specialized
high-performance computing domains.

Limitations

While AUTOVECCODER demonstrates high pro-
ficiency on x86 architectures (SSE/AVX), its gen-
eralizability to other SIMD instruction sets like
ARM NEON or RISC-V Vector has not been exten-
sively tested. Although our framework is concep-
tually architecture-agnostic, variations in instruc-
tion semantics and vector widths across platforms
may pose challenges for knowledge retrieval and
reward stability. Additionally, our current focus
is on scalar C/C++ loops; extending the model to
more complex, unstructured code or other high-
performance DSLs remains future work.
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A The Design and Implementation of
Execution Sandbox
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void add_float(const float *a...) {
    ...
}
void add_float_avx(...){
    ...
}
bool correctness_check(int iters) {
    ...
}
int main(){
    ...
}

Figure 4: Architecture of sandbox for stable perfor-
mance measurement.

To provide stable and efficient feedback, we de-
velop a high-concurrency execution sandbox with
a tri-layer architecture: task scheduling, execution
evaluation, and results retrieval. Figure 4 illus-
trates the overall architecture of our execution sand-
box. The system utilizes ZeroMQ (ZMQ) for asyn-
chronous communication and manages a pool of
64 dedicated physical CPU cores. To minimize
measurement jitter and ensure isolation, each eval-
uation task is pinned to a specific core. This in-
frastructure supports the massive online evaluation
requirements of the VecRL stage while maintaining
high throughput and environment consistency.

The evaluation follows a rigorous "correctness-
first" protocol. Generated candidates are compiled
using clang++ and must first pass functional verifi-
cation within a 20-second timeout. Only implemen-

tations that achieve semantic equivalence with the
scalar baseline proceed to performance profiling.
We utilize Google Benchmark with a 150-second
timeout to measure execution latency. Each im-
plementation is executed three times to mitigate
measurement noise, using the average speedup as
the final metric. This process ensures that the feed-
back used for filtering and reward calculation is
both reliable and reproducible.

B The Performance of VECRL and NSR
in the First Epoch

Figure 5 reveals a striking difference in optimiza-
tion trajectories. In the early stages of training
(approx. step 10), NSR leads to a temporary surge
in both correctness and fast1.
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Figure 5: The Performance of VECRL and NSR in the
First Epoch.

C The Prompts of Distillation and
Evaluation

In this section, we provide the detailed prompts
used for the distillation and evaluation stages. We
select the translation task with scalar function im-
plementation as input. All the evaluation prompts
are same and listed in Figure 6.

D Case Studies of the Role of RAG

In this section, we present a case study (as shown
in Figure 7) that highlights the role of RAG in our
framework.

E Case Studies of AUTOVECCODER-8B
Vectorization Patterns

In this section, we present detailed case studies
illustrating specific vectorization patterns learned
by AUTOVECCODER-8B that enable it to surpass
traditional compiler optimizations. Figure 8, 9, 10,
and 11 showcase examples of mask-based control
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Distillation and Evaluation Prompt

You are a code translator.
You will be given a C/C++ code snippet of a scalar implementation, and a function signature for the vectorized
implementation with a description.

Your task is to translate the scalar code (source code) into vectorized code (target code) with {instruct set} intrinsics.

(Only for Training)You may use the following simd-intrinsics API documentation to help you implement the function.
{retrieved_simd_api_documents}

Return the SIMD code implementation within the markdown code block.
Do not include any explanations, comments, or text outside the code block.

Please provide the C/C++ code implementation for the following function using simd intrinsics:
Function Signature and Description:
{function signature}
Function Implementation:
{function implementation}

Figure 6: Prompts used for distillation and evaluation.

flow, handling non-deterministic iterations, seman-
tic dependency resolution, and memory access re-
structuring described in Section 5.2.1 respectively.

31954



SIMD-Optimized Implementation with RAG:When using the RAG approach, the generated SIMD-optimized implemen-
tation includes the _mm256_min_ps intrinsic function retrieved via RAG, which was not present in the version generated
without RAG. After incorporating this intrinsic, the generated code becomes semantically correct. The retrieved content is
provided in the comments of the following code block.

1 /*
2 signature: __m256 _mm256_min_ps (__m256 a, __m256 b)
3 description: Compare packed single -precision (32-bit) floating -point elements in 'a' and 'b', and

store packed minimum values in ''dst ''. [min_float_note]
4 operation:
5 FOR j := 0 to 7
6 i := j*32
7 dst[i+31:i] := MIN(a[i+31:i], b[i+31:i])
8 ENDFOR
9 dst[MAX :256] := 0

10 */
11 #include <immintrin.h>
12 #include <cfloat >
13 void argmin_relu_float_1D_simd(const float* A, float* result , size_t size) {
14 if (size == 0) {
15 *result = 0.0f;
16 return;
17 }
18 __m256 min_vals = _mm256_set1_ps(FLT_MAX);
19 __m256i min_indices = _mm256_setzero_si256 ();
20 size_t i = 0;
21 for (; i + 8 <= size; i += 8) {
22 __m256 vA = _mm256_loadu_ps(A + i);
23 __m256 v_relu = _mm256_max_ps(vA , _mm256_setzero_ps ());
24 __m256i v_index = _mm256_setr_epi32(i, i+1, i+2, i+3, i+4, i+5, i+6, i+7);
25 __m256 mask = _mm256_cmp_ps(v_relu , min_vals , _CMP_LT_OS);
26 min_vals = _mm256_min_ps(min_vals , v_relu);
27 min_indices = _mm256_castps_si256(_mm256_blendv_ps(
28 _mm256_castsi256_ps(min_indices),
29 _mm256_castsi256_ps(v_index),
30 mask
31 ));
32 }
33 if (i < size) {
34 size_t remainder = size - i;
35 int mask_control [8] = {-1, -1, -1, -1, -1, -1, -1, -1};
36 for (size_t j = remainder; j < 8; j++) {
37 mask_control[j] = 0;
38 }
39 __m256i load_mask = _mm256_loadu_si256 (( const __m256i *) mask_control);
40 __m256 vA = _mm256_maskload_ps(A + i, load_mask);
41 __m256 v_relu = _mm256_max_ps(vA , _mm256_setzero_ps ());
42 v_relu = _mm256_blendv_ps(_mm256_set1_ps(FLT_MAX), v_relu , _mm256_castsi256_ps(load_mask));
43 __m256i v_index = _mm256_setr_epi32(i, i+1, i+2, i+3, i+4, i+5, i+6, i+7);
44 __m256 mask = _mm256_cmp_ps(v_relu , min_vals , _CMP_LT_OS);
45 min_vals = _mm256_min_ps(min_vals , v_relu);
46 min_indices = _mm256_castps_si256(_mm256_blendv_ps(
47 _mm256_castsi256_ps(min_indices),
48 _mm256_castsi256_ps(v_index),
49 mask
50 ));
51 }
52 __m128 min_vals_lo = _mm256_castps256_ps128(min_vals);
53 __m128 min_vals_hi = _mm256_extractf128_ps(min_vals , 1);
54 __m128 min1 = _mm_min_ps(min_vals_lo , min_vals_hi);
55 __m128 min2 = _mm_min_ps(min1 , _mm_permute_ps(min1 , _MM_SHUFFLE (2,3,0,1)));
56 __m128 min3 = _mm_min_ps(min2 , _mm_permute_ps(min2 , _MM_SHUFFLE (1,0,3,2)));
57 float global_min_val = _mm_cvtss_f32(min3);
58 __m256 v_global_min = _mm256_set1_ps(global_min_val);
59 __m256 mask_eq = _mm256_cmp_ps(min_vals , v_global_min , _CMP_EQ_OQ);
60 __m256i candidate_indices = _mm256_castps_si256(_mm256_blendv_ps(
61 _mm256_castsi256_ps(_mm256_set1_epi32(size)),
62 _mm256_castsi256_ps(min_indices),
63 mask_eq
64 ));
65 __m128i candidate_lo = _mm256_castsi256_si128(candidate_indices);
66 __m128i candidate_hi = _mm256_extracti128_si256(candidate_indices , 1);
67 __m128i min_idx = _mm_min_epi32(candidate_lo , candidate_hi);
68 __m128i min_idx1 = _mm_min_epi32(min_idx , _mm_shuffle_epi32(min_idx , _MM_SHUFFLE (2,3,0,1)));
69 __m128i min_idx2 = _mm_min_epi32(min_idx1 , _mm_shuffle_epi32(min_idx1 , _MM_SHUFFLE (1,0,3,2)));
70 int min_index = _mm_extract_epi32(min_idx2 , 0);
71 *result = (float)min_index;
72 }

Figure 7: Case study of the role of RAG.
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Conditional branches inside loops (Scalar implementation): Perform element-wise three-valued logic operations
sequentially over arrays.

1 void tensor_three_valued_logic(const int8_t* A, const int8_t* B,
int8_t* C, size_t length) {

2 for (size_t idx = 0; idx < length; idx++) {
3 int a = A[idx], b = B[idx];
4 if (a == 0 || b == 0) {
5 C[idx] = 0;
6 } else if (a > 0 && b > 0) {
7 C[idx] = 1;
8 } else if (a < 0 && b < 0) {
9 C[idx] = -1;

10 } else {
11 C[idx] = 0;
12 }
13 }
14 }

Conditional branches inside loops (SIMD-optimized implementation) : Use mask-based AVX SIMD operations
to handle data-dependent conditional branches efficiently.

1 void tensor_three_valued_logic_simd(const int8_t* A, const int8_t* B,
int8_t* C, size_t length) {

2 size_t i = 0;
3 const __m256i zero = _mm256_setzero_si256 ();
4 const __m256i one = _mm256_set1_epi8 (1);
5 const __m256i minus_one = _mm256_set1_epi8 (-1);
6

7 for (; i + 31 < length; i += 32) {
8 __m256i a = _mm256_loadu_si256 ((const __m256i *)(A + i));
9 __m256i b = _mm256_loadu_si256 ((const __m256i *)(B + i));

10

11 __m256i a_pos = _mm256_cmpgt_epi8(a, zero);
12 __m256i b_pos = _mm256_cmpgt_epi8(b, zero);
13 __m256i both_pos = _mm256_and_si256(a_pos , b_pos);
14

15 __m256i a_neg = _mm256_cmpgt_epi8(zero , a);
16 __m256i b_neg = _mm256_cmpgt_epi8(zero , b);
17 __m256i both_neg = _mm256_and_si256(a_neg , b_neg);
18

19 __m256i res = _mm256_and_si256(both_pos , one);
20 res = _mm256_or_si256(res , _mm256_and_si256(both_neg ,

minus_one));
21

22 _mm256_storeu_si256 (( __m256i *)(C + i), res);
23 }
24

25 for (; i < length; ++i) {
26 if (A[i] > 0 && B[i] > 0) {
27 C[i] = 1;
28 } else if (A[i] < 0 && B[i] < 0) {
29 C[i] = -1;
30 } else {
31 C[i] = 0;
32 }
33 }
34 }

Figure 8: Case study of mask-based control flow pattern learned by AUTOVECCODER-8B.
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Uncertain loop structure and iteration behavior (Scalar implementation): Check whether each row of a matrix
is sorted according to specified directions executed sequentially.

1 bool matrix_rows_sorted_verify(const int* matrix , const bool*
directions , size_t rows , size_t cols) {

2 for (size_t i = 0; i < rows; i++) {
3 bool ascending = directions[i];
4 for (size_t j = 1; j < cols; j++) {
5 int curr = matrix[i*cols + j];
6 int prev = matrix[i*cols + (j-1)];
7 if (( ascending && curr < prev) || (! ascending && curr >

prev)) {
8 return false;
9 }

10 }
11 }
12 return true;
13 }

Uncertain loop structure and iteration behavior (SIMD-optimized implementation) : Use AVX SIMD intrinsics
to perform batch-wise comparisons and condition handling without relying on loop-structure inference.

1 bool matrix_rows_sorted_verify_simd(const int* matrix , const bool*
directions , size_t rows , size_t cols) {

2 if (rows == 0 || cols <= 1) {
3 return true;
4 }
5 for (size_t i = 0; i < rows; i++) {
6 const int* row_ptr = matrix + i * cols;
7 bool dir = directions[i];
8 size_t num_pairs = cols - 1;
9 size_t j = 0;

10 if (num_pairs >= 8) {
11 for (; j <= num_pairs - 8; j += 8) {
12 __m256i v1 = _mm256_loadu_si256 ((const __m256i *)(

row_ptr + j));
13 __m256i v2 = _mm256_loadu_si256 ((const __m256i *)(

row_ptr + j + 1));
14 __m256i cmp;
15 if (dir) {
16 cmp = _mm256_cmpgt_epi32(v1, v2);
17 } else {
18 cmp = _mm256_cmpgt_epi32(v2, v1);
19 }
20 if (_mm256_movemask_epi8(cmp) != 0) {
21 return false;
22 }
23 }
24 }
25 for (; j < num_pairs; j++) {
26 if (dir) {
27 if (row_ptr[j] > row_ptr[j + 1]) {
28 return false;
29 }
30 } else {
31 if (row_ptr[j] < row_ptr[j + 1]) {
32 return false;
33 }
34 }
35 }
36 }
37 return true;
38 }

Figure 9: Case study of handling non-deterministic iterations learned by AUTOVECCODER-8B.
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Conservative dependency analysis (Scalar implementation): Perform a simple Caesar Cipher on a string
sequentially.

1 std:: string encrypt(const std:: string & s){
2 std:: string out = '';
3 int i;
4 for (i=0;i<s.length ();i++)
5 {
6 int w=((int)s[i]+4-(int)'a')%26+( int)'a';
7 out=out+(char)w;
8 }
9 return out;

10 }

Conservative dependency analysis (SIMD-optimized implementation): Use AVX SIMD intrinsics to apply
character-wise shifts in parallel, bypassing conservative dependency assumptions.

1 std:: string encrypt_simd(const std:: string & s) {
2 size_t len = s.length ();
3 if (len == 0) return '';
4 std:: string res(len , '\0');
5

6 size_t i = 0;
7 const size_t block_size = 32;
8 if (len >= block_size) {
9 for (; i <= len - block_size; i += block_size) {

10 __m256i chunk = _mm256_loadu_si256(reinterpret_cast <const
__m256i*>(s.data() + i));

11 __m256i base = _mm256_set1_epi8('a');
12 __m256i shifted = _mm256_sub_epi8(chunk , base);
13 __m256i add_val = _mm256_set1_epi8 (4);
14 shifted = _mm256_add_epi8(shifted , add_val);
15 __m256i cmp = _mm256_cmpgt_epi8(shifted , _mm256_set1_epi8

(25));
16 __m256i adjust = _mm256_and_si256(cmp , _mm256_set1_epi8

(26));
17 shifted = _mm256_sub_epi8(shifted , adjust);
18 __m256i result = _mm256_add_epi8(shifted , base);
19 _mm256_storeu_si256(reinterpret_cast <__m256i*>(res.data()

+ i), result);
20 }
21 }
22

23 for (; i < len; ++i) {
24 char c = s[i];
25 c = (c - 'a' + 4) % 26 + 'a';
26 res[i] = c;
27 }
28

29 return res;
30 }

Figure 10: Case study of semantic dependency resolution learned by AUTOVECCODER-8B.
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Irregular memory access patterns (Scalar implementation) : Compute the average of all elements in a matrix
using non-linear memory accesses executed sequentially

1 double matrix_average(const double* mat , size_t m, size_t n) {
2 double sum = 0.0;
3 for (size_t j = 0; j < n; j++) {
4 for (size_t i = 0; i < m; i++) {
5 sum += mat[i * n + j];
6 }
7 }
8 return sum / double(m * n);
9 }

Irregular memory access patterns (SIMD-optimized implementation) : Restructure non-linear memory accesses
into SIMD-friendly patterns using AVX intrinsics to improve parallelism.

1

2 double matrix_average_simd(const double* mat , size_t m, size_t n) {
3 size_t total = m * n;
4 if (total == 0) return 0.0;
5

6 __m256d sum_vec = _mm256_setzero_pd ();
7 size_t i = 0;
8 size_t vec_end = total - (total % 4);
9

10 for (; i < vec_end; i += 4) {
11 __m256d data = _mm256_loadu_pd(mat + i);
12 sum_vec = _mm256_add_pd(sum_vec , data);
13 }
14

15 __m128d low = _mm256_extractf128_pd(sum_vec , 0);
16 __m128d high = _mm256_extractf128_pd(sum_vec , 1);
17 low = _mm_add_pd(low , high);
18 __m128d sum_sse = _mm_hadd_pd(low , low);
19 double sum = _mm_cvtsd_f64(sum_sse);
20

21 for (; i < total; i++) {
22 sum += mat[i];
23 }
24

25 return sum / (double)total;
26 }

Figure 11: Case study of memory access restructuring pattern learned by AUTOVECCODER-8B.
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