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Abstract

Architecture-specific vector programming re-
mains a difficult frontier for language models:
an implementation can satisfy surface syntax
yet fail because of a hallucinated intrinsic, an
invalid predicate shape, a sizeless-type mis-
use, or a subtle tail-handling error. This work
studies NL2SVE, a function-level code gen-
eration problem that maps natural-language
specifications and fixed C/C++ signatures to
ARM Scalable Vector Extension (SVE) im-
plementations. We introduce SVE-Loom, a
model-agnostic generation-and-repair frame-
work that operates within a bounded compile-
and-run feedback session. SVE-Loom com-
bines ACLE schema repair, execution feed-
back, and reference-assisted Regional Seman-
tic Bootstrap when scalar semantics are avail-
able. From an initial prompt under a bounded
feedback budget, wrapped models using SVE-
Loom achieve higher success rates, producing
more legal and correct SVE implementations
across evaluation benchmarks. We further miti-
gate the scarcity of public SVE supervision by
constructing a NL2SVE corpus from GitHub-
mined SVE code, template-generated kernels,
and SVE-Loom-guided API-model candidates.
This third layer makes the corpus extensible:
scalar references or capability gaps can be con-
verted into NL-to-SVE examples, while can-
didate SVE implementations are retained only
after schema checks, compilation, execution
testing, speedup measurement, and human au-
dit.

1 Introduction

Large language models have made substantial
progress in code generation, from function-
level synthesis to competitive programming and
feedback-guided refinement (Chen et al., 2021;
Austin et al., 2021; Li et al., 2022). Most eval-
uations, however, still focus on general-purpose
scalar programs. Architecture-specific vector code
remains harder: the generated program must be

both functionally correct and legal under a concrete
instruction-set interface.

ARM SVE makes this challenge practically im-
portant. Its vector-length-agnostic (VLA) predi-
cation is deployed across supercomputing, cloud,
and server-class processors (Stephens et al., 2017;
Fujitsu, 2026; ARM Ltd., 2026a; Amazon Web Ser-
vices, 2026). As scalar C/C++, ARMv8/Neon, and
x86-oriented kernels migrate to SVE targets, devel-
opers need implementations that exploit scalable-
vector semantics rather than merely preserve scalar
behavior. High-quality public SVE code remains
sparse, limiting supervision for data-driven genera-
tion.

Beyond data scarcity, SVE exposes a large le-
gality surface through ACLE intrinsics: operation
families, element types, predication forms, argu-
ment shapes, pointer categories, immediates, and
tail handling are encoded in names and signatures
(ARM Ltd., 2025a). Models may recover scalar
intent while still producing nonexistent intrinsics,
invalid predicates, or incorrect scalar-vector bound-
aries, consistent with SIMDBench’s finding that
SIMD-intrinsic generation remains difficult for
LLMs (He et al., 2025).

We study this problem as NL2SVE: natural-
language-to-SVE code generation. An NL spec-
ification provides a portable semantic interface
for migration: it abstracts away artifacts of scalar,
Neon, or x86 implementations while preserving
the intended computation, boundary conditions,
and input-output contract. Given such a specifi-
cation, a fixed C/C++ signature, and executable
tests, the system must synthesize a self-contained
SVE implementation. Thus, NL2SVE differs from
repository-level software engineering and conven-
tional compiler auto-vectorization: the model must
directly instantiate legal and correct SVE idioms.

We make two main contributions. First, we pro-
pose SVE-Loom, a model-agnostic framework for
bounded-feedback NL2SVE generation and repair.

31013

Findings of the Association for Computational Linguistics: EMNLP 2026, pages 31013-31029
October 24-29, 2026 ©2026 Association for Computational Linguistics



Within this framework, NameFix and ShapeFix
use an ACLE schema to guide repairs toward legal
intrinsic names and compatible call shapes. Re-
gional Semantic Bootstrap (RSB) converts a vali-
dated scalar reference into an AST-grounded, loop-
level representation that identifies vectorizable re-
gions and records dependence evidence. The frame-
work integrates both components with bounded
compile-and-run feedback. Evaluated on SIMD-
Bench and ARM SIMD Loops, this framework
improves session-level reliability over direct gen-
eration: starting from an initial prompt and us-
ing only a bounded feedback budget, wrapped
models produce legal and correct SVE implemen-
tations at higher rates. Second, to mitigate the
scarcity of public SVE training data, we construct
a NL2SVE corpus organized into three prove-
nance layers: GitHub-mined SVE implementations,
schema-tracked template-generated kernels, and
SVE-Loom-guided candidates proposed by API-
hosted code models. This third layer extends the
corpus using new scalar references or tasks de-
signed to cover underrepresented SVE capabilities.
Candidates generated in either case are retained
only after schema validation, compilation, correct-
ness testing, speedup measurement, and human
audit. Our code and dataset are available online.'

2 Background and Related Work

ARM SVE and ACLE intrinsics. SVE is
ARM’s scalable vector extension, designed
around VLA execution and predicated operations
(Stephens et al., 2017). Its C/C++ interface is
exposed through ACLE intrinsics, whose names
and signatures encode operation families, element
types, predication forms, vector/scalar argument
shapes, pointer categories, and immediate-operand
constraints (ARM Ltd., 2025a). These constraints
make SVE a strict target for language-to-code gen-
eration: a model can understand the scalar seman-
tics but still produce invalid code because the se-
lected intrinsic, predicate shape, lane type, or tail-
handling pattern is illegal. At the same time, API
legality is only one part of the problem. Correct
SVE generation also requires deciding where vec-
torization is valid, where computation should re-
main scalar or lane-local, and where expression
rewriting can remove apparent dependencies.

NL interfaces for code generation. NL has be-
come a standard interface for specifying code-

"https://github.com/guihaoyuan/SVE-Loom

generation tasks, from early work on domain-
specific programs and regular expressions to neu-
ral decoders with syntax- and AST-aware structure
(Razaetal., 2015; Desai et al., 2016; Locascio et al.,
2016; Yin and Neubig, 2017; Rabinovich et al.,
2017). Prior work has established function-level
generation and execution-based evaluation from
NL specifications across semantic parsing, program
synthesis, and code-generation benchmarks (Iyer
et al., 2018; Yin et al., 2018; Chen et al., 2021;
Austin et al., 2021; Hendrycks et al., 2021; Li
et al., 2022). These settings, however, largely tar-
get scalar, architecture-agnostic programs. SIMD-
Bench is closely aligned with NL2SVE because it
evaluates explicit SIMD-intrinsic generation rather
than architecture-agnostic scalar code (He et al.,
2025).

LLM-based code generation and refinement.
Recent code LLM work improves program syn-
thesis through code-specific instruction tuning, ex-
plicit planning, multi-agent decomposition, multi-
turn reasoning, and execution- or compiler-guided
refinement (Luo et al., 2024; Muennighoff et al.,
2024; Islam et al., 2024; Zheng et al., 2025a; Chen
et al., 2024; Bi et al., 2024; Dou et al., 2024;
Gehring et al., 2025). These approaches strengthen
code generation through better supervision, decom-
position, reasoning, or feedback use. Their targets,
however, are usually general-purpose program-
ming, competitive programming, or repository-
level tasks. Among these methods, compiler- and
execution-guided approaches use diagnostics or
runtime outcomes as repair signals for generated
code. SVE-Loom follows this bounded-feedback
view, but specializes the repair surface to ARM
SVE: before invoking general compile-and-run re-
finement, NameFix and ShapeFix use an ACLE
schema derived from arm_sve.h to correct halluci-
nated intrinsic names and invalid call shapes under
the fixed target signature. This turns common SVE
API failures from open-ended textual repair into
schema-constrained correction.

Program-analysis-guided code generation.
Program synthesis has long used sketches and
syntax-guided constraints to restrict the search
space and expose checkable program structure
(Solar-Lezama et al., 2006; Alur et al., 2013).
Recent neural code-generation work similarly
uses semantic scaffolds, static-analysis facts, and
monitor-guided decoding to condition generation
on program structure beyond raw text (Zhong et al.,
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2020; Mukherjee et al., 2021; Agrawal et al., 2023).
For vectorization, LLM-Vectorizer and VecTrans
use existing code to improve vectorization, either
by generating validated vectorized loops or by
rewriting code for compiler auto-vectorization
(Taneja et al., 2025; Zheng et al., 2025b). Together,
these lines suggest that structured program
evidence can improve generation beyond raw text.
SVE-Loom likewise uses scalar reference code, but
converts it into RSB: an AST-grounded bootstrap
that exposes vectorization-relevant loop regions,
including scheduling loops, data lanes, lane-local
scalar computation, reductions, scans, compact
writes, expression rewrites, and conservative
regions. Thus, RSB is not a generic program
sketch; it is a reference-derived semantic scaffold
for generating more stable SVE vectorization
candidates under fixed C/C++ signatures.

3 SVE-Loom Framework

3.1 Overview

SVE-Loom turns direct NL2SVE generation into
bounded-feedback refinement. Figure 1 gives the
high-level pipeline. The framework is model-
agnostic: it wraps an LLM with the same bounded
repair controller at inference time. Its components
separate initial generation, ACLE API legality re-
pair, execution feedback, and optional reference-
assisted repair.

3.2 SVE ACLE Name/Shape Fix

SVE-Loom uses an ACLE schema extracted from
Clang’s arm_sve.h to examine SVE intrinsic calls.
The schema records legal intrinsic names, argument
signatures, and return types. NameFix identifies
names absent from the schema and searches for
legal replacements using common naming correc-
tions, operation prefixes, type markers, and spelling
similarity. For calls with legal names, ShapeFix
checks the argument count and compares argument
and return types using four categories: predicate,
vector, pointer, and scalar.

When either stage detects a violation, SVE-
Loom provides schema-based diagnostics for revis-
ing the candidate without changing the target signa-
ture. This pre-compilation step addresses common
name and call-shape errors before compile-and-
run repair. Constraints outside its scope, including
compile-time immediate requirements, are handled
by compiler feedback. Appendix B describes the
schema, repair procedure, and representative cases.

Item Repair-test oracle  Hidden-test oracle
SIMDBench Official  harness, ITERATIONS=5000;
ITERATIONS=1000 expanded

Small_Arg

ASL sizes {0,1,7,31,64} {0,1,2,3,4,7,8,
15,16,17,31, 32,
33,63,64,65}

Model feedback Status + diagnostics None

I/O exposed No No

Used during re- Yes No

pair

Table 1: Repair-test and hidden-test oracle configura-
tions for repaired candidates.

3.3 Compile-and-Run Feedback

After schema-guided repair, SVE-Loom com-
piles and executes each candidate in the target
ARMY/SVE environment. The feedback is black-
box to the model: compilation exposes only com-
piler diagnostics, while execution exposes only
coarse outcomes such as success, crash, timeout,
or logical mismatch. The model never observes
concrete test inputs, expected outputs, or the oracle
implementation. Thus, compile-and-run feedback
serves as a bounded evaluator-in-the-loop signal
rather than a source of explicit input-output exam-
ples or reference solutions.

Each repair round revises the current candidate
using the available feedback without changing the
target signature. We allow at most two repair
rounds and stop once a candidate compiles suc-
cessfully and passes all correctness tests at runtime.
Performance measurements are used only for eval-
uation and are not provided to the repair process.

Evaluation oracles. For repair-enabled settings,
we assess the final candidates using two correct-
ness oracles. The repair-test oracle uses the normal
benchmark configuration and provides only status
and diagnostic feedback. The hidden-test oracle
uses a stronger configuration to assess post-repair
robustness, and its results are not exposed to the
model. Table 1 lists the benchmark-specific oracle
configurations and feedback visibility.

3.4 Regional Semantic Bootstrap

We introduce Regional Semantic Bootstrap (RSB),
which uses the Clang abstract syntax tree (AST) to
convert a validated scalar reference into loop-level
semantic regions for reference-assisted SVE gen-
eration. A scalar reference is considered validated
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NL Prompt LLM-based SVE ACLE q Final SVE
+Fixed Signature SVE Generator Name / Shape Fix | ComPile-and-Run Feedback —| ot
4
Scalar Reference ___, | Regional Semantic

Bootstrap

Figure 1: The SVE-Loom pipeline. The main path synthesizes SVE code from an NL specification and fixed
signature; bootstrap is invoked only when scalar references are available.

if it compiles and passes the repair-test oracle. In
the repair controller, RSB is used only when the
initial SVE candidate fails compile-and-run valida-
tion and a validated scalar reference is available.
The resulting bootstrap is then provided as a repair
signal for the failed candidate.

The analysis classifies each loop using its index
expressions, scalar updates, control flow, memory
accesses, and dependence evidence. Vectorizable
regions use vector_range, lane, and active to
represent vector iteration and lane activity. Dedi-
cated markers record reductions, prefix scans, com-
pact writes, conflict-prone updates, and closed-
form rewrites. Regions with irregular control flow,
dynamic containers, string manipulation, or un-
resolved dependencies remain in ordinary pseu-
docode.

AST-derived program representation. Clang
parses the validated scalar reference into an AST,
which RSB converts into a loop tree that preserves
loop nesting. Each loop node records its induction
variable, iteration bounds, step, and nested body.
During this conversion, assignments, branch con-
ditions, returns, calls, and memory accesses are
extracted from the loop body. Each memory access
is associated with a base object and a normalized
index expression. This representation provides the
input to the recursive projection and dependence
analysis described below.

Recursive semantic projection. Using this rep-
resentation, RSB recursively processes each loop
node and the statements in its body. During this
traversal, a context I' records the induction vari-
ables, iteration bounds, and steps of enclosing
loops, together with relevant scalar assignments,
branch conditions, and memory accesses with nor-
malized index expressions. For each node n, the

projection produces a bootstrap representation b:

b=®(n,I). (1)

Consider a loop L(v, D, B), where v is the in-
duction variable, D is its iteration domain, and B
is its body. For a data loop, the lane-specific index
is

vy = vec_base + lane_id x step,

where vec_base is the first scalar index in the
current vector chunk, lane_id is the lane off-
set within that chunk, and step is the source-
loop stride. When step = 1, this reduces to

vec_base + lane_id.

Let I', and I'y denote the context I' extended
with v and vy, respectively. For loop nodes, the
projection is

®Pio0p(L(v, D, B),T") =

ScalarLoop(v, D, ®(B,T%)), sched(v),
VectorLoop(ve, D, ®(B[v := v¢],T)), data(v),
ConservativeLoop(v, D, ®(B,T'y)), otherwise.

@
Here, B[v := vy] denotes the substitution of the
lane-specific index v, for v in the loop body. The
three constructors represent scalar, vector, and con-
servative loop forms.

The predicates sched(v) and data(v) determine
how RSB projects the loop controlled by the in-
duction variable v. If v organizes the work of a
nested loop, such as by determining its bounds or
selecting the pointer it processes, then sched(v)
holds. RSB keeps this loop scalar and continues
to analyze its nested loops. If v directly indexes
independent array or vector elements and the anal-
ysis finds no condition that requires sequential or
conservative handling, then data(v) holds. RSB re-
places v with the lane-specific index v, and projects
the loop as a vector loop. Otherwise, it uses the
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Source Train Dev  Total
GitHub-mined SVE 901 103 1,004
Template-generated 958 98 1,056
SVE-Loom-guided 3462 425 3,887
Total 5,321 626 5,947

Table 2: Source composition and train/development split
of the final NL2SVE corpus snapshot.

conservative loop form. This classification is de-
rived from the AST-derived program representation
before the bootstrap is emitted.

Dependence evidence. For each loop, RSB
records the base object and normalized index of
every memory read and write. A read and a write
to the same object at different normalized indices
indicate a possible dependence between loop it-
erations. RSB also detects scalar values that are
updated inside the loop and later affect a branch or
an output. These dependencies normally prevent
the loop from being classified as a data loop. Rec-
ognized reductions, prefix scans, compact writes,
and closed-form rewrites are handled separately.

RSB classifies each loop node independently, so
a scalar scheduling loop may contain a nested data
loop rendered as a vector_range region. When
the available evidence is insufficient, the loop re-
tains a conservative scalar representation.

Figure 2 summarizes three representative RSB
projections: separating scheduling loops from data
loops, retaining lane-local scalar computation in-
side a data-parallel loop, and rewriting an affine
recurrence as a closed-form vector range. Ap-
pendix C provides detailed analyses and successful
repair cases.

4 NL2SVE Corpus Construction

4.1 Corpus Construction and Provenance

We construct the NL2SVE corpus from three prove-
nance layers, summarized in Table 2.

First, we mine public SVE and ACLE code from
GitHub repositories (OpenMathLib, 2025; ARM
Ltd., 2025b; LandiSimone, 2025). These examples
expose the model to naturally occurring SVE id-
ioms, including predicated loops, ACLE intrinsic
usage, VLA execution, and memory-access pat-
terns used in real code.

Second, we build template-generated kernels
from schema-tracked kernel families. These
templates provide controlled coverage of com-
mon vectorization structures, including contigu-

ous map, zip, and triad operations; integer reduc-
tions; masked if-conversion; mixed-type conver-
sion and scaling; and simple stencil patterns. Tem-
plate generation systematically varies data types,
loop bounds, predicates, memory layouts, and arith-
metic operators while preserving a known scalar
reference.

Third, we use SVE-Loom to guide proprietary
API-hosted code models in generating additional
SVE candidates (OpenAl, 2026; Moonshot Al,
2026). This subset improves coverage of SVE ca-
pabilities that are sparse or unevenly distributed in
public code, including predicate-controlled mem-
ory access, mixed-width arithmetic, reductions,
scans, scalar-control regions, loop-carried depen-
dencies, gather/scatter or strided access, array-of-
structures (AoS) and interleaved layouts, numerical
edge cases, and ACLE call-shape constraints.

For the SVE-Loom-guided layer, we first ob-
tain a scalar reference and derive an NL prompt
from its semantics. API-hosted models then gen-
erate candidate SVE implementations under SVE-
Loom guidance. We retain only candidates that
pass schema validation and compilation, match the
scalar reference in correctness tests, achieve a mea-
sured speedup above 1.0 under the available perfor-
mance oracle, and pass manual review. The models
therefore serve as candidate generators, while ex-
ecutable validation and human review determine
corpus admission. The same pipeline can extend
the corpus from new scalar references or underrep-
resented SVE capabilities.

Before training, each example is normalized into
a function-level prompt-response pair with an NL
specification, required includes, and a fixed tar-
get signature. Responses are reduced to the target
SVE implementation, excluding unrelated wrap-
pers, main functions, helper routines, and extra
top-level APIs. We preserve the target signature
and apply admission checks for signature consis-
tency, SVE API legality, compilation, and execu-
tion correctness. Appendix F reports capability-
target counts for the template-generated and SVE-
Loom-guided layers.

4.2 Benchmark Decontamination Statement

To prevent benchmark contamination, our training
and development corpus was constructed indepen-
dently of the SIMDBench and ARM SIMD Loops
evaluation tasks; these benchmark tasks were never
used for training. After corpus construction, we
performed a multi-level corpus-vs-benchmark non-
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Casel Scheduling loops vs. data loop

C++ scalar reference

for (size_t i = @; i < rows; i += block_size) {
for (size_t j = @; j < cols; j += block_size) {
size_t i_end = std::min(i + block_size, rows);

size_t j_end = std::min(j + block_size, cols);

outer scheduling / inner data lane

RSB bootstrap representation

for i in range(@, rows, step=block_size):
for j in range(@, cols, step=block_size):
compute: i_end, j_end

for ii in range(i, i_end):

for (size_t ii = i; ii < i_end; ii++) { - for vec_base in vector_range(j, j_end):
for (size_t jj = j; jj < j_end; jj++) lane jj = vec_base + lane_id
dst[jj*rows+ii] = src[iixcols+jjl; active: jj < j_end
} write dst[jj*rows+ii] = src[iixcols+jj]
}
}
Case2 Data loop + | local scalar comp ion data lane + scalar_region
for (size_t idx = 0; idx < length; ++idx) { for vec_base in vector_range(@, length):
uint32_t val = A[idx]; lane idx = vec_base + lane_id
uint8_t count = 0; active: idx < length
while (val) { read/compute val = A[idx]
count += val & 1; init count = @
val >>= 1; —_— scalar_region
} while val:
out[idx] = count; update count += val & 1
} update val = val >> 1
write out[idx] = count
Case 3 Expression rewriting affine recurrence to closed form
out[@] = n; for vec_base in vector_range(1, n):
for (int i = 1; i <n; i++) { lane i = vec_base + lane_id
—_—

out[i] = out[i - 1] + 2;
}

active: i <n

write out[i] = n + 2xi

Figure 2: Examples of Regional Semantic Bootstrap projections.

overlap audit over identifiers, prompts, signatures,
code, text fingerprints, AST structure, and abstract
semantic patterns, using standard near-duplicate
and code-parsing methods (Python Software Foun-
dation, 2026; Broder, 1997; Broder et al., 1998;
Charikar, 2002; Manku et al., 2007; tree-sitter con-
tributors, 2026b,a). The audit found no exact, near-
duplicate, AST-level, or retained semantic high-risk
overlap; Appendix G reports the full comparison
units, thresholds, and final status.

5 Experimental Setup

5.1 Benchmarks and Protocol

We evaluate SVE-Loom on two function-level SVE
generation benchmarks. SIMDBench provides
native SVE tasks with NL specifications, fixed
C/C++ signatures, scalar references, correctness
tests, and performance tests, requiring models to
generate explicit architecture-specific SIMD intrin-
sics rather than scalar C/C++ (He et al., 2025).
ARM SIMD Loops provides a complementary
ARM-oriented SVE/SVE2 subset of 54 loop ker-

nels with C references, ACLE-intrinsic variants,
build targets, and correctness validation (ARM Ltd.,
2026b). For ARM SIMD Loops, we manually write
SIMDBench-style NL prompts under the fixed tar-
get signatures. Both benchmarks are evaluated by
compiling generated SVE code and running correct-
ness tests. To mirror the SVE-Loom-guided corpus
construction process, the RSB used in experiments
is derived from Codex-5.2-generated scalar refer-
ences that compile and pass the repair-test oracle,
rather than benchmark-provided scalar references.
For each task, we sample five candidates. In
feedback-enabled settings, each candidate may un-
dergo at most two repair rounds, with early stop-
ping once it compiles and passes all correctness
tests. We report Pass@1 and Pass@5 for both
benchmarks. Following SIMDBench (He et al.,
2025), we compute Pass@Fk over a task set 7 as:

nrcq‘,)

1 ("% )
PassQk = — 1--—-=1. 3)
|T‘ i€T < (kl)

where n; is the number of sampled candidates
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for task ¢, and ¢; is the number of candidates
that compile and pass all correctness tests; we
report K = 1 and k = 5. Across all reported
metrics, a generated candidate is counted as pass-
ing only if it passes the corresponding correctness
tests while using Arm SVE/ACLE vector intrin-
sics. Functionally correct scalar fallbacks are ex-
cluded from Pass @k, hidden-test, repair-path, and
speedup statistics. Speedup is used only for eval-
uation; repair is guided by correctness-oriented
compile-and-run feedback rather than performance
measurements.

5.2 Hardware and Inference Settings

Appendix D summarizes the hardware and in-
ference settings used in our experiments. The
hosted API baselines use Codex-5.2 (OpenAl,
2026), Kimi-K2.5 (Moonshot Al, 2026), Gemini-
2.5 Pro (Google, 2026), GLM-4.7 (Z.Al, 2026),
and DeepSeek-R1 (DeepSeek-Al, 2026). For lo-
cal fine-tuning, we use the smaller distilled model
DeepSeek-R1-Distill-Qwen-32B  (DeepSeek-Al,
2025). Appendix E reports the local-model training
setup and prompt details.

6 Experiments

We organize the experiments around four ques-
tions. First, we assess NL-only NL2SVE direct
generation under fixed signatures. Second, we
wrap the two strongest direct-generation baselines
with SVE-Loom to evaluate session-level reliabil-
ity in the bounded-feedback setting. Third, we
isolate component-level effects with a controlled
local model, since hosted proprietary APIs may
be affected by model-version or serving-system
drift; for these hosted models, we instead report
repair-trigger and pathway statistics. Fourth, we
test whether SVE-Loom yields more correctness-
passing implementations with positive speedup.

6.1 NL-only Direct Baselines

We first evaluate representative code models in
a strict NL-only direct-generation setting. Ta-
ble 3 reports the corresponding SIMDBench and
ARM SIMD Loops results. This setting measures
NL2SVE difficulty without interactive assistance.

6.2 Inference-Time Repair on Strong
Backbones

We next evaluate how SVE-Loom changes session-
level success rates for strong backbones in the
bounded-feedback setting. This experiment uses

Model SIMDBench ASL

Pass@1 (%) Pass@5 (%) Pass@1 (%) Pass@5 (%)
Kimi-K2.5 51.62 83.82 39.63 66.67
Codex-5.2 Medium 51.18 81.62 43.33 66.67
Gemini-2.5 Pro 37.50 69.12 26.30 51.85
GLM-4.7 27.35 64.71 12.96 35.19
DeepSeek-R1 (official API) 13.53 25.74 11.85 24.07

Table 3: NL-only direct-generation baselines on SIMD-
Bench and ARM SIMD Loops (ASL).

Benchmark Model Repair-test Hidden-test
+SVE-Loom P@1 P@5 P@1 P@5

SIMDBench Codex-5.2-M 96.47 99.26 95.00 97.79
SIMDBench Kimi-K2.5  90.29 99.26 88.24 98.53
ASL Codex-5.2-M 86.67 94.44 85.93 94.44
ASL Kimi-K2.5  81.85 88.89 81.85 88.89

Table 4: Full-controller SVE-Loom results for strong
direct-generation backbones under a bounded repair
session. P@1/P@5 denote success over bounded repair
sessions, not one-shot direct generation.

the two strongest NL-only direct baselines in Ta-
ble 3. The hosted backbones are not fine-tuned.
SVE-Loom applies all of its inference-time com-
ponents. Table 4 reports post-repair Pass@1 and
Pass@35 on the repair-test and hidden-test oracles.
To compare direct generation and bounded re-
pair under the same evaluation criterion, we also
reevaluate the unchanged direct candidates with the
hidden-test oracle. The SIMDBench direct scores
differ slightly from Table 3, which uses the normal
benchmark configuration.

Under the hidden-test oracle, Codex-5.2
changes from 50.00%/80.15% to 95.00%/97.79%
Pass@1/Pass@5 on SIMDBench, while Kimi-K2.5
changes from 50.44%/81.62% to 88.24%/98.53%.
On ARM SIMD Loops, the corresponding results
change from 43.33%/66.67% to 85.93%/94.44%
for Codex-5.2 and from 39.63%/66.67% to
81.85%/88.89% for Kimi-K2.5. These compar-
isons use the same hidden-test oracle and the same
nominal five-candidate sampling budget. Only
the SVE-Loom settings apply bounded repair, so
the direct-to-post-repair differences characterize
session-level reliability without conflating the com-
parison with a change in the evaluation oracle.

Appendix H provides diagnostic repair-path
counts: many successful repairs activate API-
surface markers, and harder candidates often ac-
tivate the RSB path. Because these triggers are not
mutually exclusive, we treat the pathway analysis
as diagnostic rather than causal.
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NameFix/ Compile-and-run

ShapeFix feedback Bootstrap Pass@1 (%) Pass@5 (%)
No No None 29.41 59.56
Yes No None 36.03 63.97
No Yes None 40.88 69.85
Yes Yes None 50.44 76.47
Yes Yes Scalar code 51.18 80.15
Yes Yes RSB 57.65 86.03

Table 5: Component ablation on SIMDBench using the
same fine-tuned local backbone.

6.3 Component Ablation

After fine-tuning a local backbone on the
constructed NL2SVE corpus, we evaluate the
inference-time components of SVE-Loom on
SIMDBench. All rows in Table 5 use the same
fine-tuned checkpoint, and all feedback-enabled
settings use the same repair budget. In the last
two rows, NameFix/ShapeFix and feedback remain
fixed while the bootstrap input changes. These
comparisons measure component-level effects for
the local backbone; the gains may differ for other
models.

The untuned local backbone produces no pass-
ing SVE implementations. After fine-tuning, direct
generation without inference-time repair reaches
29.41% Pass@1 and 59.56% Pass@5, providing
the common baseline for the ablation. Name-
Fix/ShapeFix alone reaches 36.03% and 63.97%,
while compile-and-run feedback alone reaches
40.88% and 69.85%. Combining both components
raises Pass@1 to 50.44% and Pass@5 to 76.47%.
Relative to feedback alone, NameFix/ShapeFix
adds 9.56 and 6.62 percentage points under the
same feedback budget.

With NameFix/ShapeFix and feedback fixed,
scalar-code bootstrap reaches 51.18% Pass@1 and
80.15% Pass@5. RSB reaches 57.65% and 86.03%,
outperforming scalar code by 6.47 and 5.88 percent-
age points. For this backbone, the structured RSB
representation therefore provides more effective
reference assistance than supplying the scalar code
directly.

6.4 Speedup Evaluation

We evaluate speed on SIMDBench only after cor-
rectness: a candidate enters runtime measure-
ment only if it passes the SVE correctness tests.
The repair loop receives compile-and-run feed-
back for functional correctness and ACLE legal-
ity, but it does not observe runtime measurements.
Thus, speedup is used for evaluation rather than
as a repair signal. Using the SIMDBench per-

Model Correct+> 1x Task-best faster Sample p90
Codex-5.2 25.1% 43.4% 11.837
Codex-5.2 + SVE-Loom 51.3% 61.8% 13.334
Kimi-K2.5 27.3% 50.0% 17.125
Kimi-K2.5 + SVE-Loom 47.8% 61.1% 20.709

Table 6: SIMDBench speedup evaluation under -03.

formance harness, generated implementations and
scalar baselines are compiled with -std=c++17
-march=armv8-a+sve -03 on the AWS Graviton3-
class ARM/SVE machine reported in Appendix D;
the observed SVE vector length is 256 bits, and
each implementation is timed with 5 repetitions.
Table 6 reports sample-level correct-and-faster
rate, task-level faster coverage, and p90 speedup
among correct samples. Rows with SVE-Loom use
the same bounded repair protocol as Table 4.
Under -03, SVE-Loom produces more correct
SVE implementations that are also faster than the
scalar baseline. Correct-and-faster rates rise from
25.1% to 51.3% for Codex-5.2 and from 27.3%
to 47.8% for Kimi-K2.5. Appendix I further com-
pares only samples and tasks passed by both the
direct and SVE-Loom-wrapped systems, showing
that aggregate speedup-positive gains mainly come
from converting previously failing generations into
correct, sometimes faster implementations.

7 Conclusion

This work studied NL2SVE, a function-level
language-to-code problem for synthesizing ARM
SVE implementations from NL specifications and
fixed C/C++ signatures. SVE-Loom is a model-
agnostic generation-and-repair framework that
combines ACLE schema repair, bounded compile-
and-run feedback, and reference-assisted Regional
Semantic Bootstrap when scalar semantics are
available. To mitigate the scarcity of public SVE
supervision, we also constructed a NL2SVE corpus
from GitHub-mined SVE code, template-generated
kernels, and SVE-Loom-guided API-model candi-
dates, with this layer providing a reusable route for
extending coverage through validated new exam-
ples.

Across SIMDBench and ARM SIMD Loops,
SVE-Loom improves session-level SVE genera-
tion reliability in the bounded-feedback setting.
Wrapped models achieve higher rates of legal and
correct SVE implementations, and SIMDBench
speedup measurements show that many repaired
outputs are speedup-positive. Hidden-test checks
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further indicate that repaired candidates often re-
main robust beyond the repair-time oracle.

Limitations

This work studies function-level ARM SVE gener-
ation on SIMDBench and a 54-task ARM SIMD
Loops subset; it does not address repository-level
integration, build systems, multi-file transforma-
tions, or larger application-specific HPC kernels.
Feedback-enabled results are bounded interactive
repair outcomes because the correctness harness
is queried during repair, and RSB assumes a val-
idated scalar reference or AST-derived bootstrap.
Speedups may vary with hardware, compiler, flags,
and harness, while hosted-model results may drift
with model versions and serving systems. Gener-
ated low-level SVE implementations should not be
used outside the evaluated function-level setting
without additional validation, since incorrect be-
havior may arise and correctness or performance
may depend on hardware, compiler settings, and
benchmark coverage.
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A Artifact Licenses and Terms

We use third-party repositories, benchmarks, mod-
els, and APIs as research artifacts under their pub-
licly stated licenses or access terms; released de-
rived artifacts, if any, will be distributed with ac-
companying license and attribution information.

B ACLE Whitelist Schema and API
Repair Details

SVE-Loom represents the SVE API surface us-
ing a structured whitelist derived from Clang’s
arm_sve.h. The source header contains function
declarations, overload annotations, builtin aliases,
type definitions, and extension guards. We normal-
ize the relevant declarations into three queryable
structures. Let A denote the set of legal intrinsic
names. For each f € N, let S(f) denote the set
of recorded argument-type signatures and let R( f)
denote the set of recorded return types. NameFix
queries NV, whereas ShapeFix uses S(f) and R(f).

Schema organization. At runtime, SVE-Loom
stores V' as a set for membership checks and as
an ordered list for candidate lookup. It stores S
and R as tables indexed by intrinsic name. For
example, S(sv1d1_u8) contains the argument sig-
nature [svbool_t, uint8_t constx], while
R(sv1d1_u8) contains the return type svuint8_t.
Overloaded intrinsics have multiple signatures un-
der the same name.

NameFix. For a candidate program P, let
Callgyg(P) denote the names of SVE-like calls
in P. NameFix identifies invalid intrinsic names as

I(P) = CallSVE(P) \N

For each invalid name in Z(P), NameFix
searches V for a legal replacement. It first checks
common naming errors, such as a missing sv prefix
or an unnecessary _x, _z, or _m suffix. A suffix is
removed only when the resulting name belongs to
N. NameFix also searches legal names that share
the same operation prefix, namely the part before
the first underscore. Type markers in the invalid
name, such as u8, s32, or 32, further narrow the
search. If the invalid name has no type marker,
NameFix uses type markers found elsewhere in P.

Names with similar spellings are considered
when these checks do not identify a suitable re-
placement. Such a name must have a similarity
score of at least 0.92, match the operation in the
invalid name, and preserve any explicit type marker.
If no legal replacement is found, the repair prompt
requires the call to be rewritten using legal ACLE
intrinsics or scalar C/C++ code. Repairs that in-
troduce new invalid names or placeholder text are
rejected, and smaller changes near the original call
are preferred.
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ShapeFix. ShapeFix examines calls whose
names already belong to N. For an intrinsic f,
it retrieves S( f) and compares the number of sup-
plied arguments with the recorded signatures. If
no signature has the same number of arguments,
ShapeFix reports the observed argument count and
the valid signatures for f.

The supplied arguments and the argument types
recorded in S(f) are grouped into four categories:
predicate, vector, pointer, and scalar. The cate-
gory of each supplied argument is inferred from
its expression form and any associated parameter
or local-variable declaration. These categories are
then compared with each signature in S(f). If no
signature matches at every argument position, a
type mismatch is reported.

The return-type check maps the return types in
R(f) to the same four categories and compares
them with the category of the variable receiving the
call result. A mismatch is reported if none of the
resulting categories matches that of the variable.

Repair scope. The whitelist checks intrinsic ex-
istence, arity, and coarse argument and return cate-
gories. It does not implement the full C/C++ type
system or establish functional correctness, mem-
ory safety, alias safety, or performance. Compile-
time immediate constraints are handled by the later
compiler-diagnostic path. Executable tests assess
functional behavior, and performance is measured
only after correctness validation.

Successful repair examples. Figure 3 shows one
repair from each stage. Both occur before the later
RSB semantic-repair stage. Their recorded paths
pass through name_fix and shape_fix, respec-
tively, between code generation and final comple-
tion.

In the NameFix case, the generated program
calls the nonexistent intrinsic svptest_all. Be-
cause this name is absent from N, NameFix re-
quires a rewrite using legal predicate operations.
The repaired code uses svnot_z to form the com-
plement predicate and svptest_any to detect a
violating active lane.

In the ShapeFix case, svst2_s32 belongs to
but the generated call passes two vectors as separate
arguments. The signature in S(svst2_s32) instead
requires one svint32x2_t tuple. The repaired
code constructs the tuple with svcreate2_s32 and
passes it as the final argument.

C RSB Projection and Repair Examples

This section expands the three projections sum-
marized in Figure 2 and provides representative
RSB-path repair cases.

Case 1: Scheduling loops vs. data loop. The
tiled transpose example separates the loops that
select a tile from the loop mapped to vector lanes.
The loops over ¢ and j determine the tile bound-
aries,

tend = min(i + block_size, rows), @

Jend = min(j + block_size, cols).

RSB keeps these tile loops, together with the row
loop over 47, in scalar form and then analyzes the
innermost 57 loop. For a fixed ¢, the source and
destination indices are

src_index = ii - cols + 77,
(5

dst_index = jj - rows + ii.

Different values of jj therefore refer to distinct
source and destination elements. RSB maps jj to
vector lanes while preserving the surrounding tiled
loop structure.

Case 2: Data loop with lane-local scalar com-
putation. The popcount example contains an in-
dependent outer loop even though each iteration
includes its own scalar while loop. The outer vari-
able idx selects one input element A[idx] and its
corresponding output element out[idx]. The in-
ner loop processes val, initialized from A[idx],
and updates only val and count for that element.
RSB therefore maps idx to vector lanes and retains
the inner loop as a lane-local scalar_region. This
representation makes clear that the inner computa-
tion does not couple different idx iterations.

Case 3: Expression rewriting. The affine re-
currence example illustrates a closed-form rewrite.
The scalar loop

outi] = outli — 1] 4+ 2, out[0] = n,

contains a loop-carried dependence through out[i—
1]. For this recurrence, RSB derives the closed form

out[i] = n + 2.

After the rewrite, each out[i] depends only on n
and ¢. RSB can therefore represent the range 1 <
1 < n as a vector_range rather than preserving
the sequential recurrence.
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A. NameFix: erroneous core

svbool_t cmp = svcmple_n_f64(pg, diff, tolerance);
if (Isvptest_all(pg, cmp)) {
return false;

}

A. Model-visible feedback

[INVALID_INTRINSICS_WITH_CANDIDATES]
- svptest_all
candidates: svptest_any, svptest_first, svptest_last

A. NameFix: repaired core

svbool_t cmp = svemple_n_f64(pg, diff, tolerance);
svbool_t notcmp = svnot_z(pg, cmp);
if (svptest_any(pg, notcmp)) {

return false;

}

B. ShapeFix: erroneous core

svint32_t v_num = svldi_s32(pg, &numbers[il);
svst2_s32(pg, &result[2 * i1, v_num, v_del);

B. Model-visible feedback

[MISMATCHED_CALLS]

- svst2 s32 (arge=4, reason=argc_mismatch)
call args: pg, &result[2 * il, v_num, v_del

valid_signatures:

- svst2_s32(svbool_t, int32_tx, svint32x2_t)

B. ShapeFix: repaired core

svint32_t v_num = svld1_s32(pg, &numbers[il);
svint32x2_t v_pair = svcreate2_s32(v_num, v_del);

svst2_s32(pg, &result[2 * i1, v_pair);

Figure 3: NameFix and ShapeFix repair cases. The left case replaces a nonexistent predicate-test intrinsic with legal
predicate operations. The right case constructs the tuple required by svst2_s32. Highlighted rows show the invalid

call, the schema feedback, and the repair.

Successful RSB repair examples. Figure 4
shows two successful RSB-path repairs. For each
case, the figure presents the erroneous candidate,
the bootstrap visible to the model, and the repaired
implementation.

In the compact-write case, compact_write spec-
ifies that values from lanes satisfying the predicate
must be packed into consecutive output positions
starting at the current output position index. The
failed candidate instead used a predicated store
at the original lane positions, leaving gaps when-
ever some lanes did not satisfy the predicate. The
repaired implementation compacts the selected val-
ues with svcompact_f32 and stores them contigu-
ously with svst1_f32.

In the masked conditional-move case, the where
mask[i] guard inside the vector_range region
specifies that dst[i] is written only when mask[i]
is true. The failed candidate wrote src[i] to every
active lane and then set the false-mask positions to
zero, although those positions should remain un-
changed. The repaired implementation constructs
an SVE predicate from mask[i] and uses it to
guard the store.

D Hardware and Inference Settings

Table 7 summarizes the system and inference set-
tings used in our experiments.

E Local Model Training and Prompt
Details

Table 8 gives the training configuration for the lo-
cal SVE-specialized model used in the component-
level ablation. We use LoRA/PEFT rather than
full-parameter fine-tuning.

Item Setting

System

oS Ubuntu 22.04.3 LTS

CPU AWS Graviton3 class

GPU 4 x NVIDIA H20

GPU memory 96 GB per GPU

SVE vector length 256 bits

Local training bud- ~3 wall-clock hours; ~12 H20
get GPU-hours

Local inference/eval
budget

~6 wall-clock hours on the same
system

Inference
Codex-5.2
Kimi-K2.5
Gemini-2.5 Pro
GLM-4.7

DeepSeek-R1
DS-R1-Distill-32B

reasoning.effort=medium
temperature=1.0, top_p=0.95;
thinking="enabled"
temperature=0.8, top_p=0.95;
reasoning_effort=medium
temperature=0.8,

top_p=0.95, do_sample=true;
thinking="enabled"”
temperature=0.8, top_p=0.95
temperature=0.8, top_p=0.95

Hosted API token limits

Code generation
NameFix
ShapeFix
Compile-feedback
Serial / bootstrap

16384
8192
4096
8192
4096

Table 7: Hardware and inference settings used in exper-
iments. DS denotes DeepSeek.

Training and inference prompt format.

Train-

ing and inference use the same chat-message
prompt skeleton and tokenizer chat template, rather
than a hand-written ### Instruction template.
Each prompt contains system and user messages.
During training, the assistant message contains the
complete target C/C++ implementation, and the
loss is applied only to assistant output tokens; dur-
ing inference, this assistant message is omitted and
generated by the model. The system-level instruc-
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A. Before: erroneous code

#include <arm_sve.h>
#include <vector>

std: :vector<float> get_positive_sind(const std: :vector<float> & 1){
std: :vector<float> result(l.size());
size_t out_idx = 0;
for (size_t i = 0; i < L.size(); i += sventw()) {
svbool_t pg = svuhilelt_b32(i, 1.size());
svfloat32_t data = svld1_f32(pg, &1[i1);
subool.t pos_nask = svompEtf32(pg, data, sudp132(0.00);
svst1_f32(pos_nask, &resultfout_idx],
out_idx += sventp_b32(pg, pos_mask);
¥

result.resize(out_idx);
return result;

A. Model-visible Bootstrap

[BOOTSTRAP]

- stage: logic_fail; reason: logical bu

- Use the semantic bootstrap below as a task-specific repair guide for dataflow, indexing, predicates, reductions,
and vectorizable regions

- Keep the exact target function signature from the prompt prefix

[/BOOTSTRAP]

[SEMANTICS_BOOTSTRAP]
std::vector<float> get_positive_sind(const std: :vector<float> & 1)
compute: out = std: :vector<float>(l.size())
init: index = 0
for vec ase in vector-rang=(9, 1.iz¢))
lane i = vec_base + lane_i
=i<lsi e()

compact_write: out, count=index, value=1[i], predicate=1[i] > 0
resize: out.resize(index)
return: out

[/SEMANTICS_BOOTSTRAP]

A. After: repaired code

#include <arm_sve.h>
#include <vector>
#include <cstdint>

std: :vector<float> get_positive_sind(const std::vector<float> & 1){
std: :vector<float> result(l.size());
size_t out_idx = 0;

for (size_t i = 0; i < L.size(); i += sventw()) {
svbool_t pg = svehilelt_b32((uint64_t)i, (uint64_t)1.size());
svfloat3z_t data = svld1_f32(pg, &1[i));
svbool_t pos_mask = svcmpgt_f32(pg, data, svdup_f32(0.0f));
uint64_t count = sventp_b32(pg. pos_mask):
svfloat32_t compacted = svcompact_f32(pos_mask, data:
svbool_t store_pg = svwhilelt_b32((uint64_t)(0), (uln(s4 1) (count));
svst1_fa2(store_pg, 8resultfout_idx], compacted);
out_idx += count

3

result. resize(out_idx);
return result;

B. Before: erroneous code

#include <arm_sve.h>
#include <cstddef>
#include <cstdint>

void conditional_move_simd(const int64_t xsrc, int64_t sdst,
const bool #mask, size_t length) {
if (‘leng(h I tsrc || tdst || !mask)

std::size_t i = 0;
while (i < length) {
svbool_t pg = svwhilelt_bod((uint64_t)i, (uintsd_t)length);

nts = svldi_s64(pg, &(src[i));
svstl se4<ng &(dst[i), s_ints);

uint6d_t j = i;
while (j < length 88 ((std::size t)j) <= ((std::size t)(i + sventd()))) {
if (!(mask[(std::size_t)i1))
dst[(std: :size_t)j] = 0;
++5;
3}

i += sventd();

B. Model-visible Bootstrap

[BOOTSTRAP]

- stage: logic_fail; reason: logical_bu

- Use the semantic bootstrap below as a task-specific repair guide for dataflow, indexing, predicates.
and vectorizable regions

- Keep the exact target function signature from the prompt prefix

[/BOOTSTRAP]

, reductions,

[SEMANTICS_BOOTSTRAP]
void conditional_move_simd(const int64_t xsrc, int64_t sdst, const bool smask, size_t length)
for vec_base in vector_range(o, length)
lane i = vec_base + lane_id
where active = i < length:
where mask[11:
read: srcli]
rite: dst[i] = src[i]
[/SEMANTICS_BOOTSTRAP]

B. After: repaired code

#include <arm_sve.h>
#include <cstddef>
#include <cstdint>

void conditional_move_simd(const int64_t xsrc, int64_t sdst,
nst bool #mask, size_t length) {
if (Ulength || tsrc || tdst || tmask)
return;

std::size_t i = 0;

while (i < length)
svbool_t pg = svwhilelt_b64((uint64_t)i, (uint6d_t)length);
svint64_t s_ints = svidi_s64(pg, &(srclil));

svbool_t pg_mask = svcmpne_n_u64(
pg,
svldiub_u64(pg, (const uint8_t *)(mask + 1)),
i
svst1_s64(pg_mask, &(dst[il), s_ints);
i += sventd()

}
)

Figure 4: Two RSB repair cases. The left case repairs compact-write semantics; the right case repairs masked
conditional-move semantics. Highlighted rows mark the erroneous behavior, the relevant bootstrap semantics, and

the corresponding repair.

tion is summarized as:

You are an Arm SVE code generator.
Implement the target function from the
provided NL task description.
Preserve the exact target
signature.

OQutput only the
implementation
appropriate.

function

final full
using Arm SVE

C/C++
where

F Corpus Capability Distribution

For corpus transparency, Table 9 reports the ca-
pability targets used to characterize the template-
generated and SVE-Loom-guided corpus layers.
These tags are non-exclusive: a single example may
target multiple SVE capabilities, so column totals
need not equal the number of rows in each layer.
Counts are measured on the final post-high-risk-
holdout snapshot, where the template-generated
layer contains 1,056 examples and the SVE-Loom-
guided layer contains 3,887 examples.

G Decontamination Audit Details

Table 10 summarizes the audit scope. We compared
all corpus examples against the held-out benchmark
tasks pairwise over normalized prompts, fixed sig-
natures, function entry points, code bodies, tree-
sitter AST representations, and abstract semantic
signatures.

Table 11 gives the flagging criteria used in the
audit. All flagged cases were inspected before fi-
nalizing the corpus.

H Repair Pathway Analysis

We analyze repair-path diagnostics for the strong-
backbone settings in Table 4. The counts below are
diagnostic rather than mutually exclusive: a can-
didate may trigger multiple repair markers before
reaching a final repaired output.

Table 12 shows that repair is not limited to rare
corner cases. For Codex-5.2 on SIMDBench, 209
of 680 samples activate at least one repair marker,
covering 82 of 136 tasks; 189 of these samples
pass after repair. For Kimi-K2.5 on SIMDBench,
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Item Setting

Base model
Fine-tuning method
LoRA rank / alpha / dropout

LoRA / PEFT

LoRA target modules
Epochs 3
Per-device batch size 1

GPUs / gradient accumulation

Effective batch size 1x4x4=16
Learning rate 2x 1074
Scheduler cosine

‘Warmup ratio 0.03

Weight decay 0.0

Maximum sequence length 4096

Precision bf16

Gradient checkpointing on

Optimizer adamw_torch
Seed 42

DeepSeek-R1-Distill-Qwen-32B

r = 32, a = 32, dropout = 0.1
g_proj, k_proj, v_proj, o_proj, up_proj, gate_proj, down_proj

4 GPUs, accumulation 4

Table 8: Local fine-tuning configuration for the SVE-specialized DeepSeek-R1-Distill-Qwen-32B model.

Capability target

Template-generated SVE-Loom-guided Examples

Predicate-controlled memory access 171
VLA execution 293
Mixed-width arithmetic 422
Reductions and scans 384
Scalar-control regions 70
Loop-carried dependencies 82
Irregular memory access 132
Memory-layout transformation 159
Numerical semantics 336
ACLE call-shape constraints 25

505 Predicated load/store, masked update, tail predicates
274 Tail handling, unknown trip count, active-lane masking
1,107 Widen/narrow conversion, signed/unsigned conversion, scale-and-
convert
1,322 Sum, min/max, predicate reduction, prefix-like dependence
Per-element scalar loops, data-dependent inner control
209 Recurrence, neighbor dependence, running state
652 Gather/scatter, strided access, indexed access
893 AoS, interleaved layout, transpose, tuple-style load/store
1,166 Integer division/remainder, rounding, floating-point casts
815 Predicate width, vector element type, pointer/value argument shape

Table 9: Capability-target distribution in the template-generated and SVE-Loom-guided corpus layers. Tags are
non-exclusive and are intended to document coverage targets rather than define mutually exclusive categories.

Item Count / unit

Corpus examples 5,947

Train / dev split 5,321/ 626

Benchmark tasks 190

SIMDBench/ ARM 136/ 54

SIMD Loops

Comparison mode Corpus-vs-benchmark pairwise
Compared fields Prompt, signature, entry point, code,

AST, semantic signatures

Table 10: Scope of the benchmark decontamination
audit.

the corresponding coverage is broader: 359 of 680
samples activate at least one repair marker, cover-
ing 116 of 136 tasks, and 293 samples pass after
repair. The ARM SIMD Loops settings show a
similar pattern, with repair markers covering 35
tasks for Codex-5.2 and 45 tasks for Kimi-K2.5.

Table 13 separates two main effects. First,
NameFix and ShapeFix directly repair a substan-
tial fraction of API-surface failures, especially for
Codex-5.2 on SIMDBench. Second, RSB con-
tributes additional successful repairs for harder

candidates whose intended dataflow is not recov-
ered by API/name or shape fixes alone. For Kimi-
K2.5 on SIMDBench, RSB succeeds on 199/265
triggered samples, while NameFix/ShapeFix di-
rectly resolves 94/197 triggered samples. Among
repaired candidates that pass the repair-test oracle,
hidden-test retention remains high: 184/189 for
Codex-5.2 on SIMDBench, 285/293 for Kimi-K2.5
on SIMDBench, 82/84 for Codex-5.2 on ARM
SIMD Loops, and 85/85 for Kimi-K2.5 on ARM
SIMD Loops.

I Common-Pass Speedup Analysis

To separate yield effects from runtime changes
among already-correct SIMDBench generations,
we compare each direct baseline against its SVE-
Loom-wrapped counterpart only on samples or
tasks that pass correctness in both systems. In
the following tables, A denotes the direct baseline
and B denotes the same backbone wrapped with
SVE-Loom.

Tables 14 and 15 show a split between sample-
level and task-level effects. For Kimi-K2.5, the
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Layer Flagging rule Final status

Exact identity Task id, sample id, function entry point, prompt hash, signature hash, or code 0 overlap
hash exact match.

Token near-duplicate ~ Prompt token Jaccard > 0.80; code token Jaccard > 0.85. 0 near match

Text fingerprint n-gram Jaccard > 0.80, containment > 0.95, edit ratio > 0.88, MinHash 0 exact/near
similarity > 0.84, or SimHash Hamming distance < 4.

AST structural tree-sitter C/C++ typed, untyped, or composite AST hash exact match; compos- 0 typed / 0 untyped
ite exact matches are treated as high-risk. / 0 composite

Semantic high-risk Same abstract access/control signature plus at least one matching structural 0 retained high-risk

component among typed AST, untyped AST, composite AST, array-access tree, overlap
or assignment tree.

Table 11: Decontamination audit criteria and final retained-overlap status.

Setting Total Any trigger Final pass Final fail Model repair NameFix ShapeFix RSB trigger
Codex SIMDBench 680/136 209/82 189/80 20/11 84/36  140/58 27124 83/36
Kimi SIMDBench  680/136 359/116  293/111 66/36 265/95  166/74 55/36 265/95
Codex ASL 270/54 120/35 84/31 36/15 75125 76/29 21/15 75125
Kimi ASL 270/54 134/45 85/37 49/15 105/35 65/29 25/19 105/35

Table 12: Repair trigger coverage by setting. Each cell reports samples/tasks. Any trigger denotes candidates that
activated at least one repair marker recorded by the controller; component columns are not disjoint.

wrapped system is modestly faster on common-
pass samples: the sample-level geometric-mean
speedup increases from 2.284 to 2.439 and the
median from 1.334 to 1.487; task-best geometric-
mean speedup also increases from 3.657 to 3.756.
Thus, the performance benefit comes mainly from
increasing the chance of producing a faster cor-
rect candidate per task, not from making every
common-passing sample faster.
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Setting RSB pass/trigger RSB hidden/pass N/S direct/trigger ~ N/S direct/final N/S hidden/direct  All hidden/final

Codex SIMDBench ~ 63/83 (75.9%)  61/63 (96.8%) 126/157 (80.3%) 126/147 (85.7%) 123/126 (97.6%) 184/189 (97.4%)
Kimi SIMDBench  199/265 (75.1%) 192/199 (96.5%)  94/197 (47.7%) 94/163 (57.7%)  93/94 (98.9%) 285/293 (97.3%)
Codex ASL 39/75(52.0%)  37/39 (94.9%)  45/34 (53.6%)  45/64 (70.3%)  45/45 (100.0%)  82/84 (97.6%)
Kimi ASL 56/105 (53.3%)  56/56 (100.0%)  29/84 (34.5%)  29/52 (55.8%)  29/29 (100.0%) 85/85 (100.0%)

Table 13: Repair pathway success and hidden-test retention. Percentages are sample-level rates. N/S denotes the
union of NameFix and ShapeFix triggers; direct means the candidate passes after NameFix or ShapeFix without
requiring the later RSB-path repair.

Pair Common A geo. B geo. A med. B med.

Codex base vs. Codex+SVE-Loom 266/88 2.340 2.666 1.617 1.616
Kimi base vs. Kimi+SVE-Loom 251/84 2.284 2.439 1.334 1.487

Table 14: Sample-level common-pass speedup comparison under -03. Common reports common passing samples /
covered tasks.

Pair Tasks A best geo. B best geo. A best med. B best med.
Codex base vs. Codex+SVE-Loom 88 3.508 3.585 2.221 2.225
Kimi base vs. Kimi+SVE-Loom 94 3.657 3.756 1.722 1.797

Table 15: Task-best common-pass speedup comparison under -03.
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