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Abstract

Post-link optimizers (PLOs) such as Propeller and BOLT have demonstrated that
precise, profile-guided code layout can extract significant performance gains from
heavily optimized binaries. However, these systems are currently restricted to
intraprocedural techniques, leaving the global potential of interprocedural lay-
out largely untapped. Interprocedural code layout is historically difficult due to
a combinatorially intractable search space and complex call-return semantics that
are challenging to model. Consequently, the performance potential of fine-grained
interprocedural layout remains unproven in practice. AI-PROPELLER uses Mag-
ellan, an agentic workflow that evolves the compiler heuristic in Propeller into
a fine-grained interprocedural optimizer and fine-tunes the resulting policy hy-
perparameters. To ensure high-fidelity, we move away from approximate static
cost models and the agentic workflow generates multiple layout variants that are
executed on actual hardware to measure real performance counters, providing a
precise reward signal for the evolutionary loop. AI-PROPELLER has been eval-
uated on several benchmarks including large warehouse-scale applications and
experiments show performance improvements of 0.23% to 1.6% optimized with
state-of-the-art FDO and PLO which is significant for real-world binaries. This
is the first time ever that large warehouse-scale applications in industrial settings
have been optimized with fine-grained interprocedural code layout.

1 Introduction

Post-Link Optimizers (PLO) such as Propeller [30] and BOLT [26] have been used to significantly
improve the performance of large warehouse-scale applications [13]. Recently, systems such as
ACE [17] have demonstrated the potential for Al-driven optimization in warehouse-scale environ-
ments, though interprocedural layout optimizations remain an open challenge. At this scale, even
marginal performance improvements [1, [10]] have significant business value. Code Layout [27} 23]
is an important optimization that has been particularly effective for such applications. These PLO
optimizers use accurate profiles to reorder the basic blocks of hot functions, optimizing instruction
cache and TLB utilization. Further, function splitting [[11} [15] cleaves the frequently executed (hot)
and rarely executed (cold) subsets of a function and places them in separate regions in memory to
further improve TLB behavior. Collectively, these optimizations squeeze maximal performance by
placing the hot working set of an application to reside in close proximity.

Code layout has been well studied and a number of prior works exist that reorder both basic
blocks [12} 20} 22}, |19/ [16] and functions [27} 121} [8] for optimal utilization of instruction caches and
TLBs. Early research [3] demonstrated the value of profile information in guiding code optimiza-
tions, while techniques such as trace scheduling [6] pioneered global code optimization to maximize
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Figure 1: Motivating Example from a real-world application, LLVM Clang binary optimized with
AI-PROPELLER

instruction-level parallelism. Particularly, the Ext-TSP heuristic [23]] has proven to be very effective
and is used by both Propeller and BOLT. However, these heuristics are applied intraprocedurally,
one function at a time, and do not cross function boundaries with the exception of function splitting.
While PLO frameworks such as Propeller possess the capabilities to reorder basic blocks across pro-
cedures arbitrarily (e.g. via basic block sections [30Q]), there are no existing code layout heuristics
that exploit this opportunity to reorder blocks across functions for increased performance.

Interprocedural code layout, that is the ability to partition functions and reorder the partitions, is a
significantly more challenging problem in comparison to intraprocedural layout, for two main rea-
sons. First, the combinatorial complexity grows exponentially as the interprocedural search space
is several orders of magnitude larger. For example, a warehouse-scale application we optimized
has ~ 1.4 million functions and the largest function has ~ 20,000 basic blocks. Whereas, the
entire application has ~ 40 million basic blocks which adds several million orders of complexity
over intraprocedural exploration. Scaling to an interprocedural algorithm is a significant engineer-
ing effort, which is hard to justify without demonstrable performance improvements. Second, the
cost function to layout basic blocks across procedures is very different as call-return semantics can-
not be violated even if two blocks from different procedures are placed adjacently, whereas, with
intraprocedural layout the fall-through jumps between adjacent blocks are eliminated reducing the
dynamic instruction count and also increasing cache utilization. To our knowledge, AI-PROPELLER
is the first work to demonstrate clear performance potential on large warehouse-scale applications
via interprocedural code layout.

AI-PROPELLER adopts the Magellan framework [4] to evolve code heuristics. Specifically, it lever-
ages AlphaEvolve [24] to evolve existing heuristics, and a black-box optimizer, such as Vizier [9]]
to tune its numerical parameters. Both AlphaEvolve and Vizier rely on a reward signal to propose
code edits and parameter updates, respectively. The reward is expected to be empirically obtained
by applying the new heuristics to binaries of interest (or - for completeness - closely correlate with
an empirical signal of this nature). More details in section 4]

In this context, we apply the framework to Propeller’s [30] code layout optimization, which is cur-
rently formulated as an Extended Traveling Salesman Problem [23]]. The key challenge that had to
be overcome when applying Magellan was ensuring the reward signal is both time — efficient (to
maintain practical training times) and noise-free (to prevent misleading AlphaEvolve or Vizier). To
that end, we identified a small set of representative benchmarks (binaries comparable in working set
size to the binaries of interest) that had a very low run-to-run variation in performance (lower than
0.05%). This paper makes the following contributions:

1. This is the first study to show performance improvements with interprocedural code layout opti-
mizations on real-world applications, including large warehouse-scale binaries, resulting in per-
formance improvements ranging from 0.23% to 1.6%. We want to stress that, while naively
these improvements may seem small, they are both significant from a operational cost / business
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Figure 2: AI-PROPELLER Overview: Application of Magellan to Propeller

perspective, and very hard to achieve in industrial settings already employing the state of the art
optimization techniques (profile-guided optimizations, link-time optimizations, and the current
block-layout techniques)

2. We show that interprocedural block placement heuristics are achievable for large binaries in
industrial settings without noticeably changing build characteristics (time and memory usage)

2 Interprocedural Code Layout in Propeller

Propeller [30] is an industry-strength Post-Link Optimizer that has been used to optimize large data-
center applications, particularly in environments with distributed build systems where build scalabil-
ity is critical. As noted in the paper [30], the improved performance is primarily from intraprocedural
code layout and function splitting [15]. Intraprocedural code layout optimizes each function’s basic
block layout for locality and reduces the number of dynamic taken-branches by placing two hot ba-
sic blocks that are successively executed adjacent to each other. Function splitting separates the hot
and cold subsets of each function and clusters the hot and cold parts of all functions into separate
regions. This reduces the working set size and improves locality and performance.

Propeller introduced basic block sections which allows arbitrary code layout of basic blocks in the
virtual address space, even across functions. While Propeller has the capabilities for interprocedural
code layout, it currently does not optimize binaries with interprocedural heuristics. As noted in the
Propeller paper [30] in Section 4.7, while one isolated experiment with interprocedural layout did
show a small performance improvement on one benchmark, generating such layouts took a very
long time (3.X to 10X) primarily due to the increased search space, and interprocedural layout has
been labeled as future work.

AI-PROPELLER has been implemented in the Propeller framework. As it is already able to lay out
code interprocedurally, the challenge was to find a heuristic that yields performance improvements
above and beyond the state-of-the-art. We used Magellan to evolve the existing heuristic resulting
in an improved interprocedural capable heuristic without affecting the build scalability. We have
used AI-PROPELLER to optimize large and warehouse-scale applications without any perceivable
degradation in build characteristics such as time and memory usage.

3 Motivating Example

To illustrate how interprocedural layout is able to further improve performance, we show a
code snippet and the optimized code layout generated by AI-PROPELLER on a real-world
application, LLVM Clang [18]] compiler. In Figure function Sema: :LookupName calls
LookupResult: :resolveKind twice. In the original layout shown in Figure [[(a) for a
PGO+ThinLTO [12] binary, these functions are placed arbitrarily and far apart, ~ 24 MB, in the
address space even though the calls are hot. With Propeller’s intraprocedural layout and function re-
ordering, these functions are split into their hot and cold subsets first and their hot subsets are placed
close together, 25 KB apart, and this significantly improves locality resulting in better performance.
The hot function size of LookupName is still 25 KB even after splitting, due to aggressive inlining.
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AI-PROPELLER takes this even further. It identifies the basic block subsets of the hot function par-
titions that are executed during calls to function LookupResult: :resolveKind and places them
together, 0.2 KB apart, significantly improving locality. Traditional hot-cold function splitting [[15]]
only splits a function in two subsets, AI-PROPELLER can split a function into several subsets.

Looking at the final optimized binary of LLVM Clang [18|] with AI-PROPELLER, as shown in Fig-
ure[d we found that out of the ~ 15000 hot functions that were considered as candidates for interpro-
cedural layout, ~ 5000 functions were partitioned in more than 2 ways with the maximum number
of partitions being 57 and the mean number of partitions slightly larger than 3. This illustrates both
the vastness of the search space with interprocedural layout and the effectiveness of AI-PROPELLER
in finding layouts that improve performance.

4 Overview of AI-PROPELLER using Magellan

We will first describe Magellan [4]. Its use in our specific context is depicted in Figure[2] Next we
discuss the improvements it made to an initially naive inter-procedural block placement heuristic.

Magellan. We use the Magellan approach [4] combining Al-guided heuristic discovery and black-
box numerical optimization. This is a reward guided evolution mechanism. The process begins with
an initial policy - a function - being presented to AlphaEvolve (AE), together with a LLM prompt.
AE prompts the LLM with that prompt and the referenced function and obtains one or more edits on
that initial function. Each edit consists of novel code additions / modifications / removals. Since the
original function operated on internal Propeller data structures, AE may extract new features of code
IR, for example, to consider in making decisions. As part of the Magellan methodology, the prompt
includes a directive that any numerical parameters be exposed as compiler flags. For a policy thus
proposed by AE, Magellan attempts the following:

1. Recompile Propeller by replacing the policy being evolved with the proposed policy, in the Pro-
peller codebase. If this step fails (because the proposed edits cause compilation failure), Magellan
feeds the build error messages back to AlphaEvolve (which includes them in the next prompt)
and repeats the process;

2. For policies that can successfully be included in the Propeller codebase, Magellan identifies their
parameters (the generated compiler flags) and starts a blackbox tuning session with e.g. Vizier

[9]].

Vizier attempts to tune those parameters based on the reward signal, which, as discussed, it obtains
by running representative binaries in a noise-free environment. The best performing flag combina-
tion is presented back to Magellan, which records it and presents it back to AlphaEvolve together
with the observed reward. The process then continues - AlphaEvolve samples out of its previously
produced policies, mutates the samples, and generates new policies. The overall process has no
intrinsic termination point.



4.1 Evolving the Code Layout Policy in Propeller

Interprocedural basic block reordering for a binary is governed by three factors. How sequences
of basic blocks are split, where new blocks are inserted, and which edges are prioritized for prof-
itability: Chain Split Threshold, Forward Memory Offset, and Backward Memory Offset. The search
space has remained unexplored because manual tuning of these interdependent parameters is com-
putationally intractable is of the order of Billions for large binaries. By leveraging Magellan, Al-
PROPELLER identified a novel configuration that produces performance improving interprocedural
layouts as shown in Figure[3] Specifically, AI-PROPELLER evolved the values of the three constants
discussed above that determine the order of the layout. The specific improvements made to the
policy are categorized below:

» Optimal Split Points: The current heuristic forms sequences of basic blocks while optimizing and
determines split points in existing sequences to insert new blocks. The chain_split_threshold
parameter determines the maximum sequence size above which sequences will not be considered
for splitting. The existing Ext-TSP [23] had this at 0 avoiding any splitting possibility whereas
AI-PROPELLER increased this to 213, splitting a lot more sequences.

* Considering Edges Over Larger Distances: The memory offset parameters, Fwd_Mem_Offset
and Bwd_Mem_0Offset, determine the maximum distance between two basic blocks for their con-
necting edge to be considered by the optimizer. The current heuristic [23]] restricts this to 1024
bytes (forward) and 680 bytes (backward). This narrow window is sufficient for intraprocedural
layout where hot paths are local (confined inside a single function). However, interprocedural lay-
outs involve caller-callee and return relationships that frequently span over much larger memory
distances. AI-PROPELLER expanded these limits to 3059 and 1159 bytes, respectively, allowing
the optimizer to capture and minimize the distance of these previously ignored long-range edges.

* Preserving the Interprocedural Layout: While the numerical parameters determine how the
various basic blocks are grouped into sequences, AI-PROPELLER also evolved the logic for the
order in which these sequences are organized in the binary. Ext-TSP sorts the various resulting
block sequences by their original block IDs. This is effective for intraprocedural layout, where the
goal is simply to order blocks within a function. As the scope expands to interprocedural layout,
AI-PROPELLER evolves the logic to support interprocedural optimization goals. To account for the
local scope of block IDs, AI-PROPELLER generates a global layout index. By sorting according
to this new index rather than function-specific block IDs, the system ensures that the final binary
strictly preserves the intended order for basic blocks.

5 Experiments and Results

Training setup. AI-PROPELLER framework was trained on a representative subset of 100 modules
derived from the Ninja [14} 5] build of Clang compiler. The training phase spanned 2.7 days,
comprising 12 AlphaEvolve [24] iterations and a total of 1,200 Vizier [9] trials (distributed as 100
trials per AlphaEvolve iteration).

To maintain a high quality (noise-free) reward signal, all performance evaluations were conducted
on Intel Skylake systems within a strictly controlled environment. Specifically, Turbo Boost, SMT
and ASLR were disabled to minimize non-deterministic noise. Furthermore, the CPU frequency
was locked at 75% of the peak frequency to eliminate thermal throttling and ensure consistent ex-
ecution across trials. Each candidate binary was executed 10 times, yielding a run-to-run variance
of 0.02% to 0.04%. This high stability enabled AI-PROPELLER to accurately attribute fine-grained
performance gains to the proposed layout transformations.

5.1 Experimental Methodology

Benchmarks and baseline algorithms. Our evaluation covers a diverse set of applications, in-
cluding LLVM Clang (18], LevelDB [1], Redis [29], and Search (a warechouse-scale application).
AI-PROPELLER was evaluated and compared against the algorithms described in Table/[T}



Configuration Description

Baseline The FDO [34] and ThinLTO [12] optimized binary with function
layout disabled.

CDSort [28] The state of the art function layout (reordering) algorithm applied to
Baseline.

Ext-TSP [23] The state-of-the-art algorithm for Intraprocedural basic block
reordering applied to Baseline.

AI-PROPELLER  Our Approach applied to Baseline.

Table 1: Summary of Evaluated Algorithms and Configurations

5.1.1 Policy Generalizability

We evaluated the generalizability of the policy discovered by AI-PROPELLER in Figure [3] While
the policy was trained on a small test workload of only 100 modules, it generalized effectively to
the full LLVM Clang build comprising ~ 3, 000 modules. The same policy also performed well on
LevelDB and Redis benchmarks. However, it did not generalize well to the warehouse-scale Search
workload, yielding neutral performance. Consequently, we trained a separate policy for Search using
its specific test workload and evaluated it accordingly.

5.2 Experimental Evaluation

To evaluate the effectiveness of AI-PROPELLER, we conducted experiments focusing on front-end
bound [35] workloads, where instruction cache efficiency and branch prediction are critical. Eval-

uation Environment. All performance evaluations were executed on dedicated, bare-metal infras-
tructure (OVH Dedicated Server) using LLVIVﬂ with ThinLTO [12] enabled globally. Benchmarks
were executed on an Intel Xeon Silver 4214R system running Arch Linux (Kernel 6.17.5). The
hardware of the system consists of 48 cores and 96 GB of RAM. The cache hierarchy includes a 32
KB L1 instruction/data cache, a 1 MB private L2 cache per core, and a 16.5 MB shared L3 cache.

5.3 Analysis of Results

Our results demonstrate that AI-PROPELLER consistently outperforms traditional heuristics by dis-
covering non-intuitive, interprocedural layouts. Across all the benchmarks, the performance gains
are statistically significant with a p-value close to zero.

Reduction in execution times. The evaluation, Figure 5] of AI-PROPELLER demonstrates perfor-
mance gains over the Baseline and prior state of the art across three distinct applications. Particu-
larly, on a large real-world application like clang, the improvement is 1.6%. To put this in perspec-
tive, Propeller [30] alone improved this benchmark by 7.3% as noted in the paper. AI-PROPELLER
further squeezes more than 20% of that improvement.

Frontend-Bound Stalls [35]. A common bottleneck across these workloads is high instruction fetch
and decode stalls. AI-PROPELLER significantly mitigates these stalls, Figure [6] by improving code
locality. In Clang, we observed a reduction in stalls compared to baseline from 45% to 39%. In
LevelDB stalls decreased from 29% to 27%, while Redis, frontend-bound stalls dropped from 49%
in the baseline to 34.2%, showing significant reduction in frontend stalls.

CPU pipeline slots spent retiring instructions. With reducing frontend stalls, top-down anal-
ysis [35] shows that AI-PROPELLER enables the processor to sustain a higher rate of retired in-
structions, Figure [/ which is a key indicator of useful work performed per cycle. AI-PROPELLER
improved instruction retirement throughput in LLVM Clang [18]] from 27% to 30%, in LevelDB [[1]
it improved from 51% to 54% and in Redis [29]], we did not see an increase over the baseline, it
remained comparable to Ext-TSP.
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5.4 Warehouse Scale

To evaluate AI-PROPELLER, we applied it to a proprietary warehouse workload, Search. For the Al-
phaEvolve [24]] generated policy from clang, Vizier [9] suggested a distinct set of hyper-parameters
for Search. Unlike clang benchmark, for Search, AI-PROPELLER converged on to a more conser-
vative chain split threshold of 53, while expanding memory offsets to 2074 (forward) and 1423
(backward) to account for the massive code footprint.

This discovered policy yielded a 0.23% improvement over the deployed Ext-TSP at production.
While proprietary constraints limited the collection of frontend stall and instruction retirement met-
rics, this result demonstrates that AI-PROPELLER can identify non-obvious optimization opportuni-
ties even in hyper-optimized, warehouse-scale workloads.

5.5 Inter vs. Intra

We conducted an ablation study to isolate the performance gains we obtained on clang with Al-
PROPELLER and identify the portion of the wins that were primarily due to interprocedural layout.
We modified the optimal interprocedural layout generated by AI-PROPELLER and forced all basic
blocks belonging to the same function to remain contiguous, effectively disabling interprocedural
layout and preserving the intraprocedural orderings.

When these interprocedural transformations were reversed, the performance improvement in cy-
cle counts dropped from 1.6% to just ~ 0.3% over Ext-TSP. This significant delta indicates that
while AI-PROPELLER does identify marginal intraprocedural improvements, the vast majority of
the total speedup, approximately 80% is derived from its ability to interleave blocks across func-
tion boundaries. This confirms that global interprocedural reordering is the primary driver of the
AI-PROPELLER framework’s effectiveness.



Restricting AI-PROPELLER to train on intraprocedural layout of basic blocks for LLVM Clang, we
observed only about ~ 0.6% improvement over Ext-TSP on clang reinforcing the need for interpro-
cedural basic block reordering.

6 Related Work

Prior code layout optimization techniques fall into three broad categories: function-level reordering,
basic-block reordering, and learning-based approaches. These techniques rely on static cost models
that sometimes do not capture the nuances of the hardware leading to sub-optimal layout decisions.

Function-Level reordering. Procedure-level placements improved instruction cache and TLB lo-
cality via profile-guided positioning [27]], temporal execution data, and procedure merging [21. |8]].
Modern large-scale systems refine this using dynamic clustering heuristics, such as HFSort and
C3 [23]], or cache-aware placement like CDSort [28]. However, these coarse-grained methods treat
functions as atomic units. They cannot separate hot and cold regions or co-locate hot blocks across
function boundaries—limitations our fine-grained approach directly resolves.

Basic block reordering.. Basic-block reordering addresses these atomic limitations [20], with early
work exploring code replication for branch prediction [22]]. The Extended Traveling Salesperson
based heuristic (Ext-TSP) [23] is the state-of-the-art in intraprocedural code layout and utilized by
modern post-link optimizers like BOLT [26] and Propeller [30]]. While Propeller’s basic block sec-
tions and Codestitcher [16] enable cross-function block stitching, these frameworks still rely on
static objective functions. Further, CodeStitcher [16] relies on whole program link time optimiza-
tions that do not scale with large distributed build systems. Consequently, they struggle to effectively
navigate the interprocedural search space.

Learning-Based optimization approaches. Machine learning is used to augment or replace static
compiler heuristics. MLGO [33] applied neural network models to replace heuristics in an indus-
trial setting. PIE [31} 32] utilizes LLMs to identify performance-improving source code edits for
warehouse-scale applications. ACE [17] investigates Al-driven optimizations for these environ-
ments. Magellan [4] provides an agentic framework to evolve compiler passes using AlphaEvolve.
AI-PROPELLER applies the latter approach to interprocedural code layout.

7 Conclusion

In this work, we present AI-PROPELLER, the first framework to successfully apply fine-grained,
interprocedural code layout optimization to large binaries, including warehouse-scale applications.
AI-PROPELLER has been built on top of the Propeller framework without compromising scalabil-
ity. By applying the Magellan [4] approach of integrating AlphaEvolve and Vizier, our approach
autonomously discovers novel layout policies, navigating an exponentially larger search space, and
overcoming the limitations of traditional heuristics. We have built a highly stable execution en-
vironment that reduces run-to-run variance to under 0.05% that enables the evolutionary loop to
learn directly from precise hardware performance counters rather than relying on approximate static
cost models. Our evaluation demonstrates clear performance gains on real-world, front-end bound
workloads. Most notably, AI-PROPELLER achieves a 0.23% execution improvement on a heavily
optimized, warehouse-scale Search service compared to the state-of-the-art Ext-TSP baseline. Fur-
thermore, it achieves a 1.6% improvement on a large real-world application, LLVM clang compiler.
These results confirm that Al-driven agentic workflows can successfully extract additional perfor-
mance from mature compiler infrastructures.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction explicitly state the performance improvements
achieved (0.23% to 1.6%) and clearly outline the framework’s application to real-world
warehouse-scale binaries

Guidelines:

e The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these
goals are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification:

* Policy Generalizability: We discuss limitations in Section specifically regarding
the policy generalizability. We acknowledge that while the discovered policy gener-
alizes well to applications like LLVM Clang, LevelDB, and Redis, it did not perform
optimally on the warehouse-scale ”Search” workload without dedicated retraining.

* Proprietary Constraints: As noted in Section proprietary constraints limited our
ability to collect detailed performance metrics (such as frontend stall and instruction
retirement metrics) for the production ”Search” workload, though we were still able
to demonstrate performance improvements.

* Computational/System Dependencies: The effectiveness of the AI-PROPELLER
framework relies on a stable execution environment (e.g., locked CPU frequencies,
disabled SMT/ASLR) to maintain a noise-free reward signal during training. We
acknowledge that in less controlled industrial build environments, achieving similar
noise-free signals may require additional engineering effort.

Guidelines:

* The answer [N/A]| means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The au-
thors should reflect on how these assumptions might be violated in practice and what
the implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the ap-
proach. For example, a facial recognition algorithm may perform poorly when image
resolution is low or images are taken in low lighting. Or a speech-to-text system might
not be used reliably to provide closed captions for online lectures because it fails to
handle technical jargon.

11



* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to ad-
dress problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A]

Justification: This work is empirical; we do not present new theoretical proofs or mathe-
matical theorems.

Guidelines:

e The answer [N/A| means that the paper does not include theoretical results.

e All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theo-
rems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a
short proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be comple-
mented by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main
experimental results of the paper to the extent that it affects the main claims and/or conclu-
sions of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provided detailed descriptions of the training/evaluation pipelines and the
LLVM commit hash and the experimental setup in Section [3} allowing for replication of
our methodology.

Guidelines:

* The answer [N/A]| means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be per-
ceived well by the reviewers: Making the paper reproducible is important, regardless
of whether the code and data are provided or not.

* If the contribution is a dataset and/or model, the authors should describe the steps
taken to make their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture
fully might suffice, or if the contribution is a specific model and empirical evaluation,
it may be necessary to either make it possible for others to replicate the model with
the same dataset, or provide access to the model. In general. releasing code and data
is often one good way to accomplish this, but reproducibility can also be provided via
detailed instructions for how to replicate the results, access to a hosted model (e.g., in
the case of a large language model), releasing of a model checkpoint, or other means
that are appropriate to the research performed.
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* While NeurIPS does not require releasing code, the conference does require all sub-
missions to provide some reasonable avenue for reproducibility, which may depend
on the nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear

how to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to re-
produce the model (e.g., with an open-source dataset or instructions for how to
construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case au-
thors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: Due to corporate proprietary constraints, we cannot release the full production
binary dataset, but we provide all algorithmic implementation details and instructions for
reproducing results on open-source benchmarks.

Guidelines:

* The answer [N/A]| means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.
cc/public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: Data splits, hyperparameter selection, and optimizer settings are fully docu-
mented in Figure [3]and Section [5]

Guidelines:

* The answer [N/A| means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of
detail that is necessary to appreciate the results and make sense of them.
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* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropri-
ate information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We assess the statistical significance of our performance improvements by
calculating p-values across experimental runs. As reported in Section [5and Figure [5] we
observe consistent improvements with a calculated p-value of approximately 0, confirming
that the performance gains are statistically significant and not due to random variation.

Guidelines:

* The answer [N/A| means that the paper does not include experiments.

e The authors should answer [Yes] if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* Itis OK to report 1-sigma error bars, but one should state it. The authors should prefer-
ably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of
Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or fig-
ures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

e If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We disclosed the hardware used (e.g., specific hardware requirements) and
the estimated compute time required for training in Section [5

Guidelines:

* The answer [N/A| means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments
that didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
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10.

11.

Justification: We have reviewed the NeurIPS Code of Ethics and ensured our research
methodology conforms to these guidelines.

Guidelines:

e The answer [N/A| means that the authors have not reviewed the NeurIPS Code of
Ethics.

o If the authors answer , they should explain the special circumstances that require
a deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [N/A]

Justification: This is a foundational optimization technique for binary code; we do not
anticipate any direct negative societal impacts from its use.

Guidelines:

* The answer [N/A| means that there is no societal impact of the work performed.

* If the authors answer [N/A] or , they should explain why their work has no soci-
etal impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact spe-
cific groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

e The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitiga-
tion strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: The research involves binary code optimization and does not involve high-risk
assets like generative models or scraped public data.

Guidelines:

* The answer [N/A| means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by re-
quiring that users adhere to usage guidelines or restrictions to access the model or
implementing safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.
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12.

13.

14.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All benchmarks and existing frameworks (e.g., LLVM, Propeller) used in our
evaluation are cited and used according to their respective open-source licenses

Guidelines:

* The answer [N/A| means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

¢ For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the pack-
age should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the li-
cense of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documenta-
tion provided alongside the assets?

Answer:

Justification: We do not introduce new datasets or models that are being released as stan-
dalone assets.

Guidelines:

* The answer [N/A| means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can
either create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the pa-
per include the full text of instructions given to participants and screenshots, if applicable,
as well as details about compensation (if any)?

Answer: [N/A]
Justification: Our research does not involve human subjects or crowdsourcing.
Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.
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* Including this information in the supplemental material is fine, but if the main contri-
bution of the paper involves human subjects, then as much detail as possible should
be included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, cura-
tion, or other labor should be paid at least the minimum wage in the country of the
data collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]

Justification: This research involves the empirical performance evaluation of binary code
optimization algorithms on hardware and does not involve human subjects, crowdsourcing,
or personal user data.

Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equiva-
lent) may be required for any human subjects research. If you obtained IRB approval,
you should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity
(if applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: We employ an LLM as the core logic for the AI-PROPELLER agent to per-
form binary layout decisions, which is a central component of our method.

Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should
not be described.
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