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Abstract

Large language models (LLMs) have reshaped how developers write software. They now act as
coding assistants capable of generating code directly from natural language specifications, a practice
known as “vibe coding.” This thesis pursues two core directions: (1) extending LLMs beyond code
assistance to improve the performance of software systems, and (2) investigating the limitations of
current LLMs in reasoning about programs.

I present three applications of LLMs in software systems aimed at performance optimization.
First, I show how LLMs can improve the performance of parallel programs in the Legion programming
system by generating programs in a high-level domain-specific language that controls how computation
and data are mapped onto the machine. This agent-system interface provides a clean abstraction
that enables LLMs to act as optimizers through code generation. Second, beyond parallel programs,
I demonstrate that LLMs can serve as superoptimizers for assembly code, achieving performance that
exceeds state-of-the-art compiler optimizations. This is done using reinforcement learning with a
reward that jointly captures correctness and speedup. However, such LLM-generated assembly lacks
correctness guarantees, underscoring the need for verification techniques. Third, to make verification
more scalable, I use LLMs to synthesize invariants that accelerate solver performance by decomposing
the original assertion into two simpler verification queries. I also study how supervised fine-tuning
and Best-of-N sampling further improve the e!ciency of the verification.

On a complementary line of work, I develop methods to expose and study the limitations of
current LLMs in program reasoning. I focus on two classical challenges in programming languages:
equivalence checking and program synthesis. Equivalence checking asks whether two programs
produce identical outputs for all possible inputs; we use it to assess how well LLMs understand
program behavior. For program synthesis, the model must produce a program that satisfies given
input–output examples and generalizes to unseen inputs. We design an evaluation protocol that
mirrors real-world reverse-engineering scenarios while testing the inductive reasoning capabilities of
LLM-based agents.

Together, these two directions represent early explorations of how LLMs can enhance software
systems while also identifying open challenges in advancing their ability to reason about programs.
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Chapter 1

Introduction

1.1 Background and Motivation

Large language models (LLMs) have fundamentally reshaped how developers write software, acting as
coding assistants capable of generating code directly from natural language specifications, a practice
known as “vibe coding” [34, 13, 123, 323, 128]. Today, many widely used tools, including Claude Code,
Codex, Gemini CLI, and Cursor, leverage LLMs as interactive coding agents, enabling developers
to write, modify, and refactor code through prompting. These tools have already demonstrated
substantial gains in developer productivity.

Despite this progress, the role of large language models in addressing complex, real-world
challenges in software systems remains controversial [2]. Some researchers question whether LLMs
can meaningfully reason about the intricate behaviors of large systems, while others raise concerns
about correctness and the absence of formal guarantees for LLM outputs [244]. These tensions
motivate a set of pressing research questions: Can AI models move beyond surface-level code generation
to support the design and implementation of complex software systems? What limitations do current
LLMs exhibit when reasoning about programs, and how can these limitations be systematically
exposed and studied? This dissertation pursues an ambitious agenda along two complementary
directions. First, it extends LLMs beyond code assistance to improve the performance of software
systems. Second, it rigorously characterizes the limitations of LLMs in program reasoning.

1.2 Language Models for Performance Optimization

Performance optimization has long been a central research topic in software systems. At its core,
performance optimization consists of two key components. The first is the definition of an appropriate
search space that captures the relevant optimization choices. The second is the design of e"ective
heuristics to identify correct and high-performing candidates within that space. Di"erent optimization
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problems induce di"erent search spaces, and the heuristics used to explore them also vary.
In practice, developers often rely on rule-based heuristics for performance optimization, such as

those implemented in compilers [275] or embedded as default policies in high-performance runtime
systems [21]. Although these heuristics are e"ective in many cases, they o"er no guarantees of
optimality and frequently leave performance potential untapped [30, 250, 221].

To more e"ectively navigate large and complex search spaces, many machine learning techniques
have been proposed and adopted for performance optimization in systems. These include stochastic
search methods such as MCMC sampling [216], tree-based models such as gradient-boosted decision
trees [79], deep learning approaches [314, 319, 317, 220], and reinforcement learning methods [186,
10, 104, 105]. Together, these techniques have been applied to a broad class of optimization problems
in systems, spanning chip floorplanning, compiler optimization, and SAT solving.

The emergence of large language models represents a pivotal shift in search techniques for
performance optimization. Unlike prior machine learning approaches, which typically require task-
specific training before they can perform meaningful predictions, LLMs are pretrained on vast amounts
of data and encode a broad range of prior knowledge. As a result, they exhibit strong reasoning and
coding capabilities without fine-tuning, including the ability to solve complex programming tasks.
Moreover, LLMs can adapt to new tasks through in-context learning without additional training [25],
often requiring only a few examples. Rather than operating as learned cost models that guide search
indirectly [314, 317], LLMs can directly generate code to explore the space of candidate programs.
Instead of relying on complex feature engineering, they can be prompted using natural language
descriptions of optimization objectives together with the necessary contextual information. The
resulting search process produces concrete candidate implementations, making optimization outcomes
explicit and human interpretable through generated code. Because LLMs can be highly interactive,
the search process can be made iterative and continuously refined using feedback from the execution
environment. This ability to perform generative optimization through direct code generation while
learning from environmental feedback distinguishes LLMs as optimizers from prior machine learning
techniques and opens new opportunities for the design of LLM-integrated software systems.

Motivated by these capabilities, this dissertation examines three distinct applications of large
language models in performance optimization. The first application focuses on improving the
performance of parallel programs written in the Legion programming system. Specifically, we use
LLMs to generate a separate program, called a mapper, which defines the policy for mapping
distributed applications to hardware resources and plays a critical role in the application performance.
The mapping interface and underlying runtime system are designed and implemented so that invalid
mappers are rejected by the Legion runtime. As a result, even when an LLM generates incorrect
code, the application does not silently produce incorrect results. Instead, execution fails with explicit
error signals. To support e"ective code generation and optimization, we introduce an Agent-System
Interface that simplifies mapper development and provides meaningful system feedback. At its core
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is a domain-specific language that encapsulates all performance-critical mapping decisions while
abstracting away low-level system complexity. The language defines a structured search space that
enables systematic exploration of mapping strategies. To further support optimization, we design an
AutoGuide mechanism that interprets raw execution outputs into informative and actionable guidance
for LLM agents. Rather than relying solely on scalar performance rewards, our approach leverages
richer feedback, including error explanations and concrete optimization suggestions expressed in
natural language. Our experimental results show that mappers produced by LLM-based optimizers
often surpass expert-written mappers, achieving substantial performance improvements across a
range of benchmarks while reducing tuning time from days to minutes.

Beyond parallel programs, this dissertation demonstrates that large language models can also
serve as e"ective superoptimizers for assembly code, achieving performance that exceeds state-of-
the-art compiler optimizations. Existing superoptimization techniques typically focus on very short,
straight-line assembly programs without loops and rely on CPU-based search heuristics that do not
scale. To address these limitations, we construct the first large-scale dataset of assembly programs.
Programs in this dataset average 130 lines and include loops, far exceeding the size and complexity
of prior loop-free datasets, which typically contain fewer than 15 lines. Building on this dataset, we
go beyond evaluating existing models and apply reinforcement learning to fine-tune large language
models for superoptimization. We use a reward function that jointly captures functional correctness
and performance speedup. The results show that our training substantially improves performance
over pretrained models, with additional gains achieved through Best-of-N sampling and iterative
refinement. This chapter constitutes the first application of reward-based reinforcement learning
to LLMs for code performance optimization, in which correctness and execution speed are jointly
encoded in the optimization objective.

The third application explored in this dissertation is the acceleration of program verification. As
LLMs are increasingly used to generate software, providing formal guarantees that programs behave
as intended becomes even more important. A long-standing challenge in program verification is
the automatic discovery of loop invariants, namely conditions that must hold before and after each
loop iteration. To e"ectively accelerate verification, such invariants must not only be correct but
also su!ciently strong to prove the assertions. However, discovering strong invariants is di!cult in
general. In this chapter, we develop a principled and sound methodology for evaluating whether
LLMs can generate invariants that meaningfully accelerate the verification process, especially given
that LLM-generated invariants may be incorrect. Rather than checking whether LLMs produce the
same invariants identified by existing tools, as in prior work, we introduce a verifier-based algorithm
to determine the correctness of LLM-generated invariants and prove that this procedure is sound.
Our results show that both supervised fine-tuning and Best-of-N sampling significantly improve
model e"ectiveness in accelerating verification, establishing a new performance baseline. Using
our algorithm, LLM-based approaches outperform state-of-the-art non-LLM-based solvers, whereas
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prior LLM-based verification systems with substantially more complex designs rarely achieve such
improvements.

1.3 Limitations in Language Models

Benchmarks play a central role in how progress in artificial intelligence is measured and interpreted.
They enable principled comparisons between models and o"er a systematic means of tracking advances
in the field over time. By exposing systematic failure modes and unresolved weaknesses, benchmarks
help identify limitations in existing approaches and guide future research directions. This perspective
is essential for building reliable AI systems and for setting realistic expectations for their deployment
in real-world applications [214]. For example, widely adopted benchmarks such as ImageNet [57],
SQuAD [209], and SNLI [24] are large-scale datasets that have been credited as foundational drivers
of progress in their respective research areas.

We next discuss the principles for designing e"ective benchmarks for LLMs [107]. First, a
benchmark should be su!ciently challenging to meaningfully di"erentiate between models and
to expose the limitations of current large language models. While this requirement may appear
straightforward, it is di!cult to satisfy in practice. For instance, HumanEval [34] emerged as a
standard benchmark for code generation in 2021. However, accuracy on HumanEval for leading
models has increased dramatically, rising from below 30% in 2021 to over 90% by 2024, rendering
it largely saturated and no longer informative for measuring progress. This illustrates the need for
benchmarks that remain challenging over time. Second, a good benchmark should be grounded in
real-world use cases. A benchmark may be complex or diverse, but if it lacks relevance to practical
applications, its ability to inform real progress is limited. The most valuable benchmarks evaluate
capabilities that either directly matter to end users or serve as foundational building blocks for
more complex real-world tasks. In software engineering, the examples are program repair [287, 286],
testing [285, 59], bug resolution [295, 128], and program transpilation [303, 23], among others. Third,
a benchmark should be designed to minimize data contamination [75]. Benchmark instances should
be generated in a way that prevents models from having encountered them during training. Avoiding
such contamination is essential to ensure that benchmark results reflect genuine generalization rather
than memorization.

This dissertation focuses on exposing and systematically studying the limitations of LLMs by
defining two new problem settings for evaluation. One benchmark introduced in this dissertation
evaluates the ability of large language models to reason about program semantics. This task is
fundamentally di"erent from the code generation from natural language that has been the primary
focus of most prior work. Instead, we investigate whether LLMs have a deeper understanding of
program behavior. To study this question, we introduce program equivalence checking as a new
evaluation task for reasoning about program semantics. Given two programs, equivalence checking
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asks whether they are semantically equivalent, meaning that they produce identical outputs for all
possible inputs, regardless of how di"erent they are written. Program equivalence directly tests
a model’s ability to reason about program behavior, rather than surface-level code patterns. In
fact, any question about program semantics can be formulated as an equivalence checking problem.
Equivalence checking is undecidable in general, highlighting the intrinsic di!culty of this task.
Moreover, equivalence checking has a broad practical use case. In real-world software development,
developers frequently refactor code, optimize implementations, or translate programs across languages,
and must determine whether functionality has been preserved. A language model more capable of
reasoning about program equivalence would therefore support a wide range of software engineering
tasks. Finally, our dataset is constructed through a fully automated pipeline, which allows the dataset
to scale more easily while also reducing the likelihood of data contamination.

The other benchmark introduced in this dissertation is inspired by real-world scenarios in reverse
engineering. In such settings, a reverse engineer observes the input-output behavior of a binary
executable and seeks to synthesize a program that reproduces this behavior based solely on those
observations. This problem is also known as inductive program synthesis in the programming
languages community and directly probes the inductive reasoning capabilities of LLMs. Unlike prior
work that evaluates models based on whether generated functions pass a fixed set of hidden test
cases, our evaluation protocol more faithfully reflects real-world conditions. An LLM-powered agent
begins with a small set of input-output examples, queries a hidden target function at adaptively
chosen inputs, and receives feedback from a di"erential testing oracle to assess the correctness of its
synthesized programs. This feedback loop enables self-reflection and iterative refinement, providing a
principled and interactive framework for evaluating inductive reasoning in a more real-world setting
for program synthesis.

1.4 Roadmap

The remainder of this dissertation is organized as follows. The chapters are based on several published
papers and papers currently under submission. Chapter 2 presents the use of large language models for
optimizing parallel programs [265]. Chapter 3 describes how LLMs can be applied to the optimization
of assembly programs [269]. Chapter 4 explores the use of LLMs for invariant synthesis to accelerate
program verification [268]. Chapter 5 introduces program equivalence checking as a benchmark
for evaluating LLMs’ capabilities in reasoning about program semantics [264]. Chapter 6 studies
inductive reasoning in large language models through program synthesis [267]. Finally, Chapter 7
concludes the dissertation.



Chapter 2

Optimizing Parallel Programs with

Language Models

2.1 Introduction

Modern scientific discovery depends on advanced software tools for modeling and simulation [241, 261,
173]. Computational scientists, including physicists, chemists, and biologists, rely on high-performance
computing to tackle complex problems. These scientific computations dominate workloads on the
world’s most powerful supercomputers [72]. However, many domain scientists lack expertise in
computer science, and therefore having di!culties in optimizing their programs because of the
complexity and scale of the underlying machines. Even for experts, finding and fixing performance
problems resulting from program modifications or when porting to a new machine is often time-
consuming. Any progress on automating performance tuning is of great benefit in this domain.

Task-based programming [238, 21, 12, 32, 190, 18] has emerged as a promising approach to high
performance computing. The paradigm involves decomposing computations into independent tasks
that communicate exclusively through their arguments. A key advantage of task-based systems is
that the performance tuning problem is factored out into a separate mapping: an assignment of
tasks to processors and data to particular memories. High-quality mapping, achieved through a
well-designed mapper (implemented as code), can significantly improve performance, often by an
order of magnitude [89].

However, currently writing mappers remains a labor-intensive process, as it requires deep knowledge
of applications, hardware, and low-level system APIs. In addition, this process is highly application-
specific, input-specific, and machine-specific, often taking experts several days of meticulous tuning
to achieve high performance. This challenge is especially pronounced for domain scientists, who
typically lack the necessary expertise in computer systems and code optimization. Automating
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Figure 2.1: Iterative mapper refinement with agent-based generative optimization. The system
leverages the Agent-System Interface, which consists of the Domain-Specific Language (DSL) and
AutoGuide. The DSL abstracts away the low-level system code, defining a search space for mapping
strategies, while AutoGuide interprets execution results into actionable guidance. As iterations
progress, the mapper evolves to improve performance.

mapper development would enable scientists to focus on their own domain of expertise while fully
utilizing the capabilities of high-performance computing systems.

In this chapter, we introduce a system powered by large language models (LLMs) to automate
both the generation and optimization of mapper code. The first challenge stems from the
complexity of generating mapper code due to the original low-level programming system, which exposes
the agent to intricate system APIs, coupled with the problem that raw feedback messages from
the system are often uninformative to the agent. The second challenge involves optimizing mapper
performance. Specifically, it consists of (1) defining an appropriate search space and (2) devising
e!cient methods to find optimal mappers, thereby maximizing parallel program performance.

To address the first challenge, we propose an Agent-System Interface (ASI), as shown in
Figure 2.1, an abstraction layer between the agent and the system that simplifies code generation
and provides more meaningful feedback to the agent. At the core of ASI is a Domain-Specific
Language (DSL), a high-level interface that encapsulates all performance-critical decisions required
to generate a mapper. The DSL abstracts away the complexity of low-level system code with a
compiler. Additionally, the DSL defines a structured search space, enabling systematic exploration
of mapping strategies. We also design and implement the AutoGuide mechanism to interpret raw
execution output into informative and actionable guidance. This mechanism allows the agent to
iteratively optimize the mapper by leveraging enriched feedback to update its strategy.

For the second challenge, we adopt the generative optimization approach, a recent advance in
optimization techniques. Unlike traditional methods such as reinforcement learning [10], which rely
solely on scalar rewards, generative optimization can utilize richer forms of feedback, such as error
explanations and actionable suggestions expressed in natural language. This agentic optimization
workflow has previously proven to be e"ective across various domains [194, 39, 297, 136, 308]. Our
work is the first to apply such technique to the domain of system optimization.
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Our experiments demonstrate that mappers optimized by LLM-powered agents not only match
but often surpass expert-written mappers, achieving up to 1.34→ speedup across nine benchmarks.
Since expert-written mappers set the highest standard, surpassing them is a notable accomplishment.
At the same time, our method significantly reduces mapper tuning time from days to minutes,
making high-performance mapping more accessible to domain scientists. To further highlight the
advantage of generative optimization, we compare it against OpenTuner, a reinforcement learning-
based autotuning framework. Our generative optimizer finds mappers 11→ faster than OpenTuner
when both run for 10 iterations and still maintains a 3.8→ advantage even when OpenTuner runs for
1000 iterations. Furthermore, ablation studies underscore the necessity of the agent-system interface
design in achieving these performance gains. Our contributions are as follows:

1. Design of an Agent-System Interface: We introduce an abstraction layer that simplifies
mapper code generation and provides guidance to the agent. The Domain-Specific Language
(DSL) defines a search space, allowing the agent to explore mapping strategies without dealing
with low-level system code. AutoGuide interprets raw execution output into targeted feedback,
enabling the agent to refine mapper code more e"ectively.

2. Generative Optimization for Systems: We introduce generative optimization to improve
system performance, leveraging richer feedback such as error messages and actionable suggestions
in natural language. Unlike reinforcement learning methods like OpenTuner, which rely solely
on scalar feedback, our method identifies better mappers in far fewer iterations. With only 10
iterations, it outperforms OpenTuner by 3.8→ even after 1000 iterations.

3. Empirical Evaluation of Performance: Our agent-based solution achieves up to 1.34→ speedup
across nine benchmarks, surpassing expert-written mappers while reducing tuning time from days
to minutes. We highlight the critical role of the agent-system interface through ablation studies,
demonstrating its impact on achieving the performance gains.

2.2 Related Work

Mapping in Parallel Programming Many parallel programming systems allow users to make
their own mapping decisions, such as Legion [21], StarPU [12, 11], Chapel [32], HPX [131, 109],
Sequoia [76], Ray [190], TaskFlow [120], and Pathways [18]. Several techniques have been proposed
to automate mapping, including machine learning models [196, 262], static analysis [206, 211],
reinforcement learning [10, 187] and auto-tuning [221]. We use an agent-based approach with LLMs
and explore a larger search space for mappers than traditional methods.

Agentic Frameworks Agents powered by Large Language Models (LLMs) play a critical
role in decision-making, planning, tool integration, and solving complex problems in dynamic
environments [99]. Many agentic frameworks have been developed [305, 281, 148, 114], with uses
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spanning domains such as software engineering [102, 301, 130], robotics [134], healthcare [152],
education [210], and knowledge engineering [223]. Our work is the first to apply an agentic workflow
to iteratively optimize mapper code, improving the performance of parallel programs.

AI for Systems The application of AI to optimize system design has gained significant traction
in recent years. Techniques such as deep learning [314, 319, 317] and gradient-boosted trees [79]
have been used to predict program execution times for performance optimization. Reinforcement
learning methods have addressed challenges in chip floorplanning [186], autotuning [10], auto-
vectorization [104], and compiler phase ordering [105]. While previous e"orts have predominantly
relied on traditional approaches for cost prediction and optimization, our work uses the recent
advances in generative optimization to tackle complex system challenges.

Generative Optimization Recent work has explored the use of LLMs for optimization problems
traditionally tackled with numerical methods, including mixed-integer programming [6, 7] and
numerical optimization [194]. A key advantage of generative optimization is its ability to iteratively
refine solutions using diverse forms of feedback. For example, Trace [39] applies generative optimization
to robotic manipulation and game playing, while TextGrad [308] optimizes prompts and molecular
designs. While reinforcement learning has been applied to system optimization, the potential of
LLM-driven optimization in systems remains unexplored. Our work explores whether generative
optimization with richer feedback outperforms traditional methods using scalar rewards in system
optimization.

2.3 Problem Definition

Motivation and Challenges The concrete problem we address is the automated generation of
high-performance mappers for the Legion parallel programming framework [21]. Mappers dictate task
scheduling and data placement. A well-designed mapper can achieve orders-of-magnitude speedup
over naive strategies.

However, automating mapper generation is challenging due to two key factors. First, the
complexity of low-level system code. Implementing a mapper requires writing hundreds of
lines of intricate C++ code, demanding expertise in system internals. Second, the vast search
space of mapping strategies. The search space grows exponentially with the number of tasks and
arguments.

Search Space and Performance Impact The search space of mappers involves multiple decisions,
each influencing performance. The first key aspect is processor selection, which determines whether
a task runs on GPUs, CPUs, or the OpenMP runtime. This choice depends on factors such as task
size, GPU memory capacity, and kernel launch overhead. For instance, small tasks may prefer CPUs
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1 # Map task0 to GPU.

2 Task task0 GPU;

3
4 # Place certain data onto GPU ZeroCopy.

5 Region * ghost_region GPU ZCMEM

6
7 # Specify layout in memory

8 # (aligned to 64 bytes)

9 Layout * * * C_order SOA Align ==64

10
11 # Define a cyclic mapping strategy

12 def cyclic(Task task):

13 ip = task.ipoint;

14 mgpu = Machine(GPU);

15 node_idx = ip[0] % mgpu.size [0];

16 gpu_idx = ip[0] % mgpu.size [1];

17 return mgpu[node_idx , gpu_idx ];

18
19 IndexTaskMap task4 cyclic

(a) An example mapper in Domain-Specific Language
(DSL)

1 void slice_task(const Task& task ,

2 const SliceTaskInput &input ,

3 SliceTaskOutput &output) {

4 vector <Processor > targets =

5 this ->select_targets_for_task(ctx , task);

6 DomainT <2> space = input.domain;

7 Point <2> num_points =

8 space.bounds.hi - space.bounds.lo + ones;

9 Rect <2> blocks(zeroes , num_blocks - ones);

10 ... // 126 lines of C++ code omitted here
11 for (PointInRectIterator <2> it(blocks); it() != NULL; it++)

12 {

13 DomainT <2,coord_t > slice_space;

14 TaskSlice slice;

15 slice.domain = {slice_lo , slice_hi };

16 slice.proc = targets[index++ % targets.size()];

17 output.slices.push_back(slice);

18 }

19 }

(b) Code snippet from a C++ mapper

Figure 2.2: Comparison of a DSL mapper and a C++ mapper. The DSL’s declarative, high-level
design abstracts away the complexity of low-level C++ code, serving as the core of the Agent-System
Interface. The highlighted boxes illustrate how the same functionality, which requires extensive C++
system code, can be expressed concisely in just a few lines in DSL.

due to the overhead of launching GPU kernels, while tasks with large memory footprints may run on
CPUs when GPU memory is insu!cient.

Another crucial dimension is memory placement, which dictates where data is stored. A
mapper must decide whether to place data in the GPU’s FrameBu"er for fast access, ZeroCopy
memory for CPU-GPU sharing, or CPU system memory for more available storage. Each option
presents trade-o"s between access speed, memory usage, and data transfer overhead.

Additionally, memory layout further expands the search space, with decisions on Struct of Arrays
(SOA) vs. Array of Structures (AOS), data ordering (Fortran-order vs. C-order), and alignment
constraints (e.g., 128-byte alignment) significantly a"ecting cache e!ciency and performance.

Finally, an important idiom in high-performance computing is launching tasks over partitioned
data. Index mapping determines how data partitions and task executions are distributed across
multiple processors. For consistency, we can represent data partitioning as a tensor of data partitions,
the machine as a tensor of processors, and tasks operating on the partitioned data as a tensor of tasks.
The way data and task indices are mapped to processor indices a"ects inter-processor communication,
a key factor in performance [255, 315].

2.4 Our Approach: Agent-System Interface

2.4.1 Domain-Specific Language Design

A key challenge in automating mapper generation with a coding agent is the complexity of low-level
system code, which requires intricate C++ implementations. To address this, we design a high-level
Domain-Specific Language (DSL) as the core of our Agent-System Interface (ASI). The
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Figure 2.3: Agent Optimization Process. The mapper agent takes server specifications and application-
specific information as input, generates mapper code, and executes it alongside the application on
the server. Raw execution feedback is enriched using the AutoGuide mechanism, and the mapper is
iteratively refined by an LLM optimizer to improve performance.

DSL provides a structured search space for mapping strategies while abstracting away low-level
implementation details. Unlike C++, which demands imperative specifications of mapping policies,
our DSL adopts a declarative design, allowing users to specify what to achieve rather than how to
implement it. Most critically, the DSL separates concerns, enabling multiple aspects of mapping
decisions to be expressed independently rather than being entangled in low-level system APIs. This
design reduces code complexity and naturally provides a search space for the agent to explore. To
implement it, we develop a compiler that translates DSL into the low-level C++ APIs.

As illustrated in Figure 2.2, the complexity of DSL code is significantly lower than that of C++.
Figure 2.2a provides an example of a DSL mapper, highlighting the key features of our DSL. In
contrast, Figure 2.2b shows a snippet from a C++ mapper, emphasizing the intricacy of low-level
implementation details. Across the benchmarks, using the DSL results in an average lines of code
reduction of 14→. This substantial reduction makes DSL a more suitable target for LLM code
generation, as it abstracts away the complexities inherent in low-level systems. As we will show in
Section 2.5.2, LLMs generate DSL code more e"ectively, despite DSL having no examples in LLM
training corpora, whereas C++ is widely represented.

Next, we describe the DSL’s design, emphasizing its declarative nature and structured search
space. Section 2.3 details the performance impact of each decision.

The Task statement (Section 2.3) defines processor selection for each task, choosing between
CPU, GPU, or OpenMP. Section 2.3 specifies that instances of task0 should run on GPUs. This
decision is made per task; note that the search space expands exponentially with the number of tasks.

The Region statement (Section 2.3) controls memory placement for data arguments. Sec-
tion 2.3 specifies that all tasks using ghost_region should place the data in GPU ZeroCopy memory.
Other choices include GPU FrameBu"er memory and CPU System Memory. This decision is made
per task and per argument, causing the search space to grow exponentially.
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Case Raw Execution Output AutoGuide
Explain Suggest

case1
Compile Error: Syntax error,

unexpected :, expecting { N/A There should be no colon : in
function definition.

case2
Compile Error: IndexTaskMap’s

function undefined N/A Define the IndexTaskMap
function first before using it.

case3 Compile Error: mgpu not found N/A Include mgpu = Machine(GPU);

in the generated code.

case4

Execution Error: Assertion
failed: stride does not match

expected value.

Memory layout
is unexpected.

Adjust the layout constraints or
move tasks to di"erent

processor types.

case5

Execution Error: DGEMM
parameter number 8 had an illegal

value

Memory layout
is unexpected. Adjust the layout constraint.

case6
Execution Error: Slice processor

index out of bound

IndexTaskMap
statements
cause error.

Ensure that the first index of
mgpu ends with %

mgpu.size[0], and the second
element ends with %

mgpu.size[1].

case7
Execution Error: Assertion

‘event.exists()’ failed

InstanceLimit
statements
cause error.

Avoid generating InstanceLimit
statements.

case8
Performance Metric: Execution

time is 0.03s. N/A Move more tasks to GPU to
reduce execution time.

case9
Performance Metric: Achieved

throughput = 4877 GFLOPS N/A

Try using di"erent
IndexTaskMap or

SingleTaskMap statements to
maximize throughput.

Table 2.1: AutoGuide Feedback Mechanism. The AutoGuide mechanism interprets raw execution
output from the runtime system, providing more informative error explanations and suggestions for
mapper modifications. It is implemented via keyword matching.

The Layout statement (Section 2.3) defines memory layouts. Section 2.3 enforces a C_order

axis ordering, an SOA layout, and a 64-byte memory alignment for all data used by all tasks mapped
to all processors. Alternative choices include F_order, AOS, and various alignment strategies. This is
a per-task, per-data, per-processor decision.

The IndexTaskMap statement (Section 2.3) controls index mapping using a customized function.
Section 2.3 defines the mapping function that establishes the correspondence between two index
spaces: the task index space (represented by task.ipoint) defined in the application code (e.g., for
loops) and the processor space of the distributed machine (represented by Machine(GPU)). The DSL
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allows users to express arbitrary arithmetic mappings between the two index spaces. This decision
applies to each task group launched by parallel for loops.

Our DSL is designed to express a wide range of high-performance mapping strategies, including all
of the most important decisions. While there may be cases where certain optimizations are not directly
expressible, we have not encountered any. Despite being more constrained than general-purpose
C++, the DSL has been proven to be e"ective: all mappers discovered by our agent that outperform
expert-written C++ implementations are expressible within the current DSL.

2.4.2 Generative Optimization via AutoGuide

We formulate mapper generation as an online optimization problem. Given a triplet (!,ω, T ),
where ! is a set of possible mappers, ω is an optimization objective, and T is a function that
takes a mapper ε ↑ ! as input, (f, g) = T (ε) and returns f , the feedback from executing the
mapper (i.e., the measured performance after running the application code with the generated
mapper), and g, the process graph tracing how the mapper was generated. In our setup, mapper
performance is deterministic, as we carefully control all sources of randomness in the environment. If
the parameter space were numerical, this online optimization problem could be addressed using bandit
algorithms [144], reinforcement learning [245], or Bayesian optimization [239], but these methods are
less e!cient when the parameter search space is large and discrete (i.e., text).

In this online optimization problem, we leverage the DSL to structure the parameter space to
improve the e!ciency of optimization. Here, ε represents the program code, while ω and f are
expressed as text. We adopt generative optimization, leveraging LLMs as optimizers given the
objective in text form. This emergent optimization behavior has been recently observed and applied
across various domains [298, 39, 308, 201].

Optimization Process We present the optimization process in Figure 2.3. The agent takes two
inputs: server specifications and application metadata. Server specifications detail the hardware
configuration, including the number of CPUs and GPUs per node, as well as the total node count.
Application metadata provides information on task names and the associated data arguments
accessed by each task. These inputs define the structured search space explored by the agent during
optimization. The agent, using the given inputs, generates mapper code that is executed alongside
the application code on the server. Raw execution feedback from the runtime is augmented with the
AutoGuide mechanism and fed back to the LLM, iteratively refining the agent for improved mapper
code generation.

Coding Agent Our mapper agent improves mapping decisions by iteratively generating DSL code.
A high-level schema of the mapper agent is shown in Figure 2.3. The mapper agent is implemented
as a Python program in the Trace [39] framework, where we decompose the task of generating a
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Figure 2.4: Performance Comparison. Normalized throughput for 9 benchmarks, comparing expert
mappers, random mappers, the average optimization trajectories of Trace, OPRO, and OpenTuner
in 10 iterations across 5 runs, and the best mappers found by Trace.

Figure 2.5: Comparison of Trace (generative optimizer) and OpenTuner (traditional RL) over 1K
iterations (averaged across all 9 benchmarks).

monolithic mapper into independent code segments. This decomposition allows the agent to decide
what code to generate for each segment separately. This approach is e"ective because our DSL design
eliminates unnecessary dependencies between mapping decisions. Our modularization strategy aligns
with least-to-most prompting [321].
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AutoGuide The AutoGuide feedback mechanism is designed based on three key motivations:
(1) generative optimization benefits from natural language feedback rather than relying solely on
scalar values, (2) raw execution output from the runtime system is often too uninformative to
e"ectively guide the agent’s decisions, and (3) domain heuristics known to systems researchers can be
naturally expressed in language (e.g., most tasks run faster on GPUs than CPUs). To address these
needs, AutoGuide helps the agent by explaining opaque error messages and suggesting mapper
modifications. As shown in Table 2.1, it interprets uninformative execution output into actionable
insights. The implementation relies on keyword matching over the raw execution output. An ablation
study in Section 2.5.3 demonstrates its e"ectiveness in our experiments.

2.5 Evaluation

Experiments are conducted on one node with two Intel 10-core E5-2640 v4 CPUs, 256G main memory,
and four NVIDIA Tesla P100 GPUs. We use gpt-4o-2024-08-06.

2.5.1 Speedup of Application Performance

Benchmarks Our evaluation utilizes a suite of 9 benchmarks, including 3 scientific computing
workloads and 6 well-known matrix multiplication algorithms. Circuit is a simulation benchmark that
models electrical circuit behavior by simulating currents and voltages across interconnected nodes and
wires [21]. Stencil simulates a 2D grid where each point’s value is updated based on a stencil pattern
determined by its neighbors [257]. Pennant models unstructured mesh Lagrangian staggered-grid
hydrodynamics, commonly used for simulating compressible flow [82]. The remaining six benchmarks
– Cannon’s, SUMMA, PUMMA, Johnson’s, Solomonik’s, and COSMA – are well-known parallel matrix
multiplication algorithms [29, 256, 40, 4, 240, 140]. Parallel matrix multiplication remains an active
research topic due to its central role in high-performance computing and scientific simulations [291].
Furthermore, improving matrix multiplication performance has a broad impact, as it accelerates
numerous downstream machine learning workloads [125, 318]. This benchmark suite provides both
depth with its representative matrix multiplication algorithms and variety with its range of scientific
computing workloads.

In this experiment, we evaluate the performance of the mappers with the following baselines.
Expert-Written Mappers. These mappers are manually developed by domain scientists who

spend years mastering computational science. Writing mappers in parallel programming frameworks
is another challenge, and tuning them for specific applications can take days.

Randomly Generated Mappers. These mappers were randomly generated with 10 di"erent
random seeds, sampling from the entire search space of each application. We report the average
performance.

Agent-Optimized Mappers. Using Trace [39], we evaluated the Trace and OPRO [297] search
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Code Generation Target Mapping Strategy Success Rate1 2 3 4 5 6 7 8 9 10

C++ (single trial) ✁ – – ✁ – – ✁ ✁ – – 0%
DSL (single trial) ↭ ↭ ↭ ↭ ↭ – ↭ ↭ ↭ – 80%

C++ (iterative refine) ✁ – – ✁ ✁ ✁ ✁ ✁ ✁ ✁ 0%
DSL (iterative refine) ↭ ↭ ↭ ↭ ↭ ↭ ↭ ↭ ↭ ↭ 100%

Table 2.2: Code Generation Success Rates. Success rates for generating code across 10 mapping
strategies described in natural language. The test evaluates whether the generated code compiles
and passes execution tests. Generating DSL code significantly outperforms generating C++ for both
settings. Symbols indicate results: – fails to compile, ✁ compiles but fails the test, and ↭ passes the
test.

algorithms, running 10 iterations per application. To account for stochastic output, we repeated the
process 5 times and report the average. The best mapper from Trace across runs is also reported.

OpenTuner Mappers. OpenTuner [10] is a program autotuning framework that uses reinforce-
ment learning to optimize performance based on scalar feedback. We provided execution time as
feedback, with a high penalty for failures.

Results In Figure 2.4, we use normalized throughput as our performance metric, where higher values
indicate better performance. The throughput is normalized relative to the expert-written mappers,
providing a clear baseline for comparison. Our focus is on measuring end-to-end performance, which
includes both the correctness and e!ciency of the generated mappers. If the generated code has
any syntax or runtime issues, its throughput is recorded as 0. We report the best mappers found by
Trace, and the average optimization trajectories of Trace, OPRO and OpenTuner over 10 iterations
across 5 runs.

All the best mappers found by Trace can match or surpass the expert-written mappers,
underscoring the e"ectiveness of agent-based generative optimizer. In our context, reporting the
best-performing mapper is appropriate. Mapper optimization is an o#ine process, and in practice,
it is standard to run the optimizer multiple times and deploy the best result. Once identified, the
mapper can be reused across repeated executions on the same application, input, and hardware,
incurring no further search cost.

Random mappers consistently exhibit low performance across all applications, emphasizing the
critical role of mapping decisions. For each application, we generate 10 random mappers by sampling
from the full DSL-defined search space, totaling 90 mappers across 9 applications. Among them,
74 (82.2%) raise runtime errors due to invalid mapping decisions. The runtime system enforces
correctness by rejecting such mappers during execution, resulting in a throughput of 0.

When comparing optimization trajectories, Trace performs similarly to OPRO, and significantly
outperforms OpenTuner. To further compare the agent-based optimizer with traditional reinforcement
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learning, we extended OpenTuner’s optimization iterations from 10 to 1000, as shown in Figure 2.5,
where the x-axis is the log-scale of iterations and the y-axis represents relative throughput (averaged
across all 9 benchmarks). Notably, Trace achieves a 3.8→ speedup over OpenTuner even when
OpenTuner is run for 1000 iterations. When both are limited to 10 iterations, Trace outperforms
OpenTuner by 11→, demonstrating its ability to quickly identify high-performance mappings. This
highlights the superiority of Trace (generative optimizer) over OpenTuner (traditional
reinforcement learning). Moreover, Trace completes the entire optimization process in just 10
minutes per application, reducing mapper development time from days to minutes.

To o"er a more comprehensive view of performance variations, we present additional statistics,
including the mean, standard deviation, worst, median, and best normalized throughput for both our
method and OpenTuner. These statistics are derived from five runs for each benchmark.

Case Analysis The largest performance gain achieved by Trace over the expert mapper is observed
in Circuit, with a speedup of 1.34→. This improvement is primarily due to memory placement : the
best mapper allocates two data collections to GPU FrameBu"er memory, while the expert mapper
places them in GPU ZeroCopy memory. Despite a slight increase in inter-GPU communication
costs, Trace reduces task execution time due to faster memory access, resulting in higher overall
performance. For matrix-multiplication algorithms, the greatest speedup is seen in COSMA, with
Trace achieving a 1.31→ speedup over the expert mapper. This is attributed to Trace’s more e!cient
index mapping functions, which reduce inter-GPU communication by better distributing partitioned
submatrices across GPUs.

2.5.2 Ablation Study of DSL for Code Generation

In Section 2.5.1, we demonstrate the overall e"ectiveness of our approach. Here, we conduct an
ablation study on the DSL, the core of the Agent-System Interface. Since successful generation is the
foundation of optimization, this subsection focuses on how well the DSL helps LLMs generate
syntactically and semantically correct mappers compared to C++, rather than directly
optimizing performance.

Experiment Setup We designed 10 mapping strategies, described in natural language, to evaluate
whether LLMs can generate correct code in both the DSL and the original low-level C++. To ensure
a fair comparison, identical prompt materials (documentation, examples, and starting code) were
provided for both the DSL and C++. Success rates are measured based on whether the generated
code passes predefined test cases, with results reported for single trials and iterative refinement,
where the LLM is allowed up to 10 iterations to improve the code using compiler feedback. The
evaluation is conducted with the DSPy [136] framework.
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Figure 2.6: Comparison of di"erent feedback designs. 0-Shot and 5-Shot are baselines. Execution
provides only the raw execution output as feedback. Explain provides additional explanations of
execution errors. Suggest o"ers mapper modification suggestions. All feedback is automatically
generated.

Results Table 2.2 shows that DSL achieves significantly higher generation success rates
than C++ in both the single-trial and iterative refinement settings. This demonstrates the
e"ectiveness of DSL’s design in abstracting system complexity and providing a high-level interface
that enables LLMs to tackle complex system challenges in code generation. Incorporating iterative
refinement with compiler feedback further improves success rates, resolving four compilation errors
in C++ and two in the DSL. However, the gap between DSL mappers and C++ mappers remains
substantial. Notably, these results are striking given that the DSL is a low-resource language with no
pre-training or fine-tuning data, while C++ code is widely present in LLM training corpora.

Analysis LLMs perform better with the DSL for two reasons. First, the semantic gap between
natural language and code is smaller with the DSL than with C++. For example, writing a mapper
to “align all data to 64 bytes in memory and use Fortran ordering” requires one line Layout * * *

Align==64 F_order in the DSL because of its declarative design. In contrast, the C++ mapping
API requires a sequence of operations to enforce alignment and ordering, which widens the semantic
gap. Second, the DSL reduces the amount of code. As discussed before, LLMs achieve an average
reduction of 14→ in lines of code, simplifying code generation. These results underscore the importance
of a high-level agent-system interface.

2.5.3 Ablation Study of the AutoGuide Feedback

The AutoGuide mechanism provides enriched feedback to the agentic optimizer. We compare with
alternative feedback designs.

Experiment Setup We compare the following baselines. 0-shot and 5-shot have no feedback,
allowing the LLM to generate once with either 0 or 5 examples provided. Execution only provides
raw execution feedback, Explain o"ers additional explanations for execution errors, and Suggest
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o"ers mapper modification suggestions. The Trace trajectory shown in Figure 2.4 uses the full
AutoGuide mode with all Execution+Explain+Suggest. As an ablation study, we evaluate 3
benchmarks.

Results and Analysis Figure 2.6 demonstrates that the full feedback mechanism consistently
outperforms all reduced feedback variants. The 0-shot and 5-shot results perform the worst,
underscoring the importance of feedback-based iterative refinement. This highlights the value of an
agentic workflow, showing that performance improvements are not solely driven by prompting the
LLM but are a direct result of the iterative refinement in the workflow design.

2.6 Conclusion

In this chapter, we introduced a system that leverages LLMs to automate mapper generation and
optimization. The Agent-System Interface (ASI) simplifies code generation with a Domain-Specific
Language (DSL), which abstracts away the low-level complexity of system code, and enriches execution
feedback through AutoGuide, which interprets raw execution output into actionable guidance. We
adopted generative optimization, allowing LLMs to refine mappers using rich textual feedback beyond
scalar metrics. Unlike RL-based methods like OpenTuner, which rely on numerical rewards, our
approach incorporates error explanations and targeted suggestions, accelerating search e!ciency.
Experiments show that agent-generated mappers outperform expert-written ones, achieving up to
1.34→ speedup across nine benchmarks. Our method, running only 10 iterations, maintains a 3.8→

advantage over OpenTuner even after 1000 iterations. By reducing mapper development time from
days to minutes, our approach benefits computational scientists and demonstrates the e"ectiveness
of generative optimization in system design.



Chapter 3

Optimizing Assembly Programs with

Language Models

3.1 Introduction

Superoptimization is the task of transforming a program into a faster one while preserving its
input-output behavior. In this chapter, we investigate whether large language models (LLMs) can
perform superoptimization by generating assembly code that surpasses the performance of compiler
outputs.

Decades of research have tackled the problem of code optimization, giving rise to two main
approaches. The first develops better algorithms for rule-based transformations in compilers [275].
However, given the vast space of possible transformations, compiler-optimized code is not guaranteed
to be optimal and often leaves performance untapped [30, 250]. The second, superoptimization,
develops search algorithms that directly explore the space of all possible programs, aiming to discover
the correct variant with the best performance rather than relying on a fixed set of transformation
rules [216].

Superoptimization is an aggressive form of program optimization that can outperform compiler-
optimized code, yet existing literature has focused on very short, straight-line assembly programs
without loops. Prior work has primarily relied on CPU-based search heuristics, which fail to
scale to larger programs [216, 205, 137]; available datasets include at most 15 lines of straight-line
assembly [138].

In this chapter, we explore the use of LLMs as a superoptimizer to improve the performance
of assembly code. In contrast to most prior work on code generation from natural language [34,
13, 110, 323], we tackle a fundamentally di"erent and more technically demanding task: improving
assembly code that has already been optimized by the industry-standard compiler at its highest

20
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#include <stdio.h>
int main() {
  int a, b;
  scanf("%d", &a);
  ...
}

call  scanf@PLT
mov   eax, [rsp+8]
add   eax, [rsp+4]
call  printf@PLT
...

Test 1

...
Test 2

Test n

call  scanf@PLT
mov   eax, [rsp+8]
add   eax, [rsp+4]
jmp   printf@PLT
...

gcc -O3 Assembly Correctness

SpeedupLLM

C Code

LLM optimized
assembly 

RewardUpdate Weights

Executable 

Executable 

PPO / GRPO

Figure 3.1: Overview of the assembly code optimization task. Given a C program and its baseline
assembly from gcc -O3, an LLM is fine-tuned with PPO or GRPO to generate improved assembly.
The reward function reflects correctness and performance based on test execution.

optimization level (gcc -O3). Compilers have been refined over decades of expert-driven development,
and surpassing them remains a central challenge in programming languages, as compilers form the
foundation of all software.

Unlike high-level programming languages (e.g., Python or C), large-scale, high-quality assembly
datasets are scarce. As the first study in this direction, we construct a dataset of 8,072 assembly
programs. Each instance includes input–output test cases and baseline assembly generated by the
compiler at its highest optimization level (gcc -O3), which serves as the starting point for further
optimization. In contrast, the datasets commonly used in the superoptimization community [263,
216, 138] are either extremely limited in size, containing only 25 programs, or consist of toy examples
with 2 to 15 instructions without loops. Our dataset is substantially larger, with assembly programs
averaging 130 lines and including loops. Our test suites achieve 96.2% line and 87.3% branch coverage,
demonstrating strong test quality. Our dataset represents a substantial step forward in scale for
evaluating superoptimization techniques.

Beyond evaluating existing models, we also apply reinforcement learning (RL) for fine-tuning
to further enhance their capabilities. We use widely adopted algorithms, including Proximal Policy
Optimization (PPO) and Group Relative Policy Optimization (GRPO), to train an LLM with a
reward function that integrates both correctness and performance speedup. Prior work on LLM-based
performance optimization has explored alternative methodologies such as supervised fine-tuning [233],
chain-of-thought prompting [169], agent-based frameworks [265, 266], and preference learning [64].
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Our approach optimizes speedup explicitly in the reward function, making reinforcement learning
well-suited to superoptimization. To our knowledge, this is among the first applications of reward-
based RL to LLMs for code performance optimization, with correctness and speedup jointly encoded
in the objective.

We evaluate 23 LLMs on this task and find that the best-performing model, Claude-opus-4,
achieves a 51.5% test-passing rate and an average speedup of 1.43× over the compiler-optimized
baseline (gcc -O3). Our reinforcement learning approach is highly e"ective: starting from the base
model Qwen2.5-Coder-7B-Instruct, which achieves 61.4% correctness and a modest 1.10× speedup,
the fine-tuned model SuperCoder attains 95.0% correctness and 1.46× average speedup, with further
improvement enabled by Best-of-N sampling and iterative refinement.

In summary, our contributions are as follows:

• We are the first to introduce superoptimization as a task for LLMs, a technically demanding
challenge that aims to improve assembly code already optimized by industry-standard compilers.

• We construct the first large-scale dataset of 8,072 assembly programs, averaging 130 lines. This
far surpasses prior loop-free datasets under 15 lines and marks a substantial step forward in
scale and realism for evaluating superoptimization techniques.

• We evaluate 23 LLMs on the benchmark and show that RL-based training substantially improves
performance: fine-tuning Qwen2.5-Coder-7B-Instruct (61.4% correctness, 1.10× speedup) results
in SuperCoder with 95.0% correctness and 1.46× speedup, with further gains enabled by Best-
of-N sampling and iterative refinement.

3.2 Related Work

Large Language Models for Code. Benchmarks for evaluating large language models (LLMs)
on code generation from natural language specifications have received increasing attention. Notable
examples include HumanEval [34], MBPP [13], APPS [110], and more recent e"orts [167, 149, 284, 323].
In parallel, many models have been developed to enhance code generation capabilities, such as
Codex [34], AlphaCode [157], CodeGen [195], InCoder [87], StarCoder [153], DeepSeek-Coder [98],
Code Llama [213], and others [121, 270]. Beyond code generation, LLMs have been applied to
real-world software engineering tasks including automated program repair [287, 286], software
testing [285, 59], bug localization [298], transpilation [303, 23], equivalence checking [264], and
synthesis [267]. SWE-bench [128] integrates these tasks into a benchmark for resolving real GitHub
issues. Building on this, SWE-agent [301] and subsequent works [283, 273] employ an agent-based
framework that leverages LLMs to improve the issue resolution process.

Recent work has also explored LLMs for improving program performance. CodeRosetta [249]
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targets automatic parallelization, such as translating C++ to CUDA. Other e"orts focus on opti-
mizing Python code for e!ciency [64, 169] or enabling self-adaptation [116], and improving C++
performance [233]. Of particular relevance are approaches to low-level code optimization [265, 197].
The LLM Compiler foundation models [51, 52] are primarily designed for code size reduction and
binary disassembly, whereas our work focuses on optimizing assembly code for performance. LLM-
Vectorizer [247] o"ers a formally verified solution for auto-vectorization, a specific compiler pass. In
contrast, our work does not restrict the optimization type and uses test-case validation.

Learning-Based Code Optimization. The space of code optimization is vast, and many ap-
proaches have leveraged machine learning to improve program performance. A classic challenge
in compilers is the phase-ordering problem, where performance depends heavily on the sequence
of optimization passes. AutoPhase [105] uses deep reinforcement learning to tackle this, while
Coreset [158] employs graph neural networks (GNNs) to guide optimization decisions. Modern
compilers apply extensive rewrite rules but o"er no guarantee of optimality. Superoptimization
seeks the most e!cient program among all semantically equivalent variants of the compiler output.
Traditional methods use stochastic search, such as MCMC sampling [216], with follow-up work
improving scalability [205, 27] and extending to broader domains [229, 43]. These rely on formal
verification for correctness, restricting them to small, loop-free programs. In contrast, our approach
uses test-based validation, enabling optimization of general programs with loops. With the rise of
deep learning, substantial attention has turned to optimizing GPU kernel code. AutoTVM [37]
pioneered statistical cost model-based search for CUDA code optimization, followed by methods such
as Ansor [314], AMOS [317], and others [222, 313, 280].

More recently, LLMs have been explored as code optimizers [233, 93, 265, 269, 266], with growing
interest in reinforcement learning that guides generation through reward signals [63, 273]. Rewards
are often derived from unit-test correctness [146, 232, 165] or binary preference signals [166, 64].
To our knowledge, this is among the first works to apply reinforcement learning to optimize code
performance with LLMs, with concurrent e"orts exploring CUDA kernel optimization [156, 20].

3.3 Methodology

3.3.1 Task Definition

Let C be a program written in a high-level language such as C. A modern compiler like gcc can
compile C into an x86-64 assembly program P = gcc(C), which can then be further assembled into
an executable binary. The assembly program P serves as an intermediate representation that exposes
low-level optimization opportunities, making it suitable for aggressive performance improvement.
We assume the semantics-preserving nature of the compilation process, i.e., !C" = !P ", so that the
behavior of the assembly program P is identical to that of the source program C.
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In theory, the goal is to produce a program P → that is functionally equivalent to P across the
entire input space X , i.e., P (x) = P →(x) for all x ↑ X . Since verifying this property is undecidable in
general, we approximate equivalence using a finite test set T = {(xi, yi)}ni=1, where each input-output
pair (xi, yi) captures the expected behavior of C.

We say that an assembly program P → is valid if it can be successfully assembled and linked into
an executable binary. Let valid(P →) ↑ {True, False} denote this property. Based on all that we said
above, we define the set of correct programs as:

S(P ) = {P →
| valid(P →) ↓ ↔(xi, yi) ↑ T , P →(xi) = yi} .

Performance and Speedup. Let t(P ) denote the execution time of P on the test set T , and
let t(P →) be the corresponding execution time for P →. The speedup of P → relative to P is defined as
follows. If the LLM-generated program is invalid or slower, we fall back to the baseline and assign a
speedup of 1.

Speedup(P →) =






t(P )
t(P →) if P →

↑ S(P ) and t(P →) < t(P ),

1 otherwise.

Optimization Objective. The objective is to generate a candidate program P → that maximizes
Speedup(P →). Only programs in S(P ) are eligible for speedup; any candidate that fails to compile
into a binary or produces incorrect outputs is assigned a default speedup of 1. This reflects a practical
fallback: when the generated program is invalid, the system can revert to the baseline P , compiled
with gcc -O3, which defines the 1× reference performance. Although S(P ) captures the correctness
criteria, we do not restrict the LLM to generate only valid programs. Instead, the model produces
arbitrary assembly code, and correctness is validated post hoc via compilation and test execution.
We train an LLM using reinforcement learning (see Section 3.3.3) to generate candidates that both
satisfy correctness and achieve performance improvements.

3.3.2 Dataset Construction

We construct our dataset using C programs from CodeNet [208], a large-scale corpus of competitive
programming submissions. CodeNet is a well-established and widely used benchmark in the AI-for-
code community [157, 233]. Each dataset instance is a tuple (C,P, T ), where C is the original C
source code, P = gcc(C) is the corresponding x86-64 assembly generated by compiling C with gcc at
the -O3 optimization level, and T = {(xi, yi)}ni=1 is the test set. Since not all CodeNet problems
include test inputs, we adopt those provided by prior work [157] to define xi, but discard their output
labels. Instead, we regenerate each output yi by executing the original submission on input xi, as
many CodeNet programs are not accepted solutions, and even accepted ones do not reliably pass all
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test cases.
Given the scale of CodeNet, which contains over 8 million C and C++ submissions, we sample a

subset for this study. To focus on performance-critical cases, we sample programs that exhibit the
highest relative speedup from gcc -O0 (no optimization) to gcc -O3 (maximum optimization). Such
a strategy serves two purposes: (1) it favors programs with complex logic that lead to suboptimal
performance under -O0 and can be e"ectively optimized by -O3, and (2) it creates a more challenging
setting by starting from code that has already benefited from aggressive compiler optimizations.
The final dataset consists of 7,872 training programs and 200 held-out evaluation programs, with
additional statistics provided in Section 3.4.

3.3.3 Reinforcement Learning

We conceptualize our task as a standard contextual multi-armed bandit problem [175], defined by
a context space S, an action space A, and a reward function r : S →A ↗ R. Each context s ↑ S

represents a problem instance, comprising the source program C, its baseline assembly P , and the
associated test cases T . An action a ↑ A corresponds to generating a candidate assembly program P̃ .
The reward function r(s, a) evaluates the quality of the generated program based on correctness and
performance. We will describe di"erent designs of the reward function later. A policy ϑ : S ↗ ”(A)

maps a context s to a probability distribution over actions and samples an action a ↑ A stochastically.
Given a distribution µ over problem instances, the expected performance of a policy ϑ under reward
function r is expressed as Es↑µ,a↑ω(·|s) [r(s, a)]. The objective is to find a policy that maximizes this
expected reward.

Optimization with PPO and GRPO. We train the policy using two policy-gradient algorithms:
Proximal Policy Optimization (PPO) [218] and Group Relative Policy Optimization (GRPO) [225].
PPO stabilizes training by constraining each update to remain close to the previous policy. It
maximizes a clipped surrogate objective of the form Es,a

[
min

(
ϖ(ε)Â, clip(ϖ(ε), 1↘ ϱ, 1 + ϱ) Â

)]
,

where ϖ(ε) = ϑε(a | s)/ϑεold(a | s), Â is the estimated advantage, and ϱ controls the clipping range.
GRPO, in contrast, compares rewards among a group of sampled outputs and assigns a higher
likelihood to relatively stronger ones, e"ectively normalizing advantages without requiring a value
function. In both algorithms, rewards are based on the correctness and execution time of the
generated program, eliminating the need for a separate reward model.

Reward Function Design. As defined in our contextual bandit setup, the reward function
r : S →A ↗ R assigns a scalar score to each (context, action) pair. Each context s ↑ S consists of
the source program C, the baseline assembly P , and a test set T = {(xi, yi)}ni=1. An action a ↑ A

corresponds to a generation procedure that produces a candidate assembly program P̃ = gen(a).
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We define two auxiliary metrics for computing reward:

pass(s, a) = 1
|T |

∑

(x,y)↓T

1[P̃ (x) = y],

speedup(s, a) = t(P )/t(P̃ ),

which denote the fraction of test cases passed and the speedup of the generated program P̃ relative
to the baseline P . We use the following reward function during training:

r(s, a) =






0, if pass(s, a) < 1,

speedup(s, a), if pass(s, a) = 1.

If a generated program fails to compile or does not pass all tests, its reward is set to 0, with no
partial credit for partial correctness. Only when the code compiles and passes all tests is a positive
reward assigned, equal to the achieved speedup.

3.3.4 Best-of-N Sampling, Supervised Fine-Tuning, and Iterative Refine-

ment

Best-of-N Sampling. Generating multiple candidate programs and selecting the strongest one is
a well-established strategy for improving code generation quality [157, 68]. In our setting, the best
candidate refers to the program that is correct while achieving the fastest execution time. Best-of-N
sampling is an inference-time technique that can boost performance, but it incurs additional cost
because each candidate is tested at runtime.

Supervised Fine-Tuning. To obtain training targets for supervised fine-tuning, we require
reference solutions to the superoptimization task. However, superoptimization is inherently open-
ended: beyond the compiler baseline, there is no unique ground-truth program, and multiple distinct
solutions may exist. We apply best-of-8 sampling with the base model and treat the highest-quality
candidate for each instance as the ground truth. We then fine-tune the model using LoRA [115].

Iterative Refinement. Iterative refinement is a complementary inference-time technique that can
be applied to any model to further improve its outputs. After each trial, we feed back the model’s
previous attempt: if the generated program fails to compile or fails any test cases, we include the
corresponding compiler errors or test failures in the next prompt; if the model produces a correct
program, we also include that successful attempt as part of the prompt.
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Split # Prog. Avg. Tests Avg. LOC
C Assembly

Training 7,872 8.86 22.3 130.3
Evaluation 200 8.92 21.9 133.3

Table 3.1: Dataset statistics across training and evaluation splits. LOC = lines of code.

3.4 Experimental Setup

Dataset. We describe our dataset construction approach in Section 3.3.2. Each instance consists
of a C source program C, the corresponding gcc -O3 compiled assembly P , and a set of test cases T

for correctness evaluation. The final dataset contains 7,872 training programs and 200 evaluation
programs, with average program lengths and test case counts summarized in Section 3.4, and
additional analysis below.

Test Coverage. Our dataset includes test cases for every program. Rather than relying directly on
the original submissions, we re-run each program on its inputs to generate correct outputs, thereby
fixing errors in prior datasets. The resulting test suites of our evaluation dataset achieve an average
of 96.2% line coverage and 87.3% branch coverage, demonstrating high test quality.

Speedup by Compilers. We quantify compiler optimizations by comparing gcc -O0 with gcc -O3
on the evaluation dataset and observe a mean speedup of 2.65×. This demonstrates the substantial
e"ect of compiler optimizations and confirms that performance improvements in our dataset are
measurable. Building on this baseline, we investigate whether LLMs can further enhance performance
beyond the 2.65× speedup provided by the compiler.

Prompts. For each instance, we construct a prompt that includes the original C program along
with the generated assembly using gcc -O3. Test cases are withheld from the model.

Metrics. We evaluate each model using both correctness and performance metrics. Compile
pass is the percentage of problems for which the generated assembly compiles to binary executable
successfully, while test pass is the percentage of problems where the compiled code passes all test
cases. For a given problem, any single failed test case is considered a failure for the test pass metric.
Both metrics are computed across the entire validation set. For performance, we measure the relative
speedup over the gcc -O3 baseline. As defined in Section 3.3.1, we assign a default speedup of 1× to
any candidate that fails to compile, fails any test case, or is slower than the baseline. This reflects
the practical setting where a system can fall back to the gcc -O3 output, resulting in no performance
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gain. We report the 25th, 50th (median), and 75th percentiles of speedup to capture distributional
behavior, along with the average speedup over the entire evaluation set.

Models. We evaluate 23 state-of-the-art language models spanning a diverse range of architectures.
Our benchmark includes frontier proprietary models such as gpt-4o [3], o4-mini, gemini-2.0-flash-
001 [248], and claude-3.7-sonnet, as well as open-source families such as Llama [252], DeepSeek [160],
and Qwen [121]. In addition, we include models distilled from DeepSeek-R1 [97] based on Qwen
and Llama. Finally, we evaluate recent compiler-oriented foundation models [51, 52], pretrained
on assembly code and derived from Code Llama, with a design focus on compiler tasks (listed as
llm-compiler in Table 3.2). All open-source models are instruction-tuned.

Performance Measurement. To ensure an accurate performance evaluation, we use hyperfine [1],
a benchmarking tool that reduces measurement noise by performing warmup runs followed by repeated
timed executions. For each program’s execution, we discard the first three runs and report the
average runtime over the next ten runs.

Implementation. We implement our customized reinforcement learning reward functions within
the verl framework [230], which enables fine-tuning of LLMs using PPO and GRPO. As part of this
setup, we build a task-specific environment that handles program compilation, test execution, and
runtime measurement, as detailed in Section 3.3.3. This environment provides the model with direct
scalar feedback based on both functional correctness and execution performance.

Training Configurations. Among all evaluated models (see Table 3.2), we select Qwen2.5-Coder-
7B-Instruct for training due to its strong correctness results and substantial room for performance
improvement, while intentionally avoiding compiler-specific foundation models to preserve generality.
Training is performed on a single node with four A100 GPUs.

3.5 Results

3.5.1 Evaluation of Di!erent Models

Main Results. Table 3.2 reports results across evaluated models. Most perform poorly on this task,
with only a few demonstrating e"ectiveness as superoptimizers. Most models struggle to generate
performant assembly: the majority yield only 1.00× speedup, with low compile and test pass rates.
Among all models, claude-opus-4 and claude-sonnet-4 perform best, achieving average speedups
of 1.43× and 1.30×, respectively. Compiler foundation models (prefixed with llm-compiler-) are
pretrained on assembly code and compiler IRs. Among them, llm-compiler-13b achieves a notable
1.34× speedup, whereas the fine-tuned variants (-ftd) perform poorly, likely because they were
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Model
Compile

Pass

Test

Pass

Speedup Percentiles Average

Speedup25th 50th 75th

DS-R1-Distill-Qwen-1.5B 0.0% 0.0% 1.00× 1.00× 1.00× 1.00×
DeepSeek-R1 0.0% 0.0% 1.00× 1.00× 1.00× 1.00×
DS-R1-Distill-Llama-70B 5.5% 0.0% 1.00× 1.00× 1.00× 1.00×
DS-R1-Distill-Qwen-14B 11.5% 0.5% 1.00× 1.00× 1.00× 1.00×
gpt-4o-mini 44.5% 1.0% 1.00× 1.00× 1.00× 1.00×
Llama-4-Maverick-17B 77.5% 7.0% 1.00× 1.00× 1.00× 1.02×
Llama-3.2-11B 84.0% 21.0% 1.00× 1.00× 1.00× 1.02×
gpt-4o 81.0% 5.0% 1.00× 1.00× 1.00× 1.02×
Llama-4-Scout-17B 68.5% 5.5% 1.00× 1.00× 1.00× 1.02×
o4-mini 25.0% 4.5% 1.00× 1.00× 1.00× 1.02×
gemini-2.0-flash-001 57.5% 4.0% 1.00× 1.00× 1.00× 1.03×
Qwen2.5-72B 59.5% 7.5% 1.00× 1.00× 1.00× 1.03×
Llama-3.2-90B 82.5% 15.0% 1.00× 1.00× 1.00× 1.05×
Qwen2.5-Coder-7B 77.9% 61.4% 1.00× 1.00× 1.00× 1.10×
gpt-5 78.5% 6.0% 1.00× 1.00× 1.00× 1.13×
DeepSeek-V3 94.0% 43.0% 1.00× 1.00× 1.40× 1.21×
claude-3.7-sonnet 94.5% 58.5% 1.00× 1.10× 1.45× 1.22×
claude-sonnet-4 87.0% 37.0% 1.00× 1.00× 1.95× 1.30×
claude-opus-4 90.0% 51.5% 1.00× 1.58× 2.03× 1.43×

llm-compiler-7b-ftd 2.0% 2.0% 1.00× 1.00× 1.00× 1.00×
llm-compiler-13b-ftd 2.5% 2.0% 1.00× 1.00× 1.00× 1.01×
llm-compiler-7b 55.0% 54.0% 1.00× 1.00× 1.00× 1.09×
llm-compiler-13b 60.5% 59.5% 1.00× 1.27× 1.63× 1.34×

Table 3.2: Comparison of LLMs on our assembly optimization benchmark. We report compilation
success rate, test pass rate, and average speedup over the gcc -O3 baseline. Speedup is averaged
across all test inputs, with each input evaluated over ten runs.

adapted for di"erent tasks such as disassembling x86-64 into LLVM IR. These results suggest that
while superoptimization is inherently di!cult, some LLMs can be e"ective superoptimizers.

Failure Modes. Interestingly, models that are expected to achieve strong results perform (e.g.,
DeepSeek-R1, GPT-4o) perform poorly on the task of superoptimization, motivating our analysis
of their failure modes. We find that DeepSeek-R1 consistently fails to generate valid assembly
code, resulting in a 0% compilation rate. DeepSeek-R1 often produces verbose analysis instead of
executable code, spending its entire output length on reasoning about instruction semantics and
potential optimizations without actually implementing them.

We further analyze the failure modes of GPT-4o, which achieves a high compilation rate (81.0%)
but exhibits poor correctness (only 5.0% test pass rate). The primary correctness issues are as
follows: (1) missing critical directives and safety setup, such as stack canary initialization and .cfi_*

metadata, which often lead to runtime crashes; (2) incorrect function call conventions, where repeated
system calls like scanf are made without proper argument setup, causing undefined behavior; (3)
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Model Compile Pass Test Pass Average Speedup

Qwen2.5-Coder-7B (Base) 77.9 ± 0.8% 61.4 ± 0.5% 1.10 ± 0.01→
SuperCoder (GRPO) 95.0 ± 0.0% 94.7 ± 0.6% 1.44 ± 0.07→
SuperCoder (PPO) 96.0 ± 0.0% 95.0 ± 0.0% 1.46 ± 0.12→
SuperCoder (Supervised fine-tuning) 95.5 ± 0.0% 92.5 ± 0.0% 1.39 ± 0.05→

Table 3.3: Performance of the base model and the models trained with RL or supervised fine-tuning.
Results include compilation success, test pass rates, and average speedup, reported over 5 runs with
95% confidence intervals.

semantic errors in core computations, including incorrect pointer usage or altered algorithm logic,
which produce wrong outputs even when the code runs; and (4) over-simplified stack or register
management, resulting in memory errors or invalid control flow. In summary, GPT-4o tends to
sacrifice correctness in pursuit of optimization: it generates syntactically valid assembly but frequently
violates low-level conventions necessary for correct and reliable execution.

3.5.2 E!ectiveness of RL Training

Improvement. Table 3.3 presents the results of RL training, averaged over 5 runs with 95%
confidence intervals to provide more statistical confidence in the reported improvements. We select
Qwen2.5-Coder-7B-Instruct for RL training due to its strong test pass rate (61.4%) among models.
After RL training with PPO, the fine-tuned model SuperCoder attains 95.0% correctness and improves
average speedup from 1.10× to 1.46×. Its speedup percentiles are 1.17 ± 0.03× (25th), 1.35 ± 0.04×
(50th), and 1.64 ± 0.08× (75th) respectively, outperforming the majority of evaluated models.

PPO versus GRPO. We evaluate both PPO-trained and GRPO-trained models and find their
performance to be nearly identical. SuperCoder trained with GRPO attains 94.7 ± 0.6% correctness
and 1.44 ± 0.07× average speedup, which is comparable to SuperCoder trained with PPO (95.0 ±
0.0% correctness and 1.46 ± 0.12× average speedup).

3.5.3 Results from Supervised Fine-Tuning and Inference-Time Methods

Best-of-N Sampling. We evaluate best-of-N sampling for three models: claude-opus-4 (the
strongest baseline in Table 3.2), Qwen2.5-Coder-7B (base), and SuperCoder (our PPO-trained
model). Results are shown in Figure 3.2. Notably, the base model’s best-of-8 speedup is close to the
PPO-trained model’s best-of-1 result, and the RL-trained model itself can still be improved with
best-of-N sampling (i.e., from 1.46× in the single-sample setting to 1.93× with best-of-8 sampling).

Supervised Fine-Tuning. We describe our supervised fine-tuning approach in Section 3.3.4.
Table 3.2 reports results averaged over five runs with 95% confidence intervals. While supervised
fine-tuning improves performance, RL achieves slightly stronger results. We believe that RL is a
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Figure 3.2: Best-of-N sampling results. Figure 3.3: Iterative refinement results.

natural fit for the open-ended nature of superoptimization, as RL directly optimizes for correctness
and speedup rather than imitating existing examples.

Iterative Refinement. Figure 3.3 shows the results of iterative refinement, where the model
receives feedback about compilation failures, test failures, or performance for self-reflection. All three
models exhibit improvements as the number of refinement iterations increases, with the e"ect being
most pronounced for our RL fine-tuned model.

3.5.4 Analysis of Program Transformations

To better understand why LLMs can further optimize assembly programs already optimized by
industry-standard compilers, we analyze all 200 evaluation programs by comparing the gcc -O3
output with the assembly generated by claude-opus-4 with best-of-8 sampling. We categorize the
program transformations into nine types: 1) Loop restructuring covers changes to loop organization,
including reordering, unrolling, or altered control flow; 2) Instruction selection captures the use of
specialized CPU instructions (e.g., bsrq, popcnt, cmov) in place of longer generic instruction sequences;
3) Algorithmic simplification denotes replacing complex or custom logic with simpler algorithms
or standard library routines such as memcmp, strcmp, or atoi; 4) Stack canary removal refers to
eliminating stack protection checks and related security instrumentation; 5) Register allocation reflects
di"erences in how registers are assigned, reused, or spilled to memory; 6) Branch elimination involves
removing conditional branches by using conditional moves (cmov) or condition-setting instructions
(setcc); 7) Address calculation optimization refers to simplifying memory address computations and
o"set arithmetic; 8) Function call optimization captures substituting heavyweight or checked function
variants with simpler equivalents (e.g., __isoc99_scanf vs. scanf); and 9) Arithmetic optimization
includes simplifying arithmetic operations such as replacing divisions or multiplications with shifts,
or using increment/decrement instructions where applicable.

Figure 3.4 presents a detailed category-wise analysis, reporting the frequency of each transforma-
tion category among all transformed programs that pass all tests. For a given optimized version, the
model may induce transformations spanning multiple optimization categories. Because performance
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Figure 3.4: Categorization of the program transformations: Loop Restructuring (LR), Arithmetic
Optimization (AO), Address Calculation (AC), Stack Canary Removal (SCR), Algorithmic Simplifi-
cation (AS), Register Allocation (RA), Function Call Optimization (FC), Instruction Selection (IS),
Branch Elimination (BE).

optimization typically involves multiple interrelated decisions, it is di!cult to automatically isolate
which types of program transformations are responsible for observed performance improvements.
More broadly, automated analysis and attribution of performance di"erences at the assembly level
remains an open problem.

3.6 Discussion

Prompt Optimization Methods. We experimented with few-shot in-context learning and found
that adding more examples does not reliably improve performance and often degrades it (as shown in
Table 3.4), consistent with prior observations in code optimization [233]. We also evaluated GEPA [5],
an evolutionary prompting framework that uses natural language reflection to derive optimization
rules, but observed only minimal gains. We used gpt-4o as the model under evaluation and gpt-5 as the
reflection model. GEPA yielded only modest gains: compilation pass increased from 81.0% to 84.0%
and test pass from 5.0% to 7.5%, while performance speedup remained essentially unchanged. We
suspect this is because assembly optimization requires substantial domain knowledge that is di!cult
to capture by modifying the prompt alone. Lastly, we also experimented with prompts that include
only the C source file, without providing the compiler-generated assembly. We find that omitting the
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Model Shots Compile Pass (%) Test Pass (%) Avg. Speedup

claude-opus-4 0-shot 90.0 51.5 1.43×
claude-opus-4 2-shot 95.0 15.0 1.13×
claude-opus-4 4-shot 95.0 12.5 1.11×
SuperCoder (PPO) 0-shot 96.0 95.0 1.46×
SuperCoder (PPO) 2-shot 94.0 90.5 1.59×
SuperCoder (PPO) 4-shot 93.0 81.0 1.54×
Qwen2.5-Coder-7B (Base) 0-shot 77.9 61.4 1.10×
Qwen2.5-Coder-7B (Base) 2-shot 70.5 35.0 1.10×
Qwen2.5-Coder-7B (Base) 4-shot 80.5 30.5 1.06×

Table 3.4: Comparison of 0-shot, 2-shot, and 4-shot prompting across di"erent models.

C Code

1 int f(unsigned long x)

2 {

3 int res = 0;

4 while (x > 0)

5 {

6 res += x & 1;

7 x >>= 1;

8 }

9 return res;

10 }

GCC -O3 Output

1 .L0:
2 xorl %eax , %eax

3 testq %rdi , %rdi

4 je .L2

5 .L1:
6 movq %rdi , %rdx

7 andl $0x1 , %edx

8 addq %rdx , %rax

9 shrq $0x1 , %rdi

10 jne .L1

11 retq

12 .L2:
13 retq

14

Claude-Opus-4

1 .L0:
2 popcnt %rdi , %rax

3 retq

4

Figure 3.5: Case study comparing the C code, baseline assembly produced by gcc -O3, and optimized
assembly generated by Claude-Opus-4. The model successfully replaces the loop with the specialized
hardware instruction popcnt, resulting in a significantly more concise implementation.

assembly as a starting point leads to substantially worse results. For example, SuperCoder, which
attains 95.0% correctness with the assembly baseline, fails to produce any compilable code without
it. Similar degradation occurs for other models, such as llm-compiler-13b and Claude models. These
results indicate that, at least in their current state, LLMs can act as superoptimizers building on
compiler outputs, but cannot replace compilers themselves.

Alternative Reward Function Design. Besides the reward function presented in Section 3.3.3,
we also evaluate an alternative design. The original design assigns zero reward whenever any test
fails. In contrast, the alternative assigns (i) a reward of ↘1 if the program fails to compile, (ii) a
partial reward equal to the fraction of passed tests if only some tests succeed, and (iii) a reward
of 1 + ς · speedup once all tests pass. Training the base model with this design yields an average
speedup of 1.38×. Varying the scaling factor (5 or 10) has a negligible e"ect, and the result remains
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GCC -O3 Output

1 ...

2 testl %eax , %eax

3 jle .L2

4 movl %eax , %r8d

5 jmp .L5

6 .p2align 4,,10

7 .p2align 3

8.L4:
9 subl $1 , %r8d

10 je .L2

11.L5:
12 movl %ecx , %eax

13 cltd

14 idivl %r8d

15 testl %edx , %edx

16 jne .L4

17 movl %r8d , %edx

18 leaq .LC1(%rip), %rsi

19 movl $1 , %edi

20 xorl %eax , %eax

21 call __printf_chk@PLT

22.L2:
23 movq 8(% rsp), %rax

24 subq %fs:40, %rax

25 jne .L14

26 xorl %eax , %eax

27 addq $24 , %rsp

28 .cfi_remember_state

29 .cfi_def_cfa_offset 8

30 ret

31 ...

32

Claude-Opus-4

1 ...

2 testl %eax , %eax

3 jle .L2

4.L3:
5 movl %ecx , %edx

6 movl %eax , %esi

7 movl %edx , %eax

8 cltd

9 idivl %esi

10 testl %edx , %edx

11 je .L4

12 decl %esi

13 movl %esi , %eax

14 jg .L3

15.L2:
16 xorl %eax , %eax

17 addq $24 , %rsp

18 ret

19.L4:
20 leaq .LC1(%rip), %rdi

21 xorl %eax , %eax

22 call printf@PLT

23 xorl %eax , %eax

24 addq $24 , %rsp

25 ret

26 .size main , .-main

27

Figure 3.6: Case study comparing the baseline assembly code snippet produced by gcc -O3 and
the optimized assembly code snippet generated by Claude-Opus-4. Claude-Opus-4 eliminates the
entry-path unconditional jump and alignment padding by fusing GCC’s two-block loop into a single,
simpler control-flow structure, calls printf@PLT directly (a simpler function variant without security
checks), and removes gcc’s stack-protector canary check.

worse than the 1.46× achieved by SuperCoder with the original reward. This suggests that directly
optimizing for the terminal speedup reward is more e"ective.

Case Studies. We illustrate in Figure 3.5 and Figure 3.6 two representative examples where an LLM
discovers optimizations beyond the reach of a state-of-the-art compiler. The first example is about
instruction selection. In the first example, the original C function computes the population count
(i.e., the number of set bits) by repeatedly shifting the input and accumulating its least significant
bit. The assembly produced by gcc -O3 preserves this loop structure. In contrast, Claude-opus-4
produces an e!cient implementation that replaces the entire loop with a single popcnt instruction,
performing the same computation in one operation. The second example involves loop restructuring,
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along with function call optimization by replacing checked function variants with simpler equivalents.

Limitation and Potential Directions. Our evaluation relies on test-based validation, which is
common in prior work [233, 64]. While e"ective in practice, this approach would be more faithful with
access to a formal equivalence checker for assembly programs. Existing state-of-the-art equivalence
checkers for assembly [216] cannot handle programs with the rich control flow present in our dataset.
To mitigate this limitation, our evaluation achieves 96.2% line coverage, substantially reducing the
risk of undetected errors. Encouragingly, recent work has begun developing formal verification tools
for GPU kernels [66], partly motivated by advances in LLM-generated GPU code. We hope that our
work further motivates the development of more general and scalable verification tools for assembly
programs. In addition, most superoptimization research has centered on x86-64. Extending the
methodology to other targets such as ARM, RISC-V, or GPU kernels could greatly broaden its
applicability.

3.7 Conclusion

We investigated whether LLMs can act as superoptimizers, generating assembly programs that
outperform code already optimized by industry-standard compilers. To support this study, we
introduced the first large-scale benchmark of 8,072 assembly programs. Evaluating 23 models
revealed the di!culty of the task, with most failing to achieve meaningful gains. By fine-tuning with
reinforcement learning, our model SuperCoder improved both correctness and performance, reaching
95.0% test pass rate and an average speedup of 1.46× over gcc -O3. We also show that Best-of-N
sampling and iterative refinement can bring additional improvement. These results demonstrate,
for the first time, that LLMs can be applied as superoptimizers for assembly code, opening new
opportunities for performance optimization beyond compiler heuristics.



Chapter 4

Accelerating Verification via Invariant

Synthesis

4.1 Introduction

Program verification aims to provide formal guarantees that software behaves as intended, with
applications in many safety-critical domains [74, 176]. A long-standing challenge in this area, studied
for more than four decades, is the automatic discovery of loop invariants. In this chapter, we
investigate whether large language models (LLMs) can accelerate program verification by generating
useful loop invariants.

Loop invariants are conditions that hold before and after each loop iteration, and they are central
to deductive program verification. To accelerate program verification, loop invariants must not
only be correct but also su!ciently strong to prove the assertions. Generating correct invariants is
relatively easy, since any universally true condition qualifies. However, only strong invariants can
reduce verification e"ort and lead to a speedup. For example, in Figure 4.1, the invariant x > 0 is
correct but not strong enough to prove the final assertion x ≃= 700, whereas x ⇐ 3 (mod 7) is both
correct and su!ciently strong.

Discovering such invariants is di!cult and undecidable in general, which has motivated a long
line of research. Traditional approaches include constraint solving [46, 100], dynamic analysis [147],
etc. Since invariant discovery is challenging, researchers have tried a variety of learning-based
methods [151, 73]. Building on this progression, the strong capabilities of LLMs in code generation
and program reasoning [13, 34, 267] naturally motivate a systematic evaluation of their potential for
invariant discovery.

The first work [204] to evaluate LLMs for invariant generation has two key limitations. One
limitation is that it only checks correctness without assessing whether invariants are strong enough

36
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Location: B
Predicate: x % 7 == 3

int i;
for (i=0; i<5; i++) {
    ...
 }

int x = 10;
while (x < N) {
    x += 7;
 } 
assert(x != 700); 

A

B

...
int x = 10;
while (x < N) {
    assert(x % 7 == 3);
    x += 7;  
 } 

...
int x = 10;
while (x < N) {
    assume(x % 7 == 3);
    x += 7;   
 } 
assert(x != 700);

Program
Verified

LLM
Speedup

Correct 

Invariant:

Figure 4.1: Illustration of Quokka’s evaluation pipeline. The LLM proposes an invariant by specifying
a program location and predicate (e.g., location B with x % 7 == 3). The verification procedure
then incorporates this invariant to prove the property x != 700 using two verifier queries, and we
measure the resulting speedup relative to a baseline without LLM assistance.

to accelerate verification. Another limitation is that correctness is determined by directly comparing
against Daikon [70], a dynamic analysis tool that infers invariants from test executions rather than
formal verification. This approach is unsound: Daikon’s invariants may themselves be incorrect.
Moreover, semantically equivalent invariants (e.g., a > 0 vs. a ⇒ 1 for integers) can be incorrectly
rejected as wrong. Consequently, prior work cannot reliably evaluate either the correctness or the
practical utility of LLM-generated invariants.

A series of follow-up works have proposed LLM-based verifiers. Instead of evaluating LLMs in
isolation, these e"orts develop verification frameworks powered by LLMs. This line of work predomi-
nantly adopts sequential, iterative, and relatively complex (compared to our own approach) processes
with customized algorithms to handle LLM-generated invariants. For instance, LaM4Inv [277] uses
a “query-filter-reassemble” strategy that filters and combines model-generated predicates through
complex logical operations (conjunctions or disjunctions) to construct valid loop invariants, rather
than using them directly. LOOPY [132] employs a customized Houdini algorithm with iterative
refinement to filter candidate invariants. LEMUR [278] develops a backtracking and sequential
algorithm. While these approaches demonstrate the potential of LLM-based verification, their
complexity raises a question: can we design a simpler, principled, and more e"ective algorithm for
LLM-based verifiers?

In this chapter, we introduce Quokka, a framework for LLM-based invariant synthesis that
accelerates program verification. Quokka provides a sound approach to evaluate LLMs’ capabilities in
generating invariants while achieving state-of-the-art speedup results compared with prior LLM-based
verifiers. We formalize our methodology as a proof calculus, providing a rigorous foundation for
building LLM-based verifiers. Instead of checking the correctness of invariants based on string-
matching, we adopt a verifier-based approach that directly queries the underlying solver. Unlike
previous work that designs complex, highly customized algorithms, Quokka employs a simple and
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principled verification procedure. Our approach enables both soundness guarantees and precise
measurement of performance speedup, allowing us to systematically evaluate whether LLM-generated
invariants can accelerate verification in practice.

To support systematic comparison across solvers and LLMs, we construct a dataset of 866
instances derived from the most recent edition of the software verification competition SV-COMP [22].
To the best of our knowledge, this is the largest evaluation dataset for LLM-based verifiers to date,
compared with datasets used in previous work. Quokka consistently outperforms all prior LLM-based
verifiers. When comparing against LEMUR (the previous best LLM-based verifier with the same
underlying solver), Quokka achieves speedups of at least 1.2× (i.e., verification completes at least
20% faster than the baseline solver) on 81 instances compared to LEMUR’s 39 instances. For more
substantial speedups of at least 2.0× (i.e., verification completes at least twice as fast), Quokka
reaches 51 instances compared to LEMUR’s 22 instances.

We evaluate 9 state-of-the-art LLMs, including GPT models from OpenAI, Claude models from
Anthropic, and models from the Qwen and LLaMA families. Our experiments reveal that gpt-5.2
achieves the strongest speedup results among all evaluated models. Beyond model evaluation, we
investigate techniques to enhance invariant generation capabilities. We construct a training dataset
of 3589 instances using a verifier-based filtering approach that ensures data quality. Our experiments
demonstrate that both supervised fine-tuning and Best-of-N sampling yield measurable improvements
in accelerating verification. Specifically, Best-of-8 sampling achieves speedups of at least 1.2× on
99 instances, representing a 22% improvement over single-sample generation, which achieves such
speedups on only 81 instances.

In summary, our contributions are as follows:

• We introduce an algorithm for LLM-based invariant synthesis that provides sound evaluation
and achieves the best speedup results compared with prior LLM-based verifiers.

• We construct a benchmark of 866 instances, and conduct an evaluation of 9 state-of-the-art
LLMs across multiple model families.

• We construct training data and demonstrate that both supervised fine-tuning and Best-of-N
sampling yield measurable improvements in accelerating verification.

4.2 Related Work

Traditional Methods for Program Invariant Generation. A long line of research has explored
invariant synthesis using traditional techniques without machine learning, including model check-
ing [85, 142, 113, 258], abstract interpretation [135, 47, 49, 48], constraint solving [96, 100], Craig
interpolation [126, 183], and syntax-guided synthesis [77]. Prior work evaluating LLM-generated
invariants [204] has relied on Daikon [70], a tool for dynamic invariant detection [67, 147]. Daikon
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executes the program, observes runtime values, and reports properties that consistently hold over
the observed executions. However, such invariants may fail to generalize to all possible executions,
thereby compromising soundness. Our approach instead employs a verifier-based algorithm relying
on UAutomizer [219] that ensures soundness.

Learning-Based Method for Invariant Generation. Machine learning based techniques have
been widely adopted in invariant synthesis, including decision tree [91, 92, 73, 212, 290], support
vector machine [151, 227], reinforcement learning [234, 307], and others [226, 215, 304]. More
recently, large language models have demonstrated strong capabilities in reasoning about code and
logic [264, 267, 271], giving rise to a series of work that explore using LLMs for finding invariants.
[204] is the first pioneering work that evaluates LLMs’ capabilities in finding invariants, but it is
not a sound evaluation. Various techniques have been proposed to couple LLMs with symbolic
solvers, including ranking LLM-generated invariants [31], the “query-filter-reassemble” strategy of
LaM4Inv [277], the back-tracking algorithm in LEMUR [278], and Loopy’s integration of the classic
Houdini algorithm [132]. On the dataset side, [161] introduces a rule-based method for constructing
a fine-tuning corpus, which di"ers from our verifier-based approach. In contrast, our work provides a
simple and sound evaluation procedure for assessing LLM-generated invariants and investigates how
both fine-tuning and Best-of-N sampling can enhance LLM performance in invariant synthesis.

4.3 Method

4.3.1 Preliminary

We formalize the task of loop invariant synthesis using standard Hoare logic [112]. A Hoare triple
{P}S {Q} specifies that if the precondition P holds before executing a statement S, then the
postcondition Q will hold after its execution. In the context of loops, an invariant I is a logical
proposition that summarizes the state of the program at each iteration, and it is the key to proving
the validity of Hoare triples involving loops. For a loop of the form while B do S, the goal of invariant
synthesis is to identify a loop invariant I that satisfies the following inference rule:

P ⇑ I {I ↓B}S {I} I ↓ ¬B ⇑ Q

{P} while B do S {Q}

Here, P is the precondition, Q is the postcondition, B is the loop condition, and S is the loop
body. Intuitively, the inference rule requires that the invariant I holds at the beginning of the loop
(P ⇑ I), is preserved across every iteration of the loop body ({I ↓B}S {I}), and upon termination
ensures the postcondition (I ↓ ¬B ⇑ Q).

Invariant synthesis amounts to generating a logical summary I that is both correct, meaning it
can be verified, and strong, meaning it enables verification of the final assertion. Weak but correct
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invariants contribute little, leaving most of the reasoning to the verifier, whereas strong invariants
narrow the search space of program states, reduce solver e"ort, and yield substantial speedups.

4.3.2 Verifier-Based Algorithm

We formalize our verifier-based procedure for assessing candidate invariants. Let P denote a program.
A property is written as p = ⇓φ, ↼⇔, where φ is a state predicate and ↼ is a program location. For
a finite set A of properties, let Asm(P,A) be the program obtained from P by inserting assume

statements for all elements of A. An execution of Asm(P,A) that reaches a location where an
assumption is violated terminates immediately. We write P |=A p to indicate that all executions
of Asm(P,A) satisfy the assertion p. The notation P |= p abbreviates P |=⊋ p. Since assumptions
restrict behaviors, if P ≃|=A p for some A, then necessarily P ≃|= p.

We assume access to a verifier

V (P,A, p) ↑ {T,F,U},

which returns either T (proved), F (refuted), or U (inconclusive). The verifier is required to be
sound on conclusive outcomes:

V (P,A, p) = T ⇑ P |=A p,

V (P,A, p) = F ⇑ P ≃|=A p.

No completeness is assumed for U, which may arise from timeouts or incompleteness of the underlying
verifier.

The verification task specifies a target property pϑ = ⇓φϑ, ↼ϑ⇔. Given P and pϑ, a large language
model proposes a candidate invariant q = ⇓↽, ↼⇔, typically at a loop header. To evaluate the utility
of q, the procedure issues two verifier queries:

da := V (P,⊋, q)

db := V (P, {q}, pϑ)

The query da verifies whether q is a correct invariant, while the query db determines whether
the target property holds under the assumption that q is true. An illustration of these two verifier
queries is provided in Figure 4.1: da corresponds to assert(x % 7 == 3) (upper subfigure), and db

corresponds to verifying the final assertion with the assume statement inserted (lower subfigure).
The outcome of the procedure is expressed as a judgment

P ⇑ ⇓pϑ, q⇔ ↖ d with d ↑ {T,F,U}.
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The interpretation is as follows: if the judgment yields T, then pϑ is established on P ; if it yields F,
then pϑ is refuted; and if it yields U, the attempt is inconclusive.

The inference rules defining this judgment are given below. Each rule specifies one possible
derivation of the outcome, depending only on the responses of the verifier.

V (P, {q}, pϑ) = F

P ⇑ ⇓pϑ, q⇔ ↖ F
(DEC-FALSE)

V (P,⊋, q) = T V (P, {q}, pϑ) = d d ≃= F

P ⇑ ⇓pϑ, q⇔ ↖ d
(DEC-PROP)

V (P,⊋, q) ≃= T V (P, {q}, pϑ) ≃= F

P ⇑ ⇓pϑ, q⇔ ↖ U
(DEC-U)

Rule DEC-FALSE captures short-circuit refutation: if the goal fails even in the restricted
program Asm(P, {q}), then it is false on the original program P . Rule DEC-PROP implements the
prove-then-use strategy: once the candidate invariant q is established, the outcome is exactly the
verifier’s answer on the goal under the assumption q, restricted to d ↑ {T,U} so as not to overlap
with DEC-FALSE. Rule DEC-U gives explicit conditions for inconclusiveness: the goal is not
refuted under q and q is not established as an invariant.

Theorem (Decision Soundness). If P ⇑ ⇓pϑ, q⇔ ↖ T is derivable, then P |= pϑ. If P ⇑ ⇓pϑ, q⇔ ↖ F is
derivable, then P ≃|= pϑ.

Proof. For the T case, the final rule must be DEC-PROP with d = T. The premises yield
V (P,⊋, q) = T and V (P, {q}, pϑ) = T. By verifier soundness, P |= q and P |={q} pϑ. Since q holds on
all executions of P , introducing the assumption {q} does not remove executions relevant to pϑ; thus
P |= pϑ. For the F case, the final rule must be DEC-FALSE. Its premise V (P, {q}, pϑ) = F implies
P ≃|={q} pϑ by soundness. Assumptions restrict behaviors; hence, a violation under assumptions
entails a violation without them, yielding P ≃|= pϑ.

This theorem establishes that whenever the calculus derives a conclusive outcome, that outcome
is correct. The inconclusive case U is deliberately conservative: it makes no claim about the truth or
falsity of the property and safely captures verifier incompleteness or timeouts.

4.3.3 Implementation

We describe the implementation of our verifier-based evaluation framework. Given a program P and
target property pϑ, the system evaluates the generated invariants according to the algorithm. Each
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invariant q = ⇓↽, ↼⇔ consists of a program location ↼ and predicate ↽.

Syntactic Validation. Before invoking the verifier, we apply syntactic checks to the generated
predicate ↽. These checks ensure that ↽ can be safely interpreted as a state predicate and that its
insertion as an assumption does not alter the program state. For instance, expressions that update
variables (e.g., a += 1) are rejected. Only Boolean conditions over the program state are accepted.

Parallel Verifier Queries. For each candidate q, the procedure issues two verifier queries,
namely da = V (P,⊋, q) to check whether q is an invariant and db = V (P, {q}, pϑ) to check whether
the target holds under the assumption q. These queries are executed in parallel in our implementation,
which reduces latency and enables speedup when the proposed invariant is useful for verification.
The final outcome is then derived exactly according to the decision calculus.

4.3.4 Supervised Fine-Tuning and Best-of-N Sampling

Below, we discuss how we construct our dataset for fine-tuning and the way we perform Best-of-N
sampling.

Synthetic Dataset Generation. To construct the synthetic dataset, we prompt GPT-4o. The
prompt template takes three seed programs as examples and instructs the model to synthesize a new
C program that is compilable and contains both loops and assertions. To obtain a diverse and large
pool of candidates, we repeatedly invoke the model with di"erent seed programs. To avoid data
leakage, these seed programs are randomly drawn from the SV-COMP pool [22] that is disjoint from
our evaluation set. Although the prompt requests compilable programs with loops and assertions,
the LLM-generated programs may fail to compile, include assertions that do not hold, and contain
multiple assertions. For programs with multiple assertions, we split them into separate instances,
each retaining only a single assertion while preserving all loop structures (ensuring at least one
loop per instance). We then run UAutomizer on every program and discard any instance that is
non-compilable or whose assertion is invalid. This filtering step ensures the quality of the dataset,
resulting in 3589 synthetic programs.

Extract Invariants Generated from UAutomizer. When running UAutomizer to prove the
assertions in the synthetic programs, the tool also emits the invariants it discovers. From its output,
we extract the loop invariants. Each extracted invariant includes its program location and its
predicate. Although each program contains exactly one assertion, it may include multiple loops, so a
single program can yield multiple loop invariants, all associated with the same assertion. We pair
each program with each of its corresponding loop invariants to form our training dataset. With the
ground-truth invariants, we perform supervised fine-tuning using LoRA [115].
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Dataset Avg. #Lines #Instances

Evaluation 53 866
Training 42 3589

Table 4.1: Dataset statistics.

Best-of-N Sampling. Best-of-N sampling is an inference-time strategy in which multiple candidate
programs are generated, and the most e"ective one is selected, a technique shown to improve
performance on code-generation tasks [68]. In our setting, the best candidate is the invariant that
yields the largest speedup, i.e., the one whose algorithm finishes earliest. As described in Section 4.3.2,
evaluating a single candidate requires two verifier queries issued in parallel; therefore, Best-of-N
sampling evaluates 2N verifier queries concurrently.

4.4 Experimental Setup

Dataset. We construct our evaluation benchmark from SV-COMP [22], a standard competition in
software verification, focusing on problems that require loop invariant synthesis. We collect a pool
of 866 instances and run the state-of-the-art non-LLM verifier UAutomizer [219] with a 600-second
timeout to record per-instance solving times. The process is fully automated, with no manual filtering
or cherry-picking. We use this timeout to enable meaningful measurement of verification speedups. In
contrast to prior work [278], which evaluates only instances that the baseline cannot solve within this
time budget, our approach requires knowing the baseline runtime to quantify relative improvements.
Restricting to instances whose baseline runtime is observable allows us to report concrete speedup
factors, rather than only counts of additionally solved problems. To the best of our knowledge,
this dataset is the largest used in prior evaluations of LLM-based verifiers. Also, the programs in
our dataset are significantly longer, with an average of 53 lines of code, compared to only 22 for
LaM4Inv [277], 23 for LEMUR [278], and 27 for Loopy [133]. Manual inspection shows that our
dataset contains features such as multiple loops, functions, arrays, and pointers, which are largely
absent from prior datasets. This makes Quokka a more challenging and realistic benchmark that
better distinguishes solver performance.

For training data, we construct our training data with synthetic data generation filtered by the
solvers, as described in Section 4.3.4. We make sure that the seed programs used for synthetic data
generation are disjoint from our evaluation dataset, mitigating the leakage issue. The statistics of
our dataset are shown in Table 4.1.

Metrics. We evaluate LLMs along two dimensions: (1) the correctness of the generated invariants
and (2) the performance improvements they provide. Correctness is determined by the solver using a
timeout set to 1.2→ the original solving time for each problem. This slack allows the solver additional
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Model # Correct Invariants # Fast1.2 # Fast1.4 # Fast1.6 # Fast1.8 # Fast2.0
Qwen2.5-7B 419 34 26 23 20 18
o3 550 38 33 30 24 23
Llama-3.1-8B 342 43 35 32 29 27
claude-opus-4.1 487 56 45 38 35 31
Qwen2.5-72B 500 63 49 45 37 33
claude-opus-4.5 689 69 53 46 39 34
gpt-5.1 694 56 46 41 40 37
claude-sonnet-4 620 68 58 51 45 41
gpt-5.2 710 81 65 60 56 51

Table 4.2: Performance of di"erent LLMs when using Quokka. We report the number of instances
with verified-correct invariants and the number of instances achieving speedups of at least 1.2→, 1.4→,
1.6→, 1.8→, and 2.0→ over UAutomizer.

time to assess the correctness of model-generated invariants, reducing inconclusive outcomes caused
by timeouts. All speedup-related measurements are reported relative to the original solver, which
serves as the baseline. We report speedup using the metric of #Fastp, defined as the number of
instances for which verification completes at least p→ faster than the baseline, with p ↑ {1.2, 1.4, . . .}.
Additionally, we also report the number of instances solved under varying timeout budgets.

Choice of Solvers. We use the state-of-the-art non-LLM-based solver UAutomizer [219] as our base
solver. Our methodology requires that the solver can verify programs without externally-provided
invariants, enabling us to measure speedup relative to a functional baseline. While prior work
has explored other solvers such as Frama-C [53] and ESBMC [88], we select UAutomizer for two
key reasons. First, UAutomizer represents the current state-of-the-art in automated verification,
outperforming ESBMC on standard benchmarks in SV-COMP. Second, unlike Frama-C, which
requires externally-provided invariants and cannot proceed without them, UAutomizer has built-in
invariant synthesis capabilities that allow it to verify programs autonomously. To demonstrate the
generality of Quokka’s methodology across di"erent solvers, we also run experiments with ESBMC,
and we find that Quokka can accelerate ESBMC as well.

Models. We benchmark Claude models from Anthropic, GPT models from OpenAI, and models
from the Qwen and LLaMA families [121, 296, 252].

Hardware and OS. Experiments were conducted on a node with Intel E5-2640 v4 CPUs, 256G
main memory, running Ubuntu 20.04 LTS.
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4.5 Results

4.5.1 Results of LLMs

Table 4.2 presents the performance of di"erent LLMs when using Quokka. The results are sorted by
the number of instances achieving at least 2.0→ speedup (# Fast2.0), which ranges from 18 instances
for Qwen2.5-7B to 51 instances for gpt-5.2. Overall, the table demonstrates substantial variation
in both correctness and speedup performance across di"erent models, with larger and more recent
models generally achieving better results.

E!ectiveness of Quokka. Our approach demonstrates the speedup capabilities across all evaluated
models. Even smaller models like Qwen2.5-7B achieve speedups on 34 instances at the 1.2→ threshold,
while the best-performing model gpt-5.2 accelerates 81 instances at this level and achieves 2.0→ or
greater speedup on 51 instances. These results demonstrate that Quokka can e"ectively leverage
LLMs to generate invariants that meaningfully accelerate verification. The consistent speedup gains
across di"erent model families, from 7B parameter models to frontier models, and the progressive
improvement with model scale underscore the e"ectiveness of our approach.

Correctness vs. Performance Gap. A striking observation is the substantial gap between
generating correct invariants and achieving meaningful speedups. For example, gpt-5.2 produces 710
correct invariants but achieves 2.0→ speedup on only 51 instances, while claude-opus-4.5 generates
689 correct invariants yet delivers 2.0→ speedup on merely 34 instances. This gap highlights that
correctness alone is insu!cient: invariants must also be strong enough to meaningfully accelerate
verification, requiring not only logical correctness but also strategic insight into which invariants will
most e"ectively guide the solver.

Model Inference Time. We include model inference time in our evaluation to provide a fair and
realistic assessment of end-to-end performance. We find that smaller models such as Llama-3.1-8B
and Qwen2.5-7B exhibit negligible generation times (0.3–0.4 seconds), while most models complete
inference within 3 seconds. The o3 model has the highest overhead at 8.1 seconds on average.
Importantly, unlike LOOPY [133], which invokes the LLM up to 15 times per program and thus
spends a substantial portion of its time budget on API calls, our approach requires only a single LLM
invocation per program. Consequently, LLM inference accounts for only a small fraction of total
runtime. Furthermore, our evaluation dataset contains su!ciently challenging programs (with solving
times up to 600 seconds) such that solver time naturally dominates inference overhead, making the
comparison meaningful even when inference latency is included.

Prompting-Based Methods. We investigate the impact of di"erent prompting strategies on
invariant generation quality using gpt-5.2. We evaluate 0-shot, 2-shot, 4-shot, and chain-of-thought
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Method # Fast1.2 # Fast1.4 # Fast1.6 # Fast1.8 # Fast2.0

LaM4Inv 1 1 1 1 1
LOOPY 8 7 5 3 1
LEMUR-original 19 16 13 12 10
LEMUR-gpt-5.2 39 30 28 25 22
Quokka-gpt-5.2 81 65 60 56 51

Table 4.3: Comparison of speedup performance across di"erent methods. We report the number of
instances achieving speedups of at least 1.2→, 1.4→, 1.6→, 1.8→, and 2.0→ over UAutomizer.

(CoT) prompting. Few-shot prompting does not consistently improve performance, while CoT
prompting yields the weakest results, likely due to increased generation time without proportional
quality gains. These findings indicate that simple zero-shot prompting is most e"ective for invariant
synthesis.

4.5.2 Comparison with Prior LLM-based Verifiers

Table 4.3 compares the speedup performance of Quokka against prior LLM-based verifiers across
di"erent speedup thresholds, while Figure 4.2 shows the number of solved instances over time for
each method.

Quokka Outperforms Prior LLM-based Verifiers. Quokka with gpt-5.2 achieves state-of-the-
art results across all speedup metrics. Among prior work, LEMUR [278] represents the strongest
baseline. To ensure a fair comparison, we enhance LEMUR by replacing its original model (gpt-4)
with gpt-5.2, creating LEMUR-gpt-5.2. Even with this enhancement, Quokka-gpt-5.2 significantly
outperforms LEMUR-gpt-5.2: at the 1.2→ speedup threshold, Quokka-gpt-5.2 accelerates 81 instances
versus 39 for LEMUR-gpt-5.2 and 19 for LEMUR-original. At 2.0→ speedup, Quokka-gpt-5.2 achieves
51 instances compared to 22 for LEMUR-gpt-5.2 and 10 for LEMUR-original. LaM4Inv [277]
and LOOPY [133] demonstrate minimal speedup capabilities, achieving at most 1 and 8 instances
respectively at the 1.2→ level. These results demonstrate that Quokka establishes a new state-of-the-
art for LLM-based verification acceleration.

Di!erences in Base Solvers. Di"erent LLM-based verification frameworks are built on di"erent
base solvers: Quokka and LEMUR use UAutomizer, LOOPY uses Frama-C [53], and LaM4Inv uses
ESBMC [88]. The choice of base solver significantly impacts the performance, as stronger solvers
provide a better foundation for speedup. Since UAutomizer represents the current state-of-the-art
solver, we believe future work should prioritize developing LLM-based verifiers atop state-of-the-art
solvers such as UAutomizer.
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Algorithmic Simplicity and Parallelism. Prior work predominantly adopts sequential, iterative,
and relatively complex (compared to our own approach) processes with customized algorithms to
handle LLM-generated invariants. In contrast, Quokka employs a simple, verifier-based, and parallel
approach that directly leverages the base solver’s capabilities.

LaM4Inv uses a “query-filter-reassemble” strategy that filters and combines model-generated
predicates through a complex algorithm, rather than using them directly. LOOPY employs a
highly-customized Houdini algorithm with iterative fixing to filter candidates. LEMUR is closest
to our approach, also directly using the base solver to verify the correctness of invariants, but
follows a purely sequential decision process with backtracking. In contrast, Quokka directly uses
LLM-generated invariants without decomposition or reassembly, and exploits parallelism by issuing
the verification queries in parallel. This design reduces implementation complexity while enabling
more e!cient hardware utilization, contributing to the superior speedup performance demonstrated
in our experiments.

Detailed Comparison with LEMUR. To better understand the performance di"erences between
LEMUR and Quokka, we analyze their implementation strategies and examine the instances where
Quokka outperforms LEMUR. LEMUR allows LLMs to insert invariants at multiple locations (both
before and at the beginning of loops) and generates multiple candidate invariants for each location.
It then sequentially evaluates each candidate, verifying both the original assertion and the invariant
itself. If verification times out within 30 seconds, LEMUR recursively invokes the LLM again to
generate additional invariants. In contrast, Quokka adopts a simpler strategy: it restricts invariant
placement to the beginning of loops, asks the LLM to select a single location (when multiple loops
exist), and generates only one invariant. The two verification queries (for the assertion and the
invariant) are then executed in parallel without recursion or additional LLM invocations. Among
the 353 instances that Quokka solves but LEMUR does not, 129 instances (36.5%) contain multiple
loops. We hypothesize that for programs with multiple loops, LEMUR’s exhaustive search strategy
becomes less e"ective due to the combinatorially larger space of invariant placements and candidates
it must explore. In contrast, Quokka’s focused approach (i.e., requiring the LLM to commit to a
single location and invariant) appears more e"ective in these complex scenarios. We identify three
key advantages of our design. First, parallel execution of verification queries reduces wall-clock time
by simultaneously checking both the assertion and the invariant. Second, constraining the LLM to
select a single location and invariant forces more deliberate reasoning about which invariant will be
most impactful, rather than relying on exhaustive search over many candidates. Third, eliminating
recursion and repair loops reduces both implementation complexity and the risk of execution failures
(which we observe in LEMUR’s logs). Together, these design choices enable Quokka to achieve
superior performance while maintaining a simpler and more robust implementation.
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Figure 4.2: Number of instances solved by di"erent methods over varying timeout budgets.

Model # Incorrect Invariants # Goal Timeout # Invariant Timeout # Both Timeout

gpt-5.1 78 96 245 110
claude-sonnet-4 110 160 209 145
gpt-5.2 56 139 230 121

Table 4.4: Failure mode breakdown for the top three models on Quokka. Incorrect Invariants: the
invariant is refuted by the solver. Goal Timeout : the invariant is verified, but proving the assertion
under it times out. Invariant Timeout : verifying the invariant itself times out. Both Timeout : both
verification queries time out.

Model # Correct # Fast1.0 # Fast1.2 # Fast1.4 # Fast1.6 # Fast1.8 # Fast2.0
Qwen2.5-7B (base) 419 116 34 26 23 20 18
Qwen2.5-7B (finetuned) 431 141 39 27 26 24 20

Table 4.5: Performance comparison of base and fine-tuned Qwen2.5-7B. Fine-tuning leads to modest
improvements in both correctness and speedup metrics.

4.5.3 Failure Mode Analysis

To understand why many invariants fail to accelerate verification in Quokka, we analyze failure
modes for the top three models. We categorize failures into four types: 1) Incorrect Invariants: the
invariant is refuted by the solver; 2) Goal Timeout : the invariant is verified, but proving the assertion
under it times out; 3) Invariant Timeout : verifying the invariant itself times out; 4) Both Timeout :
both verification queries time out. The results in Table 4.4 reveal that while some failures stem
from incorrect invariants, the dominant issue is timeout-related. This suggests that current models
lack an understanding of what makes verification queries tractable for symbolic solvers. Future
work should explore training reward models or other mechanisms to help models internalize solver
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Figure 4.3: E"ect of Best-of-N sampling on the number of instances under di"erent Fastp settings.

di!culty, enabling them to propose invariants that genuinely simplify verification by decomposing
hard problems into easier subproblems rather than inadvertently generating verification conditions
that are as di!cult or harder to solve than the original proof goal.

4.5.4 Results of Fine-Tuning and Best-of-N Sampling

Modest Improvement from Supervised Fine-Tuning. We perform supervised fine-tuning
using LoRA [115] on Qwen2.5-7B for 3 epochs. As shown in Table 4.5, fine-tuning yields modest
improvements: correct invariants increase from 419 to 431, and instances achieving meaningful
speedups improve across all thresholds. For example, Fast1.0 improves from 116 to 141, and Fast1.2
improves from 34 to 39. These results suggest that domain-specific fine-tuning can improve both
correctness and speedup, though gains remain moderate.

Benfits of Best-of-N Sampling. We evaluate Best-of-N sampling by generating multiple invariant
candidates from gpt-5.2 at temperature 0.7 and selecting the one yielding the fastest verification
time. As shown in Figure 4.3, increasing N from 1 to 4 consistently improves speedup across
all Fastp thresholds. However, performance plateaus beyond N=8 due to hardware constraints:
our 20-core CPU must verify 2N queries in parallel, and when N exceeds 10, resource contention
may negate sampling benefits. Memory limits can further constrain scalability. While Best-of-N
sampling is e"ective, its benefits are hardware-bounded, though modest values of N yield meaningful
improvements.
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4.6 Conclusion

This chapter introduced Quokka, a simple yet e"ective framework for LLM-based invariant synthesis
that accelerates program verification. Our approach employs a principled verification procedure that
decomposes the original proof goal into two independent subproblems and launches verifier queries
in parallel, providing sound evaluation while achieving state-of-the-art speedup results. Using a
benchmark of 866 instances, we evaluated 9 state-of-the-art LLMs across multiple model families
and compared against prior LLM-based verifiers. The results demonstrate that Quokka consistently
outperforms all existing LLM-based verifiers, achieving speedups of at least 1.2× on 81 instances
compared to 39 instances for the previous best approach. We further demonstrated that supervised
fine-tuning and Best-of-N sampling can yield measurable improvements in accelerating verification.
Our work establishes a new state-of-the-art for LLM-based program verification and provides a
principled foundation for future research in this direction.



Chapter 5

Evaluating Program Reasoning via

Equivalence Checking

5.1 Introduction

Large language models (LLMs) have rapidly become central to software engineering workflows,
powering tools for code generation, program repair, test case generation, debugging, and beyond,
significantly boosting developers’ productivity [123, 299, 300]. This surge of capability has prompted
a natural yet fundamental question: Do LLMs merely mimic code syntax they have seen during
training, or do they genuinely understand what programs do?

Unlike natural language, code is executable. Two programs may di"er syntactically yet be
semantically equivalent, producing identical outputs for all inputs. Conversely, programs with only
minor syntactic di"erences can behave quite di"erently at runtime. This gap between surface-level
program features and actual execution behavior raises an important question: Does training on static
code corpora equip LLMs with a grounded understanding of program semantics?

To rigorously assess whether LLMs truly understand code, we need benchmarks that demand
reasoning about program semantics. However, widely used coding benchmarks such as HumanEval [34]
and MBPP [13] primarily test a model’s ability to generate short code snippets from natural language
descriptions, o"ering limited insight into whether the model grasps the underlying semantics of the
code it generates.

In this chapter, we introduce equivalence checking as a new task for evaluating LLMs’ ability
to reason about program semantics. Unlike tasks based on syntactic similarity, equivalence checking
asks whether two programs are semantically equivalent, i.e., whether they produce identical outputs
for all possible inputs, regardless of how di"erently they are written. Program equivalence problems
test directly whether and how well models reason about code. Any question about program semantics
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(In)Equivalent Program Pairs

int main() {
  int a, b;
  ...
  if (a < b) {
    a = 1;
  }
  ...
}

if (b > a) {
  a = 1;
}

if (b <= a) {
  a = 1;
}

Program Analysis

Compiler Scheduling

Superoptimization

Algorithm / Variable Changes

Automated  TransformationInput Source Programs

Random C programs

CUDA tensor programs

x86-64 instructions 

Competitive programming 

Figure 5.1: Overview of EquiBench. We construct (in)equivalent program pairs from diverse sources,
including C and CUDA programs, x86-64 assembly, and competitive programming, using automated
transformations based on program analysis, compiler scheduling, superoptimization, and changes in
algorithms or variable names.

can be formulated as an equivalence checking problem, and program equivalence problems can have
any level of di!culty from trivially easy to extremely di!cult. Program equivalence is undecidable in
general: no algorithm can determine program equivalence for all cases while guaranteeing termination.
This fundamental theoretical impossibility underscores the intrinsic di!culty of our task.

Designing a benchmark for equivalence checking requires both equivalent and inequivalent program
pairs spanning diverse categories, which poses several challenges in terms of label soundness, problem
di!culty, and automation. First, it is di!cult to guarantee high-confidence labels, as verifying
equivalence by exhaustively executing all possible inputs is almost always computationally infeasible.
Second, existing generation techniques rely on superficial syntactic edits [16, 182], which are too
simplistic to meaningfully challenge state-of-the-art LLMs and fail to probe their semantic reasoning
limits. Third, to enable comprehensive evaluation, the benchmark must be large-scale and modular,
necessitating a fully automated construction pipeline.

In this chapter, we introduce EquiBench, a dataset of 2400 program pairs for evaluating large
language models on equivalence checking. Covering Python, C, CUDA, and x86-64 programs, it
enables a systematic assessment of LLMs’ ability to reason about program semantics.

As illustrated in Figure 5.1, EquiBench addresses these challenges by automatically constructing
both equivalent and inequivalent program pairs from diverse input sources, including randomly gen-
erated C and CUDA code, assembly instructions, and competitive programming solutions. To ensure
label soundness without exhaustive execution, we apply program transformation techniques grounded
in program analysis and superoptimization. To increase problem di!culty beyond trivial edits, we
incorporate structural transformations through compiler scheduling and algorithmic equivalences.
The entire generation pipeline is fully automated, enabling scalable construction of a large and
diverse benchmark. Finally, EquiBench is extensible to additional categories of equivalence checking
problems, which we anticipate will be useful as LLMs improve.

Our experiments show that EquiBench is a challenging benchmark for LLMs. Among the 19
models evaluated, OpenAI o4-mini performs best overall, yet achieves only 60.8% in the CUDA
category despite reaching the highest overall accuracy of 82.3%. In the two most di!cult categories,
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the best accuracies are 63.8% and 76.2%, respectively, only modestly better than the random baseline
of 50% for binary classification. In contrast, purely syntactic changes such as variable renaming are
much easier, with accuracies as high as 96.5%. We further find, through di!culty analysis, that
models often rely on superficial form features such as syntactic similarity rather than demonstrating
robust semantic reasoning. Moreover, prompting strategies such as few-shot in-context learning and
Chain-of-Thought (CoT) prompting barely improve LLM performance, underscoring the di!culty of
reasoning about program semantics.

In summary, our contributions are as follows:

• New Task and Dataset: We introduce equivalence checking as a new task to assess LLMs’
reasoning about program semantics. We present EquiBench, a benchmark for equivalence
checking spanning four languages and six equivalence categories.

• Automated Generation: We develop a fully automated pipeline for constructing diverse
(in)equivalent program pairs using techniques that ensure high-confidence labels and nontrivial
di!culty. The pipeline covers transformations ranging from syntactic edits to structural
modifications and algorithmic equivalence.

• Evaluation and Analysis: We evaluate 19 tate-of-the-art models on EquiBench. In the
two most challenging categories, the best accuracies are only 63.8% and 76.2%, highlighting
fundamental limitations. Our analysis shows that models often rely on superficial form features
rather than demonstrating robust reasoning about program semantics.

5.2 Related Work

LLM Reasoning Benchmarks Extensive research has evaluated LLMs’ reasoning capabilities
across diverse tasks [45, 118, 26, 188, 321, 111, 272, 33, 44, 309]. In the context of code reasoning, i.e.,
predicting a program’s execution behavior without running it, CRUXEval [94] focuses on input-output
prediction, while CodeMind [162] extends evaluation to natural language specifications. Another
line of work seeks to improve LLMs’ code simulation abilities through prompting [141] or targeted
training [163, 192, 61, 35]. Unlike prior work that tests LLMs on specific inputs, our benchmark
evaluates their ability to reason over all inputs.

Equivalence Checking Equivalence checking underpins applications such as performance opti-
mization [233, 50, 51], code transpilation [174, 303, 122, 199], refactoring [198], and testing [78, 251].
Due to its undecidable nature, no algorithm can decide program equivalence for all program pairs
while always terminating. Existing techniques [228, 54, 101, 189, 42, 15] focus on specific domains,
such as SQL query equivalence [312, 60, 236]. EQBENCH [16] and SeqCoBench [182] are the main
datasets for equivalence checking, but have limitations. EQBENCH is too small (272 pairs) for
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LLM evaluation, while SeqCoBench relies only on statement-level syntactic changes (e.g., renaming
variables). In contrast, our work introduces a broader set of equivalence categories, creating a more
systematic and challenging benchmark.

5.3 Benchmark Construction

While we have so far discussed the standard notion of equivalence, namely that two programs produce
the same output on any input, each benchmark category adopts a more precise definition tailored to
its domain. All follow the principle of “producing the same output given the same input,” but the
exact criteria di"er. For example, the CUDA category tolerates small discrepancies from floating-
point rounding rather than requiring strict bit-level equivalence. These definitions are grounded in
real-world use cases and chosen to capture practical notions of equivalence in each setting. For each
category, we provide the corresponding definition in the prompt when testing LLM reasoning. We
describe how we generate (in)equivalent pairs across the six categories as follows:

• DCE: C program pairs generated via the compiler’s dead code elimination (DCE) pass
(Section 5.3.1).

• CUDA: CUDA program pairs created by applying di"erent scheduling strategies using a tensor
compiler (Section 5.3.2).

• x86-64: x86-64 assembly program pairs generated by a superoptimizer (Section 5.3.3).

• OJ_A, OJ_V, OJ_VA: Python program pairs from online judge submissions, featuring
algorithmic di"erences (OJ_A), variable-renaming transformations (OJ_V), and combinations
of both (OJ_VA) (Section 5.3.4).

5.3.1 Pairs from Program Analysis (DCE)

Dead code elimination (DCE), a compiler pass, removes useless program statements. After DCE, the
remaining statements in the modified program naturally correspond to those in the original program.

Definition of Equivalence. Two programs are considered equivalent if, when executed on the
same input, they always have identical program states at all corresponding points reachable by
program execution. We expect language models to identify di"erences between the two programs,
align their states, and determine whether these states are consistently identical.

Example. Figure 5.2 illustrates an equivalent pair of C programs. In the left program, the condition
(p1 == p2) compares the memory address of the first element of the array b with that of the static
variable c. Since b and c reside in di"erent memory locations, this condition can never be satisfied.
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char b[2];
static int c = 0;

int main() {
  char* p1 = &b[0];
  int*  p2 = &c;
  ...
  if (p1 == p2) {
   // code eliminated
  }
  return 0;
}

char b[2];
static int c = 0;

int main() {
  char* p1 = &b[0];
  int*  p2 = &c;
  ...
  if (p1 == p2) {
     // dead code
     c = 1;
  }
  return 0;
}

Figure 5.2: An equivalent pair from the DCE category in EquiBench. In the left program, c = 1 is
dead code that has no e"ect on the program state and is removed in the right program. Such pairs
are generated using the Dead Code Elimination (DCE) pass in compilers.

__global__ void GEMV(const float* A,
                     const float* x,
                     float* y, 
                     int R,
                     int C) {
    
    // Calculate the row index
    // assigned to the thread
    int r = blockIdx.x * blockDim.x
            + threadIdx.x;

    // Return if out of bounds
    if (r >= R) return;
    float s = 0.0f;

    for (int c = 0; c < C; c++) {
        s += A[r * C + c] * x[c];
    }

    y[r] = s;
}

__global__ void GEMV(const float* A, const float* x,
                     float* y, int R, int C) {
    __shared__ float tile[32]; // tiling with shared memory
    int r = blockIdx.x * blockDim.x + threadIdx.x;
    bool valid = (r < R);
    float s = 0.0f;
    for (int start = 0; start < C; start += 32) {
        for (int i = threadIdx.x; i < 32; i += blockDim.x) {
            int c = start + i;
            if (c < C) tile[i] = x[c]; // load x into tile
        }
        __syncthreads();
        if (valid) {
            for (int j = 0; j < min(32, C - start); j++) {
                s += A[r * C + (start + j)] * tile[j];
            }
        }
        __syncthreads();
    }
    if (valid) y[r] = s;
}

Figure 5.3: An equivalent pair from the CUDA category in EquiBench. Both programs perform
matrix-vector multiplication (y = Ax). The right-hand program uses shared memory tiling to improve
performance. Tensor compilers are utilized to explore di"erent scheduling strategies, automating the
generation.

As a result, the assignment c = 1 is never executed in the left program and is removed in the right
program.

Automation. This reasoning process is automated by compilers through alias analysis, which
statically determines whether two pointers can reference the same memory location. Based on
this analysis, the compiler’s Dead Code Elimination (DCE) pass removes code that does not a"ect
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program semantics to improve performance.

Dataset Generation. We utilize CSmith [302] to create an initial pool of random C programs.
Building on techniques from prior compiler testing research [250], we implement an LLVM-based
tool [145] to classify code snippets as either dead or live. Live code is further confirmed by executing
random inputs with observable side e"ects. Equivalent program pairs are generated by eliminating
dead code, while inequivalent pairs are generated by removing live code.

5.3.2 Pairs from Compiler Scheduling (CUDA)

Definition of Equivalence. Two CUDA programs are considered equivalent if they produce the
same mathematical output for any valid input, disregarding floating-point rounding errors. This
definition di"ers from that in Section 5.3.1, as it does not require the internal program states to be
identical during execution.

Example. Figure 5.3 shows an equivalent CUDA program pair. Both compute matrix-vector mul-
tiplication y = Ax, where A has dimensions (R, C) and x has size C. The right-hand program applies
the shared memory tiling technique, loading x into shared memory tile (declared with __shared__).
Synchronization primitives __syncthreads() are properly inserted to prevent synchronization issues.

Automation. The program transformation can be automated with tensor compilers, which provide
a set of schedules to optimize loop-based programs. These schedules include loop tiling, loop fusion,
loop reordering, loop unrolling, vectorization, and cache optimization. For any given schedule,
the compiler can generate the transformed code. While di"erent schedules can significantly impact
program performance on the GPU, they do not a"ect the program’s correctness (assuming no compiler
bugs), providing the foundation for automation.

Dataset Generation. We utilize TVM as the tensor compiler [36] and sample tensor program
schedules from TenSet [316] to generate equivalent CUDA program pairs. Inequivalent pairs are
created by sampling code from di"erent tensor programs.

5.3.3 Pairs from a Superoptimizer (x86-64)

Definition of Equivalence. Two x86-64 assembly programs are considered equivalent if, for
any input provided in the specified input registers, both programs produce identical outputs in
the specified output registers. Di"erences in other registers or memory are ignored for equivalence
checking.
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size_t popcnt(uint64_t x) {
  int res = 0;
  for ( ; x > 0; x >>= 1 ) {
    res += x & 0x1ull;
  }
  return res;
}

.L0:
  xorl  %eax, %eax
  testq %rdi, %rdi
  je    .L2
.L1:
  movq  %rdi, %rdx
  andl  $0x1, %edx
  addq  %rdx, %rax
  shrq  $0x1, %rdi
  jne   .L1
  retq
.L2:
  retq

.L0:
  popcnt %rdi, %rax
  retq
   

Compiler Superoptimizer

Figure 5.4: An equivalent pair from the x86-64 category in EquiBench. Both programs are compiled
from the same C function shown above, the left using a compiler and the right using a superoptimizer.
The function counts the number of set bits in the input %rdi register and stores the result in %rax.
Their equivalence has been formally verified by the superoptimizer.

Example. Figure 5.4 shows an example of an equivalent program pair in x86-64 assembly. Both
programs implement the same C function, which counts the number of bits set to 1 in the variable x

(mapped to the %rdi register) and stores the result in %rax. The left-hand program, generated by
GCC with O3 optimization, uses a loop to count each bit individually, while the right-hand program,
produced by a superoptimizer, leverages the popcnt instruction, a hardware-supported operation for
e!cient bit counting. The superoptimizer verifies that both programs are semantically equivalent.
Determining this equivalence requires a solid understanding of x86-64 assembly semantics and the
ability to reason about all possible bit patterns.

Automation. A superoptimizer searches a space of programs to find one equivalent to the target.
Test cases e!ciently prune incorrect candidates, while formal verification guarantees the correctness
of the optimized program. Superoptimizers apply aggressive and non-local transformations, making
semantic equivalence reasoning more challenging. For example, in Figure 5.4, while a traditional
compiler translates the loop in the source C program into a loop in assembly, a superoptimizer
can find a more optimal instruction sequence by leveraging specialized hardware instructions. Such
transformations are beyond the scope of traditional compilers.
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def fib(n):
  a, b = 0, 1
  for _ in range(n):
    a, b = b, a + b
  return a

def f(n):
  if n <= 1:
    return n
  return f(n-1)
         + f(n-2)

Problem Description:
Given an integer n, compute the
n-th Fibonacci number:

F(0) = 0
F(1) = 1
F(n) = F(n-1) + F(n-2) for n ≥ 2

Input:
A single integer n
(0 ≤ n ≤ 10000).

Output:
Output a number.

Algorithmic
Equivalence

def var2(q):
  if q <= 1:
    return q
  return var2(q-1)
         + var2(q-2)

OJ_A
Category

def func(x):
  m, n = 0, 1
  for _ in range(x):
    m, n = n, m + n
  return m

Variable Renaming
OJ_V Category

OJ_VA
Category

Both

Figure 5.5: Equivalent pairs from the OJ_A, OJ_V, OJ_VA categories in EquiBench. OJ_A pairs
demonstrate algorithmic equivalence, OJ_V pairs involve variable renaming transformations, and
OJ_VA pairs combine both types of variations.

Dataset Generation. We use Stoke [216] to generate program pairs. Assembly programs are
sampled from prior work [137], and Stoke applies transformations to produce candidate programs. If
verification succeeds, the pair is labeled as equivalent; if the generated test cases fail, it is labeled as
inequivalent.

5.3.4 Pairs from Programming Contests

Definition of Equivalence. Two programs are considered equivalent if they solve the same
problem by producing the same output for any valid input, as defined by the problem description.
Both programs, along with the problem description, are provided to determine equivalence.

Example. Given the problem description in Figure 5.5, all four programs are equivalent as
they correctly compute the nth Fibonacci number. The OJ_A pairs demonstrate algorithmic
equivalence—the left-hand program uses recursion, while the right-hand program employs a for-loop.
The OJ_V pairs are generated through variable renaming, a purely syntactic transformation
that obscures the program’s semantics by removing meaningful variable names. The OJ_VA pairs
combine both algorithmic di"erences and variable renaming.
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Category Language # Pairs Lines of Code

Min Max Avg.

DCE C 400 98 880 541
CUDA CUDA 400 46 1733 437
x86-64 x86-64 400 8 29 14
OJ_A Python 400 3 3403 82
OJ_V Python 400 2 4087 70
OJ_VA Python 400 3 744 35

Table 5.1: Statistics of the EquiBench dataset.

Dataset Generation. We sample Python submissions using a publicly available dataset from
Online Judge (OJ) [208]. For OJ_A pairs, accepted submissions are treated as equivalent, while pairs
consisting of an accepted submission and a wrong-answer submission are considered inequivalent.
Variable renaming transformations are automated with an open-source tool [86].

5.4 Experimental Setup

Dataset. EquiBench consists of 2,400 program pairs across six equivalence categories, each with
200 equivalent and 200 inequivalent pairs. Table 5.1 summarizes the statistics of program lengths.
Constructing the program pairs required substantial systems e"ort. For example, for the DCE
category, we developed a 2,917-line LLVM-based tool, including 1,472 lines in C and C++, with alias
analysis and path feasibility analysis to accurately classify live and dead code.

Prompts. The 0-shot evaluation is conducted using the prompt “You are here to judge if two
programs are semantically equivalent. Here equivalence means {definition}. [Program 1]: {code1}
[Program 2]: {code2} Please only output the answer of whether the two programs are equivalent
or not. You should only output Yes or No.” The definition of equivalence and the corresponding
program pairs are provided for each category. Additionally, for the categories of OJ_A, OJ_V, and
OJ_VA, the prompt also includes the problem description.

5.5 Results

5.5.1 Model Accuracy

Table 5.2 shows the accuracy results for 19 state-of-the-art large language models on EquiBench
under zero-shot prompting. Our findings are as follows:

Reasoning models achieve the highest performance. As shown in Table 5.2, reasoning
models such as OpenAI o3-mini, DeepSeek R1, and o1-mini significantly outperform all others in our
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Model DCE CUDA x86-64 OJ_A OJ_V OJ_VA Overall

Random Baseline 50.0 50.0 50.0 50.0 50.0 50.0 50.0
Llama-3.2-3B-Instruct-Turbo 50.0 49.8 50.0 51.5 51.5 51.5 50.7
Llama-3.1-8B-Instruct-Turbo 41.8 49.8 50.5 57.5 75.5 56.8 55.3
Mistral-7B-Instruct-v0.3 51.0 57.2 73.8 50.7 50.5 50.2 55.6
Mixtral-8x7B-Instruct-v0.1 50.2 47.0 64.2 59.0 61.5 55.0 56.1
Mixtral-8x22B-Instruct-v0.1 46.8 49.0 62.7 63.5 76.0 62.7 60.1
Llama-3.1-70B-Instruct-Turbo 47.5 50.0 58.5 66.2 72.0 67.5 60.3
QwQ-32B-Preview 48.2 50.5 62.7 65.2 71.2 64.2 60.3
Qwen2.5-7B-Instruct-Turbo 50.5 49.2 58.0 62.0 80.8 63.0 60.6
gpt-4o-mini-2024-07-18 46.8 50.2 56.8 64.5 91.2 64.0 62.2
Qwen2.5-72B-Instruct-Turbo 42.8 56.0 64.8 72.0 76.5 70.8 63.8
Llama-3.1-405B-Instruct-Turbo 40.0 49.0 75.0 72.2 74.5 72.8 63.9
DeepSeek-V3 41.0 50.7 69.2 73.0 83.5 72.5 65.0
gpt-4o-2024-11-20 43.2 49.5 65.2 71.0 87.0 73.8 65.0
claude3.5-sonnet-2024-10-22 38.5 62.3 70.0 71.2 78.0 73.5 65.6
claude3.7-sonnet-2025-04-16 40.5 63.8 64.8 70.5 89.2 73.5 67.0
o1-mini-2024-09-12 55.8 50.7 74.2 80.0 89.8 78.8 71.5
DeepSeek-R1 52.2 61.0 78.2 79.8 91.5 78.0 73.5
o3-mini-2025-01-31 68.8 59.0 84.5 84.2 88.2 83.2 78.0
o4-mini-2025-04-16 76.2 60.8 83.0 89.0 96.5 88.5 82.3

Mean 49.0 53.4 66.7 68.6 78.1 68.5 64.0

Table 5.2: Accuracy of 19 models on EquiBench under 0-shot prompting. We report accuracy for
each of the six equivalence categories along with the overall accuracy.

evaluation. This further underscores the complexity of equivalence checking, where reasoning models
exhibit a distinct advantage.

EquiBench is a challenging benchmark. Among the 19 models evaluated, OpenAI o4-mini
achieves only 60.8% in the CUDA category despite being the top-performing model overall, with an
accuracy of 82.3%. For the two most di!cult categories, the highest accuracy across all models is
63.8% and 76.2%, respectively, only modestly above the random baseline of 50% accuracy for binary
classification, highlighting the substantial room for improvement.

Scaling up models improves performance. Larger models generally achieve better performance.
Figure 5.6 shows scaling trends for the Qwen2.5, Llama-3.1, and Mixtral families, where accuracy
improves with model size. The x-axis is on a logarithmic scale, highlighting how models exhibit
consistent gains as parameters increase.

5.5.2 Di"culty Analysis

We conduct a detailed di!culty analysis across equivalence categories and study how syntactic
similarity influences model predictions.
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Di"culty by Transformation Type. Each category adopts a specific definition of equivalence
(see Section 5.3), and the program transformations used in each category di"er accordingly. We
find that purely syntactic transformations are substantially easier for models, while structural and
compiler-involved transformations are much harder. Specifically, OJ_V (variable renaming) achieves
the highest mean accuracy of 78.1%, as it only requires surface-level reasoning. OJ_A (algorithmic
equivalence) and OJ_VA (variable renaming combined with algorithmic di"erences) achieve similar
accuracies of 68.6% and 68.5%, respectively. Additionally, for the OJ_A category, since we do not
impose strict constraints on algorithmic di"erences between program pairs, it may also make the
task easier for models if the two submissions are close. In contrast, x86-64 (66.7%) and CUDA
(53.4%) involve complex instruction-level or memory-level transformations, requiring deeper semantic
reasoning. DCE (dead code elimination) is the most di!cult category, with a mean accuracy of
49.0%, suggesting that models struggle with nuanced program analysis concepts. We further discuss
the possibility of dataset contamination below, which may also a"ect model accuracy across di"erent
categories.

Possibility of Dataset Contamination. We observe that the categories OJ_V (variable
renaming), OJ_A (algorithmic equivalence), and OJ_VA (variable renaming combined with
algorithmic di"erences) achieve the highest accuracy. The programs in these categories are sourced
from programming contests via the CodeNet dataset [208]. Since CodeNet is designed to help AI
systems learn code understanding and improvement, it is likely that these programs appear in the
training data of many LLMs, which may contribute to their strong performance on these categories.

Di"culty by Syntactic Similarity. To assess whether LLM predictions reflect understanding of
program semantics rather than reliance on surface-level syntax, we analyze how syntactic similarity
a"ects model behavior. Using Moss [217], a plagiarism detection tool, we observe the following:

• For program pairs with low syntactic similarity, models tend to predict “inequivalent,” even
when the programs are semantically equivalent. This suggests an overreliance on the superficial
form of the code.

• For syntactically similar pairs, models are more likely to predict “equivalent,” indicating a
tendency to associate similarity in form with equivalence in program semantics.

We validate this trend through statistical testing: at significance level (ς = 0.05), model accuracy
on equivalent pairs increases with syntactic similarity, while accuracy on inequivalent pairs decreases.
This disconnect between syntactic form and execution behavior, as discussed in Section 5.1, suggests
that models do not fully grasp program semantics.
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Figure 5.6: Scaling Trend on EquiBench. Models exhibit consistent gains as parameters increase.

Implications for Benchmark Design. These findings suggest that future benchmarks should
emphasize syntactically dissimilar yet equivalent program pairs and syntactically similar yet inequiva-
lent program pairs to create more challenging and diagnostic benchmarks for evaluating the deep
semantic reasoning capabilities of LLMs.

5.5.3 Bias in Model Prediction

We evaluate the prediction bias of the models and observe a pronounced tendency to misclassify
equivalent programs as inequivalent in the CUDA and x86-64 categories. Table 5.3 presents the
results for four representative models, showing high accuracy for inequivalent pairs but significantly
lower accuracy for equivalent pairs.

The bias in the CUDA category arises from extensive structural transformations, such as loop
restructuring and shared memory optimizations, which make paired programs appear substantially
di"erent. In the x86-64 category, superoptimization applies non-local transformations to achieve
optimal instruction sequences, introducing aggressive code restructuring that complicates equivalence
reasoning and leads models to misclassify equivalent pairs as inequivalent frequently.

5.5.4 Prompting Strategies Analysis

We study few-shot in-context learning and Chain-of-Thought (CoT) prompting, evaluating four
strategies: 0-shot, 4-shot, 0-shot with CoT, and 4-shot with CoT. For 4-shot, prompts include 2
equivalent and 2 inequivalent pairs. Table 5.4 shows the results.

Our key finding is that prompting strategies barely improve performance on EquiBench, high-
lighting the di!culty of understanding program semantics.
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Model
CUDA x86-64

Eq Ineq Eq Ineq

Random Baseline 50.0 50.0 50.0 50.0
o3-mini 27.5 90.5 69.5 99.5
o1-mini 2.5 99.0 50.0 98.5
DeepSeek-R1 28.0 94.0 57.5 99.0
DeepSeek-V3 8.5 93.0 44.0 94.5

Table 5.3: Accuracies on equivalent and inequivalent pairs in the CUDA and x86-64 categories under
0-shot prompting, showing that models perform significantly better on inequivalent pairs. Random
guessing serves as an unbiased baseline for comparison.

Model 0S 4S 0S-CoT 4S-CoT

o1-mini 71.5 71.5 71.9 71.9

gpt-4o 65.0 66.5 62.5 62.7
DeepSeek-V3 65.0 66.9 63.3 62.5
gpt-4o-mini 62.2 63.5 60.2 61.2

Table 5.4: Accuracies of di"erent prompting techniques. We evaluate 0-shot and 4-shot in-context
learning, both without and with Chain-of-Thought (CoT). Prompting strategies barely improve
performance.

5.6 Discussion and Future Directions

Scope and Positioning Machine learning has been applied to many code-related tasks, such
as clone detection [274], code search [90], and bug finding [58]. EquiBench focuses on equivalence
checking, which di"ers fundamentally by evaluating a model’s understanding of program semantics.
Unlike natural language, code is executable, and its correctness depends on execution results rather
than form. For example, clone detection captures syntactic or structural similarity without considering
behavior. In contrast, EquiBench tests whether two programs produce the same outputs for all
inputs, o"ering an informative benchmark for reasoning about program behavior.

Developer Use Cases EquiBench evaluates whether LLMs truly understand program semantics,
a capability that underpins downstream tasks such as program optimization, software refactoring,
and transpilation. These tasks are central to practical scenarios where coding assistants must propose
improvements or transformations without changing program behavior. For example, after a developer
performs a refactoring, a coding assistant that performs well on EquiBench would be better positioned
to judge whether the transformed code preserves the same functionality as the original.

Labeling Soundness To ensure high-assurance equivalence labels, EquiBench relies on transfor-
mations grounded in program analysis, compiler scheduling, and superoptimization, all of which o"er
strong soundness guarantees. In contrast, approaches such as random testing [127], similarity-based
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tools [235], and refactoring datasets lack formal guarantees and risk introducing incorrect labels.

Design and Extensibility EquiBench is designed with modularity in mind: each equivalence cat-
egory corresponds to a distinct class of program transformations. Demonstrating strong performance
in these settings would indicate that LLMs could support some components of compiler pipelines
(e.g., dead code elimination (DCE) as a core compiler optimization, or CUDA program scheduling
for high-performance ML systems). We focus on the six categories where large-scale, high-confidence
labels can be generated automatically. That said, equivalence checking is a general task that is
applicable to all programming languages. We view our benchmark as a first step, and its modular
design allows future extension to additional categories and languages.

Evaluation of Reasoning Trace While our evaluation centers on binary classification, under-
standing the rationale behind model predictions is an important direction. Explanations may take the
form of natural language or formal proofs, but verifying their correctness remains di!cult. Natural
language lacks reliable automated validation, since using LLMs as judges can produce unsound results.
Building a proof-based evaluation framework using tools such as Lean is also highly nontrivial. We
present a manual case analysis of reasoning trace correctness in Section 6.5.5 and leave automated
robust evaluation of reasoning as future work.

E!ect of Fine-Tuning We tested whether supervised fine-tuning improves performance. Fine-
tuning Qwen2.5-14B-Instruct with LoRA for 3 epochs on 1,200 labeled examples increased accuracy
from 59.8% to 63.2%. The small gain suggests that binary labels alone provide limited learning signals
for reasoning about program semantics. Prior work has explored training with program execution
traces to better capture execution behavior. We conducted an additional experiment to evaluate
the training approach from SemCoder [61]. The base model (DeepSeek-Coder-6.7B) achieves 49.9%
accuracy on our benchmark, and the fine-tuned model released by SemCoder reaches 54.9%. While
this shows some benefit, the improvement remains modest. These results support our broader claim:
EquiBench presents a di!cult and meaningful challenge even for fine-tuned models, and deeper
semantic understanding remains out of reach for current approaches.

Future Directions We believe EquiBench can inform future research on task-specific training
methods, including: (1) distilling reasoning traces from stronger models, (2) scaling training with
larger datasets generated through our pipeline, (3) developing agentic approaches where LLMs
actively execute and compare programs using tools (e.g., a Python interpreter) to generate inputs
that expose di"erences, (4) applying reinforcement learning with execution-based feedback, and (5)
creating datasets with program analysis concepts (see Section 6.5.5) for training LLMs.
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5.7 Conclusion

EquiBench is a benchmark for evaluating whether large language models (LLMs) truly understand
program semantics. We propose the task of equivalence checking, which asks whether two programs
produce identical outputs for all possible inputs, as a direct way to test a model’s ability to reason
about program behavior. The dataset consists of 2400 program pairs across four languages and six
categories, constructed through a fully automated pipeline that provides high-confidence labels and
nontrivial di!culty. Our evaluation of 19 state-of-the-art LLMs shows that even the best-performing
models achieve only modest accuracy in the most challenging categories. Further analysis shows that
LLMs often rely on syntactic similarity instead of demonstrating robust reasoning about program
semantics, underscoring the need for further advances in the semantic understanding of programs.



Chapter 6

Evaluating Inductive Reasoning via

Program Synthesis

6.1 Introduction

Inductive reasoning, i.e., the ability to identify patterns and form abstractions from limited examples,
is widely recognized as a fundamental aspect of human intelligence [108, 294]. In the context
of programming, inductive reasoning underpins the task of synthesizing functions that satisfy
given input-output examples and generalize to unseen inputs. This task, commonly referred to as
inductive program synthesis or programming by example [180, 191, 83, 155], has broad application
domains [259, 56].

Recent advances in Large Language Models (LLMs) have led to the emergence of autonomous
agents capable of decision-making, multi-step planning, tool use, and iterative self-improvement
through interaction and feedback [38, 172, 170, 99, 282]. While much of the existing work focuses on
programming tasks guided by natural language [34, 13, 128, 124], we study a fundamentally di"erent
problem: inductive program synthesis, where the objective is to infer the target program solely from
input-output examples. This setting provides a more rigorous test of inductive reasoning capabilities,
as it eliminates natural language descriptions that can trigger retrieval-based completions memorized
during model training.

Designing an e"ective evaluation protocol for inductive program synthesis with LLMs is inher-
ently challenging, as multiple valid functions may satisfy a given set of input-output examples (as
demonstrated in Section 6.5.2). The state-of-the-art protocol [155], which evaluates synthesized
functions on held-out test cases after presenting 10 fixed input-output examples, has several notable
limitations. First, a small, static set of input-output examples may underspecify the target functions,
especially for those with complex logic. Moreover, held-out tests may fail to reveal subtle semantic
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Figure 6.1: Overview of CodeARC. Our framework evaluates LLMs’ reasoning capabilities in inductive
program synthesis. The agent begins with input-output examples, interacts with a hidden target
function via function calls, and uses a di"erential testing oracle to check the correctness of the
synthesized function for self-reflection and refinement.

discrepancies between the generated and intended implementations. In addition, when the model
produces an incorrect solution, it receives no feedback and has no opportunity to revise or explore
alternatives. Finally, existing benchmarks for inductive program synthesis [95, 259, 276, 56, 155]
are focused on domain-specific tasks and do not assess the ability of LLMs to synthesize functions
written in general-purpose programming languages.

To address the limitations of existing evaluation protocols for inductive program synthesis, we
introduce CodeARC, the Code Abstraction and Reasoning Challenge, inspired by real-world scenarios
such as decompilation and reverse engineering [159, 181, 8]. In such settings, an agent is given a
binary executable (without source code) and must synthesize equivalent source code by observing
input-output behavior. Instead of relying on a fixed dataset, the agent can query the binary with
new inputs, invoke a di"erential testing oracle, and use counterexamples for iterative refinement.
This setup parallels the classic learnability framework of queries and counterexamples [9, 55], here
applied to program synthesis.

Figure 6.1 illustrates how CodeARC instantiates this process: LLM-based agents begin with an
initial set of input-output examples, query the ground-truth function for more examples, and debug
synthesized code using a di"erential testing oracle. We impose fixed budgets on both the number of
observable input-output examples and the number of testing oracle invocations for self-debugging.
The task requires agents to proactively generate inputs (function calls) and revise solutions based
on feedback (self-reflection). This interactive setup o"ers a more realistic alternative to prior static
evaluation protocols.

We construct the first comprehensive dataset for general-purpose inductive program synthesis,
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featuring 1114 functions with initial input-output examples. Our benchmark targets general pro-
gramming tasks and employs two state-of-the-art di"erential testing tools [177, 71] for correctness
evaluation.

Our experiments demonstrate that CodeARC poses a significant challenge for LLM-based inductive
program synthesis. Among the 18 models evaluated, OpenAI o3-mini performs the best overall, yet
only achieves 52.7% success rate. We further conduct ablation studies to analyze how budgets on
the number of input-output examples and oracle calls a"ect model performance. To enhance model
capabilities, we generate synthetic fine-tuning data with curated synthesis traces that capture the
reasoning steps. We show that supervised fine-tuning on LLaMA-3.1-8B-Instruct yields up to a 31%
relative performance improvement.

In summary, our contributions are as follows:

• Interactive evaluation protocol for inductive program synthesis. We introduce a setup
where agents start with fixed input-output examples but can generate new inputs to query ground-
truth functions and invoke a di"erential testing oracle to self-correct their solutions. This setup
brings the task closer to a real-world setting, e.g. reverse-engineering.

• General-purpose benchmark with extensive evaluation. We construct the first large-scale,
general-purpose benchmark for this task, including 1114 diverse functions. Among the 18 models
evaluated, o3-mini achieves the best overall performance but still only reaches a success rate of
52.7%.

• Synthetic data and fine-tuning. To boost model performance, we generate synthetic fine-tuning
data containing curated synthesis traces that capture both function invocations and reasoning steps.
We show that fine-tunining on LLaMA-3.1-8B-Instruct yields up to a 31% relative performance
improvement.

6.2 Related Work

Inductive Program Synthesis Traditional inductive program synthesis methods rely solely on
input-output examples, without natural language input. They focus on domain-specific tasks like
string and data transformations [95, 237, 292], SQL [259], visual programming [260], and quantum
computing [56]. These approaches typically define a domain-specific language and use tailored search
algorithms to prune the space e!ciently [84, 207, 81, 103, 184]. In contrast, we introduce the first
general-purpose program synthesis benchmark for LLM-powered agents.

LLM Benchmarks for Code Most LLM benchmarks, such as HumanEval+ [34, 167], MBPP+ [13,
167], APPS [110], and others [157, 168, 154, 123, 17, 193, 171, 65, 243, 323, 306, 143, 202, 254, 253,
270, 279], evaluate code generation from natural language. Beyond generation, tasks like I/O
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prediction [94, 162], execution prediction [163, 141, 192, 61], bug localization [242], and program
equivalence [264] have also been studied. In contrast, we focus on predicting function bodies purely
from input-output examples, without natural language. Prior work [155, 19] targets domain-specific
tasks, while we introduce a general-purpose benchmark with an interactive evaluation protocol.

LLM Benchmarks for Reasoning LLMs are widely benchmarked on reasoning tasks across
domains, including commonsense [246], mathematical [45], and logical [106, 185, 164, 200, 271].
Inductive reasoning, a core cognitive skill that generalizes from limited examples [108], is increasingly
studied in LLMs [150, 178, 288, 28, 224]. ARC [41] is a prominent benchmark for abstract pattern
induction. Our work shares this goal but is for inductive program synthesis.

LLM-powered Agents LLM-based agents have shown strong performance in domains like web
navigation [320, 322], code generation [310, 129], performance optimization [265, 269], and ML
experimentation [119]. They interact with environments, invoke functions, make decisions, and self-
reflect [179, 203, 289, 117, 231]. We introduce the first benchmark to systematically evaluate agents’
capabilities in inductive program synthesis, providing a rigorous testbed for inductive reasoning and
program synthesis.

6.3 Method

6.3.1 Problem Definition of Inductive Program Synthesis

We formalize the inductive program synthesis task as follows. Let f↔ be a hidden ground-truth
function that maps inputs x ↑ X to outputs y ↑ Y. The synthesizer is given an initial set of
input-output examples E0 = {(xi, yi)}ni=1, where yi = f↔(xi), and the goal is to synthesize a program
f̂ such that f̂ ⇐ f↔, i.e.,

↔x ↑ X , f̂(x) = f↔(x).

To evaluate whether a synthesized function f̂ is correct, we introduce a di"erential testing oracle
O. The oracle takes as input both the synthesized function f̂ and the hidden ground-truth function
f↔ and attempts to identify inputs on which their behaviors di"er. Formally, the oracle operates as
follows:

O(f↔, f̂) =





Pass, if ↔x ↑ Xtest, f̂(x) = f↔(x);

Fail(x), if ↙x ↑ Xtest such that f̂(x) ≃= f↔(x),

where Xtest ∝ X is a set of test inputs dynamically selected by the oracle.
Unlike fixed held-out test sets used in prior work, the di"erential testing oracle conditions on both

f↔ and the candidate f̂ , generating targeted inputs to expose discrepancies. On failure, it returns
a counterexample x ↑ Xtest such that f̂(x) ≃= f↔(x). Note that program equivalence checking is
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fundamentally undecidable, and thus no perfect oracle exists. To approximate oracle functionality, we
adopt two state-of-the-art di"erential testing tools, enabling a more robust and practical evaluation
than prior work or reliance on a single tool.

6.3.2 Interactive Evaluation Protocol for LLM Agents

To evaluate the capabilities of LLM-based agents in inductive program synthesis, we introduce an
interactive protocol. This protocol extends beyond static evaluation settings by enabling dynamic
interaction with the hidden ground-truth function and the di"erential testing oracle.

Initial Information. At the beginning of the task, the agent is provided with an initial set
of input-output examples E0 = {(xi, yi)}ni=1, as explained previously. This set serves as partial
information about the target function.

Action Space. During evaluation, the agent may take two types of actions. First, it may query
the ground-truth function f↔ at a chosen input x ↑ X , and obtain the corresponding output f↔(x),
thereby augmenting its observed set of input-output pairs. Second, it may synthesize a candidate
program f̂ and invoke the di"erential testing oracle O(f↔, f̂), which returns Pass if no discrepancies
are found on a dynamically generated test set, or Fail with a counterexample x ↑ Xtest such that
f̂(x) ≃= f↔(x).

Self-Reflection. If the oracle returns Fail, a counterexample ⇀, which is a tuple of (x, f̂(x), f↔(x))

will be provided to the agent. This counterexample helps the agent to self-reflect and revise its
current hypothesis, either by issuing additional queries f↔ or synthesizing new programs. The ability
to take such feedback is crucial for iterative refinement.

Budget Constraints. The agent operates under two budget parameters: Bio and Boracle. Bio

limits the total number of input-output examples that the agent can observe from the ground-truth
function f↔, while Boracle limits the number of invocations to the di"erential testing oracle O.

Evaluation Metrics. The task is considered successful if the final synthesized program f̂ , produced
within the given budgets, receives a Pass from the di"erential testing oracle O(f↔, f̂). We assess
LLM agent performance along two dimensions: correctness and e!ciency, prioritizing correctness.
Correctness is the success rate, i.e., the proportion of problems solved within the budget. E!ciency
is the average number of input-output queries and oracle invocations per problem.
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6.3.3 Benchmark Preparation

Our benchmark is designed to evaluate LLM agents on the inductive synthesis of general-purpose
Python programs. This contrasts with prior benchmarks that focus on domain-specific tasks
or programs written in domain-specific languages, such as string manipulation and SQL query
generation [293, 56, 155].

Programs for Synthesis. We curate a diverse collection of Python functions sampled from three
established code generation benchmarks: HumanEval [34], MBPP [13], and APPS [110]. HumanEval
and MBPP primarily consist of simple, entry-level programming tasks, whereas APPS contains more
challenging problems that resemble competition-level code exercises. Importantly, we extract only
the function bodies from these benchmarks and do not use any accompanying natural language
descriptions.

Annotated vs. Anonymized. To assess the extent to which function names help the LLM
agent synthesize the correct program, we construct two versions of the benchmark. In the annotated
version, function names that reflect the intended functionality of the task (e.g., is_palindrome) are
made available to the agent. In the anonymized version, all function names are replaced with a
generic identifier (i.e., solution). This design isolates the influence of identifier cues on synthesis
performance. We report results on both versions.

Initial Input-Output Examples. Each synthesis task includes 10 fixed input-output examples
that specify the target function’s expected behavior. We use GPT-4o to generate diverse inputs and
execute the original function to obtain the corresponding ground-truth outputs.

Synthetic Data Generation. We generate a synthetic dataset for fine-tuning (described in
more detail in Section 6.3.4) by first collecting 50 seed Python functions that are disjoint from the
evaluation set. Using these seeds, we prompt GPT-4o to synthesize a diverse set of new functions,
yielding 10,000 candidates. For each generated function, we additionally instruct GPT-4o to produce
10 representative inputs that expose the function’s behavior and highlight patterns in its input-output
relationships. These inputs are executed to verify the executability of the functions, and we discard
any that fail at this stage. To reduce redundancy, we deduplicate the dataset based on function
names, finally resulting in 5,405 unique Python functions used for fine-tuning.

6.3.4 Fine-Tuning on Synthetic Data

We evaluate whether fine-tuning on curated synthesis traces, which capture both function calls and
reasoning, improves LLM performance on CodeARC, using a distillation approach that imitates the
reasoning of a teacher model with access to f↔, the ground-truth function.



CHAPTER 6. EVALUATING INDUCTIVE REASONING VIA PROGRAM SYNTHESIS 72

During training, we first run the interactive evaluation protocol described in Section 6.3.2 with a
frozen teacher model. Unlike a standard evaluation, we prepend a set of task-specific instructions
Pf↑ to each teacher prompt. This prefix includes the function body of f↔ and explicitly instructs the
teacher to (1) query f↔ on informative inputs, (2) explain the rationale behind those queries, and (3)
synthesize the full implementation of f↔ only when confident that the correct logic can be inferred
from the accumulated input-output pairs. The student model, which is the only model we fine-tune,
learns to mimic the teacher’s reasoning and synthesis behavior without seeing the teacher’s prompt
that includes the target function.

We provide the teacher with access to f↔ because we find that, in many cases, the model struggles
to solve the task independently. Without knowledge of the ground truth, the teacher is often too weak
to generate meaningful queries or explanations, limiting the e"ectiveness of the resulting supervision.

While executing the evaluation protocol, we record the multi-turn conversation history CT , which
comprises the teacher model’s prompts and responses. Let n be the total number of turns in CT

and denote by xi the sequence of tokens in the ith turn. Furthermore, let p represent the number of
tokens in the teacher-specific instruction prefix Pf↑ .

We fine-tune the student model using a language modeling objective by minimizing the negative
log-likelihood of predicting the next token in CT :

L = ↘

n∑

i=1

|xi|∑

j=p+1

logP
(
xi
j | CT,<i, x

i
<j

)
.

Here, P
(
xi
j | CT,<i, xi

<j

)
denotes the probability of generating token xi

j given all tokens from
previous turns, CT,<i, and the tokens preceding xi

j in the current turn, xi
<j . By starting the inner

sum at j = p + 1, the teacher-specific instructions Pf↑ are excluded from the loss computation,
ensuring that the training signal comes only from the parts of CT available during inference.

6.4 Experiment Setup

Source Functions
Lines of Code

Min Max Avg

HumanEval+ 78 7 56 18.5
MBPP+ 131 2 21 3.9
APPS 905 2 74 9.5

Annotated 1114 2 74 9.5
Anonymized 1114 2 74 9.5

Table 6.1: Number of functions and lines of
code statistics for each benchmark source
across both dataset versions.

We construct two versions (annotated and anonymized)
of the 1114 Python functions, drawn from HumanEval+,
MBPP+ [167], and APPS [110]. Table 6.1 summarizes
key statistics. Unlike prior work in program synthesis
that often focuses on domain specific languages and
constrained settings, our benchmark consists of pro-
grams written in Python, a general-purpose language
that captures a broader range of real-world algorithms
and tasks.

For the main evaluation (Section 6.5.1), we provide
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Annotated Dataset Anonymized Dataset

Model #I/O # Oracle Success (%) #I/O # Oracle Success (%)

Llama-3.2-3B 28.3 1.9 11.0 29.3 2.0 4.8
Mixtral-8x7B 27.4 1.9 20.3 28.5 1.9 12.0
Llama-3.1-8B 28.0 1.8 19.3 28.6 1.9 13.7
Mixtral-8x22B 26.7 1.8 25.1 28.1 1.9 15.0
QwQ-32B 24.6 1.8 20.0 25.7 1.9 15.4
Qwen2.5-7B 26.9 1.8 29.2 28.3 1.9 15.8
Llama-3.2-11B 27.3 1.8 24.9 28.3 1.9 16.1
gpt-4o-mini 27.0 1.8 26.1 27.9 1.8 18.5
Llama-3.2-90B 26.2 1.8 28.4 27.7 1.9 19.7
Llama-3.1-70B 26.9 1.8 30.1 27.9 1.9 20.0
Qwen2.5-72B 25.5 1.7 30.1 27.1 1.8 21.6
Llama-3.1-405B 24.2 1.7 38.6 26.0 1.8 26.7
gpt-4o 23.4 1.7 37.8 25.2 1.8 28.7
DeepSeek-V3 23.7 1.7 37.7 25.1 1.8 29.5
claude3.7-sonnet 23.6 1.7 39.0 24.6 1.7 33.8
DeepSeek-R1 18.6 1.6 49.8 20.3 1.7 41.3
o1-mini 21.0 1.6 53.2 21.5 1.6 47.7
o3-mini 15.6 1.5 59.5 16.0 1.6 52.7

Table 6.2: Success rates of LLMs on CodeARC using both annotated and anonymized datasets.
We also report the average number of observed input-output examples and oracle invocations. All
open-source models are instruction-tuned.

10 initial input-output examples and set the query bud-
get to 30 input-output pairs and 2 oracle calls (Bio = 30, Boracle = 2), chosen based on practical
constraints such as API cost and runtime. Section 6.5.3 reports ablation studies on both budgets.
For supervised fine-tuning on synthetic reasoning trajectories, we use gpt-4o as the teacher model
and LLaMA-3.1-8B-Instruct as the student. We use two state-of-the-art di"erential testing tools,
Pynguin [177] and Mokav [71]. Empirically, the two tools produce identical outcomes on 75.4% of
problems. Mokav detects additional bugs in 18.8% of cases missed by Pynguin, while the reverse
holds in only 5.9%. Overall, using both tools yields a more reliable approximation of correctness in
the absence of a perfect oracle.

6.5 Results

6.5.1 Main Results

Table 6.2 shows the results for 18 large language models on CodeARC. The order is sorted based
on the success rate on the anonymized dataset. We also report the average number of observed
input-output examples and oracle invocations. Our findings are as follows:
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Figure 6.2: Scaling trend on CodeARC.

Reasoning models perform best. Reasoning models (o3-mini, o1-mini, DeepSeek-R1) achieve
the highest success rates, all exceeding 40% on the anonymized dataset. They also require fewer I/O
examples and oracle calls, indicating greater accuracy and e!ciency.

CodeARC is a challenging benchmark. Among the 18 evaluated models, only OpenAI’s
o3-mini achieves over 50% success on both datasets (i.e., 59.5% on the annotated and 52.7% on the
anonymized) while all other models fall short of this threshold. This underscores the di!culty of the
task and reveals the limitations of current models in inductive reasoning.

Anonymization of function names reduces performance, but trends persist. All models
show a modest drop in success rate on the anonymized dataset. However, the overall ranking remains
largely consistent. This suggests that while the presence of meaningful function names provides
some benefit, strong inductive reasoning remains the main factor behind high performance on this
synthesis benchmark.

Scaling up model size improves performance. Larger models generally achieve better perfor-
mance, as shown in Figure 6.2 (log-scale x-axis). All model families exhibit scaling trends, though
with varying consistency. Llama-3.1 scales steadily, while Llama-3.2 plateaus at larger sizes, likely
due to its multimodal focus. Qwen2.5 shows clearer scaling on anonymized data, where reasoning is
required over memorization, highlighting model size’s impact on generalization.

6.5.2 Do Initial Input-Output Examples Underspecify the Target Func-

tion?

To assess whether 10 input-output examples [155] su!ce to specify the target function, we evaluate
the first synthesized function of o3-mini, i.e., the strongest model in our study. Functions that pass
the initial examples but fail under oracle testing indicate under-specification, motivating the need
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Metric # Problems (%)

Pass1: Initial I/O Examples 1506 (67.6%)
Pass2: Testing Oracle 866 (38.9%)
! = Pass1 ↑ Pass2 640 (28.7%)

Table 6.3: Number of problems (in both
datasets) where the synthesized function
passes the initial examples compared to the
oracle.

Model
Success Rate (%)

10 I/O 20 I/O 30 I/O

o1-mini 43.7 49.6 50.5
o3-mini 51.3 53.8 56.1

Table 6.4: Success rates (%) with varying bud-
gets on the observable input-output examples
(on both datasets).

for additional examples or oracle-guided feedback. As shown in Table 6.3, 67.6% pass the initial
10 input-output example tests, but only 38.9% pass the oracle, revealing 640 cases (28.7%) where
the initial examples fail to uniquely specify the target function. These findings show that initial
input-output examples often under-specify program behavior, motivating additional queries and
oracle-guided feedback for reliable evaluation. This motivates the design of our interactive evaluation
protocol.

Figure 6.3: Success rates (%) of LLM models across varying numbers of oracle invocations.

6.5.3 Ablation Study: Input-Output Queries and Oracle Feedback

We perform two ablation studies to evaluate how varying the budgets for querying ground-truth
functions and invoking the oracle impacts performance.

E!ect of Input-Output Query Budget. We evaluate o3-mini and o1-mini with input-output
budgets of 10, 20, and 30, using the same setup as Section 6.5.1. Table 6.4 shows that success rates
improve consistently with more examples.
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E!ect of Oracle Invocation Budget. We vary the number of allowed oracle invocations and
report success rates in Figure 6.3 for four models on both datasets. More oracle calls consistently
improve performance, showing that counterexamples from di"erential testing are valuable for guiding
iterative refinement.

These results demonstrate that incorporating both querying mechanisms and oracle feedback
consistently enhances overall performance. This improvement underscores the importance of adopting
an interactive evaluation protocol rather than relying solely on static, one-shot evaluation approaches.

6.5.4 Performance of Fine-Tuned Models

Dataset
Success Rate (%)

Base Model Fine-Tuned Rel. !

Annotated 19.3 25.3 +31%
Anonymized 13.7 15.0 +9.5%

Table 6.5: Success rates of LLaMA-3.1-8B-Instruct and
its fine-tuned variant on annotated and anonymized
datasets. Fine-tuning improves performance, especially
on the annotated dataset.

Table 6.5 shows that fine-tuning the
LLaMA-3.1-8B-Instruct model on curated
synthesis traces yields consistent improve-
ments across both datasets. The larger gain
on the annotated variant suggests that fine-
tuning is particularly e"ective when seman-
tically informative identifiers are present.
Notably, this performance gap emerges de-
spite both datasets being evaluated under
the same model architecture and training
methodology discussed in Section 6.3.4. These results indicate that while fine-tuning helps, there
remains substantial room for further improvement. This suggests that future research may focus
on enhancing the quality and diversity of the fine-tuning dataset, particularly for the anonymized
variant, where gains are more limited. Another promising direction is to explore reinforcement
learning approaches [269] that optimize for higher synthesis success rates, potentially overcoming
limitations of supervised fine-tuning alone.

To assess whether fine-tuning a"ects general code generation capabilities, we additionally evaluate
the models on BigCodeBench [323]. Unlike our inductive program synthesis benchmark, Big-
CodeBench measures traditional code generation from natural language descriptions, covering diverse
function calls and library usage. Our synthetic fine-tuning dataset is constructed independently, with
no overlap with BigCodeBench, providing a clean test of the fine-tuned model’s performance on other
coding tasks.

On BigCodeBench, the base model achieves a pass@1 score of 40.1%, while the fine-tuned model
attains 39.6%, a marginal decrease of 0.5 percentage points. This aligns with prior findings on
catastrophic forgetting [139], a well-documented phenomenon in which training on a new task can
impair performance on previously learned ones. We consider this small degradation acceptable given
the gains in inductive program synthesis.
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def solution(l):
    return len(l) == len(set(l))

def solution(l):
    for i in range(len(l)):
        for j in range(i + 1, len(l)):
            if l[i] == l[j]:
                return False
    return True

New Invocations

Synthesized Function
Input Output

Initial Examples
Testing Oracle

Expected

Updated Function

[1, 2, 3, 4, 5] True

[1, 2, 2, 4, 5] False

['a', 'b', 'c', 'd', 'e'] True

[None, 0, "None"] True

Input Output

[1, [5,6], [5,6]] FalseTypeError

Unhashable
type: 'list'

Figure 6.4: Case Study. The model queries edge cases, synthesizes a comparison function, receives a
counterexample from the oracle, and corrects it with a set-based solution.

6.5.5 Case Study

Figure 6.4 shows an interaction trace from our benchmark. The model starts by querying the
ground-truth function with edge-case inputs, aiming to probe its behavior beyond the initial examples.
It then synthesizes a candidate solution using pairwise comparisons, which passes the given examples
but fails on a counterexample with unhashable elements. From the error message, the model correctly
infers that the ground-truth function raises a TypeError, while its own does not. On the second
attempt, it reasons that using a set simplifies the uniqueness check and synthesizes the correct
set-based function. This case illustrates how the model combines function invocation and oracle
feedback to perform inductive program synthesis.

6.6 Discussion

6.6.1 Results on BigCodeBench for Broader Domain Coverage

Our interactive protocol is domain-agnostic and readily extensible to any Python program. To
further increase the domain coverage, we extend the original CodeARC dataset with 200 Python
functions randomly sampled from BigCodeBench [323], which includes problems involving scientific
computing (e.g., NumPy, SciPy, pandas), machine learning libraries (e.g., sklearn), visualization
(e.g., matplotlib), and system libraries. This addition enhances domain diversity beyond traditional
algorithm-focused problems.

Table 6.6 shows that reasoning models (o3-mini, o1-mini) achieve lower success rates on Big-
CodeBench compared to their performance on the original CodeARC benchmarks. In contrast,
non-reasoning models perform better on BigCodeBench. We attribute this to the nature of Big-
CodeBench tasks, which often involve domain-specific APIs and library usage, where non-reasoning
models perform better. Notably, our fine-tuned model shows a substantial gain over the base model
on BigCodeBench, indicating that the model fine-tuned on synthesis reasoning traces can generalize
to unseen datasets.
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Model CodeARC (Original) BigCodeBench

LLaMA-3.1-8B Base 19.3 32.5
Fine-tuned LLaMA 25.3 40.0
gpt-4o 37.8 46.5
o1-mini 53.2 40.0
o3-mini 59.5 43.0

Table 6.6: Success rates (%) on the original CodeARC benchmark and BigCodeBench, which covers
diverse domains such as scientific computing and machine learning, extending beyond algorithm-
focused problems.

6.6.2 Impact of Providing Access to a Python Interpreter

Our default evaluation restricts access to external tools such as a Python interpreter, though the
CodeARC protocol can easily incorporate them via additional actions. To assess the impact, we
added a code execution action, updated the prompts, and evaluated 100 sampled problems from the
dataset.

Model w/o Interpreter w/ Interpreter

gpt-4o 48.5 46.0
o3-mini 69.0 71.0

Table 6.7: Success rates (%) with and without
access to a Python interpreter.

Results shown in Table 6.7 suggest that pro-
viding access to a Python interpreter does not
uniformly improve model performance. For in-
stance, while o3-mini benefits modestly (+2.0%),
gpt-4o’s performance slightly decreases (-1.5%).
This outcome highlights that expanding the
agent’s action space may sometimes lead to sub-
optimal behavior.

We note that internal code simulation is a natural part of the inductive program synthesis process.
Our benchmark is designed to evaluate inductive reasoning capability, and we believe that requiring
models to reason without relying on external execution tools remains a meaningful and challenging
setting.

6.7 Conclusion

We introduce CodeARC, a new framework for evaluating LLMs on inductive program synthesis
through interactive input generation and self-correction. Unlike static protocols, CodeARC allows
agents to query a ground truth function and use a di"erential testing oracle to get feedback for iterative
refinement. Designed to assess inductive reasoning from input-output examples, our benchmark covers
1114 diverse and general-purpose functions and evaluates 18 language models. The best-performing
model, OpenAI o3-mini, achieves a success rate of 52.7%. Fine-tuning LLaMA-3.1-8B-Instruct on
curated synthesis traces results in a 31% relative performance gain. CodeARC provides a more
realistic and challenging testbed for evaluating LLM-based inductive program synthesis.



Chapter 7

Conclusions

7.1 Summary

This dissertation investigates two complementary directions at the intersection of large language
models and software systems. The first direction examines how LLMs can be leveraged as optimizers
to improve the performance of software systems. The second direction focuses on evaluating the
limitations of LLMs in program reasoning through carefully designed benchmarks and evaluation
protocols. Together, these e"orts provide an integrated perspective on both the opportunities and
challenges of applying language models to core problems in systems and programming languages.

In the first part of the dissertation, we explore the use of LLMs across several performance-critical
system challenges. In Chapter 2, we demonstrate that LLMs can generate high-performance mapping
policies for parallel programs in the Legion runtime. Chapter 3 shows that LLMs can serve as e"ective
superoptimizers for assembly programs when fine-tuned using reinforcement learning. Chapter 4
investigates the use of LLMs for invariant synthesis to accelerate program verification.

In the second part of the dissertation, we focus on exposing the limitations of LLMs in program
reasoning through benchmark design. In Chapter 5, we introduce program equivalence checking as a
new benchmark for evaluating reasoning about program semantics. Finally, Chapter 6 studies the
inductive reasoning capabilities of LLMs through an interactive protocol on program synthesis.

7.2 Future Research Directions

Bridging LLM Code Generation and Formal Verification. The strong generation capabilities
of LLMs position formal verification to become increasingly important, establishing the “generate-
then-verify” paradigm as a dominant approach. While formal verification has historically been
applied to restricted domains—such as verifying access control policies in Amazon Web Services [14],
proving the correctness of cryptographic implementations [69], and establishing the equivalence of
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GPU kernels [66]—the advent of LLMs creates new opportunities for broader application. At the
same time, LLM-generated code lacks formal correctness guarantees, making verification even more
essential. For instance, the superoptimization work in this dissertation relies on test-based validation,
which, despite achieving high coverage, cannot provide the strong assurances a"orded by formal
verification. An important direction for future work is the development of frameworks that combine
the generative capabilities of LLMs with the rigor of formal verification. Such frameworks would
allow LLMs to propose candidate optimizations while formal methods ensure their soundness and
correctness. This integration could enable scalable and reliable program optimization where the
creativity of neural models is constrained by the guarantees of formal proof systems. We envision the
development of specialized verifiers tailored to diverse code generation domains: assembly programs,
GPU kernels at multiple abstraction levels (DSL, PTX, SASS), and performance-critical systems
including OS kernels [311], database management systems, and network stacks. By pairing LLM-
generated optimizations with domain-specific verification tools, we can achieve both the flexibility of
learned approaches and the soundness guarantees required for production deployment.

LLM-Driven System Design and Self-Evolution. A long-term and compelling vision is the
development of intelligent software systems that can self-improve and self-evolve. The automated
mapper generation work presented in this dissertation represents early steps in that direction,
demonstrating that systems can be optimized with minimal human intervention when LLMs are
paired with appropriate abstractions and feedback mechanisms. However, significant challenges and
opportunities for further automation remain. For instance, can LLMs propose suitable abstractions
and implement compilers on top of them, rather than relying on human-designed languages as
in the mapper generation chapter? Can LLMs learn to ask clarification questions when given
vague natural language descriptions of problems? Can they act as system designers, proactively
identifying ambiguities and proposing design alternatives? How should we design human-in-the-loop
systems that allow experts to provide guidance at critical decision points? Can LLMs create their
own feedback loops and iteratively refine their designs based on observed outcomes? There is
substantial ongoing research exploring whether LLMs can meaningfully contribute as mathematicians
or AI researchers [80]. We are interested in a parallel question: can LLM agents become systems
researchers—designing and implementing systems, self-evolving iteratively over time, and maintaining
software in response to new feature requests? And if so, how can we design such agents while ensuring
that human experts retain meaningful control and can engage in e"ective AI-guided collaboration?

Programming Language Design for Safer Code Generation. As LLMs become increasingly
capable of generating software, we anticipate a future in which language models write a substantial
portion of production code. This shift introduces new risks: LLMs can introduce subtle bugs, security
vulnerabilities, and undefined behaviors that may go undetected without careful review. To mitigate
these risks, it becomes essential to design programming languages and abstractions that constrain the
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space of errors a model can make, reducing the likelihood of unsafe code by construction. Current
LLMs have been trained predominantly on human-written code in dynamically typed or weakly typed
languages such as Python and JavaScript. However, we observe a growing trend toward languages
with stronger static guarantees, such as Rust, which enforces memory safety through its ownership
system, despite their steeper learning curves. We envision that future programming languages will
push this trajectory further, incorporating even more expressive type systems, dependent types, and
built-in verification capabilities that allow compilers to reject entire classes of errors before code
ever executes. Such languages would enable LLMs to produce code with stronger correctness and
safety properties by design, shifting the burden of verification from runtime testing to compile-time
guarantees. A practical challenge is that these safer languages may initially lack the large-scale
training corpora available for mainstream languages. However, techniques such as self-play [62],
synthetic data generation, and curriculum learning could enable LLMs to acquire proficiency in these
languages over time.

Semantic Learning of Programming Languages by LLMs. Language models are trained on
large corpora of code, yet as demonstrated in our chapter on equivalence checking, they do not fully
understand the semantics of programming languages. This observation raises two compelling research
directions. The first concerns evaluation: can we assess whether LLMs truly understand a language
by testing their ability to infer the language specification from example programs? Specifically,
given a su!cient number of programs, can an LLM learn the syntax, type system, and operational
semantics of a language, produce a formal specification, and generate a correct interpreter? Success
on such tasks would provide strong evidence of deep semantic understanding beyond superficial
pattern matching. The second direction concerns training methodology: what is the most e"ective
way to teach LLMs a new programming language? There remains limited understanding of which
types of training data are most e"ective for developing code capabilities, and how best to filter,
curate, and structure such data. We believe future research can address this by designing small,
novel languages and systematically experimenting with di"erent training strategies (e.g., varying data
composition, curriculum design, and learning objectives) to identify the most e!cient approaches for
language acquisition. Additionally, understanding how to optimally allocate computational resources
across pre-training, mid-training, and post-training phases remains an open and important question
for advancing LLM capabilities in learning programming languages.
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