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Resumo

Aprendizado de máquina tem sido aplicado com sucesso na resolução de tarefas de com-

pilação. No entanto, o treinamento desses modelos exige grandes conjuntos de dados

de referência. Essa dependência cria um gargalo em infraestruturas de compiladores

como o framework de Representação Intermediária Multi-Nı́vel (MLIR), pois dialetos

espećıficos de domı́nio frequentemente carecem de dados de treinamento em larga es-

cala. Para contornar essa limitação, demonstramos que a transferência de aprendizado

entre dialetos é viável e apresentamos uma cadeia de ferramentas de código aberto

para auxiliar desenvolvedores de compiladores MLIR a aplicar essa mesma metodolo-

gia em seus próprios compiladores. Utilizando representações de grafos ProGraML

e Redes Neurais em Grafos (GNNs), pré-treinamos um modelo em um dialeto base

com abundância de dados e o adaptamos para um dialeto-alvo com poucos dados

dispońıveis. O ponto central para a eficácia dessa metodologia está em identificar quais

componentes da GNN podem ser mantidos fixos entre os dialetos e quais precisam ser

ajustados para acomodar diferenças semânticas. Avaliamos esse pipeline prevendo o

tempo de treinamento e a acurácia de teste de 423.624 arquiteturas de redes neurais do

NASBench. Para simular um cenário realista com restrição de dados, pré-treinamos o

modelo em 228.757 grafos stablehlo e o refinamos com 25.417 grafos linalg. O mod-

elo stablehlo-linalg resultante alcança um RMSE aproximadamente 50% menor do

que um modelo treinado exclusivamente no conjunto limitado de dados linalg, além

de reduzir o tempo de convergência.

Palavras-chave: MLIR. ProGraML. Redes Neurais em Grafos. Aprendizado por

Transferência. Adaptação de Domı́nio.



Abstract

Machine learning has been successfully used to solve compilation tasks. However,

training these models requires large benchmark datasets. This dependency creates

a bottleneck in compiler infrastructures such as the Multi-Level Intermediate Repre-

sentation (MLIR) framework, because domain-specific dialects often lack large-scale

training data. To address this limitation, we show that cross-dialect transfer learning

is possible and introduce an open-source toolchain to help MLIR compiler developers

use the same methodology in their compilers. Using ProGraML graph representations

and Graph Neural Networks (GNNs), we pre-train a model on a data-rich baseline

dialect and adapt it to a data-poor target dialect. Key to the effectiveness of this

methodology is identifying which GNN components can remain fixed across dialects

and which require tuning to adapt to semantic differences. We evaluate this pipeline

by predicting the training time and test accuracy of 423,624 NASBench neural net-

work architectures. To simulate a realistic data-constrained scenario, we pre-train the

model on 228,757 stablehlo graphs and fine-tune it on 25,417 linalg graphs. The

resulting stablehlo-linalg model achieves roughly 50% lower RMSE than a model

trained solely on the limited linalg dataset, while reducing convergence time.

Keywords: MLIR. ProGraML. Graph Neural Networks. Transfer Learning. Domain

Adaptation.
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Chapter 1

Introduction

Machine learning has become an important tool for program analysis and optimiza-

tion, enabling compilers to learn complex structural and semantic patterns directly

from code [Ashouri et al., 2018; da Silva et al., 2021; Fursin et al., 2008; Kulkarni

and Cavazos, 2012; Leather and Cummins, 2020; Monsifrot et al., 2002; Stephenson

et al., 2003; Trofin et al., 2021]. Stochastic models have been successfully applied to

tasks including optimization heuristics [da Silva et al., 2022] and performance pre-

diction [Cavazos and Moss, 2004; Wang and O’Boyle, 2010]. These approaches are

effective because they bypass manually designed analytical models and learn directly

from large collections of programs.

However, this effectiveness faces two challenges: availability and stability. The

first challenge concerns the availability of training data for machine learning mod-

els. This requirement is difficult to satisfy in domain-specific languages (DSLs) and in

customizable compiler infrastructures such as the MLIR [Lattner et al., 2021], where

new dialects can be created rapidly. As a result, many dialects lack sufficiently large

datasets to train accurate stochastic models. The second challenge concerns the sta-

bility of these representations. Domain-specific dialects evolve frequently because they

serve smaller and more specialized communities, making changes cheaper to introduce.

This issue is again particularly evident in the MLIR ecosystem, where several dialects

are explicitly designed for extensibility [Lücke et al., 2025]. Even small modifications

to an intermediate representation, such as adding or removing operations or types, may

invalidate previously trained models and require costly retraining, despite the strong

semantic similarity between the old and new representations.

Contributions. This thesis shows that machine learning models can be trained to

solve compilation tasks for MLIR dialects that lack large benchmark suites, provided

that related benchmarks exist for other, widely used dialects. To enable this transfer,

we combine two previous techniques: ProGraML [Cummins et al., 2021], a graph-

based representation of programs, and Graph Neural Networks (GNNs) [Scarselli et al.,

2009]. In our approach, ProGraML acts as a normalization layer for MLIR, providing

a common structural representation that abstracts away many dialect-specific details
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while preserving the essential data-flow and control-flow relationships of programs. A

GNN is then trained on this representation to learn general structural properties from

a data-rich source dialect.

The key insight of this work is that it is possible to apply the well-established

transfer learning methodology [Pan and Yang, 2010] across MLIR dialects. Transfer

learning adapts a model trained on a data-rich source domain to a related but data-

scarce target domain. In our setting, the modular structure of GNNs provides a natural

mechanism to support this adaptation by separating dialect-independent knowledge

from dialect-specific behavior. Chapter 3 shows that, when adapting a model to a

data-scarce target dialect, only the components that depend on dialect semantics need

to be retrained, while the remaining components can be kept fixed. This design pre-

serves the structural knowledge learned from the source dialect while enabling efficient

specialization to the target dialect using only a small number of examples.

Summary of Results: The proposed methodology has been implemented within

the MLIR ecosystem. Chapter 4 discusses its evaluation on two different problems:

predicting the training time and the test accuracy of neural network architectures.

This evaluation happens over thousands of models present in the NASBench [Ying

et al., 2019] suite. Specifically, we demonstrate accurate predictions by pre-training a

model on 228,757 programs given in the stablehlo dialect of MLIR and fine-tuning it

on 25,417 programs from the linalg dialect. Our results show that the adapted model

reduces errors by approximately 50% on the different problems compared to a model

trained solely on the limited target dataset. This result indicates that, at least in the

MLIR context, it is possible to solve compilation tasks even in brand new dialects that

still lack benchmarks. This possibility follows from three contributions, which this

work brings forward:

• Cross-Dialect Transfer Learning: The thesis establishes a methodology for

repurposing models trained on data-rich MLIR dialects for dialects with limited

benchmarking data, leveraging structural similarities maintained throughout the

lowering process.

• Fine-Tuning Strategy: The thesis identifies architectural components of

Graph Neural Networks that capture general program structure across dialects,

demonstrating that adapting only dialect-specific layers bridges semantic gaps

where zero-shot transfer fails.

• Tooling: This thesis provides an open-source transfer-learning pipeline that

can be adapted to different source and target dialects with little effort, thanks

to the structural uniformity imposed by MLIR across dialects, which ProGraML

captures as a graph representation.
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1.1 Background

The goal of this work is to show how a machine-learning model trained on a

data-rich MLIR dialect can be adapted to a data-scarce dialect. This section provides

intuition for the approach, explaining why and how knowledge learned from one dialect

can be effectively transferred to another.

1.1.1 The Multi-Level Intermediate Representation

MLIR [Lattner et al., 2021] is a compiler infrastructure designed to represent,

analyze, and transform programs through a hierarchy of intermediate representations.

It presents many dialects used in various domains, including linear algebra and tensor

computations, hardware design, and domain-specific optimizations for machine learning

and high-performance computing. Example 1.1 discusses one such dialect.

Figure 1.1: An MLIR program in the stablehlo dialect.

module {
  func.func @main(%arg0: tensor<1x3x5x5xf32>,
                  %arg1: tensor<8x3x3x3xf32>,
                  %arg2: tensor<1x8x3x3xf32>) -> tensor<1x8x3x3xf32> {

    // Convolution: input %arg0 with kernel %arg1
    %conv = stablehlo.convolution(%arg0, %arg1)
      dim_numbers = [b, f, 0, 1] x [o, i, 0, 1] -> [b, f, 0, 1],
      window = {stride = [1, 1], pad = [[0, 0], [0, 0]]}
      : (tensor<1x3x5x5xf32>, tensor<8x3x3x3xf32>) -> tensor<1x8x3x3xf32>

    // Elementwise multiplication
    %mul = stablehlo.multiply %conv, %arg2 : tensor<1x8x3x3xf32>

    // Elementwise addition
    %add = stablehlo.add %mul, %conv : tensor<1x8x3x3xf32>

    // Elementwise maximum
    %max = stablehlo.maximum %add, %mul : tensor<1x8x3x3xf32>

    return %max : tensor<1x8x3x3xf32>
  }
}

01
02
03
04
05
06
07
08
09
10
11
12
13
14
15
16
17
18
19
20
21
22
23

Source: Created by the author.

Example 1.1. The program in Figure 1.1 shows a simple MLIR program in the

stablehlo dialect. The program takes an input tensor and a convolution kernel, com-

putes their convolution, and then applies a sequence of elementwise operations. First,

the result of the convolution is multiplied by a second tensor. The program then adds

the original convolution result to this product, and finally computes the elementwise

maximum between these two intermediate values. The overall computation resem-

bles a small neural-network fragment combining convolution, scaling, and a non-linear

activation.
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1.1.2 Stochastic Compilation Tasks

Programming language processing systems, such as compilers, analyzers, and

interpreters, increasingly rely on stochastic models to solve language-related tasks.

This trend is not new: it can already be observed in the work of John Cavazos over

20 years ago [Cavazos and Moss, 2004; Cavazos and O’Boyle, 2005]. However, it has

experienced a revival in recent years [Ashouri et al., 2018; Wang and O’Boyle, 2018].

Today, a variety of compilation tasks are addressed using stochastic models, including

profile prediction [Moreira et al., 2021], the selection of optimization sequences [da Silva

et al., 2021, 2022], and the choice of hardware configurations [Wang and O’Boyle, 2010].

Example 1.2 illustrates one such task.

Example 1.2. Consider a concrete stochastic task: predicting the training time of neu-

ral network architectures expressed as MLIR programs. This is a practically important

task because, as Chen et al. [2018] explains, a reliable predictor can guide architecture

search, scheduling decisions, and optimization pipelines without fully training every

candidate model. To solve this problem using machine learning, we require a large and

representative corpus of programs paired with ground-truth measurements. A typi-

cal solution represents each program as a structured object. For instance, a graph

derived from its MLIR representation (e.g., Figure 1.1). This representation is then

used as input to a predictive model, such as a neural network, which learns to asso-

ciate program structure and operations with execution costs. Once trained, the model

can estimate the training time of unseen programs directly from their representation,

avoiding expensive full executions.

1.1.3 The Data Availability Challenge

As already mentioned before, solving compilation tasks via stochastic models

requires training data: collections of programs paired with observations about their be-

havior, such as execution time, resource usage, or other properties of interest. However,

obtaining such datasets can be difficult, particularly for new or specialized languages

or intermediate representations that suffer frequent updates. In the presence of lim-

ited data, stochastic models tend to produce less accurate predictions, which in turn

affects the quality of the compilation decisions they support. Example 1.3 illustrates

this limitation.

Example 1.3. Suppose we wish to train a Graph Neural Network (GNN) to predict

training time, as discussed in Example 1.2. If we train the setup evaluated in Chapter 4

using a dataset of 4,000 programs in the linalg dialect of MLIR, we obtain a Kendall’s
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τ of approximately 0.65 on the prediction task. This metric captures the correlation

between predicted and observed rankings: values close to one indicate near-perfect

agreement, whereas values close to zero indicate little or no predictive power. Thus,

τ = 0.65 suggests that the model captures some useful trends, but still makes many

incorrect comparisons. This performance is significantly below what can be achieved

with larger datasets. When trained on 400,000 programs, the same model attains

τ > 0.97, approaching near-perfect ranking accuracy.

The gap between what a data-starved model can learn and what is ultimately

achievable defines the problem addressed in this work. Example 1.3 illustrates that, in

the absence of sufficient data, models struggle to capture meaningful program proper-

ties. This limitation is pronounced in MLIR, where newly introduced dialects have a

small number of available benchmarks. However, MLIR is far larger than any single

dialect, and learning can be transferred among them!

1.1.4 Transfer Learning

MLIR encompasses a rich ecosystem of dialects, many of which are substantially

better populated than others. Importantly, these dialects are not independent: they are

often connected through the compilation pipeline, which progressively lowers programs

from high-level abstractions to more concrete operations. As a result, different dialects

may encode the same computation using different levels of detail, while still preserving

similar underlying structure.

This relationship creates an opportunity for transfer learning. Intuitively, a

model trained on a data-rich dialect can learn general properties of program structure

that remain valid across dialect boundaries, and can therefore be reused when analyzing

programs in a data-scarce dialect. This observation is central to our approach. A

concrete instance of this relationship can be observed between the stablehlo and

linalg dialects. Example 1.4 illustrates how the same computation can be expressed

in both dialects.

Example 1.4. Figure 1.2 shows a side-by-side listing of MLIR code for the same

convolution-scale-bias-ReLU block in the stablehlo (left) and the linalg (right) di-

alects. Both are used to represent neural network computations; however, stablehlo

provides a higher-level, more compact representation based on domain-specific oper-

ations, whereas linalg expresses the same computation using lower-level primitives

that make data movement and iteration structure explicit.
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Figure 1.2: The same neural network fragment (a convolution, channel-wise scale, bias,
and ReLU) expressed in stablehlo (left) and linalg (right).

%conv = stablehlo.convolution ...

%mul = stablehlo.multiply ...

%add = stablehlo.add ...

%max = stablehlo.maximum ...

%buf = tensor.empty(...)
%filled = linalg.fill(...)
%padded = tensor.pad(...)
%conv = linalg.conv_2d_nhwc_hwcf(...)

%sbcast = linalg.broadcast(...)
%scaled = linalg.map{arith.mulf}(...)

%bbcast = linalg.broadcast(...)
%biased = linalg.map{arith.addf}(...)

%zbcast = linalg.broadcast(...)
%relu = linalg.map{arith.maximumf}(...)

Source: Created by the author.

1.1.5 Knowledge Transfer Requires Method

A natural transfer strategy is zero-shot learning: for example, training a GNN

entirely on stablehlo programs and applying it directly to linalg programs without

any adaptation. In practice, however, this approach fails, as illustrated in Example 1.5.

In this example, a model is trained on 400,000 programs written in stablehlo and then

evaluated on 20,000 programs written in linalg, without any customization.

Example 1.5. As reported in Section 4.2.1, the zero-shot model achieves an RMSE

of 5,645.5 and an R2 = −37.487 on the training time prediction task, performing

far worse than a trivial mean predictor (RMSE = 919.5, R2 = 0.0). The strongly

negative R2 indicates that the model has internalized the output scale and distribution

of stablehlo, which do not align with those of linalg. For instance, a convolution

that takesX seconds in stablehlo corresponds to a representation that is substantially

larger in linalg, leading to systematically miscalibrated predictions. Only the ranking

signal partially survives (τ = 0.276), suggesting that some structural knowledge is

transferable in principle, even though the absolute predictions are unreliable.

In Example 1.5, stablehlo plays the role of the source dialect, while linalg

is the target dialect. Because these notions are central to this work, Definition 1.6

formalizes them.

Definition 1.6 (Source and Target Dialects). Given two MLIR dialects S and T such

that programs in T are obtained by lowering those in S, we call S the source dialect

and T the target dialect. We assume that a large labeled corpus exists for S, but only

a small labeled corpus is available for T .

This thesis shows that although zero-shot transfer fails, the structural knowledge

learned from the source dialect can be adapted to the target dialect. Chapter 3 presents
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a methodology to achieve this adaptation by retaining the components of the model

that capture general program structure, while fine-tuning only those components that

are sensitive to dialect-specific features using a small target corpus.

1.2 Thesis Structure

The remainder of this thesis is organized as follows. Chapter 2 reviews the

relevant literature, covering the history of machine learning in compilers, the MLIR

compiler infrastructure, program representations for machine learning, Graph Neu-

ral Networks for code analysis, and transfer learning and domain adaptation. Chap-

ter 3 presents the proposed methodology, detailing the MLIR-to-ProGraML conversion

pipeline and the GNN fine-tuning strategy. Chapter 4 describes the experimental setup

and evaluates the methodology across seven research questions. Chapter 5 concludes

with a summary of findings, a discussion of limitations, and directions for future work.
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Chapter 2

Literature Review

The application of machine learning to compiler optimization is a research direction

with over two decades of history. Since the mid-1990s, researchers have explored the

use of statistical and learning-based techniques to address two fundamental problems in

optimizing compilers: optimization selection, which concerns choosing which transfor-

mations to apply to a given program, and phase ordering, which concerns determining

the sequence in which those transformations should be applied [Ashouri et al., 2018].

These problems are difficult because the effect of a given optimization depends on the

target program, the hardware platform, and the interactions among previously applied

transformations. The resulting search space grows combinatorially, rendering exhaus-

tive exploration infeasible and motivating the use of data-driven approaches to learn

effective heuristics from empirical observations [Wang and O’Boyle, 2018].

The evolution of this field can be understood along two complementary axes:

the models used to make optimization decisions, and the representations used to char-

acterize programs. Early work relied on classical machine learning methods such as

logistic regression [Cavazos and Moss, 2004], decision trees [Monsifrot et al., 2002],

and genetic algorithms [Stephenson et al., 2003], operating on hand-crafted feature

vectors extracted from source code or compiler intermediate representations [Fursin

et al., 2008]. These approaches demonstrated that learned heuristics could match or

surpass the performance of manually tuned compiler strategies, establishing the via-

bility of the paradigm. Over time, the field progressed toward richer representations

and more expressive models. The introduction of learned embeddings for compiler

instructions [Ben-Nun et al., 2018] and graph-based program representations such as

ProGraML [Cummins et al., 2021] replaced manually designed features with contin-

uous vector spaces that capture structural and semantic properties of programs. In

parallel, deep learning architectures, including Graph Neural Networks [Li et al., 2015;

Scarselli et al., 2009], enabled models to reason directly over the relational structure

of code, leading to improved performance on tasks such as device mapping [Cummins

et al., 2017], throughput prediction [Mendis et al., 2019a], and vectorization [Mendis

et al., 2019b]. As Leather and Cummins [2020] observe, a defining advantage of deep

learning in this context is that large neural networks can operate on raw or lightly pro-
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cessed program representations, shifting the burden from manual feature engineering

to end-to-end learning.

Despite these advances, a recurring limitation of machine-learning-based com-

pilation is its dependence on large labeled datasets [Moreira et al., 2021; Wang and

O’Boyle, 2018]. Most existing work assumes that a sufficiently large and representative

corpus of programs, paired with ground-truth measurements, is available for train-

ing. This assumption is difficult to satisfy in modern compiler infrastructures such

as MLIR [Lattner et al., 2021], where new domain-specific dialects can be introduced

rapidly and often lack established benchmark suites. The challenge is compounded by

the instability of these representations: as dialects evolve, previously collected data

may become outdated, requiring costly re-collection and retraining. This thesis ad-

dresses the data-scarcity bottleneck by introducing a cross-dialect transfer learning

methodology, which draws on foundational work in transfer learning [Pan and Yang,

2010] and domain adaptation [Kirkpatrick et al., 2017] to repurpose models trained on

data-rich dialects for use in data-scarce ones.

This chapter surveys the literature relevant to this contribution. Section 2.1 re-

views the historical development of machine learning in compilers, tracing the progres-

sion from early heuristic induction to modern neural approaches. Section 2.2 introduces

the MLIR compiler infrastructure, its design principles, and the dialect ecosystem on

which this thesis builds. Section 2.3 discusses program representations for machine

learning, from hand-crafted features to learned embeddings and graph-based encod-

ings. Section 2.4 covers Graph Neural Networks and their application to code analysis.

Finally, Section 2.5 reviews transfer learning and domain adaptation, with emphasis

on techniques for Graph Neural Networks.

2.1 Machine Learning in Compilers

The idea of using machine learning to guide compiler optimization decisions

emerged in the early 2000s and has since grown into a well-established research di-

rection. Three comprehensive surveys chart its development. Ashouri et al. [2018]

catalogue over 200 publications spanning 25 years, organizing them along the axes of

application characterization, machine learning model, prediction type, and target plat-

form. Wang and O’Boyle [2018] provide a complementary perspective, emphasizing

the interplay between feature engineering, model selection, and deployment strategies,

and illustrating how the same three-step pipeline, namely, characterizing the program,

learning a model, and deploying it inside the compiler, underpins virtually all work

in the area (Figure 2.1). Leather and Cummins [2020] offer a retrospective that traces
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the field from its origins in iterative compilation through supervised learning and into

the deep-learning era, concluding with a vision of reinforcement-learning agents that

control every optimization decision in the compiler.

Figure 2.1: Three-step machine-learning compilation pipeline.

Source: Reproduced from Wang and O’Boyle [2018].

The precursor to machine-learning-based compilation was iterative compilation:

defining a space of optimization strategies and using search to find the best one for each

program. Although effective, with speedups of up to 2.23× [Leather and Cummins,

2020], the search must be repeated for every new program and may require thousands

of compile-execute cycles, making it impractical for general use. This cost motivated

the shift toward predictive approaches: instead of searching at deployment time, one

trains a model offline on the results of previous searches and uses it to predict good

optimization choices for unseen programs in a single compilation.

One of the earliest studies to adopt this predictive perspective was the work

of Monsifrot et al. [2002], who framed the loop-unrolling decision as a classification

problem. They represented each loop by six static features, namely, number of mem-

ory accesses, arithmetic operations, loop body size, control statements, array-element

reuses, and iteration count, and used the OC1 oblique decision-tree learner to induce

a rule that predicts whether unrolling a given loop will be beneficial on the target

architecture. By comparing the execution times of unrolled and original loops and la-

beling each instance as improved or degraded, the authors constructed training sets for

two different processors, an UltraSPARC and an IA-64 machine. Their results showed

that the learned heuristics outperformed the default unrolling strategy of the GNU

Fortran compiler and, critically, that a heuristic trained on one architecture performed

poorly when applied to the other. This finding underscored a point that would recur

throughout the literature: compiler heuristics are inherently architecture-dependent,

and manually tuning them for every new target is unsustainable.

Stephenson et al. [2003] introducedMeta Optimization, a methodology that uses

genetic programming (GP) to automatically search the space of compiler priority func-

tions. The key insight of their work is that many compiler heuristics are controlled by

a single cost or priority function, a scoring expression that ranks the options available
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to a compiler algorithm. For example, in register allocation, a priority function deter-

mines which variable to spill; in list scheduling, it determines which ready instruction

to emit next. Rather than hand-tuning these expressions, the authors evolved them

using GP, starting from a population of candidate expressions and iteratively selecting,

recombining, and mutating them according to a fitness metric derived from the exe-

cution time of compiled benchmarks. Figure 2.2 summarizes this evolutionary search

process. They demonstrated the approach on three optimizations: hyperblock forma-

tion (achieving an average speedup of 23%, with peaks of 73%), register allocation,

and data prefetching. In each case, the evolved priority functions matched or ex-

ceeded the performance of manually designed ones. The system could operate in two

modes: producing application-specific heuristics through feedback-directed optimiza-

tion, or evolving general-purpose heuristics by training across multiple benchmarks.

Figure 2.2: Genetic programming workflow used in Meta Optimization. Candidate
priority functions are evaluated, selected, recombined, and mutated over successive
generations to evolve compiler heuristics.

Source: Reproduced from Stephenson et al. [2003].

Cavazos and Moss [2004] applied supervised learning to a different kind of deci-

sion: not how to optimize, but whether to optimize at all. Their target was instruction

scheduling in the Jikes RVM just-in-time compiler for Java. Because scheduling is ex-

pensive (accounting for over 10% of total compilation time) and often yields no benefit

on a given basic block, they sought to filter the blocks presented to the scheduler, ap-

plying it only where it is predicted to help. Each basic block was characterized by 13

inexpensive static features, including fractions of instructions belonging to categories

such as loads, stores, floating-point operations, and hazards, and labeled according to

whether scheduling reduced its estimated execution cost. Using the Ripper rule-set in-

duction algorithm, they induced a compact set of if-then rules that could be evaluated
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in negligible time. The resulting filter retained over 90% of the benefit of scheduling

every block while requiring less than 25% of the scheduling effort. The work demon-

strated that even simple, cheap-to-compute features can yield highly effective learned

heuristics, an observation that remains relevant today.

In a subsequent study, Cavazos and O’Boyle [2005] used genetic algorithms to

automatically tune the parameters controlling method inlining in Jikes RVM. Inlin-

ing is a particularly consequential optimization in dynamically compiled languages: it

reduces method-call overhead and exposes opportunities for further optimization, but

overly aggressive inlining increases code size, instruction-cache pressure, and compila-

tion time. The authors showed that the optimal inlining parameters depend not only

on the program and the hardware but also on the compilation scenario (e.g., a full op-

timization pass versus adaptive hot-spot compilation) and that the default parameters

shipped with Jikes RVM were far from optimal in several configurations. By encoding

the inlining parameters as a genetic-algorithm chromosome and evolving them over a

training set of benchmarks, they achieved a 17% average reduction in total execution

time on SPECjvm98 and 37% on the DaCapo benchmark suite. The work reinforced

the argument that the “one size fits all” approach to compiler heuristics is inadequate

and that machine learning provides a practical path toward automatic, platform-aware

specialization.

Fursin et al. [2008] brought many of these ideas together in MILEPOST GCC,

one of the first open-source, machine-learning-enabled compiler frameworks. MILE-

POST integrated iterative compilation, static program features extracted from GCC’s

intermediate representation, and supervised learning to predict which compiler flags to

enable for a given program. The project received wide attention and demonstrated the

practical feasibility of the approach, although its reliance on hand-crafted, fixed-length

feature vectors limited the expressiveness of its program characterizations.

Beyond these foundational works, machine learning has been applied to a grow-

ing range of compilation tasks. Cummins et al. [2017] used deep neural networks for

end-to-end prediction of OpenCL device mappings and thread coarsening factors, re-

placing hand-crafted features with automatically learned representations of program

source code. Mendis et al. [2019a] developed Ithemal, a neural network that predicts

the throughput of x86 basic blocks directly from their byte representations, achieving

higher accuracy than analytical models such as IACA and llvm-mca. In a related line

of work, Mendis et al. [2019b] applied imitation learning to compiler auto-vectorization,

training a model to mimic an expert policy derived from exhaustive search. da Silva

et al. [2022] survey the landscape of program representations for predictive compilation,

noting the progression from hand-crafted feature vectors through learned embeddings

to graph-based encodings, and highlighting the trade-offs between expressiveness and

generality. In the domain of static profiling, Moreira et al. [2021] introduced VESPA,
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a machine-learning model that predicts branch frequencies and basic-block execution

counts from static program features, enabling profile-guided optimization without run-

time profiling. da Silva et al. [2021] contributed AnghaBench, a suite of one million

compilable C benchmarks designed to support large-scale code-size-reduction experi-

ments, addressing the chronic shortage of diverse training data in the field.

A milestone in the adoption of machine learning by production compilers was

the MLGO framework of Trofin et al. [2021]. MLGO is widely regarded as the first full

integration of a machine-learned optimization policy in an industry-strength compiler.

The framework replaces the hand-tuned heuristics of the LLVM inliner with a neural

network trained via reinforcement learning (Policy Gradient) or Evolution Strategies,

achieving up to 7% code-size reduction compared to LLVM’s -Oz optimization level. A

central design principle of MLGO is the strict separation between training, which occurs

offline on a large representative corpus, and deployment, in which the trained model

is embedded as statically linked native code in the compiler binary, incurring no addi-

tional runtime dependencies (Figure 2.3). This architecture ensures that the compiler’s

behavior remains deterministic and that build pipelines need not change. Importantly,

the authors demonstrated that a model trained on one code corpus generalizes well to

other targets and remains effective even after months of active development on those

targets, a property that is essential for practical adoption.

Figure 2.3: Overview of the MLGO framework, illustrating the separation between
offline model training and deployment within the compiler.

Source: Reproduced from Trofin et al. [2021].

Collectively, these works establish a clear trajectory: from manual heuristic

tuning through offline supervised learning to deep reinforcement learning deployed in

production compilers. A recurring theme across the literature is the dependence on

large, labeled datasets. As Wang and O’Boyle [2018] emphasize, the quality of a learned
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model is bounded by the quality and quantity of its training data, and both feature

engineering and training-data generation often need to be repeated when the compiler

targets a new architecture or representation. This dependence is precisely the bottle-

neck that motivates the present thesis: in the MLIR ecosystem, new dialects can be

introduced rapidly, but the benchmark suites needed to train accurate models for those

dialects may not yet exist. The following sections review the specific technical foun-

dations on which our solution builds: the MLIR framework, program representations,

graph neural networks, and transfer learning.

2.2 The MLIR Compiler Infrastructure

The Multi-Level Intermediate Representation (MLIR) [Lattner et al., 2021] is

a compiler infrastructure designed to support multiple domain-specific abstractions

within a single, extensible framework. Unlike traditional compiler IRs that provide

a single fixed level of abstraction (e.g., LLVM IR, often characterized as “C with

vectors”), MLIR allows compiler developers to define custom dialects : collections of

operations, types, and attributes tailored to a specific domain or abstraction level.

This design makes it possible to represent computations ranging from high-level tensor

operations in machine learning frameworks to low-level hardware instructions within

the same infrastructure, and to lower progressively between these levels through a series

of well-defined transformations.

Design and core abstractions. Lattner et al. [2021] organized the design of MLIR

around three overarching principles. Parsimony dictates that the system should pro-

vide as few built-in concepts as possible, making everything else customizable; in prac-

tice, this means that “instruction,” “function,” and “module” are all represented uni-

formly as operations (Ops), the single unit of semantics in MLIR. Traceability requires

the system to retain rather than recover information: source locations, type anno-

tations, and high-level structure are preserved throughout the compilation pipeline

rather than being discarded and later reconstructed through fragile analyses. Progres-

sivity holds that premature lowering should be avoided: high-level structure (e.g., loop

nests, tensor semantics) is maintained as long as it is useful for analysis or optimization,

and is removed only when the compilation has reached a level of abstraction where it

is no longer needed.

An MLIR program is organized as a hierarchy of nested structures. Opera-

tions are grouped into blocks, each of which ends with a terminator operation that

defines control-flow successors. Blocks are grouped into regions, which are attached to
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operations and provide the nesting mechanism of the IR. Values flow between opera-

tions in Static Single Assignment (SSA) form, and MLIR uses block arguments rather

than ϕ-nodes to represent values at control-flow join points. This hierarchical design,

in which operations contain regions, regions contain blocks, and blocks contain op-

erations, allows a single program to mix different levels of abstraction: a high-level

tensor operation can coexist with low-level arithmetic instructions in the same mod-

ule, provided they reside in different regions or dialect scopes. Figure 2.4 illustrates

this recursive organization of MLIR’s core abstractions.

Figure 2.4: Recursive organization of MLIR, where operations contain regions, regions
contain blocks, and blocks contain operations.

Source: Reproduced from Lattner et al. [2021].

Dialects and progressive lowering. A central consequence of MLIR’s design is

that the compilation pipeline becomes a sequence of dialect-to-dialect lowerings, each

of which replaces operations in one dialect with semantically equivalent operations in a

lower-level dialect. For example, a machine-learning model expressed in the stablehlo

dialect can be lowered to the linalg dialect (which makes iteration structure and

data movement explicit), then further to the scf, memref, and arith dialects (which

express loops, memory buffers, and scalar arithmetic), and finally to the llvm dialect

for code generation. Each step refines the representation while preserving the essential

computation.

This progressive lowering creates the structural relationships between dialects

that this thesis exploits. Because lowering preserves computational semantics while

expanding syntactic detail, programs at different levels of the pipeline represent the

same underlying computation through different vocabularies of operations. As dis-

cussed in Section 1.1.4, a model trained on programs at one level of abstraction can

therefore transfer structural knowledge to programs at a different level, provided that

the representation captures the shared data-flow and control-flow relationships.
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The fragmentation problem. The original motivation for MLIR arose from the

observation that modern software systems, particularly machine-learning frameworks,

suffer from severe infrastructure fragmentation. As Lattner et al. [2021] document, the

TensorFlow ecosystem alone spanned multiple independent compiler stacks, including

XLA HLO, TensorFlow Lite, TensorRT, and nGraph, each with its own intermediate

representation, optimization passes, and code generators. A similar pattern exists

in traditional compilers, where languages like Swift, Rust, and Julia each implement

custom mid-level IRs on top of LLVM because the single LLVM IR abstraction level is

insufficient for their high-level optimizations. MLIR addresses this fragmentation by

providing a common infrastructure in which each domain can define its own dialect

without reinventing the surrounding compiler machinery (parsing, verification, pass

management, parallelism).

High-performance compilation with upstreamMLIR. Golin et al. [2024] demon-

strate a practical instantiation of this multi-level lowering approach for high-performance

AI workloads. Their compilation pipeline ingests models from TensorFlow and Py-

Torch, converts them to the linalg-on-tensor representation, and applies a sequence

of hardware-agnostic passes, namely packing, tiling, and fusion, before lowering to a

hardware-specific dialect (XSMM) that interfaces with an optimized micro-kernel li-

brary (libxsmm). The key insight of their work is that high-level optimizations such as

cache-aware tensor distribution and operation fusion can be expressed entirely within

the upstream linalg dialect, while only the final “last-mile” code generation requires

a target-specific dialect. This separation achieves over 90% of the performance of

hand-written implementations.

Two aspects of this work are relevant to the present thesis. First, it confirms

that the linalg dialect occupies a central position in the MLIR ecosystem as the com-

mon compiler IR to which multiple high-level frameworks converge, validating its use

as a target dialect in our cross-dialect transfer experiments. Second, it highlights that

compilation heuristics, such as the choice of tile sizes and packing factors, are currently

exposed as command-line flags or hard-coded constants, with the construction of au-

tomated cost models left as future work. Machine-learning approaches, including the

transfer-learning methodology proposed in this thesis, offer a path toward automating

these decisions.

Fine-grained transformation control. Lücke et al. [2025] address a complemen-

tary challenge: how to give performance engineers precise control over MLIR’s op-

timization pipeline. Their Transform dialect represents compiler transformations as

first-class IR operations, allowing users to compose, sequence, and parameterize indi-

vidual transformation steps (tiling, fusion, unrolling, etc.) without writing new compiler



2.3. Program Representations for ML 29

passes or rebuilding the compiler. Transform scripts operate alongside the computa-

tional IR as a separate “schedule” that drives the compilation process, analogous to

the scheduling languages of Halide and TVM but integrated into a general-purpose

compiler framework.

This work is relevant to the broader context of this thesis for two reasons. First,

it illustrates the increasing complexity of the MLIR transformation ecosystem: as di-

alects and passes proliferate, the number of possible optimization configurations grows

combinatorially, making manual tuning impractical. This is precisely the setting in

which learned cost models and prediction-based optimization become valuable. Sec-

ond, the Transform dialect embodies MLIR’s design philosophy of extensibility and

progressive lowering: new transformation operations can be defined for new dialects

with minimal effort, just as new dialects can be defined for new domains. This extensi-

bility is a double-edged sword: it enables rapid innovation but fragments the available

training data across an ever-growing number of representations, reinforcing the data-

scarcity challenge that motivates the present work.

Relevance to this thesis. The MLIR framework provides the structural founda-

tion on which our cross-dialect transfer methodology is built. Three properties of

MLIR are essential. First, its uniform abstractions, namely operations, regions, blocks,

operands, and results, are shared across all dialects, enabling a single ProGraML

conversion pipeline to handle any MLIR dialect without dialect-specific parsers (Sec-

tion 3.1.1). Second, progressive lowering creates a natural hierarchy of dialects con-

nected by semantics-preserving transformations, which is precisely the relationship that

transfer learning exploits: structural knowledge learned at one level of the hierarchy

can be adapted to another. Third, the rapid proliferation of new dialects ensures that

the data-scarcity problem addressed by this thesis is not a one-time challenge but a

recurring and growing need within the MLIR ecosystem.

2.3 Program Representations for ML

The quality of any learned compiler model is fundamentally constrained by the

representation used to describe programs to the learning algorithm. As da Silva et al.

[2022] observe in their survey on program representations for predictive compilation, the

field has evolved through three broad stages: hand-crafted numerical features, learned

token-level embeddings, and structured graph-based representations. Each stage has

extended the model’s ability to capture program semantics, at the cost of increased

computational complexity and data requirements.
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Hand-crafted features. The earliest machine-learning approaches to compilation

characterized programs using manually selected numerical properties. Cavazos and

Moss [2004] represented basic blocks as 13-element vectors of instruction-category

fractions, as discussed previously. Fursin et al. [2008] followed a similar strategy in

MILEPOST GCC, extracting approximately 55 static features from GCC’s intermedi-

ate representation, including counts of instructions, branches, basic blocks, and vari-

ous loop-level statistics. These fixed-length feature vectors were then fed to classical

machine-learning algorithms such as decision trees, nearest neighbors, or support vector

machines.

Although effective for coarse-grained tasks such as flag selection, hand-crafted

features suffer from well-known limitations. First, they are inherently lossy: reducing

an entire program to a fixed-length vector discards most structural information, includ-

ing the data-flow and control-flow relationships between operations. Second, they are

fragile: as Cummins et al. [2021] point out, a model based on instruction counts can

be trivially confused by the insertion of dead code, which changes the feature vector

without altering the program’s behavior. Third, designing a good feature set requires

substantial domain expertise, and the features must be re-engineered whenever the

compiler targets a new intermediate representation or architecture.

Learned embeddings. A significant step beyond hand-crafted features was the in-

troduction of learned distributed representations for compiler instructions. Ben-Nun

et al. [2018] proposed inst2vec, the first embedding space designed specifically for com-

piler intermediate representations (Figure 2.5). Rather than processing source code in

a particular programming language, inst2vec operates on LLVM IR, the intermediate

representation of the LLVM compiler infrastructure. Working at the IR level makes

the approach language-independent: programs written in C, C++, Fortran, or OpenCL

can all be compiled to LLVM IR and then embedded in the same continuous space.

Figure 2.5: Overview of the inst2vec (Neural Code Comprehension) pipeline.

Source: Reproduced from Ben-Nun et al. [2018].

The central contribution of inst2vec is the conteXtual Flow Graph (XFG), a

directed multigraph that captures both the data-flow and control-flow context of each



2.3. Program Representations for ML 31

IR statement. Unlike prior code-embedding approaches that defined context as lexico-

graphic proximity (neighboring tokens in the source text), XFGs define context through

execution dependence: two statements are contextually related if the execution of one

directly depends on the other through data or control flow. Statement pairs extracted

from the XFG are then used to train skip-gram embeddings in the style of word2vec,

yielding 200-dimensional vectors that capture semantic relationships between instruc-

tions. The resulting embedding space exhibits meaningful structure: statements that

perform analogous operations on different data types cluster together, and vector arith-

metic over embeddings reproduces type-conversion analogies (e.g., integer addition is

to floating-point addition as integer subtraction is to floating-point subtraction).

Ben-Nun et al. evaluated inst2vec on three downstream tasks, namely hetero-

geneous device mapping, thread-coarsening-factor prediction, and algorithm classifi-

cation, showing that a single LSTM architecture operating on fixed pre-trained em-

beddings could match or surpass specialized approaches on each task. However, the

sequential processing model (an LSTM over the linear sequence of IR statements)

fundamentally limits the approach: it cannot capture long-range dependencies across

function boundaries or through complex control flow, because the order in which state-

ments appear in the IR text need not reflect their execution dependencies. Moreover,

the XFG representation omits information critical for fine-grained analysis, including

the order of operands to non-commutative operations and separate vertices for variables

and constants.

Graph-based representations: ProGraML. The limitations of sequential models

for compiler analysis motivated the development of structured, graph-based program

representations. Cummins et al. [2021] introduced ProGraML (Program Graphs for Ma-

chine Learning), a language-independent, IR-level representation that simultaneously

captures the control-flow, data-flow, and call-flow structure of a program as a directed

multigraph. ProGraML addresses the shortcomings of both hand-crafted features and

prior graph representations (such as XFG and Control-Data Flow Graphs) by incorpo-

rating three types of information that earlier approaches omitted: (i) separate vertices

for instructions, variables, and constants, enabling per-variable reasoning; (ii) posi-

tional attributes on data-flow edges, encoding operand order so that non-commutative

operations such as division can be distinguished; and (iii) call-flow edges connecting

call sites to function entry points and return statements, supporting inter-procedural

analysis.

The ProGraML graph is constructed from a compiler IR in three stages. First,

a control-flow layer is built by inserting a vertex for each instruction and connecting

sequential and branching control dependencies. Second, a data-flow layer introduces

vertices for variables and constants and edges that encode use-def chains, with posi-
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tional attributes preserving operand order. Third, a call-flow layer adds edges between

call instructions and the entry points of callee functions, as well as return edges from

function exits back to call sites. Figure 2.6 depicts the conversion of an LLVM IR

program into its corresponding ProGraML representation. The resulting graph can

be constructed in O(|V | + |E|) time and is processed by a Gated Graph Neural Net-

work (GGNN) [Li et al., 2015], whose message-passing iterations mirror the transfer

functions and meet operators of classical iterative data-flow analysis.

Figure 2.6: Construction of a ProGraML graph from an LLVM-IR implementation of
the Fibonacci sequence, illustrating the control-flow, data-flow, and call-flow layers.

Source: Reproduced from Cummins et al. [2021].

To evaluate ProGraML’s representational power, Cummins et al. introduced

the DeepDataFlow benchmark, a dataset of 461 k LLVM-IR programs annotated

with ground-truth labels for five classical data-flow analyses: reachability, dominance,

data dependencies, liveness, and available subexpressions. On these tasks, a GGNN

operating on ProGraML graphs achieved ≥ 0.939 F1 score across all analyses when

the number of message-passing iterations was sufficient, significantly outperforming

both the sequential inst2vec model and the CDFG graph representation. In partic-
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ular, inst2vec and CDFG were structurally unable to perform per-variable analyses

(data dependencies and liveness) because they lack separate vertices for variables. On

downstream compiler optimization tasks, such as device mapping and algorithm clas-

sification, ProGraML reduced test error by 1.20× and 1.35×, respectively, compared

to prior representations.

Relevance to this thesis. The ProGraML representation is central to the method-

ology presented in Chapter 3. Because ProGraML encodes programs as graphs of oper-

ations, values, and typed dependencies rather than as dialect-specific token sequences,

it provides a natural normalization layer across MLIR dialects. Programs lowered from

stablehlo to linalg to scf/memref/arith produce different ProGraML graphs, but

those graphs share structural motifs, including chains of producer-consumer data-flow

edges, control-flow sequencing within basic blocks, and inter-procedural call edges, that

a Graph Neural Network can learn to recognize. This structural overlap is what makes

cross-dialect transfer learning possible: a GGNN pre-trained on ProGraML graphs

from one dialect can transfer its learned message-passing behavior to graphs from a

different dialect, provided that the dialect-specific components of the model (primarily

the embedding layer) are appropriately adapted. We extend ProGraML from LLVM-

IR to MLIR in Section 3.1.1, building on the same three-stage construction (control

flow, data flow, call flow) while leveraging MLIR’s uniform abstractions of operations,

regions, and blocks to support multiple dialects through a single conversion pipeline.

2.4 Graph Neural Networks for Code

Programs are naturally expressed as graphs: compilers reason about code through

control-flow graphs, data-flow graphs, and call graphs, all of which encode relational

structure that sequential models such as LSTMs can capture only indirectly. Graph

Neural Networks (GNNs) provide a principled framework for learning over such rela-

tional data, and their application to compiler analysis tasks has yielded substantial im-

provements over both hand-crafted features and sequence-based representations. This

section reviews the GNN foundations on which the model used in this thesis is built.

The Graph Neural Network model. Scarselli et al. [2009] introduced the Graph

Neural Network (GNN), the first neural architecture designed to operate directly on

arbitrary graph-structured data, including cyclic, directed, and undirected graphs. The

model is based on iterative state propagation: each node v maintains a hidden state

vector hv that is repeatedly updated as a function of the node’s own label and the



2.4. Graph Neural Networks for Code 34

states and labels of its neighboring nodes through a shared local transition function f .

Formally, the state of each node is defined by

hv = f
(
lv, lco(v), hne(v), lne(v)

)
, (2.1)

where lv is the label of node v, co(v) denotes the set of edges incident to v, and

ne(v) denotes its neighboring nodes. The hidden states are iteratively updated until

convergence to a fixed point. A separate output function g then maps each node’s

converged state to a task-specific prediction.

To guarantee the existence of a unique fixed point, Scarselli et al. require the

local transition function f to be a contraction map, meaning that it shrinks the dis-

tance between successive state estimates by a factor strictly smaller than one. Under

this assumption, the Banach fixed-point theorem guarantees convergence to a unique

solution from any initialization. Learning is performed using the Almeida-Pineda al-

gorithm, which computes gradients at the converged fixed point without storing the

intermediate states generated during the iterative process.

The contraction-map requirement, while theoretically elegant, imposes a prac-

tical limitation: it restricts the class of functions f can represent and makes it difficult

for the network to propagate information across long distances in the graph. Li et al.

[2015] illustrate this limitation with an example showing that information propagation

in contraction-map GNNs may require a number of iterations that grows exponentially

with the graph diameter. This challenge motivated the development of Gated Graph

Neural Networks.

Gated Graph Neural Networks. Li et al. [2015] proposed the Gated Graph Neural

Network (GGNN), a modernized variant that replaces the contraction-map constraint

with two key changes: (i) the state update uses a Gated Recurrent Unit (GRU) cell

instead of a generic contraction function, and (ii) the recurrence is unrolled for a fixed

number of steps T and trained end-to-end via backpropagation through time, rather

than relying on convergence to a fixed point.

At each iteration t, the GGNN first aggregates incoming messages from neigh-

boring nodes through an edge-type-specific linear transformation. For a graph with

multiple edge types (e.g., forward and backward edges, different relation types), the

transformation matrix A is structured so that each edge type and direction has its own

learned parameters, while the overall sparsity pattern mirrors the graph’s adjacency

structure. The aggregated message is then used to update each node’s hidden state

via the GRU cell:

a(t)
v = A⊤

v

[
h
(t−1)⊤
1 · · ·h(t−1)⊤

|V |

]⊤
+ b, (2.2)

h(t)
v = GRU

(
a(t)
v , h(t−1)

v

)
, (2.3)
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whereAv selects the relevant rows of the global parameter matrix for the edges incident

to node v. The GRU gates (update gate z, reset gate r) allow the network to selectively

retain or overwrite information at each step, enabling effective propagation over long

distances without the contraction-map bottleneck. Figure 2.7 illustrates the GGNN

message-passing architecture, including typed edges, recurrent state propagation, and

the parameter-tying scheme used to support multiple edge types.

Figure 2.7: GGNN architecture illustrating typed edges, one propagation step, and the
parameter-tying structure used for edge-type-specific message passing.

Source: Reproduced from Li et al. [2015].

Li et al. also introduced node annotations, initial feature vectors that mark

nodes with task-specific information (e.g., flagging the source and target nodes in a

reachability query). For output, the model supports both per-node classification and

graph-level prediction; the latter is achieved through a gated attention mechanism

that soft-selects which nodes are relevant to the graph-level task. The authors ex-

tended the architecture to Gated Graph Sequence Neural Networks (GGS-NNs), which

chain multiple GGNN modules to produce sequential outputs such as logical formu-

las. On program verification tasks, specifically classifying heap data structures from

memory graphs, the GGS-NN matched the accuracy of a system built on extensively

hand-engineered features, demonstrating that GGNNs can learn meaningful program

abstractions directly from graph structure.

Application to compiler analysis. The GGNN architecture has been particularly

successful in compiler-related tasks. Cummins et al. [2021] adopted GGNNs as the

learning model for ProGraML graphs (discussed in Section 2.3), achieving ≥ 0.939 F1

on five classical data-flow analyses and setting new state-of-the-art results on device

mapping and algorithm classification. Their adaptation introduced position-aware mes-

sage passing, in which a learned gating vector modulates messages according to operand

order, allowing the network to distinguish non-commutative operations such as sub-

traction and division. Mendis et al. [2019b] applied a related graph neural network
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to compiler auto-vectorization, representing LLVM-IR programs as graphs with edge

types that encode operand positions and augmenting the structure with a priori vec-

torization opportunities. Their model was trained via imitation learning to replicate

an expert policy derived from exhaustive search, achieving competitive vectorization

decisions without manual heuristic design.

In an earlier line of work, Cummins et al. [2017] demonstrated end-to-end deep

learning for heterogeneous device mapping and thread coarsening in OpenCL, using

language models over source-code tokens. While effective, these sequence-based ap-

proaches lack the structural inductive bias that graph models provide, and subsequent

work consistently showed that graph representations outperform sequential ones on

tasks that require reasoning about data flow and control flow.

Pre-trained models for code. A parallel line of research has explored the large-

scale pre-training of Transformer-based models on code corpora. Feng et al. [2020]

introduced CodeBERT, a bimodal pre-trained model for programming and natural

languages that learns token-level representations from large code-documentation cor-

pora using masked language modeling and replaced-token detection objectives. Guo

et al. [2021] extended this approach with GraphCodeBERT, which incorporates data-

flow information during pre-training by adding graph-based objectives that require the

model to predict which variables are connected by data-flow edges. GraphCodeBERT

demonstrated that even a Transformer architecture benefits from explicit structural

signals: it outperformed CodeBERT on downstream tasks such as code search, clone

detection, and code translation.

These pre-trained models achieve strong performance by leveraging massive code

corpora and transfer learning across programming tasks. However, they operate at

the source-code or token level and are not directly applicable to compiler intermediate

representations, where the relevant structure is defined by the IR’s operation semantics

rather than by surface syntax. In contrast, the GGNN-based approach adopted in this

thesis operates on IR-level graphs (ProGraML), making it naturally compatible with

different MLIR dialects and enabling the component-level transfer learning strategy

described in Chapter 3.

Relevance to this thesis. The GGNN architecture is central to the transfer-learning

methodology presented in this work. As described in Section 2.3, ProGraML graphs

capture the control-flow, data-flow, and call-flow structure of MLIR programs, and

a GGNN processes these graphs through iterative message passing using edge-type-

specific transformations, positional gating, and GRU-based state updates. The GGNN’s

parameters decompose naturally into functionally distinct groups, namely, the embed-

ding lookup table, the message-passing layers (edge transformations, position MLP,
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and GRU cell), and the readout MLP, each of which can be independently frozen or

fine-tuned during cross-dialect adaptation. This modular decomposition enables the se-

lective fine-tuning experiments (FTE1–FTE8) evaluated in Chapter 4, where we study

which parameter groups encode universal program structure and which must adapt to

dialect-specific semantics.

2.5 Transfer Learning and Domain Adaptation

A central premise of most machine learning algorithms is that the training and

test data are drawn from the same feature space and the same distribution. When this

assumption is violated, for instance, because the target domain has too few labeled

examples or because the input distribution has shifted, models trained in the standard

way perform poorly. Transfer learning addresses this problem by leveraging knowledge

acquired in a data-rich source domain to improve learning in a related but data-scarce

target domain (Figure 2.8) [Pan and Yang, 2010]. This section reviews the theoretical

foundations of transfer learning, the problem of catastrophic forgetting that arises

during sequential adaptation, and recent techniques for parameter-efficient adaptation

of Graph Neural Networks.

Figure 2.8: Traditional machine learning versus transfer learning.

Source: Reproduced from Pan and Yang [2010].

Foundations and taxonomy. Pan and Yang [2010] provide the standard formal

framework for transfer learning. They define a domain as a pair D = {X , P (X)}
consisting of a feature space X and a marginal distribution P (X), and a task as a pair

T = {Y , P (Y |X)} consisting of a label space and a conditional distribution. Transfer
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learning is then defined as the use of knowledge from a source domain DS and task TS to

improve the predictive function fT in a target domain DT where DS ̸= DT or TS ̸= TT .

Pan and Yang organize the field around three fundamental questions: what to

transfer, how to transfer, and when to transfer. They further identify three settings

based on the relationship between source and target: inductive transfer learning (dif-

ferent tasks, labeled target data available), transductive transfer learning (same task,

different domains, no target labels), and unsupervised transfer learning (different tasks,

no labels in either domain). Within these settings, four families of approaches are dis-

tinguished: instance transfer (re-weighting source examples), feature-representation

transfer (learning a shared representation that reduces domain divergence), parame-

ter transfer (discovering shared model parameters or priors), and relational-knowledge

transfer (mapping relational structures between domains).

In the context of this thesis, cross-dialect transfer learning is most closely aligned

with the transductive setting and, more specifically, with domain adaptation: the task

is the same across dialects (predicting training time or test accuracy of the same neural

network architectures), but the domains differ because different MLIR dialects produce

ProGraML graphs with different operation vocabularies and structural distributions.

A notable departure from the standard transductive formulation is that a small amount

of labeled target-domain data is available (10% of the dataset), enabling supervised

fine-tuning rather than purely unsupervised adaptation. The transferred knowledge is

encoded in the shared parameters of the GGNN, particularly in the message-passing

layers, while the dialect-specific parameters (the embedding lookup table) are adapted

to the target domain using the available labeled examples. In terms of transfer mecha-

nism, the approach follows the parameter transfer strategy: pre-trained model param-

eters that capture general program structure are selectively preserved, while a subset

of parameters is retrained on the target dialect.

Catastrophic forgetting. A fundamental challenge in sequential learning is catas-

trophic forgetting : the tendency for a neural network to abruptly lose knowledge of

previously learned tasks when its parameters are updated to optimize a new task [Kirk-

patrick et al., 2017]. Kirkpatrick et al. formalized this problem and proposed Elastic

Weight Consolidation (EWC), an algorithm that selectively slows down learning on

weights that are important to previously learned tasks.

The key insight of EWC is that neural networks are typically overparameterized:

many configurations of weights yield equivalent performance on a given task. This

means that, when the network needs to learn a second task, there likely exists a region

in parameter space where both tasks perform well. The challenge is to find this region

without overwriting the parameters critical to the first task (Figure 2.9). EWC achieves
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this by adding a quadratic penalty to the loss function during training on the new task:

L(θ) = LB(θ) +
∑
i

λ

2
Fi

(
θi − θ∗A,i

)2
, (2.4)

where LB is the loss for the new task, θ∗A,i are the parameters learned on the old

task, Fi is the diagonal of the Fisher information matrix (measuring how important

each parameter θi is to the old task), and λ controls the relative importance of old

versus new knowledge. Parameters with high Fisher information are strongly anchored

to their old values, while parameters with low Fisher information are free to change.

Kirkpatrick et al. demonstrated that EWC enables continual learning on permuted

MNIST tasks and Atari 2600 games, whereas standard gradient descent and uniform

regularization both fail.

Figure 2.9: Illustration of catastrophic forgetting and Elastic Weight Consolidation
(EWC) in parameter space. EWC guides optimization toward solutions that preserve
performance on a previously learned task while adapting to a new one.

Source: Reproduced from Kirkpatrick et al. [2017].

The phenomenon of catastrophic forgetting is directly relevant to the fine-tuning

experiments in this thesis. As shown in Section 4, full fine-tuning (FTE4) of a GGNN

pre-trained on stablehlo leads to performance close to the scratch-trained baseline,

indicating that the unconstrained parameter updates overwrite the useful structural

representations learned during pre-training. Our selective freezing strategy (FTE2,

FTE3, FTE6, FTE7) can be understood as an extreme form of the EWC principle:

rather than using a soft quadratic penalty, we set the effective regularization strength

to infinity for selected parameter groups, preventing any change to the components

that encode transferable program structure.

Parameter-efficient fine-tuning for Graph Neural Networks. Li et al. [2024]

introduced AdapterGNN, a parameter-efficient fine-tuning (PEFT) method designed

specifically for Graph Neural Networks. Unlike Transformer-based models, where

PEFT techniques such as LoRA and prefix tuning have been extensively studied, GNNs
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present distinct challenges: they lack the self-attention layers targeted by most PEFT

methods, and larger GNN models do not necessarily generalize better, contrary to the

scaling trends observed in large language models.

AdapterGNN addresses these challenges by inserting lightweight adapter mod-

ules, small bottleneck networks with batch normalization and learnable scaling, into

the GNN architecture. During fine-tuning, only the adapter parameters and the final

prediction head are updated, while the pre-trained GNN backbone remains frozen. On

molecular property prediction benchmarks, AdapterGNN outperformed full fine-tuning

by 1.6% in chemistry and 5.7% in biology while tuning only 4–5% of the total param-

eters. Li et al. provided a theoretical justification through generalization bounds: by

reducing the effective number of tunable parameters, PEFT shrinks the hypothesis

space and thus tightens the generalization bound, mitigating the overfitting that arises

when large models are fine-tuned on small datasets.

This finding resonates with the results of this thesis. Our experiments show

that configurations with more frozen parameters (e.g., FTE2 and FTE6, which freeze

the edge and positional MLPs) consistently outperform full fine-tuning (FTE4 and

FTE8), supporting the principle that constraining the adaptation to a small number

of parameters preserves pre-trained knowledge and improves generalization in the low-

data regime.

Parameter freezing in Graph Neural Networks. Blake et al. [2021] investigated

which components of a GNN architecture should be frozen during training in the con-

text of reinforcement learning for locomotion control. Their method, Snowflake, applies

to GNNs based on the Gated Graph Neural Network architecture and addresses the

observation that GNN performance degrades rapidly as the dimensionality of the in-

put and output spaces grows. Through a systematic analysis, the authors traced this

degradation to overfitting in specific parts of the network: the encoder, decoder, and

message-passing functions. They found that the best performance was achieved by

freezing these components entirely and training only the GRU update function.

This result is particularly relevant to the present work, as it provides indepen-

dent evidence that, in GNN architectures with GRU-based message passing, the state-

update mechanism (the GRU cell) captures the most task-specific information and

benefits most from adaptation, while the message-routing components (edge transfor-

mations, positional encodings) encode more general structural knowledge that can be

safely preserved. Our fine-tuning experiments arrive at a complementary conclusion

from the opposite direction: whereas Snowflake freezes the message-passing layers and

trains the GRU, our best-performing configurations (FTE6, FTE7) freeze the edge and

positional MLPs while allowing the GRU to adapt, and additionally retrain the embed-

ding layer to accommodate the new dialect vocabulary. Both findings point to the same
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architectural insight: GNN message-passing components learn reusable relational pat-

terns, whereas the state-update mechanism captures domain-specific dynamics. This

observation suggests that the decomposition may be a general property of GRU-based

graph neural networks.

Relevance to this thesis. The transfer-learning methodology of this thesis draws

directly on the foundations reviewed in this section. From Pan and Yang’s taxonomy, it

adopts the transductive parameter-transfer framework, applying it to the novel setting

of MLIR compiler dialects. From the catastrophic forgetting literature, it inherits the

insight that unconstrained fine-tuning can destroy pre-trained representations, moti-

vating the selective freezing strategy evaluated in Chapter 4. From AdapterGNN and

Snowflake, it borrows the empirical finding that GNN architectures decompose natu-

rally into transferable and task-specific parameter groups, and that freezing the former

while adapting the latter yields the best trade-off between knowledge preservation and

domain adaptation. The contribution of this thesis is to bring these ideas together

in the context of compiler intermediate representations, demonstrating that the same

principles apply when the domain shift is not between molecular datasets or locomotion

tasks but between different levels of a compiler’s lowering pipeline.
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Chapter 3

Transfer Learning Across Program

IRs

The methodology proposed in this thesis is based on two components: a common graph

representation that maps programs from any MLIR dialect into the same structured

format, and a graph neural network training strategy that transfers learned knowledge

across dialects through selective fine-tuning. Figure 3.1 provides an overview of the

proposed cross-dialect transfer pipeline. Programs from both the source and target

dialects are first converted into ProGraML graphs and then mapped to vector repre-

sentations through an embedding lookup stage. These representations are processed

by a GGNN model that is pre-trained on a large source corpus and later adapted to

the target dialect through selective fine-tuning of different parameter groups.

Figure 3.1: Cross-dialect transfer pipeline. Programs are mapped from MLIR to Pro-
GraML graphs and node embeddings. A GGNN is pre-trained on a large source corpus
and adapted to a smaller target corpus via selective fine-tuning.
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A key design decision in this pipeline is the choice of where in the compilation

stack to extract the program representation. The original ProGraML implementa-

tion [Cummins et al., 2021] operates on LLVM-IR, a low-level representation optimized

for code generation. While effective for many tasks, LLVM-IR aggressively lowers high-

level constructs into primitive operations: loops become sequences of comparisons and
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conditional branches, multi-dimensional arrays are flattened into raw pointer arith-

metic, and structured parallelism is reduced to opaque runtime calls. Much of the

original program structure is lost in this process. By extracting ProGraML graphs

from MLIR instead, the pipeline preserves high-level semantic information, such as

tensor types, structured loop nests, and domain-specific operations, that would other-

wise be discarded. This richer representation gives the GNN access to the structural

and semantic cues that are most relevant for predicting program properties.

This chapter is organized as follows. Section 3.1 introduces the ProGraML

representation and describes how it is extended from LLVM-IR to MLIR, including

the conversion tool that implements this extension. Section 3.2 presents the GGNN

architecture and the selective fine-tuning strategy used for cross-dialect transfer.

3.1 ProGraML: From Programs to Vectors

A key requirement for transfer learning across dialects is a representation that

is expressive enough to capture program semantics yet dialect-agnostic enough to be

applied uniformly across IRs. We adopt ProGraML [Cummins et al., 2021] (Program

Graphs for Machine Learning), a graph-based program representation originally pro-

posed for LLVM-IR that we extend to MLIR. Definition 3.1 revisits this concept.

Definition 3.1 (ProGraML Graph). A ProGraML graph is a directed multigraph G =

(V,E) where nodes v ∈ V represent fundamental program components (operations,

variables, or constants), and edges e ∈ E are typed as one of three semantic relations:

control flow, data flow, or call flow. Data-flow edges carry a position attribute encoding

operand order.

Unlike representations that treat programs as flat token sequences or abstract

syntax trees, ProGraML explicitly encodes the two relational structures compilers rea-

son about: execution order (control flow) and value dependencies (data flow). This

makes it well suited for learning tasks that depend on execution cost, since both the

type of computation and its dependencies are directly captured in the graph.

Example 3.2. Figure 3.2 shows a C program lowered into MLIR and converted into

a ProGraML graph, where operations, variables, and constants become nodes con-

nected by control-flow and data-flow edges. Node labels are then mapped to vector

representations via an embedding lookup stage, described in Section 3.1.2.
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Figure 3.2: A four-stage diagram showing the progression from a C code snippet to its
MLIR representation, then to a ProGraML graph, and finally to an embedding lookup
table.

int square(int x) {
  return x * x;
}

int compute(int a, int b) {
  int temp = square(a);
  return temp + b;
}

module {
  func.func @square(%x: i32)->i32 {
    %res = arith.muli %x, %x: i32
      return %res : i32
  }

  func.func @compute(%a: i32, %b: i32)->i32 {
    %temp = func.call @square(%a): (i32)->i32
    %res = arith.addi %temp, %b: i32       
    return %res : i32
  }
}
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Handling Structure and Control Flow. The most important aspect of translat-

ing MLIR into ProGraML is assigning edge types so the graph preserves execution

semantics. As shown in Figure 3.2, three categories of edges are introduced:

Data flow edges: These edges are derived from MLIR’s SSA use-def chains and rep-

resent dependencies between operations and values. For an operation such as

(%res = arith.addf %a, %b), edges are created from %a and %b to the opera-

tion node, and from the operation node to %res. Operand positions are preserved

through edge attributes, allowing the model to distinguish argument roles when

order matters.

Control flow edges: Model execution order and control flow relationships. Within

a basic block, operation nodes are connected sequentially to represent program

order. Across blocks, terminator operations such as cf.cond br connect to the

entry operation of successor blocks, preserving branch structure, loop back-edges,

and alternative paths.
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Call flow edges: Captures inter-procedural structure to represent interactions across

function boundaries. When a call operation such as func.call is encountered,

edges connect the call operation to the entry node of the callee function, and

edges from the callee’s return points connect back to the call site.

3.1.1 Mapping MLIR Dialects to ProGraML

We chose ProGraML as the core program representation because it provides

a convenient graph abstraction over MLIR programs. However, the dialect-agnostic

nature of our approach does not stem specifically from ProGraML itself, but rather

from the generic abstractions provided by MLIR. MLIR represents programs using

common concepts such as operations, regions, blocks, operands, and results, which

are shared across dialects. Consequently, a single conversion pipeline from MLIR into

ProGraML graphs can be reused for different dialects without requiring dialect-specific

parsers or graph encoders. In contrast, transferring across unrelated compiler IRs

typically requires custom frontends and representation-specific adaptations for each

IR.

The MLIR-to-ProGraML mapping. The conversion establishes a direct corre-

spondence between MLIR’s core abstractions and ProGraML’s node types:

Operations → Instruction nodes: Each MLIR operation (e.g., arith.addf, linalg.

matmul, stablehlo.convolution) becomes an instruction node in the graph, la-

beled with its opcode. This label later serves as the key for the embedding lookup

(Section 3.1.2).

SSA Values → Variable nodes: Each SSA value, whether an operation result or a

block argument, becomes a variable node, labeled with its data type (e.g., f32,

tensor<1x8x3x3xf32>). Data-flow edges connect variable nodes to the opera-

tions that consume them and from the operations that produce them, preserving

operand positions.

Attributes → Constant nodes: MLIR operations carry static metadata through

named attributes (for example, the stride and padding of a convolution, or the

permutation of a transpose). Each distinct attribute value is mapped to a con-

stant node and connected to its parent operation via a data-flow edge. This

is an extension beyond the original ProGraML design, which handles constants

only as immediate values in LLVM-IR instructions. By surfacing attributes as

explicit graph nodes, the representation exposes configuration parameters that

may influence execution cost.
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Handling the hierarchical structure. A central challenge in the conversion is

the mismatch between MLIR’s recursive, hierarchical structure and ProGraML’s flat

graph representation. MLIR programs are organized as a tree: a module contains func-

tions, functions contain regions, regions contain blocks, and blocks contain operations,

which may themselves contain nested regions (e.g., loop bodies, conditional branches).

ProGraML, by contrast, is a directed multigraph with no hierarchical nesting.

The conversion tool resolves this mismatch through a recursive traversal. For

each function, the tool visits every block and processes its operations sequentially,

creating instruction nodes and connecting them with control-flow edges to establish

intra-block ordering. When an operation contains nested regions, such as an scf.for

loop or an scf.if conditional, the tool recurses into each region, processes the con-

tained blocks, and introduces control-flow edges between the parent operation and

the entry point of each nested region. For operations recognized as loops (via MLIR’s

LoopLikeOpInterface), additional back-edges are created from the region’s exit to the

loop header, preserving loop structure in the graph. Inter-block control flow is handled

by connecting each block’s terminator to the entry nodes of its successor blocks, as

determined by MLIR’s block successor information.

Normalization across dialects. Different MLIR dialects may express the same

computation using very different syntactic structures, as Example 1.4 showed. Pro-

GraML normalizes these differences into a common graph structure that exposes data

and control dependencies. Still referring to Example 1.4, although the operation vo-

cabularies of stablehlo and linalg differ, equivalent programs often induce similar

data-flow topologies: both dialects produce graphs of computation nodes connected by

directed data edges, with analogous producer-consumer relationships between opera-

tions. A GNN trained to reason over these dependencies in one dialect can therefore

transfer part of this structural knowledge to another dialect. Importantly, this ob-

servation is not unique to ProGraML: other representations built on top of MLIR’s

generic abstractions could also support cross-dialect transfer learning, provided that

they preserve structural relationships between operations.

Implementation. The conversion pipeline is implemented as a C++ tool built on

top of the LLVM/MLIR framework.1 The tool uses MLIR’s generic operation interfaces

(in particular, FunctionOpInterface for identifying function boundaries, CallOpInterface

for resolving call targets, and LoopLikeOpInterface for detecting loop structures)

rather than dialect-specific APIs. This design ensures that the converter works with

any MLIR dialect that implements these standard interfaces, without requiring modi-

1The complete source code, including the MLIR-to-ProGraML converter and the Python machine-
learning experiments, is publicly available at https://github.com/lac-dcc/sphinx.

https://github.com/lac-dcc/sphinx
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fications for each new dialect. The output is a serialized Protocol Buffer conforming to

the ProGraML graph schema, which can be directly loaded by the PyTorch Geomet-

ric data pipeline used in the training experiments. The tool supports both single-file

conversion and multi-threaded batch processing of entire datasets.

3.1.2 Node Embeddings

Neural networks operate on continuous vectors rather than discrete symbols.

To bridge this gap, each node v is assigned an initial state vector h0
v ∈ Rd through an

embedding lookup. We maintain vocabularies of MLIR operation opcodes and data

types observed during training. For operation nodes, the embedding is indexed by the

operation opcode (e.g., linalg.matmul, stablehlo.convolution); for variable and

constant nodes, it is indexed by the data type (e.g., f32, i64). These vectors are

learned jointly with the rest of the model and encode semantic information for each

node category.

Example 3.3. Consider a node labeled stablehlo.maximum, which maps to index 17

in the vocabulary. The embedding lookup table assigns it an initial feature vector:

h0
v = [0.12,−0.30, . . . ] ∈ Rd

Similarly, a value node such as tensor<?x32x32x16xf32> is mapped using its type. As

illustrated in Figure 3.2, these vectors define the initial hidden states of nodes, which,

together with the graph structure, form the input to the GNN.

The opcode vocabulary is dialect-specific: stablehlo and linalg programs

may share type embeddings while using different operation embeddings. This distinc-

tion is relevant during fine-tuning, as different components of the model may require

adaptation to the target dialect (Section 3.2).

3.2 Graph Neural Network Model and

Fine-Tuning

Given the ProGraML graph of a program, our goal is to predict a scalar property

(training time or test accuracy) by aggregating information from all nodes. We use

a Gated Graph Neural Network (GGNN) [Li et al., 2015] following the architecture

of Cummins et al. [2021] (see Definition 3.4). Figure 3.3 provides an overview of the
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prediction model used throughout this work, including the embedding stage, message-

passing iterations, and readout. To study transfer across dialects, we fine-tune different

parameter subsets of the model.

Figure 3.3: Overview of the GGNN prediction model. ProGraML graph nodes are
mapped to embeddings and updated through T message-passing iterations using edge-
type transformations, positional encodings, and a GRU cell. Final node states are
pooled and processed by a readout MLP to predict scalar properties such as training
time or test accuracy.
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Source: Created by the author.

Definition 3.4 (Gated Graph Neural Network). A Gated Graph Neural Network

(GGNN) is a graph neural network in which node states are updated iteratively through

a message-passing process. At each iteration t, every node v aggregates messages from

its neighbors via typed, position-aware edge functions, and updates its hidden state ht
v

using a Gated Recurrent Unit (GRU) cell. After T iterations, the final node states are

used by a task-specific output layer.

Message Passing. As illustrated in Figure 3.3, the GGNN updates node states

through repeated message-passing iterations. At each iteration t, the hidden state

of each node is updated by aggregating messages from its incoming neighbors. For

each edge type r (control, data, call, and their reverse directions), a learned edge-

type-specific linear transformation is applied. A separate Position MLP uses the edge

position attribute to generate a gating vector, allowing the model to modulate messages

according to operand order. For an edge (u, v) of type r, the message is computed as:

mt
u→v = Wr

(
ht−1
u ⊙ g(puv)

)
, (3.1)

where Wr is the transformation associated with edge type r, puv is the edge position at-

tribute, g(·) is the Position MLP, and ⊙ denotes element-wise multiplication. Messages

arriving at node v are summed:

mt
v =

∑
(u,v)∈E

mt
u→v. (3.2)

The node state is then updated using a GRU cell:

ht
v = GRU(mt

v, h
t−1
v ). (3.3)
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After T iterations, the final node states are aggregated through sum pooling into a

graph-level embedding, which is processed by a readout MLP to produce a scalar

prediction.

Parameter Groups for Transfer Learning. Although the GGNN architecture

shown in Figure 3.3 remains unchanged, its parameters can be grouped into functional

components for transfer learning experiments. This grouping allows us to study which

parts capture reusable graph-processing behavior and which require adaptation to a

new dialect.

Definition 3.5 (Transferable Parameter Groups). We consider the following parameter

groups:

• Embedding layer : the input lookup table that maps operation tokens and data

types to initial node vectors.

• Message-passing layers : the Edge transformations, Position MLP, and GRU up-

date cell that propagate and integrate information across the graph.

• Readout layer : the final MLP that maps the pooled graph representation to a

scalar prediction.

These groups define the freezing configurations evaluated in our transfer ex-

periments. During adaptation, selected parameter groups are kept fixed while the

remaining groups are updated on the target dialect corpus.

Pre-training. All parameter groups are first trained jointly on the source dialect cor-

pus until convergence. This stage learns node embeddings, message-passing behavior,

and the final prediction mapping from a larger source dataset.

Fine-tuning. To adapt the model to a target dialect, we introduce an embedding

table compatible with the target operation vocabulary. Its initialization is evaluated in

Section 4.2.5: embeddings are initialized either randomly or from the mean vector of the

pre-trained source embedding space. We then fine-tune the model on the smaller target

corpus, optionally freezing selected parameter groups such as the Edge transformations,

Position MLP, or GRU cell. Across our experiments, we evaluate eight configurations

that Section 4.1 describes (FTE1–FTE8). Each configuration varies which groups

remain frozen and how embeddings are initialized.
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Chapter 4

Evaluation

This chapter evaluates the proposed cross-dialect transfer learning methodology through

a series of controlled experiments. All experiments share a common setup described in

Section 4.1: a Gated Graph Neural Network pre-trained on a large corpus of stablehlo

programs and subsequently adapted to the data-scarce linalg dialect. Performance

is measured on two compilation tasks: training time and test accuracy prediction of

neural network architectures from the NASBench dataset. The results are presented

in Section 4.2.

4.1 Experimental Setup

This section describes the experimental setup used to investigate the following

research questions:

RQ1: Zero-Shot Generalization. Can a model trained exclusively on a source di-

alect (stablehlo) accurately predict performance on a target dialect (linalg)

zero-shot, or is explicit domain adaptation required to bridge the semantic gap?

RQ2: Data Efficiency. How does the model’s quality improve as the number of pro-

grams from the target dialect increases?

RQ3: Transfer Effectiveness. Does transferring structural knowledge from a highly

populated MLIR dialect (stablehlo) yield better predictive accuracy on a low-

resource dialect (linalg) compared to training from scratch on the latter?

RQ4: Architectural Plasticity. Which components of the message-passing back-

bone encode universal graph semantics versus dialect-specific logic, and how does

partially freezing the GNN impact domain adaptation?

RQ5: Initialization Strategy. How does the initialization strategy for new dialect

embeddings (random initialization vs. mean-centering from the source domain)

affect the stability and peak performance of the fine-tuning process?



4.1. Experimental Setup 51

RQ6: Time Efficiency. Does our cross-dialect domain adaptation reduce the com-

putational cost and time-to-convergence required to reach peak performance?

RQ7: Generalization. Can the proposed transfer learning methodology generalize

beyond the stablehlo–linalg dialect pair to other MLIR dialects?

The Prediction tasks. We evaluate the research questions on two compilation tasks:

Training time: Predicts the time required to train a neural network. This regres-

sion task is largely determined by explicit structural and data-flow properties of

the program graph, such as tensor shapes, operation types, and computational

complexity.

Test accuracy: Predicts the final accuracy of the architecture. In contrast to training

time, this metric is non-linear and depends on implicit learning dynamics, making

it a more challenging task that probes the model’s ability to capture deeper

structural patterns.

Benchmarks. To evaluate our domain adaptation pipeline, we use 423,624 unique

neural network architectures from the NASBench dataset [Ying et al., 2019], which

provides ground-truth training time and test accuracy metrics. We lower these ar-

chitectures into two MLIR dialects to generate program graphs and simulate domain

transfer. To emulate a realistic data-scarce setting for a new compiler dialect, we

partition the training pool using a 90/10 split across the two dialects:

StableHLO: A high-level dialect for representing machine learning models from frame-

works such as JAX and TensorFlow. We use stablehlo as the source domain,

allocating 90% of the training data to it. This provides a controlled setting where

the GNN can learn structural and data-flow patterns prior to transfer.

Linalg: A dialect providing standard linear algebra operations (e.g., matrix multipli-

cation, addition, and transposition). It serves as the target domain, with its

training set restricted to the remaining 10% to simulate a data-scarce regime for

cross-dialect adaptation.

Hardware & Software. Experiments run on a workstation featuring Ubuntu 24.04.4

LTS, equipped with an NVIDIA GeForce RTX 5090 GPU (32GB VRAM), 128GB

of system RAM, and an AMD Ryzen Threadripper 7970X 32-Core processor. The

translation from MLIR to ProGraML graphs was performed using our custom C++

toolchain built on top of the LLVM/MLIR framework (version 22.0). The neural

network models were implemented in Python using PyTorch (v2.10.0) and PyTorch

Geometric (v2.7.0).
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Neural Network Architecture. We employ a Gated Graph Neural Network (GGNN)

following Cummins et al. [2021] for ProGraML graphs. Node features use learned

embeddings of MLIR operations into 64-dimensional vectors, augmented with 32-

dimensional sinusoidal positional encodings. Message passing runs for 30 iterations

using Gated Recurrent Unit (GRU) updates. Messages are computed with edge-type-

specific MLPs across six edge types (forward and backward control, data, and call

edges), combined with position-dependent gating. Final node representations are ag-

gregated via sum pooling and passed through a readout MLP to produce a scalar

prediction. The StableHLO and Linalg models contain 62,081 and 63,041 trainable

parameters, respectively, with the small difference attributable to dialect-specific vo-

cabulary sizes. Targets are normalized with Z-score normalization during training and

de-normalized at inference time. Optimization uses AdamW (5.0× 10−4 learning rate)

with weight decay and a ReduceLROnPlateau scheduler driven by validation Kendall’s

τ . Training uses a batch size of 128, mixed-precision arithmetic, and gradient clipping.

Predictors. We evaluate several predictors, ranging from naive statistical models to

neural network ablations, to isolate the effects of our pipeline. For our domain adapta-

tion experiments (FTE 1–8), we load the pre-trained StableHLO-Source backbone

and introduce the linalg dialect. We study two factors: (i) architectural plasticity

(layer freezing) and (ii) embedding initialization strategy (random vs. mean-centered).

Mean Predictor: A naive model that always predicts the mean of the target variable

from the training set, establishing a lower-bound performance baseline.

Linear Regression: A classical baseline that predicts performance solely from the

number of model parameters, highlighting the limitations of relying on a single

coarse structural feature.

StableHLO-Source: A GNN trained exclusively on the stablehlo source domain.

It establishes peak source-domain performance and is evaluated on linalg to

measure zero-shot generalization.

Linalg-Target: A GNN trained from random initialization on the limited linalg

dataset, representing a data-constrained setting without transfer learning.

FTE 1 (Frozen Backbone): All message-passing layers are frozen; only the ran-

domly initialized dialect embeddings and the readout MLP are actively trained.

FTE 2 (Frozen Edge & Position): Both the Edge and Position routing MLPs are

frozen to retain universal relational and spatial semantics. The GRU state-update

cells, embeddings, and readout layers are fine-tuned.



4.2. Research Questions 53

FTE 3 (Frozen Edge): Only the Edge MLPs are frozen. The Position MLPs are

fine-tuned alongside the GRU cells, embeddings, and readout layers, allowing the

spatial logic to adapt to the target dialect.

FTE 4 (Full Fine-Tuning): The linalg dialect embeddings are randomly initial-

ized, and all parameters are actively fine-tuned without any freezing constraints.

FTE 5–8 (Mean Initialization): Same as FTE 1–4, but linalg embeddings are ini-

tialized using the mean vector of pre-trained StableHLO-Source embeddings.

4.2 Research Questions

This section evaluates the proposed transfer-learning methodology using the

experimental setup described in Section 4.1. The discussion is organized around the

research questions introduced earlier. Table 4.1 summarizes quantitative results.

Table 4.1: NASBench Dataset – Training Time (Top, seconds) and Test Accuracy
(Bottom, 0–1) – 90% stablehlo Pre-training with 10% Linalg Fine-tuning – Test Set
Metrics (RMSE, R2 and Kendall’s τ) and Epoch Training Details.

Baseline Random Embedding Init Smart Embedding Init (Mean)

Metric
Mean
Pred.

Lin.
Reg.

StableHLO-
Source

Zero-
Shot FTE1 FTE2 FTE3 FTE4 FTE5 FTE6 FTE7 FTE8

Linalg-
Target

RMSE 919.5 374.6 105.4 5645.5 419.3 116.7 107.1 296.8 125.9 109.9 113.2 105.2 290.1
R2 0.0 0.834 0.987 -37.487 0.788 0.984 0.986 0.894 0.981 0.985 0.985 0.987 0.898
Kendall’s τ 0.0 0.704 0.976 0.276 0.675 0.958 0.958 0.834 0.924 0.963 0.958 0.964 0.830
Epoch Time – – 2m34s – 31s 31s 33s 33s 31s 32s 33s 35s 34s
Total Time – – 1h42m – 52m04s 52m21s 55m35s 55m48s 52m20s 54m47s 56m32s 57m34s 57m19s

RMSE 0.058 0.057 0.033 0.271 0.054 0.045 0.044 0.046 0.050 0.043 0.043 0.045 0.046
R2 0.0 0.022 0.684 -18.918 0.209 0.461 0.482 0.425 0.318 0.492 0.498 0.446 0.413
Kendall’s τ 0.0 0.307 0.795 -0.086 0.513 0.683 0.684 0.696 0.504 0.704 0.721 0.681 0.658
Epoch Time – – 2m33s – 31s 31s 33s 35s 31s 33s 35s 36s 35s
Total Time – – 2h33m – 52m 25s 53m 01s 55m 46s 57m 34s 53m00s 55m03s 58m04s 59m48s 56m39s

4.2.1 RQ1: Zero-Shot Generalization

We first investigate whether a model trained exclusively on a source dialect can

predict performance metrics for a target dialect without any exposure to target dialect

samples. The goal of this evaluation is to establish a lower bound for transfer learning.

Discussion: The Zero-Shot results in Table 4.1 show that direct transfer fails, as

Example 1.5 already explained. For training time prediction, the model achieves RMSE

= 5645.5 and R2 = −37.487, substantially worse than the mean predictor baseline. A

similar trend appears for test accuracy prediction. These strongly negative R2 values
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indicate severe miscalibration caused by the mismatch between the distributions of

stablehlo and linalg programs. Nevertheless, some ranking information survives

the transfer. For training time prediction, Kendall’s τ = 0.276 remains above zero,

suggesting that the model captures transferable structural information even though

absolute predictions are unreliable. For test accuracy, however, even the ranking signal

collapses (τ = −0.086).

Conclusion: At least in our experimental setup, a model trained on one MLIR di-

alect cannot be used “as-is” to make predictions on another. Without explicit domain

adaptation, the model’s absolute predictions are effectively useless, often performing

worse than a simple mean baseline.

4.2.2 RQ2: Data Efficiency

To evaluate the data efficiency of training from scratch, we incrementally scale

the volume of target-domain data available to the baseline model. Specifically, we train

independent instances of the Linalg-Target predictor on subsets corresponding to 1%

through 60% of the total dataset. The remaining 40% of the data is held constant

across all experiments and is split into validation and test sets (20%/20%).

To account for sampling variability, each data regime is evaluated over three

independent runs, where the subset is randomly sampled each time. From these three

runs, we report the best-performing model according to the validation Kendall’s τ .

We monitor Kendall’s τ rank correlation over training to assess how effectively an

uninitialized architecture can learn execution semantics of the linalg dialect as data

availability increases. While the figures report training and validation performance

for clarity, all selected models were also evaluated on the held-out test set, where we

observed results consistent with validation trends, indicating good generalization and

no major evidence of overfitting.

Discussion: Figure 4.1 shows that training from scratch is highly data-dependent.

For the training time task (Figure 4.1a), the model exhibits high variance and limited

predictive power in extreme low-data regimes (1%–5%), indicating it struggles to infer

meaningful graph semantics from sparse supervision. As dataset size increases (10%–

40%), performance improves but enters a broad plateau, suggesting the model captures

partial structural regularities without fully generalizing.

A sharp improvement is observed in the higher data regimes (50% and 60%),

where the model converges to near-perfect rank correlation. This behavior suggests

the presence of a data threshold beyond which the model can reliably internalize the
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Figure 4.1: Validation Kendall’s τ (higher is better) as a function of training data size
(1%–60%) for the linalg-target model trained from scratch. Each point corresponds
to the best result across three random subset samples.
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Source: Created by the author.

execution semantics of the target dialect. However, this transition is not necessarily tied

to these exact percentages; given the stochastic nature of training and data sampling,

similar breakthroughs could occur at intermediate points (e.g., 30% or 40%) under

different conditions.

A similar pattern emerges for the test accuracy task (Figure 4.1b), though with

a lower absolute ceiling due to the inherently more complex and non-linear nature of

the prediction target. While performance steadily improves with additional data, the

model remains significantly constrained in low-resource settings, failing to achieve a

strong correlation until larger portions of the dataset are available.
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Conclusion: Training from scratch on a new MLIR dialect is highly data-inefficient.

Competitive performance only emerges after a significant data threshold is met (in our

setup, > 50% of the dataset), leaving the model crippled in the low-resource regimes

(1–10%).

4.2.3 RQ3: Transfer Effectiveness

We now evaluate the proposed transfer-learning methodology. A model is first

pre-trained on a large corpus H of stablehlo programs and then fine-tuned on a

smaller set L of linalg programs. We compare this approach against models trained

from scratch on L under low-resource regimes of 1%, 5%, and 10% of the available data.

Unless otherwise noted, fine-tuned results use the FTE6 configuration, which employs

smart embedding initialization and partially freezes the message-passing layers (edge

and positional MLPs).

Discussion: Figures 4.2a and 4.2b show that transfer learning consistently outper-

forms training from scratch across all low-resource regimes. For training time pre-

diction, the advantage becomes increasingly pronounced as more target-domain data

becomes available: fine-tuned models converge faster and achieve substantially higher

Kendall’s τ values than scratch-trained models. The gains are smaller in the 1% regime,

suggesting that some minimum amount of target data is necessary for effective adap-

tation.

A similar trend appears for test accuracy prediction, although with lower overall

correlation values and smaller margins between transfer and scratch training. Never-

theless, fine-tuned models consistently outperform scratch-trained baselines across all

regimes. These trends are confirmed by the quantitative results in Table 4.1. For

training time prediction, several fine-tuning configurations (e.g., FTE2, FTE3, FTE6,

FTE7, FTE8) achieve RMSE and Kendall’s τ values close to those obtained by the

stablehlo-trained model (τ = 0.976), and consistently outperform the linalg scratch

baseline (τ = 0.830). For test accuracy prediction, fine-tuned models also outperform

the linalg scratch baseline across R2 and Kendall’s τ , although the margins are smaller

and the overall performance remains lower compared to training time prediction.

Conclusion: Transfer learning consistently outperforms training from scratch across

all data-scarce scenarios. By leveraging pre-trained structural representations, the

model achieves higher predictive accuracy with limited target data, mitigating the

data-scarcity bottleneck in MLIR.
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Figure 4.2: Comparison of Kendall’s τ (higher is better) progression between models
trained from scratch on linalg and models fine-tuned from stablehlo under extreme
data-scarce scenarios (1%, 5%, and 10% of total data).
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Source: Created by the author.

4.2.4 RQ4: Architectural Plasticity

We now investigate which components of the GNN encode transferable struc-

tural information and which must adapt to dialect-specific semantics. The eight fine-

tuning configurations (FTE1–FTE8) differ in two aspects: the network components

frozen during adaptation and the initialization strategy for target-dialect embeddings.

This section focuses on the effect of freezing strategies; initialization is analyzed sepa-

rately in RQ5.
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Discussion: Figures 4.3a and 4.3b show the validation Kendall’s τ curves across 100

epochs for all eight fine-tuning configurations, alongside the stablehlo pre-trained

model and the linalg scratch baseline, for training time and test accuracy, respectively.

For training time (Figure 4.3a), the impact of freezing strategies is clearly differentiated

across configurations. FTE1 performs the worst by a large margin (τ ≈ 0.67), indi-

cating that freezing the entire message-passing backbone severely limits adaptation.

Interestingly, full fine-tuning (FTE4) does not yield strong performance, plateauing

at τ ≈ 0.83, close to the linalg scratch baseline. This highlights a possible loss of

useful pre-trained structure during adaptation, consistent with catastrophic forgetting.

FTE5 improves substantially over FTE1, reaching τ ≈ 0.92, likely due to the more in-

formative initialization, but still falls short of the best-performing configurations. The

strongest results are obtained by FTE2, FTE3, FTE6, FTE7, and FTE8, all of which

achieve τ values close to the stablehlo-trained model. These results indicate that

effective transfer requires preserving useful pre-trained structure during adaptation,

either through selective freezing or through informed initialization, rather than relying

on unconstrained fine-tuning, which can overwrite useful pre-trained representations.

For test accuracy (Figure 4.3b), a similar overall ordering is observed, but with

lower correlation values across all configurations. FTE1 and FTE5 perform consistently

worse than the other strategies, remaining well below the rest throughout training,

indicating that freezing the entire message-passing backbone limits adaptation even

when improved initialization is used. Among the remaining configurations, fine-tuned

models outperform the linalg scratch baseline, although the gap is smaller than for

training time prediction. This suggests that, while transfer remains beneficial, its

impact is reduced for this more challenging task. Notably, none of the fine-tuning

strategies match the performance of the stablehlo-trained model, which consistently

achieves higher correlation. This may indicate that the representations learned in the

source domain are more directly aligned with this prediction task, and are not fully

recoverable through fine-tuning on the target-domain data.

Table 4.1 provides a quantitative summary that reinforces the trends observed

in the figures across multiple evaluation metrics. The relative ordering of configurations

is consistent across RMSE, R2, and Kendall’s τ , indicating that the observed effects are

robust and not specific to a single metric. Across both tasks, configurations that allow

adaptation of the message-passing layers consistently achieve the strongest results,

while more constrained strategies degrade performance. Importantly, the differences

between configurations are more pronounced for training time than for test accuracy,

reflecting the greater difficulty of the latter task.

Conclusion: Among the evaluated configurations, FTE6 and FTE7 provide the most

favorable trade-off. This indicates that selective freezing is superior to full fine-tuning.
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Figure 4.3: Validation Kendall’s τ (higher is better) across training epochs for all fine-
tuning configurations (FTE1–FTE8), compared with the stablehlo pre-trained model
and the linalg scratch baseline.
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Source: Created by the author.

Adaptation must be balanced; freezing the entire backbone prevents the model from

learning dialect-specific logic, while unconstrained fine-tuning leads to “catastrophic

forgetting” of the universal program structures learned during pre-training.

4.2.5 RQ5: Initialization Strategy

We now evaluate the impact of embedding initialization on transfer performance.

We compare random initialization against mean initialization, where target-dialect em-

beddings are initialized using the average vector of the pre-trained stablehlo embed-
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ding space. Configurations FTE1–FTE4 use random initialization, whereas FTE5–

FTE8 use mean initialization under equivalent freezing strategies.

Discussion: Figures 4.3a and 4.3b, together with Table 4.1, show that mean ini-

tialization consistently improves performance, although the magnitude of the effect

depends on the task and adaptation strategy. For training time prediction, initial-

ization has the strongest impact in constrained configurations. For example, FTE5

substantially improves over FTE1, indicating that better initialization can partially

compensate for a frozen backbone. Similarly, mean initialization mitigates the degra-

dation observed under full fine-tuning (FTE8 vs. FTE4). In contrast, configurations

that already adapt effectively (e.g., FTE6 and FTE7) benefit only marginally.

For test accuracy prediction, the effect of initialization is more modest. Improve-

ments are primarily observed in FTE6 and FTE7, where mean initialization provides

small but consistent gains. However, the overall ranking of configurations remains

largely unchanged, suggesting that initialization plays a secondary role compared to

architectural adaptability for this task.

Conclusion: Smart initialization (mean-centering) is a low-cost insurance policy for

model stability. It significantly boosts performance in constrained backbones and mit-

igates the failures associated with random embedding initialization.

4.2.6 RQ6: Time Efficiency

We now evaluate the computational cost of the proposed transfer-learning pipeline.

First, we compare the cost of processing different dialects; then, we analyze the wall-

clock time required to reach comparable predictive quality.

Discussion: Figure 4.4 compares the time per epoch for models trained from scratch

on stablehlo and linalg across varying dataset sizes. linalg consistently exhibits

a higher computational cost, with per-epoch times approximately twice as large as

those of stablehlo. This difference arises from the lowering process itself: transi-

tioning from stablehlo to linalg increases the number of operations, resulting in

larger and more densely connected program graphs. As a result, message passing be-

comes more expensive, increasing both computation and memory requirements. This

behavior is expected to generalize beyond this setting, as lowering in compiler pipelines

typically expands programs into more granular representations, systematically increas-

ing processing costs. In this context, pre-training on higher-level representations and

transferring to lower-level dialects can be a practical strategy to reduce the overall
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computational cost of learning in lower-level dialects. Although there is a difference

in trainable parameters (62,081 vs. 63,041), it is too small to account for the observed

performance gap.

Figure 4.4: Time per epoch as a function of dataset size for models trained from scratch
on stablehlo and linalg.
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Table 4.2 complements this analysis by evaluating time efficiency under an iso-

accuracy setting. Instead of comparing raw training times, we measure the wall-clock

time required to reach fixed fractions (90%, 95%, and 99%) of each model’s peak

validation Kendall’s τ . We use the linalg models identified in RQ2 as the first to reach

performance levels comparable to the fine-tuned configurations, which correspond to

larger target-domain data regimes (50% and 30%, respectively). In contrast, fine-tuned

models operate with only 10% of the data. This setup allows us to compare the time

required to achieve similar predictive quality rather than equal data budgets, providing

a normalized view of convergence efficiency.

For training time prediction, transfer-based approaches achieve comparable per-

formance significantly faster than training from scratch. For example, the linalg

baseline requires over two hours to reach τ ≈ 0.96, whereas FTE configurations reach

similar performance levels in under one hour, despite using only 10% of the data. In

particular, FTE8 achieves τ = 0.957 in 48 minutes, demonstrating that transfer can

substantially reduce the time required to reach high-quality predictions.

For test accuracy prediction, the advantage of transfer is less pronounced but

remains evident. While the linalg baseline is competitive in absolute time at lower

thresholds, transfer-based methods achieve similar or slightly higher peak performance

using significantly less data. Configurations such as FTE7 reach the highest observed τ
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Table 4.2: Time-to-performance analysis for training time (top) and test accuracy
(bottom). Wall-clock time to reach 90%, 95%, and 99% of peak validation Kendall’s
τ . For fair comparison, baseline models utilize larger target-domain data volumes
(50% and 30%, respectively) to reach comparable performance levels, while fine-tuned
(FTE) models use only 10%. FTE compute is split into stablehlo pre-training (Pre-
Training) and target-dialect computation (Linalg).

90% of Peak τ 95% of Peak τ 99% of Peak τ

Predictor
Train

Data (%)
Pre-

Training Linalg Total Val. τ
Pre-

Training Linalg Total Val. τ
Pre-

Training Linalg Total Val. τ
Peak
Val. τ

Linalg (Scratch) 50% – 1h 38m 52s 1h 38m 52s 0.948 – 1h 38m 52s 1h 38m 52s 0.948 – 2h 11m 53s 2h 11m 53s 0.963 0.973
FTE6 (Transfer) 10% 12m 26s 9m 39s 22m 06s 0.896 12m 26s 10m 11s 22m 38s 0.921 30m 16s 23m 42s 53m 58s 0.955 0.963
FTE7 (Transfer) 10% 12m 26s 11m 49s 24m 15s 0.899 12m 26s 12m 24s 24m 50s 0.917 30m 16s 30m 53s 1h 01m 09s 0.950 0.959
FTE8 (Transfer) 10% 12m 26s 5m 10s 17m 37s 0.896 12m 26s 5m 45s 18m 11s 0.924 30m 16s 17m 47s 48m 03s 0.957 0.964

Linalg (Scratch) 30% – 40m 43s 40m 43s 0.645 – 1h 47m 55s 1h 47m 55s 0.679 – 2h 38m 23s 2h 38m 23s 0.715 0.715
FTE6 (Transfer) 10% 30m 05s 25m 37s 55m 43s 0.641 1h 13m 29s 32m 14s 1h 45m 43s 0.665 1h 54m 24s 51m 07s 2h 45m 31s 0.692 0.699
FTE7 (Transfer) 10% 30m 05s 30m 06s 1h 00m 12s 0.648 1h 13m 29s 43m 29s 1h 56m 58s 0.692 1h 54m 24s 53m 59s 2h 48m 23s 0.713 0.717
FTE8 (Transfer) 10% 30m 05s 26m 31s 56m 37s 0.613 1h 13m 29s 39m 51s 1h 53m 20s 0.647 1h 54m 24s 54m 22s 2h 48m 46s 0.674 0.680

while maintaining comparable end-to-end training times, indicating a favorable trade-

off between efficiency and accuracy.

One important consideration is that the discussion above accounts for the full

end-to-end cost of pre-training and fine-tuning. In practice, however, pre-training can

often be treated as an offline cost, amortized across multiple downstream tasks. Under

this perspective, only the fine-tuning stage contributes to the effective deployment cost.

This significantly strengthens the efficiency of transfer-based approaches. For instance,

in Table 4.2, FTE8 reaches τ = 0.957 in 17m 47s of linalg compute, compared to

over 2 hours required by the linalg scratch baseline to achieve similar performance.

Even for test accuracy, fine-tuning times remain competitive while achieving higher

peak τ . This highlights that, when amortizing pre-training, transfer not only improves

performance but also substantially reduces the practical time-to-solution, particularly

in settings where lowering increases the number of operations and program size, am-

plifying the cost gap between source and target dialects.

Conclusion: Transfer learning reduces both data requirements and time-to-solution.

Fine-tuned models achieve high predictive accuracy substantially faster than models

trained from scratch, particularly for lower-level dialects with larger graph representa-

tions.

4.2.7 RQ7: Generalization

Thus far, we have demonstrated transfer learning from stablehlo to linalg.

This section evaluates the effectiveness of this approach on dialects more distant from

stablehlo on the lowering pipeline. Notice that extending our pipeline to a new dialect

requires only implementing the corresponding MLIR-to-ProGraML bindings. Because

the pipeline is built on MLIR’s shared abstractions, dialects that already integrate with
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MLIR’s infrastructure are supported out of the box.

Discussion: We apply the pipeline to a lower-level MLIR representation comprising

the scf, memref, and arith dialects, using the same 90/10 split with stablehlo as

the source. Figures 4.5a and 4.5b show that transfer learning converges slightly faster

for training time prediction and outperforms the scratch baseline for test accuracy,

demonstrating that the methodology generalizes to additional MLIR dialects.

Figure 4.5: Validation Kendall’s τ across training epochs for all fine-tuning configu-
rations (FTE1–FTE8) applied to the scf/memref/arith target dialect combination,
compared with the stablehlo pre-trained model and baseline.
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(a) Training time prediction.
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(b) Test accuracy prediction.

Source: Created by the author.

We also evaluated transfer to the LLVM dialect, as shown in Figures 4.6a and 4.6b.

In this setting, fine-tuning was not successful in improving results compared to the

baseline. However, in this case, the gap between dialects is enormous. While stablehlo
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programs typically contain only a few hundred operations, the corresponding LLVM

representations often expand to thousands of operations. This structural mismatch

appears to exceed the range over which transfer learning remains effective.

Figure 4.6: Validation Kendall’s τ across training epochs for all fine-tuning configura-
tions (FTE1–FTE8) applied to the LLVM target dialect, compared with the stablehlo
pre-trained model and baseline.
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Source: Created by the author.

Conclusion: The methodology generalizes to new dialects with minimal engi-

neering effort and retains benefits for moderately distant targets such as scf/memref/arith.

Transfer breaks down for very distant dialects like LLVM, where the representation gap

becomes too large.
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Chapter 5

Conclusion

Applying machine learning to emerging compiler dialects is often constrained by a lack

of labeled training data. This thesis addresses that challenge for MLIR through a

cross-dialect domain adaptation methodology that combines ProGraML graph repre-

sentations with a Gated Graph Neural Network and selective fine-tuning. The method-

ology was evaluated on two prediction tasks, training time and test accuracy, across

423,624 neural network architectures from the NASBench dataset, using stablehlo as

a data-rich source dialect and linalg as a data-scarce target dialect.

The experimental results, organized around seven research questions, yield sev-

eral conclusions. First, zero-shot transfer from one dialect to another fails: a model

trained on stablehlo and applied directly to linalg produces predictions worse than

a trivial mean baseline (RQ1). Second, training from scratch on a new dialect is highly

data-inefficient, with competitive performance emerging only after a substantial frac-

tion of the dataset is available (RQ2). Third, transfer learning consistently outperforms

training from scratch across all data-scarce regimes, demonstrating that pre-trained

structural representations provide a useful initialization even when the operation vo-

cabulary changes entirely (RQ3). Fourth, the effectiveness of transfer depends criti-

cally on which model components are frozen during adaptation: selective freezing of

the edge and positional MLPs preserves reusable structural knowledge while allowing

the GRU and embedding layers to adapt to the target dialect, whereas full fine-tuning

leads to potential catastrophic forgetting (RQ4). Fifth, initializing target-dialect em-

beddings from the mean of the source embedding space improves stability and peak

performance, particularly in constrained configurations (RQ5). Sixth, the transfer-

based pipeline reduces both data requirements and wall-clock time: fine-tuned models

reach high predictive accuracy in under one hour with 10% of the data, compared to

over two hours for scratch-trained models using 50% of the data (RQ6). Finally, the

methodology generalizes to additional MLIR dialects at moderate structural distances

(e.g., scf/memref/arith), but transfer breaks down for very distant dialects like LLVM,

where the representation gap becomes too large (RQ7).

Beyond the experimental findings, this thesis makes three broader contributions.

It establishes cross-dialect transfer learning as a viable methodology for MLIR, showing
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that the structural similarities preserved by MLIR’s progressive lowering pipeline can

be exploited by graph neural networks. It identifies a principled decomposition of GNN

parameters into transferable and dialect-specific groups, providing practical guidance

for practitioners adapting models to new dialects. And it provides an open-source

toolchain that extends ProGraML from LLVM-IR to MLIR, enabling other researchers

to apply the same methodology to their own dialects with minimal effort.

As MLIR continues to expand as a platform for domain-specific compilation,

data scarcity will likely remain a recurring challenge for new dialects. These results

suggest that transfer learning over semantics-aware graph representations is a practical

and effective strategy for building predictive models in such settings.

5.1 Limitations

While the results presented in this thesis are encouraging, several limitations

should be noted.

The evaluation relies on a single benchmark suite (NASBench), in which all

architectures are drawn from the same cell-based search space. Although the dataset

contains over 400,000 unique architectures and exhibits considerable structural varia-

tion within its search space, it remains an open question whether the observed transfer

benefits generalize to programs from fundamentally different application domains, such

as signal processing, simulation codes, or general-purpose software.

The prediction tasks evaluated, training time and test accuracy of neural net-

work architectures, are properties of the programs themselves rather than compilation

decisions. While they serve as controlled proxies for stochastic compilation tasks, the

thesis does not directly evaluate the methodology on optimization-selection tasks such

as choosing tile sizes, selecting vectorization strategies, or predicting the profitability

of specific compiler transformations.

All experiments use a single source dialect (stablehlo). The analysis therefore

does not address whether combining multiple source dialects could yield better transfer,

or whether the choice of source dialect matters (e.g., whether training on a mid-level

dialect like linalg and transferring to scf/memref/arith would outperform transfer

from the high-level stablehlo).

Furthermore, the evaluation considers a limited set of target dialects and dialect

combinations. Additional experiments involving a broader range of MLIR dialects

would be necessary to determine how broadly the observed transfer patterns generalize

across the MLIR ecosystem.

The GNNmodels used in this work are intentionally small (approximately 62,000
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parameters) to match the ProGraML architecture of Cummins et al. [2021]. While this

choice provides a fair comparison with prior work, it leaves open the question of whether

larger GNNs would exhibit the same transfer characteristics, or whether increased

model capacity would enable more robust cross-dialect representation learning.

The failure of transfer to the LLVM dialect (RQ7) reveals a fundamental boundary

of the approach: when the structural distance between source and target dialects is too

large, with programs expanding from hundreds to thousands of operations, the shared

representations learned during pre-training appear insufficient to bridge the gap. The

thesis does not provide a formal characterization of this boundary, nor a method to

predict in advance whether transfer to a given target dialect will be beneficial.

Finally, all experiments were conducted on a single hardware configuration.

Although the conclusions concern predictive performance rather than raw execution

speed, different hardware platforms may affect training times, resource utilization, and

the practical scalability of the approach.

5.2 Future Work

Several directions emerge naturally from the findings and limitations of this

work.

A first direction is to evaluate the methodology on downstream compilation

optimization tasks. Predicting training time and test accuracy demonstrates that

cross-dialect transfer captures meaningful program structure, but the ultimate goal

of learned compiler models is to support optimization decisions. Applying the pipeline

to tasks such as tile-size selection, operation scheduling, vectorization decisions, or

hardware mapping would provide a more direct assessment of whether the transferred

representations encode information that is useful for compiler optimization.

A second direction is to explore multi-source transfer, where the model is pre-

trained on multiple source dialects simultaneously or sequentially. MLIR’s progressive

lowering pipeline produces a chain of related representations (stablehlo → linalg

→ scf/memref/arith → LLVM), and training on multiple levels of abstraction could

produce more robust representations that transfer effectively across a wider range of

target dialects.

A third direction concerns more sophisticated adaptation techniques. The selec-

tive freezing strategy evaluated in this thesis makes a binary decision in which each pa-

rameter group is either fully frozen or fully trainable. Softer regularization approaches,

such as Elastic Weight Consolidation [Kirkpatrick et al., 2017], parameter-efficient

fine-tuning methods such as AdapterGNN [Li et al., 2024], or low-rank adaptation
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techniques could offer finer-grained control over the adaptation process and potentially

improve transfer to more distant dialects where the current approach fails.

A fourth direction is to investigate the concept of dialect distance more formally.

The experiments in RQ7 suggest that transfer effectiveness degrades as the structural

gap between source and target dialects increases, but the thesis does not provide a

metric for quantifying this distance. Developing such a metric, perhaps based on graph-

level statistics such as operation counts, graph density, or embedding-space divergence,

would enable practitioners to estimate transferability before collecting target-domain

data and performing fine-tuning experiments.

Another promising direction is to study the interaction between model scale

and transfer learning. The experiments in this thesis employ a relatively small GNN

architecture. Larger models may learn more general representations that transfer across

dialects more effectively, potentially enabling successful adaptation even in cases where

transfer currently breaks down, such as the LLVM dialect.

Finally, a natural extension is to apply the methodology beyond the lower-

ing pipeline to dialect pairs that are not connected by a direct lowering relationship.

MLIR hosts dialects for diverse domains, including hardware description (e.g., hw),

sparse tensor computation (e.g., sparse tensor), GPU programming (e.g., gpu), and

quantum computing. Understanding whether transfer learning remains effective across

these domain boundaries would help establish whether dialect transfer is primarily a

consequence of shared lowering semantics or a more general property of MLIR’s repre-

sentation framework.

More broadly, the long-term vision suggested by this work is the development

of foundation models for compiler intermediate representations. Rather than training

separate models for each dialect and task, future systems could pre-train on large

and diverse collections of MLIR programs and subsequently adapt to new dialects,

optimization objectives, and hardware targets with minimal additional data. The

results presented in this thesis provide initial evidence that such transfer is feasible,

while also highlighting the challenges that must be overcome to realize this goal.
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Jerônimo Nunes Rocha, Breno Campos Ferreira Guimarães, and Fernando Magno
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