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Introduction

Artificial Intelligence is omnipresent and has far-reaching impacts on the lives of millions of people. However, modeling such intelli-
gence comes with major drawbacks. Once an Al model is trained, inference requires frequent traversals of the machine learning model
to compute relevant outputs. Since an inference model, once trained, does not require any further training [28]], we can use the same
model for each query (for example, decision tree inference [J5, [14], search query in chat-bots, etc.). As a result, we must ensure that
model inference is fast and efficient (requires lesser energy). To this end, our proposal aims to accelerate and optimize the inference of
specific machine learning models, to positively impact the lives of all individuals who will benefit from the power of Al. We identify
memory as one of the major bottlenecks for various machine learning models [[18 (19} 4} 20] and aim to optimize the data layout of such
models to enhance inference time and increase efficiency. ML inference is being deployed on various embedded systems [} |9, 4] for
real-time data analysis; these systems are usually constrained in the amount of memory available for computation and suffer from cache
locality. Our proposal aims to enhance the locality of inference of such models and, in the long term, provide support for parsing existing
models via our compiler tool-chain and support a GPU backend for faster inference time. We envision developing a compiler tool-chain
similar to many existing ML compilers [27} 6] built upon the Gibbon [37, 36} 130] compiler for accelerating machine learning models to
provide a general ecosystem for accelerating inference of ML models.
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Figure 1: A Decision Tree Model (left) including one possible Haskell ADT of the decision tree with its corresponding Gibbon
serialization with dummy values. Overall Pipeline of the proposed compiler ecosystem (right).

Background

Gibbon [37, 136} 30] is an experimental compiler that specializes in accelerating tree traversals and operates over a simple high-level
language. Programs are written in a subset of Haskell (Hi-Cal), which supports algebraic data types and pattern matching. The compiler
serializes ADTs by fixing a traversal order, allowing it to traverse those data types efficiently. This approach is substantially more
efficient than standard pointer-based tree traversals due to better spatial locality. Traversals written in Gibbon tend to have a high degree
of locality and subsequent performance improvements due to predictable access patterns.

Data layout [[7] is a crucial determinant of a program’s runtime performance. Poorly organized data can lead to excessive cache misses
and unnecessary memory traffic, resulting in substantial slowdowns. This challenge is especially apparent in programs that operate over
tree-structured data—such as web-browser engines, numerical simulation pipelines, compiler passes that traverse abstract syntax trees
(ASTs) [31L 137, 130], and machine-learning systems that rely on decision forests [20, [18]. These workloads are considered irregular
because tree structures do not exhibit the predictable, array-like memory layouts that modern hardware is optimized for. As a result,
traversals over tree-shaped data often produce irregular, hard-to-predict memory access patterns.

Improving the data layout of such programs can yield significant performance gains. Gibbon addresses this need by compiling high-level
programs that manipulate tree-like algebraic data types (ADTs) into lower-level programs that operate directly on a serialized, layout-



optimized representation of those ADTs. [37, 136, 130] This spares programmers the burden of manual data-layout engineering while
producing code with substantially better spatial locality and faster traversal performance due to more efficient use of the cache hierarchy.

Model inference is the stage in which a trained AI model processes new inputs to produce classification or prediction outputs. Because
inference does not modify the model’s parameters, it typically dominates the runtime cost of deployed systems—for example, chat-
bots repeatedly performing forward passes on incoming queries. Many widely used machine-learning methods rely on tree-structured
computation, including decision-forest models such as XGBoost, etc. [S) 120, [18, 19, 25} [8, 139], TensorFlow-Decision Forest [12],
LightGBM [14], Tree-LSTMs [33]], etc. In tree boosting, a large model is constructed as a sequence of increasingly refined weak
learners, and inference consists of a forward traversal across these trees using a vector-valued input. At internal nodes, the computation
determines the traversal path; at leaf nodes, the model combines the input vector with stored parameters or embeddings to produce an
output. Because Gibbon’s serialized data layouts yield highly efficient tree traversals with predictable memory access patterns, models of
this form can benefit substantially when compiled through Gibbon. By reducing cache misses and improving traversal locality, Gibbon
has the potential to accelerate inference for a broad class of tree-structured machine-learning models.

Long-term vision of the proposed work / Proposed Ideas

We plan to extend the Gibbon compiler with new capabilities to support the compilation and optimization of machine-learning models. In
the near term, our focus is on accelerating decision trees and tree-ensemble models. Because these models are inherently tree-structured,
serializing them and enabling direct computation over their serialized representations can significantly improve spatial locality. This is
particularly beneficial for embedded platforms, where cache capacity and main memory are severely constrained. In addition, we plan
to enhance the Gibbon compiler to automatically identify opportunities for parallelism and SIMD execution during inference.

We plan to have a GPU backend that enables offloading highly parallel inference workloads to GPUs. As a longer-term goal, we also
plan to explore using Gibbon to serialize dense, tensor-like computation graphs in order to improve spatial locality for deep learning
models by extending Gibbon’s LOCAL semantics [36].

The current Gibbon compiler accepts programs written in a Haskell-like language; to significantly broaden its usability, we will add
front-end support for standard machine-learning model formats. In the near term, this includes widely used frameworks for decision tree
inference, such as XGBoost and scikit-learn [8]. Over a longer horizon, we will extend Gibbon to support dense tensor computation
graphs that dominate modern deep learning workloads. This will require extending Gibbon’s front end to parse established model
representations such as ONNX and TorchScript, enabling trained models to be automatically ingested and systematically converted into
Gibbon’s packed, serialized representations.

On the backend, Gibbon already generates LLVM IR. We will extend this pipeline to support MLIR [16], allowing Gibbon to directly
target backend stacks that are optimized for machine-learning inference and accelerator execution. Figure[Id|shows the overall pipeline
of the proposed compiler framework.

We will initially focus on accelerating decision tree inference on CPUs by aggressively exploiting data locality, parallelism, and SIMD
execution. Achieving this requires a sequence of concrete, near-term compiler enhancements. Specifically, we will transition from array-
of-structs (AoS) to structure-of-arrays (SoA) layouts, lower recursive tree traversals into efficient iterative loops, and enable vectorization
within these loops. Together, these steps establish a solid foundation for high-performance inference on modern CPUs.

Building on this foundation, we will pursue a set of longer-term extensions that substantially broaden Gibbon’s scope and impact.
These include supporting multiple front-end model formats (e.g., XGBoost, scikit-learn, and ONNX), enabling serialization of graph-
structured models, introducing efficient tensor abstractions, and implementing a GPU backend—such as CUDA—to offload highly
parallel computations to GPUs. In developing GPU support for Gibbon, we will draw inspiration from established EDSLs for parallel
computation, including Accelerate and Obsidian [3},132, 22 [15]].

Related Work

We distinguish the related work as belonging to two types of learning based models. The first and more closely related to our proposed
work and relatively shorter-term goals target decision tree-based learning, and the second type of learning, called deep learning, is
a much longer-term goal that we envision requiring many modifications and additions to the Gibbon compiler. Decision tree-based
learning and deep learning are the state-of-the-art techniques [4] in machine learning and dominate competitions hosted on websites
such as https://www.kaggle.com/.

For data without structure, such as images, deep learning seems to work well; however, for structured data, decision-tree ensembles such
as Gradient Boosting or Random Forest seem to work best [4].

There is significant work on accelerating machine learning models that are tree-based. For instance, tree boosting [3]] is an effective
and widely used machine learning method. Such techniques are widely used in applications such as spam detection in emails. Ma-
chine learning algorithms that use trees are deployed on embedded devices where they operate on real-time data [4], requiring faster
traversals of the tree ensemble. Tree ensembles are important in applications such as astrophysics [2], pedestrian detection [24], 3D face
analysis [11], noise signal analysis [29], nano-partical analysis [[17, 38] etc. [4] XGBoost [ is a tree boosting system that showcases
an efficient algorithm for performing tree boosting. It uses techniques such as data compression and block sharding (a form of paral-
lelism) to make tree boosting more scalable. LightGBM [14]] is another system to make gradient boosting decision trees more efficient.
QuickScorer [18] and V-QuickScorer [19] transform sequential tree evaluation to a more cache-friendly process. They use arrays to
represent tree nodes and group similar nodes (for instance, same splitting feature fk) together. RapidScorer [39] is a framework to speed
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up the scoring process of industry-scale tree ensemble models. Kuan et-al [4] showcase a system to optimize the real-time inference
of tree ensembles on embedded devices. TreeBeard [25] is a compiler built using MLIR to generate efficient CPU code for decision
tree inference. SilvanForge [26] is a schedule-guided re-targeting compiler for decision tree-based models. Treelite [8] is a tree library
toolbox to facilitate easy deployment of models, including accelerating prediction performance.

The above mentioned works often treat the model as a special-case data structure, not as a general-purpose tree traversal program.
Prior work [21} 4, 18,19, 139] on decision tree-based learning has explored layout-optimized representations for decision tree inference,
executing predictions directly over array-encoded trees to improve cache locality. However, these approaches are narrowly specialized to
decision forests and rely on hand-designed data layouts. Separately, compiler frameworks such as Treebeard [25]] and SilvanForge [26]]
generate optimized inference code by compiling model structure into imperative control flow, effectively eliminating the model as a
runtime data structure.

In contrast, our work builds on the Gibbon compiler’s ability to execute programs directly over serialized algebraic data types. We
propose to treat the machine learning model itself as a packed, serialized tree and to perform inference by traversing this representation
directly, without reconstructing pointer-based objects or compiling the model away into specialized code. To our knowledge, this is
the first approach to apply general packed-data compilation techniques to the inference of tree-structured machine learning models and
building a general-purpose compiler framework to do so. As a proof of concept, we would like to write the decision tree inference
program in Gibbon’s current front-end language, HiCal. We can encode example decision forests in Gibbon-style packed layouts (for
instance, an ADT to represent the decision tree as shown in Figure [Tb). Gibbon can mmap such an encoding from disk and operate
on it to perform inference. Such a representation will perform well due to cache locality and allow us to perform principled compiler
optimizations on the generated code via the Gibbon compiler.

Tensor, Graph-based machine learning inference

There are various compilers for optimizing deep learning workloads [27} 16} [34} [35]]. Throughout these frameworks, we see a few
common themes. These works aim to design a language to represent the computation of ML operators and algorithms at a higher level
of abstraction to make it easier for programmers to write programs. They try to separate the actual computation from the scheduling.
Works such as Halide [27] initially pioneered this idea. To this end, they want to hide the low-level decisions of scheduling, memory,
etc., from the user and leave it to the compiler to generate optimized code. They decouple the computational graph of the model from the
actual implementation of the operators. Various works implement their own code for these operators, often in a higher-level language, to
perform specific optimizations. They focus on extending target support for many ML models and provide automatic and efficient code
generation and scheduling of these algorithms on heterogeneous devices.

Although these works optimize the data layout of tensors in the computation graph, our proposed approach is orthogonal. Tensors
are only part of the computation graph, even though tensors are contiguously allocated, various nodes of the computation graph may
not share any locality depending on how the allocator allocates memory for the computation graph during runtime. The details of
the in-memory representation of the computation graph are implementation-based, often involving pointer-based data structures and
heap-allocated memory for nodes in the computation graph.

In the long term, we propose to use Gibbon to serialize graph-based models by implementing front-end support to parse deep learning
model formats like ONNX into a Gibbon-style serialized ADT. The operator implementation can be done at a higher-level language like
HiCal (Gibbon’s front-end language). Since we propose building a compiler framework, we can perform principled optimizations to the
generated code via the compiler easily. We would also like to extend the Gibbon backend to support offloading computations to GPUs.

One-year horizon of the project, even if the proposal is a multi-year project

As a short-term goal, we would like to take two directions towards our long-term goal of making Gibbon a compiler ecosystem for
accelerating machine learning workloads. As Gibbon is currently well-suited for tree traversals, we would like to accelerate decision
tree-based inference models [l [4]. These models are widely used for structured inputs on diverse hardware platforms and embedded
devices, which are severely constrained for memory [4]. Thus, optimizing for cache locality will allow faster inference time. To show a
proof of concept, we would like to encode example decision trees in Gibbon’s current encoding style, that is, an Algebraic Data Type,
and write the decision tree inference algorithm in Haskell. An example Decision Tree and its serialized Gibbon encoding is shown in
Figures and For starters, we can develop a Shell/Python script to parse model formats like XGBoost, scikit-learn, etc.,
into a Gibbon-style serialized encoding and see the performance improvements of a packed serialized representation of the model. In
addition, we can use the Gibbon compiler to perform various optimizations on the generated code, thus leveraging the benefit of a
compiler ecosystem. Another important step toward our eventual goal is to efficiently support tensors in Gibbon. This step will enable
us to begin working towards the development of a GPU backend that can work for Al, which largely relies on fast and efficient tensor
computations [13].

Strength of the team to achieve the proposal milestones

Vidush is a 5th year PhD student and works on compiler research. He has worked on Marmoset [30]], which optimizes the data layout of
ADTs in Gibbon. He has significant experience working with the Gibbon [37] compiler. In addition, he has worked on other compiler
projects like Orchard [31]], which fuses and parallelizes tree traversals, Copse [23], which vectorizes decision forest inference in FHE.
In addition, he has experience working with Al compiler tool-chains like MLIR and LLVM. Logan is a 1st year PhD student who
has previously worked on SparseAuto[10], an auto-scheduler for tensor computations based on time and space complexity, along with
optimizing based on cache locality. Combined, our skills will allow the team to successfully achieve the mentioned goals.
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