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Abstract

Static program analysis universally relies on worklist algorithms to schedule the evalu-
ation of program components, making the execution sequence a primary factor in the
computational cost required to reach a least fixed point. In the context of modular frame-
works analyzing higher-order functional languages, traditional deterministic heuristics
suffer from rigid trade-offs: dependency-driven structural sorting frequently triggers
highly inefficient “interleaving” cycles in recursive data structures, while naive queues
like First-In-First-Out (FIFO) bypass these cycles through argument batching but ig-
nore semantic dependencies altogether. Consequently, no single static scheduling policy
is universally optimal.

This thesis proposes a dynamic, data-driven approach that frames worklist component
selection as a supervised Learning-to-Rank (LTR) problem. To overcome the delayed
and sparse rewards inherent to static analysis, we introduce a novel target formulation
based on “Lattice Progression” (a quantifiable proxy for mathematical progression) com-
bined with multi-step simulated lookahead. By training a Gradient Boosted Machine
(XGBoost) on a 19-dimensional feature vector capturing both static graph topology and
dynamic runtime state, the scheduler learns to adaptively balance structural momentum
with strategic workload batching.

FEmpirical evaluation across a diverse suite of Scheme benchmarks demonstrates that the
ML-guided scheduler successfully avoids local optima and generalizes to less training-
similar programs. Compared to a robust FIFO baseline, the top-performing looka-
head model reduced total algorithmic iterations by 35.8% (weighted). While the high-
dimensional feature extraction currently introduces wall-clock overhead, these results
provide empirical evidence that context-aware machine learning models can reduce the
iteration cost of worklist scheduling on the evaluated benchmarks, offering a foundation
for future adaptive static analyzers.

Keywords: Static Analysis, Abstract Interpretation, Worklist Algorithm, Machine Learn-
ing, Learning-to-Rank, Scheduling Heuristics, Scheme.
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Chapter 1

Introduction

1.1 Context and Motivation

Static program analysis is a fundamental technique in software engineering, used to verify
program correctness and detect potential vulnerabilities without executing the source
code. Because the exact runtime behavior of non-trivial programs cannot in general
be predicted due to computability limits such as Rice’s Theorem, static analyzers must
trade absolute precision for guaranteed termination. One prominent technique to achieve
this is abstract interpretation. Instead of executing a program concretely (exactly, as a
standard interpreter would), this approach evaluates the program abstractly, operating
over approximated abstract domains rather than exact concrete values. For example, an
analyzer may track that a variable is an “integer” instead of the specific value “5”. This
yields a conservative over-approximation of program behavior and keeps the analysis
computationally feasible while preserving mathematical soundness [4].

To address this complexity, frameworks such as ModF adopt a modular architecture [12],
breaking the program into smaller, independently analyzed components that communi-
cate through a shared abstract memory representation called the global store. This
design improves scalability but introduces a key challenge: components must be incre-
mentally discovered and repeatedly re-analyzed as shared state evolves. The engine
coordinating this process is the worklist algorithm.

The worklist acts as a dynamic scheduler, maintaining a queue of components that cur-
rently require analysis or re-evaluation. As a component is processed, it may update
the abstract values in the global store. If these updates change the abstract informa-
tion stored at an address, any other components that depend on those specific memory
addresses are automatically pushed back onto the worklist for re-analysis. This cycle of
evaluation and dependency-triggering continues until the system reaches a steady state,
known as a least fixed point.

The specific order in which components are selected from the worklist does not affect the
final analysis result. Assuming abstract domains that enforce finite convergence (e.g.,
via finite-height lattices or widening operators [4]), the monotone equations converge
to the same sound fixed point regardless of the specific processing order. However, the



schedule does affect the number of iterations required for convergence [9]. An unsuitable
strategy may analyze components prematurely and cause many redundant re-analyses as
dependent values continue to change. As a result, the worklist algorithm can be a major
performance bottleneck in the framework. Optimizing it does not change the outcome
of the analysis, but reduces the computational effort needed to reach that outcome.

1.2 Problem Statement

The efficiency of the worklist algorithm depends entirely on its scheduling heuristic.
Historically, static analyzers have relied on rigid, predefined strategies to manage pending
work, which can broadly be categorized into naive and structural approaches. Naive
strategies, such as First-In-First-Out (FIFO) or Last-In-First-Out (LIFO), utilize basic
data structures to queue components. FIFO, for instance, naturally enforces a breadth-
first exploration by treating the worklist as a standard queue. While these methods
introduce virtually no computational overhead, they remain agnostic to the program’s
underlying semantic structure and data flow [7].

To address the limitations of blind scheduling, structural or dependency-driven heuristics
attempt to order the worklist using the relationships between components. By construct-
ing a dependency graph and applying techniques such as topological sorting, often with
Tarjan’s algorithm to condense recursive cycles into Strongly Connected Components
(SCCs), these heuristics aim to process components only after their prerequisites have
stabilized. In theory, prioritizing callees over callers reduces redundant re-evaluations.
By ensuring that a callee reaches a stable state before its return values are propagated
upward, the analyzer prevents the caller from performing premature computations on
incomplete data. This approach works well for programs with imperative updates and
relatively straightforward call graphs, where data dependencies flow predictably [7].
However, this structural prioritization is less effective in higher-order functional lan-
guages that make heavy use of recursive data structures such as lists and closures. This
issue appears as the “interleaving problem” [7]. When a structural heuristic strictly
prioritizes a dependency, it shifts focus to the callee as soon as a single new input is
discovered, rather than waiting for the caller to finish generating all inputs.

Consider a map function (the caller) recursively applying a closure £ (the callee) to a list
of elements. Under a structural heuristic, the analyzer evaluates map, which extracts the
first list element, issues a call to f, and completes its current evaluation step. Because £
is a newly discovered callee, the heuristic immediately selects it from the worklist next.
The callee £ processes this single element and writes its return value to the global store.
Because this memory update changes a value that map depends on, map is automatically
pushed back onto the worklist. Once re-selected, map extracts the second element and
triggers £ again, causing the heuristic to immediately prioritize £ once more. This results
in the analyzer rapidly “ping-ponging” between caller and callee for every individual
element, preventing the analysis from aggregating information efficiently.

In scenarios dominated by the interleaving problem, the naive FIFO strategy can out-
perform more sophisticated structural heuristics. Because FIFO does not immediately



switch to newly discovered dependencies, it allows the caller to finish processing its cur-
rent execution layer and accumulate a batch of arguments in the global store. When
the callee is eventually selected from the queue, it can evaluate that batch of inputs
together, which reduces the total number of context switches [7].

This contrast highlights the main problem addressed in this thesis: no single static heuris-
tic is universally optimal. Structural heuristics perform well in imperative contexts, but
they are less effective in recursive, data-heavy scenarios where FIFO’s batching effect
is beneficial. Achieving good convergence across diverse programs therefore requires a
dynamic scheduling strategy that can adapt to the current analysis context.

1.3 Research Questions

To systematically address the limitations of static worklist heuristics and evaluate the
viability of a machine-learning-driven alternative, this thesis is guided by the following
primary research questions:

e RQ1 (The Scheduling Landscape): Do highly optimized scheduling trajec-
tories exist within the state space of modular static analysis that significantly
outperform robust deterministic heuristics like First-In-First-Out (FIFO)?

e RQ2 (Impact of Target Formulation): What is the impact of the training
target formulation (global empirical trace mimicry versus local simulated Lattice
Progression) on the scheduler’s ability to discover iteration-reducing trajectories?

e RQ3 (Algorithmic Performance & Generalization): To what extent does the
Learning-to-Rank (LTR) scheduler reduce the total number of worklist iterations
required to reach a least fixed point compared to the standard FIFO baseline, and
how well do these iteration reductions generalize to less training-similar programs?

e RQ4 (Feature Impact and Interpretability): What is the relative impact of
dynamic runtime metrics versus static structural topology features on the schedul-
ing decisions made by the learned policy?

e RQ5 (Practical Overhead): What is the real-world computational trade-off
between the algorithmic iteration reductions achieved by the ML scheduler and
the wall-clock overhead introduced by high-dimensional feature extraction?

These research questions also structure the remainder of the thesis. Chapter 3 addresses
RQ1 by characterizing the statistical scheduling landscape, and investigates RQ2 by
formally comparing the performance outcomes of the empirical Oracle and Lattice Pro-
gression targets. Chapter 5 then evaluates the integrated ML pipeline to answer the
remaining questions, establishing its algorithmic performance and generalization (RQ3),
interpreting the model’s feature reliance (RQ4), and measuring the final wall-clock trade-

offs (RQ5).



1.4 Proposed Solution

To bridge the gap between structure-agnostic naive queues and rigid dependency graphs,
this thesis proposes a dynamic, data-driven scheduling approach. Instead of relying on
a fixed heuristic, we frame worklist component selection as a machine learning problem,
specifically Learning-to-Rank (LTR) [8].

Instead of using Reinforcement Learning, which is less attractive here because rewards
are sparse and delayed and the action space changes with the worklist state [11], super-
vised LTR allows us to evaluate the worklist state directly at each step. By training
a Gradient Boosted Machine (XGBoost), which is well suited to heterogeneous tabular
features [2, 5], we can score every pending component against a diverse set of engineered
features. These features capture both the static properties of the code (such as syntactic
size and arity) and the dynamic, runtime state of the analysis (such as the number of
pending updates, time spent waiting in the queue, and current visit counts).

By observing these indicators, the model learns to independently decide when it is bene-
ficial to prioritize a callee to stabilize data flow, and when it is better to delay execution
to allow for the batching of arguments. This effectively grants the analyzer the ability
to adapt its scheduling policy dynamically, mitigating the interleaving problem while
preserving the same least fixed point.

1.5 Contributions

The primary contributions of this thesis are as follows:

e Statistical Characterization of the Scheduling Landscape: We establish a
rigorous mathematical foundation for the variability in worklist performance by
showing that iteration costs are well approximated by a log-normal distribution
for the studied benchmarks. Through large-scale random state-space exploration,
we provide evidence for highly optimized execution trajectories that significantly
outperform robust deterministic baselines like First-In-First-Out (FIFO).

e Formulation of Multimodal Training Targets: We propose and rigorously
evaluate two distinct methodologies for defining an optimal scheduling decision:

— The Empirical Oracle: A global, temporal approach leveraging Monte Carlo
Tree Search (MCTS) to discover the shortest sampled path to convergence,
framed as an imitation learning problem utilizing Reciprocal Rank Decay
(RRD).

— The Lattice-Progression Target: A local, semantic approach that assigns im-
mediate and lookahead-simulated rewards derived from quantifiable mathe-
matical progress within the abstract domain (Lattice Progression).

e Contextual Feature Engineering for Static Analysis: We developed a high-
dimensional feature extraction pipeline capable of translating the complex, sym-
bolic state of the analyzer into a numerical format suitable for machine learning.



1.6

This captures both static structural properties and dynamic runtime states, in-
cluding dependency graph metrics like PageRank, component arity, and temporal
queue wait times.

Implementation of an Automated Policy-Learning Pipeline: We engi-
neered an end-to-end framework integrating the effect-driven ModF static analyzer
with a Gradient Boosted Machine (XGBoost) to execute Learning-to-Rank (LTR).

Evaluation of Specialization and Generalization: We present a comprehen-
sive evaluation of the learned scheduling policies across a diverse benchmark suite.
We explicitly distinguish between the models’ capacity to reduce iterations on
training-similar versus less training-similar programs.

Thesis Outline

The remainder of this thesis is structured as follows:

Chapter 2: Background reviews the foundational concepts required to un-
derstand the proposed approach. This includes the principles of abstract inter-
pretation, the modular architecture of the ModF framework, traditional worklist
scheduling heuristics, and a brief overview of Learning-to-Rank (LTR).

Chapter 3: Formulating the Learning Target establishes empirical evidence
for highly optimized scheduling trajectories within the state space. It then details
the design of our machine learning targets, contrasting a global imitation learn-
ing approach (the Empirical Oracle) with a localized, semantic progression target
(Lattice Progression).

Chapter 4: Machine Learning Pipeline discusses the end-to-end engineering
and integration of the predictive model. This chapter details the extraction of high-
dimensional state features, the deterministic trace-and-replay architecture used to
overcome data-generation bottlenecks, and the underlying model architecture.

Chapter 5: Evaluation and Discussion presents a comprehensive empirical
analysis of the learned scheduling policies. It benchmarks the model’s performance
against standard deterministic strategies, evaluates its capacity to generalize to less
training-similar programs, and investigates feature importance to understand the
model’s decision-making process.

Chapter 6: Related Work contextualizes this research within the broader land-
scape of static analysis optimization, dynamic scheduling algorithms, and the in-
tegration of machine learning into software engineering tools.

Chapter 7: Conclusion and Future Work summarizes the primary findings
and contributions of the thesis and proposes potential avenues for further research
and architectural refinement.



Chapter 2

Background

2.1 Principles of Abstract Interpretation

The core motivation for abstract interpretation arises from fundamental limits in com-
putability theory. According to Rice’s theorem, deciding any non-trivial semantic prop-
erty of a program is generally impossible. To address this undecidability, abstract inter-
pretation trades absolute precision for guaranteed termination. Instead of tracking exact
runtime values, it evaluates the program over an abstract domain, for instance, approx-
imating a numerical variable as a bounded interval (e.g., [0, 10]) or a mathematical sign
(positive/negative) rather than tracking its exact concrete state. This approach yields
a conservative over-approximation of program behavior, ensuring the analysis remains
computationally feasible while maintaining mathematical soundness [4].

2.1.1 Lattices and Abstract Domains

To formalize this approximation and bridge the gap between executing actual source
code and mathematical reasoning, the properties of the program’s variables are mapped
onto a complete lattice. This algebraic structure allows the analyzer to systematically
track, compare, and merge the possible values a variable might hold at any given program
point. A complete lattice is typically denoted as £ = (D,C, L, T, L, ) [10]:

e D represents the set of abstract states (e.g., the collection of all possible mathe-
matical intervals a numerical variable could evaluate to at runtime).

e [ is the partial order denoting relative precision. The relation x C y implies that
x is more precise (i.e., it encompasses fewer concrete runtime values) than y.

e | (bottom) represents the empty set of possible concrete values. Mathematically,
it is the unique least element in the domain such that Vo € D : 1 C z. Technically,
it does not represent unreachable code itself, but rather the result of evaluating
unreachable code. Because execution never reaches that program point, there are
no concrete values produced, yielding 1.



e T (top) represents a complete lack of precision, or “any possible value” a variable
could hold. Mathematically, it is the unique greatest element such that Vx € D :
zCT.

e U (join, or least upper bound) merges information from converging control-flow
paths in the code (such as the convergence point after an if-else block). Math-
ematically, z = x Uy is the least element such that z C z and y C z; for any other
upper bound w, z C w. It yields the least element that safely over-approximates
both operands. For example, in interval analysis: [0, 5] U [3,10] = [0, 10].

e 1 (meet, or greatest lower bound) computes the intersection of states, which is
utilized to refine information (e.g., filtering out impossible values within the specific
branches of a conditional check). Mathematically, z = x My is the greatest element
such that z C z and z C y; for any other lower bound w, w E z. For example:
[0,5] M [3,10] = [3,5].

2.1.2 Monotone Constraints and Fixed Points

The execution semantics of the program are encoded as a set of transfer functions. For
any given program component u, a transfer function f, : D — D models how the
component’s instructions modify the abstract state. Monotonicity is the key condition
that makes fixed-point iteration well-defined:

rEy = ful®) E fuly) (2.1)

Monotonicity ensures that as the analyzer accumulates abstract information, it only
moves upwards in the lattice, generally representing a less precise but more inclusive
over-approximation, and never invalidates prior safe assumptions. A least fixed point
(LFP) exists for monotone functions over complete lattices. In practice, the termination
of the computation of this least fixed point additionally depends on using finite-height
domains, widening, or another mechanism that prevents infinite ascending chains [4].

2.2 The ModF Analysis Framework

Traditional static analyzers often rely on a complete, pre-computed Control Flow Graph
(CFG) of the entire application. This monolithic approach is less suitable for higher-
order functional languages such as Scheme. Because functions are first-class values that
can be passed as arguments, the specific function invoked at a given call site is often
only known dynamically at evaluation time. Consequently, the call graph cannot be
fully known in advance and must instead be discovered incrementally. To address this
complexity and improve scalability, frameworks such as ModF use a modular architec-
ture [12]. Instead of treating the whole program as a single, large component, ModF
partitions the execution into multiple isolated components. A component serves as a
conservative over-approximation for a set of runtime calls to a specific function. To
distinguish between different invocations of the same function, ModF pairs the target



function with an abstract context. Consequently, multiple dynamic calls to a function
are only merged into a single shared component if they occur within the exact same con-
text. Because these components are cheaper to analyze and are evaluated in isolation,
they communicate indirectly through a shared abstract memory representation, called
the global store.

2.2.1 The global store

Because ModF evaluates components in isolation, they cannot communicate through
direct value passing or registers. Instead, communication is orchestrated through a
shared data structure known as the global store. The global store serves as an abstract
representation of the program’s memory heap and stack, mapping abstract addresses to
their corresponding values in the abstract domain D:

o:Addr — D (2.2)

When a caller invokes a callee, it writes the abstract argument values to specific addresses
in this store, which the callee subsequently reads.

2.2.2 The Effect-Driven Worklist Algorithm

Unlike standard algorithms that propagate data directly along static CFG edges, ModF
utilizes an effect-driven worklist. Analyzing a component does not immediately trigger
its successors; rather, it emits “effects” that the framework monitors to schedule future
work.

When a component w is processed, it can emit the following effects:

e Read Effect (R(«)): If component u reads an address a from the global store,
the framework registers a dependency edge (v — u).

o Write Effect (W («,v)): If component u writes a computed value v to address
«, the store updates its state using the lattice join operator: o(«) < o(a) U v.
Crucially, if this update changes the abstract value at «, all components that
previously read from « are automatically enqueued back onto the worklist for
re-analysis.

e Call Effect (C(f)): If a call to a new function f is encountered, a corresponding
component ¢y is instantiated and added to the worklist.

Algorithm 1 illustrates how these effects drive the core execution loop. Because the call
graph is not known in advance, the analyzer dynamically maps dependencies via Read
effects, and triggers re-evaluations purely through lattice-state changes via Write effects.
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Algorithm 1 The Effect-Driven Worklist Algorithm

L W« {¢main} > Initialize worklist with the entry point
2: 0+ () > Initialize global store
3: Deps < () > Initialize dependency map (Address — Components)
4: while W is not empty do

5: ¢ < select and remove a component from W

6: Ef fects < evaluate(c, o)

T: for each e € Ef fects do

8: if e = Read(a) then

9: Deps(a) «+ Deps(a) U {c}

10: else if e = Write(a, v) then

11: Upew < o(a) Uwv

12: if Upew # () then

13: (@) < Vnew

14: W < W U Deps(a) > Re-enqueue dependent components
15: end if

16: else if e = Call(f) then

17: W+ WwWu {Cf}

18: end if

19: end for

20: end while

This effect-driven architecture exposes the critical vulnerability of worklist scheduling
on line 5 of Algorithm 1. A suboptimal heuristic may repeatedly prioritize a dependent
component before the component providing its required data has stabilized, leading to
substantial performance overheads and interleaving cycles.

2.3 Worklist Scheduling Heuristics

The efficiency of a modular static analysis is heavily dependent on its worklist schedul-
ing heuristic, which dictates the order in which pending components are selected for
evaluation. Historically, frameworks have relied on either naive data structures or rigid
structural algorithms to manage this queue.

2.3.1 Naive Approaches

The simplest iteration strategies rely on basic data structures that remain agnostic to
the underlying semantic structure or data flow of the program.

e Random: This heuristic selects an arbitrary component from the worklist at each
step. While it introduces no computational overhead, its lack of predictability and
failure to exploit program structure make it highly inefficient for complex analyses.

11



e FIFO (First-In, First-Out): By treating the worklist as a standard queue,
FIFO enforces a breadth-first exploration order. It ensures that components added
earlier are processed first, which tends to advance the analysis of the whole program
uniformly.

e LIFO (Last-In, First-Out): Utilizing a stack, LIFO enforces a depth-first ex-
ploration. While intuitively appealing because it prioritizes the most recently
discovered work, such as the immediate dependents of the current component, em-
pirical evaluations often demonstrate that it performs worse than FIFO in modular
analyses [7].

2.3.2 Structural Approaches

To address the limitations of blind scheduling, structural heuristics attempt to align
the processing order with the flow of data dependencies. The objective is to process a
component only after the prerequisites it depends on have stabilized, thereby preventing
redundant re-evaluations.

This is typically achieved through dependency-driven topological sorting [7]. The heuris-
tic constructs a graph where nodes represent components and edges represent dependen-
cies (read, write, or call effects). Because static analysis dependencies often form cycles,
especially in the presence of recursion, the algorithm applies Tarjan’s algorithm to con-
dense Strongly Connected Components (SCCs) into single nodes, forming a Directed
Acyclic Graph (DAG). A topological sort then dictates the processing order, generally
prioritizing components with fewer dependencies (callees) over those that depend on
them (callers).

While topologically sorting this graph can theoretically minimize re-analyses, it intro-
duces significant computational overhead. Because the dependency graph changes dy-
namically with every iteration, repeatedly recalculating the topological sort has com-
plexity O(V + E) per recalculation. This often negates the speed gains achieved by a
better ordering [7].

2.4 The Interleaving Problem

While dependency-driven heuristics aim to minimize redundant computations by strictly
prioritizing callees, prior research has demonstrated that this strategy frequently breaks
down in higher-order functional languages that heavily utilize recursive data structures,
such as lists and closures [7]. This breakdown manifests as the “interleaving problem”.
When a dependency-driven heuristic strictly prioritizes a callee, it shifts focus to the
callee as soon as a new dependency is discovered, rather than waiting for the caller to
generate all potential inputs. In scenarios where a caller recursively iterates through a
data structure and generates unique abstract inputs (e.g., individual cons cells uniquely
identified by their allocation site), the following inefficient cycle emerges:

12



1. Caller Execution: The caller generates a unique argument (e.g., the first list
element) and emits a call effect to invoke the callee.

2. Heuristic Selection: Because the structural heuristic strongly prioritizes depen-
dencies, it immediately selects the newly discovered callee from the worklist for
the very next iteration.

3. Callee Execution: The callee processes this single new argument and updates
its return value in the global store.

4. Re-triggering: The update to the return value alters the abstract memory that
the caller depends on, triggering a re-analysis. The caller is automatically re-
enqueued, selected, generates the next unique argument, and invokes the callee
again.

This results in the analysis bouncing rapidly between caller and callee for every single
element in the data structure, preventing the analysis from aggregating information
efficiently.

As Kolozyan observed, in these specific scenarios, the naive FIFO strategy substantially
outperforms sophisticated structural heuristics [7]. Because FIFO does not immediately
prioritize the dependency, it allows the caller to continue executing, accumulating a large
set of argument values in the global store. When the callee is eventually selected from
the back of the queue, it processes this accumulated “batch” of arguments in a single
pass, substantially reducing the total number of context switches and analysis iterations.

2.5 Machine Learning for Scheduling

The contrasting performance between structural sorting and FIFO reveals that no single
static heuristic is universally optimal. Achieving optimal performance requires a dynamic
scheduling strategy capable of adapting to the current analysis context. To bridge this
gap, we frame worklist component selection as a machine learning problem.

While one could theoretically model this as a Reinforcement Learning (RL) problem
where an agent selects an action and receives a reward [11], the reward signal in static
analysis is extremely sparse, appearing only at the very end of the analysis when con-
vergence is achieved. Furthermore, the action space (the pending components) changes
dynamically at each step. Instead, we frame the problem as a supervised Learning-to-
Rank task.

2.5.1 The Learning-to-Rank Paradigm

Learning-to-Rank (LTR) is a class of supervised machine learning techniques originally
developed for Information Retrieval (IR) systems, such as web search engines [8]. In a
traditional search engine, the model receives a “query” and must sort a list of “docu-
ments” so that the most relevant documents appear at the top.

We map the worklist scheduling problem directly onto this IR paradigm:

13



e The Query: The current state of the static analyzer at a specific scheduling step.

e The Documents: The set of candidate components currently waiting in the
pending worklist.

e The Relevance Score: A quantifiable measure of how much analytical progress
evaluating a specific component will yield (discussed in detail in Chapter 3).

Rather than predicting an absolute numerical value (regression) or categorizing a compo-
nent (classification), the LTR model is trained specifically to output an optimal relative
ordering of the worklist. By selecting the component ranked highest by the model, the
analyzer dynamically chooses the most profitable execution step.

2.5.2 Gradient Boosted Machines (GBMs)

To act as the ranking model, we utilize a Gradient Boosted Machine, specifically the
XGBoost implementation [2]. GBMs are highly effective for tabular data with hetero-
geneous features [5]. The architecture relies on two core machine learning concepts:
Decision Trees and Boosting.

Decision Trees: The fundamental building block of the model is a decision tree. A
decision tree makes predictions by passing a data point through a series of binary splits
based on feature thresholds (e.g., “Has this component been waiting in the queue for
more than 10 steps?” or “Is its structural in-degree greater than 57”). Because they split
the data space orthogonally, decision trees are robust against outliers and naturally cap-
ture non-linear relationships between variables without requiring complex mathematical
transformations.

Gradient Boosting: A single decision tree is often prone to overfitting or lacks pre-
dictive power. Gradient Boosting overcomes this by training an ensemble of multiple
shallow trees sequentially. Instead of training all trees independently, each new tree is
trained to predict the residual errors (the mistakes) made by the combination of all pre-
vious trees. In the context of LTR, the loss function being minimized by this gradient
descent process is a pairwise ranking loss. The model learns to penalize situations where
a low-relevance component is scored higher than a high-relevance component.

2.5.3 The Feature Space

For the decision trees to accurately rank the candidates, the complex, symbolic state
of the static analyzer must be translated into a numerical format. At every scheduling
step, we extract a feature vector for every pending component. These engineered features
(detailed extensively in Chapter 4) capture three distinct aspects of the analysis:

e Static Characteristics: The intrinsic syntactic complexity of the code, such as
syntactic size and function arity [7].

e Dynamic State: The runtime behavior of the analyzer, including how many
times a component has been visited, how long it has been waiting in the queue,
and the volume of incoming memory updates.
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e Graph Topology: The component’s position within the dynamically unfolding
dependency graph, measured through standard network metrics such as in-degree,
out-degree, and PageRank [7].

By observing these indicators and processing them through the gradient boosted ensem-
ble, we aim to train a model that learns to independently decide when it is beneficial to
prioritize a callee (to resolve dependencies) and when it is better to delay execution (to
allow for the batching of arguments).
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Chapter 3

Formulating the Learning Target

3.1 Establishing the Optimization Potential (The Land-
scape)

While previous chapters established that worklist scheduling fundamentally alters the
flow of an analysis, it remains an open question whether highly optimized, “shortcut”
trajectories actually exist within a program’s state space, and whether they can sig-
nificantly outperform a robust deterministic baseline like FIFO. Before attempting to
train a machine learning model to predict a high-quality schedule, we must empirically
establish that these fast trajectories exist and are worth finding (RQ1).

3.1.1 The State Space of the Analysis Process

Before evaluating this potential, it is necessary to formally define the “state space” of
the static analysis process. In the context of a modular worklist algorithm, the execution
is not a single linear progression, but rather a traversal through a vast, combinatorial
landscape of possible scheduling decisions.

We define a single analysis state as a tuple S = (o, W, A), where:

e o represents the current state of the global store (the abstract memory mapping
addresses to lattice values).

e W represents the current worklist (the set of pending components ready for eval-
uation).

e A represents the dynamically discovered dependency graph (mapping memory ad-
dresses to the components that read them).

The analysis begins in an initial state Sy = (0, {¢main},?). At any given state S;, the
available “action space” for the scheduler is defined by the components currently waiting
in the worklist (IW). Selecting a component ¢ € W triggers an evaluation step. As the
component computes, its resulting read, write, and call effects deterministically update
the store and worklist, transitioning the analyzer to a new state S;y1. This iterative
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process continues until the worklist is entirely empty (W = ), landing the analyzer in
a terminal state S, that represents the least fixed point.

The overall state space of the scheduling problem is therefore the Directed Acyclic Graph
(DAG) of all valid transitions from Sy to So. A specific scheduling strategy—whether
a static heuristic like FIFO or a trained machine learning model—produces a single
trajectory 7 = (So, co, S1,¢1,- .., S) through this landscape.

Because a worklist can frequently contain dozens or hundreds of components simultane-
ously, the branching factor at each step is massive. The core optimization problem of
this thesis can thus be formally defined: finding the specific trajectory 7 through this
state space that minimizes the total number of transitions (iterations) required to reach
Soo-

3.1.2 Distributional Validation and Log-Normality

Before comparing the performance of random trajectories to our deterministic baselines,
we must first determine the underlying mathematical shape of the resulting iteration
distributions. Because scheduling performance is strictly bounded at zero and often
highly right-skewed by a few exceptionally poor trajectories, standard arithmetic means
and thresholds (such as p £ 30) can be deeply misleading or yield physically impossible
negative iteration counts. Establishing whether the data follows a log-normal distri-
bution is therefore a critical first step, as it formally justifies the use of logarithmic
transformations to ensure robust, outlier-resistant statistical analysis later on.

To formalize this, we define the computational cost of a worklist algorithm as a random
variable X, representing the total iterations required to reach convergence. We hypoth-
esize that X is reasonably approximated by a log-normal distribution. To evaluate this,
we apply a logarithmic transformation Z = In(&X’) to a sample of N = 500 independent
random schedules generated for each benchmark.

The transformed data Z was subjected to Kolmogorov-Smirnov and Shapiro-Wilk tests,
evaluating the null hypothesis Hy g4ist: The transformed data is normally distributed.
Testing at o = 0.05 failed to reject normality for most non-trivial benchmarks. While
failing to reject a null hypothesis is not a mathematical proof of strict normality, the
context of the sample size is critical. With small sample sizes, these tests lack statistical
power, making it trivially easy to fail to reject Hy g4;s¢ simply due to a lack of evidence.
Because our large sample (N = 500) provides high sensitivity to distributional devia-
tions, the failure to reject Hy_g;s¢ under these strict conditions provides strong empirical
justification for using the log-normal approximation.

Thus, for a given set of observed iteration counts X = {z1,...,x,}, we estimate the
log-space parameters using the unbiased sample mean and standard deviation:

. RS
fitog = — > In(a) (3.1)
=1

> (0(02) — fitg)? (32
=1

Olog =
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3.1.3 Uncertainty Estimation via Non-Parametric Bootstrapping

Once the mathematical shape of the landscape is established, our ultimate objective is
to calculate exactly how many random runs (N,.,) are required to confidently locate a
highly optimized trajectory for ML training (detailed in Section 3.1.5). To guarantee
that this sampling budget is sufficiently large, we must base it on a strictly conservative,
worst-case estimate of the distribution’s spread. If we rely on an overly optimistic (wide)
standard deviation, we risk overestimating the probability of finding a fast trajectory,
leading to a sampling budget that is dangerously small.

Because of the high kurtosis inherent in program analysis costs, standard error approx-
imations can be unreliable. To establish a statistically cautious, lower-bound estimate
for the standard deviation, we employ Non-Parametric Bootstrapping.

From the original log-transformed dataset Z, we generate B = 5000 bootstrap samples
z2*M) . 7*B) by resampling with replacement. By calculating the sample standard
deviation &;‘0(5) for each set, we derive an empirical distribution of the variance estimator.
To obtain our cautious spread estimate, we extract a “Safety Margin” og,f. based on
the lower bound of the 95% confidence interval:

A ~¥(1 ~x(B
Osafe = Q0.025 ({Ulo(g)7 o ,Ulo(g )}) (3.3)

where Q07025 represents the 2.5t" percentile. Using this lower bound yields an intention-
ally narrower fitted spread. By assuming this “thinner” tail during our later calculations,
we force a conservative underestimate of the success probability (py4), which safely in-
flates the required sampling budget (N,¢q) to ensure we do not terminate our search
prematurely.

3.1.4 Structural Sensitivity Analysis (The T-Test)

With the shape of the landscape established, we can objectively evaluate whether ran-
dom trajectories can outperform our baseline. As established in Chapter 2, sophisti-
cated structural heuristics can suffer catastrophic performance degradation on recursive,
higher-order Scheme programs due to the interleaving problem [7]. Consequently, the
naive FIFO strategy serves as the most robust, high-performing deterministic baseline
for this dataset.

We quantify the performance of the random state-space exploration against this baseline
using a One-Sample T-Test. This test evaluates the null hypothesis Hy pe,r: The expected
cost of a random schedule is equal to the cost of the standard FIFO baseline (j1og =
In(Lrrro))-

By calculating the p-value for statistical significance (o = 0.05) and observing the sign
of the t-statistic (which subtracts the FIFO baseline from the random distribution), we
can assess whether random trajectories are, on average, faster or slower than FIFO for
each benchmark.
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Benchmark FIFO Steps Random Mean t-statistic t-test p N;q Performance Bias

boyer.scm 1,421 1,303 —30.927 < 0.001 4803 Random is Faster
mceval.scm 1,395 1,416 3.637 < 0.001 4670 FIFO is Faster
church.scm 129 137 17.868 < 0.001 4549 FIFO is Faster
SICP-compiler 1,925 1,941 1.047 0.295 4464 Statistically Tied
four-in-a-row.scm 237 232 —32.028 < 0.001 4401 Random is Faster
regex.scm 181 177 —8.167 < 0.001 4330 Random is Faster
quasiquoting.scm* 53 54 4.972 < 0.001 4297 FIFO is Faster
grid.scm* 63 63 —-3.718 < 0.001 4048 Random is Faster
work.scm* 61 59 —31.414 < 0.001 4035 Random is Faster

Table 3.1: Statistical landscape of benchmark programs. To provide an intuitive com-
parison, performance is contextualized using raw iteration counts (FIFO baseline vs.
the average of the random explorations). The sampling budget N, is derived from
the underlying log-normal spread parameters and represents the estimated random runs
required to observe one highly optimized trajectory with 95% confidence. Benchmarks
marked with (*) exhibit slight deviations from strict log-normality under separate tests
(p < 0.05) but are retained to prevent selection bias.

As shown in Table 3.1, analyzing the random walks yields three distinct performance
profiles:

e Random is Faster (¢t < 0,p < 0.05): In programs such as boyer.scm and
regex.scm, random exploration frequently uncovers schedules that substantially
outperform FIFO. This provides statistical evidence that highly optimized paths
through the state space exist, and that the rigid FIFO heuristic often fails to
exploit them.

e FIFO is Faster (¢ > 0,p < 0.05): In programs like mceval.scm and church.scm,
the average random trajectory is significantly slower. These programs rely heavily
on the structural locality preserved by FIFO’s breadth-first batching.

e Statistically Tied (p > 0.05): In complex programs like SICP-compiler, the
difference between average random exploration and FIFO is not statistically dis-
tinguishable at o = 0.05 in this sample. This suggests that FIFO provides little
measurable advantage over random exploration in this context, although it does
not establish formal non-inferiority.

This supports our central premise: very fast trajectories exist that can substantially
outperform static heuristics, but relying on FIFO can miss them. Because no single
static algorithm can reliably capture these fast paths across all topologies, a dynamic,
data-driven approach is well justified.

To visually ground these statistical profiles, Figure 3.1 illustrates the empirical distribu-
tion of iterations for the mceval.scm benchmark. The density plot clearly exhibits the
right-skewed, heavy-tailed shape characteristic of the scheduling landscape. While most
random trajectories cluster around a central peak, a long tail extends far to the right,
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representing exceptionally poor scheduling paths that drastically inflate the iteration
count.

In this specific program, the rigid FIFO baseline (1,395 steps) sits slightly to the left
of the random mean (1,416 steps). This visualizes exactly why the t-test categorizes
this benchmark as a scenario where FIFO outpaces average random exploration, while
simultaneously highlighting the vast spread of alternative trajectories that exist within
the state space.

Efficiency Distribution: mceval.scm

Comparative analysis of Random vs. FIFO worklist strategies

Random Strategy
--- FIFO Baseline
—— Mean (u)
== Oracle (u— 30)

N = 500
Min = 1,160
Max = 1,785
u=1,415.8
o = 106.2
Skew = 0.51
Kurt = 0.45

1,100 1,200 1,300 1,400 1,500 1,600 1,700 1,800
Iterations

Figure 3.1: Empirical distribution of required iterations for the mceval . scm benchmark
across random scheduling trajectories. The pronounced right-skewness illustrates the
heavy-tailed nature of worklist performance. The relative placement of the standard
FIFO baseline and the random mean visually grounds the statistical analysis.

3.1.5 The Sampling Budget

The statistical framework allows us to estimate N,q,, the number of random samples
required to observe at least one highly optimized trajectory with 95% confidence. We
explicitly define a highly optimized trajectory as one falling three sample standard de-
viations (36;,4) below the empirical mean. We denote this target threshold as Tj,g:

CZjlog = [Llog - 3é'log (34)

To calculate N;.eq, we model the random search as a sequence of independent Bernoulli
trials. Let pqy denote the probability of a single random schedule reaching this tar-
get threshold. To ensure our budget is mathematically conservative, we evaluate this
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probability under the worst-case distribution model defined by the lower-bound safety
margin (ogqfe) derived from our bootstrap analysis. Using the Cumulative Distribution
Function (CDF) of the standard normal distribution (@), this probability is:

o
Prait = ® (l"g a l"g> (3.5)

Osafe

Because the safety margin is smaller than the sample standard deviation (o4 fe < &log),
the resulting Z-score evaluated here is strictly more negative than —3. This conserva-
tively shrinks the expected tail probability, thereby safely inflating the estimated number
of trials required.

Under this conservative model, the probability of failing to observe the event after N
independent trials is (1 — ptml)N . To achieve a target confidence level C' = 0.95 of
observing at least one such highly optimized trajectory, we bound the failure probability:

1— (1= prait)Nree > C (3.6)
Solving for N, yields the exact sampling budget formulation:

In(1 - C) w

(1 — prau) (3.7)

Nreq = ’V
Applying this formulation illustrates the large size of the state space. For a benchmark
like boyer . scm, isolating a single highly optimized trajectory requires an estimated min-
imum of N = 4,803 independent runs.
This mathematical reality establishes a critical baseline for our machine learning pipeline.
Before an adaptive model can be trained to navigate this space, we must first extract the
best sampled paths to serve as empirical training labels. The magnitude of N,., dictates
that generating this initial dataset cannot be trivial; it demands a large computational
search to overcome the statistical scarcity of highly optimized schedules.

3.2 Approach 1: Global Trajectory Mimicry (Empirical
Oracle)

Having established the existence of optimized execution paths, our initial approach aimed
to train a machine learning model to mimic them globally. We framed this as a super-
vised Learning-to-Rank problem in which the objective was to predict the sequence of
component selections that minimizes the total iteration count needed to reach the fixed
point.

3.2.1 Trajectory Search and the Empirical Oracle

To generate the necessary training data, we conducted a large-scale stochastic search of
the scheduling state space. While our statistical framework in Section 3.1 demonstrated
that capturing a generic fast trajectory (30 below the mean) requires 4,803 random runs
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for the boyer benchmark, training an imitation learning model benefits from the shortest
path found by the available search budget, not just a generic fast run.

For each benchmark program in our training dataset, the search was systematically con-
strained by a strict wall-clock time budget rather than a fixed iteration limit. Because
complex programs (such as SICP-compiler) require significantly more computational
time to complete a single execution than simpler programs, the total number of com-
pleted search iterations naturally varied. This time-bounded approach yielded between
50,000 and 200,000 independent analysis runs per benchmark. To reach the fast tail
of the distribution within this allocated time frame, the search phase could not rely on
pure random walks; instead, it heavily utilized Monte Carlo Tree Search (MCTS) [1] to
actively bias the exploration toward highly optimized paths.

MCTS is a heuristic search algorithm commonly used in artificial intelligence and deci-
sion processes. Rather than exploring the state space completely blindly, MCTS incre-
mentally builds a search tree by mathematically balancing exploration (sampling pre-
viously unvisited scheduling choices) with exploitation (focusing the search budget on
branches that have historically yielded fast iteration counts). By dynamically learning
which paths through the worklist landscape are most promising, MCTS can drill down
into the optimized tail of the distribution much faster than pure random sampling.
Instead of aggregating multiple fast trajectories, we retained only the single shortest
sampled path from these extensive searches. This sequence of decisions was designated
as the empirical Oracle trace for that program.

Program FIFO Best Trace Improvement Deviation (o)
church.scm 129 7 40.3% —8.920
regex.scm 181 112 38.1% —7.750
SICP-compiler 1,925 1,248 35.2% 5275
boyer.scm 1,421 1,007 29.1% —4.190
mceval.scm 1,395 1,024 26.6% —4.660
grid.scm 63 50 20.6% —4.110
quasiquoting.scm 53 45 15.1% —4.330
four-in-a-row.scm 237 205 13.5% —8.130
work.scm 61 56 8.2% —3.030

Table 3.2: Comparison of total iterations between the standard FIFO heuristic and the
best sampled empirical Oracle trace discovered via large-scale MCTS. The Deviation
column quantifies how many standard deviations the Oracle trace falls below the ex-
pected random mean in the log-normal landscape.

As shown in Table 3.2, this best sampled path yielded substantial reductions in itera-
tions. For complex benchmarks such as SICP-compiler, the best sampled trajectory
required 1,248 iterations, more than 35% fewer analysis steps than the standard FIFO
approach. Under our log-normal model, 1,248 iterations represents an event 5.27 stan-
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dard deviations below the mean. For a standard normal distribution, the probability
of a single random walk reaching this extreme threshold is approximately 6.82 x 108
(roughly 1 in 14.6 million). Even if we assume the maximum time budget of 200,000
pure random runs, the cumulative probability of observing at least one such highly opti-
mized trace remains a mere 1.35%. This mathematical reality demonstrates exactly how
unlikely it is to discover optimal trajectories via unguided exploration, strongly justify-
ing the use of MCTS to actively navigate the state space and generate a high-quality
training target.

3.2.2 Target Formulation: Reciprocal Rank Decay

In this approach, the target label Yrrp is completely agnostic to semantic analytical
progress; it is purely temporal. We assigned a numerical target score, Yrrp(u), to every
candidate component u present in the pending worklist W at any given step ¢ based
entirely on when it appeared in the empirical Oracle trace.

We employed a Reciprocal Rank Decay formulation [3]. Let A(u) represent the “delay”,
namely the number of discrete scheduling steps that occur in the future empirical Oracle
sequence before component u is selected. The target score is defined as:

1

Yrrp(u) = Al)+1

(3.8)
Under this formulation, the component chosen immediately by the empirical Oracle
receives a score of 1.0, the next best option receives 0.5, and the score decays non-
linearly for deferred components.

3.2.3 Flaws and Limitations of Imitation Learning

Although this approach could identify optimized paths, treating scheduling as a strict
imitation learning problem based on a single temporal trace introduced several theoret-
ical and practical limitations:

1. Data Generation Bottleneck: Executing 50,000 runs per training program
simply to find one highly efficient trace is computationally explosive. There is also
no guarantee of optimality.

2. Compounding Errors (Covariate Shift): Because the model is trained exclu-
sively on states derived from the empirical Oracle trajectory, it has no knowledge
of how to recover from mistakes. If the ML model makes a single suboptimal
prediction at runtime and deviates from the oracle, it lands in a worklist state it
has never seen during training. This leads to cascading failures where the model’s
performance rapidly degrades.

3. Spurious Strictness and Tie-Breaking: In many analysis states, the order of
independent components (e.g., processing A before B, or B before A) may have no
impact on the final iteration count. However, the empirical Oracle trace arbitrarily
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selects one order. The target formulation aggressively penalizes the model for
choosing B before A, forcing the learning algorithm to waste capacity by modeling
meaningless tiebreaker noise rather than meaningful structural dependencies.

4. Lack of Semantic Progress: Reciprocal Rank Decay relies entirely on the tem-
poral trace rather than actual state progression. It provides no mechanism for the
model to learn why a component is useful, only that the empirical Oracle happened
to pick it at that moment.

3.3 Approach 2: Local Greedy Progression (Lattice Tar-
get)

To resolve the data generation bottleneck and provide the learning algorithm with a
dense, semantically meaningful reward signal, we abandoned the global temporal trace.
Instead, we shifted the formulation toward local, immediate progression. The ques-
tion becomes: “Which component provides the strongest local proxy for progress toward
convergence at the current step?”

In the framework of abstract interpretation, one observable proxy for analytical progress
is movement up the mathematical lattice. When a component is analyzed, it evaluates
its internal semantics and potentially updates the abstract values in the global store.
If this update results in a higher, more inclusive abstract state, the analysis has made
measurable progress in the monotone iteration, although this is a proxy for convergence
rather than a direct distance to the final fixed point.

3.3.1 Quantifying Lattice Progression and Discovery

We redefine our training target, Yz p(u), in terms of a quantifiable “Lattice Progression.”
For a given worklist state W, we simulate the execution of a pending component u € W
and measure the resulting marginal change to the global store.

To formalize this, we first define the absolute progression of a global store snapshot o.
Mathematically, the store is defined as a total function ¢ : Addr — D. This means
that any previously unallocated address does not fall outside the domain, but rather
inherently maps to the bottom element (L). To compute the total analytical progress,
we evaluate the finite subset of actively allocated addresses—specifically those where
the lattice state has strictly ascended above bottom (o(«) JL)—using a lattice-specific
scalar progress function v(o(a)).

This progress relies on tracking an element’s structural position within the complete
lattice £ = (D,C, L, T,U,M). We mathematically define the height function #(a,b) as
the maximum length k of a strictly ascending chain a = yg C y1 C - -+ C yr = b between
two elements in the domain. Using this concept, we formally define the two core metrics
of lattice state:

o level(x) = H(L,z): The maximum number of structural updates required to reach
x from the bottom element 1, the least lattice element representing no observed
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concrete values in the may-analysis ordering.

o distanceToTop(xz) = H(z, T): The maximum number of remaining updates re-
quired to push x to the top element (fully generalized state).

For finite lattices, the progress proxy vginite() is calculated as the linear ratio of the
current lattice level against the total maximum path length through z:

B level(x)
 level(x) + distanceToT op(z)

Ufinite(x) (39)
Crucially, to guarantee analysis termination, all abstract domains employed in this
framework theoretically possess a finite height. However, for certain complex struc-
tural domains (such as sets of abstract addresses or closures), dynamically calculating
the exact distancel oT op is computationally prohibitive or practically undefined. In the
framework’s implementation, this unknown upper bound is often artificially represented
by Int.MaxValue. For these specific lattices, we bypass the unknown distance parameter
by applying a logarithmic dampening function strictly to the current level:

1
ampene =1.0- !
Vdampened () 0 (1.0 + In(1.0 + level(JU))) )

This score measures saturation toward T and is used as a proxy for convergence progress,
not as a direct distance to the final fixed point.
The absolute progression proxy of a store snapshot is the finite sum of these values:

Progression(c) = Z v(o(a)) (3.11)
a€Addr|o(a)3L

The immediate Lattice Progression Gain(u) is strictly defined as the marginal difference
between the post-update store and the pre-update store caused by analyzing component
u:

Gain(u) = max(0, Progression(oy,s) — Progression(opre)) (3.12)

Theoretically, because abstract interpretation strictly relies on monotone join operations
(L), the store’s progression can never decrease (0post = Opre). The max(0,...) opera-
tion serves purely as a defensive computational bound to sanitize infinitesimal negative
values caused by floating-point rounding errors during the calculation of the non-linear
progression proxies, ensuring a strictly non-negative reward signal for the machine learn-
ing model. When a simulated execution allocates a new abstract address, that address
enters the active subset (o(«) J1) and structurally contributes to the post-state pro-
gression.

Furthermore, semantic progress is not limited to just updating existing store values.
Discovering entirely new, unanalyzed code paths is a critical aspect of static analysis.
Therefore, the immediate reward function for selecting component u is calculated as the
sum of its immediate Lattice Progression plus a Discovery Bonus:

Reward(u) = Gain(u) + (A x | NewComponents|) (3.13)
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where NewComponents denotes the set of previously unseen components discovered
during the simulated execution of u, and A = 0.1 is a static weight assigned to newly
discovered components.

The discovery bonus is intentionally kept small relative to the final per-state target
scale. The combined rewards are later min-max normalized across all candidates in
the current worklist state before training, so A controls the within-state preference for
newly discovered components but does not change the final label range. Because this
weighting remains a heuristic design choice, we revisit it as a construct-validity limitation
in Chapter 5.

3.3.2 Mitigating Myopia via Simulation Strategies

A purely greedy one-step lookahead approach, which always selects the component with
the highest immediate Reward(u), risks trapping the analyzer in local optima. The
model may exhaust immediate gains while neglecting components that enable important
structural updates later.

To mitigate this myopia while preserving the density of the reward signal, we expanded
the local target formulation by simulating future trajectories. To calculate the target
score for a candidate component u, we simulate its execution and then a sequence of
H — 1 subsequent steps, where H denotes the lookahead horizon.

We evaluated two distinct simulation strategies to traverse this lookahead horizon, bal-
ancing computational overhead and structural awareness:

e Greedy Lookahead (K = 1): To evaluate a candidate, we simulate selecting it
and then, for the remaining H —1 lookahead steps, greedily select the single compo-
nent with the maximum immediate Lattice Progression. This strategy, evaluated
at a deep horizon of H = 25, represents a linear “steepest ascent” simulation and
tests whether component » unlocks a direct sequence of high-reward updates.

e Beam Search Lookahead (K > 1): To avoid the rigid, single-path nature of
a purely greedy lookahead, we also employed a breadth-aware simulation. The
beam search explores multiple branching lookahead trajectories simultaneously,
maintaining the top K parallel states at each depth up to horizon H. We evaluated
configurations balancing simulation depth and width, specifically H = 15 with
K =3, and H = 10 with K = 5.

For all lookahead variants, let P*(u) = (co,c1,...,cHr—1) represent the sequence of com-
ponents selected along the highest-yielding simulated trajectory, strictly anchored by
the initial candidate choice ¢p = u. The cumulative target score Y7 p(u) assigned to this
initial candidate is the discounted sum of the immediate rewards evaluated along this
specific path:

T

-1
1
Yip(u) = T v Reward(cq) (3.14)
0

.
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where Reward(cy) represents the immediate reward—comprising the marginal Lattice
Progression and discovery bonus defined in Section 3.3.1—yielded strictly by executing
component cg on the intermediate simulated global store at depth d. The parameter
v acts as a discount factor (e.g., v = 0.9) that prioritizes immediate gains while still
incorporating longer-term structural progression. Finally, the scores calculated across all
candidates in the current worklist are min-max normalized between 0.0 and 1.0 whenever
the raw scores are not all equal; equal-score states are treated as ties. This provides the
gradient-boosted machine with a scaled regression target.

3.3.3 Strategic Divergence: Local vs. Global Optimality

A critical methodological question is whether the local Lattice Progression target merely
approximates the global empirical Oracle, or if it constitutes a fundamentally different
scheduling strategy. To evaluate this, we deterministically replayed the empirical Oracle
trace for each benchmark. At every individual scheduling step, we paused the analysis
to calculate the potential Lattice Progression for all candidate components currently
in the pending worklist. We then measured the alignment percentage, defined as the
frequency with which the component actually selected by the empirical Oracle matched
the candidate maximizing the target score Yz p(u).

Program Alignment %
work.scm 96.43%
quasiquoting.scm 77.78%
church.scm 50.65%
four-in-a-row.scm 49.27%
grid.scm 48.00%
regex.scm 34.82%
boyer.scm 14.03%
mceval .scm 9.08%
SICP-compiler 5.93%

Table 3.3: Alignment between the empirical Oracle choice and the maximum local Lattice
Progression choice at each step of the replay trace. The values shown reflect the primary
Beam Search configuration (H = 15, K = 3,7 =0.9,A = 0.1).

As Table 3.3 demonstrates, alignment is heavily dependent on program complexity. In
structurally simple benchmarks like work.scm, the local progression choice and the best
sampled trace overlap almost entirely (96.43%). However, in complex analyses like
SICP-compiler, the alignment drops to just 5.93%. Globally, the Pearson correlation
between the continuous Reciprocal Rank Decay target assigned by the Oracle (Yrrp)
and the Lattice Progression target score (Y7 p) across all decision points is extremely
weak (r = 0.0602). This confirms that rather than capturing the same underlying sig-
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nal, the two target formulations encode fundamentally distinct scheduling strategies.
To understand where this divergence occurs, we expanded our analysis to track the
contextual state of the analyzer during each disagreement.

e Sensitivity to Worklist Complexity: Strict Top-1 alignment is highly inversely
correlated with the size of the pending worklist. When the worklist is “Tiny” (1-5
candidates), the strategies agree 54.49% of the time. However, when the work-
list expands into “Large” bottleneck states (50+ candidates), binary alignment
plummets to a mere 1.71%.

e Temporal Degradation: The strategies align most frequently during the early
phase of the analysis (25.36% alignment in the first third of iterations), where
initial discovery heavily dictates progress. As the global store populates and the
dependency graph matures, alignment drops significantly, reaching 10.31% in the
final third of the analysis.

e The Oracle’s Discrepancy: When the two strategies disagree, the empirical
Oracle routinely selects components that offer poor immediate progression. For
example, during disagreements in SICP-compiler, the component chosen by the
Oracle yielded an average normalized Lattice Progression of just 0.266 (compared
to the 1.0 maximum available).

3.3.4 Target Superiority and Selection

To determine the optimal training formulation, we directly compared the execution
trajectories generated by the purely statistical empirical Oracle against those generated
by the Lattice Progression target (utilizing simulated semantic lookahead).

Program FIFO Baseline Empirical Oracle Lattice Progression Improvement (LP)
SICP-compiler 1,925 1,248 752 60.9%
boyer.scm 1,421 1,007 563 60.4%
mceval.scm 1,395 1,024 521 62.7%
four-in-a-row.scm 237 205 197 16.9%
regex.scm 181 112 123 32.0%
church.scm 129 7 81 37.2%
grid.scm 63 50 50 20.6%
work.scm 61 56 55 9.8%
quasiquoting.scm 53 45 48 9.4%

Table 3.4: Comparison of target superiority and selection metrics. The Lattice Progres-
sion targets reflect the lookahead simulation parameters H = 25 and K = 1. The results
demonstrate how the structural awareness of the lookahead strategy compares against
the purely empirical sequences generated by the Oracle.

As detailed in Table 3.4, the Lattice Progression target consistently discovered superior,
more highly optimized routes through the state space for complex program topologies.
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For instance, in SICP-compiler and mceval.scm, the Lattice-guided trace reduced the
required iterations by roughly 60% compared to the FIFO baseline, substantially out-
performing the empirical Oracle.

Because the Lattice Progression target provides both a denser, more learnable reward
signal and a superior iteration efficiency, we exclusively utilize it as the target formulation
to train our predictive model for the remainder of this thesis.

29



Chapter 4

Machine Learning Pipeline

4.1 Feature Engineering

The performance of the learning algorithm depends on its capacity to evaluate the struc-
tural significance and analytical progression of a pending component. To achieve this,
we extract a comprehensive 19-dimensional feature vector ® for every candidate in the
worklist at each scheduling step. These 19 dimensions are derived from 17 distinct core
metrics. Because two of these highly skewed dynamic metrics, Wait Time and Pend-
ing Updates, are supplied to the model in two mathematically distinct formats (both
normalized and log-scaled), the original 17 metrics expand into the final 19-dimensional
vector. These features are rigorously defined mathematically and categorized into tem-
poral progression, structural topology, and graph-theoretical centrality.

4.1.1 Temporal and Progress Metrics

These features track a component’s position relative to the analysis timeline and its
mathematical progress within the abstract lattice.

e Wait Time (norm_wait, log wait): Evaluates the potential for argument batch-
ing by measuring how long a component has been delayed in the queue.

Wait(c) = teurrent — tenqueued(c) (41>

where tcpqueued is the discrete step count when the component was most recently
triggered. Due to its heavy-tailed distribution, this single core metric accounts
for two dimensions in the final feature vector: a relatively normalized version
(norm_wait) and a logarithmically scaled version (log-wait).

e Age (norm_age): Tracks the total lifespan of the component within the dynamic
analysis.

Age(c) = teurrent — tdiscovery(c) (4.2)

where ?g;scovery Tepresents the exact step the component was first instantiated.
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e Average Input Convergence (norm avg input_levelToTop): Quantifies the
stability of the data supplied to the component. In this context, the triggering
inputs Vals(c) are not strictly limited to formal function arguments; Vals(c) en-
compasses the complete set of abstract values upon which component ¢ possesses
read dependencies (including accessed global variables and environment states).

To measure the saturation of these inputs without redundancy, we directly apply
the lattice-specific progress proxies (vfinite and Vgampened) formally established in
Section 3.3.1. Let v(z) denote the application of the appropriate proxy based on
the structural domain of input . The convergence proxy is then calculated as the
mean saturation of all incoming dependencies:

1

AvgLevelToTop(c) = Vals()] Z v(x) (4.3)
z€Vals(c)

If Vals(c) = 0 (i.e., the component has no tracked dependencies), this feature
defaults to 0.

e Pending Updates (norm_pending updates, log pending updates): The num-
ber of distinct producer components that have triggered updates for this compo-
nent and have not yet been ingested. As with Wait Time, this metric accounts for
two dimensions in the final vector to capture both relative scale (norm_pending updates)
and absolute magnitude orders (log_pending updates).

e Visit Count (normvisits): The historical frequency of a component’s evalu-
ation, enabling the model to identify and appropriately penalize deep recursive
cycles that exhibit slow convergence.

e Delta Change (norm_delta change): The quantitative magnitude of incoming
lattice state alterations received by this component, serving as a momentum indi-
cator.

e Selection Status (was_selected): A binary flag indicating whether the compo-
nent was the exact candidate chosen in the immediately preceding scheduling step,
providing necessary context for consecutive execution chains.

4.1.2 Static and Syntactical Features

These features describe the fixed syntactic complexity and inherent interface of the
analyzed component, entirely independent of its dynamic execution state within the
worklist:

e Component Size (norm size): A proxy for computational evaluation cost, cal-
culated recursively over the sub-expressions e € Sub(exp):

Size(exp) =1+ Z Size(e) (4.4)

ecSub(exp)
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Arity (norm_arity): The exact number of formal parameters expected by the
component, indicating its potential data-dependency footprint.

Entry Point Flag (ismain): A strict binary indicator denoting whether the
component serves as the primary entry point (the main function) of the analyzed
program.

4.1.3 Dependency Graph Topology and Centrality

To capture both the local execution context and pinpoint global bottlenecks, we calculate
topological and centrality metrics over the dynamically unfolding dependency graph
G=(V,E).

All dependency-graph features use a single directed convention. An edge p — c¢ is created
when component p spawns component ¢ or triggers an update in ¢. Edges therefore point
from producer to consumer, or equivalently from caller to callee in the component graph.
Outgoing edges represent downstream dependents that can be affected by the current
component, while incoming edges represent prerequisite producers that provide input to
the current component.

Average Neighbor Convergence (norm_avg neighbor_conv): Measures the
execution readiness of a component based on the stability of its direct predecessor
producers, Pred(c) = {p | p — c¢}. Let [p] denote the evaluated abstract value
produced by predecessor p. By applying the structural progress proxy v(z) defined
in Section 3.3.1 to these incoming values, we compute:

. 1
AvgNeighborConv(c) = Pred()] Z v([p]) (4.5)
pEPred(c)

If Pred(c) = 0, this average is set to 0.

Out-Degree (norm_out_degree): The number of direct downstream dependents,
or consumer components, triggered by this component through outgoing edges.

In-Degree (norm_in_degree): The number of prerequisite producer components
that provide input to this component through incoming edges.

DAG Depth (norm dag depth): The maximum structural depth of the compo-
nent from the entry point, calculated within the current directed acyclic graph
representation of the dependencies.

PageRank (norm pagerank): Identifies major sink components and information
hubs by allowing rank to flow into a component along incoming producer-to-
consumer edges. Using the power iteration method with damping factor d = 0.85,
N total components, and the set of predecessors In(u) = {v | v — u}:

PR =14 ¥ OPR(“) (4.6)
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e Betweenness (norm betweenness): Quantifies the component’s structural role
as a bridge between disparate execution paths:

BC(v)= Y p(v) (4.7)

SHVFEL Pst
Pst >0

where pg; is the total number of shortest paths from s to ¢, and pg(v) is the number
of those paths that strictly pass through v. Disconnected pairs with ps; = 0 are
excluded from the sum.

e Transitive Dependents (norm transitive deps): Represents the theoretical
downstream impact of evaluating the component, defined as the number of other
components reachable from c in the transitive closure ET of the outgoing dependent
relation:

TD(c) = [{ve V\{c} | (c,v) € BT} (4.8)

4.2 Data Generation and Deterministic Replay

Extracting the complex, 19-dimensional feature vectors (®) detailed in the previous
section—such as dynamically recalculating PageRank or scanning the global store for
pending updates—is computationally expensive. Attempting to extract these features
live during the thousands of exploratory runs required to find an optimized global tra-
jectory (such as the 50,000 MCTS runs evaluated for the Empirical Oracle) would be
computationally impractical and create a severe data generation bottleneck.

To solve this, we decoupled the execution search phase from the feature extraction phase
via a trace-and-replay architecture. During the initial search phase, the analyzer operates
with minimal overhead, tracking only standard execution metrics and disabling the ML
feature extraction pipeline entirely.

Once a highly optimized target trajectory is identified, we extract its “trace”—a lightweight,
ordered sequence of the unique component IDs selected at each step. The analyzer then
enters a deterministic replay phase. By overriding the heuristic queue and forcing the
worklist to strictly follow the recorded sequence, the analyzer safely pauses at every
execution step. In this frozen state, it extracts the full 19-dimensional feature matrix
for every candidate in the worklist and calculates the corresponding training targets.

4.3 Data Preprocessing and Balancing

Raw analysis metrics inherently exhibit extreme variance and heavy-tailed distributions;
for instance, a component might wait for 10 steps in a trivial program but 10,000 steps
in a complex interpreter. To ensure these values remain comparable across diverse
benchmarks, the raw features (frqw) are transformed through a strict preprocessing
pipeline before model ingestion.
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4.3.1 Relative Scaling and Log-Transformation

To prevent the model from memorizing absolute thresholds that would fail to generalize
to larger unseen programs, we utilize Relative Normalization. All 17 core features are
normalized relative to the maximum value currently present within the active worklist,
yielding metrics prefixed with norm_:

fraw (C)

maXyew fraw (u) + €

fnorm(c) = (49)
where € is a small constant introduced to prevent division by zero. This process estab-
lishes the first 17 dimensions of our feature vector.

Simultaneously, highly skewed dynamic features specifically measuring time and volume
(Wait Time and Pending Updates) exhibit a power-law distribution. To compress this
range and provide the model with a sense of absolute magnitude without breaking gen-
eralization, we apply an additional logarithmic scaling transformation to just these two
metrics. This yields two supplemental features prefixed with log_:

frog(c) =In(1 + fraw(c)) (4.10)

By appending these two log-scaled metrics (log_wait and log_pending updates) to the
17 relatively normalized metrics, we arrive at the final, 19-dimensional feature vector ®
supplied to the machine learning model.

4.3.2 Ranking Objective and NDCG Evaluation

To align our model with the task of scheduling component execution, we formulate the
learning problem as a ranking objective. Rather than regressing toward a single absolute
target, we optimize for the relative quality of candidates within a single worklist step,
using the Normalized Discounted Cumulative Gain (NDCG) as our objective function.

Target Discretization

We define the relevance gain g(u) of a candidate component u based on its simulated Lat-
tice Progression Y7, p(u). To facilitate the ranking objective, we discretize the continuous
[0, 1] target into k& = 10 relevance levels using quantile binning:

9discrete(w) = [min-max(Yrp(u)) - (k —1)] (4.11)

where |-| denotes the floor function. This transformation allows the model to prioritize
relative quality across discrete tiers, effectively mitigating the impact of simulation noise
while emphasizing the distinction between high-value and low-value scheduling paths.

NDCG Formulation

We utilize the NDCG metric to evaluate the quality of the ranked candidates. Given a
set of candidates U at a specific decision point, we calculate the Discounted Cumulative
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Gain (DCG) as:

p .
201 — 1
DCG, = ; e 1 D) (4.12)

where g; is the relevance level of the component at rank ¢. The final score is normalized
by the Ideal DCG (IDCG), obtained by sorting all candidates in U by their optimal
relevance gain:

DCG,

D6, (4.13)

NDCG, =
This formulation ensures that the model is penalized more severely if it misranks high-
utility components near the top of the worklist, which is essential for maintaining the
structural progression of the analyzer.

4.3.3 Query Grouping and Data Leakage Prevention

Because worklist states can grow exceptionally large, sometimes containing hundreds of
competing candidates simultaneously, we treat each scheduling step as an isolated query
group analogous to how search engines group documents for a specific query.

During cross-validation, we employ a GroupShuffleSplit strategy partitioned by these
query groups. This guarantees that all candidate components competing within the
same specific scheduling step are kept together in either the training or validation set,
preserving the integrity of the pairwise ranking objective. Because the split is performed
at the query level rather than the program level, longer-running benchmarks naturally
contribute more queries to both sets. While this step-level split allows different temporal
states from the same program to appear in both training and validation sets, the model’s
capacity to truly generalize to unfamiliar code is rigorously and independently evaluated
in Chapter 5 using a separate suite of completely unseen benchmark programs.

35



Chapter 5

Evaluation and Discussion

This chapter answers the research questions explicitly. RQ1 and RQ2 are primarily sup-
ported by the scheduling-landscape and target-formulation experiments from Chapter 3,
while RQ3-RQ5 evaluate the integrated Learning-to-Rank scheduler. Each section be-
low restates the corresponding research question, summarizes the relevant evidence, and
gives a direct answer.

5.1 Experimental Setup

To evaluate the effectiveness of the Machine Learning (ML) driven scheduler, we bench-
marked its performance against the deterministic FIFO heuristic. Performance is strictly
measured by the total number of worklist iterations required to reach a least fixed
point. We evaluated four distinct model configurations, trained using different simu-
lation strategies (defined by their lookahead horizon H and beam width B):

e 125 B1 (Greedy Lattice Lookahead): The champion configuration. It clones
the analysis state, simulates a 25-step rollout, and uses beam width B = 1, making
the rollout greedy after the first candidate choice.

e L15 B3 (Balanced Beam): A moderate search exploring a depth of 15 steps
while maintaining the top 3 parallel trajectories.

e L10_ B5 (Broad Beam): A shallow, wide search exploring a depth of 10 steps
across 5 parallel trajectories.

e L1 B1 (Purely Greedy): A baseline configuration with no future rollout. This
model is trained to maximize immediate Lattice Progression on the next step.

All configurations use the Lattice Progression target with discovery weight A = 0.1 and
discount factor v = 0.9. Ties in normalized target scores are treated as equal-score
states during training; at execution time, exact prediction ties fall back to the worklist’s
deterministic iteration order.
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The evaluation suite consists of 32 diverse benchmark programs, all distinct from the
programs used to train the model. We partition these evaluation programs by their
similarity to the training set. The training-similar group (N = 3) contains distinct
programs whose control-flow shape, recursion patterns, and dependency structure closely
resemble a program observed during training. The less training-similar group (N = 29)
contains the remaining distinct programs, which do not have such a close training-set
counterpart. These labels describe similarity to the training data; they do not indicate
train/test leakage.

5.2 RQ1: Scheduling Landscape and Optimization Poten-
tial

Research question. Do highly optimized scheduling trajectories exist within the
state space of modular static analysis that significantly outperform robust determin-
istic heuristics like FIFO?

Analysis. Chapter 3 first characterizes the scheduling landscape through large-scale
random state-space exploration. The statistical landscape in Table 3.1 shows that the
relative strength of FIFO varies by benchmark: random trajectories are significantly
faster than FIFO for some programs, FIFO is significantly faster for others, and at least
one complex benchmark is statistically tied. This already indicates that FIFO is robust
but not universally optimal. The empirical Oracle results in Table 3.2 then show that
targeted search can discover much shorter sampled traces, with improvements ranging
from 8.2% to 40.3% over FIFO on the training benchmarks.

Answer to RQ1. Yes. The explored state spaces contain highly optimized trajec-
tories that can substantially outperform FIFO, but these trajectories are sparse and
benchmark-dependent. This supports the central premise that scheduling is a meaning-
ful optimization target: the final fixed point is unchanged, but the path taken to reach
it can vary dramatically in cost.

5.3 RQ2: Impact of Target Formulation

Research question. What is the impact of the training target formulation (global
empirical trace mimicry versus local simulated Lattice Progression) on the scheduler’s
ability to discover iteration-reducing trajectories?

Analysis. The global empirical Oracle target provides an intuitive imitation-learning
baseline, but it is data-hungry and brittle: it depends on expensive search, records
only one sampled trajectory, and penalizes harmless deviations from that trace. The
alignment analysis in Table 3.3 shows that Oracle choices and local Lattice Progression
choices diverge strongly on complex programs, indicating that the Lattice Progression
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target is not merely copying the same policy. Table 3.4 further shows that Lattice
Progression with semantic lookahead finds shorter trajectories than the empirical Or-
acle on the most complex benchmarks, reducing FIFO iterations by roughly 60% on
SICP-compiler, boyer.scm, and mceval.scm.

Answer to RQ2. The target formulation has a decisive impact. Global trace mimicry
is useful for demonstrating that fast paths exist, but it is too sparse and trajectory-
specific to serve as the final learning target. Local simulated Lattice Progression provides
a denser and more semantically meaningful signal, and the lookahead variant discovers
stronger iteration-reducing schedules. This is why the final ML scheduler is trained
against the simulated Lattice Progression target rather than the empirical Oracle trace.

5.4 RQ3: Algorithmic Performance and Generalization

Research question. To what extent does the LTR scheduler reduce the total number
of worklist iterations required to reach a least fixed point compared to FIFO, and how
well do these reductions generalize to less training-similar programs?

Analysis. The aggregated performance of the models across the entire 32-program
benchmark suite is detailed in Table 5.1.

Config N W. Ratio Geo Mean Ratio Net Steps Saved Wins Ties Losses

L25.B1 32 0.642 0.839 8,133 26 2 4
L15B3 32 0.714 0.881 6,504 24 1 7
L10.B5 32 0.743 0.879 5,847 24 2 6
L1 B1 32 1.084 0.954 -1,917 20 2 10

Table 5.1: Global performance across all 32 benchmark programs. The Weighted Ratio
and Geometric Mean Ratio indicate the proportion of steps taken relative to the FIFO
baseline (lower is better). A “Win” indicates the ML model required fewer iterations
than FIFO.

The weighted ratio in Table 5.1 is computed as }_, Inr(p)/ >, IFiro(p), so L25.B1’s
value of 0.642 corresponds to a 35.8% weighted iteration reduction on this 32-program
evaluation. The geometric mean ratio instead summarizes the typical multiplicative per-
program effect and corresponds to a 16.1% reduction. These weighted, geometric, and
unweighted summaries answer different questions and should not be compared as if they
were the same statistic.

The data supports the theoretical risk of “myopia” outlined in Chapter 3. The purely
greedy configuration (L1_B1), which selects components solely on the basis of their imme-
diate Lattice Progression, performs worse than FIFO in the weighted aggregate, adding a
net 1,917 steps across the benchmark suite. This happens despite winning on many small
benchmarks: its losses occur on sufficiently costly programs to dominate the weighted
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total. By chasing immediate, localized mathematical progress, the greedy model can
trap the analyzer in local optima.

In contrast, the inclusion of simulated lookahead substantially improves the outcome.
The greedy lattice lookahead configuration (L25_B1) emerged as the most effective global
strategy. By simulating 25 steps into the future on a cloned analysis state, the model
learns to defer immediate gratification in favor of components that unlock substantial
structural updates later in the execution. It achieved a geometric mean iteration ratio
of 0.839 against the baseline, securing 26 wins and saving a net total of 8,133 analysis
steps.

5.4.1 Generalization Across Training Similarity Splits

A central challenge in applying machine learning to program analysis is preventing the
model from merely memorizing the abstract syntax trees of its training set. A viable
scheduler must perform both on distinct programs that closely resemble a training bench-
mark and on distinct programs that are less similar to the training set. To evaluate this,
we separate the 3 training-similar programs from the 29 less training-similar programs.

Config N W. Ratio Geo Mean Ratio Net Steps Saved Wins Ties Losses

L25B1 3 0.385 0.363 7,098 3 0 0
L15B3 3 0.488 0.484 5,908 3 0 0
L10.B5 3 0.594 0.588 4,682 3 0 0
L1 B1 3 1.027 0.912 -316 1 0 2

Table 5.2: Model specialization performance on the 3 training-similar programs, which
are distinct evaluation programs that closely resemble programs in the training set.

As demonstrated in Table 5.2, models equipped with lookahead exhibit a strong ca-
pacity for specialization. When analyzing training-similar programs, the L25_B1 model
substantially outperforms the baseline, achieving a geometric mean ratio of 0.363 (an
average iteration reduction of nearly 64%). Meanwhile, the greedy L1 B1 model fails
to specialize, losing to FIFO on 2 out of 3 familiar programs, reaffirming that optimal
scheduling requires multi-step structural awareness.

Config N W. Ratio Geo Mean Ratio Net Steps Saved Wins Ties Losses

L25.B1 29 0.907 0.915 1,035 23 2 4
L10.B5 29 0.896 0.917 1,165 21 2 6
L15B3 29 0.947 0.938 596 21 1 7
L1B1 29 1.143 0.958 -1,601 19 2 8

Table 5.3: Model generalization performance on the 29 less training-similar programs.

Table 5.3 provides evidence that the predictive scheduler can generalize to less training-
similar programs, provided it is trained with future state simulation. Across the 29 less
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training-similar programs, the L25_B1 configuration maintained a strong win rate (23
wins, 2 ties, 4 losses) and a favorable geometric mean ratio of 0.915. While the magni-
tude of the step reduction naturally decreases when encountering unfamiliar programs,
the lookahead models remain highly competitive and outperform the naive baseline in
aggregate and on most individual benchmarks.

Program Similarity to Training Baseline Steps ML Steps Steps Saved Ratio
compiler.scm  Similar 3,557 880 2,677 0.247
sboyer.scm Similar 4,257 1,462 2,795 0.343
nboyer.scm Similar 3,722 2,096 1,626 0.563
peval.scm Less similar 2,280 1,406 874 0.617
cat.scm Less similar 9 7 2 0778
sum.scm Less similar 10 8 2 0.800
puzzle.scm Less similar 130 107 23 0.823
slatex.scm Less similar 1,319 1,090 229  0.826
ctak.scm Less similar 35 29 6 0.829
arrayl.scm Less similar 53 44 9 0.830
tak.scm Less similar 15 13 2 0.867
sumloop.scm Less similar 31 27 4 0.871
wc.scm Less similar 24 21 3 0875
lattice.scm Less similar 320 281 39 0.878
destruc.scm Less similar 101 89 12 0.881
string.scm Less similar 42 38 4 0.905
travl.scm Less similar 223 202 21 0.906
nqueens.scm Less similar 44 40 4 0.909
matrix.scm Less similar 936 862 74 0.921
fibc.scm Less similar 28 26 2 0929
paraffins.scm Less similar 154 146 8 0.948
diviter.scm Less similar 128 123 5 0.961
primes.scm Less similar 69 67 2 0971
earley.scm Less similar 895 880 15 0.983
deriv.scm Less similar 64 63 1 0.984
triangl.scm Less similar 164 163 0.994
graphs.scm Less similar 2 2 1.000
tail.scm Less similar 53 53 0 1.000
mazefun.scm Less similar 403 421 -18  1.045
perm9.scm Less similar 82 86 -4 1.049
scheme.scm Less similar 3,303 3,511 -208  1.063
browse.scm Less similar 261 338 =77 1.295

Table 5.4: Detailed performance breakdown per program for the top-performing L25 _B1
configuration, sorted by iteration ratio. The similarity-to-training column uses Similar
for distinct programs close to the training set and Less similar for the remaining distinct
programs.
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5.4.2 Ranking Metrics and Accuracy

To understand the predictive quality of the learned scheduling policy independently of
the final iteration counts, we evaluate the underlying Gradient Boosted Machine using
standard Information Retrieval (IR) metrics. Because we framed component selection
as a Learning-to-Rank (LTR) problem, we assess the model’s ability to correctly sort
the pending worklist candidates at any given step.

Table 5.5 presents the split evaluation results for our highest-performing model config-
uration (L25_B1). The dataset of extracted worklist states was partitioned into an 85%
training set and a 15% validation set at the query-group level, matching the grouping
strategy described in Chapter 4. This keeps all candidates from the same scheduling
decision together in either the training or validation split, but it does not by itself con-
stitute a program-level generalization test; that stronger cross-program evaluation is
provided separately by the 32-program benchmark suite.

Metric Training (85%) Validation (15%)
NDCG 0.9637 0.9187
Top-1 Accuracy 68.00% 29.87%
Top-3 Accuracy 88.68% 63.84%
MRR 0.7789 0.4367

Table 5.5: Split evaluation metrics for the L25_B1 Learning-to-Rank model. The metrics
quantify the model’s ability to correctly rank the worklist candidates compared to the
target scores derived from the lookahead simulation.

Analysis of Ranking Quality (NDCG)

The primary optimization objective of the model is the Normalized Discounted Cumu-
lative Gain (NDCG). NDCG evaluates the overall quality of the sorted worklist, heavily
penalizing models that place high-value targets near the bottom of the queue. The
model achieved an exceptional validation NDCG of 0.9187. This indicates that the
feature extraction pipeline provides sufficient resolution for the XGBoost ensemble to
reliably separate high-impact structural updates from low-value, isolated components,
generalizing well to less training-similar programs.

Precision and the Generalization Gap

While the NDCG remains high across the split, the exact classification metrics exhibit
a noticeable generalization gap. Top-1 Accuracy measures the frequency with which
the model’s absolute highest-ranked prediction exactly matched the highest-scoring can-
didate under the lookahead Lattice Progression target. On the validation set, the model
selected this proxy-best candidate 29.87% of the time.

In a traditional classification task, a 30% accuracy might indicate poor performance.
However, in the context of modular static analysis, worklists frequently contain dozens
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or hundreds of pending components simultaneously. Furthermore, many analysis states
exhibit broad “ties” where selecting component A or component B yields identical struc-
tural progression. Consequently, predicting the exact highest-scoring proxy target out
of a large queue is an extremely strict constraint.

A more representative metric for practical scheduling is Top-3 Accuracy, which mea-
sures how often the highest-scoring lookahead-target component appeared within the
model’s top 3 predictions. On less training-similar validation states, the model achieves
a Top-3 Accuracy of 63.84%.

This capability is further supported by the Mean Reciprocal Rank (MRR). An MRR
of 0.4367 on the validation set means that the reciprocal-rank average is comparable to
placing the highest-scoring lookahead-target component around rank 2.3 in a harmonic
sense. It should not be interpreted as the arithmetic mean rank of the best target.

Conclusion of Metric Performance

These metrics contextualize the iteration reductions observed in the RQ3 evaluation.
The model does not need to act as a perfect, deterministic oracle to outperform static
heuristics like FIFO. By consistently placing components scored as profitable by the
lookahead target within the top ranks of the worklist (Top-3 Accuracy > 63%) and
maintaining a structurally sound overall queue (NDCG > 0.91), the predictive scheduler
often avoids costly interleaving cycles and efficiently drives the analysis toward the least
fixed point.

Answer to RQ3. The LTR scheduler reduces iterations substantially when trained
with simulated lookahead. Across all 32 evaluation programs, L25_B1 reaches a weighted
step ratio of 0.642, corresponding to a total iteration reduction of 35.8%, and a geometric
mean ratio of 0.839. On the 29 less training-similar programs, it still achieves a favorable
geometric mean ratio of 0.915 with 23 wins, 2 ties, and 4 losses. The purely greedy L1 _B1
model performs worse in the weighted aggregate, showing that lookahead is necessary
to avoid myopic schedules.

5.5 RQ4: Feature Impact and Interpretability

Research question. What is the relative impact of dynamic runtime metrics ver-
sus static structural topology features on the scheduling decisions made by the learned
policy?

Analysis. To thoroughly understand the underlying decision-making process of the
learned scheduling policy, we utilized SHapley Additive exPlanations (SHAP). SHAP
values provide a game-theoretic approach to interpreting machine learning models by
quantifying the marginal contribution of each individual feature to the final prediction
score. Figure 5.1 presents the SHAP summary beeswarm plot extracted from the best-
performing configuration (L25_B1).
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SHAP Feature Importance: Lookahead 25, Beam 1 (Best)
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Figure 5.1: SHAP summary beeswarm plot for the L25_B1 model. Each point represents
a single candidate component during a scheduling step. The color indicates the raw
feature value (red for high, blue for low), and the horizontal axis represents the feature’s
impact on the model’s ranking prediction (positive values increase priority).

The visualization provides several interpretive clues about how the predictive model
optimizes the analysis trajectory:

Dynamic State Dictates Priority

The most striking observation from the SHAP analysis is that dynamic, state-aware met-
rics entirely dominate the top of the feature hierarchy. Static structural features derived
from the dependency graph, such as Betweenness Centrality, DAG Depth, Func-
tion Arity, and PageRank, play only a secondary, supporting role in fine-tuning the
lower ranks. This supports our core hypothesis from Chapter 2: rigid, static heuristics
are fundamentally constrained because optimal scheduling requires continuously reacting
to the live mathematical progression of the abstract interpretation.

Momentum and Cycle Avoidance

The two most universally impactful features governing the model’s decisions are Delta
Change and Visit Count, which act as opposing forces:
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e Delta Change (Norm): This feature functions as a momentum indicator. High
values (represented by the red cluster extending far to the right) strongly increase
the component’s prediction score. The model strongly prioritizes candidates that
recently caused large shifts in the lattice state, choosing to ride the wave of active
data flows to maximize immediate analytical progress.

e Visit Count (Norm): Conversely, high visit counts strongly penalize a compo-
nent’s ranking (evidenced by the dense red cluster pushed to the far left). This
is consistent with the model learning to identify and break out of slow-converging
recursive cycles, thereby mitigating the interleaving problem that traps standard
structural heuristics.

Convergence and Workload Batching

The model’s lookahead training also taught it to evaluate the readiness and accumulated
workload of a candidate before execution:

e Avg Input Level-to-Top (Norm): Components with high values for this metric
(represented by the red dots) are heavily penalized. In abstract interpretation, as
values accumulate information, they ascend the lattice toward the top (T), losing
precision until they reach a fully converged, generalized state. By deprioritizing
components whose prerequisite inputs are already close to T, the model appears
to encode a diminishing-returns pattern. It tends to avoid scheduling components
that would mostly propagate highly generalized values, preferring instead to ex-
ecute components whose inputs reside lower in the lattice and still possess the
potential for meaningful structural refinement.

e Pending Updates and Age: High volumes of Pending Updates and elevated
Component Age consistently push SHAP values to the right. This suggests
that the model learned to exploit the batching effect. By occasionally delaying
components and allowing their queues to fill up, the model can increase the effective
Lattice Progression achieved per context switch.

Overall, the SHAP interpretation suggests that the L25_B1 model does not blindly memo-
rize structural graphs. Instead, its predictions appear to reflect a context-aware schedul-
ing policy that balances momentum exploitation, workload batching, and strict cycle
avoidance.

Answer to RQ4. Dynamic runtime metrics dominate the learned policy. The SHAP
analysis indicates that features such as Delta Change, Visit Count, Average Input Con-
vergence, Pending Updates, and Age have the strongest influence on ranking decisions,
while static graph features such as PageRank, Betweenness Centrality, DAG depth, and
arity play a secondary supporting role. The learned scheduler therefore appears to rely
primarily on live analysis-state signals rather than memorizing static program structure.
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5.6 RQ5: Practical Overhead and Wall-Clock Trade-off

Research question. What is the real-world computational trade-off between the al-
gorithmic iteration reductions achieved by the ML scheduler and the wall-clock overhead
introduced by high-dimensional feature extraction?

Analysis. While the predictive scheduler successfully reduces the total number of
worklist iterations required to reach a fixed point, it is critical to distinguish between al-
gorithmic efficiency (iterations) and practical system performance (wall-clock execution
time). To evaluate this trade-off, we measured execution time and Time-Per-Iteration
(TPI) for the L25 B1 configuration on the 32-program Gambit benchmark set. For each
program, we computed the iteration reduction (1—1Iyr./Irrro) x 100 and wall-clock time
reduction (1 — Tyr,/Trrro) x 100. We also group programs by FIFO iteration count:
Small (< 100), Medium (100 < steps < 1000), and Large (> 1000). Table 5.6 reports
three complementary summaries: the weighted mean effect, the typical multiplicative
effect, and arithmetic per-program averages.

Scope Summary N TIter. red. Time red. TPI cost
All programs Weighted mean 32 35.81% —5.14% 1.64x
All programs Geometric mean 32 16.13% —195.01% 3.52x
All programs Arithmetic mean 32 12.84% —278.91% 4.24x
Small (< 100) Arithmetic mean 15 9.36%  —290.93% 4.28x
Medium (100-1000)  Arithmetic mean 11 3.32%  =374.17% 5.09x
Large (> 1000) Arithmetic mean 6 39.00% —74.24% 2.60x
Large (> 1000) Weighted mean 6 43.35% 0.58% 1.76x

Table 5.6: Iteration and timing summaries for L25 B1 on the Gambit benchmark
set.  “Weighted mean” computes ratios after summing measurements first (e.g.,
> p I (p)/ >, Iriro(p) and 3, Ty (p)/ >-, Triro(p)), so larger baseline workloads
receive more weight. Arithmetic and geometric means are computed over per-program
ratios. Negative time reduction denotes slowdown relative to FIFO.

The data reveals a scaling-dependent trade-off. Across the full benchmark set, L25_B1
saves 8,133 worklist steps and achieves a 35.81% weighted mean iteration reduction.
However, after feature-extraction and inference overhead, the weighted mean wall-clock
reduction is still —5.14%. The per-program arithmetic mean is more pessimistic: the
average benchmark has a —278.91% time reduction because many small and medium pro-
grams pay the ML overhead without enough iteration savings to compensate. The large-
program subset is the only case where the overhead is nearly amortized: the weighted
mean iteration reduction reaches 43.35%, and the weighted mean wall-clock reduction
improves slightly to 0.58%. Even there, the arithmetic mean time reduction remains
negative (—74.24%), showing that the gains are concentrated in the largest workloads
rather than uniformly distributed.
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This overhead is primarily driven by the Time-Per-Iteration (TPI). In a standard FIFO
queue, selecting the next component is an O(1) operation. In the ML-driven framework,
selecting the next component requires:

1. Iterating over every pending candidate in the worklist.

2. Extracting a 19-dimensional feature vector for each candidate, which involves cal-
culating complex graph-theoretical metrics like PageRank and dynamically scan-
ning the global store for pending updates.

3. Passing this feature matrix through the XGBoost ensemble to generate ranking
scores.

4. Sorting the worklist based on these continuous predictions.

Its algorithmic value is clearest on the large benchmarks that dominate the real-world
cost of static analysis, but deploying this specific pipeline broadly still requires systems-
level optimization to reduce feature-extraction and inference overhead.

Answer to RQ5. The current scheduler achieves clear algorithmic savings but does
not yet deliver broad wall-clock speedups. Across all programs, the 35.81% weighted
mean iteration reduction is not enough to offset the ML overhead, resulting in a 5.14%
weighted mean wall-clock slowdown relative to FIFO. On large programs, however, the
43.35% weighted mean iteration reduction is just enough to produce a small 0.58%
weighted mean wall-clock improvement. This suggests that the algorithmic savings can
amortize the overhead on sufficiently large workloads, but the current implementation
still requires substantial systems-level optimization before it can provide reliable wall-
clock speedups across the full benchmark suite.

5.7 Discussion

A combined analysis of the empirical evaluations, ranking metrics, and feature inter-
pretability yields several cohesive insights into the mechanics and viability of machine-
learning-driven static analysis scheduling. The results consistently support the hypothe-
sis that dynamic, data-driven policies can successfully navigate the vast scheduling state
space to find highly optimized execution trajectories.

The Necessity of “Patience” in Worklist Scheduling

The most prominent finding of this evaluation is the practical importance of simulated
lookahead. The weighted-aggregate failure of the purely greedy configuration (L1_B1)
demonstrates that analytical progress in static analysis is highly non-linear. Selecting
a component that yields immediate, localized Lattice Progression can lead the analyzer
into a local optimum, triggering for example the interleaving cycles discussed in Chapter
2. Conversely, the success of the L25_B1 configuration shows that effective scheduling
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requires a degree of “patience.” The SHAP analysis is consistent with this interpre-
tation because it shows that the model explicitly values Wait Time, Component Age,
and Pending Updates. By simulating future states, the model learned that intentionally
delaying certain components allows arguments to batch in the global store. This implic-
itly replicates and enhances the primary advantage of the FIFO queue, but applies it
selectively based on the dynamic state rather than blindly to every component.

Dynamic Features over Structural Memorization

The robust performance of the predictive model on less training-similar programs (a
geometric mean ratio of 0.915 across 29 programs) indicates that the model did not
merely memorize the abstract syntax trees of its training data. The SHAP values suggest
that the fitted model relies heavily on dynamic execution metrics (e.g., Delta Change,
Visit Count, Average Input Convergence) rather than only on static graph topology.
This provides evidence that the learned scheduler reacts to live analysis-state signals,
such as recent state changes and slow-converging recursive loops, instead of depending
solely on structural memorization.

The Generalization-Specialization Gap

While the model successfully generalizes, there remains a distinct performance gap
between its execution on less training-similar programs and training-similar programs
(where it achieved a striking 0.363 iteration ratio). This disparity highlights both the
strength and the limitation of the current feature representation.

The relative scaling applied during data preprocessing appears to help the model transfer
its learned bottleneck and batching patterns to less training-similar programs, securing
wins against FIFO on most benchmarks in this split. However, reaching the ultra-
fast “tail” of the log-normal landscape requires deep specialization. When the model
encounters familiar recursive motifs and data-flow patterns, it leverages its underlying
structural features (such as PageRank and DAG Depth) to find highly optimized shortcut
trajectories. When presented with less training-similar architectures, it falls back on its
generalized dynamic rules, yielding solid but less extreme iteration reductions.
Ultimately, these results show that selecting a good schedule is not a strict classification
problem requiring a global shortest-path oracle. By maintaining a structurally sound
queue (evidenced by an NDCG > 0.91) and consistently placing high-scoring lookahead-
target components near the top of the worklist, the LTR framework successfully mitigates
the rigid limitations of static heuristics.

5.8 Threats to Validity and Limitations

While the empirical evaluation provides strong evidence for ML-guided worklist schedul-
ing, several methodological threats and practical limitations remain. We categorize these
into construct, internal, external, and practical threats.
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Construct Validity

Construct validity considers whether the experimental metrics genuinely measure the
intended theoretical concepts.

e The Lattice Progression Proxy: The training target relies on simulated “Lat-
tice Progression” (saturation toward T) as a measure of analytical progress. How-
ever, moving upwards in the abstract lattice is a heuristic proxy for convergence. It
does not mathematically equate to minimizing the remaining distance to the Least
Fixed Point (LFP). The model may occasionally prioritize components that rapidly
degrade precision rather than unlocking the critical structural updates required for
global termination. In addition, the fixed discovery weight A = 0.1 mixes a store-
wide progression change with a count of newly discovered components; although
per-state min-max normalization bounds the final labels, the relative influence of
this bonus should be validated through sensitivity analysis.

e Finite Lookahead Horizons: The top-performing model (L25_B1) relies on a fi-
nite simulation horizon of 25 steps to overcome scheduling myopia. Consequently,
the model is fundamentally blind to structural bottlenecks or batching opportu-
nities that require more than 25 steps to resolve. It remains an approximation of
optimal scheduling rather than a mathematically guaranteed shortest path.

Internal Validity

Internal validity concerns the causal relationships established during the experiment and
the potential for confounding variables.

e Tie-Breaking and Determinism: In many worklist states, multiple components
possess identical feature vectors or yield identical lookahead target scores. In
these scenarios, the model predicts identical ranks, and the actual selection falls
back on the underlying data structure’s inherent iteration order. Because static
analysis topologies are highly sensitive, different arbitrary tie-breaking outcomes
could cause the analyzer to branch into different execution trajectories, introducing
a degree of variance not entirely controlled by the ML policy.

e Hyperparameter Selection: The XGBoost hyperparameters and the specific
lookahead simulation parameters (e.g., H = 25, B = 1) were selected based on
iterative tuning. An exhaustive grid search across all possible beam widths and
depths was computationally infeasible. Different configurations might yield differ-
ent generalization gaps between training-similar and less training-similar programs.

External Validity

External validity addresses the extent to which these findings can be generalized beyond
the specific context of this study.
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e Language and Paradigm Constraints: The evaluation suite consists exclu-
sively of higher-order functional Scheme programs. These programs do not pro-
vide a fully precise call graph in advance because higher-order calls are discov-
ered through analysis, and they heavily utilize recursive data structures, which
uniquely exacerbates the interleaving problem. It remains unverified whether this
Learning-to-Rank scheduling approach would yield comparable iteration reduc-
tions in purely imperative or object-oriented languages (e.g., C or Java), where
traditional, dependency-driven topological heuristics already perform reasonably
well.

e Analyzer Architecture: The engineered features rely heavily on the effect-driven
architecture of the ModF framework and its shared global store. Translating this
predictive scheduler to a traditional data-flow analyzer would require a fundamen-
tal redesign of the feature extraction pipeline.
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Chapter 6

Related Work

This thesis sits at the intersection of programming language theory and applied machine
learning. To contextualize our contributions, this chapter reviews existing literature
across two primary domains: traditional optimization strategies for static analysis work-
lists, and the emerging trend of applying machine learning to software analysis.

6.1 Worklist Scheduling and State Exploration

The impact of exploration order on the efficiency of static analysis has been a long-
standing topic of research. As established by Cousot and Cousot [4], while the theoret-
ical framework of abstract interpretation guarantees soundness and convergence under
monotone conditions, it does not dictate the operational path taken to reach that fixed
point.

Lyde and Might [9] extensively explored the consequences of state exploration choices
in small-step abstract interpreters. They demonstrated that while the final analytical
result remains invariant under different scheduling policies (assuming fair execution), the
computational cost varies wildly. Their work highlights that poor scheduling leads to a
combinatorial explosion of intermediate states, reinforcing our premise that the worklist
algorithm is the primary performance bottleneck in non-trivial analyses.

Within the specific context of modular, effect-driven analysis, Kolozyan [7] directly in-
vestigated the efficacy of dependency-driven topological sorting. Kolozyan’s work iden-
tified the “interleaving problem,” demonstrating that strict structural prioritization fails
catastrophically in higher-order functional languages due to recursive data structures.
While Kolozyan showed that naive First-In-First-Out (FIFO) queues can bypass this is-
sue through argument batching, the heuristic remained static. Our thesis directly builds
upon this foundation. Rather than accepting the rigid trade-off between structural sort-
ing and FIFO batching, we utilize Kolozyan’s findings as the baseline to motivate a
dynamic, machine-learning-driven scheduler capable of switching between these behav-
iors on the fly.
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6.2 Machine Learning in Static Analysis

In recent years, the programming languages community has increasingly turned to data-
driven techniques to tune the highly sensitive heuristics inherent in static analysis.

The most closely related approach to our work is the application of Machine Learning
to parameterize analyzers. Heo et al. [6] proposed a method for adaptive static analysis
using Bayesian Optimization. In their framework, machine learning is used to learn a
policy that selects the optimal level of context-sensitivity (e.g., allocating higher precision
to complex functions and lower precision to simple ones) based on the syntactic features
of the target program.

While Heo et al. successfully demonstrated that ML can optimize static analysis, their
approach is fundamentally global and pre-emptive. The machine learning model analyzes
the code before execution and sets global parameters that remain fixed for the duration
of the analysis.

In contrast, our approach is local and reactive. Although our model is trained offline
and its weights remain static during deployment, it uses dynamic features. We utilize
a Gradient Boosted Machine [2] to make scheduling micro-decisions at every individual
step of the execution. By formulating the problem as a Learning-to-Rank (LTR) task
[8], our model continuously responds to the live, unfolding mathematical state of the
global store.

6.3 Summary

Existing research has thoroughly documented the vulnerabilities of traditional worklist
heuristics and has begun exploring ML for pre-analysis parameter tuning. However,
the use of supervised Learning-to-Rank algorithms to dynamically navigate the abstract
interpretation state space during runtime remains largely unexplored. By extracting
high-dimensional graph features and targeting simulated lattice progression, this the-
sis provides a data-driven methodology for mitigating the interleaving problem in the
evaluated setting.
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Chapter 7

Conclusion and Future Work

7.1 Summary of Findings

This thesis investigated the viability of using machine learning to dynamically optimize
the worklist scheduling algorithm in modular static analysis. Traditional static heuris-
tics, such as First-In-First-Out (FIFO) and dependency-driven topological sorting, are
fundamentally constrained. While structural sorting minimizes re-evaluations in im-
perative contexts, it frequently triggers catastrophic interleaving cycles in higher-order
functional programs. Conversely, while FIFO naturally mitigates these cycles through
argument batching, it remains entirely blind to the semantic structure of the program.
Our research successfully demonstrated that this rigid dichotomy can be overcome
through a dynamic, data-driven scheduling policy. The primary findings of this the-
sis are as follows:

e The Statistical Reality of the State Space: By conducting large-scale ran-
dom walks, we found empirical evidence consistent with the computational cost
of worklist schedules being approximately log-normal on the studied benchmarks.
This statistical framework also showed that highly optimized execution trajectories
exist and can substantially outperform the standard FIFO baseline, validating the
premise that adaptive scheduling is a worthwhile optimization target.

e The Superiority of Local Semantic Targets: We established that formulating
the scheduling problem as an imitation learning task based on a global, empirical
Oracle trace is highly susceptible to data scarcity and covariate shift. Instead,
defining a local target based on simulated “Lattice Progression” provided the ma-
chine learning model with a dense, continuous reward signal. We demonstrated
that this local progression target, while diverging from the Oracle’s temporal path,
constitutes a distinct, highly effective, and fundamentally more learnable schedul-
ing strategy.

e The Necessity of Lookahead Simulation: The empirical evaluation showed
that worklist scheduling is highly susceptible to myopia. A purely greedy model
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that optimized only for immediate lattice updates performed worse than FIFO
in the weighted aggregate, even though it still won on many smaller benchmarks.
However, equipping the model with a 25-step simulated lookahead horizon (L25_B1)
allowed it to achieve a geometric mean iteration ratio of 0.915 against FIFO on
less training-similar programs.

e Learned Dynamic Behavior: Interpretability analysis via SHAP suggests that
the Learning-to-Rank (LTR) model did not simply memorize structural graphs.
Rather, its predictions reflect a balance between momentum exploitation and in-
tentional argument batching, effectively combining strengths of both structural
and naive heuristics on the fly.

In conclusion, this thesis successfully bridges the gap between machine learning and
static analysis by demonstrating that worklist scheduling is not strictly bound to rigid,
pre-defined heuristics. By redefining the scheduling problem as a local, reactive rank-
ing task driven by structural and semantic features, we developed a predictive model
capable of adapting to the unfolding complexities of higher-order functional programs.
While achieving strict wall-clock improvements remains an ongoing systems-engineering
challenge, the algorithmic reduction in analysis iterations—driven by the combination
of a Lattice Progression target and lookahead simulation—supports the viability of this
approach as an algorithmic optimization, pending substantial systems-level overhead
reductions.

7.2 Future Directions

While the algorithmic success of the predictive scheduler is well supported by the data,
the practical deployment of this system remains constrained by the computational over-
head of the feature extraction pipeline. Transitioning this research from a theoretical
proof-of-concept to a production-ready optimization requires significant systems-level
engineering. Based on our findings, we propose the following avenues for future work:

Systems-Level Optimization and Hybrid Scheduling

The current framework recalculates expensive graph-theoretical metrics (such as PageR-
ank and Betweenness Centrality) from scratch at every scheduling step, resulting in
a wall-clock execution slowdown. Future implementations must focus on incremental
feature extraction. Because the dependency graph in static analysis evolves by adding
edges rather than completely restructuring, maintaining these metrics dynamically could
substantially reduce the Time-Per-Iteration (TPI) overhead.

Furthermore, the predictive scheduler does not need to govern every single step of the
analysis. A highly promising direction is the development of a Hybrid Scheduler. Such
a system would utilize an O(1) heuristic like FIFO during periods of low worklist con-
tention, and only query the ML model when the worklist expands beyond a specific
threshold, indicating a complex structural bottleneck.
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Lightweight Model Architectures

While XGBoost provided exceptional accuracy and interpretability for this foundational
study, gradient boosted trees are computationally expensive to evaluate compared to
simple linear models. Future research should investigate whether the high-dimensional
feature space can be distilled into a lightweight linear ranker or a highly optimized, shal-
low neural network, reducing inference latency without significantly degrading scheduling
quality.

Reinforcement Learning (RL) Re-evaluation

At the outset of this research, Reinforcement Learning was deemed unsuitable due to the
extreme sparsity of the final iteration-count reward. However, the successful formulation
of the local “Lattice Progression” target fundamentally alters this landscape. Because
Lattice Progression provides a dense, step-by-step measure of analytical progress, it
can serve as a useful reward signal for an RL agent, although it remains a proxy for
convergence. Training an RL agent in this newly defined environment could allow the
scheduler to learn longer-horizon strategies without relying on expensive, discrete beam-
search simulations.

Cross-Paradigm Generalization

Finally, the evaluation suite in this thesis was restricted to higher-order functional
Scheme programs. A necessary next step is to integrate this predictive pipeline into
static analyzers targeting imperative and object-oriented languages (such as C, Java,
or Rust). Evaluating whether the learned policies transfer across fundamentally differ-
ent programming paradigms will be critical in establishing predictive scheduling as a
universal optimization technique for static analysis.
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