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Program reduction transforms a failure-inducing program into a smaller program that preserves the failure
of interest. The design space of modern reducers extends well beyond deletion plus an oracle that decides
whether a candidate still triggers the failure: they differ in program representation, transformation space,
search and guidance, stopping criteria, oracle engineering, and validity control. This survey covers the families
that populate that space: list-based Delta Debugging, hierarchical, syntax-guided, language-specific semantic,
search-prioritized, and large language model-aided reducers. These families coexist rather than supersede
one another, because each resolves those design choices differently. We compare how these choices affect
portability, effectiveness, efficiency, and practical utility, and examine open challenges in validity, oracle cost,
benchmark design, and reproducible evaluation.
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1 INTRODUCTION

When language processors, such as compilers, type checkers, and static analyzers, exhibit unex-
pected behaviors like crashes, miscompilations [76, 106], or incorrect analysis results [57], devel-
opers rely on concrete inputs to reproduce and debug the underlying defect. An input, such as
a source program, that reliably triggers the bug is called a failure-inducing program. In practice,
the failure often depends on only a tiny fragment of an otherwise large input [85, 98, 100]. For
instance, a compiler crash may be triggered by a single syntactic pattern [77], a miscompilation by
the interaction of a few statements [98], and an incorrect warning by a narrow code idiom [75].
Yet, when diagnosing the issue, developers are initially confronted with the full program and all
its incidental complexity. Manually separating the failure-inducing fragment from irrelevant code
is laborious and does not scale to the massive inputs produced by modern test generators and
fuzzers [47, 51, 58, 106]. Furthermore, a failure whose root cause remains buried in a large program
is harder to report, reproduce, and diagnose [8, 39, 109, 111].
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2 Tian et al.

To address this challenge, automated techniques known as program reduction transform a failure-
inducing program into a smaller one that still triggers the same failure. The tools that perform
this transformation are called reducers. In this survey, we use the term program broadly for any
structured failure-inducing artifact, ranging from the source code of a general-purpose language
(e.g., a compiler bug-triggering program [66]) to a declarative formula like a Satisfiability Modulo
Theories (SMT) instance [45]. Reducers typically operate iteratively; at each step, they produce a
candidate (i.e., a proposed smaller variant of the program). The automated check that determines
whether a candidate still triggers the target failure is called the oracle.!

Program reduction has become an important practical technique in modern software testing and
debugging. By automatically discarding irrelevant code [66, 113], reduction directly mitigates the
difficulty of reporting and diagnosing bugs hidden in large programs. For example, test programs
generated by compiler fuzzers such as Csmith [106] usually range from 37 to 297 KB [66]. C-Reduce,
a program reducer for the C language, reduces these bug-triggering inputs to a median size below
0.5 KB, more than 25X smaller than line-based Delta Debugging, producing outputs suitable for
direct inclusion in bug reports [66]. A large-scale study of more than 50,000 GCC and LLVM bugs
likewise shows that the bug-revealing test cases retained in regression suites are usually small: 80%
have fewer than 45 lines of code [77]. This is reinforced by project policy: both GCC and LLVM
explicitly ask bug reporters to submit reduced failure-inducing programs [18, 52]. While these
specific numbers from C/C++ compilers are merely illustrative, they make concrete why high-
quality reduction matters in practice. Consequently, tools such as Lithium [67], C-Reduce [66],
and Perses [78] are widely used in compiler testing and fuzzing pipelines, and the same basic
methodology has been extended to proof-assistant scripts [25], solver inputs [45], and other
structured failure-inducing programs.

The field of program reduction has diversified methodologically since its founding formulations.
Early work introduced Delta Debugging (DD) for isolating failure-inducing differences and ddmin for
single-input minimization over list-based representations such as characters, tokens, and lines [110,
113]. The ddmin algorithm partitions the failure-inducing input and searches for a minimal failure-
inducing subset. Hierarchical Delta Debugging (HDD) then introduced tree-structured reasoning
over nested inputs [56]. Later systems pushed further by exploiting program structure. GTR
generalizes tree-based reduction beyond plain deletion with tree templates that delete a node or
substitute it with one of its children [30]. Perses was the first reducer to use the language’s formal
grammar to guide reduction, keeping every candidate syntactically valid and enabling moves that
contiguous deletion cannot express, such as hoisting (i.e., replacing a subtree with a same-type
descendant) [78]. Subsequent work expanded the design space through richer transformations [102,
105], stronger validity control [45], more deliberate search guidance [94], more explicit attention to
oracle cost [86], and growing interest in canonicalization for deduplication, i.e., collapsing reduced
reports that share one underlying bug [103]. Most recently, large language model-aided approaches
have begun exploring model-proposed rewrites beyond what deletion [113] and transformations
over parse trees, such as hoisting and tree templates [30, 78], can easily generate, while still relying
on reducer and oracle checks to reject invalid or unhelpful candidates [114]. The resulting history is
not a linear departure from Delta Debugging, but a progressive response to recurring limitations of
deletion-only reduction, including malformed intermediates [56, 78], shallow local minima [89, 104],
weak validity guarantees [66], and wasted oracle queries [86, 94].

This methodological expansion raises the question of how program-reduction techniques should
be designed, compared, and evaluated. The modern literature is more than a simple sequence of

The same concept also appears in the literature as the interestingness test [113], property test [29], or interestingness predicate.
We use oracle as the primary term throughout this survey.
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refinements, because reducers now differ along interacting design choices: program representation,
transformation space, search and guidance, stopping criteria, oracle engineering, and validity
control. The field therefore needs a comparative structure that explains these design choices and
trade-offs, brings prior work into a common view, and helps surface future research directions.
We present a systematic survey of program reduction. We assembled a candidate set of peer-
reviewed program-reduction research through keyword search, backward citation chasing, and
forward citation chasing. Three authors then reviewed the candidate papers and classified their
topics, scope, and methodological role to determine which papers belonged to the core field of failure-
inducing program reduction. This process yielded a main corpus of 67 papers for detailed analysis,
together with adjacent and excluded sets that clarify the field’s boundaries. We separated work on
collection-level reduction, such as test-suite minimization, from work on reducing a single failure-
inducing program. We also treated debloating [1], trace or execution reduction [7], configuration
and systems debugging, Al-model simplification [63], and uses of DD [113] or HDD [56] without a
substantive methodological contribution to program reduction as adjacent context rather than as
part of the main corpus. To make the design space of modern reducers comparable, we propose
an abstract reduction framework. The framework compares reducers through the choices that
structure the reduction process: how the current program is represented, how candidate variants
are generated and constrained for validity, how search is prioritized, how the oracle is used, how
state is updated after success or failure, and how stopping is defined. Making those choices explicit
helps explain why similar reducers can behave quite differently in practice, and why cross-paper
comparisons are easily distorted by differences in these design choices or in evaluation setup.
With this framework and comparative analysis, we obtain five survey-level findings, each
developed in the following sections. First, the field is not a linear progression toward a single
dominant approach: list-based, hierarchical, syntax-guided, language-specific semantic, search-
prioritized, and large language model-aided reducers coexist because they reflect different trade-offs
in portability, structural precision, oracle cost, and practical utility, as § 5 develops. Second, much of
the field’s technical diversification stems from the recurring limitations of deletion-only reduction
noted above rather than from independent innovation, as § 6 traces family by family. Third, cross-
paper comparison is difficult not because metrics are absent, but because the meaningful object
of comparison extends beyond the reducer itself to the program class, the oracle wrapper (the
script that invokes the oracle), the build or replay environment, and the stopping criterion, as

§ 8.3.2 documents. Fourth, stronger guarantees require narrower assumptions: gains in validity

preservation, semantic faithfulness (preserving the program’s runtime semantics, not just its

syntax), or canonicalization typically entail higher engineering cost, deeper domain expertise,
lower portability, or more expensive validation, as §§ 5 and 6 show. Fifth, the property a reducer
preserves, not its deletion algorithm, sets the objective, the standard of validity, and what counts
as a correct result; failure reproduction is the most common instance of property-preserving
minimization rather than its definition, as §§ 7 and 8 develop.

The survey makes the following contributions:

e an abstract reduction framework that explains how modern reducers are constructed from
recurring design choices (program representation, transformation space, search and guidance,
stopping criteria, oracle engineering, and validity control), providing a systems-level vocabulary
for understanding and building reducers;

e a comparative analysis that organizes reducers along recurring comparative dimensions (repre-
sentation, language knowledge, guidance strategy, and relational scope), explaining how those
same design choices create meaningful differences across the literature;

e a transformation-space taxonomy that groups the surveyed transformations into four families
ordered by the language knowledge each requires (deletion and pruning, structural rewriting,
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4 Tian et al.

lexical canonicalization, and semantic transformation), with an explicit criterion separating
deletion-based transformations from rewriting;

e an application-domain analysis that pairs each domain with the object it reduces, the property it
preserves, and the objective that follows;

e a synthesis of open challenges organized as what a reducer should preserve (canonical form,
validity, and the preserved property itself), how the reduction is reached (oracle cost, learned and
large language model-aided guidance, and the domain-expertise barrier), and whether a result
transfers (robustness across contexts and comparable, reproducible evaluation).

The rest of the paper develops these points in turn. § 2 explains corpus construction and scope, and

§ 3 introduces the prerequisite concepts. §§ 4-6 develop the framework, comparative dimensions,

and transformation space. § 7 surveys application domains. § 8 then sets out open problems,

including how reducers should be compared and evaluated, and § 9 concludes.

2 SURVEY METHODOLOGY

This survey is based on a candidate set of papers assembled through keyword search, backward
citation chasing, and forward citation chasing. We issued queries centered on program reduction,
delta debugging, testcase reduction, and input minimization against IEEE Xplore, ACM Digital
Library, and Scopus in April 2026. We then expanded the candidate set through backward and
forward citation chasing, yielding 162 candidate papers. The three authors then reviewed the
collected publications and classified their topics, scope, and methodological role to determine
which papers belonged to the core field of failure-inducing program reduction. Disagreements
over inclusion decisions were resolved through author discussion until consensus was reached.
Ambiguous cases were assigned to the adjacent corpus when the paper’s primary contribution lay
outside failure-inducing program reduction itself.

In this survey, we distinguish the candidate set from the main corpus. The candidate set is
intentionally broader, covering the field’s boundaries and related literatures that employ similar
reduction ideas. The main corpus is defined by the scope of failure-inducing program reduction:
the automated reduction of a single failure-inducing program (such as source code, a solver input,
or a proof-assistant script) that triggers a reproducible failure under an automated oracle, while
preserving that failure. The term failure-inducing program is used throughout to refer to this class of
structured inputs [66, 78]. Applying this criterion, the candidate set partitions into 67 main-corpus
papers, 82 adjacent papers, and 13 out-of-scope papers, as shown in Figure 1.

[ Main corpus: 67 papers .
Program reduction: 45 papers
Candidate set: 162 papers Adjacent: 82 papers
search + citation tracing e.g., debloating [ DD and HDD variants: 22 papers J

Out of scope: 13 papers
e.g., test-suite reduction

Fig. 1. Organization of the surveyed literature. The candidate set partitions into the main corpus, adjacent
areas, and out-of-scope papers based on each paper’s contribution to failure-inducing program reduction; the
main corpus further divides into dedicated program-reduction papers and algorithmic variants of DD/HDD.

A paper enters the main corpus when it makes a direct contribution to failure-inducing program
reduction, in either of two ways. First, it contributes a method for reducing a single failure-inducing
program, whatever the paper calls it (“program reduction,” “test-case reduction,” or “input min-
imization”), as long as the reduced artifact is itself a failure-inducing program whose syntactic
or constraint structure the reduction must respect, such as a grammar, well-formedness rules,
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or theory constraints. This covers reducers such as Perses [78] together with compiler-bug [66],
typed-language [68], solver-input [45], and proof-assistant [25] reduction published under the “test
case” label. Second, it extends the DD or HDD algorithmic framework and its main contribution
changes the reduction algorithm or its guarantees, rather than instantiating DD or HDD unchanged
in a new pipeline, as with Probabilistic Delta Debugging (ProbDD) and Weighted Delta Debugging
(WDD) [94, 120].

We do not place a paper in the main corpus merely because it mentions or uses DD. Papers that
apply DD inside broader debugging [108, 109] or systems debugging [119] are treated as adjacent
unless they make a direct methodological contribution to program reduction itself. Beyond that
rule, the adjacent and out-of-scope bands in Figure 1 are separated by what a work reduces and
whether it contributes a reduction method.

We treat a line of work as an adjacent area when reduction is still central but the reduced object
is not a single failure-inducing program. This happens on two grounds. The artifact may not be
program-like, i.e., not a static artifact that a language processor parses and evaluates but a record
or setting of dynamic behavior, as in trace or execution reduction [7, 27] and in configuration
or systems debugging, where the reduced object is a deployment configuration or a system-level
failure scenario [53]. Alternatively, the goal may be deployment or interpretability rather than
reproducing a failure, as in software debloating [1] and Al-model simplification [63].

We treat a line of work as out of scope on either of two grounds. The first is that its object
is not a single input. For example, test-suite minimization and test-set reduction select a repre-
sentative subset of a set of tests that preserves a suite-level property such as code coverage or
fault-detection capability, rather than performing the oracle-driven candidate testing that defines
program reduction [72]. The second is that papers make no reduction contribution, as with tutorials.

10 . . .
—— 3-year moving average  EEEl Main corpus papers Software Engineering (46) Programming Languages (9)

’
PLDI: 4
’ ICSI\[E 2
4 ISSTA: 3
JSEP: 2 | TOSEM: 2

0 Other: 6
1999 2003 2007 2011 2015 2019 2023

Year

Papers

ECOOP: 1

(a) Publication timeline with a moving av- (b) Publication venues. The venue names are listed individually
erage to smooth short-term variation. when ranked CORE A or A or contributing at least two papers

Fig. 2. Publication timeline and venues of the main corpus.

With the corpus fixed, Figure 2a complements Figure 1 by tracing the publication history of
the main corpus from 1999 to 2026. The timeline shows steady foundational activity before 2016,
followed by a denser growth period that accounts for the majority of the 67 main-corpus papers.
This expansion motivates the survey’s emphasis on comparison along the dimensions of § 5 rather
than chronology alone: the acceleration of publication activity reflects increasing methodological
diversity rather than linear extension of earlier work. Figure 2b shows the software-engineering and
programming-languages publication venues of the main corpus; the largest groups are concentrated
in software engineering, with a smaller but consistent presence in programming languages.
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6 Tian et al.

3 FOUNDATIONAL CONCEPTS IN PROGRAM REDUCTION

This section introduces the conceptual foundations that recur throughout the program-reduction
literature. It formulates program reduction as a failure-preserving search problem, explains how
Delta Debugging (DD) and its minimizing algorithm ddmin instantiate the canonical baseline for
that problem, and introduces the criteria by which reducers are evaluated throughout the survey.

3.1 The Program Reduction Problem

In this survey, program reduction is the task of transforming a failure-inducing program into a
smaller variant that still preserves the behavior of interest, i.e., it triggers the same failure as the
original program. As in the introduction, the term program is used broadly for the structured
failure-inducing artifact being reduced, ranging from source code of a general-purpose language to
a declarative formula such as an SMT instance [45]. In debugging settings, the objective is to isolate
the structural core that continues to reproduce the original fault, thereby making the failure easier
to inspect, explain, and communicate [102, 112, 113]. This formulation is broader than line-level
deletion, but it excludes the general reduction of arbitrary system states or execution traces.

A reducer addresses the following question: how small can a failure-inducing program become
while still triggering the same failure? To answer it, the reducer repeatedly proposes a simpler
candidate and checks whether the target failure still occurs. That automated check is the oracle. For
example, it may rerun a compiler crash [66], recheck a type error [69], replay a recorded trace [4],
or check any other failure condition of interest.

Formally, the oracle is modeled as a predicate . Given a candidate program P’, the oracle
returns ¢ (P’) = true if P’ preserves the property of interest, that is, still exhibits the target failure,
and /(P’) = false otherwise. For brevity, we write “i/(P’) holds” for /(P’) = true. Let P denote
the original failure-inducing program, for which y/(P) = true by assumption. Program reduction
searches for a variant P’ such that /(P’) holds and |P’| < |P|, where | - | denotes the reducer’s
chosen size measure [24, 113]. The most common guarantee in this setting is 1-minimality:
no single unit (such as a line, token, or tree node) can be removed from P’ while keeping 1
true [24, 113]. Because the space of failure-preserving variants grows combinatorially with input
size, practical reducers cannot rely on exhaustive search and must instead use heuristics, partitioning
strategies, and domain constraints to keep the problem tractable [24, 49, 78, 113]. Consequently,
1-minimality is an inherently local guarantee constrained by the reducer’s chosen representation
and transformations; a richer transformation set could often simplify the result further [92]. For
tree-structured representations, the same guarantee instantiates as 1-tree-minimality, where no
single tree node can be removed from the tree representation of P’ while preserving the failure [56].

3.2 The Delta Debugging Foundation

Delta Debugging (DD) is the general framework for isolating failure-inducing differences. Given
an input that exhibits the target failure (i = true) and a reference input that does not (y = false), it
minimizes the difference (the delta) between them [110]. The ddmin algorithm is the special case
of DD in which the reference input is empty, so minimizing the difference reduces to minimizing
the failure-inducing input itself (i.e., simplification). Specifically, ddmin operates on that input
decomposed into a flat list of configuration elements (a list-based representation) and searches
for a smaller configuration on which ¢ still holds [113]. DD generalizes ddmin by admitting a
non-empty reference input, which it additionally maximizes to isolate a minimal failure-inducing
difference [113]. ddmin is foundational as the first widely reusable formulation of failure-preserving
search, turning the general problem into a concrete oracle-guided procedure.
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Algorithm 1: The ddmin algorithm over a flat configuration

Input :a configuration C for which 1(C) holds
Output:a 1-minimal sub-configuration that still satisfies ¢/
1 Function ddmin(C):

2 k2 / granularity: number of subsets
3 while |C| > 1 do

4 partition C into subsets Ay, ..., Ag of nearly equal size

5 if 3i: Y (A;) holds then

6 ‘ Ce—A;; ke2 // Step 1 (subset test): reduce to the subset
7 elseif 3i: Y (C\ A;) holds then

8 Ce—C\A;; ke—max(k-1,2) Step 2 (complement test): reduce to the complement
9 else if k < |C| then

10 ‘ k < min(2k, |C]|) / Step 3 (refine granularity): increase k
11 else

12 L break Step 3: 1-minimal under the current decomposition
13 return C

In the classical formulation of ddmin (Algorithm 1), the initial program is decomposed into a
configuration C = {cy, ..., c,} of elements with ¢/(C) = true for this failure-inducing starting point.
Given C and ¢, the algorithm partitions C into k subsets, where k is the granularity (initially k = 2),
and proceeds in three steps.

Step 1 (subset test): for each subset S of the partition, test whether 1/(S) holds. If so, recurse into S
as the new configuration with k = 2; otherwise, go to Step 2.

Step 2 (complement test): for each subset S, test whether /(C \ S) holds. If so, continue from the
complement with k = k — 1; otherwise, go to Step 3.

Step 3 (refine granularity): if every subset already contains a single element, terminate; otherwise,

double k (up to the number of remaining elements) and return to Step 1.

The abstract search for a smaller P’ thus becomes a concrete sequence of oracle queries over
candidate configurations, and successful termination yields a result that is 1-minimal relative to
the chosen decomposition [24, 113]. The vocabulary of configurations, interestingness tests, and
cause-effect isolation (isolating the minimal failure-inducing difference between a failing input
and a reference input) that still shapes modern reduction work was introduced in the original DD
framework [110] and carried forward into ddmin’s single-input formulation [113].

The ddmin algorithm provides two theoretical guarantees: its result is 1-minimal (§ 3.1), and
the number of oracle tests it performs is bounded, as developed in the complexity discussion
below. These guarantees rest on three assumptions about the search space, namely consistency,
unambiguity, and monotonicity [110, 113].

Consistency assumes the oracle returns a determinate verdict for every candidate. In Delta
Debugging’s classical formulation, which follows the POSIX 1003.3 standard for test outcomes [36],
the test function can also return a third outcome, unresolved, and consistency assumes that outcome
never occurs [110, 113]. The unresolved outcome marks candidates on which the preserved property
is not even defined. For instance, deleting a variable’s declaration from a C program that crashes
the compiler yields a candidate that no longer compiles, so the question of whether it exhibits the
target crash has no meaningful answer [56, 78]. Practical oracles instead return true or false for
every candidate, as the definition of / above does. Any candidate that does not exhibit the target
failure, including one on which the property is not even defined, is simply mapped to false. The
third value thus disappears by convention, but the distinction it expressed still has to be made
somewhere. With only true and false available, telling the target failure apart from every other
outcome, build errors included, becomes entirely the oracle’s job. Consider again the candidate that
no longer compiles. An oracle that merely checks for a nonzero exit status treats its build error
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8 Tian et al.

like the target crash and returns true. The ddmin algorithm then keeps the deletion that broke the
program, and the reduction can drift, step by step, toward a program that triggers a different failure
than the one under investigation. Moreover, mapping such candidates to false settles their verdict
but not their cost, since the reducer still generates and tests them. Each one consumes an oracle
query just to be rejected, a waste that validity control (§ 4) exists to avoid. Beyond these two costs,
consistency can also fail outright when a flaky compiler or environment returns different verdicts
for the same candidate across runs [70].

Unambiguity assumes a failure has a single cause rather than two independent ones, so ddmin
need not look for a second cause once it has found one [110]. It breaks when an input has two
independent fault sites that each reproduce the failure on their own, say two unrelated functions
in one C file that each crash the compiler. Removing either one still leaves a failure-inducing
program, so which fault ddmin keeps depends on its traversal order. This is harmless for reduction,
since either cause gives a valid smaller program, but it matters for diagnosis and canonicality, i.e.,
equivalent failures reducing to a stable, comparable form, where a single representative is wanted.

Monotonicity assumes that once ¢ holds for a configuration, it also holds for every superset,
and equivalently that no subset of a configuration with iy = false yields true [110]. It breaks when
deletions interfere. Suppose two elements are jointly removable, so the failure survives once both
are gone, yet removing either alone makes it disappear. For the configuration with both elements
removed, i is thus true, while for its superset with only one of them removed it is false, violating
monotonicity. However, ddmin guarantees only 1-minimality, meaning no single element can be
dropped while preserving the failure. That already holds here, so ddmin can stop with both elements
present, even though removing the two together would give a smaller program that still exhibits
the failure. Such interference leaves deletion-based search at a local minimum well above the true
minimum, i.e., the smallest failure-inducing variant reachable by any sequence of removals, which
is what the search-guidance and richer-transformation work in § 6 sets out to escape.

The three assumptions protect distinct aspects of ddmin’s guarantees. Consistency keeps the
reduced program faithful to the target failure, monotonicity keeps its 1-minimal result close to the
true minimum, and unambiguity keeps the search economical and its result canonical.

The time complexity of ddmin exposes a recurring limitation of deletion-based search. In favorable
cases, when failure-inducing structure is cleanly isolated and the oracle consistently evaluates coarse
partitions, the search terminates in O(log n) oracle calls [113]. In the worst case, however, oracle cost
grows quadratically in the number of candidate elements because interacting failure causes force
repeated repartitioning and repeated tests of overlapping subsets and complements [110, 113]. This
gap between favorable and adversarial cases is important for the later literature: many subsequent
techniques can be read as attempts either to reduce the number of costly oracle calls [16, 20, 86, 94]
or to improve the quality of the local minimum reached by deletion-based search [56, 78, 89].

Beyond cost, the significance of ddmin lies in the architectural abstraction it established. It
demonstrated that reduction can be driven by an external oracle without requiring a semantic
model of the target language, making the framework applicable across many program classes
and domains [24]. This oracle-centered abstraction remains visible in modern reducers: syntax-
guided [78] and search-prioritized [94] reducers, and systems with stronger validity control [102],
still test candidate simplifications against an oracle. At the same time, arbitrary subsetting readily
produces invalid intermediates when programs are governed by strong syntactic or semantic
dependencies, making the search less efficient and less informative [56, 102]. Many modern systems
therefore retain ddmin’s partition-based search while surrounding it with richer representations [56],
stronger validity control [78], and broader transformation operators [102, 104].
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3.3 Evaluation Criteria

Reducers can be optimized and compared from several perspectives. From the literature, we identify
three main criteria: effectiveness, efficiency, and practical utility. These are not independent, and
improving one often comes at the expense of another.

Effectiveness captures how small the result becomes. The most common formal guarantee is
1-minimality (§ 3.1) [24, 113], or 1-tree-minimality for tree-structured representations [56], where
no single unit can be removed while preserving the failure. Once a reducer reaches that point, the
resulting size is reported in absolute terms and as a reduction ratio, i.e., the final size divided by
the size of the original input or of a baseline reducer’s output [46, 66]. Effectiveness is the most
visible criterion and the one classical reducers were built to optimize, yet it is also the easiest to
over-pursue at the expense of the other two.

Efficiency captures the cost of reaching that result. The dominant cost is the oracle, since every
candidate must be checked against it. When that check is a compiler run, a solver call, or a test
workflow, the running time scales with the number of oracle queries rather than the number of edits.
Efficiency is thus reported as the oracle-query count and as wall-clock time under a stated oracle,
and much recent work targets it through prioritized search [94], caching [86], and parallelism [93].

Practical utility captures how useful the reduced program remains afterward, and unlike the
first two it has no single number. It spans validity (whether the result is still parsable, compilable,
replayable, or well-sorted for its target, the SMT analogue of type-correct) [45, 66], canonicality
(whether equivalent failures reduce to a stable, comparable form that supports deduplication and
triage) [13, 103], and diagnostic value (whether the result still carries the context a developer needs
to understand the failure) [26, 116]. A result that scores well on effectiveness can score poorly here,
which is why aggressive minimization is not always an improvement [66, 116].

4 THE PROGRAM REDUCTION WORKFLOW

Modern program reducers have diverged substantially from the classical ddmin baseline, varying
simultaneously in syntax guidance [78], transformation frameworks [105], lexical canonicaliza-
tion [103], search prioritization [94], caching [86], and execution-aware reduction [4]. Reviewing
reducers in historical development order is therefore an insufficient basis for comparison. This
section introduces the paper’s main comparative contribution: an abstract reduction framework
organized around six recurring design choices. These design choices are program representation,
transformation space, search and guidance, state update and stopping, oracle engineering, and
validity control; together they constitute the workflow of a reducer.

4.1 An Abstract Reduction Framework

The abstract reduction framework we propose for comparing program reducers is presented in
Algorithm 2. The framework captures a recurring pattern: a reducer chooses a working representa-
tion of the current program, generates candidates permitted under that representation, tests those
candidates with the oracle, updates its state based on success or failure, and stops when the current
program is irreducible under its representation and transformation space. A transformation is an
operator schema, such as deleting a subset or hoisting a node, whereas a candidate is the concrete
program obtained by binding one operator to a specific location, so a single transformation typi-
cally yields many candidates. The framework therefore separates applicable_transformations,
which fixes the operators permitted under the current representation, from generate_candidates,
which instantiates those operators into concrete candidate programs under the search policy. The
split reflects how the surveyed reducers differ. ProbDD and WDD keep the transformation space of
ddmin, deletion only, and change only how candidates are selected and ordered [94, 120], whereas
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Algorithm 2: An Abstract Reduction Framework.

Input :a failure-inducing program P and an interestingness predicate ¢/
Output:a reduced program P’ such that /(P’) still holds
1 Function reduce (P, ¢):

2 P’ « represent(P) // Program Representation
3 o « initialize_state(P’,¢) // State Update and Stopping
4 while not should_stop (P’, o) do

5 T « applicable_transformations(P’, o) Transformation Space
6 K « generate_candidates(P’, T, o)

7 K « prioritize(K,P’,0) Search and Guidance
8 reduced « false

9 foreach p € K do

10 if test (p, /) then Oracle Engineering
11

reduced < true
break

o
[*EEY)

L (P’,0) « on_success(P’, p, o)

-
-

| if not reduced then (P’,0) < on_failure(P’, o)

return P’

-
@

Perses and GTR widen the operator set while keeping a systematic traversal [30, 78]. A framework

that merged the two steps could not state which of them a given reducer changes.

Each step of Algorithm 2 anchors one of the six design choices along which the surveyed reducers
differ, giving them a common conceptual map:

e Program Representation: how the input program P is mapped to a working representation
P’, such as a flat list of lines or tokens, a syntax tree, or a grammar-derived or domain-specific
structure;

o Transformation Space: which transformation operators 7~ are permitted under that represen-
tation, ranging from deletion alone to richer structural or semantic moves;

e Search and Guidance: how those transformation operators are instantiated into concrete
candidates K and in what order the candidates are tested, whether by systematic traversal,
search-prioritized heuristics, or learned relevance estimates;

o State Update and Stopping: what search state ¢ is maintained, how each oracle verdict updates
P’ and o, and what condition terminates the search and yields the final result;

e Oracle Engineering: how each candidate is built, executed, and checked against the target
property in practice—through construction of the harness, i.e., the infrastructure that builds,
runs, and replays each candidate and invokes the oracle, together with result caching and
parallelization—so that repeated oracle invocations stay efficient and reliable. The predicate ¢/
itself is fixed by the target failure; what reducers vary is how its value is obtained, e.g., a cached
verdict is returned without evaluating ¢ at all [86]. Algorithm 2 therefore models the invocation
as its own step, test(p, ), which yields ¢/(p) under these engineering choices;

e Validity Control: what notion of validity each candidate must satisfy throughout the search,
from parsability to type- or sort-correctness. Unlike the other five choices, it does not correspond
to a single step of Algorithm 2. The choice is instead where along the pipeline validity is enforced,
namely in the representation (Algorithm 2), in the transformation operators (Algorithm 2), or in
a pre-check, such as a parse or type check, that rejects malformed candidates before the oracle
runs (Algorithm 2). A reducer can also enforce it nowhere and leave validity to the oracle, though
then some queries go to candidates that were never usable.

In ddmin (Algorithm 1), each of these choices takes a well-defined form: P’ is a flat configuration;

o records the current partition granularity; its transformation space 7 is the single operator

delete; generate_candidates instantiates that operator as the concrete subset and complement
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removals at the current granularity, yielding K. When a candidate preserves the target behavior, it
becomes the new P’; when no candidate at a given granularity preserves it, o is updated to increase
the partition count; termination coincides with a local minimality condition under the current
decomposition. Subsequent reducers extend this process by changing the representation, widening
the transformation space, enriching the update logic, or strengthening validity and oracle handling.

The subsections below examine each design choice in turn; § 5 then reorganizes the same design
space along four comparative dimensions, and § 6 details the transformation repertoire.

4.2 Program Representation

The first design choice concerns how the current program is represented, since the representation
determines both which candidates can be generated and what validity guarantees the reducer can
enforce. Classical list-based reducers such as ddmin treat the target program as a flat configuration?
of elements, typically lines, characters, or tokens [31, 113]. This approach is broadly applicable:
the reducer needs an oracle and a decomposition, but not a parser, grammar, or semantic model.
When the target program contains strong structural dependencies, however, flat decomposition
treats syntactically and semantically different elements as interchangeable units, often producing
malformed intermediate variants and wasting oracle queries on irrelevant candidates [56, 78].

Subsequent reducers address this by making the representation more structured. HDD is the
canonical first step, replacing flat partitions with tree-structured reduction over hierarchical inputs
and substantially reducing the frequency of malformed intermediate candidates [56]. Reducers in
the hierarchical and syntax-guided families of § 5 exploit a program’s syntactic structure to guide
their transformations. Perses takes a formal grammar as input and keeps every candidate parse-
valid by construction [78], and Vulcan extends this syntax-guided line with richer moves [102, 104].
GTR is the exception, reaching such structure-guided moves without a grammar by generalizing
reduction into tree-transformation templates and inferring plausible candidates from a corpus [30].
For solver inputs [6, 45], proof-assistant scripts [25], and other structured failure-inducing inputs,
analogous domain models provide the reducer with representation-aware units that preserve the
logical or syntactic invariants on which those inputs depend.

Across these designs, the representation ranges from a flat sequence with no structural model,
through parse trees and grammars, to a domain model that encodes an input format’s own invariants.
The portability and setup costs along that range are discussed in § 5, where list-based versus
hierarchical modeling and language generality versus specificity become explicit dimensions.

4.3 Transformation Space

Once a representation has been fixed, the next framework question concerns what candidate-
generating transformations the reducer is permitted to apply. This choice matters because the
available transformation space determines which reductions are reachable at all, not merely how
efficiently the reducer finds them. Most transformations in the surveyed literature are deletion-based:
every candidate they yield can be obtained from the current program by removing elements alone,
where an element is a character, token, or other textual unit the program consists of. Deletion
is the baseline throughout because it is broadly reusable and easy to justify against a failure-
preserving oracle [113]. Deletion-based transformations differ mainly in how much structure
guides the removal. The ddmin algorithm deletes a selected sublist of a flat list, or that sublist’s
complement, without consulting syntactic structure [113]. Perses instead deletes under grammar
guidance, removing Kleene-quantified tree nodes or hoisting a node into its ancestor’s place, a

2Throughout, list-based names this representation family and flat describes the configuration it operates on; both refer to
the same non-hierarchical sequence of elements.
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non-contiguous deletion of the enclosing elements [78], and GTR’s templates delete a node or
substitute it by one of its children [30]. A smaller set of transformations goes further and rewrites,
substituting or introducing elements rather than only removing them, as in C-Reduce’s renaming
and inlining passes [66], Vulcan’s identifier and subtree replacements [104], Latra’s user-defined
match-rewrite rules [105], T-Rec’s lexical canonicalization [103], structure-form conversion, which
rewrites a subtree into an alternative valid form of the same grammar nonterminal (detailed in
§ 6) [102], and LPR’s model-proposed rewrites [114]. Transformation space thus determines the
ceiling on what a reducer can achieve, independent of how its search is guided.

Enlarging that space is a consequential trade-off. Richer transformation spaces can produce
smaller and more canonical failure-inducing programs, since moves such as identifier normalization
and structure-form conversion clean up what deletion alone leaves behind. They also enlarge
the search space and raise engineering cost. Whether candidates remain valid depends on how
each transformation is designed rather than on how many the reducer has. Grammar-guided
moves, and sort-preserving moves that respect the types of terms in solver inputs, keep candidates
syntactically or sort-valid by construction, often more reliably than blind deletion [45, 78], whereas
unconstrained rewrites can breach invariants that no parser checks [114].

4.4 Search and Guidance

Representation and transformations determine which reductions are reachable; prioritization and
search policy determine how efficiently the reducer reaches a minimal one. The classical baseline is
again ddmin partitioning: recursively test subsets and complements until the search reaches a local
minimality condition [113]. That baseline remains influential because it provides a clear, reusable
procedure that requires minimal domain-specific knowledge. Even reducers introduced mainly for
their representation embed a default search order. HDD reduces level by level, breadth-first from
the coarsest to the finest tree level [56], and Perses reduces node by node through a size-priority
queue [78]. Later work makes this order itself the object of design, from heuristic prioritization in
PARDIS [20], through probabilistic guidance in ProbDD and WDD [94, 120], to learned guidance
that predicts which removals stay valid before testing them [21]. § 5 compares these strategies.

These contributions establish search as a first-class design choice, one that varies independently
of representation and transformation choices. The central trade-off is between generality and signal
quality: guidance that requires little domain-specific knowledge applies to any subject, whereas
stronger ranking signals come from heuristics or learned models tailored to a particular setting.
Better guidance can reduce wasted oracle queries dramatically, but only when the ranking signal,
i.e., the score a reducer uses to order candidates before testing them, accurately predicts which
candidates the oracle will accept. If that signal is weak, the reducer may abandon useful search
directions too early or overfit to locally convenient candidates. Search-effort allocation is one of
the main sources of variation across reducer categories, and claims about speedups depend heavily
on how search improvements are measured.

4.5 State Update and Stopping

This design choice concerns how the reducer revises its state after each oracle verdict and when
it declares the reduction complete; in Algorithm 2 these are the on_success, on_failure, and
should_stop components. Update and stopping are not independent: the stopping criterion is the
fixpoint of the update rule, reached when no further update makes progress under the current
representation and interestingness predicate. For list-based reducers, this fixpoint is 1-minimality,
where no single one-step deletion preserves the target behavior [24, 113]. For hierarchical reducers it
becomes representation-specific, as in 1-tree-minimality, where no single tree node can be removed
while preserving the failure [56].
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Reducers differ mainly in how aggressively they revisit the search space before accepting that
fixpoint: one-pass reduction accepts the first fixpoint it reaches [33], iterative variants re-run
the reduction until a full pass yields no further change [89, 92], and post-pass refinements apply
additional transformations to escape the local minima of ordinary 1-minimality [104]. A valid
stopping criterion therefore does not settle whether the result is as small or as informative as a
richer search model could achieve.

Stronger stopping criteria and repeated passes may produce smaller or cleaner failure-inducing
programs, but they also increase oracle cost and complicate claims about what guarantee has actually
been achieved. Iteration and stopping are therefore substantive design choices that determine
how modern reducers balance oracle cost against output quality. This connects to the guarantee
discussion in § 3, where the strength of a reducer’s output guarantee depends on the stopping logic.

4.6 Oracle Engineering

Modern program reduction is also shaped by how the workflow makes oracle-driven search
feasible and affordable in practice. This design choice does not mainly change which candidates are
generated; instead, it governs how those candidates are actually executed, checked, cached, replayed,
or parallelized under real oracle and environment constraints. These mechanisms include caching,
parallelism, and replay support. For example, RCC treats caching as a reduction-specific design
problem [86]. Picire parallelizes ddmin, running subset and complement tests concurrently without
sacrificing 1-minimality [33], and GreeDDy stabilizes such parallel reduction by greedily merging
the failure-inducing configurations that concurrent search can produce [93]. Execution-aware
reduction uses record and replay to make difficult oracles usable [4]. Proof-assistant reduction and
other environment-heavy settings further show that the oracle wrapper and its surrounding harness
(build steps, dependency versions, and replay scripts) are often part of the reduction problem itself
rather than merely part of evaluation [25].

The main trade-off here is between algorithmic simplicity and the caching, replay, and harness
machinery that practical oracles demand. A paper can present a clean reduction algorithm in the
abstract, yet its practical usefulness may still depend on caching, replay, harness engineering, or
parallel execution. Treating these mechanisms as first-class workflow components makes explicit
that oracle cost is a structural part of how reducers are designed and compared. It also creates a
direct link to § 8.3.2, where the reporting of caching, replay support, and environment assumptions
becomes one of the main determinants of reproducibility and fair comparison.

4.7 Validity Control

All of the preceding framework choices are bounded by validity. In this survey, validity is task-
relative: a candidate is valid only with respect to the representation, language, oracle, and down-
stream use for which the reducer is being applied. For some reducers, validity is mainly syntactic:
the program is required to remain parsable and structurally well-formed [2, 6, 56, 78]. For others,
validity is semantic, behavioral, or domain-specific: the reduced program is required to remain
compilable [28], logically meaningful [45], faithful to a proof or model [14, 25], or replayable in the
environment needed to reproduce the target failure [4].

For that reason, validity control should be treated as a first-class design choice rather than as a
post-hoc filter. Tree-based reducers [56], syntax-guided reducers [78], language-specific semantic
reducers [28], and domain-specific systems [4, 14, 25] all encode different notions of validity, from
parser-level well-formedness to proof, model, or replay validity. Beyond constraining the final
result, validity shapes which representations are usable, which transformations are permitted, and
which search directions are worth exploring.
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Validity control, like the preceding design choices, involves a trade-off that is central to the rest
of the survey. Stronger validity control usually narrows portability and raises engineering cost, but
weak validity control can leave the reducer spending oracle queries on candidates that are cheap to
generate yet fail for incidental, validity-related reasons rather than the target failure.

5 COMPARATIVE DIMENSIONS OF PROGRAM REDUCTION

Whereas § 4 decomposed reducers into procedural components, this section reorganizes the same
design space along four comparative dimensions: representation [44, 113], language knowledge [104,
105], guidance strategy [94], and relational scope [112, 116]. Figure 3 pairs each with the reducers
that sit at either pole. We single out these four because they are where reducers differ most sharply:
the procedural choices co-vary in practice, with a reducer’s representation largely fixing which
transformations and validity guarantees are reachable, so a few dimensions capture most of what
distinguishes one reducer from another. Note that: 1) the names of these dimensions are survey
constructs rather than universal names from the primary literature; we adopt them because each
exposes a recurring trade-off, in portability (how readily a reducer applies across languages and
input formats), validity, search cost, and diagnostic value; 2) these dimensions are comparative
rather than categorical, so a reducer can sit at more than one point along them; 3) transformation
space cuts across representation, language knowledge, and guidance, so we discuss it procedurally
in § 4 and mechanistically in § 6 rather than treat it as a fifth dimension.

Fig. 3. Comparative dimensions used in this survey to organize program-reduction techniques. Each card
summarizes one dimension by showing its two poles, representative reducers, and the trade-off it exposes.

Representation

List-based Hierarchical

ddmin [113], cause reduction [24], DDMIN* [89] Vs HDD [56], Perses [78], T-Rec [103]

Low setup effort and broad portability. Stronger structural validity and richer structured reduction.
Language knowledge

Syntax-guided Language-specific semantic

Perses [78], GTR [30], Vulcan [102] o C-Reduce [66], ddSMT [45], ReduKtor [74]

Grammar as input enables transformation types beyond deletion Deeper semantics-aware simplification and stronger domain

and a reduction core that transfers across languages. invariants.
Guidance strategy

Fixed-order baseline Search-prioritized reduction

ddmin [113], HDD [56], DDMIN* [89] VS ProbDD [94], WDD [120], PARDIS [20]

Predictable behavior with no relevance signal to compute. Fewer oracle queries when the ranking signal is reliable.
Relational scope

Single-program reduction Relational reduction

ddmin [113], HDD [56], Perses [78] Vs PPR [116], DDJ [28]

Simpler deployment over one failure-inducing program. Richer diagnostic contrast across paired programs or edits.

5.1 Representation

The representation dimension distinguishes reducers that treat programs as linear sequences
from those that manipulate explicitly structured objects. List-based reducers operate over lines,
characters, tokens, or other sequences [31, 60, 112, 113]. The canonical example is ddmin, which
partitions and prunes those sequences without consulting syntax [59, 69, 113]. Later variants
strengthen the search procedure or iterate beyond one local stopping point, but preserve the same
list-based foundation [89, 92, 93].
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Hierarchical reducers instead parse inputs into trees or related structured representations, re-
ducing, though not eliminating, malformed intermediate candidates [32, 34, 44, 56]. HDD and
its recursive variant HDDr reduce parse trees level by level [44, 56]. Syntax-guided reducers use
structured representations differently: Perses keeps candidates parse-valid, i.e., accepted by the
language’s grammar [78], Vulcan adds more aggressive transformations [102, 104], T-Rec adds
lexical canonicalization after structural reduction [103], and DDSet abstracts the reduced input
into a generalized pattern over the same grammar-derived trees [22]. The trade-off is persistent,
and neither end dominates: list-based representations give up structural precision for zero setup,
while structured ones give up portability for candidates that are more likely to be well-formed.

5.2 Language Knowledge

The language-knowledge dimension asks how much knowledge of the target language a reducer’s
decisions depend on, ranging from none, through syntactic structure, to deep target-specific
semantics. It applies to every reducer, not only to hierarchical ones, and list-based reducers such
as ddmin sit at the zero end, treating the input as an opaque sequence [113]. At the low end the
dimension co-varies with representation, since exploiting syntax presupposes at least a parser; the
two separate at the semantic end, where reducers sharing the same tree representation differ sharply
in how much semantics they encode, as Perses and DD] illustrate [28, 78]. The primary literature
names its two ends directly, contrasting language-agnostic with language-specific reducers [104,
105]: language-agnostic reducers reuse one reduction algorithm unchanged across languages,
working over generic structure rather than hardcoded semantics [78], whereas language-specific
reducers build in the semantics of a particular language or domain [28, 66]. Within the language-
agnostic end, this survey uses the term syntax-guided reducers for frameworks that take a grammar as
an explicit input to enable transformations that contiguous deletion cannot express, such as hoisting
and structure-form conversion [78, 102, 104]. Because a grammar captures only syntax, however,
these reducers can keep every candidate parse-valid yet still cannot guarantee deeper properties: a
parse-valid C program may exhibit undefined behavior, and a parse-valid SMT formula may be
ill-sorted, i.e., violate its theory’s typing rules. Ruling out such candidates requires knowledge the
grammar does not encode [66].

Language-specific semantic reducers close this gap by encoding rules about a particular language
or domain. DD, for example, reduces Java source-code changes through AST-aware edit rules
so that the remaining patch stays compilable and semantically interpretable [28]. C-Reduce pairs
source-to-source passes with semantic validation, i.e., external checks that reject semantically
invalid candidates, so that a reduced program’s undefined behavior does not produce a misleading
compiler-bug report [66]. ddSMT preserves the sorts and theory constraints that keep a reduced
formula meaningful to the solver [45]. At the bytecode level, the same approach reduces failure-
inducing Java bytecode while preserving reference dependencies and the method-overriding rules
that keep a reduced classfile loadable [40, 41]. The barrier is expertise rather than effort: designing
a sound rule demands deep knowledge of the target’s semantics and the rules do not easily transfer
to another language.

The dimension is therefore a continuum between portability and precision rather than a binary
distinction between general-purpose and specialized tools. Latra sits in the middle: it reuses
a unified transformation notation across languages, yet its rules still encode human-designed
language knowledge [105]. LPR reaches the same middle ground from the opposite direction,
drawing language knowledge from a pretrained large language model rather than hand-written
rules, so no rules need to be written for each new language, but validity is left to the oracle [114]. A
reducer buys deeper validity preservation with per-language engineering effort, so the right point
on this continuum depends on how costly invalid candidates are in the target domain [3, 29, 43].
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5.3 Guidance Strategy

The guidance dimension concerns whether a reducer prioritizes which candidates to test or simply
follows a fixed order. In the baseline, that order is fixed by the representation and partitioning
rather than by any estimate of relevance: ddmin tests partitions and complements in sequence, and
HDD traverses the parse tree level by level [56, 113]. This keeps behavior predictable but blind to
which candidates are most likely to be removable.

Search-prioritized reducers instead use a signal to reorder candidate evaluation. ProbDD esti-
mates element relevance probabilistically [94, 95]; the WDD family refines partitioning through
weights [120]; and PARDIS prioritizes AST nodes rather than following a fixed structural order [20].
The CDD analysis suggests that much of ProbDD’s benefit stems from counter-like prioritization,
i.e., deprioritizing elements whose removal has repeatedly failed, and from avoiding queries that
are unlikely to succeed [115]. Such prioritization can sharply cut the number of oracle queries, but
only when the ranking signal is reliable, and it does not expand the transformation space or relax
validity constraints [43, 104]. The two ends therefore coexist by addressing different bottlenecks.
The fixed-order baseline is simpler and suffices when the oracle is inexpensive. Prioritization, by
contrast, repays its signal-computation cost only when oracle cost dominates, since its advantage
is fewer expensive queries rather than smaller or more valid results.

Learning-based guidance sits at the boundary between the guidance and language-knowledge
dimensions. One learned-guidance approach, for example, trains a classifier on syntactic features
of the target language to predict which removals remain valid, so its guidance signal also en-
codes language-specific expectations [21]. Guidance of this kind, whether a trained classifier or a
reinforcement-learned policy [29], ranks and filters candidates within the reducer’s existing trans-
formation space. Large language models can also supply ranking signals. In the surveyed corpus,
however, their distinctive use is generating new candidate rewrites, which changes the transforma-
tion space rather than the guidance strategy and is therefore discussed with the transformation
families in § 6 [114].

5.4 Relational Scope

The relational-scope dimension asks whether reduction targets one failure-inducing program or a
contrast between two or more programs. Single-program reduction is more broadly deployable
and suffices when the goal is a small, reproducible failure-inducing program [69, 113]. It falls short,
however, when the failure is itself a difference. Suppose a fuzzer mutates a seed program that a
compiler handles correctly, and the mutated variant crashes the compiler. Reducing the crashing
variant alone yields a small program that still crashes the compiler, which shows what is needed
to reproduce the failure. It does not show which of the mutations turned the seed into a failure-
inducing program, because the reduced program retains no connection to the seed. Relational
reduction targets that question directly. It minimizes the difference between an artifact that exhibits
the failure and a reference that does not, leaving the smallest difference that still induces it.

This idea is already present in Delta Debugging’s original formulation, which minimizes the
difference between a failure-exhibiting run and a reference run [110, 112], whereas the ddmin
algorithm minimizes a single failure-inducing input on its own, the special case with an empty
reference (§ 3) [113]. Later work carries the relational view further. DD) reduces the Java patch
responsible for a regression rather than a whole program [28], and Pairwise Program Reduction
(PPR) shrinks a failure-inducing variant and its reference together while preserving the failure-
inducing difference between them [116]. The benefit is a sharper diagnostic, the minimal change
that explains the failure, at the cost of a reference program that may not be available, higher setup,
and a larger search that must keep both artifacts valid and their contrast intact [28, 102, 116].
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Single-program reduction therefore remains the default, while relational reduction is worth its
extra cost only when the contrast itself is the diagnostic goal.

6 THE TRANSFORMATION SPACE

The preceding sections treat the transformation space as one workflow design choice among several.
This section examines it in its own right, because the transformation space sets a reducer’s ceiling:
it determines which candidate programs can be generated at all, which validity constraints hold
by construction, and which local minima the search is likely to reach. We organize the surveyed
transformations into four families by the amount of language knowledge they require, from deletion,
which needs none, to semantic transformations, which encode domain-specific invariants; Figure 4
illustrates each family on one program. This grouping is independent of the deletion-versus-rewrite
distinction of § 4: deletion and pruning only remove elements, structural rewriting always introduces
new elements into the candidate, and the lexical and semantic families contain transformations of
both kinds. The families are design choices, not a ranking; the portability and cost exchange that
the ordering implies is set out in § 5.

int limit = 12345; int limit = 12345; int limit = 12345;

int check(int n) { int check(int n) { int check(int n) {
if (n > @) { return trigger(n); } +H——>8) - return trigger(n); 3 if (n > @) { return trigger(n); 3}
return probe(n + limit);} HEE- return prebe{A——timit)y 42;}

(a) Initial failure-inducing program (b) Deletion and pruning: chunk (c) Structural rewriting: subtree re-
deletion and hoisting [56, 78, 113]  placement [66, 102, 104]

int Hmitc = 12345 1; irtimit=—2345+
int check(int n) { int check(int n) {
if (n > @) { return trigger(n); } if (n > @) { return trigger(n); }
return probe(n + Hmitc);} return probe(n + Himit 12345);3
(d) Lexical canonicalization: in-token trim- (e) Semantic transformation: inlining a defi-
ming and canonicalization [103] nition into its use [28, 66]

Fig. 4. An illustrative example of the four transformation families, each applied to the same initial program.
Struek-threugh elements are removed relative to the initial program; shaded elements are newly introduced.

6.1 Deletion and Pruning

Deletion is the fundamental and most intuitive transformation of failure-inducing program reduc-
tion: since the goal is a smaller program, the direct move is to remove part of the current program
and ask the oracle whether the behavior of interest remains [112, 113]. In list-based reducers such
as ddmin, the removable units are usually characters, tokens, lines, or contiguous chunks [11, 24].
In structured reducers, the same idea appears as pruning over statements, productions, subtrees,
clauses, or other representation-aware components [66, 78, 97]. Deletion is the most portable
transformation family: it requires minimal language-specific knowledge and applies across any
domain where candidates can be generated and tested.

Hierarchical and syntax-guided variants refine where deletion applies. HDD and its recursive
variant HDDr prune parse trees level by level, discarding whole subtrees before descending into
their children [44, 56], and GTR generalizes such tree edits into templates that delete a node or
substitute it by one of its children, without requiring a grammar [30].

Deletion also extends beyond contiguous units. Hoisting replaces a subtree with a compatible
descendant, as in Figure 4b, where the enclosing if (n > @) { and } are deleted while the guarded
return trigger(n); survives [78, 90]. Although implemented as a node replacement, its effect is
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purely subtractive, since every token of the result already appears in the input in the same order;
hoisting is thus a generalized, non-contiguous deletion, and the grammar’s role is to identify which
such removals keep the program well-formed.

Perses places such deletions on a syntax-guided footing. It first normalizes the target language’s
grammar into Perses Normal Form and parses the program into a syntax tree. It then traverses that
tree with a worklist, choosing each move by the node’s grammatical role: list nodes (grammar
Kleene-star or -plus repetitions) are reduced by Delta Debugging, while ordinary rule nodes are
replaced by a grammar-compatible sub-node, i.e., the hoisting above. Because every move stays
inside the grammar, all candidates are parse-valid by construction. The search then iterates to a
fixpoint at 1-tree-minimality [78].

Across these variants, from flat chunks to grammar-guided hoisting, the transformations remain
purely deletion-based. Reducers that prioritize their search, PARDIS, ProbDD, and WDD, likewise
keep exactly this deletion space and change only the order in which removals are attempted [20,
94, 120].

A fundamental limitation of deletion is its constrained search neighborhood, i.e., the set of
candidates reachable from the current program in one transformation. A reducer may reach a
state in which no single remaining unit can be removed even though the program still contains
removable structure under a richer transformation space. Complement testing partly addresses this
by keeping a selected partition and discarding the rest, but this more aggressive probe often gener-
ates malformed or meaningless candidates [42, 97]. For domains with strong syntactic or semantic
constraints, unconstrained deletion can corrupt the object’s semantics, as in probabilistic programs
or solver inputs whose meaning depends on relationships among remaining components [14, 45].
Deletion therefore remains the reusable core of the field, but also the one whose limits most clearly
motivate richer transformation spaces.

6.2 Structural Rewriting

Structural rewriting does what deletion cannot: it substitutes or introduces elements rather than
only removing them, as in Figure 4c, where a call is replaced by the constant 42 that appears
nowhere in the initial program. Operations that add elements may seem out of place in a task that
aims to shrink the program, but rewriting earns its place by creating new reduction opportunities:
restructuring can unblock deletions that were impossible in the original form, and substitution can
simplify what deletion must leave intact. These transformations are usually enabled by parse trees,
grammars, or other structured representations.

Vulcan, for example, builds on this unblocking idea by wrapping a reducer such as Perses in a
refinement loop. Once deletion reaches 1-minimality, Vulcan applies rewrites (identifier replacement,
subtree replacement, and local exhaustive enumeration over small subtrees, which tries every
grammar-permitted form of a subtree) to restructure the program into a different but still failure-
inducing form. It then feeds that form back through the reducer, so previously blocked deletions
become possible. Iterating this loop lets the reducer move past the local minima that trap deletion-
only reduction [104]. Structure-form conversion (SFC) takes a different route: it rewrites a subtree
into an alternative valid form of the same grammar nonterminal. In practice, it may substitute
a smaller equivalent structure, eliminate or merge identifiers, or canonicalize the shape. These
moves unlock reductions that deletion, hoisting included, cannot reach, and yield more uniform,
deduplication-friendly outputs [102].

Some reducers generalize this into a pipeline of many transformation passes. C-Reduce is
the canonical example: it orchestrates a large suite of pluggable source-to-source passes, some
deletion-like and others inlining, renaming, or otherwise refactoring C/C++ code, and applies
them in repeated rounds until a full pass yields no further change [66]. Because such aggressive
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rewriting can silently introduce undefined or unspecified behavior, each candidate is screened
with external semantic checkers: a static analyzer (Frama-C) and a formal C-semantics interpreter
(KCC). The reduced program therefore still demonstrates the bug with well-defined behavior,
rather than behavior the standard leaves open [66]; ReduKtor applies a similar multi-stage pipeline
for Kotlin [74]. More broadly, C-Reduce shows that reduction can be a modular, fixpoint-based
orchestration of many composable transformations rather than a single minimization operator.
This breadth has a cost: a larger and more expensive search. Each additional class of rewrite can
unlock smaller or cleaner outputs, but it also increases the number of candidates to validate and
the effort of keeping each intermediate program a well-formed failure-inducing input that later
passes can continue to reduce.

6.3 Lexical Canonicalization

Lexical canonicalization operates below the granularity that tree-level reducers often treat as
atomic. Instead of deleting statements or subtrees, it simplifies identifier names, literal contents,
and other token-internal structure. T-Rec is the primary example: after ordinary syntax-guided
reduction reaches a structural fixpoint, it applies localized token-level simplification, both trimming
characters inside tokens and replacing tokens with simpler forms, so that residual identifiers and
literals become shorter and more canonical, as in Figure 4d, which trims 12345 to 1 and renames
limit to c [103]. Structure-form conversion touches the same granularity through its identifier-
elimination step, though its main focus remains structural [102]. Such transformations matter
because many reduced programs stay cluttered even after their syntactic structure is minimized.
The benefit extends beyond size reduction. Lexical canonicalization can make reduced programs
easier to inspect and compare, which connects reduction to deduplication and other downstream
workflows. The primary trade-off is brittleness: once a reducer edits token internals, the candidate
space grows quickly and the preserved behavior may depend on details that appear lexically
incidental, such as literal ranges, identifier relationships, or prefixes used by the harness. Practical
lexical reducers therefore need attempt limits and validation checks to avoid spending excessive
oracle queries on small but invalid or behavior-destroying mutations [103]. Compared with the
other transformation families, however, lexical canonicalization is still underexplored: T-Rec is
essentially the only dedicated technique, and most reducers continue to treat tokens as atomic.

6.4 Semantic Transformation

Semantic transformations are the most specialized part of the transformation space. They encode
knowledge a grammar cannot, to preserve properties that syntax alone cannot express: a program’s
types and behavior, or the logical content of a solver formula or proof script. These properties
run along a rough spectrum from static to dynamic. At the static end is well-formedness beyond
parsing, such as type correctness for source code [28, 66] and well-sortedness for solver inputs [45],
so that inlining a definition, simplifying a type-level computation, or rewriting a formula still leaves
a program that type-checks or stays within its theory. In the middle lie logical obligations: the
scopes, bindings, and proof goals that keep a reduced proof-assistant script replayable [25]. At the
dynamic end is runtime behavior, the execution trace or the probabilistic-model semantics that
the reduced program must still reproduce [4, 14]. Across this spectrum the common move is the
same: replace blind deletion with edits that respect the relevant invariant, as in Figure 4e, where a
definition is inlined into its use and only then removed.

What makes this knowledge worth encoding is that a syntactically valid reduction can still be
semantically wrong, and such a result can actively mislead. A reduced C program that happens
to exhibit undefined behavior, for example, may not be evidence of a compiler bug, so a syntax-
only reducer can produce convincing but false reports. C-Reduce names this the test-case validity
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problem and secures validity with external semantic checks that reject offending variants, rather
than building it into its transformations [66]. Other reducers take the opposite route and encode the
target’s semantics in the transformations themselves. DDJ decomposes a Java patch into AST-level
change components and groups them with rules that capture the semantic dependencies among
changes, some drawing on call and control-flow graphs, so a candidate applies a change only
together with the changes it depends on, keeping candidate patches largely compilable [28]; ddSMT
rewrites solver inputs with sort- and theory-preserving transformations [45]; and RR-Reduce
carries the idea to dynamic behavior, isolating the bug-triggering function of a WebAssembly
binary and using selective record and replay to stand in for the code it removes, so deletion still
reproduces the recorded execution [4].

These guarantees carry a price that is not only labor but expertise. Devising a sound transforma-
tion demands deep understanding of the target’s semantics (its type system, theory, proof discipline,
or execution model), since one built on a shaky grasp of them reintroduces exactly the invalid
candidates that semantic awareness is meant to rule out. These transformations are therefore the
strongest in validity yet the weakest in portability: each is bound to one language, hard to devise
without domain expertise, and costly to maintain as that target evolves.

That double cost, domain expertise as well as per-target engineering, is what a separate line
of work tries to escape. These approaches reach beyond syntax without actually encoding or
verifying semantics, seeking language-aware transformation more cheaply than dedicated reducers
allow. Latra applies reduction rules written in a small template language: each rule encodes a
language-specific rewrite but is matched against the parse tree, which lets the rules be reused across
languages [105]. Operating only at this syntactic level, the rules stop short of transformations
that need genuine semantic information, such as pointer or runtime analysis. Large language
model-aided reduction arrives at the same point by a different route: LPR, the first reducer to
bring a language model into the workflow, has the model propose candidate rewrites that draw
on knowledge absorbed during training and relies on existing reducers and the oracle to reject
invalid or unhelpful ones [114]. Both obtain transformations that are more language-aware than
syntax-only rewriting yet weaker than encoded semantic invariants, and both defer validity to
the oracle rather than guaranteeing it in advance, but differ in where the knowledge lives: Latra
externalizes it as human-written templates, whereas LPR draws on a model’s implicit, unverified
knowledge, trading transformation engineering for cost in proposal filtering and reproducibility.

7 APPLICATION DOMAINS

Program reduction began in automated debugging, but its machinery travels: this section surveys the
domains that have adopted it and what each asks a reducer to preserve. We split the representative
domains into two core ones and three adjacent ones. The two core domains, automated debugging
and compiler and toolchain testing, apply the reduction workflow of § 4 to a failure-inducing
program, shrinking it while an oracle checks that the failure still reproduces, and they are where
the corpus concentrates. The three adjacent domains keep the same workflow but depart from
the core in what they reduce, what they preserve, or both: trace and systems reduction [7, 27],
Al-model understanding [63, 79], and software debloating [1, 54]. These transfers show how far
the minimization idea extends when the object goes beyond a single failure-inducing program.
Table 1 pairs each domain with the object it reduces, the property it preserves, and the objective
that follows. To gauge how these domains have grown, we count, for each time period, the papers
in the reviewed corpus that match each application subject, and Figure 5 plots the result. Across five
periods from 1999-2004 to 2020-2026, automated debugging remains the largest strand throughout,
while compiler and toolchain testing rises sharply in the two most recent periods. Debloating and
specialization grows after 2015, and Al-model understanding appears only in 2020-2026. Since
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Table 1. Application domains of program reduction with representative papers. The two core domains preserve
a reproducible failure, whereas the three adjacent transfers preserve other properties.

Application domain Reduced object Preserved property Objective
Automated debugging and Failure-inducing The reproducible failure A small, inspectable reduced program whose

° troubleshooting [8, 24, 113, 116] program or input causal structure eases root-cause analysis

-

8 Compiler and toolchain Failure-inducing test ~ The tool’s failure that the A small, valid, human-readable bug report,
testing [4, 25, 45, 66] program or input program triggers distinguishable from reducer artifacts
Trace, execution, and systems  Execution trace, Replay fidelity of the A smaller replay or explanation artifact, free
reduction [7, 27, 37, 97] configuration behavior of irrelevant dynamic detail

g Al model understanding and Model input, oftena  The model’s prediction A faithful minimal fragment that reveals the

S explainability [64, 79-81] code fragment evidence the model relies on

P

< Software debloating and Deployed binary, A required functionality A leaner deployable artifact that keeps
specialization [1, 55, 82, 99] bytecode, or library envelope required behavior, with size secondary

nearly every reduction paper mentions debugging, a paper that fits a more specific subject, such as
compiler and toolchain testing, is counted only under that subject, not under automated debugging.
The counts therefore indicate trends rather than an exhaustive classification. Trace and systems
reduction, which lacks data for a stable trend, is omitted from Figure 5 and appears only in Table 1.

Period-level distribution

Automated debugging

307

&
§ Compiler/toolchain
-g 207 Debloating/specialization
S
= 10- Al model understanding
=

0-

1999-2004 2005-2009 2010-2014 2015-2019 2020-2026

Fig. 5. Application-subject trends in the reviewed corpus.

7.1 Automated Debugging and Troubleshooting

Automated debugging is the founding application of program reduction and remains the largest
strand in the corpus throughout the period surveyed (Figure 5). Reduction here starts from a
failure-inducing program or input too large to inspect directly and shrinks it while keeping the
failure reproducible [8, 111, 113]. What sets the domain apart is its consumer: a human developer
performing root-cause analysis, for whom size is only a means. The objective is a result that is both
small and still shows why the program fails, so the domain’s techniques can be read as successive
layers of diagnostic support added on top of bare minimization.

That progression runs from isolating the failing fragment to pinpointing the faulty code. The
simplest approach runs ddmin directly on a single failing program or input, shrinking it until what
remains is small enough for a developer to read by hand while still triggering the fault [113]. PPR
reduces the bug-triggering program in tandem with a paired seed program, keeping both in sync so
that what survives is the minimal difference between them, namely the code change responsible for
the bug rather than merely a small program [116]. Dynamic-slice intersection adds fault localization
on top of reduction. Once Delta Debugging has isolated the minimal failing input, the technique
intersects a forward dynamic slice from that input with a backward dynamic slice from the faulty
output, narrowing the result to the statements that lie on a path from the failure-inducing input
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to the erroneous output [26]. Bouillon et al. deliver this inside the developer’s environment as
an Eclipse plug-in that runs Delta Debugging over JUnit tests and CVS history, so isolating a
failure-inducing change happens in the IDE rather than as a separate step [8].

The distinctive cost in this domain is the loss of diagnostic context. Because a person reads the
result, the smallest program is not always the most useful: the surrounding declarations, the data
and control flow that lead to the fault, and the statements that show why it occurs are exactly
what a developer needs to understand the failure, and aggressive deletion removes them [116]. The
stopping point therefore rests on human judgment rather than a formal minimality criterion, which
is why the techniques above preserve or recover the faulty code’s context instead of optimizing
size alone. Debugging therefore prioritizes practical utility, in the form of diagnostic value, over
effectiveness (§ 3.3).

7.2 Compiler and Toolchain Testing

Compiler and toolchain testing is the most active application of program reduction in the recent
literature. It differs from general debugging in where the fault lies: the program under reduction
is only the trigger, while the defect resides in the compiler, solver, or verifier that processes it.
Large generated tests [66], solver inputs [10], proof-assistant scripts [25], binaries, and bytecode
programs [40] are reduced into compact failure-inducing programs for triage and root-cause
analysis [38]. C-Reduce established that such reductions should be small, valid, human-readable,
and directly usable in bug reports [66]. The demand is explicit in practice: both GCC and LLVM
ask bug reporters to submit reduced failure-inducing programs [18, 52], which makes reduction
a routine step in compiler bug triage rather than an optional convenience. The same triage role
extends to optimization solvers: MIP-DD, the MIP counterpart to ddSMT, reduces a mixed-integer
programming (MIP) instance to a few variables and constraints while preserving the solver’s
faulty behavior, and its reductions supported 24 of 51 documented bug fixes across several SCIP
releases [35]. Reduction also narrows what a bug report discloses when the original program
contains sensitive data. Because a reporter submits the reduced program rather than the original,
and the reduced program retains only what is needed to trigger the fault, less of the original artifact
reaches the developer. This can make a failing case shareable across an organizational boundary: a
reduced and renamed MIP instance, for instance, exposes little of the original model’s proprietary
data, though how fully reduction anonymizes a case depends on the artifact, since reduced source
code can still reveal algorithmic intent [35].

The central difficulty here is validity. Because the fault is in the tool, a reduced program is evidence
only if it remains well-defined: aggressive deletion can introduce undefined or unspecified behavior
and turn a genuine compiler bug into a false positive, the test-case validity problem [66, 106].
C-Reduce addresses this by folding semantics-based validation, with checkers such as KCC and
Frama-C, into the interestingness test, so candidates with undefined behavior are rejected during
reduction rather than reported afterward [66]. Program reconditioning attacks the same problem
upstream, rewriting tests to avoid undefined behavior so a reduced bug stays valid across compilers
rather than only the one that found it [48]. Porting a reducer to a new target raises the same concern:
extending C-Reduce to OpenCL kernels required adding accurate detection of uninitialised-data
accesses so that reduction does not convert a genuine compiler bug into a false positive [61].

These constraints favor syntax-guided, semantic, and execution-aware methods. List-based
reduction remains a useful baseline, but systems such as C-Reduce [66], Perses [78], Latra [105],
ddSMT [45], typed-language reducers [68], proof-assistant reducers [25], and WebAssembly-
oriented systems like RR-Reduce [4] show why structure and oracle integration matter for toolchains.
Validity is the dominant concern here (§ 3.3): it is the primary form practical utility takes for a
compiler bug. In return, the domain accepts higher oracle cost, lower portability, and the deep
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language-specific knowledge (§ 5) that preserving it demands. Because compiler fuzzing produces
many failure-inducing programs that map to the same underlying defect, reduced reports are dedu-
plicated to distinct bugs, rewarding a canonical reduced form: equivalent failures that converge on
a comparable representation collapse to a single report. T-Rec drives equivalent reduced programs
toward such a form through lexical-syntax-guided passes [103], an open challenge in § 8.

7.3 Trace, Execution, and Systems Reduction

Trace, execution, and systems reduction retains the form of a minimization problem but changes
the object being reduced. The target may be an event trace, API-call recording, execution schedule,
distributed interaction history, or system configuration whose simplification exposes the dynamic
circumstances of a failure [7, 27, 37, 97]. The goal is a smaller explanation or replay artifact rather
than a smaller failure-inducing program, so practical utility dominates: the result is evaluated
by replay fidelity (a form of validity) and explanatory value (a form of diagnostic value). A re-
duced trace should still trigger, replay, or localize the behavior while removing irrelevant events,
nondeterministic noise, or cross-component clutter.

Three properties make this harder than reducing static source, and each strains a different design
choice from § 4. First, the artifact is replayed against a live, often nondeterministic system, so
the same reduced trace may reproduce the failure on one run and not the next, which breaks the
consistency that ddmin assumes and, applied directly, confines reduction to short sequences [37].
Second, events are bound by ordering and def-use dependencies, where a later event uses state an
earlier one set up, so an event cannot be deleted as freely as an independent syntax subtree, because
removing a setup event can invalidate every later event that depends on it [97]. Third, validity here
means remaining replayable, so the oracle is dynamic and tied to record-replay infrastructure, and
the reduced trace is often not portable outside the harness that produced it [7, 27].

The adaptations follow from these constraints. Nondeterministic reduction pairs a deterministic
replay mechanism with event abstraction, grouping low-level events into stable units before
searching for a minimal failure-inducing trace [37]. Dependency-aware reduction encodes ordering
and type constraints directly, as in context-based event-trace reduction that models each event’s
variable and DOM usage as a constraint-satisfaction problem, so subtraces that could not replay
are never generated [97]. Where a faithful replay harness already exists, ddmin transfers with little
change once the right element granularity is chosen, as in OpenGL API-call traces and recorded
web sessions [7, 27]. Trace and systems reduction therefore marks the boundary of the survey’s
scope: it shows how quickly reduction changes once the preserved object becomes an execution
history rather than source code or another failure-inducing program.

7.4 Al Model Understanding and Explainability

In Al model understanding, the reduced object is a model’s input, often a program or code fragment
but sometimes other text, while the preserved property is a model’s prediction rather than a
reproducible failure. Reducing the fragment until the prediction is about to change exposes which
features the model actually relies on, such as bug-bearing code, identifier names, method signatures,
or other structural cues [17, 63-65, 71, 79]. This is a recent adjacent line of work in the corpus as
neural code intelligence became a downstream consumer of program reducers.

Two differences separate this from reducing a failure-inducing program, and both reshape the
oracle design choice of § 4. The oracle is a learned, black-box function rather than a deterministic
check, so reduction preserves a statistical prediction and is best read as extractive interpretation,
i.e., an explanation extracted from the model’s observed behavior, rather than proof [63]. This
creates a failure mode with no analogue in classical reduction: a minimal fragment can keep the
prediction for the wrong reason, so the goal is not the smallest input but an audit of whether the
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model attends to genuine signal [79]. Validity is contested too, because requiring the fragment to
stay compilable bounds how far reduction can go, whereas dropping that requirement reduces
more aggressively but may yield fragments that fail to compile [71, 79].

The adaptations center on the oracle and the element granularity. Because the reducer queries
the model only as a black box, the oracle is simply whether the model still emits the same prediction,
which lets Delta Debugging apply directly. SIVAND searches for the minimal prediction-preserving
fragment of an input [63], and prediction-preserving input minimization reduces a sample to a
1-minimal, valid form to probe a detector’s signal-awareness, i.e., whether its prediction rests on
task-relevant code rather than incidental cues [79]. Tree-level variants such as SSGPS instead
prune the abstract syntax tree using attention-derived node importance, so the kept fragment stays
meaningful to the model [71, 81]. A related thread reuses the same machinery for efficiency rather
than explanation. DietCode prunes tokens and statements by attention weight to cut inference
cost while preserving model performance [118]. Across these uses practical utility, in the form of a
faithful explanation, outweighs effectiveness, since aggressive simplification can destroy or distort
the evidence being studied [63, 79].

7.5 Software Debloating and Specialization

Software debloating and specialization reduce deployable binaries, bytecode, libraries, or feature sets
whose unused components create security, maintenance, or performance overhead [1, 9, 54, 55, 73].
The goal is to preserve a functionality envelope while removing dormant or unnecessary behavior,
with output size a secondary concern.

Debloating inverts the usual reduction problem. There is no single failure to preserve. The prop-
erty is a whole functionality envelope, and the oracle is whether the program still serves its required
use cases rather than whether it still triggers a fault. That oracle can only be approximated, by a test
suite, a usage profile, or static reachability analysis, all of which are necessarily incomplete [1, 54].
The dominant risk is therefore the opposite of validity loss in core reduction: removing code that
no benchmark exercises but deployment still needs, a regression that surfaces only later [9, 54].
Dynamic behavior compounds this, since reflection, dynamic loading, and address-taken functions
defeat static reachability and make it hard to establish safely which code is unused [1, 54].

In the terms of § 5, debloating sits at the language-specific end of the language-knowledge
dimension, so the adaptations replace oracle-guided trial deletion with dependency- and reachability-
aware analysis. Nibbler reconstructs a function-call graph from binaries and conservatively prunes
only provably unreachable code [1]. XDebloat drives feature-oriented removal through a type-safe
program-dependence-graph analysis [82]. JSHRINK combines static reachability with dynamic
profiling to keep behavior intact under Java’s reflective features [54, 99]. Because soundness
outweighs aggressiveness, these systems often accept smaller reductions in exchange for safety,
making debloating the domain where effectiveness and practical utility (§ 3.3) diverge most sharply.

8 OPEN CHALLENGES AND FUTURE DIRECTIONS

The preceding sections present program reduction as a broad and active design space, yet several
of its most consequential problems remain open, and they lie beyond the reduction algorithm
itself. They are questions of guarantee, cost, and credibility: what a reducer should preserve, how
affordably and generally it can reach a result, and whether that result stays meaningful outside the
setup that produced it. This section organizes the open challenges along those lines.

8.1 Canonicality, Validity, and the Preserved Property

The first group concerns the output a reducer delivers: its canonical form, validity, and preserved
property. Each is a guarantee the result must carry, independent of how the reduction was reached.
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8.1.1 Canonicalization. Canonicalization asks reduction to produce a stable, comparable repre-
sentative, so that two reductions of the same bug converge on the same form. It matters most for
deduplication and triage, which collapse reports to one root cause only when their reduced forms
line up [103].

The difficulty is that minimality and canonicality are orthogonal goals, and the workflow of § 4
optimizes only the first. Deletion-based reducers strip irrelevant elements but leave the surviving
form underdetermined: many distinct 1-minimal programs can trigger the same bug, and which
one a reducer returns depends on traversal order, oracle timing, and starting point rather than on
any preferred representative. Richer transformation spaces only enlarge the set of reachable forms,
so without an explicit criterion for preferring one, they make outputs less reproducible [102, 114].

Current work shows canonicalization is attainable, but only in narrow, purpose-specific forms.
T-Rec canonicalizes through lexical-syntax-guided passes that drive equivalent programs toward a
common form for deduplication [103], and one line derives reduction and deduplication together
from a shared set of semantics-preserving transformations [13]. Both fix a particular normal form
for a particular purpose. Neither offers a general, representation-aware definition of what canonical
should mean, or a way to certify that two reducers would agree on it.

Because the right normal form depends on the task, the open problem is to make the choice of
form explicit and to decide where it is enforced. The form must be defined per task: a deduplication-
oriented form collapses superficial variation, while a diagnosis-oriented form retains explanatory
context, each fixed by a stated equivalence relation. Enforcement can then happen at either of two
points. It can run after reduction, as a normalization pass that is confluent, i.e., whose result does
not depend on the order of rewrites, so any reducer’s output is standardized post hoc. Or it can be
folded into the search itself, as a canonicality objective that accepts a transformation only when
it moves toward the preferred form. Either way, the property becomes measurable, since testing
whether independent reductions of the same bug converge turns canonicality from an assertion
into a metric and makes reduced artifacts comparable across tools and runs.

8.1.2  Representation-Relative Validity. Validity asks if a reduced candidate remains structurally
and semantically intact enough to use, and the bar is relative to purpose. It may require parsable
source, a replayable execution, a well-sorted formula, or a program that still supports the debugging
task it was reduced for. A result that is smaller but invalid for its purpose is unusable, which makes
validity, not size, the binding constraint on how much a reducer can usefully shrink the program.

Validity failures arise when the transformations a reducer applies break the structural and
semantic invariants the program must satisfy [78, 102, 103, 112]. Which transformations are safe
is representation-specific, and the stronger the notion of validity, the more per-language domain
knowledge it takes to tell safe transformations from unsafe ones, the knowledge that the language-
specific semantic reducers of § 5 demand. The effect on effectiveness cuts both ways: restricting a
reducer to valid candidates concentrates effort on viable variants and can reach smaller results for
a fixed number of oracle queries, yet forbidding unsafe transformations also puts some reductions
out of reach. The real trade-off is therefore generality, because stronger validity guarantees rely
on grammars, parsers, or domain models that are representation-specific and costly to build and
maintain. Achieving strong validity without that per-domain cost is the open problem the rest of
this subsection examines.

Two strategies bracket current practice, each with an inherent limitation. Generate-and-test
lets the reducer propose freely and rejects invalid candidates at the oracle, which is general
but spends queries on candidates that were never going to be valid. Construct-valid systems
embed the invariants directly: DelBugV does so for neural-network verification queries, program
reconditioning for undefined-behavior-free compiler tests [3, 15, 48], and MIP-DD for optimization
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instances, where every modification must preserve a reference solution’s feasibility [35]. This
strategy is efficient but applies only under narrower assumptions and demands per-class expertise.
The productive direction lies between these two extremes, building validity into the search rather
than applying it as a filter afterward. Validity-aware operators produce only well-formed candidates
by construction; dependency-aware search respects def-use and typing invariants without hard-
coding a normal form; cheap intermediate checks prune doomed candidates before the expensive
oracle runs; and guidance that exploits the target representation’s constraints steers the search
toward viable candidates [80]. What these share is a need for domain-calibrated guarantees that
state which notion of validity is preserved, for which class of subject programs (e.g., a language or
benchmark family), and at what cost in oracle queries, search flexibility, and portability [92, 101].
Validity decides whether a reduced result can be used at all, so it belongs in a reducer’s design.

8.1.3 Generalizing the Preserved Property. Reduction shrinks an artifact while preserving some
property of it, and in practice that property has almost always been a reproducible failure. Nothing
in the reduction machinery, however, requires the property to be a failure. It needs only an oracle
that decides whether each candidate still has the property. § 7 already showed the same machinery
preserving replay fidelity, a model’s prediction, or a functionality envelope by changing only
what the oracle checks, and the reducers of § 5 are largely indifferent to which property that
oracle encodes. The natural step is to treat the preserved property itself as the variable: reduction
as property-preserving minimization, with failure reproduction as one instance among many.
Generalizing that property beyond a binary failure signal, to graded, quantitative, or multi-objective
targets, reaches past this survey’s scope.

Current work has taken the easy half of this generalization. Cause reduction broadens the
preserved effect to a user-defined one such as code coverage, reducing passing tests into fast
regression suites rather than bugs [24], and the prediction-preserving reducers of § 7 do the same
for a model’s output label. In each case, though, the oracle stays binary. The field has generalized
what is preserved while leaving how tied to a pass/fail check. The open problems begin where the
property becomes graded, quantitative, or multi-objective.

The obstacle is the binary oracle itself. The ddmin algorithm and its descendants assume an
interestingness test that returns yes or no, and both the subset-and-complement search and the
1-minimality guarantee are defined against that binary signal (§ 3). A graded property breaks this:
when interestingness becomes a coverage percentage, a latency figure, or a model’s confidence, the
experimenter must choose a threshold, the property of a combined candidate no longer follows from
the property of its parts, and minimality becomes ill-defined. Multi-objective targets compound
the problem, replacing a single minimum with a Pareto frontier of incomparable forms, none of
which is smaller on every objective. The difficulty is already visible in practice: a recent differential-
testing study of coverage tools found automatic reduction straightforward for crashes, whose
interestingness test simply parses the log for an assertion message, but much harder for coverage
inconsistencies, where no comparably clean invariant exists [117].

Addressing these cases may require new minimality notions for non-binary properties. Quan-
titative targets call for a tolerance-bounded (e-)minimality, i.e., minimality among candidates
whose property value stays within € of the original’s [5], and multi-objective ones for a Pareto-
minimality [107], each paired with a search procedure that replaces ddmin’s pass/fail recursion
once the signal is graded. Framing reduction as property-preserving minimization then carries a
clear benefit: an advance for one property class transfers to the others.
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8.2 Cost, Guidance, and Generality

The second group concerns the search that produces the result: its cost, its guidance, and its
generality across languages.

8.2.1 Scalability Under Expensive Oracles. Scalability in reduction is governed less by the size of
the program than by the cost of the oracle. Every candidate must be checked, and when that check
is a compiler invocation, a solver call, a replay against a live system, or an expensive test workflow,
it is the number of oracle queries, not the number of edits, that sets the running time.

This makes oracle-query count the central quantity, but two complications keep it from being a
clean target. First, queries are not equal: one that recompiles a large candidate costs far more than
one rejected early, so minimizing query count and minimizing wall-clock time can diverge. Second,
the cost is usually external and opaque to the reducer, living inside a build system or harness it
cannot model, so a strategy that is efficient against one oracle is wasteful against another. Reported
speedups are therefore conditional on program structure, oracle behavior, and infrastructure in
ways easily mistaken for general algorithmic gains.

Existing work lowers oracle cost in three ways. Probabilistic and weighted prioritization try
likely-removable elements first, improving ddmin’s worst case, though the gains depend on how
well the model fits the program [94, 115, 120]. Caching avoids re-asking the oracle about equiva-
lent candidates, though current schemes assume deletion-based reduction and cannot yet handle
rewrites [86]. Parallel and hoisting-based search spread or shortcut the work, with gains bounded
by dependence structure and coordination overhead [83, 91, 93]. None removes the need to query
the oracle; each only makes the queries fewer, cheaper, or more parallel.

Because these mechanisms are complementary, the goal is to combine and characterize them
rather than crown one winner. Two ideas target the cost directly: oracle-cost models that predict
a query’s price let a reducer prioritize on expected cost rather than raw count, and caching that
works across runs, across programs, and across transformations amortizes oracle work beyond a
single reduction. A third lowers cost by approximation, using proxy oracles, cheap stand-ins such as
a fast static pre-filter or a learned predictor, to screen candidates before the true oracle runs, trading
accuracy for throughput. The harder need is methodological: an evaluation discipline that records
query counts, per-query cost, caching and parallelism assumptions, and where the bottleneck lies,
so an environment-specific speedup is not mistaken for a methodological one. Oracle cost remains
the main barrier to scaling reduction to whole projects, expensive verifiers, and interactive use.

8.2.2 Learning-Guided and LLM-Aided Reduction. Learned guidance and large language models
are entering reduction as a way to propose transformations and prioritize candidates beyond
those available to syntax-guided reducers. This extends the guidance dimension of § 5 and pushes
the transformation space of § 6 past fixed syntax-guided rewrites toward open-ended, semantics-
changing edits. The shift is in oracle economics. A classical reducer pairs cheap, deterministic edits
with an oracle that is the expensive part. A model-driven reducer adds a second expensive, and now
nondeterministic, component on the proposal side. A generated rewrite can also change meaning
silently, so it cannot be trusted the way a deletion can. Because the model is part of the method,
a result depends on the model version, prompt, and decoding parameters, which drift over time.
These are sharper forms of two concerns that recur throughout this section: results that hold only
relative to the surrounding pipeline, and reporting that omits what reproduction requires (§ 8.3.2).

Current work is hybrid. LPR first shrinks a program with a language-generic syntax-directed
reducer to fit the model’s context window, then applies LLM-proposed semantic transformations
to go further than deletion alone [114]. This helps precisely where § 6 runs out of syntax-guided
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transformations, but LPR also shows the limits: each model edit must still be re-checked by the
oracle, model queries dominate cost, and the design space of how to use the model is barely explored.

How best to place the model in the loop is itself the open question, and its role can take several
forms. It can propose transformations, with every rewrite gated by the property oracle, as in LPR.
It can instead rank candidates while a classical reducer does the removing, keeping the expensive
component off the critical path. It can act as a fast proxy oracle that screens candidates before
the true oracle runs. Or it can be reserved for the residual that cheaper reducers cannot simplify.
Whichever role it plays, the same hygiene makes it credible: report model version, prompt, and
seeds, account for query cost against a documented limit, and gate every semantic rewrite with a
validity re-check. Used this way, learned rewriting could bring semantic reduction to languages
that have no hand-built semantic reducer, which connects directly to the domain-expertise barrier
below, provided cost and reproducibility are controlled.

8.2.3 Lowering the Domain-Expertise Barrier. Semantic, validity-preserving reduction sits at the
most powerful end of the language-knowledge dimension of § 5, and it is also the most expensive
to reach, because it demands deep, per-language knowledge of the invariants that keep a reduced
program meaningful. This is why the strongest reducers cluster around a few well-resourced
languages and rarely transfer to a new one without a from-scratch effort.

The expense is really two costs that are easy to conflate. One is engineering: integrating with a
compiler front-end, a parser, or a toolchain. The other is expertise: knowing which rewrites preserve
meaning in the target language. Tooling can lower the first, but the second is irreducibly about
understanding the language, and it decides whether semantic reduction reaches a new domain.

Latra addresses the engineering half. Its template-based, language-agnostic framework uses a
lightweight rule language and parse-tree pattern matching to decouple transformation logic from
compiler-toolchain infrastructure, so adding a language does not require rebuilding tooling [105].
What it does not remove is the expertise half: the rules themselves still encode human-authored,
language-specific knowledge of what may be rewritten safely. Latra makes that knowledge easier
to apply, not easier to acquire, which is exactly where the open problem now sits.

Lowering the expertise cost means trading soundness against effort, and the options span that
spectrum. Curated libraries of transformation rules, shared and reused across related languages,
are sound but labor-intensive to build. Mining candidate rules automatically from grammars or
compiler front-ends scales better but yields rules that may be unsound and need validation. Learning
a language’s validity constraints from corpora, or having a language model draft transformation
rules, could bootstrap a new language cheaply, which ties this challenge back to learning-guided
reduction above, at the price of having to verify what is learned. Transfer across related languages,
reusing the rules of one to seed another, helps where languages share structure. A controlled
study of authoring effort, which Latra itself calls for, would for the first time measure how large
the expertise barrier really is. Success here would let the most effective reducers serve the many
languages that today have none, instead of the few that can fund a from-scratch expert effort.

8.3 Robustness and Comparability

The third group concerns what happens to a result afterward: whether it survives a change of
context, and whether it can be compared with results from other work.

8.3.1 Robustness Across Contexts. Robustness is a question of artifact portability. A reduced
program is meaningful only relative to the pipeline that produced it. Move it to a different compiler
version, oracle wrapper, build configuration, or replay environment, and the guarantee can quietly
evaporate [48, 114]. This concerns the artifact itself, not how results are reported: even a perfectly
reported result can be fragile across contexts.
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The reason is that a reduced program is minimal only with respect to one exact setup, and
reduction removes the slack that would let it survive elsewhere. Stripping context can leave
behavior that depends on a particular oracle timeout, an uninitialized value, or undefined behavior
that happens to manifest under the original compiler. Tightening toward minimality worsens
fragility in three ways: the target property underspecifies which behavior must survive a change of
context, the reduction passes through brittle variants, and the result is certified by a single oracle
and one local minimality condition.

Existing answers buy robustness with specialization. Program reconditioning rewrites generated
tests to avoid undefined behavior so reduced compiler bugs stay valid across compilers rather
than only under the one that found them [48], and domain-specific reducers raise robustness for a
particular program class [71, 80, 92]. Both work by narrowing the assumptions under which the
result is meant to hold, which is effective but does not generalize on its own.

The way forward is to make robustness explicit and testable rather than incidental. A reducer
can declare a robustness scope, naming what behavior it preserves and under which execution
or validation contexts. The scope should also state how sensitive that guarantee is to a change of
oracle, of environment, or of the program’s representation, such as reformatting or re-parsing. It
can reduce against several oracles or configurations at once, so the result is minimal with respect
to a family of setups rather than one. It can build validity into its operators, as reconditioning
does, so brittle states never arise. Finally, it can report a sensitivity analysis, showing how the
reduced program degrades as the oracle or environment is perturbed. This matters for reuse: a
robust artifact survives in a bug report, a regression suite, and across tool versions.

8.3.2 Comparable and Reproducible Evaluation. Unlike robustness, which concerns a single artifact,
this challenge concerns the infrastructure for comparing and reporting results across papers.
Comparing reducers fairly is itself an open problem, because reported results rarely rest on aligned
conditions. A meaningful comparison needs three things to hold together: comparable program
classes, compatible oracles and harnesses and stopping criteria, and outputs evaluated against the
same criterion [46, 66, 78]. When any of these differs, the reported numbers no longer measure the
same thing, even when the programs look alike. C-Reduce, Perses, and ddSMT therefore serve as
common baselines only within communities that already share subjects and harnesses [45, 84].

Closing that gap needs stronger benchmark and harness infrastructure. A benchmark is not only
a set of subject programs. In program reduction it also includes oracle wrappers, parser assumptions,
replay scripts, compiler flags, instrumentation logic, caching behavior, and stopping conditions
that determine which reductions are admissible [46, 57, 83, 88]. Without that surrounding harness,
a nominally shared subject set does not guarantee a shared experiment.

Benchmark choice also forces a trade-off between comparability and ecological validity, i.e., how
well benchmark subjects reflect real deployment conditions. Historical infrastructures such as SIR,
Siemens subjects, and long-lived examples including Grep and Space support repeatable comparison
across reducers and over time [88, 112], whereas bespoke bug reports, project histories, compiler fuzz
tests, solver inputs, and WebAssembly engine benchmarks better reflect deployment conditions
but are not interchangeable across papers [4, 25, 66, 83, 102, 105]. Neither style suffices alone:
a standardized component supports cross-tool comparison while a domain-specific component
supports deployment credibility, so studies should include both or justify why one is not applicable,
since no benchmark covers all of these classes equally well.

Comparability finally depends on what each paper reports, and current practice reports unevenly:
measurements are packaged differently, baselines are chosen inconsistently, and the surrounding
setup is often left implicit [12, 19, 21, 33, 50, 62, 74, 87, 97]. At a minimum, a study should report the
final size relative to the original and to a named baseline, the oracle-query count or wall-clock time
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under a documented oracle, the validity constraints and how they were enforced, and the stopping
criterion used, noting why any of these does not apply. The reducer should be released together with
its harness scripts (including the oracle wrapper), subject provenance, and dependency versions,
since each is needed to reproduce or reuse the reported numbers [25, 88]. These gaps yield to no
single instrument: standardized suites, living benchmarks that track deployment, shared reporting
standards, and artifact-evaluation tracks each address part of the problem, and a healthy subfield
will likely need all of them.

9 CONCLUSION

In this survey, we studied program reduction as a field in its own right. We assembled a main corpus
of 67 papers and proposed an abstract reduction framework that expresses a reducer as a small
set of recurring design choices. We further compared reducers along those choices, such as the
dimensions of representation and language knowledge, grouped the surveyed transformations into
four families ordered by the language knowledge each requires, and reviewed the field’s application
domains and open challenges. We call on future research to continue along three lines: to make
explicit what a reducer preserves and at what cost, to establish that such guarantees still hold
outside the setup that produced them, and to report results that are comparable across studies.
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