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Abstract—As a crucial part of outputs in C compilers, compiler1

diagnostics are widely used by developers to locate syntax errors2

and resolve build failures. However, inconsistent diagnostics3

across compilers can mislead root cause analysis, prolong de-4

bugging, and reduce development efficiency. Existing diagnostic5

testing techniques primarily focus on warning diagnostics and6

rely on valid programs, which limits their ability to uncover7

error diagnostic defects exposed by invalid programs. Although8

the prior method has explored error diagnostic defects, it still9

suffers from limited invalid program diversity and redundant10

exploration, making it inefficient to expose more error diagnostic11

defects. To address these limitations, we propose EIDETIC, an12

effective framework for detecting error diagnostic defects in C13

compilers. Specifically, EIDETIC consists of three components:14

a Semantic Mutation Component that generates invalid mutants15

using semantic mutators to extend the invalid program diversity,16

an Adaptive Mutation Scheduling Component that leverages code17

embeddings and an MAB strategy to prioritize effective mutation18

strategies, and a Differential Diagnosis Component that adopts19

a hierarchical differential strategy to improve the precision of20

defect detection across compilers. Over a two-month evaluation,21

the results show that EIDETIC consistently outperforms four22

baseline methods and discovers 10 error diagnostic defects in23

recent GCC and Clang releases, 7 of which have been confirmed.24

25

Index Terms—Compiler, Testing, Error Diagnostic, Program26

Mutation27

I. INTRODUCTION28

As a fundamental software of the software development29

process, C compiler plays a critical role in code generation and30

translation [1]. Prior works [2], [3] indicate that both novice31

and experienced programmers use the compiler output infor-32

mation, which is called diagnostics, to hypothesize the causes33

of compiler errors. In industrial practice, Google developers34

also frequently address routine build failures by inspecting35

compiler-diagnosed code issues [4]. However, inconsistent di-36

agnostics may mislead root-cause analysis, prolong debugging,37

and reduce development efficiency [5], [6].38

Recently, several methods have been proposed to detect39

diagnostic inconsistency and ensure the accuracy of com-40

piler diagnostics. These methods focus on the warning di-41

agnostic inconsistency. For instance, Epiphron [7]constructs42

syntactically valid test programs that can be compiled by43

inserting warning-free code blocks into conditional branches44

to detect unexpected warnings. Building upon this founda-45

tion, DIPROM [8] further employs diversity-guided mutation46

to systematically explore a broader range of code patterns47

that trigger heuristic-based diagnostics of compilers. By the48

diversity-guided mutation, DIPROM identified 8 warning di-49

agnostic defects in two months. However, there are two50

parts of diagnostics in compilers, which are warnings and 51

errors. A warning diagnostic usually indicates a potentially 52

problematic construct; the compiler usually continues com- 53

pilation, but the warning alerts developers to issues that 54

may affect correctness or maintainability [9], [10]. On the 55

contrary, an error diagnostic reports a code that the compiler 56

cannot legally or reliably translate, so successful compilation 57

of the affected unit is blocked until the error is resolved, 58

even if the compiler continues temporarily for error recovery. 59

Consequently, existing warning diagnostic defect detection 60

methods, which rely on well-formed and compilable programs, 61

are not well-suited to detecting error diagnostic inconsistencies 62

that must be exposed by invalid programs. To address this 63

gap, Tang et al. proposed CERTest [11], which starts from 64

well-formed seed programs and deliberately injects syntactic 65

errors through program mutation, then detects compiler error 66

diagnostic defects by differentially comparing the emitted 67

recovery diagnostics across compilers. CERTest discovered 9 68

error diagnostic defects in recent GCC and Clang versions, 5 69

of which were confirmed by developers. 70

However, existing methods still have limitations that hinder 71

further detection of error diagnostic defects. First, the diversity 72

of the generated invalid programs remains limited. Although 73

CERTest is able to construct invalid programs for testing 74

compiler error diagnostics, its mutation strategy primarily 75

relies on invalid mutations of symbols, operators, and variable 76

attributes. Such mutations are effective at triggering syntax- 77

level diagnostics, the mutators of CERTest which can be called 78

syntax mutators. But they can only offer limited support for 79

exposing error diagnostic defects rooted in context-sensitive 80

semantic inconsistencies, such as type-relation conflicts, bind- 81

ing errors, and long-range constraint violations. This limitation 82

restricts the defects explored, because most of the error 83

diagnostic defects in the compiler often require coordinated 84

changes across semantic variations like type relations, bind- 85

ing constraints, conversion behaviors, and context-dependent 86

language rules to be exposed [12]–[14]. Therefore, effectively 87

increasing program diversity to reach more error diagnostic 88

defects becomes our first challenge. 89

On the other hand, the testing efficiency of existing methods 90

is still limited by redundant exploration. Although CERTest 91

leverages historical buggy mutation configurations to guide 92

mutation selection, it does not directly learn which mutation 93

strategies are most effective for exposing new defects. Instead, 94

it prioritizes candidates according to a distance-based diversity 95

heuristic. Such a strategy can improve exploration to some ex- 96

tent, but it may allocate substantial testing budget to mutation 97



configurations that appear diverse yet yield limited defect-98

discovery benefit. Moreover, its distance measurement only99

considers mutator usage while ignoring mutation positions and100

structural context, which further handicaps the exploration of101

more effective mutation strategies [8], [15]–[17]. Therefore,102

how to reduce redundant testing and adaptively select more103

effective mutation strategies becomes our second challenge.104

To address this challenge, we proposed EIDETIC (dEtectIng105

Diagnostic dEfecTs In C compiler): an effective method to106

generate invalid test programs that detect error diagnostic107

defects in the C compiler. EIDETIC consists of three compo-108

nents: a Semantic Mutation Component (SMC), an Adaptive109

Mutation Scheduling Component (AMSC), and a Differential110

Diagnosis Component (DDC). To generate invalid programs111

that can expose deeper error diagnostic defects, EIDETIC112

employs SMC to transform well-formed seed programs into113

invalid mutants. Specifically, SMC first identifies semantically114

sensitive program positions in a seed program and then applies115

63 semantic mutators that target type relations, binding con-116

straints, conversion behaviors, and context-dependent language117

rules. To improve testing efficiency and reduce redundant118

exploration, EIDETIC employs AMSC to adaptively prioritize119

mutation strategies for generating mutants. AMSC uses a code120

embedding model to characterize the semantic diversity of121

candidate mutants and formulates mutation scheduling as a122

multi-armed bandit (MAB) problem, so that exploration of123

under-explored strategies and exploitation of high-yield ones124

can be balanced according to rewards of program diversity. Fi-125

nally, to accurately identify error-diagnostic defects, EIDETIC126

employs DDC to compare the diagnostics emitted for the same127

mutant across multiple C compilers. Because diagnostics for128

invalid programs often vary across compilers in wording and129

reported program details, raw text comparison cannot provide130

an accurate test oracle. DDC therefore adopts a hierarchical131

differential strategy to improve the precision of inconsistency132

detection.133

To evaluate the performance of EIDETIC, we conduct134

an extensive study over the two most popular C compilers,135

GCC [18] and Clang [19]. Evaluation results show that EIDE-136

TIC performs better than four baselines, i.e., DIPROM [8],137

CERTest [11], AFL++ [15], and HiCOND [20]. In total,138

in the two-week comparative experiments conducted under139

the GCC and Clang compilers, EIDETIC detected 2, 3, 2,140

and 2 more error diagnostic defects, respectively, compared141

to CERTest, DIPROM, AFL++, and HiCOND. In particular,142

EIDETIC has detected 10 error diagnostic defects in the recent143

release versions of GCC and Clang, where 7 of them have been144

confirmed by developers.145

To sum up, this work makes the following major contribu-146

tions:147

• We propose EIDETIC—a diagnostic-oriented framework148

that generates invalid C programs through mutation and149

reveals inconsistencies in error diagnostics across differ-150

ent compilers.151

• We propose a MAB-guided mutation method that treats152

mutators as arms and uses an embedding-based diversity153

reward to adapt mutator selection. 154

• We conduct extensive experiments on GCC and Clang 155

and show that EIDETIC is more effective than the com- 156

parison approaches in detecting compiler error diagnostic 157

defects. 158

• We apply EIDETIC to the recently released versions of 159

GCC and Clang. EIDETIC helps developers detect 10 160

error diagnostic defects; 7 of which have been confirmed. 161

II. BACKGROUND AND MOTIVATION 162

This chapter introduces the foundations of compiler error di- 163

agnostics and clarifies why testing error diagnostic consistency 164

is necessary. It then motivates our problem setting and defines 165

the key requirements that guide the design of our methodology. 166

A. Background of Compiler Error Diagnostics 167

In this section, we introduce the background of the com- 168

piler error diagnostics, including the importance of compiler 169

error diagnostics, the principles of compiler error diagnostics, 170

the categories of compiler error diagnostics defects, and the 171

compiler error diagnostic testing. 172

Compiler error diagnostics are crucial for program develop- 173

ment [6], [21], [22]. When code contains syntactic or semantic 174

errors, the compiler should terminate compilation and output 175

diagnostics to help developers pinpoint the exact location and 176

category of the erroneous code segment, understand the cause 177

of the compilation failure, and apply the correct measures 178

[23], [24]. Therefore, the quality of error diagnostic messages 179

directly impacts development efficiency: precise error diag- 180

nostics shorten debugging time, while inaccurate localization 181

leads to repeated trial-and-error attempts, potentially causing 182

code to become increasingly convoluted until it breaks down 183

entirely [6], [22]. As a result, improving the correctness 184

and consistency of error diagnostics is important not only 185

for compiler quality but also for productivity and toolchain 186

interoperability. 187

A compiler outputs an error diagnostic when it detects a 188

violation of language constraints during compilation, typically 189

in parsing and semantic analysis [9]. Diagnostics usually 190

include a source location and a textual description; some 191

compilers also attach a diagnostic identifier or rule name [24]– 192

[26]. In general, error diagnostics stem from either syntactic 193

violations or semantic violations, where the latter arise after 194

successful parsing but fail subsequent static checks such as 195

type consistency and declaration compatibility. Diagnostic 196

outcomes can be sensitive to implementation details, making 197

diagnostic behavior a distinct aspect of compiler quality. 198

According to how the reported errors deviate from expected 199

behavior, error diagnostic defects can be grouped into three 200

common categories: erroneous errors, spurious errors, and 201

missing errors. Erroneous errors include inaccurate locations 202

or confusing explanations that mischaracterize the violation 203

[7], [11], [21]. Spurious errors refer to unjustified rejections 204

of otherwise valid inputs, which manifest as false positive 205

errors. Missing errors arise when the compiler fails to output 206

an expected error for an invalid construct, either by silently 207



#include <stdio.h>
#include <stdint.h>
void test(void)
{

float *p = (float*)0;
/* arbitrary pointer expression */
int64_t x = p;
/* initialize integer from pointer , no explicit
cast */
(void)x;

}

Listing 1: A reduced mutant with an illegal integer
initialization from a pointer expression (ID #123XXX)

accepting the program or by terminating with incomplete or208

suppressed diagnostics [11], [27].209

Compiler error diagnostic testing seeks to expose diagnostic210

defects by generating or transforming programs that trigger211

errors and then comparing the resulting diagnostic outputs.212

Differential testing is widely used: the same input is compiled213

under multiple compilers, and inconsistencies are treated as214

candidates for defects [28], [29]. Because diagnostics differ215

in surface form, effective testing requires structured parsing216

and normalization into a shared category space, followed by217

an alignment criterion that determines whether the reported218

errors are consistent in terms of location and category.219

B. Motivation of Error Diagnostics220

Two confirmed defect examples are discussed in this subsec-221

tion to motivate and illustrate EIDETIC. In this study, we only222

present the reduced versions of the defects because the original223

mutants are too large for presentation (with over thousands of224

lines).225

Example 1. As shown in Listing 1, this example is produced226

by applying a semantic mutator in the conversion behaviors227

category to a valid C program. Concretely, the mutator rewrites228

the initializer of an int64 t variable by replacing the original229

integer value with a float* expression. It violates the C230

constraint on initialization: a pointer value cannot be used to231

initialize an integer object without a cast.232

When compiling the mutant, Clang rejects it and reports233

an error at the mutated initialization site, consistent with the234

C constraint that disallows such initialization. In contrast,235

GCC fails to accurately report the defect and completes the236

compilation. This discrepancy represents an error diagnostic237

defect which is particularly detrimental because it may allow238

invalid code to conceal invalid-memory patterns. This defect239

is difficult to expose with the warning diagnostic defect-240

detecting methods because it is based on a mutant with a241

parsable but semantically invalid construct. Our method finds242

this defect because it uses a complex mutator that performs243

semantic mutations on the program, which passes parsing,244

thereby exposing deeper error diagnostic defects.245

Example 2. As shown in Listing 2, this example is produced246

by applying a semantic mutator in the type relations category247

to a valid C program. Specifically, the mutator rewrites a printf248

function call statement by replacing the string parameter with249

#include <stdio.h>
int main()
{

int k = 1, i = 2, j = 3;
printf(k, i, j, index = [%d][%d][%d]\n );
return 0;

}

Listing 2: A reduced mutant with an illegal printf call due to
a mismatched argument type (ID #123XXX)

an integer variable. This violates the C binding constraint: the 250

first parameter of printf must be a const char* format string, 251

and an int argument cannot be bound to that parameter. 252

When compiling the mutant, Clang rejects it and reports an 253

error at the mutated call site, consistent with the C constraint 254

that disallows such a call. However, GCC only reports a 255

warning for the same call and still completes compilation 256

with a note. This divergence represents an error diagnostic 257

defect because the same binding-constraint violation caused by 258

the semantic mutator is treated with inconsistent diagnostics 259

across compilers. This defect is difficult to expose with the 260

warning diagnostic defect-detecting methods, which typically 261

focus on compilable programs and warning outputs. Our 262

method finds this defect by applying a semantic mutator that 263

keeps the program parsable but makes the call incorrect, thus 264

exposing deeper error diagnostic defects. 265

III. FRAMEWORK 266

In this section, we first present an overview of the frame- 267

work of EIDETIC. We then explain the Semantic Mutation 268

Component (SMC) and the Adaptive Mutation Scheduling 269

Component (AMSC) to address the two challenges. Finally, 270

the details of the Differential Diagnosis Component (DDC) 271

are presented. 272

A. Overview 273

Our method targets error diagnostic defects by systemat- 274

ically generating syntactically valid but semantically invalid 275

C programs, then comparing how compilers report errors. 276

As shown in Fig. 1, the workflow consists of three compo- 277

nents: (i) SMC constructs a clean seed pool and transforms 278

well-formed seeds into invalid mutants via abstract syntax 279

tree (AST)-guided semantic mutators, (ii) AMSC adaptively 280

schedules mutators using embedding-based diversity rewards 281

and a MAB policy to reduce redundant exploration, and (iii) 282

DDC performs differential diagnosis by normalizing compiler 283

diagnostics and comparing them hierarchically to identify error 284

diagnostic defects. 285

B. Semantic Mutation Component 286

SMC is responsible for producing invalid programs that still 287

reach deep semantic checks, so that we can detect deeper error 288

diagnostic defects. 289
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Fig. 1: Framework of our method

III-B.1 Preprocessing290

Our framework starts from compilable base programs and291

systematically transforms them into illegal test programs that292

reach deep diagnostic logic. Preprocessing serves two pur-293

poses: (i) building a stable, clean seed pool that compilers294

can parse and type-check far enough to expose meaningful295

diagnostics, and (ii) enriching the syntactic surface of seeds so296

that later mutations have more opportunities to trigger diverse297

classes of errors.298

We generate an initial set of C programs using an automated299

C program generator as raw seeds. These seeds are intended300

to be compilable, providing a reliable baseline for subsequent301

transformations. We then apply a syntax-safe enrichment pass302

that inserts simple placeholders to increase the availability303

of structural contexts, thereby facilitating the execution of304

mutation operations in the next stage.305

The enriched seeds are validated using lightweight compila-306

tion checks on the compilers. Seeds that compile successfully307

are retained as the clean seed pool. This pool becomes the308

sole input to the mutation stage, ensuring that any subsequent309

compilation failures are attributable to our mutations.310

III-B.2 Code Mutation311

The core of the framework is a mutation engine that312

transforms compilable programs into illegal ones, while using313

diversity-guided feedback to select mutators adaptively.314

The mutation stage converts each clean seed into an illegal315

program through the application of one or more mutators316

guided by AST. Unlike warning-oriented mutation strategies317

that restructure code while preserving compilability in order 318

to diversify warning manifestations, the mutators in this work 319

are explicitly constructed to violate the semantics. 320

Each mutator is specified by three elements. First, it identi- 321

fies a target site in the AST based on the semantic constraints 322

that the site must satisfy. Second, it performs a localized 323

rewrite that takes the form of insertion, deletion, duplication, 324

or replacement. Third, it is associated with an anticipated class 325

of diagnostic outcomes. The rewrites are deliberately confined 326

to small regions of the program. This locality preserves 327

strong correspondence with the original seed and reuses the 328

surrounding context so that the produced mutants remain close 329

to realistic code. 330

We group our mutators into four categories, which keeps the 331

design compact while covering different sources of semantic 332

diagnostics. 333

Type-relations mutators. These mutators violate typing 334

relations while preserving the surrounding declarations and 335

use sites. We introduce conflicting declarations, incompatible 336

redeclarations, and inconsistent pointer and array shapes. The 337

type-relations mutators are useful for exercising deeper type 338

checking and for observing the error diagnostic defect of a 339

type conflict. 340

Binding-constraints mutators. These mutators break the 341

link between a name and its declaration. We delete or move 342

a required declaration, definition, or label, leaving later uses 343

unchanged. The binding-constraints mutators are useful for ex- 344

ercising binding checks and for observing the error diagnostic 345



Algorithm 1 MAB-guided mutation with archive-relative di-
versity reward

Input: S, clean seed pool (each seed is a compilable C
program)

A, set of mutators (arms), |A| = M
E , diversity archive storing embeddings of previ-

ously accepted mutants
T , target number of mutants to generate
k, number of nearest neighbors used in reward

computation
Output: P , set of generated invalid test programs (|P| =
T )
State: B, bandit state for arms in A

1: INITIALIZEBANDIT(B,A)
2: P ← ∅
3: while |P| < T do
4: s← NEXTSEED(S)
5: m← SAMPLEBUDGET([mmin,mmax])
6: Ops ← SELECTARMSTS(B,m)
7: p← APPLYMUTATIONS(s,Ops)
8: v ← BUILDEMBEDDINGVIEW(p)
9: e← EMBED(v)

10: r ← REWARDFROMARCHIVE(e, E , k)
11: UPDATEBANDIT(B,Ops, r)
12: UPDATEARCHIVE(E , e)
13: P ← P ∪ {p}
14: end while
15: return P =0

defect of incorrect name resolution.346

Conversion-behaviors mutators. These mutators violate347

conversion rules by perturbing casts and implicit conversions348

at precise use sites. We poison implicit conversions and349

casts at specific sites, such as assignments, argument passing,350

and return statements. The conversion-behaviors mutators are351

useful for exercising conversion checks and for observing the352

error diagnostic defect of misleading conversion diagnostics.353

Context-dependent-language-rules mutators. These mu-354

tators violate language rules that depend on the surrounding355

context. We introduce illegal constructs that depend on the356

surrounding context, such as non-constant initializers, in-357

valid designators, and invalid returns. The context-dependent-358

language-rules mutators are useful for exercising context-359

sensitive checks and for observing the error diagnostic defect360

of incorrect rule enforcement.361

As shown in Table I, we list representative mutators from all362

categories. Overall, our mutator set is constructed to generate363

compact, realistic mutants that consistently trigger meaningful364

diagnostics, enabling fine-grained comparison across compil-365

ers.366

C. Adaptive Mutation Scheduling Component367

AMSC improves testing efficiency by prioritizing mutators368

that yield diverse mutants, while still exploring underused369

mutators to avoid premature convergence. Algorithm 1 sum- 370

marizes the MAB-guided mutation workflow. 371

III-C.1 MAB-guided Mutator Selection 372

A core challenge is that mutators vary widely in effective- 373

ness. To reduce the reliance on handcrafted schedules, mutator 374

selection is formulated as an MAB problem, where each 375

mutator corresponds to an arm, and each mutation attempt 376

yields feedback reflecting the utility of the generated mutant. 377

Let A = {a1, . . . , aM} denote the set of mutators. For each 378

arm a ∈ A, we maintain a probabilistic belief of its expected 379

utility, and we select a small subset of arms to mutate a seed 380

program. After the mutant is evaluated, the resulting reward 381

is used to update the belief of the chosen arms. 382

In this work, we employ Thompson Sampling (TS) due to 383

its principled exploration-exploitation trade-off and minimal 384

parameterization. Specifically, each arm a is associated with 385

a Beta posterior Beta(αa, βa), and TS draws one sample 386

from each posterior to estimate the arm’s plausibility of being 387

optimal. 388

The TS score of arm a is drawn as 389

θa ∼ Beta(αa, βa). (1)

Given the sampled scores {θa}, the framework selects the 390

top-m arms with the largest sampled values, where m is small 391

and fixed for the mutation budget. 392

S ← Topm({θa | a ∈ A}). (2)

After obtaining a reward r ∈ [0, 1] for the mutant, the pos- 393

terior parameters of the selected arms are updated. To support 394

continuous rewards without introducing additional modeling 395

complexity, we adopt a fractional Bernoulli interpretation, 396

updating each chosen arm by the same reward share. S denotes 397

the selected set of arms. 398

For each a ∈ S, 399

αa ← αa +
r

|S|
, βa ← βa +

(
1− r

|S|

)
. (3)

This update preserves the essential behavior of TS: arms 400

with limited observations retain higher posterior uncertainty 401

and thus remain selectable, preventing premature convergence 402

to a small subset of mutators. 403

III-C.2 Diversity Reward via Code Embeddings and the 404

Archive 405

A core requirement of MAB-guided mutation is a re- 406

ward that correlates with search progress. In our frame- 407

work, progress is measured as diversity in representation 408

space, rather than simple syntactic difference. Concretely, each 409

mutant program is transformed into an embedding view—a 410

normalized textual representation intended to reduce irrelevant 411

variability while preserving salient structural and semantic 412

cues for similarity comparison. The embedding view is then 413

mapped to a fixed-dimensional vector by a code embedding 414

model. 415

The reward is computed by comparing the mutant’s embed- 416

ding against a diversity archive, which stores embeddings of 417



TABLE I
Typical mutators

Mutation type Typical mutator Example (before → after) Intended diagnostic

Type relations
insert conf func decl

int foo(int); → int foo(int);
double foo(double);

conflicting types for foo

arraypointer subscript
int a[4][5]; int v=a[1][2]; →
int *a; int v=a[1][2];

subscripted value is not array/
pointer (invalid indexing chain)

Binding constraints
vardecl delete

int x=0; return x; →
/* delete decl */ return x;

use of undeclared identifier x

delete label stmt
goto L; L: x++; →
goto L; /* label removed */ x++;

label L used but not defined

Conversion behaviors
insert illegal cast int *p; → int *p; int x=(int)p; illegal cast/pointer to integer

conversion

add const keep write int x=0; x=1; → const int x=0;
x=1;

assignment of read-only
variable x

Context-dependent
language rules

insert nonconst global int g=0; → int x; int g=x; initializer element is not
constant

insert return in void void f(){ ... } → void f(){
return 1; }

return-statement with a value,
in function returning void

previously observed mutants. The archive is not merely a log;418

it acts as a reference distribution that defines what has already419

been explored, and it supports stable reward scaling as the420

experiment progresses. Given a new embedding vector e and421

an archive E = {e1, . . . , eN}, we compute pairwise cosine422

distances. The cosine distance between e and an archived423

vector ei is defined as:424

d(e, ei) = 1− e · ei
∥e∥ ∥ei∥

. (4)

To reduce sensitivity to outliers and to focus on local425

neighborhood novelty, we use the mean distance to the k426

nearest neighbors in the archive. Let d(1) ≤ · · · ≤ d(N) denote427

the sorted distances. The KNN mean distance is computed as:428

d̄k(e) =
1

k

k∑
j=1

d(j). (5)

Raw distance magnitudes may drift with archive size and429

embedding distributions. To obtain a stable reward in [0, 1]430

with minimal manual thresholding, we normalize d̄k(e) using431

percentiles of the full distance set. Let P10 and P90 denote the432

10th and 90th percentiles of {d(e, ei)}Ni=1. The normalized433

reward is then computed as:434

r(e) = clip

(
d̄k(e)− P10

P90 − P10
, 0, 1

)
. (6)

This archive-relative reward has two practical advantages.435

First, it directly captures whether a mutant expands the ex-436

plored region in embedding space, which aligns with the objec-437

tive of generating diverse invalid programs. Second, it yields438

rewards on a comparable scale over time, enabling the bandit439

to update arms without requiring manual renormalization.440

After reward computation, we update the bandit state for the 441

selected mutators and then insert the new embedding into the 442

archive. The archive update is therefore downstream of reward 443

computation: the archive is read to compute distances and 444

written to incorporate newly generated diversity. In addition, 445

an embedding cache keyed by a stable hash of the embedding 446

view can be used to reuse embeddings for identical content, 447

thereby reducing repeated embedding calls without changing 448

the reward definition. 449

D. Differential Diagnosis Component 450

This stage targets error-level diagnostic inconsistencies. 451

For each mutant program, we invoke compiler front-ends in 452

syntax-only mode to collect structured diagnostics. We then 453

normalize diagnostics to a common representation and apply 454

a comparator that focuses on where the error is reported and 455

what category it belongs to. 456

Because compilers differ in diagnostic formats, wording, 457

and option identifiers, we normalize each diagnostic into a 458

compact tuple containing: severity, source location, and a 459

normalized category derived from rule-based mapping. This 460

normalization enables robust comparisons even when the orig- 461

inal diagnostic messages are not directly comparable. 462

For cross-compiler testing, each mutant is compiled by GCC 463

and Clang. The two resulting normalized diagnostic sets are 464

compared using a location-aware rule: two diagnostics are 465

treated as consistent if they report the same error line and 466

exhibit compatible categories at that location. Mutants that 467

violate this criterion are retained as potential cases for further 468

analysis. 469



IV. EVALUATION470

In this section, four experiments are conducted to evaluate471

the effectiveness of EIDETIC. Specifically, our evaluation472

aims at answering the following Research Questions (RQs).473

• RQ1: How is the defect-detecting capability of EIDETIC474

compared to state-of-the-art methods?475

• RQ2: Can EIDETIC detect real error diagnostic defects476

in the latest GCC and Clang?477

• RQ3: How effective is the multi-mutation strategy of478

EIDETIC over single-mutation?479

• RQ4: How effective is the MAB-guided sampling strat-480

egy used by EIDETIC?481

In our experiment, RQ1 and RQ2 are used to evaluate the482

defect-detecting capability of EIDETIC compared to the state-483

of-the-art methods. RQ3 and RQ4 are employed to evaluate484

the multi-mutation strategy and the MAB-guided sampling485

strategy of the code mutation component.486

A. Seed Programs487

To evaluate the effectiveness of EIDETIC, we construct488

a seed pool of C programs using an automated C code489

generator. Common automated C program generators include490

Csmith [29], CSMITHEDGE [30], YARPGen [31], and so491

on. The seed programs are designed to be well-formed and492

compilable, so that subsequent mutation can reliably introduce493

controlled invalidity and exercise deep diagnostic checks. We494

filter out seeds that fail to compile and retain the remaining495

programs as the final seed pool.496

B. Baselines497

We compare EIDETIC against DIPROM [8], CERTest [11],498

AFL++ [15], and HiCOND [20]. They are four state-of-the-499

art methods for diagnostic testing. We reproduce them with500

the source code provided by their works and use their default501

configurations.502

C. Hardware and Compiler503

Our evaluation was conducted on a machine running Ubuntu504

22.04 system, equipped with an Intel Core i7-12700 CPU505

@4.9 GHz. In the experimrnt, we evaluate EIDETIC on506

GCC and Clang, two widely used C compilers studied in507

prior work [20], [32], and we use their recent releases (i.e.,508

GCC 15.1.0 and Clang 22.0.0) because compiler developers509

usually enhance new compiler error diagnostics and prefer510

to fix defects in the recent releases rather than in stable511

versions. Consequently, error diagnostic defects discovered in512

the recent compiler releases have greater value, motivating513

us to investigate whether EIDETIC can detect compiler error514

defects in practice.515

D. Answer to RQ1516

Approach. To evaluate the effectiveness of EIDETIC, we517

compare the error-detecting capability of EIDETIC with the518

four state-of-the-art methods(i.e., CERTest, DIPROM, AFL++,519

HiCOND), since finding more defects within a time period is520

the main objective of these methods. In the experiment, we521

TABLE II
Number of error diagnostic defects detected by five methods

Method GCC Clang Total
New Known New Known

EIDETIC 1 2 1 0 4
CERTest 0 1 0 1 2
DIPROM 0 1 0 0 1
AFL++ 0 2 0 0 2

HiCOND 1 1 0 0 2

set a single testing period of two weeks for each method; that 522

is, every method tests GCC and Clang for two weeks. Since 523

the five methods all conduct the mutation on the existing seed 524

programs, we use the same automated C program generators 525

to generate C++ programs as the seeds for fair comparisons. 526

Besides, the number of generated program variants for each 527

seed in the five methods is identical. 528

Results. As shown in Table II, defects detected in the ex- 529

periment can be classified into new defects (New) and known 530

defects (Known). Defects labeled as Known mean they are 531

duplicate with the defects in the defect repository. It is obvious 532

from Table II that EIDETIC significantly outperforms the 533

other four baselines in terms of the defect-detecting capability. 534

EIDETIC can detect 4 defects in two weeks on the two 535

compilers, of which 2 defects are new and 2 defects are known, 536

while CERTest, DIPROM, AFL++, and HiCOND can only 537

detect 2, 1, 2, and 2 error diagnostic defects, respectively. This 538

outcome fully demonstrates the effectiveness of our method. 539

The reason is that the defects arise from semantic inva- 540

lidity. However, CERTest mainly applies fine-grained local 541

mutations, which readily trigger shallow syntax errors but 542

are less effective at exposing deeper semantic inconsistencies; 543

DIPROM prioritizes keeping test programs compilable and 544

prunes many error-sensitive structures, so few inputs reach er- 545

ror logic; AFL++ is coverage-driven and does not consistently 546

generate diverse error-triggering patterns; HiCOND relies on 547

static heuristics without feedback-based adaptation. 548

EIDETIC effectively addresses the shortcomings inherent in 549

the four methods above. EIDETIC drive compilation beyond 550

early parsing into deeper inspection stages, where error diag- 551

nostic defects are more likely to be exposed. To systematically 552

reach such cases, EIDETIC uses an MAB to select mutators, 553

and leverages a code-embedding–based diversity score as 554

the reward to update the bandit’s state and steer subsequent 555

mutator choices effectively. 556

Conclusion. EIDETIC significantly outperforms CERTest, 557

DIPROM, AFL++, and HiCOND for detecting error diagnostic 558

defects. These results verify the defect-detecting capability of 559

EIDETIC. 560

E. Answer to RQ2 561

Approach. We conduct an experiment over three months 562

from December 2025 to February 2026 to evaluate the defect- 563

detecting capability of EIDETIC in practice. In this experi- 564

ment, we test the latest version of GCC and Clang (i.e., GCC 565



TABLE III
Defects reported by EIDETIC

Number Compiler ID Summary Status

1 Clang 171XXX Dynamic array OOB access fails to trigger a proper error Confirmed
2 Clang 175XXX Make -Werror=<group>override #pragma clang diagnostic ignored Pending
3 Clang 179XXX Nested pointer qualifier mismatch emits warning only Confirmed
4 Clang 180XXX Wrong diagnostic location for duplicate default in switch Confirmed
5 GCC 123XXX printf format type mismatch should be non-suppressible Confirmed
6 GCC 123XXX ASan misses diagnostics at -O1 due to optimization Pending
7 GCC 123XXX C front end accepts invalid pointer-to-integer initialization Confirmed
8 GCC 123XXX Non-standard main signature only warns under -Wall Confirmed
9 GCC 124XXX Misleading locations for repeated undefined label in goto Confirmed
10 GCC 124XXX Missing prior-definition note for duplicate default in switch Pending

There are two types of status feedback from compiler developers on our reports (i.e., Confirmed = defect has been patched or acknowledged,
Pending = report is still under review).

#include <stdio.h>
void f(int x)
{

switch (x)
{

default: break; // Line 3: Valid
case 1: break;
default: break; // Line 5: The actual duplicate

/violation
}

}

Listing 3: A reduced mutant with an illegal duplicate default
label in a switch statement (ID #180XXX)

15.1.0 and Clang 22.0.0), since compiler developers fix defects566

primarily in the recently released version rather than in old567

versions. We submitted all the detected defects to the GCC568

Bugzilla and LLVM’s defect reports website.569

Results. In three months, We ultimately report 10 distinct570

compiler error diagnostic defects after deduplication, including571

4 Clang defects and 6 GCC defects; 7 of the 10 defects have572

already been confirmed. Specifically, we merge reports that573

correspond to the same root cause, as indicated by identical574

failure signatures. Therefore, the reported number reflects the575

count of distinct defects, not the number of executions that576

triggered failures. Among the 10 defects we reported, 5 were577

newly discovered defects—that is, defects that had not been578

reported by anyone before. These defects include acceptance-579

versus-rejection mismatches, constraint/semantic diagnostic580

inconsistencies, and other error-related divergences. Since581

these defects stem from semantically invalid programs, this582

forces the compilation process into deeper inspection stages,583

thereby exposing error diagnostic defects in the compiler.584

As shown in Listing 3, we discovered a new Clang di-585

agnostic defect involving multiple default labels in a single586

switch statement. In the C language, the first default label587

is valid; the program becomes ill-formed only when a later588

default label duplicates it. However, Clang reports the error at589

the first default, blaming a correct construct and misleading590

developers. EIDETIC can detect this previously unnoticed591
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defect because it can generate syntactically well-formed but 592

semantically invalid programs that drive compilers deep into 593

semantic checking, and it applies location-aware differential 594

analysis to flag inconsistencies. This confirmed defect directly 595

supports EIDETIC can uncover new error diagnostic defects. 596

Conclusion. EIDETIC is effective in detecting compiler 597

defects. Within five months, we reported 10 defects, of which 598

7 have been confirmed. 599

F. Answer to RQ3 600

Approach. First, we generate compilable seed programs 601

through an automated C program generator. Subsequently, we 602

generate two mutant sets of equal size using single-mutation 603

and multi-mutation based on the seed programs. We quantify 604

embedding-space diversity with complementary indicators that 605

capture global spread (i.e., mean pairwise cosine distance) 606

and local redundancy (i.e., mean KNN distance and nearest- 607

neighbor distance, nnmin), and we report coverage@τ , defined 608

as the fraction of mutants whose nearest-neighbor distance 609

satisfies nnmin ≥ τ ; this directly captures how often a mutant 610

is not a near-duplicate of any existing sample. 611

Results. As shown in Table IV, multi-mutation improves 612

every diversity indicator: the mean pairwise distance increases 613

from 0.1550 to 0.1633, mean KNN distance from 0.0830 614

to 0.0884, and mean nnmin from 0.0691 to 0.0777, while 615

Coverage@0.10 nearly doubles, indicating that multi-mutation 616

produces substantially more mutants that exceed a minimum 617



TABLE IV
Embedding-space diversity for single- vs. multi-mutation

Group Pairwise KNN NNMin Coverage@0.10
mean dist mean dist dist range mean dist dist range

single 0.1550 0.0830 [0.0796, 0.0866] 0.0691 [0.0661, 0.0722] 0.0850
multi 0.1633 0.0884 [0.0847, 0.0923] 0.0777 [0.0746, 0.0810] 0.1800

0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200
Tau threshold ( ) on nnmin cosine distance
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TABLE V
Effectiveness of mutation scheduling strategies

Strategy mean all mean first50 mean last50

TS 0.6311 0.6173 0.6470
Rand 0.6016 0.6201 0.5974
RF 0.6034 0.6066 0.5988

separation from their closest neighbor. As shown in Fig-618

ure. 2(a) and Figure. 2(b), it is obvious that the multi-mutation619

setting shifts upward, indicating mutants are farther from620

their closest neighbors and thus less locally redundant. This621

supports that multi-mutation explores a broader neighborhood622

in the embedding space than single-mutation. What’s more,623

Figure. 3 plots Coverage@τ as a function of τ . The multi-624

mutation curve stays consistently above the single-mutation625

curve across the entire range, indicating that the advantage of626

multi-mutation is not an artifact of a particular τ value but627

persists under varying minimum-separation requirements.628

This gap is expected because a single-mutation often per-629

turbs a localized construct while preserving most structure630

unchanged, keeping mutants clustered. By composing mul-631

tiple edits, multi-mutation is more likely to cross structural632

boundaries, thereby reducing local redundancy and expanding633

the explored diagnostic neighborhood.634

Conclusion. Multi-mutation broadens embedding-space ex-635

ploration and mitigates redundancy compared with single-636

mutation.637

G. Answer to RQ4 638

Approach. We compare TS against two baselines-random 639

selection (RAND) and random forest (RF) under the same 640

budget and the same reward definition. For each generated 641

mutant, we compute a reward based on our diversity objective 642

(i.e., embedding-space gain relative to the current pool under 643

the same measurement used in RQ3), and we feed this reward 644

back to the policy immediately after evaluation. We report 645

the mean reward over all mutants (mean all). We also com- 646

pare early performance to late performance (mean first50 and 647

mean last50) to test whether a policy improves as feedback 648

accumulates. 649

Results. As shown in Table V, TS achieves the high- 650

est overall reward (mean all=0.6311) compared with Rand 651

(0.6016) and RF (0.6034). More importantly, TS exhibits a 652

clear learning trajectory: its average reward increases from 653

0.6173 (first 50) to 0.6470 (last 50), while both baselines 654

decline over time. 655

This pattern suggests that TS is effectively exploiting feed- 656

back to allocate more trials to higher-yield mutators. However, 657

Rand cannot exploit feedback and thus continues spending 658

the budget on mutators with lower expected reward. Although 659

RF is also learning-based, it is disadvantaged by sparse and 660

noisy online supervision. With limited labels early in the run 661

and coarse features, RF can struggle to model the interaction 662

between mutator and outcome, and frequent refits may be 663

unstable when rewards depend on relative novelty against the 664

evolving mutant pool. In contrast, TS is better matched to this 665

regime: by explicitly modeling uncertainty and sampling from 666

posteriors, it remains robust under limited feedback, contin- 667

ues exploring under-sampled mutators, and steadily exploits 668

mutators that repeatedly deliver higher reward. 669

Conclusion. TS is more effective than both Rand and RF, 670

and the improvement of reward demonstrates that the policy 671

learns to prioritize higher-reward mutators. 672

V. THREATS TO VALIDITY 673

A. Threats to Internal Validity 674

The main threat to the internal validity of our method is 675

whether the observed effects are influenced by inconsistencies 676

in program diversity introduced by different automated C 677

program generators. Different program generators may pro- 678

duce seed programs with systematically different syntactic 679

and semantic characteristics, such as control-flow structure, 680

type usage, diagnostic-triggering constructs, and so on. Such 681

differences can change the reachable diagnostic regions and, 682

consequently, affect both the diversity metrics and the down- 683

stream defect-detecting outcomes. To mitigate this threat, we 684



(i) fix generator configurations and random seeds whenever685

possible, (ii) apply the same seed-generation pipeline across686

compared settings, and (iii) evaluate diversity using multi-687

ple complementary embedding-based metrics (i.e., pairwise,688

KNN distance, nnmin, and Coverage@τ ). Nevertheless, we689

acknowledge that the diversity induced by generator shifts690

could still partially explain performance differences. Broader691

validation across multiple generators and configurations would692

further strengthen causal attribution.693

B. Threats to External Validity694

A key threat to the external validity of EIDETIC is the695

lack of open-source implementations for CERTest [11] and696

DIPROM [8]. Because their code is not publicly available,697

we implemented CERTest and DIPROM by closely following698

the algorithms, workflows, and parameter settings described699

in their papers. However, without reference implementations,700

we cannot guarantee that our re-implementations match the701

original systems’ engineering details or achieve the same702

performance as the authors’ implementations. Therefore, our703

empirical comparisons should be interpreted as comparisons704

against duplication of CERTest and DIPROM, and any per-705

formance gaps may partly reflect this inherent reproducibility706

barrier rather than purely algorithmic differences.707

VI. RELATED WORK708

A. Test Program Generation709

Automated test program generation is a cornerstone of710

compiler testing [33], [34]. A representative generator is711

Csmith [29], which produces large numbers of randomly struc-712

tured C programs while actively avoiding undefined behavior713

(UB) so that the generated programs have valid semantics.714

Building on Csmith, CsmithEdge [30] aims to reduce the715

immunity effect that arises from overly conservative UB-716

avoidance: it relaxes some of Csmith’s generation-time restric-717

tions with controlled probabilities, then uses UB-detection and718

post-processing to keep UB-free programs for miscompilation719

testing while still retaining UB-violating programs for crash or720

hang testing. In parallel, Yarpgen [31] follows a more targeted721

generation logic and constructs expressive, UB-free programs722

with patterns that are effective at stressing optimization-heavy723

compiler paths.724

Many approaches obtain tests by mutating existing in-725

puts [35]. AFL++ [15] is a representative coverage-guided726

fuzzer: it repeatedly mutates seeds, runs the target, and retains727

inputs that increase coverage or trigger new behaviors as future728

seeds, so the search gradually concentrates on previously729

unexplored paths [36]. HiCOND [20] explores diversity from730

another perspective by searching the configuration space of731

generators based on historical defect-triggering data, aiming732

to produce more diverse tests and increase the likelihood of733

triggering compiler defects.734

Recent work also shows growing interest in compiler diag-735

nostics, including warning diagnostics and error diagnostics on736

invalid code [37], [38]. DIPROM [8] uses diagnostic-oriented737

mutators and diversity-driven exploration to generate inputs738

that exercise warning logic more thoroughly than naive muta- 739

tion. CERTest [11] specifically targets error-recovery defects 740

by exploring mutation neighborhoods around seeds to uncover 741

problems in how compilers recover from errors and how 742

they attribute diagnostics. Our method follows this intuition 743

by applying diagnostic-oriented mutators to generate a large 744

number of variants that trigger diverse error diagnostics. 745

B. Differential Testing 746

Differential testing addresses the oracle problem by compar- 747

ing outputs across multiple comparable executions, flagging 748

inconsistencies as potential defects [1], [39]. In compiler 749

testing, common strategies include cross-compiler testing, 750

cross-optimization testing, and cross-version testing [40]–[42]. 751

These strategies have been repeatedly validated in practice and 752

have uncovered large numbers of long-standing defects [8], 753

[43]. Differential testing also appears in Equivalence Modulo 754

Input (EMI) style workflows, where semantics-preserving vari- 755

ants are generated and then compared to detect deviations [44], 756

[45]. 757

Beyond classical miscompilation or crash detection, recent 758

work increasingly applies differential thinking to front-end 759

behavior, such as warning diagnostics and error diagnostics: 760

instead of comparing only runtime results, systems may com- 761

pare diagnostic content, locations, or structured diagnostic sig- 762

natures [46]. This is particularly important for error diagnostic 763

testing, where the objective is not merely to detect failure, 764

but to uncover erroneous errors, spurious errors, and missing 765

errors in compiler diagnostics across compilers, optimization 766

settings, or versions [11], [42]. 767

VII. CONCLUSIONS AND FUTURE WORK 768

In this paper, we present EIDETIC, an effective frame- 769

work for detecting error diagnostic defects in C compilers 770

by mutating valid seeds into semantically invalid programs, 771

then performing location-aware and category-aware differen- 772

tial diagnosis across compilers. EIDETIC combines (i) seman- 773

tic mutators that target deeper constraint violations beyond 774

surface syntax, (ii) an adaptive mutation scheduler that uses 775

code embeddings and a MAB (Thompson Sampling) to re- 776

duce redundant exploration, and (iii) a hierarchical differential 777

strategy to normalize and compare diagnostics robustly. In 778

evaluation on GCC and Clang, EIDETIC outperforms four 779

baselines (CERTest, DIPROM, AFL++, HiCOND) and reports 780

10 distinct error diagnostic defects in recent releases, with 7 781

confirmed by developers. 782

In future work, we plan to evaluate EIDETIC on more 783

compiler versions, additional toolchains, and more language 784

modes, so that the conclusions generalize beyond our current 785

GCC and Clang settings. We will also refine our mutators and 786

scheduling strategy to generate a wider range of controlled 787

invalid programs while keeping the search efficient, so that 788

EIDETIC can exercise deeper corner cases without being 789

dominated by redundant mutants. 790
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