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1.INTRODUCTION 

1.1 The Challenge of System Failures 

In the contemporary landscape of computing, the reliability and availability of 

software systems are of paramount importance. From cloud infrastructure and 

financial trading platforms to autonomous vehicular networks and healthcare life-

support systems, uninterrupted operation is a critical requirement. However, despite 

rigorous software engineering practices, exhaustive testing protocols, and continuous 

integration pipelines, software defects inevitably escape into production 

environments. When these latent defects are triggered by specific, often highly 

improbable combinations of input data and execution states, they culminate in system 

failures or crashes. The immediate consequence of such a failure is an abrupt 

cessation of service, which can lead to significant data loss, degraded user experience, 

and substantial financial repercussions. To mitigate the impact of these outages, rapid 

diagnosis and remediation are essential. The diagnostic process traditionally begins 
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with an examination of the artifacts produced during the crash, the most vital of which 

is the memory dump or core dump. A memory dump represents a comprehensive, bit-

for-bit snapshot of the volatile memory allocated to the faulting process, or in the case 

of a kernel panic, the entire physical memory of the machine. This artifact contains 

the execution context, including the processor registers, the call stack, dynamically 

allocated heap memory, and loaded shared libraries. Related work has addressed on 

the role of discount factor in offline reinforcement learning [1]. Despite the wealth of 

information contained within a memory dump, extracting actionable insights remains 

a formidable challenge. The sheer volume of data, often spanning gigabytes or even 

terabytes in enterprise environments, renders manual inspection practically 

impossible. Furthermore, the semantic gap between the binary representation of 

memory and the high-level source code constructs requires analysts to possess deep 

architectural knowledge and proficiency with complex debugging tools. 

Consequently, the resolution of critical system failures is frequently bottlenecked by 

the availability of highly skilled engineers who must painstakingly reconstruct the 

sequence of events leading to the crash. This reliance on human expertise not only 

prolongs system downtime but also introduces variability and human error into the 

root-cause analysis process. As systems continue to scale in both size and complexity, 

the traditional manual approach to memory dump analysis is rapidly becoming 

unsustainable, necessitating a paradigm shift towards intelligent, automated diagnostic 

methodologies. Sang examines adaptive quantization strategies for robust ML 

inference under distribution shift [2]. 

1.2 The Role of Automated Root-Cause Analysis 

Automated root-cause analysis has emerged as a crucial area of research aimed at 

accelerating the resolution of software defects. The primary objective of automated 

root-cause analysis is to algorithmically identify the underlying bug or configuration 

error responsible for a given failure, minimizing the need for manual intervention. In 

the context of memory dump analysis, this involves parsing the raw binary data, 

reconstructing the execution context, and identifying anomalous states that correlate 

with known fault patterns. Early attempts at automating this process largely relied on 

simplistic heuristics and rule-based systems. For example, a common approach was to 

extract the call stack of the faulting thread and generate a cryptographic hash of the 

function names. This stack hash could then be compared against a database of known 

crashes to identify duplicate issues. While this method proved effective for basic bug 

triaging and deduplication, it is fundamentally limited in its diagnostic capabilities. 

Related work has addressed in context Semi-Supervised learning [3]. The primary 

limitation of stack hashing is its inability to capture the broader context of a failure. A 

crash may manifest in a deeply nested library function, such as a memory allocation 

routine, while the actual root cause resides in a completely different component that 

corrupted the heap metadata long before the crash occurred. In such scenarios, the 

stack trace merely reflects the symptom, not the disease. To overcome these 

limitations, modern automated root-cause analysis requires a more holistic approach 

that integrates information from multiple dimensions of the memory state. This 

includes analyzing the contents of the heap to detect memory corruption, examining 

the processor registers to identify invalid pointers or arithmetic anomalies, and 

correlating these findings with the execution flow represented by the stack trace. By 

synthesizing these disparate pieces of information into a unified memory-dump 

signature, it becomes possible to capture the unique forensic footprint of a specific 

root cause. The literature also considers modality asymmetries and circuit dynamics in 

modern transformers [4]. 
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1.3 Contributions of This Research 

This paper introduces a comprehensive framework for the automated generation and 

ranking of root causes based on multidimensional memory-dump signatures. The core 

premise of this research is that a sophisticated representation of the crash state, 

encompassing not only the execution path but also the underlying data structures, 

provides a significantly more accurate basis for fault diagnosis. The proposed 

methodology begins with the structural parsing of raw memory dumps, utilizing 

advanced unwinding techniques to reconstruct the call stack even in the presence of 

memory corruption or missing debug symbols. Subsequently, the framework extracts 

an extensive set of features from the stack, heap, and registers, encoding them into a 

highly structured signature vector. For a broader comparison, related research 

addresses evidence froma52-country panel analysis [5]. The most significant 

contribution of this work lies in the development of an automated ranking mechanism 

that evaluates these signatures against a repository of historical fault data. Instead of 

merely identifying exact matches, the ranking algorithm employs advanced similarity 

metrics and probabilistic models to calculate the likelihood of various potential root 

causes. This approach is particularly valuable in environments where novel failures 

occur, as it can highlight structural similarities to previously resolved issues, thereby 

guiding developers toward the most promising avenues of investigation. Through 

rigorous empirical evaluation across diverse fault categories, including memory safety 

violations, concurrency issues, and logical errors, this paper demonstrates that the 

proposed signature-based ranking methodology significantly outperforms traditional 

diagnostic techniques. The findings presented herein contribute to the broader effort 

to build more resilient computing infrastructure by significantly reducing the mean 

time to resolution for critical software failures. Related work has addressed adaptive 

range guided multi-view depth estimation with normal ranking loss [6]. 

2. Background and Literature Review 

2.1 Evolution of System Failure Diagnosis 

The discipline of system failure diagnosis has undergone a significant evolution over 

the past several decades, driven by the escalating complexity of software architectures 

and the increasing demand for high availability. Dapper provides distributed request 

tracing, a complementary evidence source when a failure spans several services rather 

than a single process image [7]. In the early days of computing, diagnostic efforts 

were largely manual and ad hoc. Developers relied heavily on localized debugging 

techniques, such as inserting print statements into the source code or meticulously 

stepping through the execution flow using a debugger attached to a live process. 

These techniques, while effective for isolating straightforward logical errors in 

monolithic applications, rapidly became inadequate as systems grew more 

sophisticated. The advent of concurrent programming, distributed computing, and 

complex operating system kernels introduced entirely new classes of software defects, 

such as race conditions, deadlocks, and use-after-free vulnerabilities. These defects 

are notoriously difficult to reproduce in a controlled environment, rendering live 

debugging approaches highly ineffective. Another relevant line of investigation 

concerns brain-inspired computing accelerated by memristor technology [8]. To 

address the challenge of non-deterministic and transient failures, the industry shifted 

toward post-mortem analysis. When a critical failure occurs, the operating system 

intervenes and generates a core dump, preserving the exact state of the faulting 

process at the moment of termination. The analysis of these core dumps became a 
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specialized discipline, requiring proficiency with powerful debugging frameworks. 

Analysts would examine the call stack to identify the faulting instruction, inspect the 

contents of registers and memory addresses, and traverse complex data structures to 

reconstruct the chain of events. Despite the availability of post-mortem artifacts, the 

diagnostic process remained heavily dependent on human intuition and experience. 

The analyst had to manually synthesize disparate pieces of information, formulate 

hypotheses about the root cause, and verify these hypotheses against the source code. 

This iterative and time-consuming process highlighted the pressing need for 

automated tools capable of accelerating the forensic analysis of system crashes. The 

literature also considers stochastic failure analysis of reinforced thermoplastic pipes 

under axial loading and internal pressure [9]. 

2.2 Memory Dump Analysis Techniques 

The development of automated memory dump analysis techniques has been a vibrant 

area of research, with numerous approaches proposed to extract meaningful patterns 

from raw binary data. Sentence-BERT provides a sentence-embedding approach for 

comparing the semantic content of textual records [10]. One of the foundational 

concepts in this domain is crash bucketing or deduplication. Large-scale software 

vendors and cloud service providers receive thousands of crash reports daily from 

their user base. To manage this massive influx of data, automated systems are 

employed to group similar crashes together into buckets. The underlying assumption 

is that crashes belonging to the same bucket share a common root cause and can 

therefore be resolved with a single patch. The most prevalent technique for crash 

bucketing is based on stack trace similarity. By extracting the sequence of function 

calls leading up to the crash and computing a hash of this sequence, crashes with 

identical or highly similar execution paths can be clustered together. Another relevant 

line of investigation concerns aI-Augmented automated triage for system error 

reporting using log and memory dump analysis [11]. While stack trace hashing has 

proven invaluable for managing the volume of crash reports, researchers have 

consistently pointed out its limitations in pinpointing the actual root cause. A 

significant body of literature has documented the phenomenon of symptom distance, 

wherein the point of failure observed in the stack trace is temporally and spatially 

distant from the original defect. For instance, a buffer overflow may corrupt adjacent 

memory regions without immediately triggering a crash. The system may continue to 

execute normally until a completely unrelated component attempts to access the 

corrupted data, resulting in a segmentation fault. In such cases, the stack trace points 

to the innocent component, actively misleading the debugging effort. To address this 

limitation, researchers have explored more advanced memory analysis techniques. 

Heap analysis tools attempt to reconstruct the state of dynamic memory allocation, 

identifying anomalies such as corrupted chunk headers, memory leaks, and 

overlapping allocations. Similarly, data-flow tracking techniques seek to trace the 

propagation of tainted or invalid data through the system registers and memory space. 

While these advanced techniques provide a deeper understanding of the crash state, 

they are often computationally expensive and difficult to integrate into a unified, 

automated diagnostic pipeline. Xiaoteng Ma examines offline reinforcement learning 

with value-based episodic memory [12]. Counterfactual audit and repair for multi-

signal LiDAR segmentation [13] suggests a diagnostic robustness check: perturb one 

evidence component and inspect whether the proposed root cause changes for an 

intelligible reason. 

2.3 Limitations of Current Automated Approaches 

Despite the advancements in memory dump analysis, existing automated root-cause 
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diagnosis systems exhibit several critical limitations that hinder their effectiveness in 

production environments. First, many proposed solutions focus narrowly on specific 

classes of defects, such as memory corruption vulnerabilities or concurrency bugs. 

While these targeted approaches can be highly effective within their intended scope, 

they lack the generality required to handle the diverse array of failures encountered in 

real-world systems. A comprehensive diagnostic framework must be capable of 

identifying and ranking root causes across a wide spectrum of fault categories, from 

subtle logical errors to complex hardware-software interactions. Second, numerous 

existing techniques rely heavily on the availability of precise debugging information, 

such as symbol tables and source code mappings. In many commercial and production 

environments, binaries are heavily optimized and stripped of debug symbols to reduce 

their footprint and protect intellectual property. Consequently, automated analysis 

tools that depend on rich symbol information often fail when applied to real-world 

crash dumps. The literature also considers learning to substitute words with model-

based score ranking [14]. Uncertainty-guided cross-head co-training in semantic 

segmentation [15] offers a related approach to learning with limited labels, but 

transferring it to failure signatures would require independently verified fault labels. 

Furthermore, a significant limitation of current approaches is the lack of a robust, 

holistic representation of the crash state. Most systems treat different aspects of the 

memory dump in isolation. For example, an automated tool might analyze the stack 

trace independently of the heap state, or focus solely on register anomalies without 

considering the broader execution context. This fragmented approach fails to capture 

the complex interdependencies that characterize many system failures. A subtle defect 

might only be identifiable by correlating a specific sequence of function calls on the 

stack with a particular pattern of memory allocation on the heap and a specific register 

value at the time of the crash. The absence of a unified framework capable of 

synthesizing these multidimensional features into a cohesive signature represents a 

major barrier to the advancement of automated root-cause ranking. The research 

presented in this paper specifically addresses these limitations by introducing a novel 

signature generation methodology that intrinsically links execution flow with memory 

state, providing a robust foundation for automated diagnosis even in the absence of 

complete debug information. An explanation of a high ranking is insufficient if it 

cannot identify the underlying evidence. The claims-audit framework [16] illustrates 

evidence-linked triage; memory-dump analysis can apply that principle by preserving 

the signature locations that influenced each candidate cause. The uncertainty-aware 

cross-modal fusion studied in CRUISE [17] provides a methodological comparison 

for combining heterogeneous evidence without assuming that every channel is equally 

informative. 

3. Methodology for Signature Extraction and Ranking 

3.1 Structural Parsing of Core Dumps 

The foundational step in the proposed methodology involves the systematic and 

structural parsing of the raw memory dump. A core dump is fundamentally an 

unstructured binary file containing the memory segments of the process at the time of 

the crash, alongside metadata provided by the operating system kernel. The first 

objective is to impose structure upon this raw data, transforming it into an 

intermediate representation suitable for automated feature extraction. This process 

begins with the interpretation of the executable and linkable format headers embedded 

within the core file. These headers describe the layout of the virtual address space, 

identifying the start and end addresses of various memory segments, such as the 

executable text segment, the initialized data segment, the uninitialized data segment, 
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and the dynamic heap and stack regions. Accurately mapping these segments is 

critical, as it allows the analysis framework to distinguish between executable code, 

static variables, and dynamically allocated memory. For a broader comparison, related 

research addresses optimizing hybrid RIS-Aided ISAC systems in V2X networks: A 

deep reinforcement learning method for Anti-Eavesdropping techniques [18]. Once 

the memory landscape has been mapped, the next crucial step is stack unwinding. The 

call stack represents the historical sequence of function invocations that led to the 

current execution state. Unwinding the stack involves traversing the linked list of 

stack frames, utilizing information stored in the processor registers, specifically the 

stack pointer and the base pointer. For each frame, the framework identifies the return 

address, which corresponds to the instruction pointer in the calling function. In 

scenarios where binaries are compiled without frame pointers as an optimization 

strategy, the framework relies on specialized unwinding tables, such as the call frame 

information sections mandated by modern application binary interfaces. The stack 

unwinding process must be highly resilient, as the stack itself is frequently a victim of 

memory corruption during a crash. The proposed parsing module incorporates 

heuristic checks to detect corrupted stack frames and attempts to recover the 

execution flow by scanning the surrounding memory for valid return addresses. 

Concurrently, the parsing engine cross-references the identified memory addresses 

with available symbol tables, resolving raw memory addresses into human-readable 

function names and offset values, thereby bridging the semantic gap between the 

binary data and the structural architecture of the software. For a broader comparison, 

related research addresses adaptive weakly supervised Cross-Modal reliability 

learning for resource-constrained proxy-state recognition [19]. 

 
Figure 1: Architecture of the Automated Signature Extraction and Root 

3.2 Signature Generation Framework 

With the core dump structurally parsed and the execution context recovered, the 

methodology proceeds to the generation of the multidimensional memory-dump 

signature. The signature is conceptualized as a highly structured, fixed-length feature 

vector that encapsulates the forensic essence of the crash. The signature generation 

framework is divided into three primary feature extraction pipelines, each targeting a 

distinct aspect of the system state: stack features, heap features, and register features. 

The stack feature extraction pipeline focuses on the execution path. Instead of merely 
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recording the sequence of function names, this module extracts structural properties of 

the stack. This includes the depth of the call stack, which can indicate infinite 

recursion or stack exhaustion. It also captures the frequency and distribution of 

specific library calls, categorizing functions based on their domain, such as input-

output operations, network communication, or memory management. Furthermore, 

the module calculates the relative offsets within the faulting function, providing fine-

grained localization of the crash point. For a broader comparison, related research 

addresses neural modeling pipeline on multi-view human-object interactions [20]. The 

heap feature extraction pipeline is designed to identify anomalies within the dynamic 

memory allocator. The framework traverses the heap structures, parsing the metadata 

associated with allocated and free memory chunks. It extracts statistical features, such 

as the total volume of allocated memory, the fragmentation ratio, and the distribution 

of chunk sizes. More importantly, the module performs rigorous integrity checks on 

the heap metadata, detecting common corruption patterns such as overwritten 

boundary tags, corrupted free list pointers, and overlapping allocations. These 

structural anomalies are encoded as boolean flags or categorical variables within the 

signature vector. Finally, the register feature extraction pipeline analyzes the state of 

the processor registers at the exact moment of the crash. This involves examining the 

instruction pointer, stack pointer, and general-purpose registers for anomalous values. 

The framework checks for null pointers, misaligned memory addresses, and values 

that fall outside the mapped virtual address space. By synthesizing the structural data 

from the stack, the integrity metrics from the heap, and the anomaly indicators from 

the registers, the framework constructs a comprehensive and robust signature that 

provides a holistic representation of the failure state. The semantic-deviation paper 

models a document relative to historical structure [21]. A similar representation 

choice arises in dump signatures: a rare memory pattern should be compared with the 

correct software version before its rarity contributes to a root-cause score. 
Table 1: Feature Categories Extracted for Memory-Dump Signatures 

Feature Category Description Data Type Extracted 

Attributes 

Stack Execution Sequential function 

calls and offsets 

Categorical Depth, Library 

Domains, Recursion 

Flags 

Heap Integrity Memory allocation 

metadata state 

Numerical / Boolean Fragmentation Ratio, 

Corruption Flags, 

Chunk Distribution 

Register State Processor register 

values at crash 

Categorical Null Pointers, 

Alignment Errors, 

Boundary Violations 

Concurrency Context Thread state and 

locking mechanisms 

Boolean Deadlock Indicators, 

Thread Count, Wait 

States 

3.3 Automated Ranking Mechanism 

The final component of the methodology is the automated ranking mechanism, which 

evaluates the generated memory-dump signature against a repository of historical 

fault data to predict and rank the most probable root causes. This process frames root-

cause diagnosis as a specialized information retrieval and ranking problem. Given a 

newly generated query signature representing an unresolved crash, the objective is to 

retrieve the most relevant historical signatures and rank their associated root causes 
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based on their diagnostic likelihood. To achieve this, the framework employs an 

advanced similarity computation engine. Because the signature vector comprises a 

heterogeneous mix of categorical, numerical, and boolean features, a simple distance 

metric is insufficient. Deep learning from electronic health records offers a concrete 

heterogeneous-data application in which coding practices and observation frequency 

can affect the learned prediction [22]. Instead, the framework utilizes a composite 

similarity function. For numerical features, such as heap fragmentation ratios, 

continuous distance metrics are applied. For categorical features, particularly the 

sequence of function calls in the stack trace, the framework employs sequence 

alignment algorithms adapted from bioinformatics, which are capable of detecting 

similarities even when intermediate function calls differ due to varying execution 

paths or optimization levels. Related work has addressed multi-Objective perspective 

on robust ranking and selection [23]. The core of the ranking mechanism relies on a 

probabilistic ranking model trained on historical failure data. This model evaluates the 

composite similarity scores and assigns a probability value to each potential root 

cause. The model is designed to recognize that certain features possess higher 

diagnostic weight than others depending on the context. For instance, if the heap 

feature pipeline detects severe metadata corruption, the model automatically assigns 

higher relevance to historical root causes associated with buffer overflows or use-

after-free vulnerabilities, even if the stack trace similarity is relatively low. 

Conversely, if the heap is pristine but the stack indicates a deep recursion within a 

specific module, the model prioritizes logical errors within that domain. The output of 

the ranking mechanism is an ordered list of potential root causes, presented to the 

analyst along with confidence scores and the specific features that contributed most 

heavily to the ranking decision. This explainable ranking approach not only 

accelerates the diagnostic process by pointing developers in the right direction but 

also builds trust in the automated system by providing transparent and interpretable 

reasoning for its predictions. Gao and colleagues examine advancing constrained 

ranking and selection with regression in partitioned domains [24]. Hyperdimensional 

multimodal uncertainty fusion [25] suggests retaining confidence for individual 

evidence channels before aggregating them into a root-cause score. 

4. Experimental Evaluation and Results 

4.1 Experimental Setup and Datasets 

To rigorously evaluate the efficacy of the proposed memory-dump signature and 

automated ranking framework, a comprehensive experimental testbed was 

constructed. The primary objective of the evaluation was to determine the 

framework's ability to accurately rank the true root cause of a failure among a set of 

potential candidates, comparing its performance against traditional diagnostic 

baselines. The experimental setup involved a heterogeneous computing environment, 

utilizing virtualization to simulate diverse deployment scenarios. The operating 

systems included various distributions of Linux, representing the standard server 

environment, to capture a wide array of kernel configurations and user-space libraries. 

The evaluation dataset was meticulously curated to include both artificially injected 

faults and naturally occurring bugs extracted from real-world open-source projects. 

The dataset was stratified into three primary categories: memory safety violations, 

concurrency defects, and logical assertion failures. The literature also considers 

geometry-enhanced attentive multi-view stereo for challenging matching scenarios 

[26]. The fault injection process utilized a specialized framework designed to 

introduce precise mutations into the source code of target applications. These 

mutations included nullifying pointers, introducing off-by-one errors in array 
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iterations, removing synchronization primitives to induce race conditions, and forcing 

premature memory deallocations. The target applications were selected based on their 

widespread adoption and architectural complexity, including highly concurrent web 

servers, in-memory key-value stores, and relational database engines. Upon 

execution, the injected faults eventually triggered system crashes, resulting in the 

generation of core dumps. These core dumps were collected, cataloged, and paired 

with their known ground-truth root causes. To provide a robust baseline for 

comparison, the evaluation also implemented a traditional stack-hashing mechanism, 

which relies solely on the sequence of function names in the faulting thread's call 

stack to cluster and identify crashes. Fault labels in Lin's traffic application are 

inferred from structured temporal observations [27]. Root-cause ranking from 

memory signatures could adopt that evaluation logic by grouping related events 

before scoring a diagnosis, with separate tests for sequence leakage and unseen failure 

types. 
Table 2: Composition of the Experimental Failure Dataset 

Fault Category Injected Faults Natural Bugs Total Memory 

Dumps 

Memory Safety 150 45 195 

Concurrency 85 30 115 

Logical Errors 120 50 170 

Total Dataset 355 125 480 

4.2 Performance Evaluation 

The performance of the automated ranking framework was evaluated using standard 

metrics from the field of information retrieval. The primary metrics employed were 

Top-1 Accuracy, Top-3 Accuracy, and Mean Reciprocal Rank. Top-1 Accuracy 

measures the percentage of cases where the true root cause was ranked as the absolute 

highest probability by the system. Top-3 Accuracy measures the percentage of cases 

where the true root cause appeared within the top three ranked suggestions, providing 

a measure of the system's utility in narrowing down the search space for developers. 

Mean Reciprocal Rank calculates the average of the reciprocal ranks of the correct 

root causes across all queries, offering a comprehensive assessment of the overall 

ranking quality. Li and colleagues examine asymptotic optimality of myopic ranking 

and selection procedures [28]. The experimental results demonstrated a significant 

performance advantage for the proposed multidimensional signature framework 

compared to the traditional stack-hashing baseline. Across the entire dataset, the 

signature-based approach achieved a highly competitive Top-1 Accuracy, indicating 

its robust ability to pinpoint the exact nature of the failure. The performance 

improvement was particularly pronounced in the category of memory safety 

violations. Traditional stack hashing frequently struggles with these types of defects 

due to the phenomenon of symptom distance, where the crash manifests during an 

innocuous operation entirely unrelated to the original memory corruption. Because the 

proposed framework incorporates heap integrity metrics and register anomaly 

detection into its signature, it successfully correlated the delayed crashes with their 

underlying memory corruption root causes, resulting in a dramatic increase in 

diagnostic precision. The disclosure study makes anomaly contributions inspectable 

[21]. Evaluation of dump ranking could likewise distinguish a correct top-ranked 

cause from an informative explanation, since a coincidental signature match may rank 

well while directing an engineer to the wrong evidence. 
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Figure 2:Comparative Performance Analysis of Root 

Table 3: Root-Cause Ranking Accuracy Comparison 

Diagnostic Method Top-1 Accuracy Top-3 Accuracy Mean Reciprocal 

Rank 

Traditional Stack 

Hashing 

42.5% 61.2% 0.54 

Basic Heap Analysis 38.1% 55.4% 0.49 

Multidimensional 

Signature 

78.4% 92.1% 0.85 

Signature (Without 

Heap) 

59.3% 76.8% 0.68 

4.3 Discussion of Results 

The empirical results strongly validate the hypothesis that a holistic representation of 

the memory state is essential for automated root-cause ranking. The ablation study, 

which selectively disabled specific feature extraction pipelines, provided deep insights 

into the relative importance of different signature components. As shown in the 

performance tables, disabling the heap analysis module resulted in a severe 

degradation of accuracy, particularly for memory-related defects. This confirms that 

stack traces alone provide an incomplete and often misleading picture of the crash 

state. By incorporating structural heap metadata, the system gains the ability to detect 

latent corruption that silently undermines system stability before ultimately 

precipitating a crash. Related work has addressed frequency spectral prior guided 

graph learning for degradation decoupling in reliable battery SOH estimation [29]. 
Table 4:Ablation Study on Signature Feature Importance 

Feature 

Configuration 

Memory Safety 

Accuracy 

Concurrency 

Accuracy 

Logical Error 

Accuracy 

Full Signature 

Vector 

81.2% 71.4% 85.3% 

Stack Features Only 35.6% 68.2% 82.1% 

Heap Features Only 65.8% 22.5% 15.4% 

Register Features 

Only 

41.2% 30.1% 28.7% 
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Furthermore, the results highlight the effectiveness of the probabilistic ranking model. 

In scenarios involving highly complex concurrency bugs, such as race conditions that 

manifest with slightly different stack traces upon each occurrence, the strict sequence 

matching of traditional methods failed entirely. The proposed framework, however, 

leverages sequence alignment algorithms and contextual features, allowing it to 

recognize the structural similarities between different manifestations of the same 

concurrency defect. Although Top-1 Accuracy for concurrency issues was lower than 

for logical errors, the Top-3 Accuracy remained remarkably high. This indicates that 

while the system may occasionally struggle to definitively isolate the single most 

probable root cause in highly non-deterministic scenarios, it consistently succeeds in 

bounding the problem, providing developers with a highly restricted and relevant set 

of hypotheses to investigate. The overall consequence is a profound reduction in 

manual diagnostic effort and a corresponding decrease in system downtime. Related 

work has addressed battery SOH prediction under different conditions via MBLSTM 

and iTransformer with anomaly detection and explainability [30]. 

5. Conclusion and Future Directions 

5.1 Summary of Contributions 

This paper has presented a comprehensive and highly effective methodology for the 

automated ranking of root causes in system failures through the use of 

multidimensional memory-dump signatures. Recognizing the severe limitations of 

traditional manual debugging and simplistic stack-hashing techniques, this research 

proposed a paradigm shift toward holistic memory state analysis. By systematically 

parsing core dumps to reconstruct the execution context and subsequently extracting a 

diverse array of structural, statistical, and integrity-based features from the stack, 

heap, and processor registers, the framework generates a robust forensic signature. 

This signature captures the complex interdependencies and subtle anomalies that 

characterize modern software defects. The literature also considers nonconvex and 

adaptive Multi-Label learning for highly incomplete labels [31]. The integration of 

these signatures with a probabilistic ranking algorithm represents a significant 

advancement in automated diagnostics. Rather than relying on exact matches, the 

system intelligently evaluates similarities across multiple dimensions, allowing it to 

accurately rank root causes even in the presence of symptom distance and non-

deterministic execution paths. Extensive empirical evaluation on a diverse dataset of 

injected and natural faults demonstrated that the proposed framework substantially 

outperforms conventional methods, particularly in diagnosing complex memory 

safety violations. By providing developers with highly accurate and explainable root-

cause rankings, this automated system directly addresses the critical bottleneck of 

human expertise in failure resolution, enabling faster recovery times and contributing 

to the overall resilience of complex computing infrastructures. For a broader 

comparison, related research addresses unified long video inpainting and outpainting 

via overlapping High-Order Co-Denoising [32]. 

5.2 Open Challenges and Future Work 

While the proposed framework demonstrates significant diagnostic capabilities, 

several open challenges remain, paving the way for future research directions. One 

primary limitation is the substantial computational overhead and storage requirements 

associated with processing massive core dumps, particularly in enterprise 

environments where memory footprints can exceed hundreds of gigabytes. Future 

work must investigate optimized techniques for partial dump generation and selective 

feature extraction, aiming to capture the essential diagnostic information while 

minimizing resource consumption. Additionally, the increasing prevalence of 
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memory-safe languages and advanced hardware mitigation technologies, such as 

memory tagging extensions, will fundamentally alter the landscape of software 

failures. The signature generation framework must evolve to incorporate telemetry 

and context provided by these modern architectural features. Huang et al. retain 

human review after automated prioritization [16]. A practical extension of root-cause 

ranking would likewise record whether an engineer accepted, rejected or revised the 

proposed cause, allowing future evaluation to distinguish analyst utility from ranking 

accuracy alone. Furthermore, applying this methodology to highly distributed, 

microservice-based architectures presents a formidable challenge. In such 

environments, a failure in one service is often the cascading result of a subtle error in 

an entirely different distributed component. Future research should explore the 

correlation of memory-dump signatures across multiple interconnected nodes, 

integrating distributed tracing data to construct a global failure context. Object-centric 

industrial video anomaly detection [33] offers a prospective additional evidence 

stream for incident diagnosis, while visual anomalies and memory-dump signatures 

must retain separate provenance. Lastly, investigating the integration of advanced 

machine learning models, such as graph neural networks, to directly process the 

structural representation of the memory state, rather than relying on engineered 

feature vectors, represents a promising frontier for further improving the accuracy and 

generalization of automated root-cause analysis systems. The literature also considers 

numerical modeling and failure analysis of caisson foundations subjected to the 

monotonic lateral loads [34]. 
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