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Abstract: Correlated kernel panics are a common distributed system reliability issue because modern AI systems 

involve billions of logical processing cores on a variety of NVIDIA, TPU, AMD, and specialized accelerator platforms. 

This study examined Cluster Crash Diagnosis (CCD) as an architecture that uses Linux kdump technology and 

transforms it into a scalable, secure fleet telemetry system. The study involved two production validations, using an 

8,000-node NVIDIA H100 cluster and a 512-node TPU v5e pod, respectively. CCD introduced 2 GB of crashkernel 

reservation, vendor sidecars, local persistence of vmcore, LZO compression, 50 Mbps transport control, exponential 

backoff, hashing stack with a hash function that uses SHA256, normalized Levenshtein clustering at a threshold of τ = 

0.85, vendor-neutral classification, and topology-aware analytics. In the H100 case, the crash rate went up from 0.5 

crashes/day to 15 crashes/day after a patch to the operating system; CCD reduced diagnosis time from 6 hours to 8 

minutes, a 45× faster turnaround. In the TPU case, all crashes observed were associated with the same failing top-of-

rack optical switch. Overall, CCD lowered the MTTD by 70-85% while improving multi-tenant security. These results 

demonstrate how coordinated capture, transport, deduplication, correlation, and access controls can help enhance 

resilience in exascale AI operations. Future work should extend predictive topology correlation and cross-vendor 

validation. 

Keywords: Cluster Crash Diagnosis (CCD), Heterogeneous Accelerator Systems, Linux Kdump, Distributed Crash 

Diagnosis, Kernel Panic Deduplication, Exascale AI Clusters 

 

1. Introduction  

Artificial Intelligence infrastructure has gone from 

being a computing platform designed for experimentation 

to exascale computing infrastructure that can coordinate 

billions of logical processing cores across ~10,000 to 

~24,000 nodes. Heterogeneous nodes, consisting of 

NVIDIA H100 GPUs, Google TPUs, AMD MI300 

accelerators and tensor engines, work together via 

NVLink, InfiniBand and RoCEv2 fabrics in large language 

model training. At this scale, kernel panics are not 

uncommon in operations. The propagation of memory 

corruption, PCIe faults, failures in the accelerator drivers, 

and interconnect degradation can trigger simultaneous 

impact to multiple nodes via multiple fabrics. The way to 

store the kernel state as a vmcore is still Linux kdump, 

which is the kexec boot of a capture kernel. It is important 

to note, however, that when 500 such nodes panic at once 

and try to upload 500+ vmcore files of several gigabytes, 

the common storage backend can be overloaded, 

producing lots of diagnostic traffic competing with the 

remaining workload. 

The biggest challenge is the gap between node-local 

crash diagnostics and cluster-scale heterogeneous AI 

appliances. The idea for conventional kdump was to 

focus on the failure of a single server, not a coordinated 

failure of several accelerators. It can take another 4–8 

hours to diagnose using manual SSH, serial console, 

dmesg, and ad-hoc log analysis. The simultaneous 

vmcore transport can cause a self-inflicted storage or 

fabric denial-of-service (DoS) condition. Furthermore, 

accelerator vendors publish incompatible telemetry, and 

GPU/TPU registers use themselves up after reboots. Any 

duplicate occurrences of the same defect are incidented 

separately, and sensitive multi-tenant memory is 

exposed in raw vmcores in existing workflows. The 

study thus focuses on the challenge of turning local 
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crash capture into distributed, scalable, and secure fleet 

telemetry. 

The study had four goals that address: identifying 

conventional kdump limitations in 10,000+ node 

heterogeneous clusters. To see Cluster Crash Diagnosis for 

looking at synchronicity of panic capture and decoupling 

of it from asynchronicity of backpressure-aware transport. 

To evaluate the different methods for fleet-level 

deduplication: SHA256 stack hashing, normalized 

Levenshtein similarity, and vendor-agnostic telemetry 

normalization. To assess the production cases to be 

implemented by NVIDIA H100 and TPU v5e, leveraging 

MTTD, crash grouping, topology correlation, and 

operational resilience in CCD. 

The study included Linux kernel panics, kdump, and 

hardware and software failures when using accelerators, 

product cases with NVIDIA H100 and TPU v5e, as well as 

AMD MI300X and Cerebras CS-3, as architectural 

contexts. It also analyzed crash kernel reservation, VM 

core compression & transport, deduplication, fleet 

analytics, vendor-neutral JSON normalization, Zero-Trust 

crash-dump security, multi-tenant isolation, and exascale 

diagnosis. There was no crash dataset found in a raw 

public format, as the source is a case-study observation 

dataset rather than an event-level downloadable dataset. 

This study is structured in various chapters. Chapter 2 

discusses how kernel panics are handled, kdump, 

heterogeneous accelerators, and failure probability. The 

data sources, case-selection technique, equations, and 

analytical procedures are described in Chapter 3. 

Chapter 4 features CCD’s distributed architecture, 

hardware abstraction, fleet analytics, transport controls, 

and security design. Chapter 5 provides results and 

discussion of the NVIDIA and TPU validation 

procedures, including diagnostic efficiency and future 

research priorities. Chapter 6 summarizes the 

implications of the study for scalable, secure, and 

resilient crash diagnosis in exascale AI systems. 

2. Literature Review 

2.1 The Anatomy of a Kernel Panic 

Kernel panic is the final action taken by the operating 

system when the system can no longer run without 

causing harm to state or data. Four failure classes 

dominate the diagnostic path in heterogeneous AI 

clusters. Invalid memory accesses include null-pointer 

accesses in optimized accelerator drivers [1]. 

Synchronization failures include deadlocks and race 

conditions, especially if the Luster or GPFS services have 

very heavy checkpoint traffic. Hardware uncorrectable 

errors refer to Machine Check Exceptions, as well as 

errors that start in GPU High Bandwidth Memory [2]. 

Bus and interconnect errors comprise Non-Maskable 

Interrupts, degraded PCIe links, and NVLink signal loss.

 
Figure 1: Conceptual framework illustrating kernel panic failure classes, diagnosis workflow, and implications in AI clusters. 
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Figure 1 shows the relationships among the four 

predominant failure classes in heterogeneous AI clusters, 

the diagnostic process, and their operational implications 

in this architecture. It focuses on invalid memory access, 

synchronization failure, uncorrectable hardware errors, 

and bus and interconnect errors, and highlights the need 

for automated, repeatable crash collection and correlation 

at scale, followed by serial console inspection, dmesg 

capture, watchdog reboot, and manual interpretation. 

Previously, operators had to add and connect serial 

consoles, manually grab the dmesg output before 

watchdog reboot, and manually analyze evidence [3]. This 

kind of activity makes it difficult to apply automated 

actions to infrastructure-as-code, as crash data could be 

lost before engineers make it to the scene. Automated 

decision pipelines (AI) can cut deployment time by 30% 

and error rates by 35%, highlighting the operational 

benefits of AI-powered cloud automation [4; 5]. It is 

therefore applicable to crash triage as well, where 

repeatable collection and correlation can replace manual 

node-by-node investigation. 

2.2 Kdump and Memory Reservations at Exascale 

Kdump is a solution that keeps the state of a terminal 

kernel in memory prior to its crash, and instead launches 

a secondary kernel for capture after the crash boot. 

GRUB_CMDLINE_LINUX crashkernel is the main 

parameter in the Linux kernel that is used to reserve RAM 

first. When a panic occurs, kexec is invoked, skipping the 

BIOS/UEFI start-up process, booting the capture kernel, 

and presenting the memory belonging to the failed kernel 

as an ELF-formatted file in /proc/vmcore, allowing 

makedumpfile to compress the memory in the same way 

[6]. While a quite typical enterprise configuration reserves 

128-256 MB, the heterogeneous configuration reviewed 

here demands 1-2 GB and is deemed sufficient for 

accelerator nodes with 2 GB.  

This distinction can also impact systems with 8 

NVIDIA H100 GPUs, as MMIO mappings are typically 

hundreds of gigabytes large. Without enough memory in 

capture-kernels, this could lead to OOM errors causing 

loss of the diagnostic record [7]. Using LZO compression 

can compress the volume of the created vmcores by 

about 40-60%. In high-value authentication systems, the 

literature highlights the importance of secure storage 

and secure transmission of sensitive data, further 

consolidating the need to protect memory captures [8]. 

Similarly, researchers consider Zero Trust very 

important for critical infrastructure, and it can enable 

controlled access to crash artifacts under production 

failure conditions [9]. This criterion is of paramount 

importance when automated recovery encompasses 

evidence while maintaining continuity of surviving 

training workloads. 

2.3 The Heterogeneous Accelerator Landscape 

It adds the complexity of heterogeneous acceleration, 

as compute scale, memory organization, software stacks, 

and interconnects vary greatly between vendors and 

may make diagnosis difficult. NVIDIA Hopper H100 

offers more than 14,000 CUDA cores and NVLink 4.0 

bandwidth of 900 GB/s, and 80 GB HBM3 per GPU, and 

failure cases are provided via CUDA drivers and MIG 

contexts [10]. Google TPU v5e combines matrix-multiply 

units, 16–32 GB HBM, an Inter-Chip Interconnect 

network, the XLA compiler, and failure domains via 

mesh routing. AMD Instinct MI300X offers 304 compute 

units, 192 GB of HBM3, AMD Infinity Fabric, and 

ROCm/HIP software, whereas Cerebras CS-3 comprises 

around 900,000 on-chip cores, 1.2 TB of on-wafer SRAM, 

SwarmX fabric, and a wafer-scale SDK [11; 12].  

Different hardware state probes and failure 

interpretation are required for these differences. Further 

accelerating the trend of divergence between 

interconnect and memory design specifications for 

accelerators, Google’s newer Ironwood TPU uses 192 GB 

HBM [13]. In reality, NVIDIA NVML/NVLink 

diagnostics and TPU ICI telemetry, ROCm/HIP 

diagnostics, and wafer-scale telemetry are not exactly 

equivalent in some cases and are not native to each 

other. By doing so, scattered and separate triage 

pipelines create a fragmentation of fleet observability 

and encourage uniformity of triage schemas across 

massive, multi-vendor production fleets.  
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Table 1: Comparison of Compute, Memory, Interconnect, and Failure Architectures 

Architecture Compute Scale Memory Layout Interconnect Failure Domain 

NVIDIA Hopper 

(H100) 

14,000+ CUDA 

Cores 

80GB HBM3 per 

GPU 

NVLink 4.0 (900 

GB/s) 

CUDA Driver, MIG 

context 

Google TPU v5e 
Matrix Multiply 

Units 
16–32GB HBM 

Inter-Chip 

Interconnect (ICI) 

XLA Compiler, Mesh 

routing 

AMD Instinct 

MI300X 

304 Compute 

Units 
192GB HBM3 Infinity Fabric 

ROCm stack, HIP 

runtime 

Cerebras CS-3 
900,000 Cores 

on-chip 

1.2TB SRAM (On-

Wafer) 
SwarmX Fabric Wafer-scale SDK 

Table 1 compares four accelerator architectures that 

offer compute scale, a range of memory layouts, different 

interconnect technologies, and vendor-specific support 

for particular failure domains within a distributed AI 

computing system. 

2.4 Statistical Probability of Failure at Scale 

At fleet scale, reliability is governed by probability 

rather than isolated exceptions. Having reviewed this 

model, it is assumed that the node failures are 

exponentially distributed with P (t) = 1-e^(−λt), where P(t) 

is the probability of failure by time t, and λ is the node 

failure rate parameter; N is the number of nodes that are 

considered in the fleet. 

 

Even with the individual nodes looking very reliable, 

a 10,000-node environment is exposed continuously. The 

example provided in the source claims it can have more 

than a 0.01% node failure rate per day, and the manuscript 

also indicates that one out of every two, or more, training 

runs with more than 10,000 GPUs can result in job-

stopping failures [14]. The impact is greater with 

operations, as manually investigating may take about 4 to 

8 hours to establish the root cause. For public systems 

supported by AI, accountability, transparency, and 

reliable governance are just as important as efficiency, and 

these factors are crucial when automated infrastructure 

decisions have economic consequences for valuable 

shared resources [15]. The focus of engineering then 

moves from just fixing what is broken to quickly locating 

causal domains, maintaining evidence, and having a 

remediation audit trail across the cluster. 

2.5 Limitations and Research Gaps in the Literature 

There are currently five practice gaps. First, node-

level crash capture is not trivially scalable to cases where 

hundreds of nodes are not crashed simultaneously. 

Second, for traditional kdump, there is no cluster-level 

backpressure to control concurrent transport of vmcore.  

Analysis is also split across GPU, TPU, and accelerator 

stacks by vendor. Minor differences in addresses, 

symbols, or compiler-generated stack frames can cause 

what is one defect manifests as multiple incidents.  

Tenant data, model state, credentials, or 

cryptographic material can also be included in raw VM 

cores, exposing privacy and security issues. These limits 

make it important to have an integrated architecture that 

leverages trustworthy capture, congestion-aware 

transport, vendor-neutral normalization, mathematical 

deduplication, fleet-level correlation, and security 

controls. To address this gap, CCD has been created as a 

distributed telemetry system, specific to crash diagnosis 

and not just server debugging. 

3. Methods and Techniques  

3.1 Data Collection Methods 

The study adopted a case study, which was 

retrospective in nature and comparative in production, 

to discuss crash diagnosis in two accelerator conditions 

as described in the source manuscript, which are of 

different natures. Evidence gathered from operational 

validation records is not based on an event-level analysis 
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in the public domain. Consequently, the primary 

analytical sample was n = 2 cases, purposively selected to 

represent differing accelerator technologies and failure 

mechanisms. In Case 1, an 8k node NVIDIA H100 cluster 

is found to suffer software and kernel-driver regression 

due to an operating-system patch [16]. Fifteen post-patch 

crashes were evaluated, and a cumulative increase in daily 

crash rate was observed from 0.5 crashes/day to 15 

crashes/day; the crash-generated compilers produced 12 

seemingly unique stack traces, all of which were offset-

related.  

In Case 2, a 512-node Google TPU v5e pod gave rise to 

around two ICI mesh-routing panics a week owing to 

degrading physical interconnects [17]. The total number of 

TPU crash events was not reported in the manuscript and 

was not inferred. The total number of documented nodes 

in the various cases together is 8,512. The sampling 

approach prioritized operational contrast over statistical 

population inference. Reliability evidence at a larger scale 

was used to contextualize the design as well: researchers 

have analyzed 11 months of such failures from two 

production ML clusters, spanning roughly 4M jobs and 

over 150M A100 GPU-hours, to illustrate the necessity that 

failure analysis needs to remain feasible at scales much 

larger than those for training [18]. 

3.2 Data Analysis 

These crash records were analyzed in four successive 

steps: In the first step, the exact panic signatures were 

created from the panic string and a Normalized Call 

Frame as the result of cryptographic hashing. 

 Hstack = SHA256(panic_string || normalized_call_frames)  

Similar signatures were clustered together to minimize 

processing of similar failures. The resulting H_stack was 

considered a determinate challenge key for exact 

duplicates, while near-duplicates containing the same 

data were addressed in the fuzzy stage. It was a two-stage 

process that distinguished exact equality from similarity 

of meaning and minimized the chance of address noise, 

symbol formatting, or compiler-created offsets causing a 

single failure to show as multiple incidences. Fuzzy stack-

trace analysis was implemented using normalized 

Levenshtein similarity to prevent separate incidents 

caused by address changes and differences in compiler 

inlining.         

 

 

Records that had a similarity of at least τ = 0.85 were 

grouped in the same conceptual cluster. Vendor-specific 

errors were also standardized to a common signature to 

enter a common analytical vocabulary, such as 

hardware_error/interconnect for GPU and TPU errors.  

Additionally, clustered crashes were compared with 

respect to their Physical and Topological causality, 

Driver version, Accelerator cohort, and Kernel version. 

The method additionally kept the conventional crash-

heritage course. The researchers document that kdump 

loads a second kernel in reserved memory using kexec, 

saves a memory snapshot of the stopped kernel as 

vmcore for later processing, and crash utilities can 

extract the memory snapshot to obtain the kernel stack 

and system-state information [19]. This is the 

mechanism through which CCD grouping and 

correlation worked and to which low-level evidence was 

attached. 

3.3 Experimental Design and Production Validation 

The study utilized a comparative production-

validation design and not simulation. In the NVIDIA 

case, this was compared to the legacy approach to 

manual diagnosis, automated ingestion, stack grouping, 

kernel-version correlation, and Mean Time to Diagnosis 

(MTTD) [20]. The evaluation concluded that they have 

little reason to believe that the 15 crashes and 12 

apparent trace variants identified in the study could be 

grouped into one common failure cluster and correlated 

to the software patched brain region. In the TPU case, 

the baseline procedure was to manually parse 

proprietary telemetry, CCD-normalize ICI error codes, 

and correlate the affected nodes and physical topology 

[21]. Table 2 compares the production-validation design, 

summarizing NVIDIA versus TPU, basic approaches 

and evaluation goals, crash-capture prerequisites, and 

reported operational outcomes across various 

environments.  
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Table 2: Comparative Production-Validation design, diagnostic procedures, evaluation criteria, and recorded 

failure outcomes of accelerators. 

Validation 

Case 

Baseline 

Approach 
CCD Approach Evaluation Focus Reported Outcome 

NVIDIA 

H100 Kernel 

Regression 

Manual 

diagnosis and 

individual 

crash 

inspection 

Automated ingestion, 

stack grouping, 

kernel-version 

correlation, and root-

cause analysis 

Whether 15 crashes and 

12 apparent stack-trace 

variants could be 

consolidated and linked 

to the patched kernel 

cohort 

Variant traces were 

evaluated as a common 

failure cluster 

associated with the 

software patch 

TPU Optical 

Mesh 

Degradation 

Manual 

parsing of 

proprietary 

TPU telemetry 

ICI error 

normalization and 

physical-topology 

correlation 

Whether repeated mesh-

routing failures 

converged on a common 

infrastructure component 

Failures were traced to 

an implicated optical 

switch, and 

replacement was 

evaluated against 

recurrence 

Crash-

Capture 

Prerequisite 

Conventional 

node-level 

crash handling 

Kdump with 

reserved capture-

kernel memory 

Ensuring reproducible 

vmcore capture before 

production diagnosis 

crashkernel= memory 

reservation was treated 

as a required 

precondition for 

validation 

Validation 

Principle 

Simulation or 

synthetic fault 

generation not 

used 

Comparative 

production-case 

analysis 

Preserve source-observed 

operational evidence 

No synthetic crash 

counts, artificial failure 

injections, or 

unreported TPU event 

totals were introduced 

Validation studied whether surprising cycles of 

network failures due to mesh-routing converged to a 

common infrastructure element, and whether failure of 

the suggested optical switch eliminated the observed 

panic pattern [22]. No synthetic crash counts or synthetic 

failure injections were added, nor were there any 

unreported TPU event totals added. It turned out that 

kdump configuration was considered an operational 

prerequisite since the capture kernel demands memory 

reservations at boot time. Researchers state that 

crashkernel memory is reserved during boot and that the 

size of a specified memory area can be configured in the 

crashkernel= kernel parameter during boot in a 

reproducible manner before administering the production 

system [23]. 

3.4 Technical Evaluation Metrics and Transport Model 

For technical evaluation, operational metrics were 

used that were related to diagnosis speed, event 

consolidation, and transport safety. The metrics that 

were measured were MTTD, crash-event frequency, 

number of apparent variants of crash-log file stack-

traces, deduplication outcome, topology-correlation 

percentage, vmcore transport behavior, compression 

efficiency, and preservation of shared storage and fabric 

capacity [24; 25]. In transport analysis, no measurements 

were added for the source parameters. This was 

achieved with a 50 GB vmcore and by limiting each 

node’s upload rate to around 50 Mbps in the cascade 

scenario. If central storage returned an HTTP 429 Too 

Many Requests response or excessive I/O wait was 

detected, asynchronous transmission entered an 

exponential backoff with jitter. 
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Crashing files were still kept at home until the transfer 

could be resumed. LZO compression was assumed to 

shrink the size of the vmcore subsequently by 40-60%, as 

stated in the source manuscript. The design was evaluated 

to determine if these controls were effective in preventing 

any undesired competition with the diagnostic traffic and 

the gradient-synchronization activities of the surviving 

nodes. Therefore, transport effectiveness was defined as 

controlled bandwidth and retry behavior, local durability, 

and reduced dump volume, not as an invented benchmark 

of throughput. Then, all the results were compared 

between the two accelerator cases to understand whether 

CCD could increase the level of diagnostic consolidation 

with reasonable cluster operational safeguards in practice. 

4. CCD Architecture, Abstraction, and Security  

4.1 Layer 1: Node-Level Telemetry and Agent Hooking 

Cluster Crash Diagnosis was designed so that the 

telemetry system overview was multi-layered, with local 

panic handling separated from reporting to fleet analysis. 

In Layer 1, `ccd-node-agent` ran as a privileged process on 

all nodes and tested the node crash readiness prior to 

crashes. Pre-flight checks identified a 2 GB `crashkernel` 

reservation, the current GRUB configuration, 

compatibility of the current kernel with the capture image, 

and integrity of the `kexec` payload. These checks 

prevented production panic leading to either a capture-

kernel failure or symbol mismatch. Vendor sidecars-

maintained accelerator state prior to hard reboot, which 

otherwise was lost.  

The NVIDIA nodes ran nvidia-smi -q -d ERROR, and the 

TPU nodes accessed ICI error registers and used nvidia-

smi to get volatile hardware information and store it in a 

JSON file. Next, the capture kernel booted itself via kexec, 

exported the problem kernel via /proc/vmcore, fed it to 

makedumpfile, passed the result to the LZO compression, 

and saved the result in /var/crash/. The design provided 

automated recovery instead of manual exception 

handling. A study of researchers found that self-healing 

automation cut down on locator-related failures by 40-

60% and maintenance efforts by 30-50%, demonstrating 

the role of automated corrective actions in minimizing 

repetitive human intervention in changing software 

environments [26]. 

4.2 Layer 2: Backpressure-Aware Transport 

 Large crash artifacts were moved with Layer 2 post-

local capture. The design assumed that several hundred 

nodes can generate vmcores at the same time, and that 

these will cause excessive pressure on Luster or NFS 

metadata servers if all of the nodes upload immediately. 

Thus CCD stripped capture from transport and policed 

each artifact where it was created until network and 

storage environments allowed for transport [27]. The 

per-node diagnostic bandwidth was limited to ~ 50 

Mbps. Through HTTP 429 Too Many Requests 

responses and increasing I/O wait, central backpressure 

was discovered, followed by exponential back-off with 

jitter for retries. The transport model retained the 

relationship shown below. 

 

In terms of operations, this also helped to reduce the 

number of times an upload was retried; it was deferred 

rather than retried, while also ensuring that storage 

throttling did not result in a loss of diagnostic evidence, 

as data was stored locally first until it returned to 

normal. 

Both local persistence and randomizing of the timing 

of retries were utilized to dampen synchronized 

retransmission bursts. This separation proved 

important, especially without sacrificing the gradient 

synchronization functionality of distributed training, 

which keeps surviving nodes alive using fabric [28]. The 

design focused on ongoing workload traffic rather than 

transitions to bulk crashes. CDD did not assume 

unlimited storage capacity; instead, it included 

congestion signals directly in the crash pipeline to 

enable transport behavior to adjust to the infrastructure 

on the ground.
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Figure 2: An overview of CCD architecture highlighting node capture, transport, analytics, security, and isolation 

controls.

Figure 2 shows the Cluster Crash Diagnosis, which 

shows Crash Information through 4 co-ordinated stages. 

Node-level capture manages vmcore and accelerator 

metadata, transport provides safe, asynchronous data 

delivery, analytics detects and eliminates duplication and 

related failures, and security secures data and limits access 

to sensitive information. The final result of this workflow 

is faster issue resolution, less downtime, and better 

protection for sensitive data across a variety of AI cluster 

environments. 

4.3 Layer 3 and Layer 4: Deduplication, Indexing, Fleet 

Analytics 

Crash artifacts were scaled to fleet-level events in 

layers 3 and 4. The Kubernetes Indexer Pods received VM 

cores and JSON sidecars, extracted panic strings and 

stacks, calculated a SHA256 signature for each VM core 

and clustered it based on the Levenshtein distance, and 

attributed the cluster identifier [29]. During this 

processing, multiple sets of causal groups were created 

that divided several node-specific records into smaller, 

causal groups. The metadata was normalized, loaded onto 

Elasticsearch, and analyzed in Grafana at the fleet level.  

A representative incident was reported, and 500 nodes 

were identified with 99% confidence, with a timeout in the 

credit queue matching the kernel version 6.6.0. Davis AI is 

impressive for its ability to correlate across metrics, logs, 

events, topology, and context, accelerating root cause 

determination and enabling more actionable 

remediation [30]. CCD’s webhooks could also 

temporarily take over Kubernetes scheduling for 

affected cohorts of nodes during the investigation 

process. 

4.4 Vendor-Agnostic Schema, Security, Privacy, and 

Multi-Tenant Isolation 

Each crash was represented by a typed, JSON-

encoded abstraction layer that was independent of any 

vendor and contained such pieces of information as 

node identity, time of crash, crash type, description of 

hardware data inventory, orchestration context, and 

deduplication data. The schema enabled vendor-specific 

context to be retained in a correlation pipeline when an 

NVIDIA PCI bus failure or TPU interconnect fault 

occurs, or when another accelerator event occurs [31]. 

For instance, the classification 

‘hardware_error/interconnect’ can exist alongside an 

NVIDIA H100-SXM model, driver version 550.40, a 

degraded interconnect state, job identifier, tenant 

identifier, stack hash, and Levenshtein cluster ID. 

Security controls considered raw vmcores to be 

potentially sensitive memory content, including 

proprietary model weights, personally identifiable 

information, cryptographic keys, and credentials such as 
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authentication tokens. The transport used mTLS version 

1.3, and the stored dumps were encrypted using AES-256-

GCM with individual keys employed for each tenant, 

which a KMS managed [32]. Prior to human access 

sanitization based on `task_struct`, user-space pages were 

identified, and zeros were placed in those pages, that is, as 

long as kernel pages were not required for diagnostic 

purposes. Normalized metadata given to routine users via 

RBAC, with raw vmcore access audited via break glass 

procedure.  

Figure 3 shows the schema of a JSON crash event that 

CCD uses to convert heterogeneous accelerator crashes 

to a vendor-agnostic form. It stores node identity, 

timestamp, root cause classification, severity, panic 

details, CPU and accelerator inventory, driver and 

interconnect status, orchestration identity, and 

deduplication metadata. The schema allows NVIDIA 

and other accelerator events to feed into a unified 

correlation pipeline, retaining the fleet context, 

hardware, workload, and crash-signature data to enable 

fleet-level analysis and diagnosis.

 

Figure 3: Vendor-agnostic JSON crash-event schema integrating hardware, orchestration, classification, and deduplication 

metadata for CCD analysis. 

Researchers believe that there are many concerns to 

address when deploying shared AIGC infrastructure such 

as tenant data isolation, access control, resource 

separation, and performance interference, necessitating 

the need for simultaneous confidentiality and workload 

isolation [33]. In reality, SRE teams with routine access to 

metadata about failures from a system that has tenants 

will see only normalized data, not unrestricted access to 

memory used by other applications. These controls were 

GDPR- and HIPAA-focused, with a crash pipeline 

aligned. As such, the architecture addressed capture, 

transport, normalization, deduplication, fleet correlation, 

and security all in a distributed architecture, optimized to 

apply to a variety of clustered accelerators located in 

different types of production environments. 

5. Results and Discussion  

5.1 NVIDIA H100 Kernel Regression Results 

When an OS patch was added to an 8,000-node H100 

cluster, NVIDIA production validation resulted in a 

dramatic change in the failure rate. The observed rate 

rose from 0.5 crashes/day to 15 crashes/day, or a 30× 

increase. Downstream engineers handled it manually, 

using SSH and then took dmesg output and cross-

referenced NVLink logs [34]. Compiler offsets caused 12 
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seemingly unrelated stack traces, resulting in 6 hours of 

diagnosis. CCD signed off on all 15 crashes, normalized 

the traces, and consolidated the 12 apparent variants into 

a single conceptual cluster. Table 3 compares the 

traditional and CCD workflows for regression with 

NVIDIA H100, including crash rates, diagnostic tools, 

stack trace consolidation, root cause analysis, MTTD 

reduction, remediation, and operational recovery.  

Table 3: NVIDIA H100 kernel regression results showing crash rates, diagnosis methods, MTTD, and remediation 

outcomes. 

Metric Traditional Workflow CCD Workflow Observed Result 

Cluster size 8,000 H100 nodes 8,000 H100 nodes 
Same production 

environment 

Crash rate 

before patch 
0.5 crashes/day 0.5 crashes/day Baseline condition 

Crash rate 

after patch 
15 crashes/day 15 crashes/day 30× increase 

Crash sample 

analyzed 

Individual manual 

inspection 
Automated ingestion of all crashes 15 crashes analyzed 

Stack-trace 

variants 

12 traces appeared 

unrelated 
12 variants grouped together 

1 conceptual crash 

cluster 

Diagnostic 

method 

SSH, dmesg, NVLink log 

cross-referencing 

Trace normalization and kernel-version 

correlation 

Automated fleet-

level correlation 

Identified root 

cause 

Delayed manual 

identification 

GPU-driver memory allocation 

incompatibility with new kernel scheduler 

Patch identified as 

common factor 

MTTD 6 hours 8 minutes 45× improvement 

Remediation 
Manual investigation 

before action 
Kernel patch rollback 

Faster operational 

recovery 

In a version correlation step, the cluster was then 

linked to the patched kernel. It is reported that this is due 

to the lack of support for the GPU-driver memory 

allocation method in the new kernel scheduler. Rollback 

was followed by an 8-minute diagnosis, or a 45× MTTD 

improvement. One study looked at the use of machine 

learning for governance in ultra-low-latency financial 

networks, where automated correlation and swift action 

control are paramount compared to manual auditing at a 

slower pace [35]. The overall comparison proved the 

practicality of fleet-level software version correlation. 

5.2 TPU Optical Mesh Degradation Results  

The second was a 512-node TPU v5e pod running a 

large workload of TPU vision-model training. On average, 

about twice a week, ICI mesh-routing panics took place. 

The resolution took around 4 days per incident and was 

made by traditional parsing of millions of proprietary 

TPU telemetry lines by support engineers. CCD 

standardized the error code to match typical diagnostics 

for TPU-specific hardware errors to the generic Hardware 

Error/Interconnect classification and mapped correlating 

nodes to the actual data-center topology [36]. That same 

spatial analysis revealed that 100% of the crashes 

observed were on nodes associated with a single top-of-

rack optical switch. Panics were eliminated by replacing 

the switch, and poor optics was found to be a common 

intermittent physical fault.  

This refutation showed that it was not possible to 

standardize the hardware context that is useful to the 

vendor. Rather, it occurred when failures in proprietary 

TPU weak spots had some way slipped through a hole 

in the analytical filter for GPU failures. Similarly, the 

https://aimjournals.com/index.php/ijmcsit
l%20
l%20


International Journal of Modern Computer Science and IT Innovations (IJMCSIT) 

https://aimjournals.com/index.php/ijmcsit 33 

 

 
 

researchers compared CCD’s approach of employing 

normalized telemetry and dashboards to diagnose 

infrastructure more quickly to the use of embedded 

analytics in the centralized operation to generate decision-

support outputs [37]. It also provided instant physical 

topology regions as evidence of health diagnostics.

 

Figure 4: Key findings on TPU optical mesh degradation, panic frequency, crash correlation, and resolution. 

Figure 4 highlights results from the TPU optical mesh 

degradation case, including the 512-node TPU v5e pod, ~2 

ICI mesh-routing panic incidents/week, and 100% crash 

correlation with one top-of-rack optical switch. It also 

highlights the traditional 4-day resolution period and 

demonstrates that the switch replacement eliminated 

repeat panics across the affected training environment. 

5.3 Cross-Case Discussion and Operational Implications 

In both cases, CCD generated operational gains by 

decomposing the architectures, not just with a single 

algorithm. The source reported an overall MTTD 

reduction from legacy approaches of 70-85 percent. The 

spatial correlation for the H100 case dropped from 6 hrs 

to 8 minutes, while for the TPU case, a 100% spatial 

correlation could be reached with one switch cohort [38]. 

The fuzzy deduplication threshold was 0.85, and LZO 

compression got the vmcore size down by ~40-60%. A 

successful flow included capturing nodes, locally 

storing them, moving nodes with control, deduplicating 

nodes, normalizing nodes, fleet correlating nodes, and 

finally displaying in the SRE dashboard. Table 4 

provides a cross-comparison of CCD performance to 

identify the benefits of MTTD reduction, deduplication, 

shared diagnostic workflows, failure correlation, 

vmcore compression, and operational benefits in the 

NVIDIA H100 and NVIDIA TPU v5e environments.

Table 4: Cross-case comparison of CCD performance, diagnostic efficiency, deduplication, correlation, 

compression, and operational resilience outcomes. 

Evaluation 

Metric 
NVIDIA H100 Case TPU v5e Case Cross-Case Implication 

MTTD 

performance 

Reduced from 6 hours to 8 

minutes 
Traditional diagnosis 

required extended 

Overall CCD MTTD reduction 

of 70–85% 
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manual investigation 

Failure 

correlation 

Kernel-version correlation 

linked crashes to the patched 

software cohort 

100% of observed crashes 

correlated with one 

switch cohort 

Fleet correlation accelerated 

root-cause identification 

Deduplication 

Multiple stack variants 

consolidated into one 

conceptual cluster 

Vendor-specific ICI errors 

normalized for common 

analysis 

Fuzzy matching used τ = 0.85 

Vmcore 

handling 

Automated capture and 

controlled transport 

supported analysis 

Centralized telemetry 

reduced manual parsing 

LZO compression reduced 

vmcore size by 40–60% 

Operational 

workflow 

Capture → persistence → 

transport → normalization → 

correlation 

Same analytical sequence 

applied across TPU 

telemetry 

Common cross-vendor 

diagnostic pipeline 

Operational 

benefits 

Faster rollback and reduced 

alert volume 

Faster infrastructure fault 

localization 

Better fabric protection, 

evidence preservation, and 

scheduler-level mitigation 

This sequence lowered the volume of alerts, fast-

tracked rollback decisions, safeguarded fabric capacity, 

did not give up evidence of volatile accelerator, and 

facilitated scheduler-level mitigation. Volume-related 

studies focused on edge-computing approaches for real-

time order-flow optimization to ensure time-sensitive 

processing of operational events is done nearer to its 

generation point [39]. CCD also eliminated uncalled-for 

delay by segregating the initial trapping of local evidence 

from subsequent centralized analysis. There was no 

redundancy in the Levenshtein accuracy percentage. 

Capture and transport, combined with analytics and 

response across the operational environment, resulted in 

operational resilience. 

5.4 Future Research Recommendation  

Future research should test Cluster Crash Diagnosis in 

larger-scale heterogeneous fleets, without modifying the 

architecture used in the source study. Current evidence 

includes an 8,000-node NVIDIA H100 environment and a 

512-node TPU v5e pod [40]. In the future, researchers can 

expect more evaluations featuring mixed NVIDIA, AMD 

MI300X, TPU, and Cerebras deployments in a vendor-

agnostic schema. Studies should be conducted to establish 

the stability of normalized RCClasses for a substantial 

change in proprietary error format, driver stack, memory 

organization, and interconnect technology. 

The other priority should be to look into crashkernel 

sizing under extreme MMIO to the accelerator. The 

actual design detailed in the documentation called for a 

2 GB reservation; blocks of the standard 128–256 MB size 

may not be enough. Controlled tests should be 

conducted to compare the success of vmcore capture 

using the various supported reservation sizes and 

different numbers of accelerators in each test, using the 

same methodology and under real failure conditions 

[41]. This applies to transport behavior in correlated 

panic storms as well, which is more broadly to be 

validated.  

The CCD includes about 50 Mbps node-level 

clamping, 429 backpressures, exponential retry delays, 

jitter, and local persistence. Future experiments should 

gauge available storage capacity, the completion of the 

diagnostic transfer, and the performance of the 

remaining training fabric when hundreds of nodes 

produce many vmcores simultaneously. Existing 

signatures for SHA256 and a Levenshtein threshold of 

0.85 should be tested against other, bigger crash corpora, 

other kernels and compiler configurations, and other 

vendor drivers [42]. The number and rate of false merges 

and false splits should be reported separately. Under 

realistic multi-tenant threat scenarios, security studies 

should also be done on the sanitization of task_struct, 

AES-256-GCM, mTLS 1.3, and audited break-glass 
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access with per-tenant KMS isolation. 

Topology-aware correlation needs to move forward 

towards prediction. AI and cloud have been highlighted 

as technologies that enable scalable infrastructures and 

real-time data-shipping, further validating the importance 

of predictive operational intelligence [43]. Thus, as CCD 

evaluations evolve in the future, they should examine 

recurring spatial patterns to identify failures in switches, 

links, HBM modules, PCIe paths, or software cohorts 

ahead of large-scale impact while still maintaining other 

important longitudinal evaluation metrics such as MTTD, 

crash frequency, correlation confidence, upload behavior, 

and capture success. 

6. Conclusion  

Debugging artificial intelligence infrastructure with 

billions of cores is, in essence, a reliability problem in a 

system of distributed components rather than a suite of 

isolated node failures, the study concluded. With tens of 

thousands of nodes involved in an accelerator cluster, and 

manually or synchronously diagnosing cluster crashes, 

correlated crash scenarios become increasingly 

incompatible, potentially resulting in simultaneous VM 

cores, consumption of shared cluster storage, loss of 

diagnostic information, and slowing recovery once the 

cluster is in operation. The results showed that it was 

indeed necessary to migrate Linux kdump to a distributed 

telemetry architecture that could be deployed under 

diverse and high failure-pressure conditions. 

Cluster Crash Diagnosis did this using the coordinated 

layers within the architecture. Reliable capture depended 

on a 2 GB crashkernel reserving area, properly configuring 

GRUB and kexec parameters, vendor sidecars, access to 

the/proc/vmcore file, makedumpfile processing, and LZO 

compression. In the transport layer, local persistence, 

around 50 Mbps node-level bandwidth control, and 

awareness of HTTP 429 and exponential backoff and jitter 

minimized the chances of diagnostic traffic eclipsing 

existing workloads in importance during training. The 

analytics layer combined similar and adjacent fail codes 

using the Levenshtein clustering method with a threshold 

of 0.85 into equivalent fail codes and grouped NVIDIA 

and TPU telemetry into a vendor-neutral classification 

into a single fleet-level workflow via SHA256 crash 

signatures. Large amounts of node evidence were next 

turned into actionable incidents by Elasticsearch, Grafana, 

node topology correlation, and webhooks for the 

scheduler. 

That incorporation also addressed the core mismatch 

discovered at the start of the study. CCD was not the 

only thing that preserved evidence of failures, though; 

in addition, CCD controlled the flow of crash artifacts, 

CMS- and I-collapsed unique symptoms, and presented 

failures to engineers at a layer where fleet operators 

made decisions. Maximum production cases showed the 

demonstrated instrumented value of this design. The 

number of crashes in the NVIDIA H100 environment, 

which includes 8,000 nodes, jumped from 0.5 to 15 

crashes per day following a patch to the operating 

system.  

Previously, only 6 hours of hand analysis was needed 

to process all the crashes; CCD took all 15 crashes, 

consolidated 12 distinct stack traces into a single 

conceptual one, correlated the issue with the patched 

kernel, and reduced diagnosis time to just 8 minutes - a 

factor of 45. For the 512-node TPU v5e case, CCD 

normalized the ICI mesh-routing failures and deemed 

that 100% of nodes observed at the time of the crash were 

connected with 1 failing top-of-rack optical switch. The 

switch has now been replaced, and the panics have been 

avoided. 

The total MTTD for both cases was reduced by 70–

85% from the legacy methods. Also, CCD introduced 

operational velocity and safeguarded sensitive crash 

information with mTLS 1.3, AES-256-GCM, tenant-

specific KMS keys, task_struct-based sanitization, 

RBAC, and audited break-glass entry. The study 

concludes that scalable crash diagnosis requires capture, 

normalization, transport, correlation, deduplication, 

and security and should function as a seamless solution. 

With increasing variations in AI infrastructure available, 

automated and secure crash telemetry will evolve from 

a convenience into a necessity for operational use. 
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