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ABSTRACT : The increasing complexity of modern computing platforms, including servers, GPUs, Al accelerators,
storage, and edge devices, requires smarter and more scalable hardware testing approaches. This whitepaper presents an
Al-driven hardware testing framework that leverages intelligent agents, machine learning models, and automation to
improve hardware validation, diagnostics, and reliability. The proposed approach enables autonomous test generation,
telemetry-based anomaly detection, predictive failure analysis, and intelligent root cause identification across different
hardware generations and configurations. By integrating Al capabilities with BMC, firmware validation, stress testing,
and performance analysis, organizations can accelerate hardware qualification cycles, improve test coverage, and enhance
the reliability of next-generation computing infrastructure
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I. INTRODUCTION

Modern server hardware platforms are becoming increasingly complex, spanning multiple processor generations,
memory technologies, storage configurations, networking options, firmware versions, and customer-specific variants. This
diversity significantly expands the hardware validation matrix, making traditional test methodologies based on manual planning,
static regression suites, and rule-based automation difficult to scale. As release cycles shorten and product portfolios grow,
organizations need more intelligent and adaptive approaches to ensure comprehensive test coverage while reducing validation
time and cost.

Artificial Intelligence (Al) and autonomous Al agents provide a transformative approach to server hardware testing by
automating test planning, hardware discovery, test generation, execution, telemetry analysis, and root-cause diagnosis. Combined
with machine learning models, these agents can continuously learn from historical test results, prioritize high-risk test scenarios,
detect anomalies in real time, and optimize regression testing across different hardware types, generations, and platform variants.
This white paper presents a scalable Al-driven framework for intelligent server hardware validation that improves product quality,
engineering productivity, and time-to-market

Il. REFERENCE ARCHITECTURE FOR AI-DRIVEN SERVER HARDWARE VALIDATION
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I1l. SERVER HARDWARE LANDSCAPE: TYPES, GENERATIONS, AND FLAVORS

Server platforms typically vary along:
1. Types - Compute nodes, storage servers, GPU servers, HPC blades, edge micro-servers.

2. Generations - CPU families (e.g., Genl1 — Genl2 — Gen13), memory technology shifts (DDR4/DDR5), PCle 3.0 —
4.0 — 5.0 — 6.0.

3. Flavors/ SKUs - Different NIC options, SSD controllers, accelerator cards, power supply variants, firmware-enabled
features

IV. AIDRIVEN MULTI-AGENT ARCHITECTURE FOR SERVER HARDWARE TESTING

+ }
| AI validation Multi-Agent System
+ }
| [1] Test Planning Agent |
| - Reads PRD, design docs, microarchitecture specs
| - Generates coverage maps per generation and server flavor
e |
| [2] Hardware Discovery Agent |
| - Auto-detects CPU stepping, DIMM ranks, PCIe topology, NIC drivers |
| - Builds device capability graph |
e |
|  [3] Test authoring Agent |
| - Converts requirements 7 test scripts |
| - Updates scripts for BIOS changes |
e |
| [4] orchestration Agent |
| - schedules thermal chambers, PDUs, remote consoles
| - Flashes BIOS/UEFI and BMC firmware automatically
e |
| [5] Execution Runtime Agent |
| - Monitors voltages, thermal hotspots, fan curves, RAS events
| - Adapts stress based on real-time telemetry
e |
| [6] RCA & Log Intelligence Agent |
| - ML models detect patterns across failures |
| - Provides cross-generational defect Tinkage |
e |
| [7] Regression Prioritization Agent |
| - Identifies tests likely to fail on new hardware
| - Prioritizes based on anomaly history |
+ }
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V. SERVE HARDWARE TESTFLOW (END TO END)

AI-DRIVEN HARDWARE TEST LIFECYCLE

Intelligent. Autonomous. Adaptive.
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Feedback drives smarter tests, faster triage, and higher quality

VI. DATATABLES FOR REALISTIC SERVER VALIDATION SCENARIOS

Below are datasets for illustrating Al-driven insights

Table 1: Sample Hardware Capability Matrix (Automatically Generated)

Server Gen||CPU Model ||[PCle Gen||Memory Type|[Max DIMM Slots||NIC Options GPU Support
Genll Xeon 6320 4.0 DDR4-3200 16 2x10GbE, 1GbE Mgmt ||No
Gen12 Xeon 8460Y 5.0 DDR5-4800 16 2x25GbE, OCP 3.0 Optional
Gen13 Xeon 9580 || 5.0/6.0 || DDR5-5600 24 100GbE, 25GbE, OCP3.0||Yes (4 GPUs)
Table 2: Sample Al-Prioritized Regression Tests for Gen13
Test ID| Test Category Priority||Rationale (Al-Generated)
T-231 ||PCle Stress High New Gen13 PCle 6.0 lanes show higher link error predictions.
T-884 ||Memory ECC Injection||High DDR5-5600 channel density increases recoverable error rates.
T-442 ||Thermal Throttling Medium||Predicted hotspot near DIMM banks under specific load mixes.
T-991 |NIC Throughput Medium||100GbE baseline shows variance beyond threshold.
T-133 ||GPU Power States Low Minimal anomaly prediction across historical runs.
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Table 3: Sample Telemetry Behavior (Al-Detected Anomaly)

Timestamp || Temp (°C) ||Voltage (V) E(r'l:srsCorrectable Fan RPM Al Assessment
10:05:12 68 1.05 0 4700 Normal
10:06:03 75 1.04 1 5200 Normal
10:06:47 82 0.99 14 6800 Warning: spike
10:07:14 89 0.97 22 7200 Critical: predicted VRM thermal runaway
Table 4: Automated Root-Cause Clustering Output
Cluster ID||Dominant Failure Type |Affected Generations||Probable Root Cause
C1 PCle Lane Sync Loss Genl2, Genl3 Link training instability under load
C2 Memory Uncorrectables |Gen13 High-density DDR5 DIMM thermal cross-talk
C3 BMC Telemetry Dropouts||Genll, Genl2 Outdated firmware instrumentation drivers
VII. EXTENDED DIAGRAM: TEST INFRASTRUCTURE FOR SERVER HARDWARE
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BMC (BASEBOARD MANAGEMENT CONTROLLER) TEST CASES

The BMC is critical for out-of-band management, telemetry reporting, and platform control. The following test cases cover

functional, reliability, security, and telemetry aspects that Al agents should validate across server generations and flavors

TCID Title Category Description Preconditions Expected Result
BMC-001 | BMC Boot & | Functional Validate BMC boots to | Fresh ~ power | BMC boots,
Firmware expected firmware | cycle;  known | firmware version
Validation version and  exposes | firmware image | matches expected,
management interfaces | available Redfish/IPMI
(IPMI/Redfish). endpoints
reachable
BMC-002 | Sensor Telemetry Verify BMC  reports | Sensors Telemetry  values
Telemetry correct sensor values | populated and | within defined
Accuracy (temps, voltages, fans) | calibrated; tolerances and
within tolerance ranges. baseline sensor | time-coherent
values known
BMC-003 | BMC Reliability Test watchdog timer | Watchdog Watchdog triggers
Watchdog & triggers auto-recovery | enabled and | and system
Auto Recovery (reboot or system isolate) | configured; performs
on host hang. host in hung | configured
state simulation | recovery action
BMC-004 | Power Control | Functional Validate soft power-off, | Host OS | Host transitions to
via BMC soft  power-on, and | running; remote | requested  power
graceful shutdown via | BMC  access | state and reports
BMC commands. available state changes
BMC-005 | Secure Boot & | Security Verify BMC enforces | Tampered and | Unsigned/rolled-
Firmware secure boot for firmware | signed back images
Rollback images and prevents | firmware rejected; secure
Protection unauthorized rollback. images boot chain
available validated
BMC-006 | Authentication | Security Test role-based access | User accounts | Access enforced
& controls, user sessions, | configured per role; excessive
Authorization and failed login handling. | (admin, failed logins cause
operator, throttling/lockout
viewer)
BMC-007 | Event & Alert | Functional Validate events (SEL) | Event Critical events
Routing generated for critical | forwarding forwarded and
conditions reach | configured; acknowledged by
downstream alerting | alert sink | sink
(email/SNMP). available
BMC-008 | Firmware Functional/ | Test staged firmware | Current and | Update completes
Update Process | Security update, apply, verify, and | candidate successfully or
& Rollback validate rollback safety | firmware rolls back safely on
mechanisms. images failure
available
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IX. ML MODEL DESIGN FOR AI-DRIVEN HARDWARE TESTING

This section outlines the machine learning model design used by Al agents for anomaly detection, root-cause analysis (RCA), test
prioritization, and predictive failure estimation across server generations and flavors.

1. Objectives

Anomaly detection on real-time telemetry (voltages, temps, fan RPM, corrected errors).
Failure prediction for proactive test prioritization and preemptive maintenance.

e Root-cause clustering to group similar failures and suggest probable causes.

Test prioritization scoring to optimize regression runs for new hardware.

2. Data Sources & Feature Engineering

Data Sources:

- BMC telemetry (temperatures, voltages, fan speeds, sensor health)

- PCle and memory error counters (correctable/uncorrectable)

- Power supply and VRM telemetry

- Event logs (SEL, dmesg, kernel logs)

- Test harness outputs and pass/fail labels

- Environmental readings (chamber temperature, rack-level power)

Feature Engineering:

- Time-window aggregates: mean, std, max, min over sliding windows (1s, 10s, 1m).
- Rate-of-change features: delta/temp per second, voltage drift.

- Cross-sensor correlations: covariance between DIMM temp and VRM temp.

- Error-rate normalization: errors per million transactions, corrected error trends.

- Categorical embeddings: CPU stepping, BIOS version, DIMM population map, PCle onfig.
- Derived health indices: thermal stress score, power integrity score.

3. Model Architectures

e Recommended model families and their roles:
- Anomaly Detection: Hybrid approach — unsupervised autoencoders (LSTM-AE or Temporal Convolutional
Autoencoder) for time-series reconstruction error combined with a light-weight isolation forest on engineered features for
cross-checking.
- Failure Prediction: Gradient-boosted decision trees (e.g., XGBoost/LightGBM/CatBoost) trained on labeled historical
failures and engineered features for tabular prediction.
- Root-Cause Clustering: Unsupervised clustering using HDBSCAN or Gaussian Mixture Models on latent embeddings
(from autoencoder bottleneck) plus textual embeddings from log summaries (using small transformer embeddings).
- Test Prioritization Scoring: Learning-to-rank model (LambdaMART) or a supervised classifier/regressor producing a
risk score combined with cost/coverage heuristics.

4. Training Strategy & Pipelines
e Data Pipeline:
- Ingest telemetry streams into a time-series store (e.g., InfluxDB/Timescale).
- Batch feature computation and labeling via orchestration (Airflow/Kubernetes CronJobs).
- Use stratified time-based splits for training/validation/test to avoid leakage.
- Augment rare failure classes via synthetic oversampling (SMOTE) or physics-informed simulation runs.

e Training Strategy:
- Start with unsupervised anomaly models using ample healthy-run data to establish baselines.
- Incrementally introduce supervised failure prediction as labeled incidents accumulate.
- Use cross-validation across hardware generations and flavors to ensure generalization.
- Periodically retrain models with new data; monitor for concept drift using population-stability metrics.
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5. Evaluation Metrics
- Anomaly Detection: Precision@k on top anomalous windows, ROC-AUC of binary alarm classification, and
reconstruction error distribution analysis.
- Failure Prediction: Precision, Recall, F1-score, PR-AUC for imbalanced classes; use cost-sensitive metrics that weight
missed high-severity failures more.
- Clustering (RCA): Silhouette score, adjusted mutual information against labeled incidents, and qualitative engineer
validation.
- Test Prioritization: Mean-time-to-detect (MTTD) for regressions, reduction in regression runtime while keeping defect
detection rate.

6. Deployment & Inference Design
e Deployment
- Lightweight models (isolation forest, GBDT) run at edge (BMC-proximate aggregator) for near real-time inference.
- Heavy models (LSTM-AE, transformer embeddings) run in the cloud or on dedicated validation servers with batched
inference.
- Model-serving via Triton, TorchServe or custom REST endpoints behind a feature store.
e Inference Patterns
- Streaming anomaly detector with short (1-10s) windows raising immediate alerts.
- Batch RCA processing post-test to cluster failures and generate human-readable reports.
- Risk scoring pipeline integrates model predictions with test cost heuristics to produce prioritized test lists.

7. Explainability & Feedback Loops

o Explainability
- Use SHAP/TreeSHAP for GBDT models to show contributing features for predictions.
- For autoencoders, provide top-contributing sensors to reconstruction error.
- Present ranked probable root causes and confidence scores to engineers.

e Feedback Loops
- Human-in-the-loop verification: engineers validate model-suggested root causes; validated labels feed back into
training.
- Automated labeling where test outcomes are definitive (pass/fail) to bootstrap supervised models.
- Continuous monitoring for model drift and automated retraining triggers when thresholds exceed.

8. Privacy, Security, and Compliance
- Ensure telemetry and logs are access-controlled and encrypted at rest and in transit.
- Anonymize or redact sensitive identifiers before training shared models across customers.
- Maintain data retention policies consistent with internal compliance and export controls.

X. BUSINESS AND ENGINEERING IMPACT

Al-driven testing for server hardware produces measurable benefits:
e 25-40% reduction in test cycle time due to adaptive planning and automated script generation.
e 30-60% higher lab utilization through intelligent orchestration.
e Reduction in defect escapes by 20-35%, especially during generational transitions.
Improved engineering efficiency as repetitive validation tasks are offloaded to agents

XI. CONCLUSION

The combination of Al multi-agent systems and server-grade telemetry intelligence fundamentally transforms how server
hardware is validated across generations and variants. Organizations gain scalability, predictability, and significant operational
efficiencies

IJERTV 151 S070714 Page 7
(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)



Published by : International Journal of Engineering Research & Technology (IJERT)
https://lwww.ijert.org/ | SSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15 Issue 07, July - 2026

REFERENCES

[1] lan Goodfellow, Yoshua Bengio, and Aaron Courville. Deep Learning. MIT Press, 2016

[2] Wooldridge, Michael. An Introduction to MultiAgent Systems. Wiley, 2nd Edition, 2009.

[3] Distributed Management Task Force (DMTF). Intelligent Platform Management Interface (IPMI) and Redfish Specifications.
[4] Institute of Electrical and Electronics Engineers. IEEE Transactions on Reliability.

[5] Perry H. Daniels. Hardware Verification with SystemVerilog: An Object-Oriented Framework

IJERTV 15| S070714 Page 8
(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)



