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Problem Statement/Introduction Proposed Methodology/Advantages

Post-silicon validation requires executing thousands of tests across multiple
domains and SKUs.

Inefficiency: All tests are typically run, even if only a subset is relevant.

Manual selection depends heavily on expert judgment — time-consuming,
inconsistent, and error-prone.

Existing ML approaches rely on real-time performance monitors or labeled data,
which are costly and difficult to scale.

Need: An automated, metadata-driven method that reduces redundancy while - o
preserving coverage and validation quality. &

# Core Innovation L LETE

First application of Graph Neural Networks for post-silicon test selection using ;l!

metadata-only approach - eliminating need for performance data collection e —

Works with legacy suites without historical data No resource-intensive monitoring needed

Automated
Reduces dependency on manual expertise

Adaptable

Handles diverse domains and configurations

Metadata-Only Approach

A 3 Uses test descriptions, intent

= | documentation, and historical
Massive Inefficiency dependencies. No performance
monitoring required.

GNN-Based Clustering

Graph Attention Networks automatically © :
learn test relationships and group similar s

tests based on semantic meaning. Fast Novel

Manual Expertise _
First metadata-only GNN approach

Streamlines validation workflows significantly

All tests run regardiess of relevance Ermror-prone and time-consuming selection

Legacy Complexity Resource Waste

Original authors unavailable Expensive lab time on redundant tests

Implementation Details/Diagram Implementation Details/Flow Chart

Data Preprocessing

Collect, clean, and standardize test metadata from various validation sources

(Metadata Collectiun> (Text Cleaning> ( BEERT Embedding5> (Feature Encuding> (Dependency Extractiun)

& GNN Processing Layers

@ Output & Applications

= User Query Interface

4l Test Metadata Input Embedding Layer

Transform to 128-dimensional latent space A

. [
Test Clusters

Grouped similar tests based on leamed
embeddings

B Text Embeddings GAT Layer 1 @ Query Input

"Find 10 tests similar to memory

stress test X _ _ _ _
GAT Layer 2 Build heterogeneous graph and train GNN using contrastive loss

8 attention heads \
One-hot encoded application types and

ﬂ (
GAT Layer Skip Connect
test domains for structured - 6 aftention head —

Similarity Search
classification ) criteria
i

Find tests similar to reference test or
' \

BERT-generated embeddings from test  attention heads

descriptions and intent documentation
capturing semantic meaning

Model Training

( Graph Construction ) ( GAT Training ) ( Contrastive Loss ) [ Cross-Validation ) ( Hyperparameter T

<" Categorical Features

% Real-time Processing

Instant similarity search and clustering

Fully Connected Layer
Final test embeddings

.
* Results

Representative Selection Ranked list of representative tests with

Select optimal subset maintaining similarity scores _ _ — _ _ _ _
Coverage ( Embedding Generatmn) C Similarity Dnmputatmn) ( Cluster meatmn) C Representative Selection >
\

/ Dependency Features Clustering & Selection

Binary features indicating historical

dependencies between test cases Generate test embeddings and perform similarity-based clustering

ing Dimensions

( 128
/ Test Domain L atent Space

Domain-specific categorization !
(memory, CPU. 10, etc) 8 m
\ ' Attention Heads

Y APl Integration

REST AP for existing test
management systems

Coverage Analysis
Ensure 90-100% coverage with fewer tests

3 \ / \
GAT Layers

System Integration

Deploy trained model via REST API for seamless workflow integration

( APl Development ) ( System Integration ) [ Realtime Query ) ( Performance Monitoring |

Results Table Conclusion

el

First GNN Application Significant Efficiency Gains

Pioneer application of Graph Neural 30-50% test reduction while preserving
Networks for post-silicon test selection 90-100% coverage through intelligent
using metadata-only approach clustering

Detailed Performance Comparison

Metric

Test Reduction

Coverage
Efficiency

Selection Time

Execution
Time

F1-Score vs
Expert

Resource
Dependency

Scalability

Traditional
Approach

100% (all
tests)

Variable

Weeks
(manual)

Baseline

N/A

High (expert
time)

Limited

REFERENCES

GNN
Framework

50-70%
(selected)

90-100%

Minutes
(automated)

40-60%
reduction

0.78-0.85

Low
(automated)

High

Improvement

30-50% fewer tests

Maintained/Improved

99%+ reduction

Significant speedup

High agreement

Major reduction

Legacy-friendly

Key Performance Indicators:

v Clustering Quality: F1-
scores 0.78-0.85
compared to expert
groupings
Efficiency Gain: 30-50%
reduction in total test
execution time

Coverage Preservation:
Maintains 90-100% of
original test coverage
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Industry-Ready

Works with legacy test suites without REST API integration enables seamless
requiring performance data or historical deployment with existing validation
metrics workflows

Scalable Solution

Impact:

Transforms weeks of manual analysis into minutes of automated selection
Optimizes expensive lab resources through intelligent test clustering
Addresses critical industry need for faster validation cycles

Provides sustainable solution for growing test suite complexity

Future Work:

Real-world validation with industrial test suites

Extended evaluation across multiple semiconductor domains

Integration with additional metadata sources
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