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| ABSTRACT

Modern printed circuit board (PCB) design for high-performance computing systems — including server-grade processors,
graphics processing units, and Al accelerators — demands increasingly rigorous layout constraints. Traditional constraint
management systems rely on static rule sets, manual configuration, and repetitive engineer oversight, all of which introduce
bottlenecks and errors at scale. This article presents an Al-based PCB Layout Constraint Manager (Al-PLCM), a system developed
at Advanced Micro Devices, Inc. (AMD) to intelligently automate the generation, validation, and optimization of PCB layout
constraints. The proposed system leverages machine learning models trained on historical board designs, natural language
processing for constraint specification, and graph-neural-network-based routing analysis to deliver real-time constraint checking
and adaptive recommendations. Results from deployment across multiple AMD product lines demonstrate a 47% reduction in
design rule violations at tape-out, a 31% improvement in first-pass layout success rate, and significant reductions in engineering
review cycle time. This work underscores the transformative potential of Al integration in electronic design automation (EDA)
workflows.
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1. Introduction

The evolution of integrated circuit density and operating frequencies has placed extraordinary demands on PCB layout
engineers. A contemporary high-performance computing board, such as those used in AMD EPYC server platforms, may
integrate dozens of high-speed memory interfaces, PCle Gen 5 links, USB4, high-bandwidth power delivery networks, and
thousands of differential signal pairs — each governed by a distinct set of layout constraints. Managing this complexity manually
is no longer economically or technically viable.

PCB layout constraints encompass a broad set of design rules that govern how electrical signals, power planes, and physical
components are arranged on and within a board. These rules derive from electrical engineering principles (signal integrity, power
integrity, electromagnetic compatibility), manufacturing requirements (fabrication tolerances, assembly constraints), and system-
level specifications (thermal, mechanical). A violation of any constraint can lead to functional failure, signal degradation,
electromagnetic interference, or outright manufacturability issues.

Traditional Electronic Design Automation (EDA) tools enforce constraints through static, rule-based engines. Engineers must
manually author and maintain constraint sets, cross-referencing datasheets, simulation results, and corporate design guidelines.
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As design complexity grows, this process becomes a significant source of errors, delays, and re-spins. At AMD, where dozens of
complex boards enter design concurrently, even marginal improvements in constraint management efficiency compound into
material schedule and cost savings.

This article describes the Al-Based PCB Layout Constraint Manager (Al-PLCM), an internally developed system at AMD that
applies machine learning, natural language understanding, and graph-based reasoning to automate and enhance every phase of
the constraint lifecycle: specification, validation, optimization, and documentation. The paper is organized as follows: Section 2
reviews background and motivation; Section 3 describes the Al-PLCM architecture; Section 4 details the core Al models; Section
5 presents integration with EDA toolchains; Section 6 reports experimental results; Section 7 discusses limitations and future
work; and Section 8 concludes.

2. Background and Motivation

2.1 The PCB Constraint Landscape

PCB layout constraints can be broadly categorized into four domains:

«  Electrical constraints: trace impedance targets, length matching tolerances, differential pair skew limits, crosstalk
thresholds, and return path continuity rules.

«  Physical constraints: minimum trace width and spacing, via drill sizes, keepout regions, component placement
restrictions, and board stack-up definitions.

«  Manufacturing constraints: annular ring minimums, copper balance requirements, solder mask expansion rules, and
panel utilization guidelines.

*  Thermal constraints: thermal relief requirements, copper pour heat dissipation paths, and component placement
relative to airflow direction.

High-speed serial interfaces — such as DDR5, PCle 5.0, and USB4 — impose particularly stringent electrical constraints that
interact across all four domains simultaneously. A PCle Gen 5 x16 link, operating at 32 GT/s, requires trace impedance control
within £5 Ohm, differential pair length matching within 5 mil, and intra-pair skew below 2 ps across a complex, multi-layer board
topology.

2.2 Limitations of Traditional Approaches

Conventional EDA constraint management has several well-documented limitations:

«  Static rule sets: Rules are authored once and rarely updated to reflect evolving silicon specifications, new fabrication
capabilities, or lessons learned from prior board failures.

«  Manual authoring burden: Engineers spend significant time translating specifications from datasheets into EDA-tool-
specific constraint syntax, a process that is error-prone and does not scale.

«  Lack of context awareness: Traditional DRC engines check rules in isolation without understanding the functional
significance or priority of each constraint in the context of the overall board.

«  Reactive rather than proactive: Constraint violations are typically discovered late in the design flow, during pre-route or
post-route DRC runs, when correction is costly.

A 2023 internal audit at AMD revealed that approximately 34% of all engineering re-spins were attributable, at least in part, to
PCB constraint management failures — either missing constraints, incorrect constraint values, or constraints that conflicted with
each other without explicit resolution logic.

2.3 Opportunity for Al Integration

The availability of large repositories of historical PCB designs, constraint databases, simulation results, and post-silicon validation
reports creates a unique opportunity for machine learning. AMD's internal design archive encompasses over 3,200 board designs
spanning fifteen years of product generations, representing an exceptionally rich training corpus for constraint-related Al
models. The convergence of advances in graph neural networks, transformer-based NLP models, and reinforcement learning
provides the technical toolkit needed to address the identified shortcomings.
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3. AI-PLCM System Architecture

The AI-PLCM system is composed of five primary modules, as illustrated conceptually in the workflow below. Each module
operates both independently and in coordination with adjacent modules, forming a closed-loop constraint management

pipeline.

Module

Constraint Extractor

Constraint Validator

Constraint Optimizer

Conflict Resolver

Documentation Engine

Primary Function

Parse specifications and
generate constraints

Real-time DRC with
priority awareness

Recommend optimal
constraint values

Detect and resolve inter-
constraint conflicts

Auto-generate constraint
rationale

Al Technology

NLP / Transformer

Graph Neural Network

Regression /
Reinforcement Learning

Constraint Satisfaction
+ ML

NLP Generation

Key Output

Structured constraint set

Violation report +
severity scores

Optimized constraint
parameters

Resolved, consistent rule
set

Human-readable
documentation

3.1 Data Ingestion and Knowledge Base

The AI-PLCM knowledge base is built from three primary data sources. The first is AMD's internal design archive: schematic
netlists, board layout databases, simulation result files (signal integrity, power integrity), and post-silicon validation reports — all
versioned and linked by product identifier. The second source is an external specification corpus of publicly available and
licensed component datasheets, interface consortium specifications (JEDEC, PCI-SIG, USB-IF), and fabrication vendor design
rules. The third is an expert annotation dataset of approximately 180,000 constraint-to-rationale pairs annotated by senior AMD
PCB engineers, used for supervised training of the constraint extraction and documentation modules.

3.2 Integration with EDA Toolchains

AI-PLCM integrates with AMD's primary EDA toolchains through a standardized API layer. The system supports native constraint
file export formats for industry-standard PCB layout tools, enabling constraint sets generated or validated by AI-PLCM to be
directly consumed by the EDA environment without manual reformatting. A plug-in interface provides real-time DRC feedback
within the layout editor, surfacing constraint violations and Al-driven recommendations as engineers work, rather than requiring
a batch DRC run.

4. Core Al Models

4.1 Constraint Extraction via Natural Language Processing

The constraint extraction module uses a fine-tuned transformer model (based on a domain-adapted variant of a large language
model) to parse unstructured or semi-structured specification documents and extract structured constraint objects. Input sources
include PDF datasheets, Excel-based interface specification sheets, and free-text engineering notes.

Each extracted constraint is represented as a structured record containing: constraint type (impedance, length match, spacing,
etc.), applicable net class or specific net names, numerical value and tolerance, source document reference, and confidence
score. Constraints with confidence scores below 0.75 are flagged for human review rather than automatically applied. In
evaluation on a held-out test set of 320 specification documents, the extraction model achieved 91.3% precision and 88.7% recall
on constraint identification.
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4.2 Graph Neural Network for Design Rule Checking

The constraint validation engine represents the PCB layout as a heterogeneous graph. Nodes represent electrical nets,
components, vias, and copper regions. Edges encode physical adjacency, electrical connectivity, and layer stack relationships. A
Graph Neural Network (GNN) trained on historical DRC pass/fail data learns to identify constraint violations — and predict their
severity — from the graph structure.

A key advantage of the GNN approach over traditional rule-engine DRC is its ability to reason about constraint violations in
context. For example, a marginal impedance deviation on a low-speed status signal is assigned a low severity score, while the
same deviation on a DDR5 data lane receives a critical severity score. This priority-aware violation reporting allows engineers to
focus remediation effort on high-impact issues first.

The GNN was trained on 2,800 labeled board designs and achieved 94.1% accuracy in violation classification on a 400-design
test set, compared to 76.3% for a baseline rule-engine approach that lacked contextual severity weighting.

4.3 Constraint Optimization via Regression and Reinforcement Learning

For constraints that have configurable target values (e.g., trace impedance target, length match window), the optimization
module recommends values that balance electrical performance, manufacturability, and routing density. A gradient-boosted
regression model provides baseline recommendations based on technology node, interface type, and board stack-up. A
reinforcement learning agent refines these recommendations by simulating routing outcomes and optimizing for a reward
function that combines DRC pass rate, routing completion rate, and estimated signal integrity margin.

4.4 Conflict Detection and Resolution

Constraint conflicts arise when two or more rules impose incompatible requirements on the same physical resource. For
example, a signal integrity rule may require a minimum copper fill clearance around a trace while a thermal rule requires
maximum copper fill in the same region. The conflict resolution module models constraints as a constraint satisfaction problem
(CSP) and applies a hybrid algorithm combining backtracking search with a learned heuristic (trained via imitation learning on
expert resolution decisions) to propose conflict resolutions that minimize constraint relaxation.

5. Deployment and Workflow Integration

5.1 Design Flow Integration

AI-PLCM is integrated at three points in AMD's PCB design flow. In the pre-layout phase, the constraint extraction module
processes all applicable specifications and auto-populates the EDA constraint database, replacing approximately 80% of
previously manual constraint entry. In the layout phase, the GNN-based DRC engine provides continuous background checking
with results surfaced in the engineer's layout editor. In the post-layout phase, the optimization module reviews the completed
layout and proposes targeted constraint adjustments that could improve yield or timing margin without requiring re-routing.

5.2 Human-AlI Collaboration Model

AI-PLCM is designed as a collaborative tool, not a fully autonomous decision-maker. All Al-generated constraints and
recommendations are presented with confidence scores and source traceability. Engineers retain final authority over constraint
acceptance. A feedback loop captures engineer accept/reject decisions to continuously fine-tune the underlying models. This
human-in-the-loop design was found to be essential for engineer trust and adoption — initial pilots with fully automated
constraint application were rejected by the design teams due to concerns about accountability.

6. Experimental Results

AI-PLCM was deployed across three AMD product families over an 18-month period, covering 47 board designs at various levels
of complexity, from simple evaluation boards to full server motherboards. Key performance metrics are summarized below.

Metric ‘ Baseline (Traditional) Al-PLCM Improvement
Design rule violations at tape-out 38.4 avg/board 20.3 avg/board 47.1% reduction
First-pass layout success rate 43% 56% +13 percentage
points
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Metric ‘ Baseline (Traditional) Al-PLCM Improvement
Constraint authoring time 18.2 hrs 6.8 hrs 62.6% reduction
(hrs/board)
Engineering review cycle (days) 4.7 days 2.9 days 38.3% reduction
Constraint conflicts detected pre- 12% of designs 89% of designs 7.4x improvement
layout
GNN DRC accuracy vs. ground truth 76.3% 94.1% +17.8 percentage

points

Engineer satisfaction surveys, administered to 24 PCB layout engineers who used Al-PLCM in production, reported an average
satisfaction score of 4.1 out of 5.0, with the highest-rated feature being real-time contextual DRC feedback (4.6/5.0) and the
lowest-rated feature being initial model recommendations for novel interface types not well-represented in training data
(3.4/5.0).

7. Limitations and Future Work

Despite the demonstrated improvements, several limitations warrant discussion. The GNN model performance degrades for
board designs that incorporate interface types with fewer than 50 historical examples in the training corpus. This is particularly
relevant for next-generation interfaces in early product definition phases. Future work will explore few-shot and transfer learning
techniques to address this cold-start problem.

The constraint extraction NLP model currently achieves lower precision on multi-page, figure-heavy datasheet formats compared
to tabular specification documents. Integration of multi-modal document understanding (combining text and image analysis) is
planned for the next model generation.

Ongoing work includes extending Al-PLCM to support constraint management across the full system design hierarchy, from chip
package design through board layout to system-level electromagnetic compliance — a unified constraint management
framework that AMD is currently prototyping in collaboration with its package and systems design teams.

Finally, the reinforcement learning optimization agent currently operates on a per-board basis. Future iterations will leverage
cross-board transfer, allowing lessons learned from routing one product family to accelerate constraint optimization for
subsequent designs in the same technology node.

8. Conclusion

This article has presented the Al-Based PCB Layout Constraint Manager (Al-PLCM), a production system developed at AMD that
applies machine learning, graph neural networks, and natural language processing to automate and enhance PCB layout
constraint management. Deployed across 47 board designs over 18 months, Al-PLCM delivered a 47% reduction in tape-out
design rule violations, a 31% improvement in first-pass layout success rate, and a 62% reduction in constraint authoring time.

The work demonstrates that Al integration in EDA workflows is not merely an academic proposition but a practically achievable
and economically compelling capability. The human-in-the-loop collaboration model, built on Al-generated recommendations
with full traceability and engineer override authority, has been central to the system's successful adoption.

As semiconductor systems continue to grow in complexity and time-to-market pressure intensifies, Al-driven design automation
will become an essential component of competitive hardware development. The Al-PLCM experience at AMD offers a concrete
reference architecture and a validated deployment approach for the broader EDA community.
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