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Introduction & Motivation
Electronic design automation (EDA) comprises software tools
for designing modern integrated circuits, synthesis, placement,
routing, timing analysis, and verification.

Key Challenges:

• Billion-transistor scale designs increase complexity

• Tight timing margins at advanced technology nodes

• Long computation times that slow productivity

• Simplified abstractions reduce accuracy

• Stricter power-performance-area

Why Machine Learning?

• Leverages large volumes of data

• Learns complex, high-dimensional relationships

• Accumulates knowledge across designs

• Enables faster and more informed design decisions

• Well-suited for NP-complete / NP-hard EDA problems

Focus of This Work:

• Improve accuracy in key EDA stages (cell characterization,
STA, physical design)

• Demonstrate the potential of ML to enhance core EDA tasks

• Lower computation, data, storage overhead, overall design ef-
fort and iterations

• Enable faster and scalable design flows

Prediction and Alleviation of Congestion during Placement [1]
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Fig 1: Congestion Prediction And Alleviation in physical design
Problem:

• Early global routing provides coarse and inaccurate congestion estimates

• Fails to capture local layout effects such as pin density and cell geometry

• Results in routing congestion, poor placement decisions, timing degradation

Proposed Approach:

• ML-based congestion prediction directly at the placement stage

• Extraction of structural and layout-aware features from design data

• Prediction-guided placement refinement to reduce congestion hotspots

Results:

• Evaluated on ISPD 2014 and 2015 benchmark circuits

• Achieves 68% RMSE reduction over early routing estimates

• Enables 8–30% reduction in routing congestion

Fig 2: Congestion map for mgc_fft_a

Fig 3: Congestion map for mgc_pci_bridge32_1

SAT-Guided Framework for MIS induced Delay/Glitch Modeling [2,3]
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Fig. 4: MIS-aware timing / glitch timing analysis
Problem:

• STA assumes Single Input Switching (SIS), ignor-
ing Multi Input Switching (MIS) effects → delay
variations and glitches

• Leads to timing inaccuracies, hold violations, sig-
nal integrity issues, and higher power

• MIS combinations grow exponentially → imprac-
tical simulation cost

Proposed Approach:

• SAT extracts MIS-relevant input patterns

• ML models learn delay and glitch behavior

• Framework integrates SAT based MIS pattern ex-
traction, data generation and optimization, ML
model devlopment

Results:

• Validated on ISCAS benchmark circuits

• Delay error reduced from >40% (STA tool vs
SPICE) to <7% (ML vs SPICE)

• Glitch error below ∼5% (ML vs SPICE)

• ∼10,000× faster evaluation than SPICE

MIS Pattern Extraction
Goal: Identify critical MIS transitions impact-
ing delay and glitches in timing analysis for
multi input gates and complex gates.

Notation:

• X ′, X ′′: input vectors (before/after)

• (i, j): toggling input pair, i ̸= j

• M : only xi, xj toggle

• T = f(X ′) ⊕ f(X ′′): output toggle

• SD = ∂Y
∂xi

∧ ∂Y
∂xj

: sensitive to both inputs

• SG = ∂Y
∂xi

∨ ∂Y
∂xj

: sensitive to either input

Delay Modeling:

P (X ′, X ′′) =
∨

(i,j)

M · T · SD

Glitch Modeling:

G(X ′, X ′′) =
∨

(i,j)

M · ¬T · SG

Flip-Flop Timing Model for Marginal Timing Violation Resolution [4]
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Fig. 5: Marginal violations resolution framework in timing analysis

Problem:

• ST, HT, and C2Q modeled independently in STA

• Ignores setup–hold interdependency → introduces pes-
simism, leads to marginal violations at sign-off

• Causes unnecessary buffering, redesign, and area/power
overhead

Proposed Approach:

• ML-based framework to redefine safe operating region for
flip-flops to handle pessimism

• LatchPredict models probability of correct data latching,
Captures setup–hold dependency and process variations

• C2QPredict estimates delay in extended timing space

• Hierarchical violation-waiver framework for safe filtering

Results:

• Validated on TAU benchmarks (45 nm) with Monte Carlo
SPICE

• 100% precision in filtering marginal violations (no false
positives)

• C2Q delay errors below 2% compared to golden SPICE
values in the extended timing region
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Fig. 6: (a) Setup skew (τs) vs.
probability of latching (PL), (b)

latching threshold Lsetup vs. hold skew
(τh), (c) C2Q delay (τC2Q) vs. setup

skew (τs).

Conclusion & Future Work
• ML significantly improves accuracy, scalability, and runtime

across EDA stages

• Reduces reliance on SPICE and expensive analysis, enabling
faster design optimization

• Enhances timing analysis, glitch modeling, and congestion pre-
diction for reliable design closure

• Future: advanced ML models, tighter tool integration, and
extension to large-scale and advanced-node designs
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