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VLSI Gate Sizing with Large Language Models
Motivation & Key Idea

• Gate Sizing: A forever-important transform in Physical Design:
• Gate sizing for PPA optimization is a fundamental transform used repetitively
• Existing gate sizing approaches are time-consuming (especially in advanced nodes)

• Commercial 3nm node offers more than 10 thousands libCells
• Sensitivity-based approaches do not scale

• Why LLMs can Help?
• LLMs have proven super-human capabilities

• No one cares about the Turing test anymore!
• One key lesson has been taught:

• With enough data and compute, we can do magic
• 🡪 path data are abundant in PD

• Key Idea of Gate Sizing as Language Modeling:
• Each timing path is considered as a “sentence”
• Library cells (libCells) along a path can be thought as “words”
• Path-based sizing transform can be thought as sentence-to-sentence ”translation”



Philosophy of Customizing LLMs for PD Tasks

• Language modeling is powerful
• But we need a “PD language” for true PPA gain
• We need well-defined, explainable tokens

• TransSizer’s Limitation: Non-Exact Predictions
• Gates are categorized to bins
• Decoder predicts ‘bin ID’ and searches through final gate
• We need exact language modeling

• Auto-regressive nature is not always good
• Sampling drifts

• Beam search can help but not much
• Computationally inefficient

• Decoding process is not parallelizable
• We aim to explore encoder-only models

• Warm-up for unseen designs
• We need self-supervised pre-training

tranSizer’s binning strategy:
same number of bins for different libCells



LEGO-Size Framework Overview
• A multi-stage framework that performs:

• Self-Supervised Learning
• Requires no optimization labels

• Supervised Fine-Tuning (SFT)
• Optimization labels from PrimeTime

• Differentiable STA for probability refinement
• Our in-house GPU-accelerated STA engine (INSTA)

• Self-Supervised Learning Tasks:
• Masked Token Prediction
• Arrival Time Prediction

• Supervised Fine-Tuning Tasks:
• Slack improvement prediction
• Final gate type prediction

• Why Tokenization?
• Drastically helps modeling generalization.
• Example:

• There are 10k cells in our 3nm library
• But can be represented by ~300 tokens



Library Tables Encoding using CNN

• Goal:
• Construct generic representation for lib tables

• Idea:
• Each table can be viewed as ‘channel’
• Similar to RGB channels in image



Self-Supervised Pre-Training

• Masked Token Prediction (termed as MLM)
• Stage-based Arrival Increment Prediction

• Key Idea:
• randomly masked out some tokens (libCells) 

along a path
• given the RC features, reconstruct the masked 

tokens

construct PD-specific token embeddings



Ablation Study: Self-Supervised Pre-Training on LibCell Embeddings
Left figure: pre-trained with masked token prediction only

Right figure: pre-trained with masked token prediction and arrival prediction

each point is a “lib type” (e.g, BUFFSK, BUFCS) and each class denotes a unique functionality



Improving Path-Based Optimization with Global View

 



Detailed Architecture of LEGO-Size

• Slack improvement conditioning 
• Idea: we let the model know how much slack to improve in advance
• trained with groundtruth labels (teacher-forcing)

• A differentiable, GPU-accelerated STA engine is used to adjust probabilities



Estimate ECO for Sub-Graph Reannotation
Extremely fast with parallel execution

1m+ (cell, libCell) pairs take a few seconds



Complete Differentiable Gate Sizing Process

• LibCell probabilities are from LLM predictions
• Delta-delays are estimated by a commercial tool

• Each associated with a LLM-predicted prob.

• A differentiable STA engine is leveraged to perform 
differentiable timing propagation

• Differentiable w.r.t. LLM-predicted probs.

• Remove path-based ambiguity!
• By graph-based refinement



Experimental Setup and Optimization Results

• We collected 21 PD implementations with different recipes from 5 high-performance designs
• We generated around 28M timing paths with optimization labels from a commercial tool
• The pre-training of 28M paths spans across a week on a server with 8 A100 GPUs.
• For validation, we leave an implementation to be unseen and fine-tune on the remaining ones.



Ablation Studies

(optimization results by predictive models only)
Slack-conditioning for PPA-tradeoff



Conclusion and Future Work

• We show that language modeling techniques can be applied to PD for PPA optimization 
• Particularly, the effectiveness of introducing “PD tokens” for handling complex design space

• We show that GPU-powered differentiable techniques are effective for large-scale optimization
• which further improves the limitations of predictive models

• In the future, we plan to improve LEGO by:
• Simultaneously tackling more PPA objectives

• Or having them as constraints

• Multi-scenario handling
• Currently focus on the dominant scenario



Thank you for listening!


