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Abstract
In VLSI design, accurate pre-routing timing prediction is para-

mount. Traditional machine learning-based methods require exten-
sive data, posing challenges for advanced technology nodes due
to the time-consuming data preparation. To mitigate this issue, we
propose a novel transfer learning framework that uses data from
previous nodes for learning on the target node. Our method initially
disentangles and aligns timing path features across different nodes,
then predicts each path’s arrival time employing a Bayesian-based
model capable of handling highly variable arrival time and general-
izing to new designs. Experimental results on transfer learning from
130𝑛𝑚 to 7𝑛𝑚 nodes validate our method’s effectiveness.

1 Introduction
Modern chips impose stringent demands on timing constraints. To

comply with these rigorous timing constraints, placement and rout-
ing (PnR) processes are frequently performed in an iterative manner,
which can be highly time-consuming. As a result, researchers are
endeavoring to predict the timing report before the routing step. This
‘look-ahead’ mechanism provides preliminary feedback for timing
optimization, potentially expediting the chip design process.

The widely-used timing prediction approach is the linear RC static
timing analysis (STA) model, e.g., Elmore’s model [1], which quickly
evaluates timing using placement results. However, its efficacy is
compromised due to the absence of routing information. Recent
studies have achieved remarkable achievements for pre-routing tim-
ing prediction by leveraging machine learning (ML) methodologies.
Barboza et al. [2] predict local net/cell delay and slew from high-
level placement result features. Guo et al. [3] propose an end-to-end
graph neural network (GNN) for predicting pre-routing arrival time
and slack values at timing endpoints. Considering the impact of
timing optimization, Wang et al. [4] develop an endpoint embedding
framework that integrates both netlist and layout information.
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Figure 1: (a) Trained on limited 7nm netlist data; (b) Trained
on both limited 7nm netlist data and 130nm netlist data.

Albeit great success has been made, the training of a precise and
highly generalizable ML-based timing model necessitates a substan-
tial volume of training data at the target technology node.When only
trained on limited data, the timing predictor may suffer from severe
performance drop, as shown in Figure 1(a). However, with the rapid
development of the technology node, collecting complete timing
data requires running a series of tools, which may be extremely time-
consuming for extensive data. This presents substantial challenges
for training a timing predictor for the advanced technology node.
To address this issue, we propose a transfer learning framework that
leverages extensive data at the preceding node and limited data at
the target node to enhance the performance at the target node, as
shown in Figure 1(b).

Under the transfer learning setting, there are three main chal-
lenges. First, transfer learning aims to exploit common and transfer-
able knowledge in different data distributions. Netlist data consists
of two kinds of knowledge: node-dependent and design-dependent.
The former refers to the standard cell types and characteristics that
vary across technology nodes, while the latter captures the function-
alities of timing paths independent of the nodes. However, these two
kinds of knowledge are highly intertwined in the netlist graph, mak-
ing it difficult to leverage the common and transferable parts across
different nodes. Second, the arrival time values of different timing
paths can vary dramatically, even by one or two orders of magni-
tude, which poses significant challenges for the ML-based regression
model. Third, the limited target node data makes the timing pre-
dictor susceptible to overfitting the training designs, which hinders
the broad application of the learned model. To mitigate these chal-
lenges, we propose a novel framework tailored for timing prediction
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that first disentangles the features of the timing path into node-
dependent and design-dependent parts in the latent feature space,
then, we align these two parts separately byminimizing a node-based
contrastive loss and a design-based discrepancy loss. Subsequently,
with the disentangled features, we propose a new Bayesian machine
learning-based framework that can adapt to highly variable arrival
time values and generalize well to new designs.

To validate the effectiveness of our proposed method, we collect
abundant data at the 130𝑛𝑚 node and limited data at the 7𝑛𝑚 node
as our training set, then test its performance using the 7𝑛𝑚 data.
The experimental results show that our method outperforms its
counterparts by a significant margin. The main contribution can be
summarized as follows:

• To the best of our knowledge, we are the first to investigate
transfer learning from different technology nodes in timing pre-
diction.

• A new feature disentanglement framework is proposed, which
first decouples the timing path features into node-dependent
and design-dependent parts and aligns them separately.

• To enable effective generalization to new designs, we propose a
novel Bayesian machine learning-based timing predictor.

• The experimental results on transfer learning from 130𝑛𝑚 node
to 7𝑛𝑚 node verify the effectiveness of our method.

2 Preliminaries

2.1 ML-based Timing Prediction
With the rapid development of machine learning, ML-based tim-

ing prediction techniques have been explored and proven to be
successful. These approaches leverage large datasets and utilize ML
algorithms to model the circuit timing. In [2], the authors propose a
random forest model that first utilizes extracted placement features
to predict routed net delay and slew. Then, relying on PERT traver-
sals [5], the overall circuit timing is determined based on the predic-
tion results output by the random forest model. To further accelerate
the timing prediction, Guo et al. [3] propose a timing engine-inspired
GNN model. By representing netlists as graphs, GNNs can capture
the relationships and dependencies between circuit elements. The
proposed GNN model predicts global timing metrics at timing end-
points in an end-to-end fashion, eliminating the need for additional
feature engineering and invoking STA tools.

However, most previous ML-based timing predictors rely solely
on the provided pre-routing netlist structures, which do not align
with the optimized sign-off structures. Consequently, these methods
often yield inaccurate timing prediction results. In order to address
this issue, Wang et al. [4] introduce a timing optimization-aware
predictor capable of handling netlist restructuring. By recognizing
that timing endpoints remain unchanged during timing optimization,
the authors focus on global endpoint-level prediction instead of the
previously utilized local cell-level prediction. Besides, they propose
incorporating supplementary information from the layout to model
the impact of timing optimization. This study demonstrates that
adopting a global endpoint-wise perspective from both the netlist and
layout significantly enhances optimization-aware timing estimation.
Following [4], our proposed timingmodel is also timing optimization-
aware.

GNN

CNN
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Figure 2: Overview of the method. Timing path feature align-
ment is only computed during the training stage.

2.2 Transfer Learning
In machine learning, when we do not have enough data on the tar-

get domain, an effective solution is transfer learning, which leverages
data from other domains to aid the learning on the target domain.
The critical issue in transfer learning is how to design a learning
framework for learning the transferrable knowledge between the
source and target domains. A widely used technique is pretraining-
then-finetuning [6], which first trains the model on the source do-
main with abundant data to learn a good feature extractor and then
finetunes the model with much fewer steps on the target domain to
transfer the knowledge. Another effective approach is the parameter-
sharing strategy [7] that lets some parameters of the neural networks
be shared by data from different domains while the other parameters
are learned separately. In EDA, [8] proposes a transfer learning-based
framework for transistor sizing that transfers knowledge in different
circuits. In the case of timing prediction, collecting the timing data
requires running a long time-consuming toolchain. Consequently,
the ability to transfer knowledge from one technology node to an-
other becomes increasingly important. To the best of our knowledge,
the application of transfer learning in the field of timing prediction
has not been previously discussed.

2.3 Problem Formulation
Problem 1 (Transferrable Timing Prediction). Given a large netlist
setN𝑆 at the source preceding technology node and a limited netlist
set N𝑇 at the target advanced technology node, our goal is to learn
a model which accurately predicts endpoint arrival time on test
netlist data at advanced technology node, achieving high R2 score
and demanding low computation cost.

3 Algorithm
We build our timing prediction model in an endpoint-based man-

ner. The main idea is to disentangle the node-dependent and design-
dependent features for each timing path. Then, we try to make
the node-dependent features consistent in one technology node
and distinguishable in different nodes. Meanwhile, since the design-
dependent features are node-agnostic, we try to minimize the gap
between the design-dependent features in different nodes. These
two objectives serve as the target of feature alignment.

3.1 Timing Path Feature Extractor
Following [4], we build a timing path feature extractor 𝐹 (·) that

is capable of handling netlist restructuring, as shown in Figure 3.
Given any netlist G, we denote the set of all the timing paths as
Path(G) = {G′

𝑖
}𝑀
𝑖=1, where G

′ represents a timing path and𝑀 is the
total number of timing paths. Here G′ is the whole fanin cone for
the timing endpoint, a sub-graph of the netlist G. For each timing
path G′, we can collect two types of input: the graph consisting of
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Figure 4: A netlist can be characterized by two parts of infor-
mation: the functionality and the standard cell information.

pin and net informationH and the corresponding layout image set
X.

Specifically, the layout image set X includes the cell density map,
rectangular uniform wire density map, and the macro cells region
map. Besides,H is a heterogeneous graph with two types of edges:
the net edge connecting a net’s drive pin and one of its sink pins, and
the cell edge connecting one of a cell’s input pins and its output pin.
The nodes inH represent the pins in the netlist. The net distance, cell
driving strength, gate type, and pin capacitance are used as the node
features. Note that we use one-hot representation for the gate type
and merge all the gates in different technology nodes as the total
gate set. Then, we use a GNN to propagate on H from the primary
inputs to the endpoints to obtain the feature for each timing path
G′. Meanwhile, we mask each timing path with the pin locations on
the layout image and use a convolution neural network (CNN) to
extract the features of the timing path there. The final feature of a
given timing path is the concatenation of these two parts, which can
be denoted as:

u = 𝐹 (G′) = [GNN(H),CNN(X)] ∈ R𝑚 . (1)

3.2 Timing Path Feature Disentanglement
As shown in Figure 4, each netlist contains two parts of informa-

tion: the functionality information encoded in the design specifica-
tion and the standard cell information, including its structures and
parameters, such as the load and capacitance. For a given design,
mapping to different technology nodes may produce two utterly
different netlist graphs, but they will share the same logical func-
tionality. Inspired by this, we aim to separate these two kinds of
knowledge to facilitate transfer learning. However, these two pieces
of knowledge are highly coupled in the netlist graphs, which is
infeasible to separate directly from the raw input. Therefore, we
propose disentangling the design-dependent knowledge and the
node-dependent knowledge from the feature space of the timing
path.

Since we aim to learn a performant timing predictor from only
limited data in the target advanced technology node and abundant
data in the source preceding technology node, we may assume that
our training set is composed of two parts N𝑆 = {G𝑆1 , · · · ,G

𝑆
𝐿𝑆
} and

N𝑇 = {G𝑇1 , · · · ,G
𝑇
𝐿𝑇

}, where N𝑆 and N𝑇 represent the source pre-
ceding node and target advanced technology node netlist set, respec-
tively, and we have 𝐿𝑆 ≫ 𝐿𝑇 . For any path feature u, we further
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<latexit sha1_base64="Q3ZFHU8Hsd5v0kzobS0LsgWpHuE=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh17WL1fcqjsHWSVeTiqQo9Evf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5511JFI278bH7plJxZZUDCWNtSSObq74mMRsZMosB2RhRHZtmbif953RTDaz8TKkmRK7ZYFKaSYExmb5OB0JyhnFhCmRb2VsJGVFOGNpySDcFbfnmVtC6q3mW1dl+r1G/yOIpwAqdwDh5cQR3uoAFNYBDCM7zCmzN2Xpx352PRWnDymWP4A+fzB55yjW4=</latexit>{
<latexit sha1_base64="Q3ZFHU8Hsd5v0kzobS0LsgWpHuE=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh17WL1fcqjsHWSVeTiqQo9Evf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5511JFI278bH7plJxZZUDCWNtSSObq74mMRsZMosB2RhRHZtmbif953RTDaz8TKkmRK7ZYFKaSYExmb5OB0JyhnFhCmRb2VsJGVFOGNpySDcFbfnmVtC6q3mW1dl+r1G/yOIpwAqdwDh5cQR3uoAFNYBDCM7zCmzN2Xpx352PRWnDymWP4A+fzB55yjW4=</latexit>{

<latexit sha1_base64="Q3ZFHU8Hsd5v0kzobS0LsgWpHuE=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh17WL1fcqjsHWSVeTiqQo9Evf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5511JFI278bH7plJxZZUDCWNtSSObq74mMRsZMosB2RhRHZtmbif953RTDaz8TKkmRK7ZYFKaSYExmb5OB0JyhnFhCmRb2VsJGVFOGNpySDcFbfnmVtC6q3mW1dl+r1G/yOIpwAqdwDh5cQR3uoAFNYBDCM7zCmzN2Xpx352PRWnDymWP4A+fzB55yjW4=</latexit>{
<latexit sha1_base64="Q3ZFHU8Hsd5v0kzobS0LsgWpHuE=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh17WL1fcqjsHWSVeTiqQo9Evf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5511JFI278bH7plJxZZUDCWNtSSObq74mMRsZMosB2RhRHZtmbif953RTDaz8TKkmRK7ZYFKaSYExmb5OB0JyhnFhCmRb2VsJGVFOGNpySDcFbfnmVtC6q3mW1dl+r1G/yOIpwAqdwDh5cQR3uoAFNYBDCM7zCmzN2Xpx352PRWnDymWP4A+fzB55yjW4=</latexit>{

<latexit sha1_base64="5a3jtcUqnyUp6j2FJhbbgZl2/AM=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh960X664VXcOskq8nFQgR6Nf/uoNYpZGXCGT1Jiu5yboZ1SjYJJPS73U8ISyMR3yrqWKRtz42fzSKTmzyoCEsbalkMzV3xMZjYyZRIHtjCiOzLI3E//zuimG134mVJIiV2yxKEwlwZjM3iYDoTlDObGEMi3srYSNqKYMbTglG4K3/PIqaV1Uvctq7b5Wqd/kcRThBE7hHDy4gjrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD6F6jXA=</latexit>}
<latexit sha1_base64="5a3jtcUqnyUp6j2FJhbbgZl2/AM=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh960X664VXcOskq8nFQgR6Nf/uoNYpZGXCGT1Jiu5yboZ1SjYJJPS73U8ISyMR3yrqWKRtz42fzSKTmzyoCEsbalkMzV3xMZjYyZRIHtjCiOzLI3E//zuimG134mVJIiV2yxKEwlwZjM3iYDoTlDObGEMi3srYSNqKYMbTglG4K3/PIqaV1Uvctq7b5Wqd/kcRThBE7hHDy4gjrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD6F6jXA=</latexit>}

<latexit sha1_base64="5a3jtcUqnyUp6j2FJhbbgZl2/AM=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh960X664VXcOskq8nFQgR6Nf/uoNYpZGXCGT1Jiu5yboZ1SjYJJPS73U8ISyMR3yrqWKRtz42fzSKTmzyoCEsbalkMzV3xMZjYyZRIHtjCiOzLI3E//zuimG134mVJIiV2yxKEwlwZjM3iYDoTlDObGEMi3srYSNqKYMbTglG4K3/PIqaV1Uvctq7b5Wqd/kcRThBE7hHDy4gjrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD6F6jXA=</latexit>}
<latexit sha1_base64="5a3jtcUqnyUp6j2FJhbbgZl2/AM=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh960X664VXcOskq8nFQgR6Nf/uoNYpZGXCGT1Jiu5yboZ1SjYJJPS73U8ISyMR3yrqWKRtz42fzSKTmzyoCEsbalkMzV3xMZjYyZRIHtjCiOzLI3E//zuimG134mVJIiV2yxKEwlwZjM3iYDoTlDObGEMi3srYSNqKYMbTglG4K3/PIqaV1Uvctq7b5Wqd/kcRThBE7hHDy4gjrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD6F6jXA=</latexit>}

<latexit sha1_base64="JXzBjyZgmsI8ags2tosNzBng8sY=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRS1GPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66LqX1Zr97VK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALFFjzg=</latexit>· · ·

<latexit sha1_base64="JXzBjyZgmsI8ags2tosNzBng8sY=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRS1GPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66LqX1Zr97VK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALFFjzg=</latexit>· · ·

<latexit sha1_base64="JXzBjyZgmsI8ags2tosNzBng8sY=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRS1GPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66LqX1Zr97VK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALFFjzg=</latexit>· · ·
<latexit sha1_base64="JXzBjyZgmsI8ags2tosNzBng8sY=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRS1GPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66LqX1Zr97VK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALFFjzg=</latexit>· · ·

<latexit sha1_base64="JXzBjyZgmsI8ags2tosNzBng8sY=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRS1GPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66LqX1Zr97VK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALFFjzg=</latexit>· · ·
<latexit sha1_base64="JXzBjyZgmsI8ags2tosNzBng8sY=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRS1GPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66LqX1Zr97VK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALFFjzg=</latexit>· · ·

<latexit sha1_base64="VVjuccHib9cj/Q2kC//EXdsUfDk=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiGxcKFewD2rFk0kwbmmSGJKOUof/hxoUibv0Xd/6NmXYW2nogcDjnXu7JCWLOtHHdb6ewtLyyulZcL21sbm3vlHf3mjpKFKENEvFItQOsKWeSNgwznLZjRbEIOG0Fo6vMbz1SpVkk7804pr7AA8lCRrCx0kNXYDNUIr29qU96sleuuFV3CrRIvJxUIEe9V/7q9iOSCCoN4VjrjufGxk+xMoxwOil1E01jTEZ4QDuWSiyo9tNp6gk6skofhZGyTxo0VX9vpFhoPRaBncxS6nkvE//zOokJL/yUyTgxVJLZoTDhyEQoqwD1maLE8LElmChmsyIyxAoTY4sq2RK8+S8vkuZJ1Turnt6dVmqXeR1FOIBDOAYPzqEG11CHBhBQ8Ayv8OY8OS/Ou/MxGy04+c4+/IHz+QOrY5Ki</latexit>

MLPn

<latexit sha1_base64="03rwBEjbCKMBPEgFFjPDL7eYYms=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiGxcKFewD2rFkMmkbmmSGJKOUof/hxoUibv0Xd/6NmXYW2nogcDjnXu7JCWLOtHHdb6ewtLyyulZcL21sbm3vlHf3mjpKFKENEvFItQOsKWeSNgwznLZjRbEIOG0Fo6vMbz1SpVkk7804pr7AA8n6jGBjpYeuwGaoRHp7U5/0wl654lbdKdAi8XJSgRz1XvmrG0YkEVQawrHWHc+NjZ9iZRjhdFLqJprGmIzwgHYslVhQ7afT1BN0ZJUQ9SNlnzRoqv7eSLHQeiwCO5ml1PNeJv7ndRLTv/BTJuPEUElmh/oJRyZCWQUoZIoSw8eWYKKYzYrIECtMjC2qZEvw5r+8SJonVe+senp3Wqld5nUU4QAO4Rg8OIcaXEMdGkBAwTO8wpvz5Lw4787HbLTg5Dv78AfO5w+cO5KY</latexit>

MLPd

<latexit sha1_base64="gBB7hECHBfqFyaxkgopndKEWQfQ=">AAAB9HicbVBNS8NAFHypX7V+RT16WSyCp5JIUY9FLx4rmrbQhrLZbtqlm03c3RRK6O/w4kERr/4Yb/4bN20O2jqwMMy8x5udIOFMacf5tkpr6xubW+Xtys7u3v6BfXjUUnEqCfVIzGPZCbCinAnqaaY57SSS4ijgtB2Mb3O/PaFSsVg86mlC/QgPBQsZwdpIfi/CekQwz7xZ/6FvV52aMwdaJW5BqlCg2be/eoOYpBEVmnCsVNd1Eu1nWGpGOJ1VeqmiCSZjPKRdQwWOqPKzeegZOjPKAIWxNE9oNFd/b2Q4UmoaBWYyD6mWvVz8z+umOrz2MyaSVFNBFofClCMdo7wBNGCSEs2nhmAimcmKyAhLTLTpqWJKcJe/vEpaFzX3sla/r1cbN0UdZTiBUzgHF66gAXfQBA8IPMEzvMKbNbFerHfrYzFasoqdY/gD6/MH8s6SOg==</latexit>US

<latexit sha1_base64="JONiT0d2xLOOfQwPX4FHX3Y9iWg=">AAAB9HicbVBNS8NAFHypX7V+RT16WSyCp5JIUY9FLx4rNG2hDWWz3bRLN5u4uymU0N/hxYMiXv0x3vw3btoctHVgYZh5jzc7QcKZ0o7zbZU2Nre2d8q7lb39g8Mj+/ikreJUEuqRmMeyG2BFORPU00xz2k0kxVHAaSeY3Od+Z0qlYrFo6VlC/QiPBAsZwdpIfj/Cekwwz7z5oDWwq07NWQCtE7cgVSjQHNhf/WFM0ogKTThWquc6ifYzLDUjnM4r/VTRBJMJHtGeoQJHVPnZIvQcXRhliMJYmic0Wqi/NzIcKTWLAjOZh1SrXi7+5/VSHd76GRNJqqkgy0NhypGOUd4AGjJJieYzQzCRzGRFZIwlJtr0VDEluKtfXiftq5p7Xas/1quNu6KOMpzBOVyCCzfQgAdoggcEnuAZXuHNmlov1rv1sRwtWcXOKfyB9fkD9FKSOw==</latexit>UT

<latexit sha1_base64="tTMANfGebhJS1FamNynhYwW3z2E=">AAAB+nicbVBNT8JAFHzFL8SvokcvjcTEE2kNUY9ELx4xWiCB2myXLWzYbpvdrYbU/hQvHjTGq7/Em//GBXpQcJJNJjPv5c1OkDAqlW1/G6WV1bX1jfJmZWt7Z3fPrO63ZZwKTFwcs1h0AyQJo5y4iipGuokgKAoY6QTjq6nfeSBC0pjfqUlCvAgNOQ0pRkpLvlntR0iNMGKZm99nPPdvfbNm1+0ZrGXiFKQGBVq++dUfxDiNCFeYISl7jp0oL0NCUcxIXumnkiQIj9GQ9DTlKCLSy2bRc+tYKwMrjIV+XFkz9fdGhiIpJ1GgJ6dB5aI3Ff/zeqkKL7yM8iRVhOP5oTBlloqtaQ/WgAqCFZtogrCgOquFR0ggrHRbFV2Cs/jlZdI+rTtn9cZNo9a8LOoowyEcwQk4cA5NuIYWuIDhEZ7hFd6MJ+PFeDc+5qMlo9g5gD8wPn8AxBuUVw==</latexit>Un
S

<latexit sha1_base64="pj1fRkUIXSym2HOMRXyCt5uEUIY=">AAAB+nicbVC9TsMwGHTKXyl/KYwsFhUSU5WgChgrWBiLIG2lNkSO47RWHSeyHVAV8igsDCDEypOw8TY4bQZoOcnS6e779J3PTxiVyrK+jcrK6tr6RnWztrW9s7tn1ve7Mk4FJg6OWSz6PpKEUU4cRRUj/UQQFPmM9PzJVeH3HoiQNOZ3apoQN0IjTkOKkdKSZ9aHEVJjjFjm5PdZkHu3ntmwmtYMcJnYJWmAEh3P/BoGMU4jwhVmSMqBbSXKzZBQFDOS14apJAnCEzQiA005ioh0s1n0HB5rJYBhLPTjCs7U3xsZiqScRr6eLILKRa8Q//MGqQov3IzyJFWE4/mhMGVQxbDoAQZUEKzYVBOEBdVZIR4jgbDSbdV0Cfbil5dJ97RpnzVbN61G+7KsowoOwRE4ATY4B21wDTrAARg8gmfwCt6MJ+PFeDc+5qMVo9w5AH9gfP4AtNWUTQ==</latexit>

Ud
S

<latexit sha1_base64="AmMb4kR8M8KdRpO+CrenOLGXOFA=">AAAB+nicbVC9TsMwGHTKXyl/KYwsFhUSU5WgChgrWBiL1LSV2hA5jtNadZzIdkBVyKOwMIAQK0/CxtvgtBmg5SRLp7vv03c+P2FUKsv6Nipr6xubW9Xt2s7u3v6BWT/syTgVmDg4ZrEY+EgSRjlxFFWMDBJBUOQz0venN4XffyBC0ph31SwhboTGnIYUI6Ulz6yPIqQmGLHMye+zIPe6ntmwmtYccJXYJWmAEh3P/BoFMU4jwhVmSMqhbSXKzZBQFDOS10apJAnCUzQmQ005ioh0s3n0HJ5qJYBhLPTjCs7V3xsZiqScRb6eLILKZa8Q//OGqQqv3IzyJFWE48WhMGVQxbDoAQZUEKzYTBOEBdVZIZ4ggbDSbdV0Cfbyl1dJ77xpXzRbd61G+7qsowqOwQk4Aza4BG1wCzrAARg8gmfwCt6MJ+PFeDc+FqMVo9w5An9gfP4AtlmUTg==</latexit>

Ud
T
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Figure 5: Timing path feature alignment.
adopt two multi-layer perceptrons (MLP(·)) to disentangle the equal-
sized node-dependent features u𝑛 and design-dependent features u𝑑
by:

u𝑛 = MLP𝑛 (u) ∈ R𝑚/2, u𝑑 = MLP𝑑 (u) ∈ R𝑚/2 . (2)
For MLP𝑛 , we use two linear layers and one ReLU activation in
between. ForMLP𝑑 , we append one extra tanh activation after the
MLP to limit the range of the design-dependent feature, which will
be used for feature alignment detailed in the following section.

3.3 Timing Path Feature Alignment
Following feature disentanglement, the target of feature align-

ment is to design a proper loss function to encode our designated
disentanglement of the node- and design-dependent knowledge into
an end-to-end machine learning framework. With this in mind, we
propose two loss functions, node-based contrastive loss and design-
based discrepancy loss, to align the node- and design-dependent
features, respectively. The overview of timing path feature align-
ment is shown in Figure 5.

Node-based contrastive loss. The intuition to align the node-
dependent features is that the netlist on the same node should share
the same standard cells, including the gate structures and the con-
figuration parameters for pins and nets. On the contrary, the node-
dependent features should be distinguishable for netlists at different
nodes. For this purpose, we propose a node-based contrastive loss.

Specifically, in each batch of training data, we first sample some
designs N′

𝑆
⊆ N𝑆 and N′

𝑇
⊆ N𝑇 . Then, following Equation (1)

and Equation (2), we can obtain the disentangled path feature sets,
i.e., node- and design-dependent features, for the source preceding
node, denoted as U𝑛

𝑆
and U𝑑

𝑆
. Similarly, we can obtain the node-

dependent path features and design-dependent path features of the
target advanced node, denoted as U𝑛

𝑇
and U𝑑

𝑇
.

Denote the set of all the node-dependent features asA = U𝑛
𝑆
∪U𝑛

𝑇
.

Given any node-dependent feature setU𝑛 (U𝑛
𝑆
orU𝑛

𝑇
), the contrastive

loss for the feature set can be defined as:

L𝑆𝑒𝑡 (U𝑛) =
∑︁

u∈U𝑛

−1
|U𝑛 | − 1

∑︁
m∈U𝑛\{u}

exp(u ·m/𝜏)∑
a∈A\{u} exp(u · a/𝜏) , (3)

and the total contrastive loss can be formulated as:

L𝐶𝐿𝑅 =
1

|U𝑛
𝑆
|L𝑆𝑒𝑡 (U

𝑛
𝑆 ) +

1
|U𝑛
𝑇
|L𝑆𝑒𝑡 (U

𝑛
𝑇 ) . (4)

Node-based contrastive loss aims to pull together the features from
the same node while pushing apart those from different nodes. With
this loss, the node-dependent features on the same node will be
approximately consistent and differ in different nodes.

Design-based discrepancy loss. The design-dependent features
represent the abstract logical functionality of each netlist. For each
design, we can opt for different technology nodes to synthesize
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Figure 6: Kernel density estimation of the arrival time.
various netlists but with the same functionality. Therefore, the over-
all distribution of the design-dependent features in different nodes
should be consistent.

To align the design-dependent features, we optimize the Central
Moment Discrepancy (CMD) between the feature sets from different
nodes, which can be formulated as:

L𝐶𝑀𝐷 (U𝑑𝑆 ,U
𝑑
𝑇 ) =

1
𝑏 − 𝑎




E(U𝑑𝑆 ) − E(U𝑑𝑇 )



+

∞∑︁
𝑘=2

1
|𝑏 − 𝑎 |𝑘




𝑐𝑘 (U𝑑𝑆 ) − 𝑐𝑘 (U𝑑𝑇 )


 , (5)

where [𝑎, 𝑏] is the interval that bounds U𝑑
𝑆
and U𝑑

𝑇
, E(·) denotes the

expectation and 𝑐𝑘 (·) is the k-th order moment. Since we apply a
tanh activation function after MLP𝑑 , we limit the value of the node-
dependent features in (−1, 1). Therefore, we can set 𝑎 and 𝑏 to -1
and 1, respectively. In practice, we set the maximum moment order
to 5. In essence, minimizing Equation (5) equals minimizing the gap
between the statistics in different orders of the design-dependent
features from different nodes. According to [9], we have the following
properties:

Theorem 1. Let U𝑑
𝑆
and U𝑑

𝑇
be two probability distributions on a

compact interval, then we have:

𝐶𝑀𝐷 (U𝑑𝑆 ,U
𝑑
𝑇 ) → 0 =⇒ U𝑑𝑆 → U𝑑𝑇 (6)

Such a property can guarantee that minimizing the loss function
formulated in Equation (5) can align the overall distribution of
the design-dependent features from netlists at different technology
nodes.

3.4 Bayesian-based timing prediction
Given a timing path feature u, the conventional approach is to feed

the timing path feature u into a linear layer with weight W ∈ R1×𝑚
to output the arrival time. However, the value of the arrival time for
different endpoints can be significantly different even in one netlist,
as shown in Figure 6, which poses a huge challenge for accurate
timing prediction with only a fixed W. Besides, since we only have
very limited data on our target technology node, theML-based model
is prone to overfitting the training design. This can dramatically limit
the timing prediction performance on the unknown test netlists,
which may possess a large distribution gap with the training set as
shown in Figure 6. To address these issues, we propose a Bayesian-
based timing prediction model, as shown in Figure 7. Under the
Bayesian ML framework, the model parameters are considered as a
distribution instead of fixed parameters. This feature allows us to
condition the model parameters on any inputs, allowing the model
to adapt to different inputs easily. In our timing prediction task, we
model the final readout linear layer W as a distribution to obtain
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Figure 7: Bayesian machine learning-based timing prediction
better flexibility. Moreover, an ideal and well-generalizable timing
predictor should make predictions based on the input timing path
feature and the distribution of all the timing paths on the target
node.

Therefore, following common practice in Bayesian ML [10, 11],
we can formulate our learning objective as:

log 𝑝 (𝑦 |G′,N) = log
∫

𝑝 (𝑦 |G′,W)𝑝 (W|N)𝑑W, (7)

where 𝑦 denotes the ground truth arrival time, N represents the
overall distribution for all the timing paths at the technology node,
and we condition W on this true global timing path distribution
with a probability density function 𝑝 (W|N), also known as the prior
distribution. However, computing this probability in real practice
is infeasible since the real timing path distribution of the whole
target nodeN is intractable when we only have limited timing paths
from the netlists on the target advanced technology node. Therefore,
we adopt variational inference [10–12] to approximate the prior
distribution.

Specifically, we introduce a variational posterior distribution
𝑞(W|G′) which only conditions on single timing path input and
is easy to compute to simulate the prior distribution. Then, we can
derive the evidence lower bound (ELBO) of the objective function
by:

log𝑝 (𝑦 |G′,N) = log
∫

𝑝 (𝑦 |G′,W)𝑝 (W|N)𝑑W

= log
∫

𝑝 (𝑦 |G′,W) 𝑝 (W|N)
𝑞(W|G′)𝑞(W|G′)𝑑W

= logE𝑞
[
𝑝 (𝑦 |G′,W) 𝑝 (W|N))

𝑞(W|G′)

]
≥ E𝑞

[
log 𝑝 (𝑦 |G′,W)

]
− KL(𝑞(W|G′) | |𝑝 (W|N))) .

(8)
The first term in Equation (8) is the log-likelihood with the varia-
tional posterior, while the second term is the KL divergence between
the variational posterior and the prior distribution. Equation (8)
shows that we can learn a network with parameters only condi-
tioned on the input timing path G′ but with good generalization
ability. Besides, this design also fits the feature of high variability of
the arrival time of different timing paths.

Now, we introduce the construction of 𝑝 and 𝑞 for optimization.
Following common practice in variational inference [10, 12], we can
model the variational posterior distribution as a Gaussian formulated
by:

W𝑞 ∼ 𝑁 (𝜇 ( [u𝑛, u𝑑 ]), Σ( [u𝑛, u𝑑 ])), (9)

where W𝑞 is the linear layer generated by distribution 𝑞, u𝑛 and u𝑑

are the disentangled node-dependent and design-dependent features
for the timing path G′, and 𝜇 (·) and Σ(·) are two MLPs. In other
words, we use the two learnable small networks, 𝜇 (·) and Σ(·), to
output the mean and variance of the distribution ofW𝑞 , as shown in



Table 1: Statistics of the dataset (edp stands for endpoint, 𝑒𝑛
and 𝑒𝑐 denote net edge and cell edge, respectively)

Benchmark Input information
tech node #pin #edp #𝑒𝑛 #𝑒𝑐

train

smallboom 7𝑛𝑚 694441 61764 488052 423344
jpeg 130𝑛𝑚 1527166 39783 1150173 749294

linkruncca 130𝑛𝑚 186546 17796 151617 84393
spiMaster 130𝑛𝑚 99507 4739 75718 44917
usbf_device 130𝑛𝑚 48104 4777 37557 21706

test

arm9 7𝑛𝑚 44469 2500 33065 29287
chacha 7𝑛𝑚 35687 1986 25117 23083
hwacha 7𝑛𝑚 1357798 61313 985057 922085
or1200 7𝑛𝑚 1165114 172401 844443 658961
sha3 7𝑛𝑚 794720 60323 552021 485596

Avg train 7𝑛𝑚&130𝑛𝑚 511153 25772 380623 264731
test 7𝑛𝑚 679558 59705 487941 423802

Figure 7. Similarly, using the amortization trick [12], we can model
the prior as:

W𝑝 ∼ 𝑁 (𝜇 (ũ(N)), Σ(ũ(N))), (10)
whereW𝑝 is the linear layer generated by the prior distribution 𝑝 ,
and ũ(N) ∈ R𝑚 is a dummy timing path feature that represents the
true distribution of all the timing paths within the whole technology
node N. To construct a representative ũ for the target technology
node with only limited data, we leverage the disentangled node- and
design-dependent features. Specifically, since the node-dependent
features are consistent within one technology node, we can simply
use the mean of all the node-dependent features to represent the
node information. As for the design-related information, we can
collect all the design-dependent features in both the source preceding
technology node and the target advanced technology node since the
design-based discrepancy loss has already brought them to the same
distribution, and we can take the mean of them as the representative
feature for all the designs.

Combining Equation (9), Equation (10) and the construction of ũ,
we can explicitly calculate KL(𝑞(W|G′) | |𝑝 (W|N))). To calculate the
first term in Equation (8), we use Monte Carlo sampling to sample 𝐾
samples from 𝑞(W|G′), denoted as {W𝑖

𝑞}𝐾𝑖=1, and with each sampled
W𝑖
𝑞 , we can obtain a timing prediction𝑦𝑖 , which are then averaged to

obtain the final timing prediction 𝑦 = 1
𝐾

∑𝐾
1 𝑦𝑖 . The ELBO objective

can be formulated as:

L𝐸𝐿𝐵𝑂 (𝑦,G′,N) = 1
𝐾

𝐾∑︁
𝑖=1

log𝑝 (𝑦 |G′,W𝑖
𝑞)−KL(𝑞(W|G′) | |𝑝 (W|N)) .

(11)
Overall, the first term in Equation (11) represents the timing predic-
tion loss, and the second term describes the distribution discrepancy
between the variational posterior and prior distribution. Finally, the
total loss is defined as:

L =
∑︁

N∈{N𝑆 ,N𝑇 }

∑︁
G∈N

∑︁
(𝑦,G′ ) ∈Path(G)

L𝐸𝐿𝐵𝑂 (𝑦,G′,N)

+ 𝛾1L𝐶𝐿𝑅 + 𝛾2L𝐶𝑀𝐷 , (12)

where 𝛾1 and 𝛾2 are two hyper-parameters.

4 Experimental Results
4.1 Implementation Details

Our implementation is based on DGL [13] and Pytorch [14]. Train-
ing and evaluation are conducted on a Linux system with a 2.3GHz
Intel Xeon CPU and a single NVIDIA GeForce RTX 3090 GPU. The

hidden dimension is set to 256 fo the GNN. As for the CNN, the input
size is 3 × 512 × 512. Besides, the dimension of endpoint-wise netlist
and layout embedding is set to 128. The weights for the node-based
contrastive loss 𝛾1 and the designed-based discrepancy loss 𝛾2 are
set to 10 and 100, respectively. Our model is trained with a learning
rate of 0.0001 and batch size of 2048 for 200 epochs.

We collect netlists from two different technology nodes, 7𝑛𝑚
and 130𝑛𝑚. We use four 130𝑛𝑚 netlists and one 7𝑛𝑚 netlist as the
training set, and five 7𝑛𝑚 netlists as the test set. The statistics of
all the designs are shown in Table 1. Specifically, we collect open-
source designs from Freecores [15] and Chipyard [16]. In the dataset
generation workflow, we employ Cadence Genus with 130𝑛𝑚 Sky-
Water [17] PDK for synthesis and Cadence Innovus for placement,
timing optimization, routing and static timing analysis. We follow
[4] to process the 7𝑛𝑚 netlists. Timing constraints for each design
in the PnR phase are derived from estimated values provided by
Cadence Genus during synthesis to ensure effective timing optimiza-
tion. DEF files and netlists are acquired at each phase of the flow,
enabling the retrieval of pin and cell locations and other available
features in accordance with PDK rules.

To verify the effectiveness of our proposed learning strategy, we
set the following baselines for comparison. By default, all the baseline
models are the previous state-of-the-art (SOTA) model published in
DAC23 [4], but trained with different strategies. (1) The first baseline
is only trained with limited advanced 7𝑛𝑚 node netlist data, denoted
as DAC23-AdvOnly. (2) The second baseline is simply merging the
7𝑛𝑚 and the 130𝑛𝑚 netlist data as the training set, denoted asDAC23-
SimpleMerge. (3) The third baseline is parameter sharing [7], which
is a common practice in transfer learning and multi-task learning,
denoted as DAC23-ParamShare. For the 130𝑛𝑚 and 7𝑛𝑚 data, they
share the same feature extractor, but adopt a node-specific linear
layer for the final prediction. (4) The fourth baseline is pretraining-
then-finetuning [6], denoted as DAC23-PT-FT. As a widely used
technique in transfer learning, this strategy first trains the timing
prediction model with 130𝑛𝑚 netlist data and then fine-tunes it with
7𝑛𝑚 netlist data.

4.2 Main Results
The main results are shown in Table 2. First of all, we can observe

that only training with limited 7nm data (DAC23-AdvOnly) achieves
poor performance, indicating the necessity of massive training data
belonging to the same distribution as the test data.

The rest of the baselines investigate different approaches to lever-
aging the data from the 130𝑛𝑚 node to help the learning on the 7𝑛𝑚
node. The most intuitive one is to merge the limited 7𝑛𝑚 and abun-
dant 130𝑛𝑚 data directly (DAC23-SimpleMerge). However, since
the arrival time on 7𝑛𝑚 and 130𝑛𝑚 suffer from a large distribu-
tion discrepancy, as shown in Figure 6, this strategy is infeasible
to handle them simultaneously, leading to a negative R2 score. The
next baseline parameter sharing (DAC23-ParamShare), as a common
practice in transfer learning, obtains some improvements compared
with DAC23-AdvOnly, demonstrating that it somehow leverages
the knowledge from the 130𝑛𝑚 data to help the learning for 7𝑛𝑚
data. Another common practice in transfer learning, pretraining-
then-finetuning (DAC23-PT-FT), achieves superior regression per-
formance compared with DAC23-ParamShare with a substantial
margin, indicating its effective knowledge transfer capability.



Table 2: The evaluation results on 7𝑛𝑚 netlist data.

Baseline DAC23 [4]-AdvOnly DAC23 [4]-SimpleMerge DAC23 [4]-ParamShare [7] DAC23 [4]-PT-FT [6] Ours
𝑅2 score runtime 𝑅2 score runtime 𝑅2 score runtime 𝑅2 score runtime 𝑅2 score runtime

arm9 0.603 2.546 -2.069 2.546 0.567 2.546 0.837 2.546 0.864 2.621
chacha 0.624 1.188 -1.983 1.188 0.568 1.188 0.726 1.188 0.890 1.234
hwacha 0.170 5.229 -2.203 5.229 0.499 5.229 0.818 5.229 0.828 5.400
or1200 0.156 14.257 -6.037 14.257 0.240 14.257 0.209 14.257 0.682 14.793
sha3 0.425 1.690 -4.741 1.690 0.195 14.257 0.284 1.690 0.785 1.725

average 0.396 4.982 -3.407 4.982 0.414 4.982 0.575 4.982 0.810 5.154
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Figure 8: Ablation study on the effectiveness of each module.

Our method outperforms all the baselines with a significant mar-
gin (about 40% improvements on R2 score compared with its best
counterpart DAC23-PT-FT). This validates that our method is effec-
tive in handling the distribution shifts in the 130𝑛𝑚 and 7𝑛𝑚 data
and is capable of transferring the knowledge to different technol-
ogy nodes. Meanwhile, our method only takes around an extra 4%
runtime to achieve this remarkable improvement due to the added
parameters. Note that all the baseline models share the same runtime
since they only differ in training strategy, and they are the same
during inference.

4.3 Ablation Study
To further validate the effectiveness of our method, we conduct

two ablation studies to show (1) the effectiveness of each module in
our method and (2) the effect of the number of 130𝑛𝑚 netlist data.

Effectiveness of each module.. To verify the effectiveness of the
feature disentanglement and alignment (DA) and the Bayesian-based
timing prediction module, we conduct experiments with only one
of them, as shown in Figure 8. We can observe that, without any of
them, the performance drops by a substantial margin, demonstrating
the effectiveness of both of them. In addition, these two modules
lead to different improvements on different designs. For instance,
the model with DA only outperforms the model with Bayesian only
on or1200 and sha3, but on arm9 and chacha model with Bayesian
only owns substantial advantages.

The number of 130𝑛𝑚 netlist data.. We also investigate how the
number of 130𝑛𝑚 data used in transfer learning affects the per-
formance of the timing predictor. As shown in Table 3, when we
increase the number of 130𝑛𝑚 data, the timing prediction perfor-
mance improves consistently. This indicates that, on the one hand,
our method is effective in transferring the knowledge in different
nodes to enhance the performance on the target node; on the other
hand, the involvement of more 130𝑛𝑚 data can improve the timing
predictor’s generalization ability on various 7𝑛𝑚 designs.

5 Conclusion
ML-based methods [3, 4] have achieved remarkable success in

pre-routing timing prediction. To ensure precise prediction, they de-
mand extensive data from the designated technology node. However,

Table 3: Ablation study on the number of 130𝑛𝑚 designs. J, L
S, and U denote jpeg, linkruncca, spiMaster, and usbf_device,
respectively. We report the R2 score.

J L S U arm9 chacha hwacha or1200 sha3 average
✓ 0.496 0.394 0.649 0.363 0.631 0.507
✓ ✓ 0.312 0.773 0.470 0.616 0.599 0.554
✓ ✓ ✓ 0.564 0.821 0.804 0.531 0.673 0.679
✓ ✓ ✓ ✓ 0.864 0.890 0.828 0.682 0.785 0.810

the data collection process is time-consuming, posing a challenge
in acquiring adequate data for advanced technology nodes. To mit-
igate this issue, we propose a novel transfer learning framework
that leverages abundant data from preceding technology nodes to
enhance learning on the target technology node. Specifically, our
method first disentangles the timing path features into node- and
design-dependent parts and aligns them separately. Then, we use a
Bayesian machine learning-based model to predict the arrival time
of each timing path, which can handle its high variability and gener-
alize to new designs in the test set. Experimental results on transfer
learning from 130𝑛𝑚 node to 7𝑛𝑚 node validate the effectiveness of
our method.
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