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Abstract

Pre-routing timing prediction has been recently studied for
evaluating the quality of a candidate cell placement in chip
design. It involves directly estimating the timing metrics for
both pin-level (slack, slew) and edge-level (net delay, cell
delay), without time-consuming routing. However, it often
suffers from signal decay and error accumulation due to the
long timing paths in large-scale industrial circuits. To address
these challenges, we propose a two-stage approach. First,
we propose global circuit training to pre-train a graph auto-
encoder that learns the global graph embedding from circuit
netlist. Second, we use a novel node updating scheme for
message passing on GCN, following the topological sorting
sequence of the learned graph embedding and circuit graph.
This scheme residually models the local time delay between
two adjacent pins in the updating sequence, and extracts the
lookup table information inside each cell via a new atten-
tion mechanism. To handle large-scale circuits efficiently, we
introduce an order preserving partition scheme that reduces
memory consumption while maintaining the topological de-
pendencies. Experiments on 21 real world circuits achieve a
new SOTA R2 of 0.93 for slack prediction, which is signif-
icantly surpasses 0.59 by previous SOTA method. Code will
be available at: https://github.com/Thinklab-SJTU/EDA-AI.

Introduction
The process of integrated circuit (IC) design can be thought
of as a series of hierarchical decomposition steps, typically
consisting of architectural design, logic synthesis, physical
design (macro & cell placement, routing) and verification.
As IC becomes more and more complex, timing constraints,
such as delay and slack, are becoming more difficult to sat-
isfy during the physical design stage. ‘Shift-left’ (Zhou et al.
2022) suggests circuit constraints and performance should
be considered in earlier stages of design flow, for instance,
taking timing into consideration during standard cell place-
ment stage (Liao et al. 2022). Timing metrics are critical
to judge the performance of a design, but accurate timing
information is only available after routing, which is one of
the most time-consuming steps. Since repetitive routing in

*Correspondence author.
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cell placement stage is unacceptable, many analytical plac-
ers (Lu et al. 2015; Lin et al. 2019) use half-perimeter wire-
length as a surrogate of design timing quality.

Machine learning has been widely applied in EDA de-
sign flow, such as logic synthesis (Yuan et al. 2023), place-
ment (Mirhoseini et al. 2021; Cheng and Yan 2021; Cheng
et al. 2022) and routing (Du et al. 2023). However, accurate
timing information can be accessed only after routing stage,
which is time-consuming. To estimate pre-routing timing
metrics, machine learning has been introduced for timing
prediction, such as delay (Barboza et al. 2019; Yang, He, and
Cao 2022), wirelength (Xie et al. 2021; Yang et al. 2022), to
guide timing-driven cell placement.

Among various timing metrics, slack (Hu, Sinha, and
Keller 2014) is one of the most important yet challenging
metric for prediction. Slack is the difference between Re-
quired signal Arrival Time (RAT) and actual Arrival Time
(AT), and it is calculated on each pin. Accurate slack pre-
diction can be accessed only after routing stage, which is a
time consuming process. To avoid the time consuming rout-
ing stage, directly estimating timing information is attrac-
tive, which can be defined formally as follows: given the
intermediate results after standard cell placement stage and
before routing stage, we want to predict slack for all pins af-
ter routing stage. Usually, RAT is provided in external files,
so we mainly focus on the prediction of AT. However, in
large designs, the timing path can be long with hundreds
of circuit elements, where signal decay and error accumu-
lation problems exist, making slack prediction challenging.
Besides, directly applying deep learning into large circuits
are always faced with high peak GPU memory cost prob-
lem, making training process hard or even intractable.

Typical GNNs (Graph Neural Networks) such as
GCN (Kipf and Welling 2017) and GAT (Veličković et al.
2018) are designed to process graphs where local informa-
tion is already sufficient. However, in circuits graphs, sig-
nals travel from primary inputs to timing endpoints, forming
long timing paths (Hu, Sinha, and Keller 2014), where long
range dependencies and global view play a critical role but
they are hard for typical GNN to handle. Previous methods
for other timing metric (delay, wirelength) prediction (Xie
et al. 2018; Barboza et al. 2019; Ghose et al. 2021; Xie
et al. 2021; Yang, He, and Cao 2022; Yang et al. 2022)
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Figure 1: MSE of AT prediction v.s. topological level. In
previous ML-based methods TimingGCN (Guo et al. 2022),
MSE increases rapidly with level, showing the existence of
signal decay and error accumulation.

do not take the global graph information into consideration.
For example, CircuitGNN (Yang et al. 2022) converts each
circuit to a heterogeneous graph, and design the topo-geom
message passing paradigm for prediction of wirelength and
congestion. Wirelength is estimated in each net using half-
perimeter wirelength, and congestion is predicted in local
area measured with pixel values. Both tasks are enclosed
in local area, where local information is already sufficient.
However, in pre-routing slack prediction, it relies all ele-
ments through timing paths, where long range dependencies
and global view play a critical role, and they are absent in
CircuitGNN. Consequently, we cannot directly apply these
GNNs into the prediction of slack. Net2 (Xie et al. 2021)
for wirelength prediction applies graph partition and merges
cluster embedding into node features, but cannot avoid the
local receptive field enclosed in cluster. TimingGCN (Guo
et al. 2022) utilizes a timing engine inspired GNN to pre-
dict slack, where node embedding is updated with prede-
cessors asynchronously. However, it is prone to signal de-
cay and error accumulation, demonstrated in Fig. 1. We first
apply topological sorting (Lasser 1961) on circuit graph to
get topological level (topological sorting order) of each pin.
Then we calculate MSE (Mean Squared Error) between AT
prediction and ground truth for pins belonging to the same
sorting order. In other methods, MSE increases rapidly with
level, demonstrating the existence of signal decay and error
accumulation problems.

Motivated by these issues, we propose our two-stage ap-
proach for pre-routing slack prediction. In the first stage, we
pre-train an auto-encoder to extract node and graph embed-
dings for following downstream tasks, providing a global re-
ceptive field and an informative representation. In the second
stage, we design a new message passing and node updating
scheme for long timing paths, and train our GNN for pre-
routing slack prediction. We list features of different meth-
ods in Table 1. The highlights of this work are:

• First time to introduce global circuit pre-training into
timing (specifically slack) prediction. Global view
plays a critical role in addressing the signal decay and
error accumulation issues. We capture this feature via
graph embeddings, which can be effectively learned by
global circuit pre-training technique. Besides, our global
circuit pre-training can serve as a plug-and-play module
for other timing prediction GNN.

Model Update scheme Global Embed. Level

GCN Sync./Direct ✗ ✗ ✗
GAT Sync./Direct ✗ ✗ ✗
GINE Sync./Direct ✗ ✗ ✗
GCNII Sync./Direct ✗ ✗ ✗
CircuitGNN Sync./Direct ✗ ✗ ✗
TimingGCN Async./Direct ✓ ✗ ✗
Net2 Sync./Direct ✓ ✓ ✗
LHNN Sync./Direct ✗ ✗ ✗
Ours Async./Residual ✓ ✓ ✓

Table 1: Features comparison among different methods.
Level means we introduce topological sorting order into
GNN. Incremental means ours node updating scheme in
Eq. 3, which explicitly models net delay and cell delay.

• Residual local learning of signal delay. We design a
new message passing and node updating scheme, with
residual local learning to explicitly model local signal de-
lay in long time paths.

• Attention-based cell modeling. We re-explore the mod-
eling process of cell and explain it as a ‘query-index-
interpolation’ procedure. Based on this, we propose
multi-head joint attention mechanism to depict it.

• Handling large-scale and strong performance. For
scalability and making training on large-scale circuits
tractable, we design a order preserving graph partition
algorithm to reduce memory cost while preserving the
order dependencies. Experiments on public benchmark
with 21 real world circuits demonstrate the effectiveness
of our method. For R2 of slack prediction, we achieve
new SOTA 0.93, surpassing 0.59 of peer SOTA method.

Preliminaries and Related Works
Static Timing Analysis Static timing analysis (STA) pro-
vides a profile of a design’s performance by evaluating the
timing propagation from inputs to outputs, forming multiple
timing paths. A timing path (Hu, Sinha, and Keller 2014) is a
set of directed connections through circuit elements and con-
nections, and all signals travel through it. After routing, STA
should be done under four corner conditions: early-late/rise-
fall (EL/RF) (Hu, Sinha, and Keller 2014).

During STA, the circuit is represented as an Activity-On-
Edge network, where each pin is a node and pin-to-pin con-
nection is an edge. The activity cost on each edge is either
net delay or cell delay. Starting from primary inputs (source
nodes), the instant when a signal reaches a pin is quantified
as the arrival time (AT). Similarly, starting from the primary
outputs (sink nodes), the limits imposed for each AT to en-
sure proper circuit operation is defined as the required arrival
time (RAT). The slack is defined as the difference between
RAT and AT as follows:

slackE = ATE −RATE , slackL = RATL −ATL, (1)

where E,L means early and late, and a positive slack means
timing constraint is satisfied. Since RAT is usually provided
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Figure 2: Pipeline of our approach. Circuit graph is represented as a heterogeneous DAG. We first implement training an auto-
encoder by global circuit reconstruction in a self-supervised way. After global circuit pre-training, we drop the decoder, and
freeze/fine-tune the encoder to map each circuit graph to a low-dimensional latent space. The latent vector is treated as the
global graph embedding and concatenates to original node features. Finally, heterogeneous circuit DAG is feed forward to the
our PreRoutGNN for timing prediction.

in external files, so we mainly focus the estimation of AT,
and use provided RAT and estimated AT to calculate slack.

Besides, the signal transition is characterized by its slew,
which is defined as the required amount time of transition
between electrical levels. Slew is also an important timing
metric to evaluation the quality of circuit, and accurate slew
can be accessed by STA after routing.

Pre-training in EDA As training from scratch requires
much time and data, pre-training has been recently and
widely applied in vision (Bao et al. 2022) and language (De-
vlin et al. 2018; Brown et al. 2020), and it is becoming a
promising trend in EDA. Using pre-trained model not only
saves these costs but provides more informative representa-
tion. DeepSeq (Khan et al. 2023), DeepGate (Li et al. 2022)
and Bulls-Eye (Chowdhury et al. 2022) transform circuits
into AND-Inverter-Graph format and learn corresponding
representation for logic synthesis. DeepPlace (Cheng and
Yan 2021) uses reinforcement learning agent pre-trained on
macro connection to jointly solve placement and routing.
However, few works about pre-training have been done in
timing prediction, especially slack. We think pre-training
can provide a graph embedding containing global view,
which plays a critical role in addressing the signal decay and
error accumulation in long timing paths.

GNNs for Timing Prediction GNNs are optimizable
transformations for graph-structured data attributes. As they
continue to evolve, new variants are emerging that target
graph topological structure (Zhao et al. 2023) and large-
scale characteristics (Wu et al. 2022, 2023a,b). Due to
the graph structure of circuit netlist, it is natural to apply
GNN in EDA field. GCN (Defferrard, Bresson, and Van-
dergheynst 2016; Kipf and Welling 2017) is proposed as a
generalization from low-dimensional regular grids to high-
dimensional irregular domains. GAT (Veličković et al. 2018)
introduces attention mechanism to assign learnable weights
for neighbours. GCNII (Chen et al. 2020) introduces initial
residual and identity mapping to mitigate over-smoothing
problem. GINE (Hu et al. 2020) is a variant of GIN (Xu
et al. 2019) with additional edge features. At first, it is de-
signed to address the graph isomorphism problem, but it
also demonstrates strong ability in other graph related tasks,

e.g. node classification. However, aforementioned GNNs are
not specifically designed for circuits containing long tim-
ing paths, thus they are faced with local receptive field and
over-smoothing problems. CircuitGNN (Yang et al. 2022)
converts each circuit to a heterogeneous graph, and designs
the topo-geom message passing paradigm for prediction of
wirelength and congestion. TimingGCN (Guo et al. 2022)
is a timing engine inspired GNN especially for pre-routing
slack prediction. LHNN (Wang et al. 2022a) uses lattice
hyper-graph neural network to prediction routing conges-
tion. Net2 (Xie et al. 2021) applies graph attention network
into pre-placement net length estimation.

Methodology
Formulation. Given the intermediate design result after
standard cell placement and before routing, we predict the
AT and slack for all pins in the circuit after routing. Each
circuit is represented as a heterogeneous and directed acyclic
graph (DAG), containing one type of node and three types of
edge. Primary inputs (input ports), primary outputs (output
ports), and pins are treated as one type of node. cell, net and
net inv are three types of edges, corresponding to fan-in to
fan-out, net driver to net sink, net sink to net driver con-
nection, respectively. Details of graph feature are shown in
Appendix. Pipeline of our approach is shown in Fig. 2.

Global Circuit Pre-training
Due to the local receptive field of common message pass-
ing paradigm based GNNs, the global view is often absent.
It plays an essential role in accurately modeling the timing
feature along timing path. As a consequence, the lack of
global view leads to the signal decay and error accumula-
tion problems. Motivated by this issue, we capture this fea-
ture via graph embeddings, which can be effectively learned
by global circuit pre-training.

The first stage of our approach is to train an auto-encoder
for graph reconstruction in a self-supervised way. We use it
to explicitly extract the global embedding for downstream
tasks. It provides a global view for the whole graph, which
is absent in previous methods. Since the pre-training is im-
plemented in a self-supervised way, circuits without timing
labels (AT, slew, delay) can also be used for graph recon-
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Figure 3: Multi-head Joint Attention (MJA) for cell model-
ing. To model this querying-indexing-interpolation process,
we model it with a joint attention.

struction, saving the cost during complete design flow, e.g.
routing and STA, to access accurate labels.

The total loss of training auto-encoder is as follows:

LAE = ∥X−Dφ (Eθ(g,X))∥22 + λLKL, (2)

where g is the circuit graph, X is the node feature. To avoid
arbitrarily high variance in latent space, we add a regular-
ization term, a slight Kullback-Leibler divergence penalty
towards a standard normal distribution, where λ is the KL-
penalty weight. We train auto-encoder and our GNN with the
same data, but timing labels do not involve this pre-training
stage. After that, we drop the decoder and freeze/fine-tune
the encoder to get the node embeddings in latent space. The
global graph embedding is extracted through a global aver-
age pooling layer. We concatenate these embeddings to orig-
inal node features and feed them to following GNN.

Residual Local Learning of Signal Delay
In line with TimingGCN (Guo et al. 2022), we define topo-
logical level (level for short) as a sub-set of whole graph’s
vertex set, and all vertices in a level have the same topolog-
ical sorting order. Each vertex belongs to one and only one
level. Given a level, we can set the sorting order of any its
vertices as its level index, and this level index is unique.

From Fig. 1 we can see that, in previous estimation meth-
ods, MSE increases rapidly with topological level, suggest-
ing the existence of signal decay and error accumulation. To
mitigate these problems, we propose our message passing
and node updating scheme for long timing paths.

Considering a circuit and its signal propagation, e.g. the
computation of AT, the circuit can be represented as an
Activity-On-Edge network (Hu, Sinha, and Keller 2014),
where the activity cost on each edge is net delay or cell
delay. The AT of current node i is computed as ATi =
maxj∈N (i) (ATj + dji), where N (i) is the predecessors of
i and dji is the delay from j to i.

To explicitly model this delay, we introduce residual local
learning (RLL) in our node updating scheme:

m(t+1)
e = x(t)

u + ϕ
(
x(t)
u ,x(t)

v , f (t)e

)
, e ∈ E

x(t+1)
v = x(t)

v + ρ
({

m(t+1)
e : e ∈ E

})
,

(3)

where xv ∈ Rd1 is the feature for node v, e = (u, v) is
the directed edge from u to v, fe ∈ Rd2 is the feature for

Full Graph
Sub Graph 1
Sub Graph 2

Sub Graph 3
Sub Graph 4

valid nodes
padding nodesOrder Preserving Graph Partition

Figure 4: Illustration for order preserving graph partition.
Padding nodes are not involved in loss computing and BP.

edge e, E is the edge set, t is the GNN layer index, ϕ is
the message function, ρ is the reduce function, and ψ is the
update function. This inductive bias better depicts the signal
computation process and learning incremental value is the
direct manifestation of learning cell delay and net delay.

Topological level encoding. Node topological sorting or-
der is useful to address the signal decay and error accumula-
tion, as it indicates the node location in timing path. We in-
corporate topological level encoding to map the level index
to a multi-frequency vector. Inspired by NeRF (Mildenhall
et al. 2021) and Transformer (Vaswani et al. 2017), we use
following encoding:

γ(x) = [x, sin(20πx/L), cos(20πx/L), sin(21πx/L),

cos(21πx/L), . . . , sin(2N−1πx/L), cos(2N−1πx/L)],
(4)

where x is the level index of each pin, N is the num-
ber of different frequency components and L is the maxi-
mum level. This level encoding explicitly incorporate high-
frequency components into node embedding, assisting the
GNN to identify the level information. Besides, the multi-
head joint attention we proposed in the following section
can be explained as a low-pass filter (Wang et al. 2022b;
Park and Kim 2022) The level encoding enhances and am-
plifies the high-frequency components, keeping them active
during forward propagation. As a result, it is beneficial to
model the topological order.

Multi-head Joint Attention for Cell Modeling
The output slew and cell delay for cell can be represented by
the non-linear delay model (Hu, Schaeffer, and Garg 2015)
stored in two-dimensional look-up tables (LUTs) in exter-
nal files, e.g. Liberty files. The row and column indices of
LUTs are pre-defined input slew and driving load. The val-
ues of LUTs are pre-defined cell delay or output slew. In
STA, given an input slew and a driving load, the correspond-
ing output slew or cell delay can be calculated by referencing
the table with two input indices and applying bi-linear inter-
polation, which is a ‘query-index-interpolation’ procedure.

From the perspective of attention mechanism, input slew
and driving load can be treated as queries, LUT’s row and
column as keys, and table of LUT as values. Since the two
kinds of keys are not independent, we use multi-head joint
attention (MJA) to model cell as follows:

K = K1 ×K2 ∈ Rn×n×dk reshape−→ Rn
2×dk

O = softmax

(
(QWQ)(KWK)⊤

√
d

)
VWV ,

(5)
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Algorithm 1: Order Preserving Graph Partition

Input: Circuit directed acyclic graph G, maximum size m
for sub-graph, number of padding levels k.

Output: All partitioned sub-graphs Gs of G.
1: function TOPOLOGICALSORT(G)
2: L = [ ];
3: # l is a list of nodes belonging to the same level
4: for level l in G do
5: L.append(l);
6: end for
7: return L
8: end function
9: L = TOPOLOGICALSORT(G);

10: i = 0, j = 0, gs =[ ], Gs =[ ];
11: while i < len(L) do
12: if i < len(L) and len(gs) + len(L[i]) < m then
13: Add all nodes in L[i] to gs; i = i+ 1;
14: else
15: # Padding nodes do not involve training
16: gs = L[max(0, j − k) : j] || gs ||L[i : min(i +

k, len(L))];
17: j = i;
18: Construct sub-graph with nodes gs from G;
19: Add the sub-graph to Gs;
20: gs = [ ];
21: end if
22: end while

where m,n2 is the number of queries and keys/values re-
spectively, Q ∈ Rm×dq ,K1,K2 ∈ Rn×dk ,V ∈ Rn2×dv ,
Kijk = (K1)ik(K2)jk is the joint key matrix. K1,K2 are
key matrices from LUT rows and columns, Q is value ma-
trix from LUT value, and Q is the query matrix. Our MJA
is demonstrated in Fig. 3. We calculate AT for node i as fol-
lows if it is the end point of cell edge (edge type is ‘cell’):

Qji = MLP(fi||fj ||ATj) +ATj

Oji = MJA(Qji,Kji,Vji)

Yji = LayerNorm(Oji +Qji)

mji = MLP(fi||fj ||ATj ||Yji) +ATj

ai =

∑
j∈N (i) mji

size(N (i))
,bi = max

j∈N (i)
mji

ATi = MLP(ai||bi||fi).

(6)

Order Preserving Graph Partition
Feeding the entire graph into GNN for training is faced with
huge peak GPU memory cost. An appropriate graph parti-
tion method is necessary to reduce the memory cost while
reserving topological order information.

To adapt to the signal propagation, we propose a order
preserving graph partition algorithm. Given a circuit graph,
we first apply topological sorting (Lasser 1961) to compute
the sorting order of each pin. After sorting, we construct
sub-graphs by selecting continuous levels of pins based on
the given maximum sub-graph size. However, the marginal
nodes of sub-graph lose their 1 ∼ k hop (1 to k) neighbours,

and the inner nodes also lose 2 ∼ k, 3 ∼ k, . . . , k-th hop
neighbours, where k is the number of stacked GNN layers.
To resolve this problem, we pad the sub-graph with k pre-
ceding and successive levels of pins. Note that these padding
nodes are excluded in loss computation and backward prop-
agation (BP), which ensures nodes involved gradient descent
have full access to their k-hop neighbours like in the whole
graph. Detailed graph partition algorithm is shown in Alg. 1
and Fig. 4. Our partition algorithm reduces the GPU mem-
ory cost from more than 48 GB (out of memory) to 22 GB,
and preserves the consistency without losing neighbours.

Finally, we build our PreRoutGNN (Pre-Routing es-
timation GNN), which consists of stacked residual local
learning-based GCN layers and a attention-based propa-
gation layer. Extracted node embedding, graph embedding
from pre-trained auto-encoder and multi-frequency level en-
coding are concatenated to the original node features. Graph
is firstly fed into stacked GCN layers. For the forward pro-
cess of attention-based propagation layer, we apply topolog-
ical sorting on the circuit graph to calculate the order of each
node and select nodes with the same order as a level. We feed
this single level into the attention-based propagation layer,
and calculate AT for its vertices. Note that we feed each
level into attention-based propagation layer with ascending
order, ensuring that when calculating AT of current level of
nodes, AT of all their predecessors have already been calcu-
lated. Nodes belonging to the same level are updated first,
followed by nodes of next order until to the last. This pro-
cess realizes the asynchronous calculation of AT for each
node, enabling the signal propagation along timing paths.
Our model predicts AT as a main task, with slew, net delay
and cell delay prediction as auxiliary tasks following (Guo
et al. 2022). Complete pipeline is shown in Fig. 2.

The total loss for second stage is as follows:

LAS = ∥Mψ2
AS(M

ψ1(g,X, Eθ(g,X)))−AS∥22
LCD = ∥Mψ3

CD(M
ψ1(g,X, Eθ(g,X)))− CD∥22

LND = ∥Mψ4
ND(M

ψ1(g,X, Eθ(g,X)))−ND∥22
LGNN = LAS + λCDLCD + λNDLND,

(7)

where g is the circuit graph, ψ1 to ψ4 are trainable parame-
ters of GNN, X is node feature.CD,ND,AS are cell delay,
net delay, AT concatenated with slew, λCD, λND are loss
weights for cell delay and net delay.

Experiments
Evaluation Protocols
Benchmarks and compared methods. We evaluate our ap-
proach on public benchmark (Guo et al. 2022) with 21 real
world circuits. Given the circuit after standard cell place-
ment, the objective is to predict slack, slew, cell delay and
net delay after routing. Details of datasets are shown in Ap-
pendix. The compared methods include GCNII (Chen et al.
2020), GAT (Veličković et al. 2018), GINE (Hu et al. 2020)
and TimingGCN (Guo et al. 2022).

Metrics. We evaluate the prediction of slack with the R2

determination coefficient score as follows:

R2 = 1−
1
n

∑n
i=1(yi−ŷi)

2

1
n

∑n
i=1(yi−ȳ)2

= 1− MSE(y,ŷ)
VAR(y) , (8)
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Dataset R2
uf (↑)

GCNII GAT GINE TimingGCN PreRoutGNN

train

BM64 0.763 ± 0.101 0.354 ± 0.223 0.623 ± 0.161 0.668 ± 0.252 0.986 ± 0.006
aes128 0.458 ± 0.207 -0.245 ± 0.340 0.029 ± 0.352 -0.055 ± 0.312 0.822 ± 0.008
aes256 0.581 ± 0.151 -0.097 ± 0.306 0.067 ± 0.311 0.499 ± 0.102 0.937 ± 0.023
aes cipher 0.020 ± 0.447 -0.438 ± 0.427 -0.162 ± 0.242 0.644 ± 0.123 0.967 ± 0.000
blabla 0.889 ± 0.073 0.679 ± 0.131 0.737 ± 0.122 0.958 ± 0.013 0.997 ± 0.001
cic decimator 0.719 ± 0.112 0.597 ± 0.163 0.589 ± 0.107 0.963 ± 0.014 0.996 ± 0.000
des 0.924 ± 0.056 0.566 ± 0.225 0.776 ± 0.220 0.905 ± 0.058 0.993 ± 0.001
genericfir 0.710 ± 0.122 -0.436 ± 0.733 0.503 ± 0.219 0.222 ± 0.123 0.871 ± 0.013
picorv32a 0.672 ± 0.096 0.239 ± 0.240 0.425 ± 0.169 0.839 ± 0.045 0.974 ± 0.007
salsa20 0.814 ± 0.066 0.530 ± 0.170 0.717 ± 0.073 0.792 ± 0.118 0.994 ± 0.002
usb 0.747 ± 0.088 0.678 ± 0.115 0.607 ± 0.118 0.934 ± 0.035 0.996 ± 0.000
usb cdc core 0.793 ± 0.095 0.502 ± 0.212 0.563 ± 0.177 0.961 ± 0.008 0.997 ± 0.001
wbqspiflash 0.742 ± 0.091 0.613 ± 0.131 0.522 ± 0.136 0.956 ± 0.013 0.994 ± 0.002
zipdiv 0.822 ± 0.070 0.703 ± 0.129 0.593 ± 0.188 0.971 ± 0.011 0.998 ± 0.001

test

aes192 -0.017 ± 0.188 -0.727 ± 0.173 -0.048 ± 0.352 0.384 ± 0.205 0.937 ± 0.009
jpeg encoder 0.056 ± 0.080 -2.859 ± 0.667 -0.285 ± 0.198 0.478 ± 0.131 0.764 ± 0.010
spm -0.247 ± 0.309 -0.474 ± 0.134 0.040 ± 0.161 0.802 ± 0.083 0.985 ± 0.006
synth ram -0.913 ± 0.031 -1.078 ± 0.025 -1.007 ± 0.162 0.735 ± 0.079 0.977 ± 0.008
usbf device -0.215 ± 0.065 -0.946 ± 0.146 -0.133 ± 0.094 0.347 ± 0.119 0.949 ± 0.002
xtea 0.210 ± 0.044 -0.055 ± 0.091 0.099 ± 0.181 0.888 ± 0.062 0.985 ± 0.000
y huff -0.235 ± 0.450 -0.481 ± 0.114 -1.034 ± 0.999 0.490 ± 0.146 0.931 ± 0.029

Avg. train 0.689 0.303 0.471 0.733 0.966
Avg. test -0.195 -0.946 -0.338 0.589 0.933

Table 2: Slack prediction with R2
uf as primary metric. Experiments are implemented on 5 different seeds.

Dataset R2
uf (↑)

baseline w/o AE w/o RLL w/o MJA w/o FT PreRoutGNN

te
st

aes192 0.649 0.603 0.825 0.878 0.966 0.946
jpeg encoder 0.271 0.787 -0.338 0.605 0.620 0.774
spm 0.696 0.883 0.988 0.987 0.977 0.992
synth ram 0.763 0.423 0.975 0.958 0.949 0.984
usbf device 0.317 0.659 0.676 0.844 0.931 0.951
xtea 0.781 0.921 0.976 0.955 0.980 0.985
y huff 0.552 0.766 0.883 0.885 0.934 0.901

Avg. train 0.720 0.959 0.876 0.933 0.963 0.964
Avg. test 0.576 0.720 0.772 0.873 0.908 0.933

Table 3: Ablation studies. We remove one and only one module each time. R2
uf of slack prediction is reported. AE: global

pre-trained auto-encoder, RLL: residual local learning, MJA: multi-head joint attention, FT: fine-tune the pre-trained encoder.
Bold/underline indicates best/second. Due to page limitation, detailed results on training set are shown in Appendix.

where yi is ground truth, ŷ is prediction and ȳ is the
mean value of ground truth. Since slack has four channels
(EL/RF), we can calculate R2 in two ways: 1) un-flatten
R2

uf and 2) flatten R2
f . In R2

uf , we calculate R2 on un-
flatten data with shape Rn×4, where n is the number of
nodes. We calculate R2 on each channel independently and
average these four R2 as the final R2

uf . In R2
f , we flatten the

data to R4n, merging four different channels together and
the number of nodes increases from n to 4n. Under R2

f , pre-
vious method achieves 0.866. However, under R2

uf , it only
achieves 0.576 (more details in Appendix).

After reforming R2 in Eq. 8, we calculate it with VAR
(variance) of y, MSE(Mean Squared Error) between y and

ŷ. After merging four different channels into a single chan-
nel, both MSE and VAR increase, but VAR increases more
than MSE, resulting in the improvement of R2. Let k =
VAR(y)/MSE(y, ŷ). Since slack has four channels, we
compute k on each channel and average them to get the mean
kuf . Flatten ratio kf is computed in the same way, except
for flattening slack from Rn×4 to R4n with only one chan-
nel. With kf/kuf > 1 (more details in Appendix) we can
see that, after flattening the multi-channel slack, VAR in-
creases faster and higher than MSE, leading to the improve-
ment about 0.3 of R2.

We think the distance, e.g. Kullback-Leibler divergence,
between distributions under different corners is high. The
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Dataset R2
uf slew (↑) R2

uf net delay (↑) R2
uf cell delay (↑)

TimingGCN PreRoutGNN TimingGCN PreRoutGNN TimingGCN PreRoutGNN
te

st
aes192 0.816 ± 0.037 0.967 ± 0.005 0.954 ± 0.010 0.979 ± 0.001 0.702 ± 0.244 0.975 ± 0.005
jpeg encoder 0.783 ± 0.038 0.949 ± 0.000 0.966 ± 0.004 0.981 ± 0.001 0.636 ± 0.233 0.947 ± 0.011
spm 0.904 ± 0.017 0.981 ± 0.001 0.920 ± 0.010 0.940 ± 0.019 0.831 ± 0.037 0.981 ± 0.003
synth ram 0.764 ± 0.042 0.846 ± 0.073 0.929 ± 0.014 0.974 ± 0.001 0.533 ± 0.332 0.682 ± 0.249
usbf device 0.859 ± 0.023 0.924 ± 0.005 0.968 ± 0.001 0.970 ± 0.003 0.824 ± 0.072 0.976 ± 0.004
xtea 0.824 ± 0.072 0.978 ± 0.002 0.944 ± 0.011 0.963 ± 0.000 0.574 ± 0.303 0.968 ± 0.007
y huff 0.880 ± 0.026 0.896 ± 0.002 0.940 ± 0.014 0.964 ± 0.005 0.844 ± 0.066 0.813 ± 0.118

Avg. train 0.883 0.968 0.982 0.992 0.832 0.980
Avg. test 0.833 0.934 0.946 0.967 0.706 0.906

Table 4: Comparison of other tasks, including prediction of slew, net delay and cell delay.

Dataset R2
uf (↑)

TimingGCN + Pre-training

te
st

aes192 0.384 ± 0.205 0.654 ± 0.097
jpeg encoder 0.478 ± 0.131 0.505 ± 0.268
spm 0.802 ± 0.083 0.944 ± 0.020
synth ram 0.735 ± 0.079 0.943 ± 0.023
usbf device 0.347 ± 0.119 0.525 ± 0.184
xtea 0.888 ± 0.062 0.946 ± 0.026
y huff 0.490 ± 0.146 0.816 ± 0.046

Avg. train 0.733 0.781
Avg. test 0.589 0.762

Table 5: Slack prediction with R2
uf . After applying pre-

trained graph encoder into TimingGCN, R2
uf improves 29

%, showing that our pre-trained graph encoder can serve as
a plug-and-play module for training.

seemingly high flatten R2
f cannot reflect the real perfor-

mance of model, and it is an inappropriate evaluation metric.
Thus, it is more reasonable to calculate R2 on each channel
independently and use R2

uf as the final evaluation metric.

Results and Further Studies
Overall performance comparison. We use MSE and R2

uf

as metrics. In Table 2, our approach achieves R2
uf of 0.93,

while the second best method only achieves 0.59.
Evaluation on other tasks. We also compare effective-

ness on other tasks, including prediction of slew, net delay
and cell delay. In Table 4, for R2

uf on testing set, we achieve
0.93, 0.97, 0.91, surpassing the best baseline achieving 0.83,
0.95, 0.71 respectively, demonstrating that our model is also
adaptive to multiple pre-routing timing prediction tasks.

Ablation studies. We ablate the effectiveness of each
module of our method. In Table 3, we remove one and
only one component each time. After removing global pre-
training or RLL, R2

uf drops dramatically, revealing the im-
portance of global view and local modeling for signal delay.
We also compare fine-tuning with freezing the pre-trained
encoder. Even without fine-tuning, our model behaves well,
only with a small drop 0.02 of R2

uf , suggesting the im-
portance of global circuit pre-training: providing a global
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Figure 5: GPU memory cost and training time comparison
between training on whole graphs and partitioned graphs.
Number in brackets indicates the maximum sub-graph size.

view and a representation of circuit. We can also apply our
global circuit pre-trained graph encoder to other baselines.
Training other baselines along with fine-tuning graph en-
coder achieves better results with improvement of 29% in
Table 5. The pre-trained graph encoder serves as a plug-and-
play module for downstream tasks.

Runtime and GPU Memory cost. In Fig. 5, our method
significantly reduces the peak GPU memory cost. Empiri-
cally, maximum sub-graph size 50,000 performs well. For
large-scale circuits with about 300,000 pins, inference can
be finished within one second.

Conclusion
We propose a novel pre-routing timing prediction method,
PreRoutGNN, to address the signal decay and error accu-
mulation issues. We use global circuit pre-training to pro-
vide global view, and devise residual local learning, MJA
for long timing path modeling. Besides, our global circuit
pre-training can serve as a plug-and-play module for vari-
ous timing prediction GNN. For tractability on large-scale
circuits, we also devise order preserving partition scheme to
reduce memory cost while preserving the topological depen-
dencies. We believe our works demonstrate accurate model-
ing of signal propagation along timing paths.
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