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ABSTRACT
In advanced process nodes, the pursuit of extreme PPA optimiza-
tion has driven an explosion in the demand for customized stan-
dard cells. To satisfy this demand, automated layout synthesis has
been increasingly adopted to explore vast design spaces. However,
this paradigm shifts the bottleneck from design creation to veri-
fication, as characterizing the massive volume of generated vari-
ants via SPICE is computationally prohibitive. Meanwhile, conven-
tional geometric heuristics fail to proxy PPA at advanced nodes
due to dominant layout effects. Existing learning-based surrogates
often lack the fidelity to capture these complex dependencies.
To bridge this gap, we propose EPiCell, an electro-physical co-
modeling framework for rapid PPA estimation. EPiCell features
a Heterogeneous Graph Transformer (HGT) that explicitly mod-
els transistors, routing metals, and supply rails as distinct entities,
unifying circuit topology with fine-grained layout geometry. By
employing relation-aware attention, it effectively captures the non-
local electro-physical interactions governing cell performance. Val-
idated on a dataset of over 18,000 auto-generated layouts based on
ASAP7, EPiCell achieves high fidelity against SPICE simulations,
with low average prediction errors of 1.82% for leakage power,
4.01% for internal power, 3.06% for delay, and 3.29% for transi-
tion. Crucially, it demonstrates superior ranking consistency with
SPICE, improving median Spearman’s 𝜌 from 0.25 to 0.9 for inter-
nal power, from 0.17 to 0.81 for delay, and from 0.14 to 0.70 for
transition. This offers a high-fidelity and scalable surrogate model
to enable efficient design space exploration.
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1 INTRODUCTION
Standard cells are the cornerstone of modern very-large-scale in-
tegration (VLSI) design. In advanced process nodes, cell libraries
have expanded dramatically, often containing thousands of unique
logic functions to meet stringent power, performance, and area
(PPA) targets. The manual design and optimization of these li-
braries is a critical bottleneck, characterized by long, iterative de-
sign cycles. To accelerate this process, automated standard cell lay-
out synthesis has emerged as a powerful paradigm[15][24][14][12].
These tools can assist human designers by rapidly providing ini-
tial solutions or generating a vast number of layout variants for a
single logic function[9][23]. This automation shifts the bottleneck
†These authors contributed equally to this work.
*Corresponding author.

Figure 1: The decoupling of geometric heuristics from stan-
dard cell layout performance.The scatter plot shows 120 lay-
out variants of A2O1A1O1Ixp33, plotting normalized wire
length against normalized weighted sum of power and tim-
ing.
from design creation to design evaluation. However, it is compu-
tationally infeasible to invoke the full SPICE characterization flow
for every one of the potentially thousands of layout candidates.
Concurrently, at advanced nodes, conventional geometry-driven
heuristics (e.g., cell area, wire length) break down as layout effects
dominate device behavior, decoupling geometric simplicity from
actual electrical performance. This disconnect is explicitly demon-
strated in Figure 1, which plots the performance versus wire length
for numerous layout variants of the same cell. We observe not
only a significant variation in PPA among these variants but also
a clear decoupling from simple geometric metrics: the layout with
the optimal wire length (blue dot) yields poor performance, while
the layout with the optimal PPA (red dot) has a sub-optimal wire
length.The breakdown of traditional heuristics has immediate con-
sequences in real design flows—designers can no longer use geo-
metric rules or coarse-grained proxies to reliably rank large sets
of layout variants. This, in turn, makes it impossible to guarantee
the quality of the initial candidates selected for manual refinement,
ultimately degrading the overall efficiency of standard-cell library
development.

Therefore, a high-fidelity surrogate model must achieve both
strong overall PPA prediction accuracy, and—more importantly—
capability of capturing the subtle performance differences induced
by layout effects. In this scenario, machine learning (ML)-based
methods have emerged as a promising alternative for scalable PPA
prediction. The landscape of performance prediction is vast, and
most existing work addresses various problems at different design
levels. Many prior efforts operate at the gate or block level rather
than the standard cell design level[2][8][10][7][28][25], or they
focus exclusively on isolated stages like transistor placement or
routing quality[17][23][21][27][11][3][22], failing to capture the



holistic impact of the final layout. Similarly, methods designed
for Liberty generation typically rely on interpolation or migration
strategies[20][4][26][16][18], which depend on pre-existing char-
acterization data and cannot predict the performance of entirely
new layout structures.

Consequently, the specific challenge of predicting PPA
directly from transistor-level layout geometry remains under-
explored. While recent layout-aware frameworks such as
ProtoCellLayout[19] have made strides by incorporating geo-
metric information, their modeling scope remains limited. [19]
relies on symbolic one-hot encoding for timing arcs and local
message-passing GNNs. This approach struggles to capture
continuous timing-path interactions—particularly the coupled
behaviors of transition and delay—and fails to model the global
timing correlations essential for accurate ranking. Furthermore,
topology-focused approaches like GTN-Cell[18] simplify routing
into net-level abstractions, severely constraining their ability to
capture the fine-grained layout dependent effects that dominate
advanced nodes. These limitations underscore the critical need for
a framework that effectively bridges circuit topology, geometric
layout, and device-level physics, redefining PPA estimation as the
process of learning the intrinsic correspondence between circuit
structure, layout geometry, and electrical behavior.

With these insights, this paper proposes EPiCell, an Electro-
Physical Co-Modeling Framework for Standard Cell PPA Estima-
tion, leveraging a Heterogeneous Graph Transformer (HGT) to
achieve comprehensive modeling that integrates electrical charac-
teristics and physical layout geometry for high-fidelity PPA predic-
tion.

The contributions of this work are summarized as follows:
• We propose EPiCell, an electro-physical co-modeling frame-
work. It leverages a Heterogeneous Graph Transformer
(HGT) that operates on a transistor-level heterogeneous graph,
effectively captures complex electro-physical interactions and
layout-dependent effects.

• We propose a dissimilarity-aware sampling strategy to effi-
ciently cover the design space with limited but representative
cell samples, avoiding cell characterization for massive layout
variants with costly SPICE simulations.

• Validated on the ASAP7[5] PDK, EPiCell achieves a low average
prediction error of 1.82% for leakage power, 4.01% for internal
power, 3.06% for delay, and 3.29% for transition; and in rank-
ing consistency with SPICE simulation, improves median Spear-
man’s 𝜌 from 0.25 to 0.90 for internal power, from 0.17 to 0.81
for delay, and from 0.14 to 0.70 for transition.
The rest of the paper is organized as follows: Section 2 intro-

duces the EPiCell framework for PPA prediction; Section 3 explains
the details of the proposed method; Section 4 validates the method
with experimental results; Section 5 concludes the paper.

2 PRELIMINARY
2.1 Problem formulation
The standard cell characterization flow, as shown in the top path
(blue) of Figure 2, is a multi-stage process used to generate accu-
rate performance data. First, the cell layout undergoes Parasitic
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Figure 2: Comparison of standard cell layout evaluation
flows. The traditional characterization flow (top, blue ar-
rows) requires full Parasitic Extraction and SPICE Simula-
tion. Our proposed flow (bottom, red arrows) uses a graph
model based on extracted electro-physical details to directly
predict PPA.
Extraction (PEX), where a detailed netlist is extracted, annotated
with complex parasitic resistances and capacitances (RC), includ-
ing inter-net coupling effects.This netlist is then passed to a SPICE
Simulator, which runs extensive simulations to measure the cell’s
precise electrical behavior under various conditions. The final re-
sults, including power, delay, and transition metrics, are compiled
into a Liberty (.lib) file. While this PEX-plus-SPICE workflow pro-
vides high fidelity, it is computationally intensive, making it infea-
sible for evaluating the large volume of layout variants produced,
and thus unsuitable for rapid design space exploration.

To address this challenge, we formulate the PPA prediction task
as a graph-based learning problem as shown in the bottom path
(red) of Figure 2. Our flow begins by extracting the critical electro-
physical properties from the layout, serving as a lightweight proxy
for the data computed during PEX. We capture transistor infor-
mation, such as size (nfin) and position, and routing information
including metal position, length, and features corresponding to
parasitic coupling. These extracted details are then represented us-
ing a heterogeneous graph𝐺 , which explicitly distinguishes three
entity types: FETs, Routing & Vias, and Voltage Supply nodes
(VDD/VSS). This graph structure is featurized with the extracted
physical properties and, critically, allows for the explicit model-
ing of charge/discharge paths from output nodes to the supply
rails, which fundamentally govern timing behavior.This attributed
graph G is then fed into our graph transformer-based prediction
model, which is trained to mimic the SPICE simulation process by
learning to propagate complex electro-physical interactions. The
model’s final output consists of the cell’s key PPA metrics, includ-
ing power, delay, and transition time, enabling rapid evaluation of
layout candidates.

2.2 Rationale for Graph Representation and
Transformer Modeling

A heterogeneous electro-physical graph is essential for explic-
itly representing these entities and their role-specific interactions.
FETs, routing metals, and supply rails contribute to PPA through
inherently different physical mechanisms, and affect timing and
power in asymmetric ways. Collapsing these entities into a homo-
geneous representation forces the model to infer their differences
implicitly, making it difficult to attribute layout effects to the cor-
rect physical causes, while modeling them as heterogeneous node
types preserves their semantic distinctions and allows the network
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Figure 3: The Framework of EPiCell - A. Sampling Topology Variant for Dataset Construction B. Transforming Std-Cell to
Graph Representation C. Leveraging a Heterogeneous Graph Transformer for PPA Prediction

to learn how each entity’s variations propagate through the elec-
trical chain.

Conventional GNNs, fall short in this scenario because fixed-
hop message passing cannot capture the non-local, multi-stage be-
haviors that underlie layout effects. In contrast, transformer-based
attention performs dynamic, content-aware dependencymodeling.
When combined with our circuit-structured DAG, attention effec-
tively learns physically valid signal- and supply-propagation paths
rather than arbitrary graph interactions, thus enabling the model
to track how layout-dependent perturbations accumulate along
real electrical chains and ultimately influence power and timing.

The combination of heterogeneous representation and edge-
restricted transformer attention yields a surrogate capable of dis-
criminating variations, enabling accurate fine-grained PPA rank-
ing across large layout-variant sets.

3 METHODOLOGY
3.1 Layout Generation & Topology Extraction
3.1.1 Layout Variants Generation: We employ an SMT-based
(SatisfiabilityModuloTheories)method for standard cell lay-
out generation, which is similar in principle to [15]. This ap-
proach models the transistor placement and routing problem as a
constraint satisfaction problem, where each feasible solution cor-
responds to a unique layout design.

To obtain diverse layout variants, we utilize an ALLSAT-like
enumeration strategy. Specifically, whenever a feasible solution
𝑥𝑛𝑒𝑤 is found, a new blocking clause (𝑥 ≠ 𝑥𝑛𝑒𝑤 ) is added to the
constraint set to exclude this solution from subsequent searches.
To ensure both generation efficiency and solution diversity, we
adopt a two-stage, decoupled approach. First, we generate multi-
ple distinct placement solutions. Then, for each of these placement

solutions, we apply a similar enumeration method to obtain multi-
ple corresponding routing solutions.

3.1.2 Layout Topology Extraction: Although topological relations
and geometric information could be directly exported during our
generation process, we established a streamlined extraction flow to
ensure our framework can process layouts from arbitrary sources,
including manually-designed cells. Our extraction flow is built
upon commercial LVS (Layout Versus Schematic) tool. The pro-
cess begins by utilizing the transistor placement data provided by
the LVS report. Following this, a graph traversal is initiated from
the I/O pins, navigating the circuit structure based on the layout’s
interlayer connectivity rules. This traversal sequentially identifies
the specific geometric shapes that constitute each net. This ex-
tracted electro-physical information serves as the final input for
our prediction model.
3.2 PE-Guided Topology Variant Sampling
Automated standard-cell generation tools can synthesize an exten-
sive set of layout variants derived from the same logic design, mak-
ing full SPICE characterization impractical.When constructing the
training set for the surrogate model, a key trade-off arises: using
as few cells as possible to mitigate characterization overhead while
still ensuring that the selected samples span the design space with
sufficient diversity to support strong model generalization.

Laplacian positional embeddings (PE) are highly sensitive to
topological variations in the transistor-level connectivity graph,
aligning with observations from [1] which demonstrate the abil-
ity of Laplacian eigenfunctions to capture structural differences
across graph topologies. Since all variants within the same design
share the same number of FET instances, the resulting PE vec-
tors become naturally comparable, enabling ameaningfulmeasure-
ment of topological dissimilarity. Based on these observations, we
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Table 1: Details of Heterogeneous Node Encoding

Shared Feat. Feature Dim

Laplacian-PE 8 smallest non-trivial Laplacian
eigenvectors as node coordinates

8

Type Encoding [FET, Routing/Via, Supply] 3
Supply Path [if_SupplyPath,PullUp,PullDown] 3
Signal Path [if_SignalPath, Input, Output] 3
Geometry Bounding-box [(𝑥1, 𝑦1), (𝑥2, 𝑦2)]

+ Centroid-Coor [(𝑥𝑐 , 𝑦𝑐 )]+ Area
7

Type-Specific Feature Tot. Dim

FET w + l + nfin + if_flip + n/pmos 29
Routing-1 layer + 𝑐𝑝𝑙vertical + 𝑐𝑝𝑙horizontal 27
Supply [if_Power-Rail, VDD, VSS] 27
1 cpl stands for coupling, capturing metal-to-metal coupling. Horizontal coupling
is the w/l ratio of same-layer metals, vertical coupling is normalized overlap area
across layers.

employ a k-center farthest-point sampling procedure as demon-
strated in Figure 3-A that iteratively selects the cell whose PE lies
farthest from the current sampled set. This PE-guided strategy ef-
fectively identifies variants with maximal topological diversity, en-
suring uniform coverage of the design space and enhancing the ro-
bustness and generalization capability of the PPA surrogate model.

3.2.1 Node Encoding: Circuit instances such as FETs, routing seg-
ments, and supply nodes exhibit fundamentally different electri-
cal behaviors and interaction patterns. Conventional graph learn-
ing approaches often treat these entities as homogeneous nodes,
inevitably compressing their semantic distinctions and distorting
their functional characteristics. Even methods that incorporate
one-hot node types still rely on a shared embedding function, a
representation-level compromise that obscures the intrinsic het-
erogeneity of circuit element.

To address this limitation, we design fully type-specific encod-
ing schemes that allow each node category to retain its electro-
physical semantics within the representation, as shown in Tab.1.
To further equip each node with global topology awareness, we
leverage the eight smallest non-trivial Laplacian eigenvectors of
the connectivity topology and incorporate these Laplacian posi-
tional embeddings into node feature vector. These heterogeneous
encodings are further processed by type-specific feature mappers,
each implemented as a gated fusion of a residual projection path
and an MLP transformation path. The gating mechanism adap-
tively balances linear and nonlinear feature components, produc-
ing a 256-dim unified embedding for all node types. This design
preserves behavioral diversity while enabling coherent interaction
modeling within the heterogeneous graph transformer.

3.2.2 Edge Encoding: Existing circuit-graph representations sim-
plify edges as mere indicators of physical connectivity, failing to
convey functional roles in signal propagation or their geometric
significance in supply conduction. Therefore, we design a relation-
aware edge encoding that integrates a 9-dim type one-hot vector,
functional-path descriptors for signal and supply behavior, and
the centroid distance between connected instances. This compos-
ite encoding is further passed through an MLP-based projection
and gated fusion with edge-type embedding, producing a 128-dim

fused edge representation. This modeling method yields relational
semantics, functional dependencies, and spatial context essential
for accurate electro-physical reasoning.

3.2.3 Graph Topology: We construct circuit topology in COO for-
mat, encoding directed source–destination relations to form a di-
rected acyclic graph (DAG) that reflects signal flow. This COO
topology then serves as the structural backbone for attention prop-
agation in the graph transformer.

3.3 Heterogeneous Graph Transformer
3.3.1 Edge-Restricted Multi-Head Attention Encoder: The overall
encoder adopts a 6-layer, 8-head graph transformer architecture,
where each layer consists of a connectivity-aware multi-head at-
tention block followed by a Residual–LayerNorm–FFN update se-
quence.

At the core of each layer is the edge-restricted graph attention
mechanism, as shown in Fig.3. Inspired by [6], rather than adopt-
ing fully connected self-attention — which would compute inter-
actions among all 𝑁 nodes — our encoder restricts message pass-
ing strictly to edges defined by the circuit graph, to leverage the
graph connectivity inductive bias. For each directed edge (i→j),
the layer computes attention scores using source-node queries and
destination-node keys, refined by edge-conditioned biases derived
from edge embeddings, as demonstrated in Equation 1.

𝑠𝑖 𝑗 =

(
(𝑊𝑄h𝑖 )

)⊤ (𝑊𝐾h𝑗 )√
𝑑ℎ

+
[
𝑔(e𝑖 𝑗 )

]
𝑒𝑑𝑔𝑒 : 𝑖 → 𝑗 ∈ E,

𝛼𝑖 𝑗 = softmax𝑖:(𝑖→𝑗 ) ∈E
(
𝑠𝑖 𝑗

)
.

(1)

where ℎ𝑖 and ℎ 𝑗 represents node embedding of source-node and
destination-node respectively, 𝑒𝑖 𝑗 is edge embedding of edge (i→j),
𝑠𝑖 𝑗 is the attention score and 𝛼𝑖 𝑗 is the corresponding attention.

We adopt a source-as-query and destination-as-key formula-
tion so that upstream circuit elements determine their influence
on downstream nodes, naturally aligning the attention mecha-
nism with the intrinsic signal-flow or supply-net behavior of cir-
cuit DAGs, prevents semantically invalid interactions, and signifi-
cantly improves computational efficiency: its complexity scales as
𝑂 (𝐸 ·ℎ ·𝑑), where 𝐸 is the number of edges, ℎ the number of heads,
and 𝑑 the head dimension, in contrast to the 𝑂 (𝑁 2 · ℎ · 𝑑) cost of
fully connected transformers.

3.3.2 Task-Query Attention Decoder for PPA Prediction: Beyond
the encoder, EPiCell employs a task-adaptive predictor to trans-
form node-level representations into cell-level PPA outputs. In-
stead of relying on global pooling, we introduce a task-query at-
tention as demonstrated in Equation 2, readout that enables each
PPA metric to selectively aggregate information from structurally
relevant circuit regions.

𝛼𝑖,𝑡 = softmax 𝑖∈V𝑐

(
q⊤
𝑡 h𝑖

)
,

z𝑡 =
∑
𝑖∈V𝑐

𝛼𝑖,𝑡 h𝑖 ,

𝑦𝑡 = MLP𝑡 (z𝑡 )

(2)

where h𝑖 is the representation of node 𝑖 produced by encoder, q𝑡
is a learnable task query associated with prediction task 𝑡 , z𝑡 is the

4



attention-pooled graph representation for task 𝑡 , and 𝑦𝑡 denotes
the final PPA prediction obtained through the task-specific MLP
head.

For each prediction task, a learnable query vector interacts with
all encoded node embeddings via a dot-product scoring function,
which is normalized using a graph-aware segment-wise softmax
over each cell. This produces an attention distribution highlight-
ing nodes that are most informative for the corresponding PPA
component—e.g., pull-up paths for cell rise, pull-down networks
for cell fall, or critical transistors for leakage power.

The attention-weighted node embeddings are then summed to
yield a compact task-specific graph representation.This pooled fea-
ture is passed through a two-layerMLP headwith GELU activation
and dropout to generate the final numerical outputs for each PPA
task. By assigning independent queries and MLP heads per task,
the predictor naturally accommodates heterogeneous PPA behav-
iors while sharing a unified encoder backbone.

3.3.3 Soft Center Alignment: We further adopt a log-ratio–based
contrastive regularizer to implement the alignment dynamics be-
tween each embedding and its associated design centers. The pull
term encourages the embedding z to move toward the 8 nearest
design centers by minimizing a soft distance-weighted attraction.
In contrast, the push term penalizes configurations in which z is
relatively closer to distant, irrelevant centers than to the selected
top-8 ones, effectively enlarging the separation margin between
design families. The overall center-alignment objective combines
these two components:

𝐿pull =
∑

𝑑∈𝐶8 (z)
𝑤𝑑 𝑑 (z, c𝑑 ), (3)

𝐿push = −𝜆push log
∑
𝑑∈𝐶8 (z) exp(−𝑑 (z, c𝑑 ))∑
𝑑∉𝐶8 (z) exp(−𝑑 (z, c𝑑 ))

. (4)

Where 𝐶8 (z) denotes the 8 nearest design centers, 𝑑 (z, c𝑑 ) is
the Euclidean distance, 𝑤𝑑 is the distance-based softmax weight
within 𝐶8 (z), and 𝜆push controls the repulsion strength.

𝐿center-align = 𝐿pull + 𝐿push . (5)
The resulting regularizer, as shown in Equation 5, integrates

both the attractive and repulsive forces to regularize the embed-
ding space, thereby encouraging a well-shaped, topology-aware
embedding space that preserves intra-design consistency and en-
hances inter-design separation.

3.3.4 Overall Training Objective: To jointly optimize task-specific
PPA prediction and encourage amore structured embedding geom-
etry, we augment the uncertainty–weighted multi-task regression
objective with our proposed contrastive center-alignment loss.The
regression component follows a homoscedastic uncertainty formu-
lation inspired by [13], allowing the model to adaptively balance
heterogeneous PPA tasks, while the alignment term regularizes the
representation space by encouraging embeddings to remain close
to their nearest design centers. The overall training loss is defined
as:

𝐿Total =
∑
𝑡

(
𝑒− log𝜎2

𝑡 ∥𝑦𝑡 − 𝑦𝑡 ∥2 + log𝜎2
𝑡

)
+ 𝜆𝐿center-align (6)

Table 2: Generated standard cell types and the number of
layout variants after sampling.

Cell Type #Layout Variants Example Cells
AND 1360 AND2x6,AND3x4,AND5x2
AO/OA 12739 A2O1A1Ixp33,AOI333xp17,OA32x2
MAJ 518 MAJx1,MAJx2,MAJx3
NAND 1441 NAND2x2,NAND4xp75,NAND5xp2
NOR 1302 NOR3xp33,NOR4xp25,NOR5xp2
OR 1336 OR2x4,OR3x4,OR5x2

4 EXPERIMENT
4.1 Experimental Setup & Dataset
Our experiments are based on the open-source ASAP7 PDK. We
use Calibre (v2023.2) for LVS and PEX, and LIBERATE (v23.2.3) for
characterization. All model training and inference are conducted
on a platform equipped with an AMD EPYC 7543 CPU and an
NVIDIA GeForce RTX 5090 GPU.

Following the generation methodology outlined in Section 3.1,
we initially synthesized a large-scale pool of approximately 76,000
standard cell layout variants. We applied the sampling strategy de-
scribed in Section 3.2 to select a subset of variants that maximizes
design space diversity. Consequently, we obtained a final dataset of
approximately 18,000 samples. For each sample in this curated set,
we performed the complete characterization flow to acquire the
ground-truth layout PPA metrics. The detailed breakdown of cell
types and their corresponding variant counts in this final dataset
is summarized in Table 2.

Our prediction framework targets PPA metrics including leak-
age power, internal power, cell rise delay, cell fall delay, rise tran-
sition, and fall transition. For the timing-related metrics, standard
cells typically exhibit multiple timing arcs, each characterized by a
Non-Linear Delay Model (NLDM) look-up table (LUT). To derive a
scalar ground-truth value for training and evaluation, we compute
the average value of the entries in the NLDM LUTs for all valid
timing arcs of the cell.

4.2 Accuracy Validation
In this section, we conduct a comparative analysis between EPiCell
and ProtoCellLayout [19], a state-of-the-art layout-aware PPA es-
timation framework to validate EPiCell’s accuracy.

To systematically evaluate the prediction performance of differ-
ent PPA surrogates, we consider three complementary experimen-
tal settings:

(a) Full: All cell instances in the dataset are randomly parti-
tioned into 80% training and 20% testing. This configura-
tion evaluates themodel’s upper-bound prediction accuracy
when sufficient training data are available

(b) Variant-limited: For each design, only 30% of its standard-
cell variants are uniformly sampled as training data, while
the remaining 70% are reserved for testing. This setting em-
ulates the model’s few-shot generalization capability within
a design.

(c) Cell-limited: Only 30% of the cell types are used for training
(with all their associated cells), and the remaining 70% de-
signs are held out for testing. This configuration focuses on
the model’s ability to generalize across designs.
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Table 3: Accuracy comparison between [19] and EPiCell under three evaluation settings

Setting Method Leakage Power Internal Power Cell Rise Cell Fall Rise Transition Fall Transition

MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2

Full [19] 1.775 0.997 9.049 0.945 5.490 0.978 4.134 0.991 5.516 0.988 5.876 0.983
EPiCell 1.822 0.998 4.013 0.983 2.798 0.966 3.318 0.989 3.153 0.980 3.423 0.987

Variant-limited [19] 9.331 0.942 12.261 0.910 6.428 0.970 8.329 0.979 6.163 0.981 7.324 0.972
EPiCell 8.354 0.961 7.270 0.977 6.723 0.953 4.840 0.935 4.136 0.973 4.714 0.957

Cell-limited [19] 12.426 0.931 21.628 0.899 16.623 0.914 13.368 0.932 9.784 0.901 14.577 0.963
EPiCell 11.371 0.922 14.572 0.912 11.672 0.931 12.257 0.928 8.363 0.913 9.792 0.948
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Figure 4: Ranking consistency with SPICE ground truth across key PPA metrics. Each point corresponds to one standard cell,
and Md denotes the median Spearman’s 𝜌 .

As summarized in Table 3, EPiCell consistently demonstrates su-
perior performance across all three generalization settings. Specif-
ically, in the Full setting, our model achieves high-fidelity pre-
dictions with MAPEs of 1.82% for leakage power and 4.01% for in-
ternal power. For timing metrics, EPiCell maintains exceptional
accuracy, achieving prediction errors of 3.06% for delay and 3.29%
for transition, corresponding to 2.80% for cell rise, 3.32% for cell
fall, 3.15% for rise transition and 3.42% for fall transition. This ad-
vantage persists even in the challenging Cell-limited setting, con-
firming that our heterogeneous graph formulation captures trans-
ferable electro-physical principles rather than merely memorizing
cell-specific attributes.

While [19] achieves high global 𝑅2 values comparable to EPi-
Cell in certain metrics, this does not necessarily imply effective
layout awareness. In standard cell libraries, PPA values are domi-
nated by inter-class variations (i.e., differences between logic func-
tions and drive strengths), whereas intra-class variations (differ-
ences between layout variants of the same cell) are relatively small.
Consequently, a high global 𝑅2 primarily reflects a model’s abil-
ity to distinguish between different cell types and drive strengths.
As we will demonstrate in the following section, despite similar
global statistics, EPiCell significantly outperforms [19] in ranking
the quality of the layout, validating its sensitivity to layout effects.
4.3 Consistency with SPICE Simulation-based

Layout Ranking
We evaluate the consistency with SPICE simulation-based layout
ranking using the Full Setting dataset described in Section 4.2.
which consists of 133 unique standard cells (differentiated by func-
tion and drive strength), and each cell contains 20 to 30 layout

variants. Here, we employ Spearman’s Rank Correlation Co-
efficient (𝜌) to quantify the consistency between the predicted
ranking and the ground-truth SPICE simulation ranking. Note that
leakage power is excluded from this analysis as it is primarily de-
termined by the circuit netlist and shows minimal sensitivity to
layout variations compared to dynamic power and timing.

As shown in Figure 4, [19] exhibits marginal correlation (𝜌 ≤
0.25) across all metrics, indicating a failure to distinguish between
layout variants. In contrast, our model demonstrates robust lay-
out variation awareness. Specifically, our method improves a me-
dian 𝜌 of from 0.25 to 0.90 for Internal Power, from 0.17 to 0.81
for Cell Delay, and from 0.14 to 0.70 for Transition metrics com-
pared with our baseline. These results confirm that our approach
effectively captures layout-dependent parasitic effects, providing
accurate and reliable ranking guidance for layout selection.

5 CONCLUSION
In this work, we presented EPiCell, a heterogeneous electro-
physical modeling framework for accurate and scalable standard-
cell PPA prediction. By integrating device geometry and routing
context with an edge-restricted graph transformer, EPiCell cap-
tures the electro-physical interactions that govern layout effects.
Evaluated on 18,000 ASAP7 layout variants, EPiCell achieves pre-
diction errors of 1.82% for leakage power, 4.01% for internal power,
3.06% for delay, and 3.29% for transition, while improving median
Spearman’s 𝜌 from 0.25 to 0.90 for internal power, from 0.17 to
0.81 for delay, and from 0.14 to 0.70 for transition. EPiCell pro-
vides a high-fidelity surrogate for large-scale layout exploration
and more efficient standard-cell library development.
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