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Analog routing must balance design rules and layout constraints while managing interconnect resistance
and capacitance. Many analog-routing frameworks combine wirelength objectives with constraint handling
and evaluate detailed parasitic effects after routing. This separation motivates investigating whether low-
latency parasitic estimates can guide candidate expansions during routing. We present APEC-Route, an
analog-routing framework that combines interval-tree-based wire segmentation, a multilayer perceptron
(MLP)-based neighbor-aware total-capacitance model, and analytical wire-resistance evaluation. The resulting
estimates guide the search in parasitic-minimization and parasitic-matching modes. On four finalized 65 nm
layouts, the extractor attains a geometric-mean relative error of 5.54-6.77% and a mean absolute percentage
error of 7.41-9.93% against the field-solver reference; each in-search query takes 251-345 ps. For each of three
65 nm block-level routed-circuit cases—an operational transconductance amplifier (OTA), a comparator, and
a capacitive digital-to-analog converter (CDAC)—SAGERoute and the w/0-R/C, R-only, CC-only, and full
APEC-Route variants use the same fixed placement. Across both controlled capacitance-term comparisons,
enabling the capacitance term improves eight of nine independent circuit metrics, with OTA phase margin
as the sole exception. The derived ENOB increases consistently with SINAD. Relative to w/o R/C, the full
objective increases OTA gain and CMRR by 2.7 and 1.0 dB and UGB by 0.01 MHz, reduces comparator delay,
hysteresis voltage, and offset voltage by 20.5%, 16.0%, and 26.6%, and reduces CDAC delay by 10.4% while
increasing SINAD by 16.4 dB; OTA phase margin decreases by 1.1°.

CCS Concepts: » Hardware — Electronic design automation; Analog and mixed-signal circuits.

Additional Key Words and Phrases: parasitic extraction, neural capacitance model, parasitic-aware analog
routing

1 Introduction

Analog routing is a time-consuming process that must balance design rules, symmetry, wire width,
electromigration, and other constraints while managing interconnect resistance and capacitance,
all of which affect circuit performance [25]. Representative analog-layout frameworks include
ALIGN [10], MAGICAL [5, 6], SAGERoute [42, 43], BAG [9], and LAYGEN [23, 24]. Many such
approaches combine a wirelength objective with constraint-driven heuristics. When interconnect
parasitics are not represented directly in the routing objective, their electrical effects are assessed
after routing and may require further design iteration.
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2. Non-Real-Time Parasitic-Aware Analog Routing Tools
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3. On-The-Fly Parasitic-Aware Analog Routing Tools
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Fig. 1. Comparison of APEC-Route (3) with two representative analog-routing workflows (1 and 2).

Learning-guided routers use neural models in different ways. GeniusRoute [46] trains a variational
autoencoder on manual layouts to generate routing-region guidance that biases detailed routing,
whereas other learning-based approaches [22, 30, 35] predict parasitic or performance-related
guidance before routing. Other works [3, 31, 44, 45] attempt to guide layout generation with
parasitic information computed from approximate equations or field solvers. In addition, solutions
such as LayoutCopilot [11, 21] and IAPARoute [7] incorporate human intervention to better account
for interconnect parasitics. Most prior parasitic-aware approaches obtain parasitic information after
an initial route or predict it before routing; they do not reevaluate the local conductor environment
for every candidate expansion. Consequently, pre-routing predictions may not reflect the final
local geometry, and once a routing solution is finalized, the design space for rip-up and re-routing
becomes limited. IAPARoute [7] computes real-time estimates from approximate equations but
does not explicitly reevaluate neighbor-induced capacitance for each candidate geometry. This
limitation motivates investigating whether low-latency estimates that include the nearby conductor
environment can provide additional guidance during routing.

The neural components of GeniusRoute and APEC-Route serve different purposes. GeniusRoute
learns a pre-routing probability map from manually routed layouts and uses that map to bias a
guidance-aware detailed router. In contrast, APEC-Route trains a field-solver-calibrated capacitance
model on synthetic conductor cross sections and queries it on candidate geometries during routing.
Consequently, the (Ag, Ac) = (0,0) configuration evaluated in Section 4 is an ablation of APEC-
Route’s own base router, not a reproduction of GeniusRoute.
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On-the-fly parasitic extraction requires an ultra-fast extractor, which is particularly challenging
for capacitance. Interconnect resistance can be modeled as proportional to wire length and inversely
proportional to cross-sectional area [40], making it straightforward to evaluate during routing.
Parasitic capacitance, however, is a coupling phenomenon strongly influenced by the surrounding
conductors and dielectrics. Two principal capacitance-extraction approaches are three-dimensional
(3D) field solvers and pattern matching. Accurate field solvers [13, 14, 26, 41] are computationally
expensive and therefore impractical for frequent in-search queries. Pattern matching [8, 39] divides
interconnects into segments whose capacitances are estimated from precharacterized cross-sectional
patterns. It offers two advantages for this setting: (1) low-latency estimates whose accuracy can be
evaluated before deployment, and (2) local, incremental evaluation without repeatedly solving a
global field problem. Its main engineering challenge is that pattern libraries and matching rules are
empirical, require extensive characterization and tuning, and are often proprietary. A compact and
accurate learned model can replace part of this handcrafted estimation process.

In this work, we propose APEC-Route, an analog routing tool that exposes on-the-fly parasitic
estimates to the routing search. Its ultra-fast extractor combines interval-tree-based wire segmenta-
tion with a multilayer perceptron (MLP) that estimates the capacitance of the resulting wire slices.
Combined with analytically evaluated resistance, the extractor supplies candidate-path parasitic
estimates during search. We use these estimates in two modes: parasitic minimization and parasitic
matching. We evaluate the resulting routing behavior and circuit metrics on the block-level cases
described in Section 4, subject to the comparison limitations stated below. The main contributions
of this paper can be summarized as follows:

e Inspired by pattern-matching extraction, we propose an ultra-fast parasitic extractor that
uses interval-tree-based segmentation to partition routed wires into slices and an MLP to
estimate the neighbor-aware total capacitance of each slice.

e We propose a parasitic-aware algorithm that incorporates on-the-fly resistance and capaci-

tance estimates in two modes: parasitic minimization and parasitic matching.

On four finalized layouts, the extractor attains a geometric-mean relative error of 5.54-6.77%

against a 3D field solver and runs faster than the evaluated commercial pattern-matching flow.

On three routed-circuit cases, SAGERoute and the four evaluated APEC-Route configurations

use the same fixed placement for each benchmark. In both controlled capacitance-term

contrasts, enabling the capacitance term improves eight of nine independent circuit metrics,
with OTA phase margin as the only exception; the derived ENOB increases consistently with
SINAD, and the resistance term produces smaller, benchmark-dependent changes.

The empirical scope remains limited to the evaluated 65 nm block-level circuits and does not
establish broader applicability to other technologies or larger irregular blocks.

2 Preliminaries
2.1 Grid-Based Analog Routing

Grid-based routing is widely used in analog and mixed-signal design [4, 16, 17, 29]. As illustrated in
Figure 2, it discretizes the layout into a three-dimensional routing graph whose nodes can have up to
six neighbors: four in the same layer and one in each adjacent layer. Analog routers can also employ
nonuniform grids or permit wire placement beyond the fixed tracks used in digital routing [28].
A* is a widely used heuristic for searching this graph. It ranks candidate nodes by combining
the accumulated path cost from the source (COSTG in Figure 2) with a heuristic estimate of the
remaining cost to the target (COSTF), and these terms can be extended to represent analog-routing
objectives and constraints.
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Fig. 2. lllustration of 3D grid-based routing.

Given a placement PL, a constraint set CT = {ct; | 1 < i < |CT|}, and routing objectives
OB = {OB; | 1 < i < |OBl|}, the analog-routing problem is to construct routing solutions RS =
{RS; | 1 <i < |RS|} that satisfy every ct; € CT while optimizing the objectives in OB.

2.2 Layout Parasitic Extraction

Layout parasitics include the resistance (R) and capacitance (C) of interconnect wires, which affect
signal delay and other performance metrics [39]. Conventionally, parasitic extraction is performed
after placement and routing to support post-layout simulation and analysis, thereby guiding design
iteration. Interconnect resistance can be estimated from its length L, width W, and thickness T:
L L 8
wWT W

which makes resistance extraction relatively straightforward [40]. In APEC-Route, resistance is
evaluated with this analytical expression and is not predicted by a neural network; only capacitance
is estimated by the MLP.

Parasitic capacitance arises from complex coupling among the surrounding conductors and
dielectrics. For a system of conductors {i | 1<i< N}, the capacitance matrix C€RN*N relates the
electric charge vector Q and voltage vector V via

Q=CV, @)

where each diagonal entry C;; denotes total or self capacitance and, for i # j, —C;; denotes coupling
capacitance. If C;y denotes the capacitance from conductor i to the reference conductor or substrate,
then
Cii=C,-0— Z Cij» VlSlSN (3)
1<j<N, j#i
The total capacitance Cj; is the principal quantity of interest in many applications. Some studies [7,
42] approximate it as proportional to wire length and width:

éii o LW, (4)
which is a rough approximation of wire-to-substrate capacitance that ignores coupling effects.

2.3 Capacitance Extraction Techniques

Capacitance extractors fall into two broad categories: 3D field solvers and pattern-matching ex-
tractors. A 3D field solver computes the electric charge vector Q for an applied voltage vector
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V, from which the capacitance matrix C is obtained [40]. This computation is formulated as a
boundary-value problem governed by Laplace’s equation:

V- (V) =0, inQ,

¢ = o, on 9Qp, 5
% =0, on aQN,

where ¢ is the dielectric permittivity, ¢ is the electric potential, and 0Qp and 9Qp are the Dirichlet
and Neumann boundaries, respectively. Numerical methods for solving Equation (5) include the
boundary element method (BEM) [26] and the floating-random-walk (FRW) method [13, 14, 41].
These methods can provide high accuracy but are usually computationally expensive.

In the pattern-matching approach, a set of cross-sectional patterns is defined for a process
technology, and their two-dimensional capacitances are computed with a field solver to form a
lookup table or polynomial-fitting rules [8, 39]. For an actual layout, wires are segmented so that each
segment’s surrounding geometry is invariant along its longitudinal direction. The 3D capacitances
are then approximated from 2D cross-sectional capacitances by matching or interpolating predefined
patterns. Commercial pattern-matching tools provide scalable performance even for chip-scale
extraction, but their pattern libraries and matching rules are empirical and often proprietary. These
limitations have motivated data-driven models of 2D cross-sectional capacitance [1, 2, 18-20, 36, 38].
To our knowledge, many reported models use a fixed metal-layer combination, often three selected
layers, and have not been evaluated as part of a complete pattern-matching workflow on finalized
layouts.

3 APEC-Route Framework

Figure 3 presents an overview of APEC-Route. The framework takes technology files, a circuit
netlist, placement information, and a trained MLP-based capacitance model as input. The technology
files include the layer map and the design-rule-checking (DRC) and layout-versus-schematic (LVS)
rules. The capacitance model is trained on a layout-independent synthetic dataset labeled by a field
solver (see Sec. 3.2). Once model training converges, the routing procedure requires no further
fine-tuning for designs in the same technology and modeled geometry range.

APEC-Route integrates on-the-fly parasitic information into single-net routing. For a particular
net, it considers wirelength, routing constraints, and parasitics. Resistance is evaluated analytically
using Equation (1) and does not use machine learning; only capacitance is predicted by the MLP.
For on-the-fly capacitance extraction, APEC-Route adopts the pattern-matching paradigm. It first
partitions the wires into segments using the interval-tree-based method in Sec. 3.1, and then
estimates the capacitance of those segments using the trained MLP in Sec. 3.2. The parasitic-aware
algorithm in Sec. 3.3 uses these on-the-fly resistance and capacitance estimates during routing.
APEC-Route applies the full process to each user-specified critical net; other nets are routed using
basic wirelength and constraint considerations to balance runtime and quality.

3.1 Interval-Tree-Based Wire Segmentation

Figure 4 illustrates the interval-tree-based wire-segmentation method used by the capacitance
extractor. For a specified master conductor, we first identify the relevant surrounding conductors.
We locate the nearest non-empty layers above and below and search for conductors within a
horizontal window of length Lyin = 40 maxee £ {Wninr}, where L is the set of routing layers and
Whnin ¢ is the minimum wire width on layer £. We then partition the master conductor wherever
its surrounding geometry changes, so that each resulting segment has a constant cross section.
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Fig. 3. Overview of APEC-Route.
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Fig. 4. lllustration of interval-tree-based wire segmentation and the resulting cross sections.

In Figure 4, the master conductor is divided into four segments (1-2, 2-7, 7-10, and 10-14); the

corresponding cross sections appear on the right.

ACM Transactions on Design Automation of Electronic Systems



APEC-Route: Guiding Analog Routing with On-the-Fly Parasitic Extraction 7

Within each cross section, the model considers up to nine conductors: the master conductor, its
immediate left and right neighbors, and the three nearest conductors in each of the upper and lower
layers. Conductors beyond this scope are omitted under the local-neighborhood approximation.
Section 4 evaluates the resulting approximation on finalized layouts. This is a multi-conductor
capacitance-estimation model: it estimates the total capacitance of one master conductor in the
presence of nearby conductors. It should not be interpreted as a capability to synthesize multiple
parallel wires for one electrical net. Each conductor is characterized by three parameters (W;, X;, Z;):
its width W;, the horizontal distance X; from its center to the master conductor’s center, and its
layer index Z;. The resulting cross section is represented by 27 parameters and supplied to the
MLP capacitance model. The capacitance of the master conductor is estimated by multiplying each
two-dimensional cross-sectional capacitance by its segment length and summing over all segments.

The detailed implementation is shown in Algorithm 1. The algorithm takes the environment
conductor boxes, the master conductor box, and the check length as input. It first initializes an
interval tree based on the master conductor (line 2). Then, it projects the environment conductor
boxes onto the master conductor box to find the clip points (line 3). Each clip point on the master
conductor is inserted into the interval tree (lines 4-6). Next, the algorithm builds an R-tree based on
the environment conductor boxes (line 7) for fast intersection checks. Then, each master conductor
interval I is expanded with a check length Ly, (line 9). The R-tree returns the conductor boxes
that overlap the check box (line 10), from which the algorithm constructs the cross section (line 11).
Finally, it merges intervals with the same cross section and returns the wire segments and cross
sections (lines 13-15).

APEC-Route uses interval-tree-based segmentation to approximate a three-dimensional inter-
connect as a set of two-dimensional cross-sectional extraction problems. Section 4 evaluates the
resulting accuracy and runtime against the field-solver reference.

Algorithm 1 Interval-Tree-Based Wire Segmentation

Require: Environment conductor boxes EnvBoxes, master conductor box M, check length Ly,
Ensure: Wire segments WireSegs, cross-sections CrossSecs

1: function WIRESEGMENTATION(EnvBoxes, M, Lyin)

2: ITree « INTERVALTREEINIT(M)

3: ClipPts <« ProjecTBoxEs(EnvBoxes, M)

4: for all points p € ClipPts do

5: INTERVALTREEINSERT(I Tree, p)

6: end for

7: RTree « RTREEINIT(EnvBoxes)

8: for all intervals I € ITree do

9: CheckBox « ExpANDBOX (I, Lyin)

10: Nbrs « OVERLAPQUERY(RTree, CheckBox)
11: CrossSecs[I] « ComPUTECROSSSEC(M, Nbrs)
12: end for

13: ITree «— MERGEINTERVALS(ITree, CrossSecs)
14: WireSegs « EXTRACTSEGMENTS (I Tree)

15: return (WireSegs, CrossSecs)

16: end function
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3.2 MLP-Based Capacitance Model

Mapping cross-sectional geometry to capacitance is a key step in pattern-matching extraction
and is often performed using a lookup table (LUT) [1, 2]. LUT interpolation can require extensive
characterization because of finite table resolution. We instead develop a data-driven mapping from
cross-sectional geometry to 2D capacitance; segment-level estimates are aggregated to estimate
the capacitance of the original 3D conductor. Although many neural-network architectures are
available, including convolutional neural networks (CNNs) [12], graph neural networks (GNNs) [33],
and transformers [34], we choose a compact multilayer perceptron (MLP) for efficient function
approximation at inference time. Section 4 evaluates its accuracy and runtime.

Figure 5 outlines the model. Because wire segmentation can produce tens of thousands of cross
sections, evaluating every one with a field solver would be too slow for in-search use. We therefore
generate synthetic structures with randomly placed conductors within the modeled layer, conductor-
count, and geometry ranges, label them with a two-dimensional field solver, and train a compact
MLP for pattern-matching extraction.

Prior work trains models using either samples from real circuit layouts [1, 2] or synthetic cross
sections with a fixed number of conductors [20, 36]. Our sampling process instead varies the
conductor count and layer combination within the modeled geometry range. It is designed to cover
diverse cross sections without depending on a specific circuit layout. The sampling process is as
follows. For each sample, we uniformly select a combination of three layers (e.g., M1, M3, and M6)
and place the master conductor at the center of the middle layer. To represent cases in which no
conductor or routing layer exists above or below the master, we add two dummy (empty) layers as
the topmost and bottommost layers. This construction yields (m; 2) layer combinations, where m is
the number of routing layers. The master-conductor width is sampled from the exponential-like
distribution described by Yang et al. [36, Sec. 3.4]. Each left or right conductor is independently
absent with probability 50%. If present, it is placed at a distance d ~Exp( 4‘/\}““) from the master,
where Wpiy is the minimum wire width of the middle layer. Its width is sampled uniformly within
the design-rule-compliant range. For each upper or lower layer, the conductor count is sampled
uniformly from {1, 2, 3}, and positions are sampled uniformly within the design-rule-compliant
range. The horizontal window size is 40 maxse £ {Whnin ¢}, for which the coupling capacitance of a
conductor at the window boundary does not exceed 5% of the master conductor’s total capacitance.
We compute the reference capacitance of each synthetic structure using a 2D field solver.

The MLP input represents the conductor geometry of a cross-sectional pattern using 27 values,
{(W;, Xi,Z;) | 1<i<9} (see Sec. 3.1); absent conductors are zero-padded. The output is the total
cross-sectional capacitance of the master conductor, Cyoa (i-€., Cj; in Equation (3)), in units of
fF/pm. It includes the influence of the modeled neighboring conductors but does not separately
predict every pairwise matrix entry C;;. Figure 5 shows three hidden layers with 128, 64, and
32 neurons and Leaky ReLU activations. Once training converges, routing a design in the same
technology and modeled geometry range requires no further fine-tuning. For a different technology,
the synthetic dataset and the MLP model must be regenerated and retrained, as the specific design
rules and dielectric stack fundamentally determine the conductor distributions and capacitance
values. This technology-porting flow is a one-time procedure: generate rule-compliant synthetic
cross-sections, label them with the 2D field solver, and retrain the MLP; no circuit-specific layout
data or fine-tuning is required.

3.3 On-the-Fly Parasitic-Aware Analog Routing Algorithm

The on-the-fly parasitic-aware routing algorithm incorporates parasitic information into the analog
routing process. APEC-Route applies parasitic-aware routing only to critical nets identified by the
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analog designer; other nets are routed using basic wirelength and constraint considerations to
balance runtime and quality. These basic considerations are implemented using methods similar
to SAGERoute [42]. For each net processed by the parasitic-aware routing kernel, APEC-Route
adds a soft obstacle around the net to reduce capacitive interaction with other nets. The protection
distance is defined by the user-specified routing grid and is usually two to three times the minimum
design-rule width. The soft obstacle is then included in the routing graph. This soft obstacle is a
common routing technique for mitigating design-rule violations and congestion. The associated
penalty guides the routing process away from sensitive regions. The current router represents each
electrical net as one routed tree and decomposes a multi-pin net into two-pin subnets. It does not
jointly synthesize parallel conductors, current-sharing bundles, or redundant multi-wire structures
within one net, and it does not provide complete electromigration (EM) or IR-drop closure for such
structures.

Figure 6 illustrates the on-the-fly parasitic-aware routing algorithm. Parasitic information is
incorporated directly into the fine-grained routing process. In the Routing Decomposition panel,
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the current node has several candidate expansions during path search. Given the user-defined grid
step size, candidate wire segments connect the current node to its neighboring nodes. For each
candidate, APEC-Route estimates the parasitic capacitance inside the check window shown in
the Capacitance Analysis panel using interval-tree-based wire segmentation and the MLP-based
capacitance model. Resistance is calculated analytically from wire geometry using Equation (1).
The on-the-fly parasitic information is then incorporated into the A* cost function:

J(w) = g(u) + h(u) + ARRpath (u) + AcCest (1) (6)

Here, g(u) and h(u) are the conventional A* path and heuristic costs, respectively; Rpam (1) is the
cumulative path resistance evaluated analytically with Equation (1); and Ceg(u) is the on-the-
fly total-capacitance score associated with the candidate expansion. The coefficients Ag and A¢
convert the resistance and capacitance values, expressed in Q and fF, into routing-cost units. Their
numerical values are therefore implementation-specific weights rather than a physical ratio. This
notation separates the analytical resistance term from the conventional path cost. When all routed
segments have an identical cross section, the analytical resistance term is proportional to wirelength
and therefore does not, by itself, demonstrate an advantage beyond wirelength optimization. The
present formulation sums wire-segment resistance and does not include a separate via-resistance
term.

Table 5 reports four APEC-Route configurations: w/o R/C, R only, CC only, and full, which
use (Ar, Ac) = (0,0), (0.1,0), (0,1), and (0.1, 1), respectively. The w/0-R/C configuration uses the
same APEC-Route engine with both auxiliary parasitic terms disabled; SAGERoute is included
as a separate reference evaluated with the same placement. Here, “CC only” denotes enabling
AcCest, where Ceqt estimates the master conductor’s neighbor-aware total capacitance C;;; it does
not denote a separately predicted pairwise capacitance-matrix entry C;;.

Algorithm 2 describes the parasitic-aware routing algorithm. It takes a routing net with pins P,
resistance and capacitance scaling factors Ag and A¢, a set of matching costs MC, and a match-
ing tolerance mp as inputs. The scaling factors balance the parasitic terms in Equation (6); the
experiments use ohms (Q) for resistance and femtofarads (fF, 1071° F) for capacitance. Setting
either scaling factor to zero disables its corresponding parasitic term; setting both to zero reduces
Equation (6) to the common base cost g(u) + h(u). After the first net of a matched pair is routed,
its cost establishes MC; for each corresponding two-pin subnet. In the current implementation,
MC; and its mismatch measure refer to the weighted composite routing cost in Equation (6), not to
resistance or capacitance alone. The parameter mp is the allowed absolute deviation from MC;, so
a smaller numerical value of mp denotes higher matching precision. There is no universal optimal
value because the appropriate tolerance depends on the matching specification and congestion.
In practice, the designer begins with a permissive tolerance and tightens it until the required
match is achieved without an unacceptable loss of routability; reporting mp/|MC;| also provides a
scale-independent relative tolerance. An overly strict value may eliminate every path satisfying the
tolerance in a congested region. In that event, the current implementation falls back to minimization
mode instead of terminating without a route.

For each multi-pin net, APEC-Route first partitions the net into two-pin subnets using a minimum
spanning tree and invokes A* search for each subnet. The search maintains the standard best-score,
predecessor, closed-set, and priority-queue bookkeeping and returns the traced path when the target
is removed from the priority queue. For every legal candidate expansion, it sums the conventional
A’ cost, the analytical resistance component, and the MLP-estimated capacitance component. In
matching mode, only candidates whose absolute cost difference from MC; is within mp are inserted
into the queue; in minimization mode, this mismatch filter is disabled. If the matching-mode queue
is exhausted, the algorithm records the fallback, clears the matching target by setting MC; = &,
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Algorithm 2 Parasitic-Aware Routing

Require: Net n with pin set P, resistance scaling factor Ag, capacitance scaling factor Ac, a set of matching
costs MC, and matching tolerance mp
Ensure: Routing solution RS,, for net n
1: function PARASITICAWAREROUTING(P, Ag, Ac, MC, mp)
2: TwoPinNets < PARTITIONSUBNETS(P)

3 for all tn; € TwoPinNets do

4 RS, ; « A*SEARCH(tn;, Ag, Ac, MC;i, mp)

5: end for

6: RS,, < UJ; RS,

7: return RS,

8: end function

9: function A*SEARCH(tn;, Ag, Ac, MCi, mp)
10: Initialize priority queue Q « @, closed set S «— @
11: Initialize best-score map B[x] < oo and predecessor map 7=
12: Usre < GETSOURCE(tn;)
13: Usgt < GETTARGET(tn;)

14: Blogre] < 0; Q.push(vsye, 0)
15: while Q # @ do

16: v < Q.pop()

17: if v € S then

18: continue

19: end if

20: S «— SuU{v}

21: if v = vy, then

22: return TRACEBACK(r, 0)

23: end if

24: for all u € LEGALNEIGHBORs(v) do

25: cost « PaTHCosT(u) + HEURISTICCOST (1)
26: cost « cost + Agr X PATHRESISTANCE(u)
27: cost « cost + Ac X CAPEXTRACTION(u)
28: if MC; = & then

29: mismatch « 0

30: else

31: mismatch « ABSDirr(cost, MC;)
32: end if

33: if mismatch < mp and cost < B[u] then
34: Blu] « cost; r[u] « v

35: PusHORDECREASE(Q, u, cost)

36: end if

37: end for

38: end while

39: if MC; # @ then

40: RECORDMATCHINGFALLBACK(tn;)

41: return A*SEARCH(tn;, Ag, Ac, &, mp)

42: end if

43: return g

44: end function

and restarts the search in minimization mode. If that unconstrained search also exhausts the queue,
it reports that no legal route exists.
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Fig. 7. Conductor-count distributions of the two datasets for the selected three layers.

4 Experimental Results

The wire-segmentation algorithm in Sec. 3.1 and the analog-routing engine in Sec. 3.3 are imple-
mented in C++. The MLP described in Sec. 3.2 is trained with PyTorch on an NVIDIA RTX A6000
GPU, and inference is integrated into the routing engine through the PyTorch C++ API Capacitance
labels for the synthetic dataset are generated with an in-house two-dimensional floating-random-
walk (FRW) solver. All experiments target a 65 nm process and run on a Linux server equipped
with Intel Xeon Silver 4214 CPUs operating at 2.20 GHz.

4.1 Training the MLP-Based Capacitance Model

We generated two datasets to evaluate the effect of pattern diversity. The “Random-Count” dataset
follows the sampling procedure in Sec. 3.2 and allows a variable number of conductors per pattern.
The “Fixed-Count” dataset uses the same sampling distributions but fixes three conductors on every
selected layer, following the setup used in prior work [20, 36]. Each dataset contains 1.5 million
synthetic cross-sectional patterns. Figure 7 shows their conductor-count distributions.

The 2D FRW solver requires about 1 s to compute the reference capacitance for each cross-section
pattern. For 1.5 million patterns per dataset and 12 parallel processes, the idealized arithmetic time
is therefore about 35 hours per dataset. The end-to-end wall-clock labeling time, including data
preparation, I/O, and scheduling overhead, was not recorded separately. Each dataset is divided into
a 90% training set and a 10% test set. We train the MLP with mean-squared-error (MSE) loss and the
Adam optimizer. The initial learning rate is 10™* and is multiplied by 0.5 every 75 epochs; the batch
size is 1024. For the selected 128—64-32 model trained on the Random-Count dataset, the 400-epoch
training took 4033 s (about 67 minutes) on the RTX A6000. Dataset generation and model training
are one-time costs for a given technology and geometry range, rather than per-routing-run costs.
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Table 1. EVALUATION OF THE TRAINED MLP CAPACITANCE MODELS ON HELD-OUT SYNTHETIC TEST SETS. MAPE 1s
THE MEAN ABSOLUTE PERCENTAGE ERROR OVER THE CORRESPONDING TEST SET; ARE DENOTES ABSOLUTE RELATIVE
ERROR, AND RATIO IS THE PERCENTAGE OF TEST SAMPLES WHOSE ARE EXCEEDS 5%.

Dataset Training Time Test Loss MAPE Ratio (ARE>5%)

“Fixed-Count” 3867 s 56X 107% 1.10% 0.86%
“Random-Count” 4033 s 5.9%107% 1.34% 1.52%
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Fig. 8. Extraction-runtime and geometric-mean relative-error tradeoffs for the evaluated MLP architectures.

Table 1 reports held-out test-set results after 400 training epochs. Only total capacitance is
evaluated. The Random-Count model has a slightly higher held-out error than the Fixed-Count
model, consistent with the greater diversity of its training distribution.

4.2 Evaluation of the Neural Capacitance Extractor

To evaluate the accuracy-runtime tradeoff of the MLP-based capacitance extractor, we train six
architectures: 64-32, 128-64-32, 256-128-64-32, 512-256—-128-64-32, 256—128-128-64-32, and
512-256-256-128-64-32. We evaluate each model on the Casel and CDAC layouts; Figure 8 reports
the resulting extraction runtime and geometric-mean relative error. The larger models increase
runtime substantially while providing only modest and non-monotonic accuracy changes. Because
on-the-fly extraction is invoked repeatedly during routing, we select the 128—-64-32 model as a
favorable observed Pareto tradeoff between accuracy and runtime, rather than as the architecture
with the minimum error alone.

The MLP-based pattern-matching model can also operate as a stand-alone capacitance extractor.
We evaluate its accuracy on four 65 nm layouts. Casel contains 175 extracted nets from an industry-
provided digital circuit layout, as shown in Figure 9. The OTA, COMP, and CDAC cases are finalized
layouts produced by our routing engine (see Sec. 4.3). We use the 3D FRW-AGF field solver [15, 27]
to compute reference values and also evaluate the commercial LUT-based pattern-matching tool
StarRC [32].

Tables 2 and 3 report the relative errors and runtimes of StarRC, CNN-Cap [37], and our extractor
with MLPs trained on the two datasets in Sec. 4.1. We train CNN-Cap on the Random-Count dataset
using the settings in its original paper, except that the input is expanded to six channels for the six
metal layers in our experiments. Training runs for 20 epochs; Table 2 evaluates the resulting model
on the finalized layouts rather than on synthetic training patterns.
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Table 2. TOTAL-CAPACITANCE EXTRACTION ACCURACY AGAINST 3D FRW-AGF. GME 1S THE GEOMETRIC MEAN OF
RELATIVE ERRORS AND MAPE 1S THE MEAN ABSOLUTE PERCENTAGE ERROR.

StarRC MLP-Random MLP-Fixed CNN-Random
Case = GME MAPE GME MAPE GME MAPE GME MAPE

Casel 4.46% 8.55% 6.31% 9.93% 301% 408% 28.6% 41.8%
OTA 1.92% 8.21% 554% 7.76% 708% 833% 43.98% 58.9%
COMP 335% 3.95% 6.77% 8.79% 501% 697% 54.9% 58.8%
CDAC 5.19% 5.19% 6.15% 7.41% 923% 946% 10.4% 11.2%

Table 3. TOTAL-CAPACITANCE EXTRACTION RUNTIME, INCLUDING INITIALIZATION AND EXTRACTION OF ALL NETS.
BOLDFACE MARKS THE SHORTEST RUNTIME IN EACH ROW, INCLUDING TIES.

Case StarRC MLP-Random MLP-Fixed CNN-Random

Casel 29s 2.29s 2.36s 98.6 s
OTA 31s 0.50s 0.54s 21.3s
COMP 26s 0.12s 0.12s 1.8s
CDAC 33s 12.8s 13.1s 407.7 s

The runtimes in Table 3 include initialization and extraction of all nets. The Fixed-Count model
generalizes poorly to the four finalized layouts, whereas Random-Count improves robustness

within the evaluated geometry range. Here, MAPE = % N (E, - Ci) / Ci| is the mean absolute

percentage error, whereas the geometric-mean error (GME) is the geometric mean of the relative
errors; the two summaries should not be conflated. For the Random-Count MLP, MAPE ranges
from 7.41% to 9.93%, GME ranges from 5.54% to 6.77%, and the measured extraction runtimes are
shorter than those of StarRC on all four cases. For CDAC, the measured MLP initialization time
is 7.0 s. CNN-Cap shows higher real-layout errors and longer extraction runtimes on these cases.
This gap may reflect its fixed-layer architectural assumptions and the variable three-of-six-layer
patterns evaluated here.

The three evaluation levels in this section measure different quantities. Table 1 evaluates capaci-
tance predictions on held-out synthetic patterns (Random-Count test loss 5.9 X 107, MAPE 1.34%,
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Table 4. BENCHMARK CIRCUIT STATISTICS.

Benchmark #Devices Critical Nets / Total Nets Die Size
Casel - - /175 129 pm X 131 pym
OTA 17 4/17 50 ym X 56 ym
COMP 11 2/8 31 ym X 29 ym
CDAC 231 12 /132 47 pm X 131 ym

and 1.52% of samples above 5% relative error). Tables 2 and 3 evaluate the complete segmentation-
plus-MLP extraction flow on finalized real layouts against FRW-AGF. In contrast, the circuit metrics
in Table 5 come from independent post-layout extraction of resistance, ground capacitance, and
coupling capacitance (R+C+CC), followed by circuit simulation; they are not measurements of the
MLP prediction error. The neural extractor is used only as an on-the-fly routing guide.

4.3 Circuit-Level Evaluation of APEC-Route

We integrate wire segmentation and the MLP-based capacitance model into the on-the-fly parasitic-
aware routing engine and evaluate it on three routing benchmarks: OTA, COMP, and CDAC.
Casel is an industry-provided digital sub-block whose device-level details and function cannot
be disclosed; it is used only to evaluate capacitance extraction. The OTA is a two-stage circuit
with 17 devices; COMP is a comparator with 11 devices; and the CDAC benchmark is a 231-device
capacitive digital-to-analog converter used in a successive-approximation-register analog-to-digital
converter (SAR ADC). Table 4 summarizes the four extraction cases and three routing benchmarks.
All use a 65 nm technology, and the largest reported routing-benchmark die size is 47 ym X 131 ym.

For each benchmark, all reported routing configurations use the same fixed placement.

Table 5 reports unity-gain bandwidth (UGB), common-mode rejection ratio (CMRR), phase
margin (PM), hysteresis voltage (HV), offset voltage (OV), signal-to-noise-and-distortion ratio
(SINAD), and effective number of bits (ENOB). The four APEC-Route columns are w/o R/C, R
only, CC only, and full, corresponding to (Ag, Ac) = (0,0), (0.1,0), (0, 1), and (0.1, 1), respectively;
SAGERoute is included as a separate reference evaluated with the same placement. Here, “CC only”
denotes enabling AcCest, Where Ceg is the learned estimate of the master conductor’s neighbor-
aware total capacitance Cy;; it is not a separately predicted pairwise capacitance-matrix entry C;;.
ENOB is calculated from SINAD as ENOB = (SINAD — 1.76)/6.02 and, as a deterministic transform
of SINAD, is not counted as an independent circuit metric.

For each benchmark, the same fixed placement was supplied to SAGERoute and all four APEC-
Route configurations: the OTA and COMP placements were obtained from manual layouts, whereas
the CDAC placement was generated by a CDAC-specific template. The APEC-Route w/0-R/C, R-only,
CC-only, and full-objective runs use (Ag, Ac) = (0, 0), (0.1,0), (0,1), and (0.1, 1), respectively. All
four APEC-Route configurations use parasitic-minimization mode, i.e., MC; = &, so the matching-
tolerance filter is inactive. Apart from Ag and Ac, the four runs use the same APEC-Route engine and
routing/evaluation setup. Capacitance values are expressed in fF, and path resistance is evaluated
analytically with Equation (1). These coefficients scale the two parasitic cost terms rather than
representing a physical ratio. Setting either coefficient to zero disables its corresponding term. The
present implementation sums wire-segment resistance but does not include a separate via-resistance
contribution.
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Table 5. ROUTING RUNTIMES AND POST-LAYOUT CIRCUIT METRICS FOR SAGEROUTE AND FOUR APEC-ROUTE CONFIG-
URATIONS USING THE SAME FIXED PLACEMENT FOR EACH BENCHMARK.

Benchmark Schematic | SAGERoute [42, 43] APEC-Route

w/o R/C ‘ R only ‘ CC only | Full

Gain (dB) 1 53.1 52.1 520 | 534 | 539 |547

UGB (MHz) 7| 0.91 0.87 088 | 0.88 | 0.89 |0.89

OTA |CMRR(@B)T| 50.1 487 488 | 494 | 489 | 49.8
PM(°) 7T 69.0 72.1 72.0 71.4 71.1 70.9

Runtime (s) - 3.1 3.1 3.4 7.8 6.6

Delay (ns) | 5.8 7.9 7.8 7.7 63 | 6.2

comp | HV(@V) 177 267 275 256 234 | 231
OV (mV) | 28.6 40.6 432 | 384 | 321 |317

Runtime (s) - 0.5 0.5 0.5 3.8 33

Delay (ns) | 259 29.8 29.8 28.7 27.1 26.7

CDAC SINAD (dB) T 65.6 46.9 45.8 44.3 57.6 62.2
(SAR ADC) | ENOB (bits) T 10.6 7.5 7.3 7.1 9.3 10.0
Runtime (s) - 52.4 50.9 60.5 230.8 [160.9

APEC-Route applies the parasitic-aware objective to designer-identified critical nets and retains
the design-rule and symmetry mechanisms used by the underlying analog router. Each routed
layout was evaluated by post-layout circuit simulation following R+C+CC extraction. Because the
same fixed placement is used for every routing column on each benchmark, placement does not
confound the numerical differences in Table 5. Figure 10 shows the routed OTA and CDAC layouts.

The w/0-R/C, R-only, CC-only, and full entries in Table 5 represent all four combinations of the
two auxiliary parasitic terms. Comparisons of R only against w/o R/C and full against CC only
assess the conditional contribution of the resistance term; comparisons of CC only against w/o
R/C and full against R only assess the conditional contribution of the learned neighbor-aware
total-capacitance term. Across the latter two controlled capacitance contrasts, enabling this term
improves eight of nine independent circuit metrics; OTA phase margin is the sole exception. The
derived ENOB values increase consistently with SINAD. For COMP, CC only versus w/o R/C
reduces delay, HV, and OV by 19.2%, 14.9%, and 25.7%, respectively, while full versus R only yields
reductions of 19.5%, 9.8%, and 17.4%. For CDAC, the same two contrasts reduce delay by 9.1% and
7.0% and increase SINAD by 11.8 and 17.9 dB. For OTA, they increase gain by 1.9 and 1.3 dB, UGB
by 0.01 MHz in both cases, and CMRR by 0.1 and 0.4 dB, while reducing phase margin by 0.9° and
0.5°.

The resistance term has a smaller and more benchmark-dependent effect. It improves all three
COMP metrics in both conditional contrasts. On CDAC, however, R only versus w/o R/C reduces
delay by 3.7% but also reduces SINAD by 1.5 dB; with the capacitance term enabled, adding resistance
provides a further 1.5% delay reduction and a 4.6 dB SINAD increase. Relative to w/o R/C, the full
objective improves eight of nine independent circuit metrics: OTA gain and CMRR increase by 2.7
and 1.0 dB, and UGB increases by 0.01 MHz; COMP delay, HV, and OV decrease by 20.5%, 16.0%,
and 26.6%; and CDAC delay decreases by 10.4% while SINAD increases by 16.4 dB. The derived
ENOB increases consistently with SINAD. The exception is OTA phase margin, which decreases
by 1.1°. These controlled comparisons indicate that the learned capacitance term is the principal
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Table 6. RUNTIME BREAKDOWN OF THE FULL-0BJECTIVE APEC-ROUTE RUNS.

Benchmark Pure Routlng Capac1tapce #Queries Time per
Time Query Time Query
OTA 29s 3.7s 13482 274 pis
COMP 1.2s 2.1s 8351 251 ps
CDAC 73.7s 87.2s 252673 345 us
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Fig. 10. The final routing solutions for OTA and CDAC.

source of the COMP and CDAC improvements, whereas the resistance term is secondary and is not
uniformly beneficial.

For the full-objective APEC-Route configuration, the largest runtime is 160.9 s for CDAC, com-
prising 73.7 s of pure routing and 87.2 s of capacitance-query time in Table 6. This overhead reflects
repeated on-the-fly extraction. The reported implementation targets block-level analog circuits; no
runtime or quality claim is made here for larger designs.

Table 6 decomposes the APEC-Route runtime. The variation in pure routing time reflects both
benchmark size and the search paths explored under parasitic guidance. The “#Queries” column
reports the number of capacitance queries issued during routing. Each query takes a few hundred
microseconds (251-345 pus), keeping the total runtime within the range reported for these block-level
designs. The approximately 1s per-cross-section reference-labeling time reported in Sec. 4.1 is
more than three orders of magnitude longer than a neural query and is therefore unsuitable for
repeated in-search evaluation. The aggregate query time in Table 6 exceeds the finalized-layout
extraction time in Table 2 because step-by-step routing invokes the extractor many times.

5 Conclusion

This work presents APEC-Route, an on-the-fly parasitic-aware analog routing framework that
combines interval-tree-based wire segmentation, an MLP capacitance model, and analytical wire-
resistance evaluation. On four 65 nm real-layout extraction cases, the selected Random-Count
model attains a geometric-mean relative error of 5.54-6.77% and a mean absolute percentage error
(MAPE) of 7.41-9.93% against the field-solver reference, with substantially shorter extraction times
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than the evaluated commercial pattern-matching flow. These results support the feasibility of using
the lightweight extractor as an in-search routing guide.

SAGERoute and the w/0-R/C, R-only, CC-only, and full APEC-Route configurations use the same
fixed placement for each benchmark. In both controlled capacitance-term contrasts, enabling the
capacitance term improves eight of nine independent circuit metrics, with OTA phase margin as the
sole tradeoff; the derived ENOB increases consistently with SINAD, and the resistance term produces
smaller, benchmark-dependent changes. Relative to w/o R/C, the full objective reduces COMP
delay, HV, and OV by 20.5%, 16.0%, and 26.6%, reduces CDAC delay by 10.4%, and increases CDAC
SINAD by 16.4 dB, while OTA phase margin decreases by 1.1°. These results support attributing
the principal COMP and CDAC improvements to the learned capacitance guidance rather than to
an additional resistance-related wirelength weight alone.

The empirical scope is limited to the evaluated 65 nm block-level designs. The MLP predicts
the master conductor’s neighbor-aware total capacitance Cj; rather than the complete pairwise
capacitance matrix. The current router represents each net as one routed tree, does not synthesize
parallel current-sharing conductors, does not provide complete EM or IR-drop closure, and omits
a separate via-resistance term. These limitations define the scope of the conclusions that can be
drawn from the present study.
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