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Abstract—In the post-layout simulation for large-scale inte-
grated circuits, Transient Analysis (TA), determining the time-
domain response over a specified time interval, is essential
and time-consuming. Especially, a mass of backward steppings
and low simulation efficiency occur without proper settings
of Newton-Raphson (NR) initial solution and accurate Local
Truncation Error (LTE) estimation. In this work, a novel multi-
step irregular sequence prediction model (MISP-Net) is proposed
to predict multiple NR initial solutions and precise LTE esti-
mations by just one inference step. This model is constructed
by an Irregular Multiple Timesteps Prediction Module (IMTP)
and a Irregular Multi-step Solution Prediction Module (IMSP).
In IMSP, to improve the irregular prediction performance, a
Dual-branch Irregular Feature Pyramid (DIFP) equipped with
lightweight Multi-Channel Irregular Time Attention (MITA)
are designed. We assess the proposed MISP-Net in the real
large-scale industrial circuits on a commercial SPICE simulator.
Compared with the commercial SPICE and the SOTA ISPT-Net
model, significant backward stepping reductions are achieved:
up to 78.57% for NR nonconvergence case and 76.62% for LTE
overlimit case, respectively. And the prediction time for NR initial
solution in our model is remarkably reduced by up to 5.58x
compared to the SOTA ISPT-Net model.

Index Terms—Transient analysis, irregular sequence predic-
tion, feature pyramid, irregular attention mechanism

I. INTRODUCTION

Transient analysis (TA), computing the output voltages and
currents over a specific time interval [1], [2], is quite important
but usually the most computationally intensive and time-
consuming [3], [4] in circuit simulation, especially post-layout
transient analysis (P-TA) for large-scale circuits. Moreover, P-
TA is usually performed repeatedly in some analyzes, such
as Monte Carlo analysis (usually x 32,000 times) [5]. There-
fore, accelerating the P-TA efficiency is quite significant and
even treated as the bottleneck challenge in some applications
(intelligent iterative generation of circuits) [6]-[9].
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Currently, two key challenges hinder the P-TA simula-
tion efficiency: one is how to design an intelligent transient
stepping policy [10]; another is how to set a good initial
solution for Newton-Raphson (NR) iterations and further
set an accurate next local truncation error (LTE) estima-
tion E{n 1 1- Otherwise, abundant NR nonconvergence-based
and LTE overlimit-based transient backward steppings occur,
which heavily affect the TA efficiency. In this case, it is
clear that if the transient solution at the next timestep can be
effectively predicted, it can be used as a close enough initial
solution for NR iterations and also to calculate an accurate
second order derivative x’’ (&,41) for next LTE estimation
E%nH [11], [12]. As a result, LTE-based and NR-based
backward steppings can be significantly reduced to achieve
high transient efficiency.

However, forecasting accurate transient solution of the next
timestep is nontrivial and quite challenging, since it is an
irregular time series prediction task. The sizes of transient
timesteps can vary significantly by several orders of magnitude
((usually 1075s ~ 107'%s)) [13]-[15]. Traditional linear
extrapolation methods exist large prediction errors in the
nonlinear change regions of solutions [1]. Moreover, well-
known deep learning models (e. g. RNN/Transformer) are not
applicable for irregular sequence predictions [16]-[18]. The
NODE (Neural ordinary differential equations) [19] /NCDE
(Neural controlled differential equations) methods [20] can
solve the irregular time sequence prediction, but the prediction
accuracy is not satisfactory especially for solution curves with
large change rates. In [21], ISPT-Net with timestep positional
encoding module and multi-head self-attention module is
proposed to reduce the TA backward steppings. However, it
just achieves one-step solution prediction at each timestep. In
this case, the total prediction time by ISPT-Net will be large
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enough to affect TA efficiency. Besides, more sophisticated
networks (such as Large Models) cannot be adopted due to
large prediction inference time.

In this work, a multi-step irregular sequence prediction
method named MISP-Net is proposed to achieve more accurate
multi-step NR initial solution predictions with low computa-
tional overhead and significantly reduce transient backward
steppings for high TA efficiency. The main contributions of
this work are as follows,

1) A multi-step irregular sequence prediction method (MISP-
Net) is proposed, which accurately predicts the multi-
step NR initial solutions by a single inference step and
significantly reduces the transient backward steppings with
low computational overhead. To the best of our knowledge,
it is the first time to achieve multi-step irregular solution
predictions by deep learning model.

2) To predict the future multiple irregular timesteps, an Ir-
regular Multiple Timesteps Prediction Module (IMTP) is
proposed, which breaks the key bottleneck for the appli-
cation of sophisticated prediction models (such as Large
Models).

3) To enhance the prediction accuracy for irregular time
series, a Dual-branch Irregular Feature Pyramid (DIFP) is
designed to model the variation and amplitude features of
solution curves, respectively. By aggregating multi-scale
features of solution curves through the pyramid branches,
the ability of modeling on different sample granularities
and irregular series prediction are greatly improved.

4) Considering the circuit physical constraints, a novel
lightweight Multi-channel Irregular Timestep Attention
Module (MITA) is designed to capture spatiotemporal
correlation features between different solution curves at
irregular timesteps, therefore enhancing the prediction ac-
curacy of solution curves.

Our method has been implemented in a commerial SPICE-
like simulator and verified using the real large-scale industrial
circuits.

II. BACKGROUND

A. Transient Simulation

In TA, the simulation time (0,7) will be
segmented into a sequence of distinct time intervals
(0,t1,t2, ... tn,tnt1,-..,T) by the transient timestep
control policy [1]. The timestep size is defined as
hy = tp41 — tp,. At each timepoint, a numerical integration
algorithm (e.g. backward Euler) is used to substitute the
derivatives with finite difference approximations [3]. The h,,
is usually calculated by the estimated LTE. Then the next
transient solution is computed by the NR iterations. If the NR
iterations fail to converge or the post-verified LTEs exceed
the accuracy threshold, the transient backward steppings

occur and simulation efficiency is significantly decreased .

B. LTE-based Stepping Method

The LTE-based stepping method is widely used in commer-
cial SPICE simulators. Taking the backward Euler integration

as an example and assuming the next timestep is h,+1 = ahy,
(hy, is the current time step), the L"gE2 at the next timepoint
can be calculated as Et 41 = —aTh"x” (€ns1) @ (Enyr)
is the second order derivative of solution curve). To meet
the solution error limit |Ev7,11| < emax and assuming
2" (€ny1) =~ 2" (&,), then the next timestep size can be

estimated as h,y; = ah, < @;’lehn. If the assumption
" (&ny1) = 2" (&,) has big error, the estimated next LTE
|ET n+1| and the resulting h,41 will have big error. Then
the LTE-based backward stepping will occur. Therefore, it
is clear that that if the next transient solutions can be ac-
curately predicted, then the accurate 2" (§,,+1) can be easily
obtained. In conclusion, the accurate predicted next transient
solutions are vital for the estimations of NR initial solution
and 2" (§,41), and further for decreasing the two transient

backward steppings [11], [12].

III. MULTI-STEP IRREGULAR SEQUENCE PREDICTION

In this section, a novel multi-step irregular sequential pre-
diction framework (MISP-Net) is proposed to generate the
most likely multi-step (k-step) future transient solution predic-
tions, SZ\ 1, SE 5, ..., SF, ., based on the previous .J tran-
sient solutions including the current one: S,,_ji1, Sp—Jj+2,
..., Sp. Then the k-step future transient solution predictions
ST are used to fit the future transient solution curves, which
can interpolate to obtain the future multi-step (ususlly equal to
k) accurate initial solutions for NR iterations and also further
generate accurate multi-step LTE estimations EZX. It means
that just approximate 1/k of model inference time is taken
for obtaining each accurate NR initial solution prediction.
It breaks the inference time limit upon those excellent but
non-lightweight models for irregular node solution predictions
(such as employing Large Models to predict hundreds of node
solutions becomes possible).

A. MISP-Net Prediction Framework

To achieve accurate multi-step future transient solution
predictions, two coupled challenges must be solved: One
is how to predict future multiple irregular timesteps? Another
is how to predict future multiple irregular transient solutions?
In this work, the irregular timestep and solution prediction will
be decoupled to decrease the error accumulation and achieve
high prediction accuracy. as well as better generalization.

As shown in Fig. 1, the historical irregular sequences
X}, (timestep sequence, solution sequences and some critical
supplementary features) are input to the proposed MISP-
Net (including irregular multiple timesteps prediction module
(IMTP) and irregular multi-step solution prediction module
(IMSP)) to obtain a predicted interpolation curve function Fj,.
(valid in the predicted time interval ¢, (=h% ; +...+hl ).
Subsequently, the SPICE simulator will generate multiple
future timesteps (h],) based on the transient stepping policy,
and iteratively invoke the F;. to derive the accurate NR initial
solution S/, and LTE estimations E’., which can significantly
reduce the transient backward steppings. Note that, the MISP-
Net will not be conducted until the simulation time ¢ exceeds
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Fig. 1. Proposed multi-step irregular sequence prediction framework (MISP-Net).

the t;. Therefore, the prediction time for each timestep NR
initial solution by model is largely reduced.

B. Irregular Multiple Timesteps Prediction Module (IMTP)

how to predict future multiple irregular timesteps? First,
what inputs are required? Apart from the history irregular
timestep sequence, history transient solution sequences are
also required, since the solution changes seriously affect the
irregular timestep prediction [14], [22]. Note that the tran-
sient step sizes are not fixed and vary by several orders of
magnitude (usually 10~°s ~ 107'%s), logarithmic mapping
LM(h) = Log(h) is designed to encode and highlight
such order-level magnitude differences. Moreover, to extract
richer multi-frequency periodic features of irregular timestep
sequences, we design the trigonometric projection TR(t) =
{sin(wqt), cos(wyt)} (¢ is transient timepoint, wy (g = 0, 1, 2)
are three different frequencies). Then the total input sequence
data X is formulated as X, = FEncoding(S,,t,h) =
{Sn, TR(t),ac- LM (h),3-t} € R’ a and j are constants,
l =M + 8. M is the set node number of predicted transient
solutions. .J is the set number of history transient solutions.
Next, the two-stage irregular multiple timesteps prediction
module (IMTP) is proposed to accurately predict future mul-
tiple transient timesteps.

It is known that the GRU (Gated Recurrent Unit) model [23]
is effective to handle the time series prediction due to simple
structure and low computational complexity. Considering the
model inference time affects the TA efficiency, the GRU
framework is selected to predict the timesteps with minimal
computational overhead. However, two key difficulties arise
due to GRU intrinsic recursive structure: 1) how to solve the
input dimension mismatch? since only timesteps are predicted
here and the corresponding solution embeddings are lost; 2)
how to accurately map the GRU output (0 to 1) to timestep?
The large timestep variations in the order of magnitude must be
considered. For difficulty 1, we design a two-stage prediction
framework, including input embedding GRU (GRU-e) and
timestep prediction GRU (GRU-p).

Stage 1: input embedding GRU (GRU-e) In this stage,
the history sequence data X} is input to the GRU-e model
to extract the irregular timestep features and compress them

into a one-dimensional vector 7,,, as shown in Fig. 2. Then
the vector 7,, with irregular features is input to the GRU-p as
the initial state. The input of GRU-p is not X} but just the
predicted timestep hl’, which solves the dimension mismatch
of recursive structure.

Stage 2: timestep prediction GRU (GRU-p) As shown in
Fig. 2, by using 7, as initial state and the current step size h,,
as input [17], the GRU-p is conducted to obtain the next irreg-
ular time feature state 7,,1. Next, difficulty 2: how to map the
state output 7,1 to timestep prediction h% 11 is considered.
Due to the large variations in the order of timestep magnitude
(usually 10~®s ~ 10~ '%5s), linear mapping the GRU output
will result in poor accuracy for those timesteps with small
magnitudes. In this work, a sophisticated probabilistic model
is utilized to characterize the statistical properties of the
stepsizes. In detail, we employ a log-normal mixture function
[24] to model the probability density function, which is defined
as follows:

1 (10gh—uk)2)
T exp (VBT HE) ) g
hopV2T P ( 20'% M)

where w represents the weights of the mixture densities,
denotes the means of the mixture densities, and o signifies
the variances of the mixture densities. The three parameters
are obtained from 7,4,(i = 1,...k) through different linear
mapping relationships, respectively.

To enable the computation of gradients for the sampling
results, the following formulas are designed:

K
p(h | ’UJ,M,O') = Zwk
k=1

z = softmax (%) ,

¢ ~ Normal (0,1),
T:exp(aTz-eruTz's),

(€5

where o is sampled from the independent and identically
distributed standard Gumbel distribution,  is a parameter. As
¢ approaches zero, samples from the Gumbel-softmax distri-
bution approach exact samples from the discrete distribution
[25]. The different kernels of the log-normal mixture distri-
bution can handle the stepsizes under different magnitudes
separately, thereby enhancing the timestep prediction accuracy.
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Fig. 2. Proposed irregular multiple timesteps prediction module (IMTP)

Meanwhile, due to the randomness of timestep sampling, the
training of the solution prediction model will have better
generalization performance.

Once the probability density function is obtained, the pre-
dicted timestep hY 1 is determined by sampling. Together with
Tn+1 » it is then fed into the next computational unit of GRU-
p, which gives the prediction for the subsequent timestep.
This iterative process is repeated k times. As a result, we
achieve an accurate predicted timestep sequence h’ of length
k. The multiple irregular predicted timestep sequence h and
X, will be input to the following irregular multi-step solution
prediction module (IMSP) to obtain an accurate interpolation
curve function prediction Fj;. for SPICE simulator.

C. Irregular Multi-step Solution Prediction Module (IMSP)

As shown in Fig. 1, IMSP equipped with Dual-branch
Irregular Feature Pyramid (DIFP) and Multi-channel Irregular
Timestep Attention Module (MITA) is proposed to accurately
predict the multi-step irregular transient solutions.

How many node solutions are required to be predicted?
It is found that usually a small number of nodes (<25, only
“convergence difficulty” nodes to be predicted) even in large-
scale circuits generate the vast majority of transient backward
steppings. Thus, the model inputs just employ the history
transient solution sequences of the selected “convergence
difficulty” nodes, which are easily determined by sorting the
backward stepping nodes in the pre-layout simulation.

How to encode the irregular solution sequence fea-
tures? For the irregular timestep sequences, logarithm map-
ping LM (h) and trigonometric projection T'R(t) have been
proposed to deal with the order-level “magnitude differ-
ences” features and extract multi-frequency “periodic” fea-
tures, respectively. Moreover, circuit irregular transient solu-
tions are correlated with varying amplitude range and periodic
trend features on different sample scales/granularities. In this
work, dual-branch irregular feature pyramids including multi-
granularity irregular variation trend pyramid (MIVT) and
multi-granularity irregular amplitude Range pyramid (MIAR)
are proposed to extract coarse-to-fine solution features.

Branch 1: Multi-granularity Irregular Variation Trend
Pyramid (MIVT) The transient convergence and transient

timesteps are strongly associated with solution variation
slopes, which are also critical to predict the transient solutions
under the irregular timesteps. To extract the local and global
variation trend features, the least squares method with second-
order norm optimization is the best linear-fitting unbiased
estimator (under the Gauss-Markov theorem). It is utilized to
fit and calculate the trend/slope features v, on different sample
granularity set 11, for g = 1,4, 16, 64 (pyramid structure). The
formula is v, = $22MnSn=3 hnd Sn \where the summation
g 9> h—(Chn)® 7

symbol > represents the aggregate over all transient solutions
at each respective granularity g. The least squares fitting has
an accurate and low-computational cost process. It also shows
good robustness against data noise.

Branch 2: Multi-granularity Irregular Amplitude Range
Pyramid (MIAR) In this work, a temporal convolution Conv-t
(Snshn)= "> wSyh, is designed to extract the comprehensive
amplitude range features across the different solution gran-
ularities. w is the weight of the convolution kernel. A, is
added to retain the irregular timestep features in the deep
neural network. The temporal convolution can be regarded as
a low-pass filter to reflect the steady-state amplitude range of
irregular transient solutions.

How to fuse the irregular solution sequence features
from different granularities? In order to improve the predic-
tion performance, various attention modules are often added.
However, conventional attention modules without temporal
information are ill-equipped to adaptively capture and fuse
the critical irregular solution features. In this work, a multi-
channel irregular time attention module (MITA) with three
branches is proposed to effectively extract and fuse features
from irregular time series.

The first branch encapsulates global contextual features by
global average pooling, while the third branch captures local
contextual features. Both branches leverage one-dimensional
convolution kernels to synthesize the interrelationships be-
tween channels (different nodes), while the attention module
remains as lightweight as feasible [26]; The second branch in-
cludes the designed irregular timestep attention module (ITA)
and an exponential decay function D = 2= z is the output
of ITA module. It adaptively adjusts the attention to focus
on the solutions with large variation trends or those solutions
under small and dense timesteps. For the input variable X,
and timestep series H, the attention formulas are written as:

L(X) = B(Conv; (6 (B (Convi(X)))))

G(X) = B(Conva (6 (B (Convs(GAP(X)))))) 3)
T(X) = B(Decay(ITA(H)))

X' =XoM(X)=X®sL(X)® GX)a T(X))

where Conv;(i = 1,2,3,4) is point-wise convolution, B
is batchnorm function, ¢ is activate function, GAP is the
GlobalAvgPooling.

Considering the ITA module, the irregular timestep density
in each granularity d, = "n s defined to represent the
timestep distribution, which affects the solution prediction
accuracy. As show in Fig. 1, irregular variation trends under
different granularity are extracted in MIVT module and fused




TABLE I
BACKWARD STEPPING REDUCTION AND MODEL INFERENCE TIME COMPARISONS WITH COMMERCIAL SPICE AND ISPT-NET

\ \ C-SPICE | C-SPICE with ISPT-Net |  C-SPICE with MISP-Net | Speed-up (vs. C-SPICE)
Cireuits | Vi | "NRb | LTEb | totalt | NR-b | LTE-b | total-t | infer-t | NR-b | LTE-b | total-t | infer-t| NR-b | LTE-b | infer-t
MP6517 8207 | 1299 1101 4805 | 902 398 4172 851 | 877 430 3663 211 |3249% 60.94% 4.03x
r3d_post 4483 | 372 233 1174 | 158 128 995 259 | 126 11l 760 6.1 |66.13% 52.36% 4.27x
hed_osc_reduced | 3779 | 67 183 423 | 18 65 365 100 | 16 53 302 25 |76.12% 71.04% 4.03x
hed_osc_post 11727 | 56 196 566 | 11 64 509 102 | 12 S0 409 25 |7857% 7449% 4.15x
hed_trantt 111686 | 758 1535 31146 | 561 605 27728 1317 | 513 572 25758 305 |3232% 6274% 431x
dedc_post_spice | 69335 | 1569 1437 3766 | 1168 365 3301 774 | 981 336 2538 173 |3748% 76.62% 4.48x
pmu_post 308141 | 5606 1222 74205 | 3227 419 68773 2048 | 2715 329 65855 S3.1 |51.57% 73.08% 3.86x
starc 12424 | 87 32400 313444 | 123 21069 30249.6 11343 | 46 18324 258887 2402 |47.06% 4346% 4.72x
mp86901cr3 16565 | 2850 221 17117 | 1506 123 14900 1334 | 1311 108 14188 342 |5400% 51.13% 3.90x
midialog 1854 | 399 0 2008 | 197 0 1813 86 | 115 0 1541 20 |7L18% -  442x
zip 1047182 | 3855 242 254503 | 2019 174 237055 3239 | 1613 144 229413 740 |58.16% 40.50% 4.38x
mp86881 430016 | 2668 351 13715 | 1963 279 13444 850 | 1543 258 12421 19.6 |42.17% 2650% 4.34x
speed_beh 4106 | 171 2083 5321 | 163 1226 5147 436 | 121 870 4347 78 |2921% 5823% 558
mp4653 30191 | 1471 316 7920 | 1039 227 7930 636 | 889 207 7095 151 |39.56% 3449%  4.20x
mp1470 3144 | 4487 7158 7725 | 3897 5013 10738 3549 | 3151 3911 7535 860 |29.77% 45.36% 4.13x
Avg - - - - - - - -] - - - - |4972% 55.07% 4.32x

#NR-b & #LTE-b: number of NR nonconvergence and LTE overlimit

by the MIAR module, where the attention is required to
focus on the irregular solution predictions with high variation
slopes and high timestep densities. In this case, IT A(I, h,,)
is designed as ITA(I,h,) %, where 6/ is the
input deviation of ITA module. Morecgver, attention in MIAR
module focuses on the feature fuse with high timestep densities
and thus ITA(I, h,) = d is given.

Multi-step solution prediction: The output of the DIFP
is fused with the original data X; using MITA to obtain
historical irregular timestep embedding. This embedding is
then concatenated with the multiple timesteps {h%’ Liti=1.2,.k
output by the IMTP model and fed into a standard Transformer
[18], [27] model, which ultimately produces the predicted

solution S¥,,; for each timepoint.

1V. EXPERIMENTS AND RESULTS
A. Network Training

The proposed MISP-Net has been implemented for post-
layout transient analysi (P-TA) in a first-class commercial
SPICE simulator (named C-SPICE), which supplies large-
scale real industrial test circuits and test interface.

In this work, the post-layout transient analysis will be accel-
erated using the rich timestep and solution information in pre-
layout transient analysis (Pre-TA). In Pre-TA, the nodes that
cause NR nonconvergence, LTE overlimit and minimum step
size can be selected. It is found that small number of strong
nonlinear nodes (<25) usually result in the vast majority
(>70%) of transient backward steppings. By comparing and
sorting the number of node backward steppings, “convergence
difficulty” nodes predicted in P-TA can be easily determined.
Then we train the proposed MISP-Net using the solution and
timestep sequences of the “convergence difficulty” nodes in
Pre-TA, since the variation trends of solution curves of the
same nodes in the P-TA and Pre-TA are similar. And the train-
ing can be easily finished before the P-TA begins. Moreover,
our prediction achieve multi-step sequence prediction and the
inference time for one NR initial solution prediction is largely

#total-t: total time consumption (s) #infer-t: model inference time consumption (s)

decreased, which can nearly be neglected compared with one
NR iteration time in large-scale circuits. Our training device
is NVIDIA RTX3090 24GB GPU. The detailed architecture
of the MISP-Net model is as follows:

1) IMTP: Both GRU-e and GRU-p use 64 hidden neurons,
with input dimensions of 33 and 1, respectively.

MITA: The number of hidden neurons is 64, and the num-
ber of point-wise convolutional kernels is 4, the number of
log-normal mixture distribution kernel is 64.

DTFP: The input dimension is 33, the number of internal
hidden neurons is 256, the number of attention stacking
layers is 2, and the pyramid is divided into four layers
with granularities of 1, 4, 16, and 64, respectively. The size
of the convolutional kernels in the temporal convolution
is 3 x 3. The standard transformer model has 256 hidden
neurons and 3 attention stacking layers.

2)

3)

B. Backward Stepping Comparisons

In this work, the MISP-Net is proposed to reduce the
backward steppings and accelerate the time-consuming P-
TA simulation. To evaluate the performance, 15 industrial
circuits with device scale ranging from 3,144 to 1,047,182 are
tested. Table I shows the number of backward steppings, total
simulation time and model inference time by the advanced
comercial SPICE, the SOTA ISPT-Net and the proposed MISP-
Net. Note that, the relative reduction ratios of two backward
steppings (NR-b and LTE-b) are also shown, and they are more
important, since the reduction number can be largely enhanced
when the set transient end time is increased or the P-TA are
repeatedly conducted (such as Monte Carlo analysis).

From this table, it is clear that compared to the advanced
commercial SPICE simulator (C-SPICE, using improved ex-
trapolation method), the NR-based and LTE-based backward
steppings under the proposed MISP-Net can be significantly
reduced by average 47.26% and 51.87%, maximum 76.12%
and 76.62%, respectively. Thus, the total time consumption
(total-t, including model inference time and circuit simulation



time) is largely reduced, and this efficiency enhancement can
be dramatically enlarged, since transient analysis is usually
conducted repeatedly thousands of times.

In addition, compared to the SOTA ISPT-Net, the MISP-
Net can also achieve better backward stepping reduction
performance due to higher solution prediction accuracy. More
importantly, the inference time taken for one NR initial pre-
diction is remarkably reduced (average 4.32x). The proposed
multi-step prediction framework breaks the inference time
limit and makes more accurate but complicated models even
Large Models for more node predictions become possible.

C. Typical Circuit Analysis

In order to present and visualize the prediction performance
of the proposed MISP-Net, the backward steppings in the test
case MP6517 are given in detail. In this case, just 13 nodes can
cover more than 74.83% of the NR-based backward steppings
and 82.65% of the LTE-based backward steppings. Thus, just
predicting small number node solutions (“convergence diffi-
culty”) can effectively reduce transient backward steppings.
Other nodes still use the linear extrapolation method.

The backward stepping reduction ratios at each “conver-
gence difficulty” node of the MP6517 circuit are also tested.
The average backward steppings can be decreased by 86.72%
for LTE-b and 85.83% for NR-b. It means that the prediction
accuracy is high and the backward steppings at “convergence
difficulty” are almost vanished.
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Fig. 3. Transient solution prediction in industrial circuit MP6517

In addition, the actual transient solution curve and the
predicted solution curves of a “convergence difficulty” node by
the C-SPICE (improved extrapolation), ISPT-Net and MISP-
Net are compared in Fig. 3. The red dots and blue dots denote
the NR-based backward steppings and LTE-based backward
steppings, respectively. From Fig. 3(c), it is clear that the C-
SPICE generates large prediction errors at where the solution
curve changes dramatically. Compared with it, the predicted
solution curves by the ISPT-Net and the proposed method
nearly coincide with the actual solution curve. However, our
method can achieve more prediction accuracy seen from the
enlarged small window. Our prediction accuracy can always
be maintained within the magnitude of 0.02V by assuming
the prediction time for each NR initial solution just 0.35 ms

(but each NR iteration time is 3.1 ms). Moreover, from Fig.
3 (a) and (b), the two backward steppings are significantly

decreased. TABLE 1II

BACKWARD STEPPING REDUCTION WITHOUT DIFFERENT MODULES

| Ours | w/o DIFP | w/o IMTP | w/o MITA

Circuits | total-b | total-b | total-b | total-b
MP6517 1187 1732 1347 1508
r3d_post 237 302 320 542
hed_osc_reduced 69 108 69 162
hed_osc_post 62 110 108 271
hed_trantt 1085 1847 1148 1543
dcdc_post_spice 1317 1681 1260 1614
pmu_post 3044 4125 3241 4471
starc 18370 22925 18502 19579
mp86901cr3 1419 1846 1501 2938
mtdialog 117 178 134 188
zip 1757 2258 2138 4417
mp86881 1801 2266 1726 2381
speed_beh 991 1064 1079 2360
mp4653 1096 1270 1287 1436
mp1470 7062 8517 6856 9258

#total-b: number of NR nonconvergence and LTE overlimit
D. Ablation Experiments

Furthermore, ablation experiments for DIFP (Dual-branch
pyramid, MIVT+MIAR), IMTP (comparing with simple GRU
prediction) and MITA (with/without ITA) are conducted to
verify their effectiveness, as shown in Table II. It is clear that
both variation trend and amplitude range pyramid for irregular
sequence feature extraction, probabilistic model for irregular
timestep output, as well as irregular timestep attention module
(ITA) for multi-granularity feature fusion, are essential for
accurate multi-step irregular sequence prediction and signif-
icantly reducing the transient backward steppings.

V. CONCLUSIONS

In this paper, a high-performance transient backward step-
ping reduction framework (MISP-Net) is proposed to predict
multiple accurate initial solutions for NR iterations and precise
LTE estimates for subsequent timesteps with low computa-
tional overhead. In MISP-Net, to improve the prediction per-
formance of the irregular solution curves, a Dual-branch Ar-
chitecture of Irregular Feature Pyramid (DIFP) equipped with
lightweight Multi-Channel Irregular Time Attention (MITA)
are designed. The proposed multi-step prediction framework
using the Irregular Multiple Timesteps Prediction Module
(IMTP) breaks the inference time limit and makes more accu-
rate but complicated models even Large Models for more node
predictions become possible. We assess the proposed method
in the real large-scale industrial circuits. Our method achieves
significant backward stepping reduction (up to 78.57% for
NR nonconvergence case and 76.62% for LTE overlimit case,
respectively) by a remarkably reduction for the prediction time
of NR initial solution compared to the SOTA ISPT-Net model.
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