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mean 𝜇nominal

skewness 𝛾

mean_shift

std_dev 𝜎

LVF uses 3 moments to model 
PDF of a cell performance

ocv_mean_shift_xx() {
index_1( "0.1, 0.5, …" );
index_2( "0.1, 0.5, …" );
values ( \
"0.00, 0.12, …", \
"0.14, 0.16, …", \
…

ocv_skewness_xx() { …
values ( \
"0.7, 0.9, …", \
"0.8, 0.9, …", \

ocv_std_dev_xx() { …
values ( \
"1.0, 1.2, …", \
"1.1, 1.4, …", \
…

LVF is necessary for 22nm and below
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LVF uses 3 moments to model 
PDF of a cell performance

ocv_mean_shift_xx() {
index_1( "0.1, 0.5, …" );
index_2( "0.1, 0.5, …" );
values ( \
"0.00, 0.12, …", \
"0.14, 0.16, …", \
…

ocv_skewness_xx() { …
values ( \
"0.7, 0.9, …", \
"0.8, 0.9, …", \

ocv_std_dev_xx() { …
values ( \
"1.0, 1.2, …", \
"1.1, 1.4, …", \
…

LVF is necessary for 22nm and below
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o Traditionally, using Monte Carlo simulation to estimate LVF’s 3 moments

o Could be improved, as the process variations impact timing in a predictable way

o Small samples to train a surrogate model for timing distribution

o To select the most effective samples, according to proposed acquisition

o The first indepth study
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o DeepGP as surrogate model, regression task
!𝒚! = 𝑔" 𝑔# 𝑥! ∼ 𝒩 𝜇 𝑥! , 𝑣 𝑥!  
• 𝑔$: Multi-layer Perceptron, MLP
• 𝑔%: Gaussian Process, GP

o Dimension Pruning
• GP can predict uncertainty
• But GP preforms bad in high dimensionality
• Firstly fit & prune dimensions by MPL
• Then pass the low-dimension data to GP

ISPD ’25, March 16–19, 2025, Austin, TX, USA Junzhuo Zhou et al.

LVFGen algorithm are listed as follows. More details are discussed
in Sections 3.2-3.4.
3.1.1 Initialization (set 𝐿 = 0).

• Create a large process variation sample set X = {𝜴𝐿 | 𝑀 =
1, 2, ...,𝑁 }, to include all the candidate samples. Use quasi-
random sequence to populate the entire process variation
space.

• Take the !rst𝑂 samples to form the initial sample set X0 =
{𝜴𝐿 | 𝑀 = 1, 2, ...,𝑂},𝑂 → 𝑁 .

• Based on SPICE simulation results, label the initial sample
set X0 with timings to obtain Y0 = 𝑃 (X0) = {𝑃 (𝜴𝐿) | 𝑀 =
1, 2, ...,𝑂}.

• Calculate the mean 𝑄0 and standard deviation 𝑅0 of Y0 for
each timing metric. Obtain the normalized initial timing
performance Y↑

0 = (Y0 ↓ 𝑄0)/𝑅0.

3.1.2 Training the Surrogate Model.

• The sample sets X0 to X𝑀 have been labeled with SPICE
simulation results. Incrementally train the surrogate model
with the labeled sets {(X0,Y↑

0 ), ..., (X𝑀 ,Y↑
𝑀 )}.

3.1.3 Timing Prediction by Surrogate Model.

• Use the surrogate model to predict the timing of all the
candidate process variation samples in X and obtain Ŷ↑ =
{𝜶̂↑𝐿 | 𝜶̂↑𝐿 = 𝑆(𝜴𝐿),𝑀 = 1, 2, ...,𝑁 }.

3.1.4 Candidate Evaluation.

• Evaluate the acquisition score A(𝜴𝐿) for each candidate
sample in X, which will be used for sample selection in step
3.1.6.

3.1.5 Termination Criterion Check.

• If 𝐿 > 𝐿𝑁𝑂𝑃 or𝑇𝑈𝑉{A(𝜴𝐿) | 𝑀 = 1, 2, ...,𝑁 } < A𝑁𝑄𝐿 ,
terminate with the distribution of {Ŷ↑ ↔ 𝑅0 + 𝑄0}. The !nal
distribution is determined by the timing predictions Ŷ↑ based
on the surrogate model trained by𝑂↔(𝐿+1) selected process
variation samples.

• Else, proceed to step 3.1.6.

3.1.6 Sample Selection & Labeling by Simulation (set 𝐿 = 𝐿 + 1).
• Select another𝑂 e"ective samples from X to form the 𝐿-th
sample set, X𝑀 = {𝜴𝐿 | 𝑀 = 𝑊1, 𝑊2, ..., 𝑊𝑅 }.

• Label the new process variation samples with SPICE simula-
tion results to obtainY𝑀 = 𝑃 (X𝑀 ) = {𝑃 (𝜴𝐿) | 𝑀 = 𝑊1, 𝑊2, ..., 𝑊𝑅 }.

• Normalize the timing performance by Y↑
𝑀 = (Y𝑀 ↓ 𝑄0)/𝑅0.

• Back to step 3.1.2

3.2 Dimension Pruning
LVFGen employs a surrogate model to predict the circuit’s tim-
ing performance from process variables. However, in standard cell
SPICE simulations, the numerous devices and extensive process
parameters result in excessively large dimensions. When GP is used
directly as the surrogate model, it will be a"ected by the curse
of dimensionality, leading to inaccurate predictions. Fortunately,
the e"ective dimension in stochastic circuit problems can be much
smaller than the intrinsic dimension of the circuit. Take a 2-input
NAND circuit in Figure 2 as an instance. When the input 𝑋2 stays

VDD
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MN2

MP1

A1

A2

ZN

(a) 𝑆1 rising, 𝑇𝑈 falling

VDD

MP2

MN1

MN2

MP1

A1

A2

ZN

(b) 𝑆1 falling, 𝑇𝑈 rising

Figure 2: Dimension pruning for NAND2

high and 𝑋1 goes rising or falling, the transistor𝑂𝑌2 always stays
o", and the process variations within 𝑂𝑌2 only weakly impact
timing performance by in#uencing the drain parasitic capacitance
on node 𝑍𝑁 . We denote the inactive transistors in similar circum-
stances as dark transistors. Besides, conducting transistors may have
some less signi!cant process variations.

The above phenomena become more signi!cant in large-scale
circuits with more dark transistors. This implies that we can merge
and prune the less signi!cant dimensions to reduce the e"ective
dimensionality, and thus mitigate the curse of dimensionality. In
LVFGen, a multi-layer perceptron (MLP) with a fully connected
activation layer is employed to perform dimension pruning. It can
recognize both linear and non-linear relationships from the process
variation space (up to 200 dimensions) to the pruned variable space
(fewer than 20 dimensions) during the gradient descent phase of
training. The pruned variables are then sent to the GP model to
predict multiple timing performances with uncertainty. Now, the
surrogate model of LVFGen can be presented as follows:

𝜶̂𝐿 = 𝑆(𝜴𝐿) = 𝑆2 (𝑆1 (𝜴𝐿)) ↗ N(𝑄 (𝜴𝐿), 𝑎 (𝜴𝐿)),

𝑏 (𝑄 )𝐿 ↗ N(𝑄 (𝑄 ) (𝜴𝐿), 𝑎 (𝑄 ) (𝜴𝐿)) .
(8)

Here 𝑆1 : R𝑉 ↘≃ R𝑊 and 𝑆2 : R𝑊 ↘≃ R𝑋 represents the MLP and GP
transformation. R𝑉 is process variation space, R𝑋 is timing perfor-
mance space, R𝑊 is pruned variable space. The setting of pruned
variables dimension 𝑐 should consider both the prior circuit scale
and the performance of the GP model in practice. Each predicted
timing performance within 𝜶̂𝐿 follows the Gaussian distribution
with mean 𝑄 (𝑄 ) (𝜴𝐿) and variance 𝑎 (𝑄 ) (𝜴𝐿).

3.3 Acquisition by Variational Analysis
Recall that for 𝑑-th timing performance, our goal is to minimizeL(𝑄 )

in Eq. (4). However, it is impossible to obtain the real distribution
in practice, and the direct computation is infeasible. Thus we need
to de!ne an acquisition function to guide our optimization. The
strategy of LVFGen aims to diminish the uncertainty of objective
function L(𝑄 ) , in the approach of !nding and labeling the candidate
samples who contribute the most to the uncertainty. The acquisition
score provides an evaluation of the contribution, which can be
formalized as follows:

A(𝑄 ) (𝜴𝐿) = Var[L(𝑄 ) ]C𝜴𝐿 . (9)

Here A(𝑄 ) (𝜴𝐿) is the acquisition score of the candidate sample 𝜴𝐿 ,
and Var[L(𝑄 ) ]C𝜴𝐿 represents the contribution of 𝜴𝐿 to the variance
of objective function L(𝑄 ) . Next, we will employ the chain rule to
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o DeepGP as surrogate model, regression task
!𝒚! = 𝑔" 𝑔# 𝑥! ∼ 𝒩 𝜇 𝑥! , 𝑣 𝑥!  
• 𝑔$: Multi-layer Perceptron, MLP
• 𝑔%: Gaussian Process, GP

o Training it with observed sample X & timing Y
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o DeepGP as surrogate model, regression task
!𝒚! = 𝑔" 𝑔# 𝑥! ∼ 𝒩 𝜇 𝑥! , 𝑣 𝑥!  
• 𝑔$: Multi-layer Perceptron, MLP
• 𝑔%: Gaussian Process, GP

o Training it with observed sample X & timing Y

o GP predict all candidate X set
• Get both Y’s expectation and uncertainty
• Y’s expectation to estimate timing dist.
• Y’s uncertainty to evaluate acquisition
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o Given !𝒚! ∼ 𝒩 𝜇 𝑥! , 𝑣 𝑥!

o Easily have

o Substitution

o Finally
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o Goal: minimize the distance from estimation to real 
minimize	 ℒ = 𝐷 𝐿𝑉𝐹 𝜇̂, 2𝜎%, 2𝛾& ∣ 𝐿𝑉𝐹 𝜇, 𝜎%, 𝛾& 	
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o Goal: minimize the distance from estimation to real
o Acquisition Score 𝒜 𝑥( 	: sample’s contribution 

for estimated distribution’s uncertainty
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o Goal: minimize the distance from estimation to real
o Acquisition Score 𝒜 𝑥( 	: sample’s contribution 

for estimated distribution’s uncertainty
o Propagate from timing uncertainty to 𝒜 𝑥(
• Timing uncertainty → Each moment uncertainty
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o Goal: minimize the distance from estimation to real
o Acquisition Score 𝒜 𝑥( 	: sample’s contribution 

for estimated distribution’s uncertainty
o Propagate from timing uncertainty to 𝒜 𝑥(
• Timing uncertainty → Each moment uncertainty
• Moment uncertainty → Distribution uncertainty 

Add perturbation (variational analysis)
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o Goal: minimize the distance from estimation to real
o Acquisition Score 𝒜 𝑥( 	: sample’s contribution 

for estimated distribution’s uncertainty
o Propagate from timing uncertainty to 𝒜 𝑥(
• Timing uncertainty → Each moment uncertainty
• Moment uncertainty → Distribution uncertainty

o Multi-timing co-optimization                   
Weighting each timing’s (delay/transition/setup/...) 
acquisition score together
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o Select samples with batch size

o To avoid all selections come from same maximal area
• Local Max, in multi-dimension space
• Bandit, the possibility to be selected ↔ its value

o To next iteration ...
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o Setup
• TSMC22nm, TTGlobal, 0.8V, 25 ◦𝐶
• Golden: the result of random MC with 100k samples
• Jensen–Shannon divergence to measure the distributions’ distance

o Methods to compare
• Random
• Sobol’s QMC
• LVFGen

[TCAD’10: Why Quasi-Monte Carlo is Better Than Monte Carlo or Latin Hypercube Sampling for Statistical Circuit Analysis ]
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LVFGen: E!icient Liberty Variation Format (LVF) Generation Using Variational Analysis and Active Learning ISPD ’25, March 16–19, 2025, Austin, TX, USA
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Figure 3: Convergence of delay and transition distributions for OR2 cell.
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Figure 4: Comparison of speedup between LVFGen, Random MC, and Sobol’s for OR2 cell.

already achieves su!cient accuracy in predicting transition distri-
butions. In summary, LVFGen achieves the 100k accuracy level with
only ~300 simulations, compared to the 100k simulations required
by Random MC and ~5k simulations by Sobol’s.

Similarly, Figures 4e and 4g plot the speedup rates of Sobol’s and
LVFGen in terms of the reduction in simulation times across sev-
eral accuracy levels. LVFGen demonstrates a signi"cant speedup in
estimating both delay and transition distributions compared to Ran-
dom MC and Sobol’s. Furthermore, LVFGen proves its e#ectiveness
with even larger improvements at higher accuracy requirements.

For fair comparisons, we include the overhead of active learning
computations rather than just the simulation times. Figures 4b and
4d present the convergence comparisons with runtime. Figures 4f
and 4g plot the runtime improvements.

Although the algorithm overhead degrades the e!ciency of LVF-
Gen, it still achieves signi"cant speedup. Compared to RandomMC,
LVFGen saves up to 140→ and 40→ runtime for delay and transition
estimations, the speedups for Sobol’s are up to 27→ and 13→. Com-
pared to Sobol’s QMC, the speedups for LVFGen are to 5→ and 3→,
respectively.

4.3 Speedup for Cell Library
To prove the generalization of LVFGen, we conduct an extensive
experiment over 26 distinct standard cells, with dimensions ranging
from 36 to 156. According to design complexities, we cluster those
cells into three categories: low-dimension, middle-dimension, and
high-dimension. The evaluated accuracy level ranges from 5k to
100k, covering the basic requirements in practice [24–27].

We assess each cell with RandomMC, Sobol’s QMC and LVFGen,
each estimating 8→8 slow-load pairs’ timing distributions of selected
arcs. Table 1 summarizes the results.

We assume six variation variables for each transistor. Cells with
the same function but di#erent drive strengths may use di#erent
numbers of transistors, which results in di#erent number of vari-
ables. However, the variations of parallel transistors tend to have a
similar e#ect on timing. Thus, we hypothesize that the MLP can
identify the similarity and merge the variables for dimension re-
duction. Consequently, the pruned dimensions are determined by
the complexity of schematic topology rather than the number of
transistors.

o 48-dimensional OR2X2 cell, 32 samples for each iteration (batch size)
o Delay/Transition time co-optimization
o The estimation distribution rapidly converge to golden
o The J-divergence also reduces rapidly
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already achieves su!cient accuracy in predicting transition distri-
butions. In summary, LVFGen achieves the 100k accuracy level with
only ~300 simulations, compared to the 100k simulations required
by Random MC and ~5k simulations by Sobol’s.

Similarly, Figures 4e and 4g plot the speedup rates of Sobol’s and
LVFGen in terms of the reduction in simulation times across sev-
eral accuracy levels. LVFGen demonstrates a signi"cant speedup in
estimating both delay and transition distributions compared to Ran-
dom MC and Sobol’s. Furthermore, LVFGen proves its e#ectiveness
with even larger improvements at higher accuracy requirements.

For fair comparisons, we include the overhead of active learning
computations rather than just the simulation times. Figures 4b and
4d present the convergence comparisons with runtime. Figures 4f
and 4g plot the runtime improvements.

Although the algorithm overhead degrades the e!ciency of LVF-
Gen, it still achieves signi"cant speedup. Compared to RandomMC,
LVFGen saves up to 140→ and 40→ runtime for delay and transition
estimations, the speedups for Sobol’s are up to 27→ and 13→. Com-
pared to Sobol’s QMC, the speedups for LVFGen are to 5→ and 3→,
respectively.

4.3 Speedup for Cell Library
To prove the generalization of LVFGen, we conduct an extensive
experiment over 26 distinct standard cells, with dimensions ranging
from 36 to 156. According to design complexities, we cluster those
cells into three categories: low-dimension, middle-dimension, and
high-dimension. The evaluated accuracy level ranges from 5k to
100k, covering the basic requirements in practice [24–27].

We assess each cell with RandomMC, Sobol’s QMC and LVFGen,
each estimating 8→8 slow-load pairs’ timing distributions of selected
arcs. Table 1 summarizes the results.

We assume six variation variables for each transistor. Cells with
the same function but di#erent drive strengths may use di#erent
numbers of transistors, which results in di#erent number of vari-
ables. However, the variations of parallel transistors tend to have a
similar e#ect on timing. Thus, we hypothesize that the MLP can
identify the similarity and merge the variables for dimension re-
duction. Consequently, the pruned dimensions are determined by
the complexity of schematic topology rather than the number of
transistors.

o Use J-divergence to quantificationally compare LVFGen with Random and Sobol’s
o Better convergence & speedup
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o Validation on 26 cells
o 8×8 slew-load pairs
o Evaluate the speedup 

on accuracy level from 
5k to 100k

o LVFGen achieves up to 
4× and 2.3× speedup, 
compare to Sobol’s

ISPD ’25, March 16–19, 2025, Austin, TX, USA Junzhuo Zhou et al.

Table 1: Speedup Comparison Using Standard Cell Library.

Cell
Type→

#Tran-
sistor

Origin
dim.

Pruned
dim.

Delay Runtime Speedup† (↑) Transition Runtime Speedup† (↑)
5k Accuracy 10k Accuracy 50k Accuracy 100k Accuracy 5k Accuracy 10k Accuracy 50k Accuracy 100k Accuracy

Sobol’s Ours Sobol’s Ours Sobol’s Ours Sobol’s Ours Sobol’s Ours Sobol’s Ours Sobol’s Ours Sobol’s Ours

OR2X1 6 36 12 9.23 34.99 10.95 46.00 15.91 85.02 18.54 110.71 4.36 10.62 4.60 11.51 5.30 12.96 5.68 13.30
OR2X2 8 48 12 8.45 26.80 10.41 42.11 15.89 118.03 18.67 182.37 4.99 10.29 6.25 13.57 10.15 25.28 12.40 32.24
NOR2X1 4 24 10 8.99 56.35 9.95 74.81 12.48 142.98 13.75 187.76 3.31 5.45 3.66 5.08 4.48 3.76 4.86 3.13
NOR2X2 8 48 10 3.56 9.30 3.72 12.66 4.07 25.63 4.21 34.99 2.15 1.37 2.34 1.42 2.85 1.51 3.10 1.54
AND2X1 6 36 10 26.02 63.02 33.54 90.60 60.51 207.56 78.24 294.38 10.88 11.30 11.88 11.23 14.51 10.10 15.68 9.34
AND2X2 8 48 10 17.59 48.12 22.22 73.23 38.08 196.07 47.80 298.94 7.13 16.84 7.97 22.15 10.04 39.51 10.97 51.11
NAND2X1 4 24 12 82.08 247.67 114.61 365.67 254.07 876.82 360.19 1262.33 19.07 11.11 25.65 10.49 49.33 9.37 64.52 8.34
NAND2X2 8 48 12 8.86 20.58 10.20 28.64 14.11 62.54 16.22 87.48 4.89 1.92 5.57 2.00 7.46 2.16 8.43 2.23
AOI21X1 6 36 16 62.72 156.12 95.28 258.62 250.36 825.74 378.69 1354.56 20.16 34.11 28.00 48.22 59.59 102.51 82.32 138.16
OAI21X1 6 36 16 37.83 106.35 48.08 157.71 83.02 396.32 104.60 584.31 11.79 3.99 13.78 3.19 19.79 1.70 23.05 1.26
Low-dim. Avg. 26.53 76.93 35.90 115.01 74.85 293.67 104.09 439.78 8.87 10.70 10.97 12.89 18.35 20.89 23.10 26.06
XNOR2X1 12 72 16 30.13 34.35 34.25 53.61 44.88 150.67 50.22 234.26 12.61 26.34 14.19 40.22 18.14 106.02 19.87 160.88
XNOR2X2 14 84 16 5.99 18.60 6.19 27.24 6.50 65.76 6.58 95.91 2.89 14.65 3.21 21.32 4.07 50.70 4.53 73.46
XOR2X1 12 72 16 8.47 25.85 9.98 38.81 14.16 98.52 16.40 146.28 12.34 25.30 13.55 37.96 17.09 97.25 18.34 145.01
XOR2X2 14 84 16 22.37 31.83 29.92 50.72 58.24 150.20 77.72 239.00 8.24 22.39 10.58 34.32 18.57 91.10 23.38 137.97
AOI21X2 12 72 16 11.06 20.28 13.57 31.52 21.56 87.20 26.17 134.96 4.17 3.97 4.68 4.37 6.10 4.93 6.80 5.02
OAI21X2 12 72 16 4.13 20.39 4.56 30.40 5.70 76.58 6.26 113.99 1.43 5.29 1.47 6.68 1.57 11.28 1.61 14.02
Middle-dim. Avg. 13.69 25.22 16.41 38.72 25.17 104.82 30.56 160.73 6.95 16.32 7.95 24.15 10.92 60.21 12.42 89.39
OR2X4 16 96 12 16.92 19.25 20.48 29.95 31.80 82.82 38.37 128.05 9.77 10.84 12.40 15.66 21.27 36.51 26.55 52.39
NOR2X4 16 96 10 8.38 13.36 9.75 19.88 13.87 49.44 16.13 72.82 4.16 5.26 4.79 6.87 6.51 12.57 7.38 16.18
AND2X4 16 96 10 16.66 16.93 22.55 27.65 44.73 85.25 59.73 137.77 9.53 8.43 12.80 12.54 24.54 30.93 32.11 45.27
NAND2X4 16 96 12 2.50 1.96 2.51 2.30 2.53 3.21 2.54 3.65 1.50 1.32 1.44 1.34 1.31 1.36 1.26 1.36
HA1X1 20 120 16 15.28 11.38 19.48 17.27 32.88 45.37 41.04 68.49 9.10 4.82 10.36 6.64 14.10 13.72 16.24 18.60
HA1X2 24 144 16 10.12 6.02 11.53 9.02 15.96 22.82 18.52 33.95 3.63 2.82 4.20 4.02 6.11 9.07 7.18 12.85
XNOR2X4 26 156 16 5.14 2.07 5.85 2.86 7.77 6.03 8.73 8.29 4.14 1.41 4.80 1.87 6.73 3.59 7.77 4.73
XOR2X4 26 156 16 7.48 1.89 8.62 2.57 11.13 5.17 12.10 6.93 4.57 1.96 4.98 2.66 6.07 5.29 6.60 7.05
AOI21X4 24 144 16 6.14 3.60 7.97 5.38 14.69 13.69 19.18 20.45 2.51 2.10 3.30 3.00 6.24 6.81 8.20 9.67
OAI21X4 24 144 16 3.88 4.50 4.19 6.53 4.93 15.51 5.27 22.51 1.56 1.83 1.54 2.43 1.47 4.66 1.43 6.13
High-dim. Avg. 9.25 8.10 11.29 12.34 18.03 32.93 22.16 50.29 5.05 4.08 6.06 5.70 9.44 12.45 11.47 17.42

→ One timing arc test for each cell type, containing 8↑8 delay and transition distributions; † Runtime speedup compared to Random MC.

Overall 16.92 38.52 21.94 57.91 41.53 149.81 55.61 225.58 6.96 9.45 8.38 12.72 13.21 26.72 16.16 37.35
Speedup Compare to Sobol’s 1↑ 2.28↑ 1↑ 2.64↑ 1↑ 3.61↑ 1↑ 4.06↑ 1↑ 1.36↑ 1↑ 1.52↑ 1↑ 2.02↑ 1↑ 2.31↑

Table 2: Accuracy Comparison for ISCAS’89 circuits, Golden Uses 100k Accuracy for Cells.

Benchmark #Gates Mean for Critical Delay (ns) Std. Dev. for Critical Delay (ns)
MC 100k Sobol’s 5k LVFGen 0.7k MC 100k Sobol’s 5k LVFGen 0.7k

s27 15 13.031190(0‰) 13.031190 ( 0‰) 13.031192 (1.53E-04‰) 0.000956(0‰) 0.000955 ( 1.05‰) 0.000956 ( 0‰)
s298 106 0.086129(0‰) 0.086129 ( 0‰) 0.086129 ( 0‰) 0.007545(0‰) 0.007545 ( 0‰) 0.007545 ( 0‰)
s641 129 13.197377(0‰) 13.197379 (1.52E-04‰) 13.197384 (5.30E-04‰) 0.003137(0‰) 0.003134 (9.56E-01‰) 0.003139 (6.38E-01‰)
s1196 519 13.194728(0‰) 13.194734 (4.55E-04‰) 13.194733 (3.79E-04‰) 0.002978(0‰) 0.002976 (6.72E-01‰) 0.002979 (3.36E-01‰)
s15850 589 13.025476(0‰) 13.025476 ( 0‰) 13.025476 ( 0‰) 0.001611(0‰) 0.001611 ( 0‰) 0.001613 ( 1.24‰)
s9234_1 1045 13.053585(0‰) 13.053590 (3.83E-04‰) 13.053593 (6.13E-04‰) 0.001939(0‰) 0.001938 (5.16E-01‰) 0.001940 (5.16E-01‰)
s13207 1067 13.024756(0‰) 13.024757 (7.68E-05‰) 13.024757 (7.68E-05‰) 0.001007(0‰) 0.001006 (9.93E-01‰) 0.001010 ( 2.98‰)
s5378 1524 13.132874(0‰) 13.132888 (1.07E-03‰) 13.132887 (9.90E-04‰) 0.003658(0‰) 0.003656 (5.47E-01‰) 0.003664 ( 1.64‰)

→ Mean Relative Absolute Error.

MRAE→ - 1↑ , 2.67E-4‰ 1.29↑ , 3.43E-4‰ - 1↑ , 0.59‰ 1.55↑ , 0.92‰

The runtime speedup is evaluated similarly to the previous ex-
periment. The results in Table 1 indicate that, in almost all cases,
LVFGen achieves a higher speedup than Sobol’s compared to Ran-
dom MC. Generally, we observe that the speedup of Sobol’s is not
promising as the circuit dimension increases. Although LVFGen
encounters the same high-dimension issue, it is still faster than the
other two algorithms.

To summarize, at a 5k accuracy level, LVFGen achieves 38.43↑
and 2.27↑ overall speedups compared to Random MC and Sobol’s
in predicting delay distributions, and 9.46↑ and 1.23↑ for transi-
tion distributions. LVFGen demonstrates more improvements with
higher accuracy requirements. At the 100k accuracy level, LVFGen
achieves 225.58↑ and 4.06↑ speedups in estimating delay distri-
butions, 37.35↑ and 2.31↑ in estimating transition, compared to
Random MC and Sobol’s QMC algorithms.

4.4 Application to Timing Analysis
At timing sign-o!, larger-scale circuits demand accurate timing dis-
tributions of cells to reduce the impacts of accumulated errors along
timing propagation. In this experiment, we utilize the standard sta-
tistical timing analysis tool, PrimeTime, to assess the accuracy of
LVF library characterized by LVFGen. The benchmarks circuits are
selected from ISCAS’89 with scales up to 1,524 gates [28].

We "rst prepare three LVF libraries with the same 100k-MC ac-
curacy level, generated by Random MC with 100k samples, Sobol’s
QMC with 5k samples, and LVFGen with 0.7k samples. In terms of
library generation e#ciency, the runtime for Sobol’s QMC is ~290
hours, whereas LVFGen requires only ~80 hours.

For the SSTA procedure, the critical path is initially identi"ed
under the Golden design $ow. Subsequently, we compared the path
delays with three di!erent LVF library "les. We observe extremely
small errors across the benchmarks shown in Table 2. The relative
absolute error of LVFGen is no more than 1E-3‰ for mean delay,
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o PrimeTime SSTA on ISCAS’89 circuits
o 3 libraries with equivalent 100k MC’s accuracy
o Library generation runtime
• 5k Sobol’s: 290 hr.
• 0.7k LVFGen: 80 hr. (3.5× speedup)

o There is almost no accuracy loss

ISPD ’25, March 16–19, 2025, Austin, TX, USA Junzhuo Zhou et al.

Table 1: Speedup Comparison Using Standard Cell Library.

Cell
Type→

#Tran-
sistor

Origin
dim.

Pruned
dim.

Delay Runtime Speedup† (↑) Transition Runtime Speedup† (↑)
5k Accuracy 10k Accuracy 50k Accuracy 100k Accuracy 5k Accuracy 10k Accuracy 50k Accuracy 100k Accuracy

Sobol’s Ours Sobol’s Ours Sobol’s Ours Sobol’s Ours Sobol’s Ours Sobol’s Ours Sobol’s Ours Sobol’s Ours

OR2X1 6 36 12 9.23 34.99 10.95 46.00 15.91 85.02 18.54 110.71 4.36 10.62 4.60 11.51 5.30 12.96 5.68 13.30
OR2X2 8 48 12 8.45 26.80 10.41 42.11 15.89 118.03 18.67 182.37 4.99 10.29 6.25 13.57 10.15 25.28 12.40 32.24
NOR2X1 4 24 10 8.99 56.35 9.95 74.81 12.48 142.98 13.75 187.76 3.31 5.45 3.66 5.08 4.48 3.76 4.86 3.13
NOR2X2 8 48 10 3.56 9.30 3.72 12.66 4.07 25.63 4.21 34.99 2.15 1.37 2.34 1.42 2.85 1.51 3.10 1.54
AND2X1 6 36 10 26.02 63.02 33.54 90.60 60.51 207.56 78.24 294.38 10.88 11.30 11.88 11.23 14.51 10.10 15.68 9.34
AND2X2 8 48 10 17.59 48.12 22.22 73.23 38.08 196.07 47.80 298.94 7.13 16.84 7.97 22.15 10.04 39.51 10.97 51.11
NAND2X1 4 24 12 82.08 247.67 114.61 365.67 254.07 876.82 360.19 1262.33 19.07 11.11 25.65 10.49 49.33 9.37 64.52 8.34
NAND2X2 8 48 12 8.86 20.58 10.20 28.64 14.11 62.54 16.22 87.48 4.89 1.92 5.57 2.00 7.46 2.16 8.43 2.23
AOI21X1 6 36 16 62.72 156.12 95.28 258.62 250.36 825.74 378.69 1354.56 20.16 34.11 28.00 48.22 59.59 102.51 82.32 138.16
OAI21X1 6 36 16 37.83 106.35 48.08 157.71 83.02 396.32 104.60 584.31 11.79 3.99 13.78 3.19 19.79 1.70 23.05 1.26
Low-dim. Avg. 26.53 76.93 35.90 115.01 74.85 293.67 104.09 439.78 8.87 10.70 10.97 12.89 18.35 20.89 23.10 26.06
XNOR2X1 12 72 16 30.13 34.35 34.25 53.61 44.88 150.67 50.22 234.26 12.61 26.34 14.19 40.22 18.14 106.02 19.87 160.88
XNOR2X2 14 84 16 5.99 18.60 6.19 27.24 6.50 65.76 6.58 95.91 2.89 14.65 3.21 21.32 4.07 50.70 4.53 73.46
XOR2X1 12 72 16 8.47 25.85 9.98 38.81 14.16 98.52 16.40 146.28 12.34 25.30 13.55 37.96 17.09 97.25 18.34 145.01
XOR2X2 14 84 16 22.37 31.83 29.92 50.72 58.24 150.20 77.72 239.00 8.24 22.39 10.58 34.32 18.57 91.10 23.38 137.97
AOI21X2 12 72 16 11.06 20.28 13.57 31.52 21.56 87.20 26.17 134.96 4.17 3.97 4.68 4.37 6.10 4.93 6.80 5.02
OAI21X2 12 72 16 4.13 20.39 4.56 30.40 5.70 76.58 6.26 113.99 1.43 5.29 1.47 6.68 1.57 11.28 1.61 14.02
Middle-dim. Avg. 13.69 25.22 16.41 38.72 25.17 104.82 30.56 160.73 6.95 16.32 7.95 24.15 10.92 60.21 12.42 89.39
OR2X4 16 96 12 16.92 19.25 20.48 29.95 31.80 82.82 38.37 128.05 9.77 10.84 12.40 15.66 21.27 36.51 26.55 52.39
NOR2X4 16 96 10 8.38 13.36 9.75 19.88 13.87 49.44 16.13 72.82 4.16 5.26 4.79 6.87 6.51 12.57 7.38 16.18
AND2X4 16 96 10 16.66 16.93 22.55 27.65 44.73 85.25 59.73 137.77 9.53 8.43 12.80 12.54 24.54 30.93 32.11 45.27
NAND2X4 16 96 12 2.50 1.96 2.51 2.30 2.53 3.21 2.54 3.65 1.50 1.32 1.44 1.34 1.31 1.36 1.26 1.36
HA1X1 20 120 16 15.28 11.38 19.48 17.27 32.88 45.37 41.04 68.49 9.10 4.82 10.36 6.64 14.10 13.72 16.24 18.60
HA1X2 24 144 16 10.12 6.02 11.53 9.02 15.96 22.82 18.52 33.95 3.63 2.82 4.20 4.02 6.11 9.07 7.18 12.85
XNOR2X4 26 156 16 5.14 2.07 5.85 2.86 7.77 6.03 8.73 8.29 4.14 1.41 4.80 1.87 6.73 3.59 7.77 4.73
XOR2X4 26 156 16 7.48 1.89 8.62 2.57 11.13 5.17 12.10 6.93 4.57 1.96 4.98 2.66 6.07 5.29 6.60 7.05
AOI21X4 24 144 16 6.14 3.60 7.97 5.38 14.69 13.69 19.18 20.45 2.51 2.10 3.30 3.00 6.24 6.81 8.20 9.67
OAI21X4 24 144 16 3.88 4.50 4.19 6.53 4.93 15.51 5.27 22.51 1.56 1.83 1.54 2.43 1.47 4.66 1.43 6.13
High-dim. Avg. 9.25 8.10 11.29 12.34 18.03 32.93 22.16 50.29 5.05 4.08 6.06 5.70 9.44 12.45 11.47 17.42

→ One timing arc test for each cell type, containing 8↑8 delay and transition distributions; † Runtime speedup compared to Random MC.

Overall 16.92 38.52 21.94 57.91 41.53 149.81 55.61 225.58 6.96 9.45 8.38 12.72 13.21 26.72 16.16 37.35
Speedup Compare to Sobol’s 1↑ 2.28↑ 1↑ 2.64↑ 1↑ 3.61↑ 1↑ 4.06↑ 1↑ 1.36↑ 1↑ 1.52↑ 1↑ 2.02↑ 1↑ 2.31↑

Table 2: Accuracy Comparison for ISCAS’89 circuits, Golden Uses 100k Accuracy for Cells.

Benchmark #Gates Mean for Critical Delay (ns) Std. Dev. for Critical Delay (ns)
MC 100k Sobol’s 5k LVFGen 0.7k MC 100k Sobol’s 5k LVFGen 0.7k

s27 15 13.031190(0‰) 13.031190 ( 0‰) 13.031192 (1.53E-04‰) 0.000956(0‰) 0.000955 ( 1.05‰) 0.000956 ( 0‰)
s298 106 0.086129(0‰) 0.086129 ( 0‰) 0.086129 ( 0‰) 0.007545(0‰) 0.007545 ( 0‰) 0.007545 ( 0‰)
s641 129 13.197377(0‰) 13.197379 (1.52E-04‰) 13.197384 (5.30E-04‰) 0.003137(0‰) 0.003134 (9.56E-01‰) 0.003139 (6.38E-01‰)
s1196 519 13.194728(0‰) 13.194734 (4.55E-04‰) 13.194733 (3.79E-04‰) 0.002978(0‰) 0.002976 (6.72E-01‰) 0.002979 (3.36E-01‰)
s15850 589 13.025476(0‰) 13.025476 ( 0‰) 13.025476 ( 0‰) 0.001611(0‰) 0.001611 ( 0‰) 0.001613 ( 1.24‰)
s9234_1 1045 13.053585(0‰) 13.053590 (3.83E-04‰) 13.053593 (6.13E-04‰) 0.001939(0‰) 0.001938 (5.16E-01‰) 0.001940 (5.16E-01‰)
s13207 1067 13.024756(0‰) 13.024757 (7.68E-05‰) 13.024757 (7.68E-05‰) 0.001007(0‰) 0.001006 (9.93E-01‰) 0.001010 ( 2.98‰)
s5378 1524 13.132874(0‰) 13.132888 (1.07E-03‰) 13.132887 (9.90E-04‰) 0.003658(0‰) 0.003656 (5.47E-01‰) 0.003664 ( 1.64‰)

→ Mean Relative Absolute Error.

MRAE→ - 1↑ , 2.67E-4‰ 1.29↑ , 3.43E-4‰ - 1↑ , 0.59‰ 1.55↑ , 0.92‰

The runtime speedup is evaluated similarly to the previous ex-
periment. The results in Table 1 indicate that, in almost all cases,
LVFGen achieves a higher speedup than Sobol’s compared to Ran-
dom MC. Generally, we observe that the speedup of Sobol’s is not
promising as the circuit dimension increases. Although LVFGen
encounters the same high-dimension issue, it is still faster than the
other two algorithms.

To summarize, at a 5k accuracy level, LVFGen achieves 38.43↑
and 2.27↑ overall speedups compared to Random MC and Sobol’s
in predicting delay distributions, and 9.46↑ and 1.23↑ for transi-
tion distributions. LVFGen demonstrates more improvements with
higher accuracy requirements. At the 100k accuracy level, LVFGen
achieves 225.58↑ and 4.06↑ speedups in estimating delay distri-
butions, 37.35↑ and 2.31↑ in estimating transition, compared to
Random MC and Sobol’s QMC algorithms.

4.4 Application to Timing Analysis
At timing sign-o!, larger-scale circuits demand accurate timing dis-
tributions of cells to reduce the impacts of accumulated errors along
timing propagation. In this experiment, we utilize the standard sta-
tistical timing analysis tool, PrimeTime, to assess the accuracy of
LVF library characterized by LVFGen. The benchmarks circuits are
selected from ISCAS’89 with scales up to 1,524 gates [28].

We "rst prepare three LVF libraries with the same 100k-MC ac-
curacy level, generated by Random MC with 100k samples, Sobol’s
QMC with 5k samples, and LVFGen with 0.7k samples. In terms of
library generation e#ciency, the runtime for Sobol’s QMC is ~290
hours, whereas LVFGen requires only ~80 hours.

For the SSTA procedure, the critical path is initially identi"ed
under the Golden design $ow. Subsequently, we compared the path
delays with three di!erent LVF library "les. We observe extremely
small errors across the benchmarks shown in Table 2. The relative
absolute error of LVFGen is no more than 1E-3‰ for mean delay,
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o LVFGen: Efficient Cells Library Generation
• 3.5× faster, 290 hr. to 80 hr.
• Almost no accuracy loss

o Future Work
• Setup/Hold specified algorithm
• Cross PVT corners, reduce overhead
• Extend to LVF2

Conclusions and Future Work
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[DAC’24: A Statistical Timing Model based on Gaussian Mixture for Yield Estimation and Speed Binning ]
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