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Abstract
We propose a technique to model the delay of logic gates which captures the
variability of process parameters considering intra-gate variability and is
voltage scalable, using feed forward neural networks. These models can be used
to efficiently generate the delay statistics across different supply conditions for
use in statistical timing analysis, with very small loss of accuracy compared to
SPICE based Monte-Carlo approach. The models incorporate the load and
input slews as parameters and hence do away with table lookups as in the
conventional approach. The model also captures temperature variation inside
the chip. We demonstrate an application of the voltage scalability by using the
models to do statistical timing analysis in a Dynamic Voltage Scaling
framework, to obtain the optimum supply voltage for a target delay with
specified statistical guarantees for some ISCAS 85 benchmark circuits.
Keywords: Intra-gate Variability, Neural network, Voltage Scalable models,
statistical timing analysis
1.

Introduction

On-chip variations are becoming an increasing concern in integrated circuits as
transistor densities continue to increase and feature sizes continue to shrink. As
device parameters such as width, length, threshold voltage of the transistor and
environmental conditions such as temperature shows variability, the prediction
of circuit performance, both in terms of delay and power has become a
challenging task [1-3]. The conventional approach to handle this problem of
variability is to use a few process corners, which capture the boundary of the
process variations, to analyze the design. But such an approach is not suitable
for nanometer scale devices because of the pessimistic prediction of
performance spread, which inevitably leads to over design and performance loss
for the typical case [2]. Hence, a new analysis paradigm based on statistical
models is emerging, which attempts to incorporate the complexities of intra-die
and inter-die variations in a more fine-grained way to result in less over
designing and better quality results [5-9] .
Most works reported till now [5-10], only consider gate level intra-die
variations. The authors in [4] show that without considering intra-gate variation,
the errors can be substantial. However, to accurately model intra-gate variations,
one has to consider every transistor in the gate separately, thus greatly
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increasing the number of parameters. For a complex gate with p transistors and
n parameters per transistor, we would need np parameters as input to the delay
model. The authors in [4] propose using sensitivity based enhancements to a
linear delay model. A linear delay model is obtained first (by not considering
intra-gate variations), using the Response Surface Method (RSM). Linear
sensitivity based terms capturing the intra-gate variability effects are then added
to this model. The models however don’t incorporate the loads and input slews
explicitly. Rather the model parameters are obtained for a range of load and slew
values and stored in a table. Furthermore, the delay errors are quite substantial
under low load and large slew conditions. Another limitation of sensitivity based
linear models is that they work only for small variations. With technology
scaling however, the percentage variation is actually increasing and is especially
worse for small sized gates which need to be used for low power applications.
Another drawback of existing modeling techniques is that they are generated for
a specific voltage value. Applications which need to operate over a wide range
of voltage will need a table of models, similar to the load, slew tables.
In this paper, we propose a closed form delay and output slew model based on
feed forward neural networks, which addresses the aforementioned
shortcomings of the existing models. Neural networks are known to provide
good approximations to high dimensional non linear functions [13-15]. Because
of variability, the delay of gate is high dimensional and nonlinear, hence we
chose to use this to model gate delays and output slews with intra-gate
variations. The delay and output slew of a gate are modeled as a neural network
function of transistor width, length and threshold of every transistor,
temperature, load, slew (rise time and fall time) and supply.

D = f( W , L ,Vth,Vdd ,Temp., Load, rt, ft)

(1)

Here W , L ,Vth are vector of width, length, threshold voltage of all the
transistors in the gate. Vdd , Temp., Load are the supply voltage, temperature
of the substrate and the output load capacitance of the gate respectively. rt and
ft are the rise and fall slew time of the gate input. A similar equation models the
slew rate of the output of the gate.
Since we include the supply voltage explicitly in our model, we can create
voltage scalable models which are suitable for use in emerging statistical timing
analysis in Dynamic Voltage Scaling (DVS) framework.
Our contributions in this paper includes
1. The proposal and evaluation of feed forward neural networks for voltage
scalable gate delay (and output slew) models to be used in statistical timing
analysis.
2. A computationally more tractable modeling framework with accuracy close
to full SPICE based models.
3. A single model which covers (i) each transistor threshold voltage, width and
length variation (intra-gate variability) (ii) 00-1200C temperature range
(iii) 1x-10x output load range (iv) range of input slew rates (v) range of
supply voltage. These many parameters and variation ranges have not been
considered in the previous papers [4-9].

4.

The model is independent of distribution of underlying parameters and
hence can be used with non-Gaussian distributions too.
5. A Monte-Carlo analysis on the proposed model can produce delay (rise
delay, fall delay, rise slew and fall slew) Probability Density Function
(PDF) specific to each supply, load and slew which will helpful in finding
the accurate delay statistics in a statistical timing analysis. Monte-Carlo
using the model is significantly faster than doing Monte-Carlo on SPICE,
yet the accuracies are comparable.
In the next section, we will provide a brief background of the neural network
and explain our methodology of using these. In Section 3, we study the problem
of creating a statistical delay model for logic gates and show how neural
network based model can provide significant computational speedups without
too much loss of accuracy. Simulation and results are described in section 4.
We finally present our conclusions in Section 5.

2. Background on Neural Network
We have used a three layer neural network with tan-sigmoid activation
functions (Figure 1) [13]. The network has an input layer, an output layer and
an internal hidden layer.
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Figure 1. Schematic of tan-sigmoid Neural Network
The network can be used to approximate a real multi-variable function and its
output is given as:
M
^
 N

f ( P) = ∑ φ j  ∑ ( Pk *W jki ) + b j  *W jo + bias
(2)
j= 1
 k=1

The tan-sigmoid function used in the network is given by
φ j ( X ) = tanh( X )
(3)
i

Where, W jk is the weight in the input layer.

W jo is the weight in the output layer.
P is the vector of inputs to the network

bias and bj are the bias input at the output layer and hidden layer (not
shown in the figure for simplicity) respectively.
The weights on the input layer and output layer can be adjusted, making it
very suitable for approximating high dimensional functions [14-15]. The
functions to model delays of gates are very high dimensional and nonlinear, and
hence the neural network is a suitable template for this modeling task. Thus the
inputs to the network in the case of a gate delay model will be the width, length,
threshold voltage of all the transistors, the supply voltage, temperature, output
load and the input edge rates and the output of the network will be the gate
delay. A similar network can be made to model the output slew (or edge rate).
Note that one would need separate models for the rising and falling edges of the
gate, leading to two models each for delay and output slew, per input of the gate.
The neural network is trained (i.e., the input weights, output weights and bias
are determined), with a small set of data points called training set which
represents the functionality of the underlying system being modeled. While it is
not necessary to know the internal structure of a system in order to model it
using neural networks, it is necessary to have examples corresponding to the
behavior between the inputs and outputs. We use a circuit simulator, HSPICE, to
generate the data sets needed for training. A small number of Monte-Carlo
simulations of the circuit to be modeled, is carried out to generate the training
data sets. Hence, even though complicated MOS equations are not used inside
the neural network, we are able to get reasonably accurate models. We use
MATLAB’s built in functions to train the network. The Levenberg-Marquardt
training algorithm is used during model creation. The number of iterations of
this algorithm, called epochs, determines the training time. A second set of data
points, again generated via HSPICE simulations, but not present in the training
data set, is used to validate the neural network model and compute the
approximation error. The network is accepted as a valid model only if the error
is within some limits as shown in the flow chart in Figure 2.
Extraction of data from Monte-Carlo HSPICE
simulations

Train neural network using the training data set
Change the architecture of
NN by adding or deleting
hidden neurons & change the
training epochs

Test trained neural network using validation data set

If error < acceptable
error?
No
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Figure 2. Flow chart for creating neural network model
The process of training and modification of the network in case it is not
suitable, are well established techniques and details can be found in reference

[13]. An important point to note here is that all the inputs to the network have to
be suitably scaled between 0 and 1, and the output of the network is also scaled
by dividing the output by the maximum of the output data. Next we will discuss
in detail the application of these networks for delay modeling of digital logic
gates.
3.

Gate Delay and Output Slew Modeling using Neural Network

Traditionally, a SPICE model of the circuit block implicitly captures the delay
model of Equation 1. Exhaustive Monte-Carlo SPICE simulations are carried
out, using parameter values randomly drawn from their distributions. The
resultant delay values are then used to form the delay PDF. The problem is
further complicated if one wanted to obtain the PDF for different voltage values.
In this paper, we propose an approach of using a small number of SPICE based
Monte-Carlo simulations to train a neural network to model the delay in
Equation 1. Monte-Carlo evaluation of the model with random parameter values,
drawn from their distributions, is then used to characterize the delay PDF. Since
the second, more exhaustive, Monte-Carlo analysis is done on the model, it is
computationally more efficient than SPICE simulations. Also the model
incorporates supply voltage into it, so one can create a PDF at any supply
voltage easily.
During the training of the neural network, the sample for the supply voltage,
temperature, rise time and fall time of the inputs are taken using uniform
sampling. But, however the samples for output load are taken non-uniformly.
This is because the delay variation for smaller load is more nonlinear as
compared to the larger load. The width and length of the transistors are taken
from uniform distribution. The threshold voltage of all the transistors are varied
as Gaussian distribution [11-12] with worst case variation specified in the model
file. The percentage variation of parameters is shown in Table 1.
The variation of rise and fall slew and capacitive load has been taken very
high to show how effectively neural network is able to incorporate these kinds
of large variation in delay modeling.
Table 1. Parameter statistics for gate delay modeling.
Statistical parameters Variation/Range
Statistical distribution
Wn , Wp
±10%
Uniform
Ln , Lp
±10%
Uniform
Vthn
±12%
Gaussian
Vthp
±12%
Gaussian
Supply Voltage
0.5v- 1.1v
Uniform Sampling
Temperature
00C to 1200C
Uniform sampling
Rise slew
0-100ps
Uniform sampling
Fall slew
0-100ps
Uniform sampling
Output Load
1x-10x
Non-Uniform sampling
3.1 Dividing and conquering the data set
Our aim is to produce voltage scalable delay PDFs across the supply voltage
range from 0.5v to 1.3v across process, edge rate, load and temperature. We

found it effective to divide the whole data into four regions with respect to
supply to increase the accuracy of estimation and reduce the number of data
samples required for training. We used four regions across the supply i.e 0.50.7, 0.7-0.9, 0.9-1.1, 1.1-1.3. This leads to four model sets for each gate,
depending upon supply voltage range. Each model set was created using 675
training samples.
4.

Simulation & Results

All gates are simulated using an industrial 130nm model file in HSPICE
environment. A small data set of 675 samples, generated from the HSPICE
Monte-Carlo simulation, is used to train the neural network. Table 2 indicates
the number of hidden layer nodes, the epochs and training timing needed to
obtain the models for the gate delay for the various gates, in the supply voltage
range of 1.1-1.3v. Even though the delay of a gate is a very high dimensional
function, the maximum number of hidden nodes in the network is 12.
Table 2. Number of Hidden nodes, Epochs and Training Time
Gate
types
Inverter
NAND2
NAND3
NOR2
NOR3

Supply Range =1.1v -1.3v
Rise Delay/Fall delay/Rise Slew/Fall Slew
Hidden Epochs Training Time
No. of input
Nodes
in seconds
parameters to Model
12
80
5.76
11
12
80
9.6
17
12
120
22.91
23
12
150
17.57
17
12
150
28.83
23

A major benefit of this model is that it includes supply voltage as one of the
parameters and hence can be used to generate probability density functions
across supply voltages. A Monte-Carlo model evaluation of the neural network
model is performed to predict the output delay (and slews) using random input
data from the same distribution. The same input data is also fed to the SPICE
simulation for accuracy.
Figure 3 shows the comparison of probability density functions generated by
the neural network and HSPICE for 2-input NAND gate and 3-input NOR gate
at the supply voltage of 0.5v, 0.9v and 1.2v. It can be seen from the figure that
the PDF generated by the NN model matches closely with that generated using
HSPICE even across this large voltage range.
Table 3 shows the mean and variance comparison between HSPICE and NN
model. The result shows that the % error in mean and variance for supply
voltage 0.5v and 1.2v is within 2%. Figure 4 shows the comparison of the PDFs
for different types of delay like rise delay, fall delay, rise slew and fall slew for
2-input NAND gate generated with both their respective neural network (NN)
models and HSPICE. It shows that neural network models can accurately model
all these types of delays accurately. Tables 4 shows the mean and variance
comparison for 2-input NAND gate between HSPICE and NN-model at 0.5v

supply voltage for different delay types. The maximum error by the NN model is
within 2% of HSPICE.

Figure 3. Comparison of Delay PDF of 2-input NAND & 3-inputNOR gate
across supply voltage 0.5v, 0.9v and 1.2v
Table 3. Statistical comparisons between HSPICE & NN Model across
supply voltage
Gate
type
Inverter
NOR2
NAND2

NOR3
NAND3

For Supply Voltage 1.2v
Mean in ps
Std dev. in ps
HSPICE
NN
%
HSPICE
NN
Model
Error
Model
87.25
87.27
0.02
4.68
4.69
131.66
131.7
0.03
6.27
6.29
98.08
98.44
0.36
5.54
5.58
166.05
166.23
0.10
7.29
7.19
115.47
115.94
0.40
6.71
6.77

%
Error
0.21
0.31
0.72
1.37
0.89

For Supply Voltage 0.5v
Gate
type

HSPICE

Inverter
NOR2

355.21
603.34

Mean in ps
NN
Model
355.97
601.79

% Error

HSPICE

0.21
0.25

28.01
38.46

Std in ps
NN
Model
28.30
38.93

%
Error
1.03
1.22

NAND2
NOR3
NAND3

487.59
799.64
615.01

488.91
803.45
613.97

0.27
0.47
0.16

36.0
48.80
43.74

35.42
48.73
44.50

1.61
0.14
1.73

Figure 4. Comparison of different types of delay for 2-input NAND gate at 0.5v

Table 4. Statistical comparison between HSPICE & NN Model for different
types of delay
For Supply Voltage 0.5v , GATE = 2-input NAND
Mean in ps
Std in ps
HSPICE
NN
%
HSPICE NN
Model Error
Model
Rise delay 507.30
508.14 0.16
63.18
62.42
Fall delay
467.88
467.68 0.04
32.82
32.67
Rise Slew
548.43
549.79 0.24
65.87
64.96
Fall slew
456.86
457.53 0.14
33.74
34.34
Delay
type

% Error
1.2
0.45
1.38
1.77

4.1 Optimum Supply Voltage with Statistical Guarantees
We demonstrate the usefulness of voltage scalable delay models by applying
them to do statistical analysis in the Dynamic Voltage Scaling (DVS)
framework. DVS is a low power technique where the supply voltage is adjusted
according to the target speed requirements [16]. The main problem here is given
a target delay, to find the minimum supply voltage such the circuit will operate
correctly. When one considers variations, then the problem needs to be
formulated as: given a target delay and yield, find the minimum supply voltage.
We have implemented a statistical analysis engine in C++, which propagates
the delay PDFs from inputs to outputs of a circuit as in [5][8]. Since our delay
models are voltage scalable, we can not only find the delay PDF at any supply
voltage, but also find the minimum supply voltage which will guarantee a delay
target with a certain yield.
Figure 5 shows the delay CDF (Cumulative Distribution Function) of the
ISCAS C3540 benchmark circuit across supply voltages from 0.95v to 1.0v,
with 10mV steps. For any supply voltage, the engine first obtains the PDF of
each gate in the circuit by doing a Monte Carlo evaluation of the gate’s delay

model using the following variations: a ±4% uniform variation in the gate’s load
capacitance and process parameters like width, length and threshold voltage are
given in Table 1, ±5% variation of input edge rate and a uniform variation of the
temperature from 700C to 1100C. The delay PDF is evaluated at a worst case
supply which is –5% below the target supply as the probability distributions for
the supply variations are not easy to obtain. Note that one can use the same
argument to also use a worst case value for the temperature. Each circuit path’s
CDF is then calculated by the statistical timing analysis engine and is shown in
Figure 5. One can use such an analysis to predict the lowest supply voltage
which meets a certain target delay with a specified yield. For e.g., from the
Figure 5, we can see that a better than 95% yield for a delay of 4ns is obtained
for supplies greater than 0.96V.

Figure 5. Delay CDF of C3540 benchmark across supply voltage

From these curves we can also address another question, viz., supply voltages
which meet a target delay at two different yield points. This will enable the
designer to back away from over designing for worst case corners and choose
more realistic yield points. Hence such statistical analyses will enable aggressive
scaling of supply voltages and consequently power reduction, which have
hitherto not been done due to the lack of visibility into variations.
1.

Conclusions

We have found that feed forward neural networks can accurately model a
digital logic gate’s delay and output slew. The model can incorporate a gate’s
per-transistor parameters and hence allow for considering intra-gate variations.
They also include output loads, input slews, temperature and supply voltage, all
within a single model, unlike in conventional table based models. Non-linear
relationships are also accurately captured and hence allow the model to be used
in deep submicron regimes which have large variations. The inclusion of supply
voltage enables new applications like statistical analysis in DVS framework.
We have created delay and output slew models for an inverter, 2-input NAND
and NOR and 3 input NAND and NOR gates. The model has 12 hidden nodes
for modeling the delay and output slew within 2% of SPICE. The PDFs for

delay and output slew generated from the models match very closely to that
from SPICE across a large supply voltage range of 0.5V to 1.3V, yet quite faster
than SPICE. As an example, we have used these models in a Statistical Timing
Analysis engine to obtain optimum voltages for target delays with specified
statistical guarantees, for a DVS framework.
While this approach looks quite promising, the main limitation of neural
network based models is their computational complexity compared to simpler
linear models, though the latter sacrifices significant accuracy for speedup and
might not be suitable for large variations in the deep submicron regime.
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