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Abstract

In this project, we present a special algorithm which combines genetic algorithm
and simulated annealing algorithm to solve the high-level dual-voltage scheduling
problem. The scheduling problem refers to the assignment of a voltage level
(selected from a fixed and known number of voltage levels) to each operation in a
data flow graph so as to minimize the average power consumption under a given
computation time constraint. In this project, not only the supply voltage (Vqq) but
aso the threshold voltage (Vi) are both considered to deal with the low power
scheduling problem. Experimental results illustrate 46.1% power reduction on
average compared with the ASAP (as soon as possible) scheduling algorithm with
12% delay overhead.

Keywords: Low power, high level synthesis, dual threshold voltages, and dual
supply voltages.
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1. Introduction

In recent years, the power consumption of a chip has become a very important
issue, especialy for SoC design. It is obvious that in the next decade low power
design would be a big challenge for the IC design companies [1]. Among lots of
design methods, the most effective way to reduce power consumption is to lower
the supply voltage (Vdd) of a circuit, since the relationship between the supply

voltage and the total power consumption can be obtained from the equation:

Power,,, =

dynamic + I:)short—circuit + I:)static

=aC Vg T +10Vgg =20 ) Fiye + Vol e
where Paynanic 1S the dynamic power, Psort-circuit 1S the short-circuit power, Pgaic IS
the static power, a isthe switching activity, C is the total capacitance, Vyq is the
supply voltage, fqk is the operating frequency, T is the time when short-circuit
occurs, V7 is the threshold voltage and leax IS the leakage current. Reducing the
supply voltage, however, increases the circuit delay. One of the solutions is to use
dual or multiple supply voltages to decrease power without losing performance.

The multiple or dual Vdd design technique is used on every level of low
power circuit design, such as behavioral level [2]-[7] and gate level [8]. Most of
the methods in this research area supply higher voltage to the critica path
components, and lower one to the non-critical path components, so that the total
power dissipation can be reduced and the system still meets the performance
constraint. The concept of assigning low voltage to non-critical path componentsis
to take advantage of slack time, which is the time difference of a task between its
earliest start time and its latest start time. In [4], three algorithmic transformations
(loop shrinking, retiming, and unfolding) are used to earn the task mobility to

achieve low power goal. Reference [7] uses Lagrange multiplier method and

1



reference [5] uses dynamic programming to find the optima solution of
multiple-voltage scheduling under both resource and latency constraints.

Taking only the supply voltage into account, however, is not enough. In deep
sub-micron design, the leakage power consumption is also a very important issue
[9]. In [10] and [11], the authors use dual threshold voltages (Vth) technique to
tackle with the leakage power optimization problem. Although the leakage power
is greatly reduced, the problem of high total power consumption may still remain.
Hence, some papers proposed the design method of using dual Vdd and dual Vth at
the same time on gate level [12] and circuit level [13] to further reduce power
dissipation. Only few attempts have so far been made at high level synthesis with
dua Vdd and dua Vth.

The work presented in this project focuses on high level power optimization.
We address the problem of scheduling a data flow graph (DFG), for the case when
the resources operate at dua supply voltages and dua threshold voltages. An
algorithm which combines genetic algorithm with simulated annealing is used to
assign the voltage for each node of the DFG. The contributions of this project are 1)
take both dynamic power and static power consumption into account; 2) a novel
application of genetic algorithm based simulated annealing algorithm is used in

high level synthesis.



2. Simulated annealing and genetic algorithm

The goal of high level synthesis is to map the high level descriptions to
hardware structures that meet the design constraints such as area, latency, and
power consumption. The simulated annealing (SA) and genetic algorithm (GA) are
available in the high level synthesis.

Simulated annealing [14], SA in short, is an optimization technique which is
naturally motivated by the process of annealing. Simulated annealing starts with a
high temperature T. By applying a neighborhood operation, a current state i (with
energy E) may change to the state j (with energy E;), when E<E,. If E>E;, the
state i is replaced by the state j with probability € '™ . The process is repeated
with a new state, and a lower temperature comes from the cooling function until
the temperature is smaller than the termination temperature Ts.

The genetic algorithm (GA) is a method which explores the design space to
find alocal optimal solution. The basic idea of GA comes from the Darwin's “The
Origin of Species’. Darwin's theory claimed that the evolution of species consists
of four steps: crossover, mutation, natural selection, and survival of the fitness.
These four steps are also the main steps of genetic algorithm. Fig. 1 shows the
simple flowchart of genetic algorithm. The first step of genetic algorithm is to
generate initial population. Then, through crossover and mutation operations, new
population is created from its parents. The crossover operation exchanges the
individuals genes to produce the offspring, and the mutation operation makes
difference on individual's genes. The next step of GA is to choose favorable
individuals. Finally, stopping criteria will be checked to determine whether or not
the next loop will be executed. The detailed treatment can be found in [15].

Both of the above algorithms can be used to solve the optimization problem.



Generally, the process of simulated annealing is hard to paralelize, but the genetic
algorithm is a naturally parallel algorithm. However, the genetic algorithm is hard
to converge to a good result. The proposed GASA (Genetic Algorithm based
Simulated Annealing) algorithm inherits strengths from both GA and SA, and gets
rid of the disadvantages of them. The GASA can be easily implemented in parallel.
By parallelizing the algorithm, several machines can execute in parallel to speed up
the computing time. Besides, the design space can be explored by performing

neighborhood operation from SA.

INPUT
\/
i+ | Population | Select Parents
Generatle I_n|t|aI to Crossover/
Population Mutation Pool
Population &
y Pparents
_ Population &
Determine fspring | Crossover &
Fitness Mutation
Population with
v Fitness Value
Check Criteria Survivors
& Choose
Y Survivors
\J
OUTPUT
f

Fig. 1. Flowchart of the simple genetic algorithm.



3. The proposed GA SA scheduling algorithm

In this section, our GASA (Genetic Algorithm based Simulated Annealing)
scheduling method is presented. First, we describe the problem of high level
synthesis. Then, we introduce the data flow of the GASA agorithm. Third, we talk
about the dua Vdd and dua Vth library. And fourth, the chromosome
representation and some GA SA operations and parameters are introduced in detail.
Finally, the GASA algorithm and an example of the GASA scheduling are

illustrated.

3.1. Problem Formulation

When given two supply voltages (Vad 1, Vad 1), two threshold voltages (Vin ,
Vin 1), andaCDFG G = V, E , which consist of k nodes (ny, ny, ..., ny), we define

the power consumption of the operation node n, which operates with supply

voltage Vyq i and threshold voltage Vi, j, as R/dd_i,\/m_j (n,), and its delay time as

DVdd_i Von_| (na) . Now, we define the total power consumption of a given CDFG G

as

TP = Z I:’vmu,\/ﬂu. (n,) , whereVy, ; D{Vy Ve (}randVy  T{Vy Vi 3

On,0G
and the total delay time as
D= 2.Du v (), whereVy,  O{Vy Vg 3 andVy, OV, Vi )

dd _iVth_j
OnyOecritical path of G

Accordingly, we may further define the total power consumption of a given
CDFG after ASAP (As Soon As Possible) scheduling as TPasap and the delay as

TDasap and the same for TPgasa and TDgasa. Intuitively, the power saving should



be as large as possible, and the delay overhead should be as small as possible.

Therefore, we define the gain of using GASA as

TPA - TPG ASA
TDGASA -TD ASAP

Gain=

where TPasae  TPgasa IS the power saving and TDgass TDasap IS the delay
overhead compared with ASAP scheduling. The goal of this project is to maximize

the Gain value.

3. 2. Dataflow of GASA

The GASA dgorithm runs with several simulated annealing processes in
parallel. The mutation operation in GA is analogical to the neighborhood operation
in SA, and crossover operation represents the role of recombining independent
solutions. Before we come to the GASA flow, one term must be defined first.

Definition: A Boltzmann trial is defined as a competition

between states i and j, and the probability of state i wins the

(E-E)IT

competition is 1/(1+e ). Here, e is the natural constant,

and E and E; denote as the energy of state i and state j

respectively. T represents the temperature in the SA agorithm.

By the definition, the energy E; and E; represent the power-delay products of
the scheduling results. If the power-delay product of state i is smaller than that of
state j, then we define E; < E;. What should be noted isthat if temperature T islarge
enough, then the next state j will be accepted even the energy of j islarger than the
energy of i. By using the Boltzmann trial, the SA uphill operation can be presented

in our scheduling algorithm.



The data flow of the GASA agorithm is shown in Fig. 2. In this flow, the
inputs are the CDFG (Control/Data Flow Graph) and some parameters. The main
scheduler assigns different Vdd and Vth to each node in the CDFG. Thus, alibrary
which consists of several dual Vdd / Vth components is necessary to the scheduler.
At the beginning of the scheduler, it brings out the first generation, and generates
many individuals. Then, it randomly selects two individuals as the parents, and
performs the crossover and mutation operations to generate two children. After that,
the scheduler evaluates the power and delay of two parents and two children, and
decides the Boltzmann trial winner by Definition 1. If the temperature cools down
to the T; (terminated temperature), it will output the trial winner, else it will

continue the GASA loop.

In our scheduling algorithm, we try to recombine the results of each individual
rather than just randomly generate a new individual. By combining the results of
each individual, we can improve the convergence speed. The recombining phase
will select two parents from the selection pool and produce two children. The two
children may have some essential parts of genes that make the fitness of the
children better or worse than that of their parents. Here, the “essential” parts of
genes represent those nodes belonging to the critical paths, or reducing large

amount of power if we choose another Vdd or Vth.
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Fig. 2. The GASA scheduling algorithm flowchart.

3.3. Dua Vyq/ Vi library

An essential component of the GASA algorithm is the cell library, in which
each cell has four instance types, as shown in Table 1. Table 1 shows the power and
delay of a 4-bit multiplier and a 4-bit adder with different Vdd and Vth. Here Vg w1
represents a cell with high supply voltage. Similarly, Vi, . means a cell with low
threshold voltage. In order to simplify the calculation, the delay of each instance

typeis set as the number of control cycles rather than the actual delay time.



Table 1. A technology library with dual V¢ and dua Vi,

adder Vd HVin H Vd HVin L Vad /Vin H Vad L/Vin L
Power 24.8 167.7 60.8 81.2
Delay 9 9 13 12
multiplier | Vaa n/Vin 1 Vad vV L Vad L/Vin_H Vad L/Vin L
Power 561.6 754.7 273.5 365.3
Delay 18 17 25 24
Table 2. Chromosome representation
Oneindividual
n ny Nk
Relative CS 0 1 1
Instance (Vqo/Vin) L/H H/L L/L

3.4. Individual and Chromosome Representation

A suitable chromosome representation is needed to represent the individual in
the GASA scheduling algorithm, since it affects the running time of the algorithm.
The chromosome representation must include the information of supply voltage,
threshold voltage and control cycles. Table 2 shows the chromosome representation
in our GASA algorithm. In Table 2, n; denotes the i node in the data flow graph,
the relative cs of n; shows the number of control steps between the starting control
step of nj and the maximum occupied control step of all preceding nodes of n;. The
instance records what kind of resources allocated to this operation; H indicates the
high voltage and L indicates the low voltage. By checking the instance field of one
node, we can look up the power consumption, area cost, and delay information
from the library. Each column in the table represents a chromosome. If there are k

nodes in the CDFG, thisindividual needs k chromosomes to represent itself.



3.5. GASA Operations and Parameters

1.5.1 Mutation operation

While performing the mutation operation on one individual, we will choose
some chromosomes to mutate their values by a specific mutation rate. For example,
if there are k nodes in one individual, and the mutation rate is Pp,. We will choose k
X Py chromosomes to mutate, while randomly changing the genes (Relative CS
and instance). Through mutation operation, some variants of one individual can be
produced to explore the neighbors of the current position in design space. Later we

shall give adiscussion on the mutation rate Py,

1.5.2 Crossover operation

Crossover is a kind of recombination operation. Fig. 3 shows an example of
the crossover operation. In the GASA scheduling, we adopt one point crossover
operation which will exchange the right half part of two individuals to each other.
We also adopt uniform crossover operation which randomly exchanges some

chromosomes of two parents.

1.5.3 Population size

The population size is one of the mgor control parameters of the GASA.
Generally, the larger of the population size, the better result we can obtain.
However, the larger size of the population also requires the larger amount of

memory and takes the longer operation time.
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1.5.4 Cooling procedure

The cooling procedure in our GASA scheduling is to multiply the current
temperature by a cooling constant CC (0<CC<1). If CC is set to a large value, the
temperature would reduce slowly and it would produce large generations. In
generally, the population size and the cooling constant both affect the optimization
gain and the computing time. The designer should tune both parameters to meet the

design constraints.

1.5.5 Mutation rate

The value of mutation rate will affect the difference between parents and
children. If the mutation rate is too large, some good chromosomes will be
annihilated. If the mutation rate is too small, the resemblance between parents and
children will be too close. Therefore, it will result in alocal minimal solution. In
our algorithm, we set the mutation rate as 20%. A larger mutation rate is set if the

result seemsto fall in alocal minimal value.

1.5.6 Temperature

The last two parameters are the starting temperature Ts and terminating

temperature T;. We set the terminating temperature as 0.1. The starting temperature

E -E
Tsis set by the mathematical method. T, :ﬁ , where Ej and E; is theinitial

energy of state i and j, and k is the probability of E; larger than E;. The starting

temperature influences the convergence speed and the accepting rate of the parent

individuals at the beginning of the optimization process.
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Node N1 N2 N3 N4 N5 N6

Instance (Vgq/ Vi) | H/L | H/H|L/H|L/H|L/L|L/L

Node N1 N2 N3 N4 N5 N6

Instance (Veg/ Vi) | L/L| L/H | H/L |H/H | H/H|H/L

<

Node N1 N2 N3 N4 N5 N6
Relative CS 1 2 0 3 0 1
Instance (Vag/ Vi) | H/L |H/H | L/H|H/H|H/H | H/L

Node N1 N2 N3 N4 N5 N6
Relative CS 0 1 1 3 1 1

Instance (Vea/ Vi) [LAL | L/H |H/L | L/H|L/L|L/L

Fig. 3. An example of one point crossover operation.

3.6. GASA Algorithm

Fig. 4 shows the GA-based simulated annealing algorithm. In this algorithm,
the convergence rate is controlled by temperature T and the cooling constant CC. In
line 1, the initial temperature T is set to a sufficiently high value, so that uphill
probability will be greater than 50%. From the code segment of line 3 to line 12 in
Fig. 4, the while loop performs the temperature control of SA. The inner loop (from
line 4 to line 10) represents the neighborhood operation of SA. Through the
neighborhood operation, the solution space can be explored. In line 7, the

Boltzmann trial is used to decide whether the uphill operation should be accepted
or not. The time complexity of the segment from line 4 to line 10 is O(3) , where

n is the number of individuals. The time complexity of the outer while loop is

12



T-T
O( Cf). Thus, the total time complexity of the GASA algorithm is

O(T T, xﬂ)
cCc 2
1. SetTasasufficiently high value;
2:  Generateinitial population randomly;
3 whileT> T;do
4 for i=0; i <n/2;i++ do
5: Select two individuals as parents from the population randomly;
6: Generate two children using the crossover operator;
7 Perform mutation operation;
8 Perform a Boltzmann trials between children and parents;
9: Overwrite the parents with the trial winners;
10: end for
11: T=T x CC; /Il cooling procedure
12: endwhile
13:  Output trial winner;

Fig. 4. Genetic algorithm based simulated annealing algorithm.

3. 7. Example of GASA Scheduling

Suppose we have a library which consists of severa components. Each
component was implemented with four different kinds of the Vdd / Vth
combination, as shown in Table 1. The input file isthe DFG, as shown in Fig. 5.(a).
At the beginning, each node is assigned with different Vdd and Vth. After several
loops, the scheduling result was shown in Fig. 5.(c), and the Vdd / Vth assignment
was shown in Fig. 5.(b). Note that the different instances used in the scheduling

process influence the final delay and the power consumption of whole design.
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The goal of GASA isto maximize the Gain value of a system according to the

cost function. Through our genetic algorithm based simulated annealing approach,

the nearly optimal solution can be achieved in atolerable processing time.

Node | 1 | 2 | 3| 4|5 |6 |7 |8 ] 9|10
Instance
LH |LH |LH [ LH | LH | LH | LL | LH | HH | HH
(Vdd/Vih)
Fig. 5 (b)
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Fig. 5. An example of GASA scheduling. (a) Original DFG. (b) Vdd/Vth of

each node. (c) Scheduling result.

4. Experimental Result

To show the effectiveness of our method, we compare the power consumption
and delay overhead among three scheduling algorithms. The first is the ASAP (As
Soon As Possible) scheduling method. The second is the dual Vdd only scheduling
method, and the third is the proposed dual VVdd and dual Vth scheduling method. A
dual Vdd/Vth library, as shown in Table 1, which contains three components
(multiplier, adder, and multiplexer), is used for low power scheduling. In this
library, each component was designed by TSMC 0.18u m process. The Vyq 4 Was

1.8V, Vgg L Was 1.26 V, Vi 4 was 0.558 V, and Vi, | was 0.458 V.
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The experimental result is shown in Table 3. Six CDFG benchmarks are used
to examine the scheduling algorithms. It is clearly that the proposed dual Vdd/Vth
can obtain the best power-delay product, and it also shows the proposed method
can obtain about 46.1% power saving and 12.3% delay overhead compared with
the ASAP scheduling method. Fig. 6 shows the comparison of power saving and
delay overhead between ASAP scheduling and dual Vdd/Vth scheduling methods.
In this figure, the solid lines represent the dual Vdd/Vth scheduling relative to the

ASAP method.

We aso show the convergence result of diffeq benchmark. Fig. 7.(a) and (b)
are the power and delay convergence result by using dual Vdd only scheduling
method. Fig. 7.(c) and (d) indicate the power and delay convergence result by using

dual Vdd and dual Vth scheduling method.

The experimental result shows that we can get further power reduction when
using a dual Vdd and dual Vth library with limited delay overhead. It means that
the proposed method has a tradeoff between power consumption and delay. In this
algorithm, most controlling parameters can be set automatically to reduce the
designers' loading. More constraints can be added to this agorithm such as area
constraints, and the additional penalty so that it can provide more flexible design

space.
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Table 3. Experimental result.

Bench- ASAP scheduling Dual Vdd scheduling Dual Vdd/Vth scheduling
Power x Power x Power x
mark Power Delay Delay Power Delay Delay Power Delay Delay
diffeq 5199.4 54 280767.6 3079.0 62 190898 2300.2 64 147212.8
firll 9979.5 109 1087765.5 435.7 130 706641 5797.9 112 649364.8
dct 16436.8 72 1183449.6 | 10941.0 83 908103 9332 84 78388
ir7 13669.3 144 1968379.2 8519.8 158 1346128.4 7656.9 156 1194476.4
wdf7 17023.8 125 2127975 10576.0 150 1586400 948.1 150 1422765
nc 28177.3 135 3803935.5 | 17834.9 151 2693069.9 | 14814.2 145 2148059
100%
90% :
80% —e— Power saving |
70% —=— Delay overhead—
60%
50% \\ . - —*
40% *— * = =
30%
20%
0% | | | |
diffeq firll dct iir7 wdf7 nc
benchmark

Fig. 6. A comparison of power saving and delay overhead between ASAP

scheduling and dual Vdd/Vth scheduling
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Fig. 7 Convergence result of diffeq benchmark. (a) power result with dual Vdd.
(b) delay result with dual Vdd. (c) power result with dual Vdd/Vth. (d) delay

result with dual Vdd/Vth
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5. Conclusion

In this project, adual Vdd/ Vth scheduling method is proposed for low power
high level synthesis. In the proposed method, the dynamic and static power
consumption are considered simultaneously. By using the GASA (genetic
algorithm based simulated annealing) algorithm, each node in the CDFG (Control
Data Flow Graph) is assigned with either a high or low Vdd / Vth to achieve the
low power goal and to control the computing time. The experimental result shows
that our method is feasible. The contribution of this project is that the GASA
method can be used on multiple Vdd / Vth scheduling and takes both power and

performance into account at the same time.
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