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Abstract

Estimation Techniques to Guide Low-Power Resynthesis Algorithms for
Combinational Random CMOS Logic

by

Christopher Kevin Lennard

Doctor of Philosophy in Engineering-Electrical Engineering and Computer Sciences
University of California at Berkeley

Professor A. Richard Newton, Chair

Existing resynthesis techniques for the minimization of power consumption in ran-
dom combinational CMOS logic are limited by their inadequate prediction of expected
change in global network power. An abstraction hierarchy for the estimation of global
power change is developed in this dissertation. Within this hierarchy the maximum accu-
racy of estimation can be defined for decisions made at any point in the synthesis design
flow. If the effect of change in a specific network property is not predictable at one level
of the hierarchy, then synthesis choices have to be made insensitive to that property or
restricted in such a way as to make estimation more accurate.

Three properties are used to define the form of a resynthesis step: change in func-
tion, change in spurious dynamic activity and change in delay. The prediction techniques
developed herein for change in global power due to change in functionality and change in
spurious dynamic activity are accurate at high levels of abstraction. While prediction of

the effective change in power due to change in delay is not as accurate, the magnitude of
effect of delay on power is the least critical of the three properties.

Professor A. Richard New
Dissertation Committe
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Chapter 1

Introduction

Low-power design is fast becoming an issue as critical to digital chip design as the
optimization for area and speed have been for the last decade. The search for optimality in
this domain is motivated by the proliferation of portable electronics and the ever increasing
device density on silicon.

Portable electronics must have self contained energy sources, the primary choice
for this purpose being batteries. Batteries are bulky items, sometimes contributing more
than 50% of the entire mass of hand-held devices such as cellular phones. Continuous
operation of many portable electronic devices will draw sufficient current to deplete the
energy source in less than the length of a standard working day. However, there is a demand
for increased sophistication of portable applications and this is creating a need for faster
and more computationally complex operations. As all the companies which compete in
the development of portable electronics have access to the same battery technology, market
share will primarily be increased by improving power efficiency of the products. Design
specifically for the reduction of power consumption has consequently become an issue of
vital importance at all levels of the design process, from system architecture and software

optimization to combinational and sequential structure and device-level technology choices.

1.1 Structure of the Low-Power Design Problem

Techniques for reduced power consumption must be applied at every level of de-
sign abstraction. A simplified representation of the various levels of design abstraction for _

digital systems is depicted in Fig. 1.1. Note that a discussion of synchronous (clocked) vs.



asynchronous (not clocked) design is not presented here. Theory for synchronous design
is currently more advanced than corresponding theory for asynchronous networks. Syn-

chronous design strategies are likely to remain prominent for many years to come.

Design Space

Task Partitioning
(Software, Hardware, ... )

Hardware Architecture
(Parallel, Serial, Data, Control,... )

Supply Voltage
(32v, 25v,..)

Figure 1.1: The High-Level Design Flow

The goal of a designer using the representations shown in Fig. 1.1is to find an
optimal implementation from all of the possible designs which correctly implement the
input/output relations for the desired rate of throughput, while also minimizing average
power consumption. Each section “cut” from the design space at a higher level is the set
of designs within that space which satisfy specific decisions which are made. For the work

presented in this dissertation, it is assumed that the architecture (for example, parallel or



serial processing, degree of data path pipelining, etc.), technology and power supply have
been chosen (e.g. [12]). In particular, fully-static Complementary MOS (CMOS) logic is
the technology assumed. This logic is the most common technology used in micro-processor
and prototype ASIC designs. The properties which make this logic so prevalent are its high
immunity to noise, robustness and ease of design and small dc power consumption. The
material in this dissertation addresses the final stage of the design process - the extraction
of a logic description which best implements the desired functionality.

The final optimization step which extracts logic gates from a description of func-

tionality has two parts:

1. Optimization of Structured Logic. Structured logic has a recognizable operation on
which a designer can utilize specific optimization techniques. Structured logic includes

adders, multipliers, parity checkers, etc.

2. Optimization of Random Logic. Random logic has an input/output relation which can-
not be described abstractly by anything other than its boolean functionality. Random
logic is often associated with chip control functions. These functions vary significantly

between applications.

There is a large body of work completed in the area of optimization of structured
logic for reduced power consumption. These techniques reduce the number of power-hungry
operations by optimizing the representation of arithmetic expressions. This is summarized

extensively in [6].

Input Output
Present Next
State State
Variables Variables

Clock

Figure 1.2: Synchronous Mealy State Machine

The optimization of synchronous random logic has two major phases: state encod- .
ing and implementation of the combinational logic block. The state of the synchronous logic .

is implemented by clocked latches, the combinational logic block is an interconnected set of



logic gates which determine the functionality associating the next state with the previous
state and input variables (Refer to Fig. 1.2). The problem of finding an optimal encoding
is tightly linked with the ability to predict the power consumption of combinational logic
block. Although it is desirable to choose an encoding which minimizes the total number of
state bits changing when moving from one high probability state to another (thereby mini-
mizing the transition power in the latches), the savings gained can be offset by an increase
in power consumption within the combinational logic. The empirical evidence presented in
[11] supports this observation. This motivates the necessity to develop an understanding of
considerations important to optimization of the combinational logic block of a sequential
network.

The automated design of a combinational logic block for a controller which does
not take into account the correlation between present and next input states is referred
to as Combinational Random Logic Synthesis (CRLS). Optimization without sequential
correlation is the precursor to Sequential Random Logic Synthesis (SRLS) which is needed
to evaluate the power optimality of a state encoding. Study of combinational random logic
synthesis for low-power is a relatively recent pursuit (the earliest papers addressing the
problem were published in 1992, such as [20]). Any decision which is made to improve
optimality depends upon accurate estimation of the influence of a synthesis decision upon

network power. It is in this area that the material of this dissertation contributes.

1.2 Estimating Power Dissipation

CMOS logic implies logic gates for which the function is implemented both in
nMOS and pMOS transistors. When the output is 1 (0), at least one path through the
pMOS (nMOS) logic has all transistors in an ON state implying gate inputs 0 (1), and all
paths in the nMOS (pMOS) logic contain at least one transitor OFF with gate input 0 (1).
This situation is portrayed for a 2-input NAND gate in Fig. 1.3

Power is consumed in CMOS logic as a consequence of three factors:

e Leakage Current. The path from the voltage supply rail to ground has a finite resis-

tance, even when every path contains at least one OFF transitor.

e Short-Circuit Current. Input transitions to a gate take a finite time. During the

transition, there may exist a period where a path from supply to ground has a small
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Figure 1.3: Complementary Logic Example

resistance. The current which flows directly from supply to ground as a consequence

of this effect is known as Short-Circuit Current.

e Capacitive Charging Current. During an input transition, some transitor capacitances
will be charged up, others discharged. The current consequently drawn from the

supply is the Capacitive Charging Current.

The capacitive charging current is generally the most dominant effect in modern
CMOS circuits. Power consumption due to leakage makes an almost negligible contribution
to total power when a CMOS circuit is actively switching at typical clocking rates. Short-
circuit current is only significant at a gate if the input transition time is very slow relative
to the output transition time. Slow transition times arise as a consequence of excessive
fanout loading of particular gates in the network. This is undesirable in a design as it
makes accurate prediction of circuit delay difficult by requiring detailed analog analysis of
digital circuit elements. It may therefore be assumed that such slow transitions are unlikely
in well-designed networks. This eliminates the need to compute the power contribution
from short-circuit current.

There are five major parasitic capacitances which must be modeled to describe
accurately the dynamic behavior of a MOS transitor; the capacitance from gate to drain
C,d, gate to source Cys, gate to substrate Cg, drain to substrate Cgy and source to substrate
Cs. All of these capacitance vary with voltage, but to a first order approximation the input

capacitance, Cy = 2 * Cya + Cgs + Cgs, is constant. This constant capacitance assumption



is not as valid for the output which has contributions from Cgy and C,; but, in general, the
intrinsic output capacitance of a gate is dominated by external loading effects. This implies
that, to first order, the dynamic behavior of a CMOS gate can be described by a lumped
capacitance model [9]. The transitors in a CMOS gate are then modeled as ideal voltage
controlled current sources driven by a capacitively loaded input signals.

Even for this simpler model, the complexity of computing the average power con-
sumption is extremely high. An estimate of average power requires that a network be
simulated with a large number of input vector pairs or that expressions describing the en-
tire functionality be established (Refer to Sec. 1.2.1). Handling the highly non-linear output
response of a gate in this context is very difficult. A linearization of the output response
is a further simplification which can be made. In this case, the current drive of a transitor
is assumed constant when it is switched on, thereby generating ramp outputs. However,
the general model for gate behavior in a digital network can be reduced even further. This
model, known as the timing model, describes the output behavior after an input change
as constant until after a specific gate delay at which point the output may transition in-
stantaneously. That is, the gate is modeled as an ideal switch with delay d. The delay, d,
corresponds to the time taken for the analog gate output to cross the half-way point be-
tween the ground and voltage rail. The behavior description for these three simple models
relative to an inverter is illustrated in Fig. 1.4.

The timing model is simple, but has also demonstrated itself to be sufficiently
accurate for synthesis which optimizes network speed [21]. The accuracy is a property of
the fact that a gate can be viewed as an open-loop amplifier with extremely high gain. When
an input transition passes the input sensitivity point, the gate quickly limits to maximum
current drive which will charge or discharge the output capacitance. The sensitivity point
for a gate is usually designed to be close to half way between the source voltage and ground.
This reduces the dependence of network delay on the strongly non-linear behavior of the
actual output waveform near the voltage source and ground, as well as improving noise
immunity. Consequently, information concerning only the half-way crossing can be used to
estimate timing quite well. This timing model is used in a large number of power estimators,
the simulators described in [5] [7) [15] [23] being four-highly regarded examples.

The limited behavioral information contained in a timing model of a gate can re-
sult in an error in predicting the total transition count and transition timing at a node in

a network when input transition arrival times are similar but not simultaneous. For
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example, consider the analog output waveforms z(t), y(t) for the circuit shown in Fig. 1.5
for the full transistor model of the gates. The transitions on input b occur soon after a
transition on input a. The delay between the input transition arrival times is similar to the
timing delay, dnvanp, of the NAND gate. The output of the gate does not complete full
transitions between the Vpp and ground in response to each input change. It effectively
reacts faster to the transitions on input b than it would if that input alone changed. This
is a consequence of the output state not being at a voltage rail when the input transi-
tion arrived. However, the simple timing model for the gate is constructed from the gate
response assuming simultaneous input transitions so it assumes that the gate has settled
before an input change occurs. This is an invalid assumption when the delay between the
input transition arrival times is similar to the timing delay of the NAND gate. The simple
timing model therefore has an inherent error for these complex arrival configurations. The
error can propagate through transitive fanout gates, such as the inverter in this example.

There is a technique in timing simulation for reducing the over-estimate of transi-
tion activity. It uses a principle know as inertial delay modeling which is a post-processing
(non-causal) filtering of transition activity. If the output transitions using the timing model
are closer together than the delay of the gate, then the transitions are removed. However,
as shown in Fig. 1.5, the best this technique can do is bound the possible signal delay.
Either the earlier or later two output transitions of the NAND gate could be assumed non-
plausible and so be filtered out. An empirical study performed in [11] for a vector-driven
power simulator shows that varying the filtering approach in this way can alter the power
estimate by up to 10%. In general, estimation of average power using the timing model
described previously does not perform inertial delay filtering. Although this may result in
an over estimate of the transition activity, it identifies points within the network which are
highly sensitive to network delays. That is, nodes for which the functionality alone is not
sufficient to filter out spurious dynamic activity. This is useful information to guide syn-
thesis tools and most synthesis routines are tested using simulators based upon this simple
timing model (e.g. [20], [10], [2}, [22], [24]). This timing model for gate behavior is used
throughout this dissertation.

In summary, the assumptions in the simplified CMOS model are: (1) all capaci-
tance is lumped at the output node of a gate; and (2) current flows only from the supply
rail to the load capacitor, or current flows from the load capacitor to the ground rail;

(3) all voltage changes are full swings from the supply rail to the ground rail voltage,
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or vice-versa; and (4) input/output transition time constants for a gate are the same order
of magnitude. The energy consumption of a CMOS circuit is directly related to the switch-
ing activity when this simplified model of energy consumption is used. For a well-designed
gate, the above assumptions are reasonable [8].

For a digital system with input latches clocked at a fixed frequency f, the power

drawn from the supply by transitions at gate g; is given by:
. v
Pe=§-C,»-V50~f-T,- (1.1)

where P; denotes the average power dissipated by gate g;, C; is the load capacitance at the
output of gate g;, Vpp is the supply voltage, and T; is the average number of gate output
transitions per clock cycle. Given a technology-mapped circuit or a circuit layout, all of the
parameters in Eqn. 1.1 can be determined, except for T;, which depends on both the logic

function being performed and the statistical properties of the primary input signals.

1.2.1 Previous Work in Power Estimation

There are several techniques which have been developed for estimating average
switching activity in combinational networks. They can essentially be divided into three

categories:
o Symbolic Analysis. [7)
e Probabilistic Analysis. [15] [23]
e Statistical Analysis. [5] [11]

Symbolic analysis is a technique which obtains an exact result for transition ac-
tivity given the simple timing model for gate behavior. All gates have a delay which is an
element of the rationals, so there exists a non-zero largest common divisor, dgcp, for these
delays. This can be used to discretize time as it guaranteed that any transition must occur
on an integer multiple of dgcp. The functionality for the network for each time interval
in the discretization can then be computed. A transition occurs if the functionality of a
node in one time interval is not the same as that ir an adjacent interval. To reduce the
computational complexity, an implementation of the algorithm uses event-driven construc-
tion of equations. For example, with a gate of delay d, if no input transition occurs at

time ¢ then there can be no output transition at time (¢ + d). This estimation strategy was
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first proposed in [7). The timed functionality is obtained by constructing a network with
an output representing the functionality each node for every timing interval. The outputs
representing adjacent time intervals for the same node are then XOR’ed together. The
output of the XOR gates is therefore the functionality of any transition activity between
the intervals which its inputs represent. From the construction of output functions for this
network, the transition probabilities are computed. This analysis uses ordered Binary Deci-
sion Diagrams (BDDs) to represent the functionality. The BDD is an implicit graph-based
functional representation [1] which is provably canonical when an ordering is applied to the
variables [4]. This representation has been found empirically to be efficient for network
synthesis. However, the complexity of full symbolic analysis for power estimation is still
too high for use on large industrial networks.

Probabilistic analysis describes the set of techniques which use probability rather
than functionality to describe average transition activity. For example, consider a two-
input AND gate of delay d with inputs {a,b} where any transition on a arrives at least
delay d later than any transition on b. If input @ has a probability 0.5 of being 1 at a
time t when input b has a probability of 0.5 of a transition, then the probability of an
output transition at time (f + d) could be estimated as: 0.5 x 0.5 = 0.25. Because this
is an arithmetic rather than logical manipulation, these algorithms generally have much
smaller computational complexity than full symbolic simulation. However, the accuracy
and complexity of the algorithm strongly depends upon the ability to account for correlation
between inputs. Suppose for the example stated that the probability of a being 1 given that
input b transitions is only 0.25. This implies that the actual output transition probability
at time (1+d) is 0.25x 0.5 = 0.125, the error in the previous estimate being a property of an
input independence assumption. There have been several estimation techniques proposed
which account for input correlation with varying degrees of accuracy. The work of [15)
models waveforms as independent strict sense stationary ergodic processes. They suggest
a partitioning of a network into tightly interconnected modules. Inside these modules,
their waveform model is invalid so more complex estimation strategies must be used. They
found that most networks easily partition into small modules which are very well suited
to the independence assumption. The estimation strategy proposed in [23] can be applied
within networks with high correlation between internal nodes. In this case, the steady-
state functional correlation between nodes in the network is computed. This correlation is

assumed over all time during dynamic transition activity. From the results in this paper
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it is claimed that an error of less than 4% in the estimation of average network power and
speedup of about a factor of 10 can be obtained relative to the exact symbolic simulation
tool of [7]. There are no computationally inexpensive probabilistic analysis techniques which
can account for input correlation exactly. Exact correlation requires accurate information
regarding network functionality over all time. If such data were available, then this technique
would be comparable to symbolic analysis in its complexity.

Statistical analysis techniques are based upon fast timing simulators. Random
input vectors are selected and applied to the input of the network. The power computed
in the simulation is then added to that of previous tests and averaged. The routine stops
when the average network power converges to within a certain variance. The Monte-Carlo
simulation method of [5] has demonstrated quite rapid empirical convergence properties.
The advantage of these techniques is their simplicity and their ability to easily be modified
to handle more complex gate models. However, the average network power is the sum of
the averages for every node in the network. The convergence within suitable error for total
power is therefore much more rapid than for similar error tolerances on the estimate for any
specific node.

Exact symbolic simulation for power estimation is the technique used to establish
the results of this dissertation. Although the size of networks which can be analyzed in
this way is limited, this simulator is used because of its precision in being able to define
the accuracy of the estimation strategies presented here. Probabilistic analysis estimators
are not used as they already make heuristic correlation approximations. Even though the
error for the overall network power may be small, the error for any specific node may
be significantly higher. Statistical analysis estimators also do not have the accuracy at
every network node required for the testing of the theory proposed in this dissertation.
Furthermore, neither estimation approach provides exact functionality of dynamic activity,
a property which is required to test the validity of estimation abstractions. (Refer to
Chap. 5). .

1.3 Low-Power Synthesis for Combinational Networks

The design flow for synthesis of combinational networks is shown in Fig. 1.6. The
problem may be expressed as the mapping of a set of two-level Boolean functions (logical

sum of products or product of sums) onto a restricted set of atomic logic functions, these



13

Example for
Area Optimization:

%=m+m+5
£=®+N+W+w+%+&+%

y1=(a+b)c+§5
y2=(a+b)(6+d)+§(b+c+a)

Qoo

y

Figure 1.6: The Combination Synthesis Design Flow

functions represented by the gates within the technology library. The first step in the
procedure is the extraction of a set of common subexpressions which minimizes a specific
cost function. For example, the optimization for area attempts to minimize the literal
count by maximizing logic sharing [3], the optimization for speed attempts to reduce logic
depth and gate loading on the longest paths [21]. This step is followed by mapping onto
the specific gate library. An example of this procedure for area optimization of a simple
function mapped to a library of two-input gates is also presented in Fig. 1.6.

An important part of the synthesis process at all points in the design flow is the
ability to simplify logic expressions. For example, the expression: f = @b¢ + cd + bed may
also be written: f = ab + bc + ¢d. The simplification process can further be enhanced
through use of Don’t Care (DC) sets. Don’t Care sets consist of parts of the functional
space which can be manipulated without affecting circuit operation. There are two types

used in combinational synthesis:

o Satisfiability DC (SDC). The set of input, or intermediate variable, combinations
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Figure 1.7: The Internal SDC and ODC Sets

which cannot functionally occur.

o Observability DC (ODC). The set of input, or intermediate variable, combinations

which do no affect the circuit output functionality.

Both forms of DC sets may have components from internal and external contributions.
The ezternal DC set is formed from knowledge about the environment in which the circuit
is embedded. At the input it is the set of all combinations of input logic states which
will not occur, and at the output it is the combination of functions which are equivalent
with respect to the environment. The internal DC set is a consequence of the specific
circuit configuration. To explain the internal DC set further, consider the simple example
of Fig. 1.7. The local inputs to the solid black node have functionality z = ab, y = a +b
implying that the condition z§ cannot occur. This is the Satisfiability DC function. The
circuit output z can only be influenced by the output of the solid node iff input ¢ is high.
This implies that the ODC set for this node is €.

The non-satisfiability of certain local functionality implies that simplification of
an expression which uses this does not affect the probability that the overall expression
evaluates high. This permits modification of a region of a network which affects only the
transition activity and capacitance (therefore power) within that region (modulo changes in
delay). The ODC set, on the other hand, can also be used to improve the optimality local
to a region of a network but this can affect onset probabilities throughout the transitive
fanout of the region so an improvement in power locally does not guarantee an improvement
overall. However, the ODC sets in most networks are typically very large and have been
shown to provide significant synthesis freedom for improved optimality during synthesis for

area [17) and speed [21]. It is therefore desirable to be able to make use of this in synthesis
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for low-power.

The research results presented in this dissertation relate to the prediction of when a
locally optimum decision translates to a globally optimum solution in synthesis for low-power.
In particular, the problem of modifying functionality within the ODC set is addressed, as is
the ability to predict the influence on network power associated with changes in delay. The
work is presented in the framework of resynthesis, which is incremental synthesis applied to
networks previously optimized for another constraint such as épeed or area. It is restricted
to this class of synthesis as significant information is available regarding the transitive fanin
and fanout logic structure following the original synthesis pass. Network capacitances can

then account for layout parasitics providing an accurate model for delay.

1.3.1 Previous Work in Synthesis for Low-Power

It is clear from Eqn. 1.1 that with a fixed power supply and clock frequency, a
reduction of power is achieved through the reduction of network capacitance or switching
activity. There are two forms of transition activity which can be affected during synthesis:
functional and spurious dynamic activity. Functional activity is that which occurs even
in an ideal circuit with zero delay, spurious dynamic activity is any other activity which
is solely the product of gate delays in a real network. The work published to date has a
focus on the reduction of capacitance or functional activity. No work specifically accounts
for the influence synthesis techniques have upon spurious dynamic activity, as addressed in
this dissertation.

The most straight forward approach to the reduction of power are those which do
not perform functional manipulation. These include the technology mapping (e.g. [22], [24],
[14]) and gate resizing [2] techniques. All of the technology mapping routines are dynamic
programming optimization strategies for tree networks. At each branch in the tree, the
optimal solution can be found using the optimal solutions for the leaves. This technique
is generalized to circuits of arbitrary topology by heuristic partitioning of the network into
trees. The optimality of these techniques depends upon the zero-delay assumption for the
gates. The gate resizing algorithm finds fast paths in the network and down-sizes gates on
these paths to reduce capacitance. As it is only on the paths which do not contribute to
the latest output signal, this approach guarantees that network speed is not compromised.

Similar to the mapping techniques, however, proposed gate resizing algorithms have not
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taken into account the effect that a change in path delays can have upon transition activity
throughout the network. In private communication with Iris Bahar, author of [2], this
effect was claimed to account for several network optimizations which were less fruitful
than expected.

There have been several attempts at logic restructuring for low-power. In general
these algorithms are based upon very simple heuristics for estimating the power consump-
tion within a logic block before that block is technology mapﬁed. The reported reduction
in power has been small in all cases, around 10 to 20%. In the work reported in [16], sub-
expression extraction is performed using the simple heuristic of maximizing logic sharing
while minimizing the input loading for inputs with high switching activity. In [20], subex-
pressions are extracted according to their probability of evaluating high. The functional
transition activity is given by: 2(1 — p)p for a signal with probability p of evaluating high,
so better candidate subexpressions have p far from 0.5. The ODC set is used to expand
(contract) the logical function if it evaluates 1 (0) with a probability greater than 0.5. There
is also a heuristic for the minimization of spurious dynamic activity based on collapsing sec-
tions of the network with short paths. These two-level functions when technology-mapped
generally evaluate slower than multi-level representations. This tends to balance paths
throughout the network. A recent publication [10] extracts subexpressions according to
output activity of a subexpression but also according to the primary input variable support
required to implement the function. The Don’t Care set is used to find a support which
has minimal switching activity. For example, consider the function f = ab with ODC a®b
where a has a higher switching activity than b. The function f may be expressed f = a
or f = b, so it is more optimal to choose f = b. They also address the problem of a local
change in functionality affecting the functionality throughout the transitive fanout by re-
stricting the ODC set construction. However, the ODC set is restricted in such a way that
any local synthesis step is guaranteed to not increase the power at any point throughout
the transitive fanout (Refer to Sec. 3.1). In fact, it is a general statement regarding all
synthesis procedures presented in the literature that local optimization of functionality is
made without considering the amount of influence upon power consumption throughout the
transitive fanout circuitry. These logic restructuring techniques may therefore be assumed
random changes within the ODC set relative to the structure of the transitive fanout. The
theory and statistical evidence presented in this dissertation verifies that there exist sim-

ple estimation strategies which can account for this effect. This provides a technique for
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improving the global optimality of existing synthesis routines.

1.4 Dissertation Outline

The concept of prediction of change in power expected in a resynthesis step is
outlined in detail in Chap. 2. In particular, a estimation abstraction hierarchy is described.
This is related to the form of information available for the most accurate possible prediction
of global effects on power external to a resynthesis region. Chap. 3 contains an examination
of estimating the effect of resynthesis on transitive fanout power in a zero-delay network.
It is shown that the expected change in onset probability at the output of the resynthesis
region is sufficient for construction of a highly accurate estimate of this effect. In Chap. 4,
this material is generalized to networks with arbitrary delay elements. Here it is shown
that it is not possible to use the bounds on transition arrival time to predict the sensitivity
of transitive fanout power to changes in delay. However, the delay insensitive estimator
which is developed has an accuracy similar to that of the estimation technique proposed
for zero delay networks. The problem of estimating delay sensitivity is further examined in
Chap. 5. It is shown that for combinational networks, delay sensitivity is generally a minor
effect. Furthermore, it cannot be estimated without full simulation of the possible delay
conditions. In Chap. 6 a summary of the dissertation is presented and an outline of the
areas which appear to be the most profitable extensions for the formulation of a low-power

syvnthesis strategy are described.

1.5 Definitions

Consider node n embedded in a digital circuit. The circuit has a set of primary
inputs I = {i1,1z,...,13}. Let V(I) be the set of all possible pairs of input vectors. It is
assumed that the circuit is allowed to settle completely after application of any input vector.
Time t = 0 may now be set as the application time of the second vector in any input vector
pair, v. Let P, be the probability that vector pair v € V(I) occurs. Over the set, V(I), the
earliest arriving transition at node n occurs at time .tw"", the latest at time t7'%%.

T,(t) denotes the functionality (subset of V(I)) for a transition to occur at the
output of node n at time t. Let T be the function relating the number of transitions

(Total Transition Activity) at the output of node n to space V(I). For every v € V(J),
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TT(v) at node n is the number of all 0 — 1, 0r 1 — 0, transitions in the interval [t ¢mez ].

The average total transition activity at n, |TJ|, is given by:

ITZI = Z PwTZ(v)
veV(a)

Definition 1.5.1 The Functional Activity of node n is

ITF|= 3 P.|FY(v) - F&° 7 (v)] (1.2)

veV(a)

where: Fl(v) is the logic value of node n at time t under input vector pair v.
This is equivalent to the activity at node n under the zero-delay model for all nodes.
Definition 1.5.2 The Spurious Dynamic Activity of node n is
IT2| = 1T | - |77 (1.3)
The following naming conventions are used throughout the dissertation:

Definition 1.5.3 f,(Z) is the static logic function at the output of node n in terms of

variables in set Z.

Definition 1.5.4 f,(Z)|, is the boolean co-factor of logic function f,(Z) with respect to
z € BlZl

Definition 1.5.5 Qz(f) is the set of minterms of the function f contained within the space
defined by the variables Z. A minterm is product term containing a literal from every input.

A literal is the input variable (e.g. i;) or its complement ( ; ).

There are two forms of probability notation in common use here. Consider set
A C B where |A|,|B| are the cardinalities of the respective sets. The following relative
probabilities are defined:

Definition 1.5.8 Pr(A|B) = %)&

Definition 1.5.7 CntPr(A|B) = Zlazs)

If all elements in set B have the same probability of occurrence, these are equiva-

lent.
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Chapter 2

Motivation

The ability to estimate power dissipation in a CMOS network depends upon the
accuracy of modeling the functionality of the inputs to each node over all time. The com-
plexity of the estimation increases with the accuracy of this information. There have been
many techniques developed to explore this tradeoff including exact symbolic simulation [7],
probability approximation heuristics ([15], [23]) and statistical Monte Carlo approaches [5].
Comparison of the accuracy/complexity of the methods suggests that significant reduction
in error can be achieved over simplistic methods (such as assuming fully independent tran-
sition activity) with a small increase in complexity, but absolute accuracy comes at a high

price as illustrated conceptually in Fig. 2.1. However, none of the techniques developed so

Total
Error

Estimator
» Complexity

Figure 2.1: Accuracy/Complexity for Full Estimation of Activity

far provide a way of predicting circuit power when aspects of the activity are bounded but
not known exactly. This is the problem associated with the prediction of overall change
in network power which will result from a resynthesis operation. This global prediction is .

needed in the formulation of resynthesis decisions.
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The minimization of error in the estimation techniques presented in the papers
listed above has shown that simultaneous transition arrival and node input correlations are
very important for accurate power estimation. During a resynthesis procedure, however,
only minor changes are made to the original network. In many cases the correlations and
simultaneous arrival properties of a node inputs are unlikely to change significantly. This
fact can be exploited to allow information gained from an initial simulation to be used to
improve the accuracy of simple estimation strategies applied during the resynthesis process.
In fact, it is possible that when certain variables are not known exactly, prediction of a
change in activity based upon a simple estimation technique may be more accurate than
a complex strategy. This is a consequence of the addition of errors resulting from the
uncorrelated approximation of many terms within a complex expression. On the other
hand, too simplistic an estimation scheme will be poor for even small changes in activity,
due to error inherent in the method. This suggests that under the conditions where certain
information cannot be fully specified, the accuracy/complexity trade-off curve looks more
like that in Fig. 2.2.

Errorin
Predicting §
Incremental
Change

Estimator
» Complexity

Figure 2.2: Accuracy/Complexity for Estimating Change in Activity

2.1 Activity: The Levels of Abstraction

The construction of estimation strategies based upon restricted knowledge about
the change in the network requires that the levels of abstraction involved in estimation be
defined. The complexity of an estimation strategy decreases with increased abstraction, as
does the ability to achieve better than a certain accuracy of estimation. This provides a
framework for assessing whether there exists an estimation strategy which will be able to

predict global effects without first preforming a synthesis step.
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7

An estimation strategy for activity is defined by the way in which it handles
functionality of the transition activity, and the accuracy of the timing information asso-
ciated with this. Both the functionality and timing abstractions have two variables re-
quiring approximation. The functional abstraction is specified by the description of ac- "
tivity as the functionality of transitions T (TP) or just the amount |TF| (|TP]). Tim- .



22

ing is specified by a distribution of transition timing for each input vector pair, one of
{D(TF,TP), Dg(TF,TP), D(TF)}, and overall switching distributions, one of {D, Dg}.
The notation here is defined: D(z) the switching distribution for each vector pair in which
condition z occurs; D the overall switching distribution describing the probability of transi-
tion activity at any time over all input vector pairs; Dp(z) the timing bounds on transition
activity for each vector pair in which condition z occurs; and Dp the bounds on the overall
switching distribution. So, Dg(TF,TP) is a timing abstraction which corresponds to being
able to bound activity under any input vector pair application in which spurious dynamic
or functional activity occurs. If this bound is to be tight enough to be useful, it implies
knowledge of the functionality of the spurious activity. Dp(TF), on the other hand, only
implies knowledge of the earliest and latest transition times corresponding to a change in
state. An example of these concepts is shown in Fig. 2.3 for describing the activity at the
output of the AND gate for the three example input vector pairs listed in the figure. For
the purposes of illustration, the overall distribution, D, shown in the example is only over
the three vector pairs described.

Fig. 2.4 depicts the general abstraction levels for activity estimation. An increase in
the functional abstraction reduces knowledge of the association between activity and input
vector pairs. As level of abstraction is increased for timing, less information is maintained for
each vector pair. Moving from 7y, to 745, loss of timing information is: (1;, — 71 5) exact
timing for each input vector pair; (11, — 72) bounds on timing for any input vector pair;
(T2 — 73) bounds on timing for any input vector pair resulting in a functional change; (73 —
74,) specific times for any transition activity; and (74, — 745) bounds on any transition
activity. The functionality and timing information abstraction describe any form of activity
estimation scheme. For example, an estimation scheme based purely upon the amount of
activity at the inputs to a node (therefore neglecting correlation) and an approximation
of all transition times is at activity abstraction level Aj, timing abstraction level 73 (e.g.
[15]). Estimation schemes which associate time and functionality at every time point for
any input vector are at level A,,71, (e.g. [7]).

Notice that there are four shaded regions in Fig. 2.4. These regions dictate what
are viable combinations of activity and timing abstractions. Any timing abstraction can be
combined with an activity abstraction from the same region or below (lower abstraction).
Any activity abstraction can be combined with a timing abstraction from the same region

or above. The converse situations do not hold. For example, A3 cannot be combined
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Figure 2.4: Abstracting the Concept of Activity Estimation

with timing abstraction 7 as having the distribution bound estimates for each functional
transition implies that the functional transition equations must be known.

Although accuracy of an overall estimation scheme will increase with decreasing
abstraction, this may not be true for estimation schemes involving small changes relative
to an initial network simulation as depicted in Fig. 2.2. To determine the applicability of a
certain level of abstraction for estimating global effects in resynthesis, it is necessary to test
several abstraction levels and determine a vector of improvement. When the error increases
with change in abstraction level, no further estimation strategies need to be examined. (This
assumes that the second derivative of the error/complexity tradeoff curve has at most one
zero crossing.) The following section outlines how the levels of abstraction are related to
the prediction of the global effects of resynthesis on power dissipation, and how the testing

was made complete for the work in this dissertation.
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2.2 Resynthesis for Low-Power

Resynthesis procedures generally use compatible subsets of the Observability Don’t
Care (ODC) set [18] during global optimization. The ODC allows the function of a node
to be altered without the change being observable at the output, while the compatibility
permits synthesis of separate sections of the network without one modification affecting
another. Any section of the network can then be changed without having to recompute the
ODC set for any nodes in the transitive fanout of the modified section.

In a resynthesis procedure, the goal is to provide maximal synthesis freedom to
a restricted set of nodes which are judged ‘highly non-optimal’. The selection of a set of
target nodes allows the definition of a node input ordering for optimizing the construction
of a compatible ODC subset. For the target nodes, this ODC subset should be larger than
that used in the original global synthesis pass, thereby increasing resynthesis freedom at
these critical points in the network.

In general, resynthesis of a network region is preceded by collapsing the output
nodes of the region back into a two-level functional representation for a subset of the transi-
tive fanin nodes. A multi-level synthesis routine is then applied to this two-level subnetwork.
Although there may be multiple outputs to a region, this just a generalization of the single
output case for which the resynthesis region is a ‘cone’ of fanin logic with a single fanout
point at its apex. This restricted case is directly analyzed in this dissertation. However,
all the approximation techniques are extended to handle simultaneous changes in activity
to multiple inputs of a node. This provides a technique for the generalization of the single
output theory.

The selection of an appropriate region for resynthesis must consider four effects.
These effects are listed below, and pictorially represented in terms of their regions of influ-

ence in Fig. 2.5.

1. Cone Power Change: This is the difference in power between the new resynthesized

region of network, and the nodes which it replaces.

2. Functional Transitive Fanout (TFO) Effect: Functional activity is the activity which
occurs even in a zero-delay network model. A change in functionality of a node in
the network alters the onset probability, thereby changing the probability of switching

and power consumption. If the Observability DC set is used in resynthesis, the func-
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tionality of the nodes in the transitive fanout of the cone fanout may change. This

change may increase circuit power even if the Cone Power Change is negative.

3. Spurious Dynamic Activity TFO Effect: Spurious Dynamic Activity is any activity
which is not Functional Activity. Any change in activity or delay at the cone fanout
may change the spurious dynamic activity throughout the cone’s TFO. The change
in node sensitivities due to the Functional TFO Effect also influences the Spurious
Dynamic Activity TFO Effect.

4. Delay Affected Spurious Dynamic Activity: Resynthesis may alter the capacitance at
the inputs to the cone. This change in loading of the nodes driving the cone inputs
affects network delays. This can alter spurious dynamic activity in circuitry other

than just the TFO of the cone.

Network

— Resythesized
__. Cone of Logic

Figure 2.5: Resynthesis Effects

The resynthesis of a region within a network is constrained by the ODC set and
the maximum delay allowed for the network. In more general terms, it can be stated that
any resynthesis algorithm must have control over the possible change in functionality, the
path lengths within the resynthesized region and the loading effect of the region on its
inputs. None of these properties are fully predictable prior to application of resynthesis as
any such optimization routine is a heuristic approach to an NP-complete problem. This
makes it infeasible to find the optimum change in functionality, path lengths or loading
effects. Improved optimality in resynthesis is dependent upon the assignment of costs to

design choices which it can control. If these costs can be assigned without restricting
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the design choices to a set for which the global effect can be estimated, then this global
information is very likely to improve the optimality of resynthesis. On the other hand, a
restriction implied by global constraints can significantly reduce local resynthesis options.
The difficulty in predicting the severity of this effect implies that the global restrictions may
worsen the final result rather than improve it.

The material in this dissertation does not address specific optimization of the
resynthesis region, the Cone Power Change. Consequently, complete resynthesis results for
the optimization of power are not presented. The work completed is a thorough analysis of
the ability to predict the other three effects of local resynthesis upon global circuit power,

regardless of the resynthesis algorithm used. This answers the question:
What information is required to estimate certain global power properties?

The final change in functionality at the output of the resynthesis region can be
influenced by any design choice during the resynthesis process. Computation of the exact
Functional TFO Effect for every possible design choice at any point in this procedure is not
a useful approach. Beyond issues of computational complexity, optimum decisions made at
every point of the resynthesis process does not even guarantee an improved ‘solution due
to the heuristic nature of the cost function used for optimality detection. The measure
of the Functional TFO Effect which can be used to guide the resynthesis process needs
to use the magnitude of a change of functionality. To make the technique more specific,
the magnitude of the Functional TFO Effect within a class of functions which partition
the space can be computed. For example, the expected Functional TFO Effect can be
computed for conditions of a functionality change within the space i, or space ix, where
ix a network input. An estimation scheme based upon the magnitude of the change in
functionality corresponds to the activity abstraction A4, 745, and this is the material of
Chap. 3. The results of the estimation scheme outlined there correlate to measured changes
in power extremely well, thereby demonstrating that the Functional TFO Effect can be
used to optimize resynthesis decisions without functional restriction.

Prediction of the effect of resynthesis on spurious dynamic activity at the output
of the resynthesis region is more complex than prediction of the change in functionality.
Estimation of spurious dynamic activity requires knov»:ledge of both timing and functionality
at every node in the resynthesis region. The lowest (most accurate) level of functional

abstraction which can be used to estimate the expected Spurious Dynamic Activity TFO
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Effect without restricting the design choices is therefore that which uses magnitudes of
functional and spurious dynamic activity, As. The formulation of estimation strategies
which are maximally accurate for this level of functional abstraction, as depicted in Fig. 2.6
by the heavily outlined boxes, is the material of Chap. 4. It is shown that there is an increase
in the error with decreasing timing abstraction due to the complexity of the estimation

required. This is shown by the construction and testing of estimators for timing abstractions

T4, and 74,.
Activity Timing
Abstraction Abstraction
Tp
Increasing
Error

A, T2
Ts
Ay
Ta

Figure 2.6: Spurious Dynamic Activity TFO Effect Abstractions

The contents of Chap. 5 concerns prediction of the Delay Affected Spurious Dy-
namic Activity. As changes in network activity outside the resynthesis regions themselves
will be small, it can be assumed that the activity at the input to any region can be es-
timated with a high degree of accuracy. That is, the functionality of the transitions over
all time should be predictable. The estimation of Delay Affected Spurious Dynamic Activ-
ity is consequently at the functional abstraction levél A;. The local effect of the loading
changes at the resynthesis region inputs is the problem of estimating spurious dynamic ac-

tivity at the output of a node when input delays are changed. An optimal input loading
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for a resynthesis region is one which affects delays in such a way as to maintain, or reduce,
power in the parts of the network which are influenced. It is shown that even when the the
functionality of the dynamic activity is known exactly, the optimality attainable cannot be
adequately predicted for timing abstractions beyond 73, and that any timing abstraction be-
low 7 requires a computational complexity equivalent to full simulation of all possible delay
configurations (Fig. 2.7). A statistical examination of the significance of delay dependence
shows that delay sensitivity will not be a dominant effect during resynthesis. Furthermore,
a better delay-dependent estimator for the Spurious Dynamic Activity TFO Effect than
that of Chap. 4 requires restricting synthesis to permit estimation at levels of functional
abstraction better than Az. Sensitivity to delay of the output of a region is therefore not

important in the formulation of an adequate cost function for low-power resynthesis.

Activity Timing
Abstraction Abstraction
Us
Ay
Tan

Error Too Large for
Detection of Optimal
Delay Configurations.

Complexity Equivalent
to Fully Simulating All
Delay Configurations.

Figure 2.7: Delay Affected Spurious Dynamic Activity Abstractions

The estimation techniques presented in this dissertation can be used directly to
further optimize any existing resynthesis routine as they do not restrict the design space.
Alternatively, they can be used to guide the development of resynthesis algorithms based

upon properties shown to be statistically significant and predictable.



29

Chapter 3

Functional Activity Estimation:
The Zero Delay Model

Resynthesis of a region to reduce power locally may influence the output func-
tionality of that region. Such a change in functionality may alter the power dissipation
throughout the transitive fanout. The work described in this chapter involves analysis of
this specific issue.

The development and empirical test of a simple probabilistic model which can be
used to predict expected change in TFO power are presented. The necessity for such an
estimator is motivated in Sec. 3.1, and Sec. 3.2 contains an the theoretical development and
justification of the basic estimation strategy. The applicability of a probabilistic averaging
technique for this problem is the basis of Sec. 3.3, and 3.4 are the results of empirical testing.
For the basic estimation scheme, using simple approximations for the input probabilities
and ODC set, a data correlation of 0.99 between theory and experiment illustrates the
usefulness of the method. In the latter part of this chapter, Sec. 3.5 and Sec. 3.6, the two
simplifying approximations are removed from the theory and a tradeoff between method
accuracy and complexity presented. This extends the work first presented by this author
in [13]). A technique for utilizing this method to optimize ODC construction is also covered

here.
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3.1 The Effect of Functionality Change on TFO Power

To motivate the need for a study into the effect of functionality change on TFO
power, it is first necessarily to illustrate the mechanism by which a decision based upon
local optimality considerations may be bad in a global sense.

The cost function relating power to onset probabilities is not linear. In the case of
a circuit with zero-delay elements, it follows from Eqn. 1.1 that the power consumption at a
node a is proportional to Pr(a).Pr(a@) = Pr(a).(1 — Pr(a)) where Pr(a) is the probability
of node a being 1. The trivial example of Fig. 3.1 demonstrates a case in which a local

improvement results in an overall increase in power for the circuit.

. D) o
b P(a) = 0.4

P(b)=0.5
P(2)=0.3

Power / Swilching Activity

4 gdecrease P(b) to 0.4 ‘l,?
uce er consumption
— Pow(b) at b. pow

05 —
04 —
03 —
02 —
01 —

» Onset

" Prob.

0

Figure 3.1: A Decrease In Input Power Offset By An Increase In TFO Power

In this example, the NOR gate inputs are independent and the capacitance at
each node is assumed equivalent. The power consumed at input b is the highest power
consumption at any of the three nodes. Consider the case in which this element is embedded
in a larger circuit. Assume that the ODC set associated with node b allows the probability

of b being one to be reduced to 0.4. This reduces the power consumption local to b.
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However, as a consequence the probability of 2z being one increases from 0.3 to 0.36. The
corresponding increase in power dissipation at the output z more than offsets the reduction
in power dissipation at input b.

A small change in the on-set probability of a node with high functional activity
is more likely to result in a change in the transitive fanout power which offsets the local
optimization. A node with smaller functional switching activity is less likely to have as much
DC set freedom for a locally beneficial resynthesis step. However, any change in functional
power which can be made has a lower probability of being overwhelmed by detrimental
effects in the transitive fanout. This introduces a key insight, essential to the generation
of a resynthesis routine targeting low-power. Power consumption at nodes with the highest
functional switching probability is the least sensitive to small changes in onset size.

In this context, choosing a node for resynthesis becomes far less obvious than it
might initially appear. In some cases, nodes with low switching probability may be more
favorable choices in a resynthesis algorithm than those of high probability. This realization
motivates a need for a technique to estimate the change in power of the transitive fanout
of a node due to local changes in node function.

It is possible to restrict the construction of the ODC in such a way as to guarantee
that a local resynthesis step does not detrimentally influence the TFO [10]. However, this
may not not desirable. For example, consider the situation depicted in Fig. 3.2. The node
m has been selected for resynthesis. This node is the input to nodes p and ¢ within a
network. Nodes p and g are both AND gates so that an addition to the the onset of input
m in resynthesis will increase, or not change, the onset probability of these gate outputs.
From fanout loading effects, node g effectively drives a much larger capacitance than node p.
The critical functions in this analysis are shown by the shaded regions within the rectangles
representing the Boolean space, 2, in Fig. 3.2.

The functional switching probability of p is very low as the onset probability
P, < 0.5. Nodes m and g have high switching probability as P and F, are marginally
greater than 0.5. Assume that the ODC set for node m is entirely contained within the
offset of the original function. To reduce the switching at node m, the onset probability of
node m must be increased. A change in functionality of node ¢ as a consequence of this
will also result in further power reduction, so this node does not restrict good functional
choices at m. On the other hand, an addition to f,, will increase power at node p except

in the case where it does not affect the functionality at p. To ensure that no TFO node is
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Functional Restriction: Restriction on possible functional changes
at node m which guarantee redunction in
power at the TFO nodes.

Node p: Node g:
No increase in probability Any increase in probability
of onset at node p. of onset at node q
=> No overlap with f(a) => Any overlap with ()

4

Allowable
Change

Figure 3.2: Severe Over-Restriction of the DC Space

influenced such that the power local to that node increases, the set of viable functions has to
be the intersection of those viable for all TFO nodes. The possible change in functionality
is limited by the most severely restricted node p even though the reduction in power at the
high-load node ¢ would dominate this effect.

More generally, it may be stated that the problem with a functional restriction
technique such as that of Iman et. al. [10] is that it does not take into account the relative
changes in power throughout the TFO, so cannot predict the likelihood that a local change
in functionality is globally beneficial, even if that change does not influence all TFO nodes

in a beneficial way. Even though the example of Fig. 3.2 is somewhat contrived, the results
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of this chapter show that there are a limited number of conditions under which a functional

restriction is necessary. The estimation technique developed here is useful in identifying

these occurrences.

3.2 Estimating the Expected Change in TFO Activity

A node n is a good candidate for resynthesis if a local change in activity, plus the
change in activity throughout the transitive fanout of the node, reduces the overall power
consumption. A functional activity change is achieved by altering the function of n locally
within the bounds of the observability DC set.

It is not possible to pre-determine how a node will be resynthesized as local delay
and area considerations influence this step. Furthermore, the functionality of the TFO
nodes does not influence a local decision. It may be assumed that any change within the
bounds of the ODC is random relative to the TFO. A node is defined to be a good candidate
in a statistical sense if there is a high expectation of a significant decrease in total power
resulting from a local change in functional activity.

A method for determining the expected change in activity throughout the transi-
tive fanout of n is outlined in the following section. This technique will be shown to predict
an exact average for circuits without reconvergent fanout. For mathematical simplicity, all
inputs are assumed to have Pr(1) = 0.5 which implies that all minterms in the input space
have the same probability. Furthermore, the analysis presented in this section assumes the
entire Boolean input space, £, as a bound on the ODC set at a node. Extension of the

theory beyond these assumptions is the subject of Sec. 3.5 and Sec. 3.6.

3.2.1 The Single Fanin Change

Consider the circuit element of Fig. 3.3. The diagonally shaded regions indicate
the original function onsets. The set of nodes is embedded in a circuit with a tree graph
structure. Assume that node n; is changed in a resynthesis step such that a set of minterms,
Ap,, is added to the original onset of the node. A, is disjoint from the original onset of
ny. Assume that the size of A,, is known, but that the exact elements which compose the

set are not.

Define the set of inputs to n, A, = {ny,na,...,n;}.



34

Figure 3.3: Single Input Change

Elements within the set of A,, may be added to, removed from, or not propagated
through to the onset f,(I) of the node n.

Lemma 3.2.1 The set of elements added to f,(I) due to the addition of a set of elements
An, to fn,(I) is determined by the relation:

An(Any) = Qu(SE(m)) N Ay,
= Q1(fa(An)lny-fa(An)lar) N An,

SP(ny) is the positive-phase sensitivity at n with respect to n,.

Proof: For simplicity, consider a function f with local input a. We may express

f as the logical sum of its algebraic co-factors with respect to a; f,, fz and remainder fR.
f=foat fa@+ 7

An minterm z added to the onset of e is added to f if z € Q;(-f;ﬁ), z € Q(f,) and
z € Q1(f7)

ie.z €Q(fatafF)
= Ql(flwf—li)
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Hence, for a set of minterms A, added to a, the set added to the onset of f is
Q(fla-flE) N Aa:

Similarly:

Lemma 3.2.2 The set of elements removed from fn(I) due to the addition of a set of

elements Ap, to fn,(I) is determined by the relation:

Rn(Am) = QI(S:(RI)) n Aﬂl
= Q(FalAn)ln, -fa(An)lmT) N An,

S%(ny) is the negative-phase sensitivity at n with respect to n;.

SP(n;) and 87(n;) are disjoint. The standard definition of node sensitivity is

derived from the union of these functions:
Sa(n1) = Sp(n1) + Sp(n1)

To address the problem of determining the size of an ezpected change in f,(I), the

following proposition is required:

Proposition 3.2.1 Consider a set of points C which contains a subset B. Consider the
random selection of |A| points from C. If any point in C is chosen with equal probability,

the average number of chosen points which are also elements of B is |A|.|B|/|C]|

The proof of this proposition follows from basic probability theory.

The expected change in f,(I) can be computed by considering A,, as the random
choice |An,| points within the set Q;(f,,). By definition: ;(SZ(n1).fn,) N Qu(fn) = 0.
Fig. 3.4 depicts the situation, where functions f,(I) and fy,(I) are the same as that shown
in Fig. 3.3. The dark solid line depicts the set within which the probabilities are computed.
The expected size of the solid black set A, is computed from Prop. 3.2.1 and Lemma. 3.2.1

as:

E(1An(An)l) = CrtPr(S2(ny) | Tor)-1An|

- 2 (SR(n1).-Tn )l
- .———==.—-J—
|4n| 1821 (fny )
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Figure 3.4: Overlap with the Sensitivity Set

Similarly:

E(|Ra(An,)]) = CtPr(S3(n1) | fn,) -1 An, | (3.1)

The effect of a decrease in the onset size of node n; may also be computed. The

relevant lemmas are:

Lemma 3.2.3 The set of elements added to f,(I) due to the removal of of a set of elements

R, from f. (I) is determined by the relation:

An(Rny) = Q1(S™(n)) N Ra, (3.2)

Lemma 3.2.4 The set of elements removed from f(I) due to the removal of a set of

elements Ry, from fq,(I) is determined by the relation:

Ro(Rn,) = Q1(57(n1)) N Rn, (33)

It follows that:

E(|Rn(Rn,)]) = CntPr(S7(n1) | f,)| Bry | (3.4)

E(|An(Rn,)]) = CntPr(S3(n1) | fry)-| Bn, | (3.5)
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Sets A,, and R,, are disjoint by definition. Consequently, for the case in which

there is both a set of points added to and removed from f,, the expectations may be

summed.

E(14n]) = CrtPr(S2(n1) | Foy)-lAn, | + CritPr(S7(n1) | fn ) Bos | (36)

E(|Rn|) = CntPr(S;(ny) | Fay)-|Any| + CntPr(SE(n1) | fa,)-|Rn,| 3.7)

These relations may be applied recursively throughout the transitive fanout of the

original changed node, n;.

Claim 3.2.1 Consider a circuit with a tree graph structure. Assume that an arbitrary set of
minterms X (Y ) is added to (removed from) node a, and that the size of X (Y ) is fized. The
technique outlined above correctly predicts the ezpected change in the onset size throughout

the transitive fanout of a.

Proof: By definition of the structure of a tree graph, no node in the circuit has a
in more than one transitive fanin path. The claim then follows from the fact that the sum

of the averages is equivalent to the average of the sum.

To translate this result to an expected change in power, the following assumption

is made:

Assumption 3.2.1 Consider a node a with a transitive fanout node b. Let m be the number
of possible ways of adding(removing) a set of X (Y ) minterms relative to the original onset
of a. Let A = {6,(b),62(b),...,6m(b)} be the set of changes in the size of the onset of node
b for the m possible changes at a. Assume that the standard deviation of the elements in A

is sufficiently small such that the following approzimation holds:

E((Pr(fs) + Pr(8))?) = (Pr(fy) + E(Pr(&)))? (3.8)

The functional activity power consumption of node n obeys the proportionality

relation:

P(n)  Pr(fs)-(1- Pr(fs))
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The assumption allows the following approximation to be made:

A(P(n)) & (E(Pr(8n)) — 2.Pr(fa)-E(Pr(6,)) — (E(Pr(én)))*) (3.9)

These local changes in power may be summed over the transitive fanout to deter-
mine the total expected change in power. A functional power sensitivity can be formulated

by linearizing the expression prior to summation.

3.2.2 The Multiple Fanin Change

In a general circuit structure, it is necessary to examine the effect of changes to
multiple inputs to a single node. Even in the case of resynthesizing a single node in the
network, this situation may arise as a consequence of reconvergent fanout. Furthermore,

this is a necessary extension of the theory to account for resynthesis of a region with multiple

outputs.
a
Q - A Points added to the onset
N — of node n.
\\
N QI
A

o These points are not
necessarily added.

d

Figure 3.5: Multiple Input Change

Consider the example depicted in Fig. 3.5. Node n is in the transitive fanout of
a. Node a is altered in a resynthesis step. In this ca:se, inputs 1 and j are changed, their
onsets being increased by sets An, and A, respectively. Consider just the elements in
An, which will also be added to Q;(fn). = € An, N A, NQ(SE(n;)) will be added, but
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z € An, N An, N Q(S3(n1)) may not be. Sensitivities for multiple input changes can be
calculated, but these computations are exponential in the number of fanins to the node.

This motivates the use of an approximation scheme, such as the following:

Approximation 3.2.1 Half the points within the intersection of set An;, An, and Q(SE(n1))N
Q(f»)) are assumed to be added to the onset of fn.

This is extended to handle more than two input changes in a straight forward
manner. For example, if two inputs, n;, n;, along with n; are altered, the points added to
the sensitivity set are half those in the union of those Ay, and A, which also lie in the set
Q(SP(n1))N Q1(f»)). So the increase in the probability of the sensitivity to input n; due

to Ap,. An, is estimated as:

(1 — CrtPr(S2(ni) | Tor))(Cnt Pr(As;) + CntPr(Ay,) - %.CntPr(A,,,.).CniPr(A,,J))

To obtain the general expressions, the change in the sensitivity set due to reductions
in the onset also needs to be considered. The application of the same assumption for R,,
as for A, implies that the two changes can just be added and handled as a total change.
For example, the expression above for increase in the sensitivity set when inputs n;,n; are

arbitrarily effected becomes:

(1 — CntPr(S2(n;)| fay))-  (CntPr(Aqs;) + CntPr(Ry,)+ CniPr(Ay,) + CntPr(R,)
—1.(CntPr(Ay,) + CntPr(Ry,)).(CntPr(Ays;) + CntPr(Ry,)))

Similarly, for those inputs changing, the reduction in the sensitivity set is:

CntPr(82(n)| fa;):  (CntPr(As,) + CntPr(Ry,) + CntPr(Ay,) + CntPr(R,)
—1.(CntPr(Aqn,) + CntPr(Ry,)).(CntPr(Ans,) + CntPr(Ry,))))

These two terms can be added to determine the total change in probability of the
sensitivity set. To formulate the arbitrary case, let B(i) be the binary representation of
i € J*, Bj(i) the j** digit. Let §7(i) be B(i) with 0 placed in the j™ digit, all original
binary values in positions > j in B(¢) right shifted by one. eg. If B(¢) = 101101, then -
B3(i) = 1010101. Let |B*(7)| be the number of 1’s in B(z).
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E(|An(Ax)) = |Anl- (CntPr(Si(n:)|fa,) ‘ (3.10)
+  (1-2.CntPr(S2(ni)| fuy))
2lAnl-1_ .
CX (GEOL ] (CutPr(dn) + CntPr(Ra)PH)
Jj=1 nix€An\n;

Similar equations can be formulated for E(|An(Rn,)|); E(|Rn(An,;)|) and E(|Ra(Rn,)|).
These equations could be made more precise by considering the cases under which certain
added and removed sets cannot overlap. For example, if the onset of one input is contained
in the offset of another, there cannot be overlap in the added onsets of these twoinputs. The
complexity involved in performing such estimation increases exponentially with number of
inputs as it requires that the overlap between all input onsets/offsets be computed. It is
demonstrated through the accuracy of the empirical results presented later in this chapter

that there would be little to gain by using this more complex approach.

3.3 Predicting the Average as an Estimation Technique

Sec. 3.2 contains an estimation scheme based upon predicting the ezpected change
in global power when a region of a network is resynthesized. However, the standard deviation
of the estimator results has not been considered. If the standard deviation is large relative
to predicting the effect of a specific resynthesis step then the method is not useful. It would
imply that there has to be a many resynthesis steps performed on a circuit to guarantee an
overall reduction in circuit power with a reasonable degree of confidence. This is undesirable
as each resynthesis step is itself an event with a statistical likelihood of success with respect
to local power reduction. The complexity of the issues involved in a priori estimating the
possible reduction in power local to the resynthesis region implies that there will be only
a small percentage of the entire network predicted suitable for resynthesis. Improvement
in the results of resynthesis obtained by formulating a cost function from an estimator of
large standard deviation but correct expectation could only be observed by averaging the
algorithm performance over a large number of networks.

To make the discussion of this concept somewhat simpler, consider a reduction
of the problem to the overlap of two sets A and B in a space C. It was outlined in

the previous section how this problem is equivalent to the determination of the expected
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KEY:

Set A (Random Choice)

2 Set B (Fixed)
B Set (ANB)

Pr(ANB) = 0.0 PrANB) =0.25 PHANB) =05
Figure 3.6: Overlap Variation for Two Sets A, B where Pr(A) = Pr(B) = 0.5

overlap between a change in functionality at a node input and the sensitivity set for that
input within the ODC set. A is chosen at random by the synthesis algorithm, B is a fized
set representing the sensitivity. In Fig. 3.6 the possible variation in overlap for the case
where Pr(A) = Pr(B) = 0.5 is illustrated. The entire space C consists of four elements of
equal probability. Note that the maximum error in assuming the average is actually equal
to the average, but there are four cases which generate the average only one case each for
the two possible extremes.

A change in functionality (corresponding to a subset of the ODC) which occurs
during local optimization of a network region is chosen independently of the sensitivity
sets throughout the TFO. Consequently, the probability that a change in functionality
chosen during resynthesis has a certain overlap with the sensitivity set is equivalent to the
proportion of total possible function choices which have that overlap. For the example of
Fig. 3.6, the probability of an overlap of probability of 0.25 is %, the probability of zero
overlap or overlap of 0.5 are % each.

The size of the set C' determines the peaking of the overlap distribution. The larger
the set, the more pronounced the peaking, and the smaller the resultant standard deviation
relative to the expected change in TFO power. Fig. 3.7 depicts the probability of set overlap
for Pr(A) = Pr(B) = 0.5, |C| € {20,60, 100} points respectively. These three curves show
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Figure 3.7: Overlap Variation as a Function of Set Size

the increase in peaking with the increase in the size of the set C. The standard deviation
for the three curves is respectively: 0.057, 0.033 and 0.025. For |C| = 100, the standard
deviation has already been reduced to 10% of the average.

In Fig. 3.8, and 3.9 graphs for the generalization of the concept discussed for
Pr(A) = Pr(B) = 0.5 are presented. These two figures represent data for |C| € {20,100} re-
spectively. They are graphs of the ratio of the standard deviation to the actual average. The
cases tested correspond to Pr(A) € {0.1,0.2,0.3,0.4,0.5}, Pr(B) € {0.0,0.1,0.2,...,1.0}.
The two graphs show how the standard deviation relative to the average set overlap de-
creases with increasing |C|. .

There is a linear relationship between the natural log of the maximum ratio of
standard deviation to average for a specific M,%'BJ (denoted SDpqz) and In(|C|). Fig. 3.10
depicts this for different M%F‘. From this, it is concluded that for M,g-lg fixed: In(SDpaz) x
(=0.5).In(|C|). i.e. SDpqr & Té‘?ﬁ's' Consequently, the error in estimating a specific change
in power using an averaging technique reduces exponentially with the number of circuit
inputs. A standard deviation of less that 2% of the average for Mlg'lg € [0.05,0.95]
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Figure 3.10: In($Bmaz) vs. In(|C]) for six fixed lé,gFJ € {0.02,0.05,0.10,0.20,0.30, 0.40}

is achieved with a network of 15 or more inputs. This justifies the use of an averaging
technique and also validates the assumption of Eqn. 3.8. The small standard deviation is

observed in the results of the following section.

3.4 The Functional Activity Change Estimator Accuracy

A program was written to empirically verify the theory of Sec. 3.2. The program
randomly selects a set of nodes from a network. Every node in this set is resynthesized
several times, each time with a random expansion or contraction of the onset of the node
which guarantees a local change in functional activity. To imitate the behavior of a syn-
thesis algorithm which intentionally changes the functionality (not just uses the flexibility
of functionality within the ODC as resynthesis for area or timing will do), the change in

function was implemented by the functional inclusion of a random set cubes from the BDD
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Power Change || Occurrence Estimation
LOCAL | GLOBAL || Actual | Est. | Detected | Incorrect
Decrease | Increase 0.21 |0.21 0.91 0.07
Decrease | < 0.5z 0.27 {0.29 0.99 0.07
Decrease > 2z 0.17 10.17 0.91 0.06
Decrease 2 5z 0.06 | 0.05 0.77 0.10
Increase | Decrease 0.09 | 0.08 0.84 0.05

Table 3.1: Functional Activity Estimation

representing the local onset or offset of a network node. The local onset/offset BDD is a
representation of the node functionality relative to intermediate network nodes, not neces-
sarily the primary inputs. These intermediate nodes are chosen by iteratively stepping back
in levels from the test node until the onset/offset BDD representations explicitly contain
10 or more cubes. These BDD’s are fairly small and are optimally ordered for compact-
ness using the standard BDD variable ordering techniques offered in SIS[19]. A change in
functionality using random selections of BDD cubes mimics the form of functional change
likely in resynthesis in so far as eliminating functional changes which require major network
reconfiguration.

Full symbolic simulation of the circuit using a technique based on the principles
outlined in [7] is performed before and after each modification. This allows a direct com-
parison between actual change in power and that which the estimator predicts. Accuracy
of the estimator relative to the actual change in power demonstrates the suitability of the
theory for use in computing sensitivity of the TFO to node activity changes.

Fifteen circuits from the ISCAS ’89 [25] benchmark set were examined in this
experiment. They varied in size from 187 to 1005 literals. The circuits were initially
mapped into the msu gate library and optimized using script.rugged[19] within SIS.

In Tab. 3.1 the results for functional activity change estimation are presented.
The first two columns are the form of the statistic. The first column indicates whether the
change in power local to the resynthesized node was decreased or increased. The second
column indicates the actual global effect on power. A multiplier in this column indicates a
bound on the global change in power relative to the local change. For example, < 0.5z in

Row 2 of the table implies that the beneficial change in the local power is reduced by more
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than a factor of 0.5 by the corresponding increase in transitive fanout power. Column 3 is
the probability of actual occurrence of the event indicated by the first two columns; and
Column 4 is the estimated probability of this occurrence. Columns 5 and 6 indicate the
accuracy of the estimator. Detected is the percentage of actual occurrences correctly
detected; Incorrect is the percentage of the estimated points for this occurrence which
are incorrect estimates (eg. 0.10 in this column for a particular event implies that in 10%
of the predicted occurrences, a different event actually occurred).

Each row of the table presents a condition which would influence the suitability
of node for resynthesis. Rows 1 and 2 are conditions under which a node becomes less
suitable, while Rows 3, 4 and 5 are the converse. In particular, the nodes counted in
Rows 3 and 4 are excellent candidates for resynthesis due to the strongly beneficial influence
the local improvements have upon power throughout the transitive fanout. The estimator
demonstrates an ability to predict better than 90% of the cases in which resynthesis becomes
less suitable, and is only 7% overly conservative. More than 77% of the increased optimality
conditions were detected with less than a 10% possibility of error.

Fig. 3.11 depicts the the strong correlation of the functional estimator to simu-
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Figure 3.11: Change in Transitive Fanout Functional Power
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Pr(y) = 0.4. There are four minterms which describe this space: {Z§,z¥,Zy,zy} which
have respective probabilities: {0.48, 0.32, 0.12, 0.08}. For this example there are no two
minterms with the same probability of occurrence. The theory outlined previously would
still correctly predict the expected change in power as the average minterm probability is
always -21‘7[ for a Boolean space described by |I| variables. However, the standard deviation
will be unacceptably large.

The material of this section is an outline of how the distribution of minterm prob-
abilities throughout the Boolean space can be used to generalize the theory. The space is
fully partitioned into a set of mutually exclusive classes ¢, each class containing minterms
of similar probability. Within each class, the estimation technique can then be applied to
obtain AS:(RS) for each C; € . The total probability added to (removed from) the onset

of node n is then given by the sum over the different class contributions:

E(Pr(4n) = 3 E(l4g). 20
Ci€p IC l
E(PriRn) = 3 E(REN.SEE)

Ci€yp
The accuracy/complexity trade-off depends upon the number and functional com-
plexity of the classes. The worst accuracy, smallest complexity case places all the minterms
in a single class and assumes a single minterm average, but this has no control over the
error. The smallest error, highest complexity case splits the space into classes containing
only minterms of ezactly the same probability which in the worst case could generate a class
for every single minterm. This also does not provide information useful to the selection of
a suitable region for resynthesis as it is not possible to predict which specific minterms
will define to the change in functionality occurring in resynthesis. The classes need to be
sufficiently large to provide useful information on expected trends.
The form of the information useful to a resynthesis algorithm is that which sep-
arates the probability space into a limited number of classes, each of which contains a
significant proportion of the total probability space and has an acceptable error for es-
timation. In the four minterm example outlined above, a possible partioning would be:
{Cy = {§.27},C2 = {3y,zy}}. Class C; encompasses 80% of the probability space and
has an average minterm size 0.40; Class C; encompasses 20% with an average 0.10. C, has

a maximum error of 0.08 relative to the average minterm size for that class, while Cy has
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a maximum error of 0.02, giving the total maximum error of 0.10 if these two classes are
analyzed separately by the techniques of Sec. 3.2. This reduces the error from an original
possible maximum of 0.30, considering the entire space with just a single average. (i.e. A
minterm average with respect to the entire space is 0.25, and so Pr(Zy) + Pr(zj) = 0.80
would be estimated as 0.50. )

To generalize this concept, it is necessary to define a methodical technique for the
generation of suitable minterm classes. There are six steps involved in the defining of these

classes. Each of these are addressed separately:

¢ Restricted Discretization of the Input Probabilities. Inputs are grouped by
similar probability. This minterm class construction is exponential in the number of

separate groups.
¢ Minimizing the Classes within an Error Bound

1. Construction of Error Curves. For each discrete input probability, an error

curve is constructed for the different possible classes.

2. Construction of Probability Independent Classes. The minimum set of classes

is chosen for the desired maximum error by fixing the same error in each class.

3. Reducing Error through Probability Dependent Classes. The probability of the
classes is used to improve the overall error by reducing the error in the large

probability classes, increasing it in the small classes.
¢ Minimizing the Classes with Error Penalty

1. Reducing Number of Small Probability Classes. Following the previous step, it
is likely that the error is smaller than necessary. This allows a tradeoff curve to

be established for the number of classes against minimal error.

2. Combining Classes of Similar Average.  Any classes with the same average
minterm size can be combined without affecting error. Classes with similar aver-
age can be combined by paying an error penalty. This is the last step to reduce

the total number of classes to within a fixed bound.
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3.5.1 Restricted Discretization of the Input Probabilities.

In terms of the minterm probabilities in the space, it is only necessary to consider
the smaller of the onset/offset probabilities of an input. That is, an input z with Pr(z) = 0.2
or Pr(z) = 0.8 results in the same statistical minterm probability spread. Without loss of
generality it may be assumed that a each network input has Pr(1) < 0.5.

Consider the case in which all input probabilities constitute a set of discrete prob-
abilities P in the interval [0, 0.5]. Let the subset of inputs which have onset probability
p € P be I,. It will be shown empirically that a there is a simple tight bound on the error
of predicting onset probability when the set of minterm classes are the product of classes
chosen within every space defined by an I,,p € P. The simplicity of this bound behooves
the approximation of the continuous probability space with a discrete set. As |I| is finite,
such a set always exists by default, but the number of classes is possibly exponential in the
number of discrete probabilities. For example, if |I| = 10 but all the input probabilities are
the same, the maximum set of useful classes is 11. However, if all input probabilities are
different, there are 2!° possible classes. (This will be explained further in the error curve
construction of Sec. 3.5.2.)

In general, as the number of discrete probabilities chosen to represent the entire
set of input probabilities is reduced, so too is the accuracy of the power estimation. The
restricted set of discrete probabilities needs to be chosen to minimize the RMS error of
estimating the entire set of input probabilities. This loss of accuracy can be estimated by
simulating the network with the restricted set of discrete input probabilities and comparing
with the true simulated power. A restricted discretization is sufficient if the power estimate
error is much smaller that the reduction in power regarded as ‘significant’ for resynthesis.
For example, if a 10% or greater reduction in simulated power is found to translate reliably
to a reduction in the power dissipation of the production silicon, then an acceptable error

in the estimation is 1% or less.

3.5.2 Minimizing the Classes within an Error Bound

In general, it is not possible to test every set of input classes to determine those
which are the most optimal. This makes an exact error/complexity tradeoff curve difficult
to establish. Usually, only a limited error in the estimation is tolerable. A more practical

approach to finding a set of classes is based upon the determination of a minimal set of
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classes for a specific error, then examining the error/complexity tradeoff around that point.

Construction of Error Curves.

The error in a class C; is defined as: maxzcc; I(Pr(A)—IAI.I—’l%?I—‘l)l. The maximum
error is used as opposed to standard deviation as the distribution of minterms within a class
cannot be approximated by a Gaussian distribution. Consider the set of inputs I,,p € P.
The minimal set of classes will be generated from error curves for each of these input sets.
Every minterm in the space Q, is one of (|| + 1) possible sizes, those sizes being described
by the set: S5, = {(1 - p)'.pI=0]i € {0,..,1I;]}} = {s} }. The minimum set of classes
which fully partition the space };, such that each class has zero error, cp?p, is the set defined
by the minterm classifications of S7,. Let ¢, = {C1,Ca,...} be a set of classes chosen from
the union of classes in ¢ = {C?,C3,...}. The maximum error will be minimized if the

subset of <p?p corresponding to any C; € ¢y, is contiguous with respect to indicies of (p‘}P.
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Figure 3.12: Probability Contained in Zero Error Classes: |I,| = 10
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Figure 3.13: Error vs. Number of Classes: |I,| = 10

eg. C; = CPUCY,C, = C§ U CY will have smaller error than C; = CQU CS,C2 = CJUCY.
Generation of ¢y, for minimal error then becomes equivalent to the optimal selection of a
set of contiguous, mutually exclusive subsets of (p?p. A heuristic technique to do this is the
selection of the subsets of ¢9p in order to maximize the uniformity of the total probability
contained in each of the final classes.

A large proportion of Qj, is contained within a small subset of the classes in
(;:‘,’P. Fig. 3.12 depicts the cumulative probability contained in the sets Uic;C? against j,
p € {0.1,0.2,0.3,0.4}. For increasing p, the curves are ordered right to left. The sharp
gradient over a limited range in this graph implies that the final classes cannot actually be
very uniform in total probability unless the total number of final classes is much smaller
than |I,|. For example, if one class in tp‘,’p has probability 0.3, it is not useful to break up
this zero-error class to ensure that if there are 8 classes in ¢y, all have a probability around
0.125. An approach which sensibly exploits the zero-error classes while still maximizing

uniformity of the final classes and ensuring that these classes are contiguous with respect to
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¢‘}p is a greedy algorithm based upon grouping together the classes of maximum probability.
Classes from (p?p are added together until the probability of the new class exceeds the total
probability remaining divided by the number of classes yet to be assigned. A plot of the
total error (which is the sum of the error for each class) against the total number of classes

for this class assignment strategy is shown in Fig. 3.13. For each curve, |I;| = 10.
Construction of Probability Independent Classes.

The technique above generates a class/error tradeoff curve for a single p. However,
in general, there are multiple probability discretizations, P. It is therefore desirable to find
a minimal set of classes for the entire input space through utilizing the easily generated
class/error tradeoff curves for each p € P.

Consider the set of classes described by the Boolean product of classes chosen for
each input subset I,. The total number of classes for the overall space is then: [ ep |¢1,|-
As each set of classes j, covers the entire space with mutually exclusive sets, the overall
set of classes formed from the product maintains this necessary property. Let ¢, be the
total error for the set of classes ¢7,. An upper bound on the error for the set of classes on

I defined by the product is given by:

c=1—H(1—cp)

pEP

The tightness of this bound is illustrated in Fig. 3.14. The data on this graph is
generated from a series of statistical tests for input probabilities p € {0.1,0.2,0.3,0.4} with"
|75| chosen randomly from (2,10] and |¢1,| from [0, |[,|]. The bounding technique is clearly
sufficiently accurate for use when the total error is small.

It is necessary that the global error be small, so it may be written:

ex Y 6

PEP

The global error can then be partitioned amongst the I, and a minimal set of
classes chosen using the class/error tradeoff curve. A positive (negative) error sensitivity,
6F(€)(65(¢€)) is defined for each I, by computing the increase (decrease) in error corre-
sponding to decreasing (increasing) |¢z,| by 1. Sim‘ilarly, each has a positive (negative)
class count sensitivity with respect to the increase (decrease) in the total number of classes

in the product, &} (l1])(é; (I¢1])). The total number of classes can further be minimized by
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Figure 3.14: Actual Global Error vs. Product of Errors Estimate

first reducing error by increasing |y, | for I, with the greatest |Ef:’;%|, then exploiting this
P
0]

error slack by decreasing |y, | for I, with the smallest |-5=*(’w—1|)|. The procedure continues
P
until the increase in classes needed for sufficient error slack to decrease any |¢z,| exceeds

&5 Iz

As an example, consider a network with P = {0.1,0.2,0.3,0,4} and |I| = 10 for
all p € P. For zero error, the total number of classes required is 104. However, with an
allowable 10% error |¢g, | can be chosen respectively as: { 5, 6, 5, 6 } (From Fig. 3.13).

There are 900 classes in this product, a reduction of over a factor of 10.
Reducing Error through Probability Dependent Classes.

The probability independent classes constructed from a product of the ¢;, can be
minimized by the techniques described above. However, this does not take into account the
probability contained in each class. It is likely that for the same error bound, many of the
small classes can effectively be combined if even a single large class is partitioned further.
Consider the example of a circuit with 11 inputs, in;'mt a with p = 0.1, the others inputs
with p = 0.4. For less than 10% error, |¢y,,| = 2, |p1,,| = 4 50 |@1] = 8. However, the set
of all classes for which @ is true consume 90% of the probability space. Suppose that for @,
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|01, | is increased to 5. This reduces the error within this set of classes from 8.5% to 3.5%,
the total error by (0.9 x 5.0) = 4.5%. The set of all classes for which a is true are 10% of the
total probability space. The 4.5% error slack allows an increase in the error within these
classes by 45% without increasing the total error above that of the original product. This
allows |, ,| for these classes to be reduced to 1. This configuration has then maintained
the error of the original configuration, but reduced the total number of classed from 8 to 6.

The construction of a global optimization routine based upon this strategy re-
quires a estimate for the error within each class in terms of the errors for each I,. Let
F(C) be the boolean function which describes class C. Let P = {P1,p2,-2Pm}, ¥1,, =
{C1(p)), C2(p1), ...}, and the error in class Ci(pi) be €c,(p,)- A class C is the product of the
classes in the set Cpy = {Ci(p1), Cj(P2)s s Cn(pm)}. i.e. F(C) = F(Ci(p1))-F(Cj(p2))..-F(Cn(pm))-
An upper bound on the error of the class is:

ec =1-(1-€c;(p,))(1 - €c,(py))-(1 - €Calpm))
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Figure 3.15: Actual Class Error vs. Product of Errors Estimate

The accuracy of this technique as a bound for the error within specific classes is
shown in Fig. 3.15. The data is generated from the same test as that for Fig. 3.14, but the

errors shown are scaled by the probability of each specific class. The data points shown are
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only those for the non-trivial cases when there is more than one class in C{p) of non-zero
error. With few exceptions, the bound on the error within a class is within 20% of the true
error. This implies that the error curves for the independent I, can be used to optimize the
error for any specific product class.

The optimization of the total number of classes requires that there be a sensitivity
established with respect to |py,| for each class in |¢;|. Define the set of classes ¢ni, on I
with Ip excluded. For each C' € o1, tp?;' is the subset of ¢y, defined by all C([,) which
occur in the subset of ¢y which maps into to C’. This is a uniquely defined set of classes. For
example, suppose @1 = {Cq,Cy,Cc} where C, = {Co(p1),Co(p2)},Co = {Co(p1), C1(p2)}
and Ce = {Ci(;m),Qr,,}. Then opyp, = {{Co(p1)},{Ci(p1)}} and let C;, = {Co(p1)},
Cr. = {Ci(p1)}- Then ¢ = {Co(pa), Ca(p2)} and @7 = {2,,}.

A positive (negative) error sensitivity can be defined with respect to the set of
classes in <,a§;'. A similar method to that described for optimization of the probability
independent class construct can then be applied to minimize the class count while remaining

inside the specified bound on maximum total error.

3.5.3 Minimizing the Classes with Error Penalty

The techniques presented in Sec. 3.5.2 may not be sufficient to reduce the number
of classes to within acceptable limits. The following techniques allow a class/error tradeoff
curve to be established for the entire probability space. Resynthesis can then be attempted
for various numbers of classes until the reduction in power being observed does not justify

further time expenditure.
Reducing Number of Small Probability Classes.

The technique for optimizing error through the use of probability dependent classes
can be extended to the formulation of the overall class/error tradeoff curve. Each point on
this curve is found by computing the global error after reducing the number of classes
described by the minimum ratio of positive error to negative class count sensitivity. This
procedure is repeated until the error is too large to make the method usable, or the total

number of classes is reduced below an acceptable number.
Combining Classes of Similar Average.

At each point of the class/error tradeoff curve, the total number of classes can be
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reduced trivially without increased error by combining those classes with identical average
minterms. This technique can also be extended to combine classes with different but similar
averages. This incurs an error penalty bound by the change in the size of average minterm
for each combined class multiplied by the total number of minterms in each class. This
technique is useful if there is a fixed bound on the total number of classes desired. For
each point which exceeds this bound on the class/error tradeoff curve, classes of similar
average can be combined until the number of classes is acceptable. The configuration which

generates the minimum error can then be chosen.

3.6 Ordering Inputs to Maximize ODC Set Flexibility

Prior to resynthesis, it is necessary to establish the ODC sets for each class and
at every node in the network. For simplicity, the discussion which follows assumes just a
single class for the entire space §2;. In general, the technique outlined can be applied within
the subset of the Boolean space described by each class. This generalization is presented at
the end of this section.

The construction of a compatible set of ODC subsets requires that a node input
ordering be established [18]. A node input ordering which maximizes the ODC subsets for
the most highly non-optimal nodes maximizes resynthesis flexibility. However, the non-
optimality of a network region is a combination of both the resynthesis flexibility, and the
expected gain obtained if that region of the network is resynthesized. Consequently, the
choice of non-optimal nodes within a network has to precede the construction of a node
input ordering. This motivates the definition of node non-optimality in terms of a bound
on the possible size of the compatible ODC subsets.

An increase in the bound of the compatible ODC set at a node increases the
expected flexibility. However, not all functional changes are useful options for the reduction
of power. The determination of which options are likely to be beneficial requires theory or
empirical evidence which directly relates the operation of a specific resynthesis algorithm
to the network and ODC functionality. Without making an assumption about the form of
the resynthesis algorithm the size of the ODC is the. only possible measure of resynthesis
flexibility.

The maximum compatible ODC subset which may be used for resynthesizing the

input to a node is derived assuming that all other inputs to that node are held fixed. This
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Figure 3.16: Increase in Compatible ODC for First Input of Input Order

corresponds to being the first input selected in the node input ordering, an example of which
is depicted in Fig. 3.16. For this two input AND gate, suppose inputs a,b might be changed
to a’,b’ but the output functionality is not to change. The compatible ODC for input a
assuming b is fixed is: 5. These are the conditions under which the output is not sensitive
to input a. However, this allows a new input a’ = a + @b so the only possible change in the
other input can be to: ¥’ = ab. The compatible ODC for b when input a has first order is
therefore: ab. Conversely, if input b is first in the ordering, the compatible ODC sets for
inputs a and b are ab, @ respectively. Rigorously, if the ODC at the output of n is 0DC(n),
then a bound on the ODC at input node n; is:

0DC™*(n;) = 0DC(n) + Sn(ni) (3.11)

In the computation of ezpected non-optimality, it is not statistically relevant whether
ODC[**(n;) contains, or is contained within, the correct ODC for a node. This allows the
the effect of reconvergent fanout to be neglected resulting in the very simple concatenation,

expressed in Eqn. 3.12.
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ODC™%(n;) = ODC™=(n;) + Sn(m:) (3.12)

If an input n; fans into a set of nodes {n}, the O DC™*(n;) is given by:

0DC™=(n;)= [| ODCER**(n;) (3.13)
me{n}

ODC™4*(n) is an estimate of the maximum function épace which can be exploited
in the resynthesis of node n. In Sec. 3.2, the entire function space ; was assumed avail-
able for resynthesis. The modification of the theory presented there is the computation of
probabilities within O DC™%(n;) rather than Q;. For example, assuming a single class for

the entire input probability space, Eqn. 3.1 becomes:

E(|Ra(An,)|) = CutPr(S3(m1) | (Fay - 0DC™**(71)))-| An | (3.14)

It is necessary to show that this probability of propagation of a change is correct
with respect to the ODC at the output of node n so that if there is an overlap between the
functionality change at n; and the sensitivity set within O.DC(n;), this is the only possible
change in functionality at » and, furthermore, this change is within ODC(n). The former
condition is straightforward as the change in functionality at the output requires sensitivity
to input n;. To prove the latter, consider the converse. This implies that there exists a
subset of the O DC(n;) which overlaps the sensitivity set and is outside O DC(n). However,.
if the node n is sensitive to input n; outside O DC(n), this is by definition in the care set

of n;, hence in ODC(n;). This is a contradiction, proving the original assertion.

3.6.1 Finding the Highly Non-Optimal Nodes

For the establishment of an ezpected benefit of resynthesizing a node, an approxima-
tion has to be made correlating the size of the sets 0. DC™%%(n;) to the size of the expected
change in functional activity after resynthesis. This approximation can be constructed from
an empirical study of the specific resynthesis algorithm.

To illustrate the concept of expected benefit, it might be assumed that the proba-
bility of the final resynthesized onset of a node varies as a linear function of distance from
the pre-resynthesized probability of the node function being 1, and the distance to the prob- '
ability of f,.ODC™3%(n) and J.0DC™a=(n). This is represented in Fig. 3.17. The change
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Figure 3.17: Resynthesis Probabilities

of transitive fanout power corresponding to various changes in onset size can be computed
and scaled by the probability of the event occurring. The summation of these probability
scaled power changes with the expected local resynthesis cost is a measure of the expected
benefit, or non-optimality, C(n), of the node.

Although this operation must be performed recursively throughout the transitive
fanout of each node in the network, it is not expensive. Once the node sensitivities and
ODC subset bounds have been calculated, all other operations are algebraic. Furthermore,
a study of the results from the experiment outlined in Sec. 3.4 have shown that 90% of the
power change throughout the TFO occurs within just five levels of logic depth.

The expected benefit computation for each node assumes no change in other nodes
within the circuit. To allow resynthesis of multiple regions in one pass, an independence
graph for the network needs to be built. This construction is established directly from
the expected benefit computation as that analysis predicts the expected influence of one
node upon another. The set of nodes best for resynthesis is the Maximal Independent
Set extracted from the independence graph. An overall network resynthesis step would
be repeated several times, each time generating a new set of expected benefits and an

independence graph. The iterations would continue until no further improvement occurs.
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3.6.2 Ordering the Compatible DC Set Construction

Subsets of the ODC subsets used to resynthesize the nodes identified as non-
optimal need to be maximized and compatible. This implies an ODC construction similar
to Savoj et al. [18]. The input ordering presented in that work is a partial order implied
by parsing the network structure in reverse topological order. This ensures that the ODC
is calculated at a node only after the ODC has been computed at all its TFO nodes,

thereby ensuring a mazimal construction. However, this input ordering is not unique to

this processing order.

Non-Optimal

Node \

Topolog{'Baged Input Ordering Node Input Ordering to Maximize the
of Hamid Savoj ODC Set for Non-Optimal Nodes.

Figure 3.18: Node Input Ordering for ODC Construction

Consider the example of Fig. 3.18. The nodes are labeled in reverse topological
order of the ODC construction, the edges numbered with respect to the input ordering
applied to each node. In the left-hand figure, the node processing order is used to determine
the input ordering as proposed in [18]. When the ODC is computed at a node, it ‘calls’ .
the construction of the ODC contribution from each output then takes the logical product

of these functions. In this example, node 6 has been identified as being the most highly
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non-optimal, therefore most desirable for resynthesis. Note how the inputs on the fanout
of 6 do not all have the optimal order for maximal ODC freedom. The ODC at node 6 is
restricted by an increase in the ODC set at nodes 4 and 5 where flexibility is not required for
resynthesis. A more desirable ordering is that indicated in right hand network of Fig. 3.18.
This input order can be maintained in the framework of the reverse topological processing by
computing input ODC contributions rather than the total ODC at each node from scratch.
For example, consider a node n. The ODC contribution of each input n; of n to its fanin
node can be computed given an arbitrary input ordering. When the node connecting to n;
is finally scheduled for processing using the reverse topological order, all of its fanout nodes
have been processed so the contributions from each has been computed. The ODC at this
node is then the logical product of all these functions. The ODC contributions from each
fanin will then be mazimal in the same way as defined in [18].
To optimize the resynthesis flexibility the node input ordering needs to be based
upon:
e Non-Optimality. The greater the expected gain for resynthesizing a node, the higher

priority it should be assigned in the node input ordering.

e Prozimily. When close to a highly non-optimal node, this node should dominate the

ordering strategy.

The node input ordering is established by assigning a weight w,, to the inputs in
the following fashion. Let T; be the set of nodes selected for resynthesis which are in the
transitive fanin of n. For z € T;, d, is the number of levels (excluding buffers, inverters and
XOR’s) between z and n.

_ v Cl=)

ni —
z€T; dz

(3.15)

The input order is in reverse order of the weights, the higher weighted input
assigned the highest priority, and so on.

If the space is separated into a set of classes ¢y, the non-optimality of each node
may be different for each class C; € ;. For each class, a set of weights wS;’ can be established
and the subset of the ODC within each class computed according to this ordering. This
ensures that if two regions do not have the same classes within which the bulk of their
non-optimality (i.e. their best resynthesis choice) lies, then the ODC for each region will

be optimally emphasized within the respective classes.
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3.7 Summary

In this chapter the concept of using averaging as a suitable estimation technique
for predicting the change in functional TFO power is presented. An averaging technique is
important as there is only restricted information available prior to resynthesis of a region
of a network. Even though the estimation strategy effectively neglects correlation between
the original network node functionality and the specific expected change, it is shown that
the standard deviation of such a method is small. This follows from the fact that the
vast majority of functional changes of a fixed size at a node have similar overlap with
sensitivity sets throughout the TFO of that node. Even though the extreme possible error
condition relative to the predicted average may be significant, the statistical likelihood
of such an occurrence is extremely small. This theoretical result is well supported by
statistical evidence obtained though testing of the theory against actual changes in an
extensive benchmark set. The spread of the predicted change in power relative to the
actual simulated changes is sufficiently small to justify the use of this estimation strategy
in improving the resynthesis choices for low-power resynthesis algorithms.

The estimation theory has been extended to formulate a technique for guiding of
a resynthesis algorithm. The framework consists of three parts:

o Class Definition. A set of functions (classes) are defined which partition the space
into regions of similar minterm probability. This minimizes the error of the estimation
technique.

o Specific Resynthesis Statistics. The statistical relationship between the size of the
ODC and useful local resynthesis options is used to determine the non-optimality of
a network region.

o Node Input Ordering. Within each class, the node inputs are ordered in such a way
as to maximize the resynthesis freedom for the highly non-optimal nodes.

The second of these three steps was presented in conceptual form only as it is a property
of specific resynthesis approaches. The heuristic approach to Class Definition described in
this chapter provides a technique for isolating a minimal number of classes for a specific
error bound and a technique for the establishment of a class count/error tradeoff curve. The
presentation concerning Node Input Ordering contains the outline of a definition for node
non-optimality without having to first establish fixed compatible ODC sets. This definition

is then used to establish a cost function for the compatible ODC node input ordering.
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Chapter 4

Dynamic Activity Estimation:
Bounded Delays and Expected
Functionality Change

Resynthesis of a network node affects not only the functionality of the apex node
as addressed in Chap. 3, but also affects the spurious dynamic activity in the network. This
change in spurious dynamic activity results from changes in both delay and functionality
within the resynthesis cone.

The significance of changes in spurious dynamic activity throughout the TFO of
the apex node is critical in deciding suitability of a region for resynthesis. High sensitivity
of the spurious dynamic activity in the TFO of a node to changes in delay, function or
dynamic activity at the node restrict the resynthesis options which are globally beneficial.
On the other hand, a node which does not have good resynthesis options in a local sense may
become suitable for resynthesis if it can be shown that local changes in dynamic activity or
delay can produce global reductions in dynamic power.

This defines the main issue which is addressed in this chapter. In particular, a
theoretical and empirical study is made of the problem of estimating the sensitivity of the
spurious dynamic activity in the TFO of a node to resynthesis of that node. The three

aspects of this problem are presented separately:

¢ Delay Sensitivity (Sec. 4.2)
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o Dynamic Activity Sensitivity (Sec. 4.3)

o Functional Spurious Sensitivity (Sec. 4.4)

The sensitivity to delay determines whether it is more beneficial to delay or speed
up the output of the resynthesis region. A high sensitivity to dynamic activity implies
that in structuring the resynthesized region, it is desirable to minimize path imbalance.
Functional Spurious Sensitivity (as opposed to the topic of Chap. 3 which is Functional
Sensitivity) determines whether a change in function is likely to affect the sensitivities of
nodes in the TFO in such a way as to increase or decrease power.

In this chapter, it will be shown that a sensitivity with respect to bounds on delay
does not provide useful information to guide resynthesis. To estimate the effect of delay on
power, accurate estimates of the functionality of spurious dynamic activity and its precise
arrival times are required. The inability to estimate these effects implies that a sensitivity
to delay cannot be established for the output of a resynthesis region. Furthermore, it is
shown that a change in the amount of spurious activity at the output of the resynthesized -
region. in combination with the Functional Spurious Sensitivity, are the dominate factors in
the determination of a change in the spurious dynamic activity of the TFO. The estimation
techniques of Chap. 3 are shown to be very accurate at estimating the Functional Spurious

Sensitivity as well.

4.1 Effects Upon Dynamic Activity

The three aspects which affect spurious dynamic activity are illustrated here by
example. In the estimation of dynamic sensitivity of the TFO of a node, all three aspects
have to be accounted for simultaneously. However, they are presented here separately.

The effect of delay upon spurious dynamic activity relates back to the very defi-
nition of spurious dynamic activity as presented in Chap. 1.5. In Fig. 4.1, under the input
conditions shown and delays d; > d; a spurious pulse is generated at the output. If d; < d2
a similar pulse is produced for the opposite input vector pair, but if d; = d2, no such
pulse is observed under any input conditions. Change in the delays alone can influence the
functionality which cause spurious transitions. The effect of producing spurious dynamic

activity from non-spurious input functions is denoted Spurious Activity Generation.
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a(t)

Figure 4.1: Spurious Output from Non-Spurious Inputs

A further example of the influence of delay upon spurious activity is shown in
Fig. 4.2. In this circuit configuration, the only spurious activity at the output of AND1
occurs when input pair (a,b) changes from (1,0) to (0,1). For simplicity assume that the
delay of all gates except BUFF2 is unity. If d; < 1, when the spurious activity at the output
of gate AND1 occurs, there is a 1 present at the other input to AND2. This guarantees that
this undesirable activity passes through to the output. If d; > 1, it is logically guaranteed
that the spurious activity does not propagate. This effect of propagation or non-propagation
of spurious activity from the input of a gate the the output is denoted Spurious Activity
Transmission. The total spurious dynamic activity at a node is the sum of the Spurious

Activity Transmission and Spurious Activity Generation contributions from each input.

x(t
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Figure 4.2: Spurious Output from Spurious Input

To distinguish between Dynamic Activity Sensitivity and Functional Spurious Sen-
sitivity, consider an AND gate with inputs a and b. Assume that there is spurious dynamic
activity on input a, but none on input b. Input b always arrives after input a, even following

the changes described below.
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As an example of Dynamic Activity Sensitivity, consider a change in the functional
or spurious activity of input @ while input b remains unchanged. Any increase or decrease
in the spurious dynamic activity of @ when b = 1 will be reflected in the output of the AND
gate.

As an example of Functional Spurious Sensitivity, consider changes in the function-
ality of input b without introducing spurious activity at this input. This change in function
alters the conditions under which a is observable from the output of the AND gate, con-
sequently affecting the conditions for transmission of spurious activity. Furthermore, an
increase in the correlation between a and b will increase the probability of generation of

spurious activity at the output of the AND gate.

4.1.1 Defining Generation and Transmission

The definitions of Spurious Activity Transmission (Spurious Transmission) and
Spurious Activity Generation (Generation) must be made rigorous. In particular, what
constitutes spurious dynamic activity should be defined and separated from functional ac-
tivity.

M 3

AR N R

R A N

|
Figure 4.3: Types of Spurious Dynamic Activity

Consider Fig. 4.3. In cases (i) and (ii), both transitions are clearly spurious as there
is no final change in state. In cases (iii) and (iv), either transitions 1 and 2, or transitions
2 and 3 may be regarded as spurious. In general, although the amount of spurious activity
can be computed, a specific set of spurious transitions cannot be uniquely identified. In
fact, this ambiguity brings into question the motivation for defining the concepts of Spurious
Transmission and Generation, which are themselves based upon a definition of spurious and
functional transitions.

The definition of Spurious Transmission and Generation becomes important in
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the context of the design of an estimator which can be used to guide resynthesis with the
limited information predictable prior to an optimization. The estimation strategy outlined
in Chap. 3 is able to predict the ezpected change in functional power to a very high degree
of accuracy, even in a circuit with arbitrary node input correlations. The work of [15] and
[23] has demonstrated the need for estimation to consider such correlations so it is desirable
to have a strategy for estimating changes in the amount of spurious activity alone. This
result can then be concatenated with the functional activity estimator.

Consider the form of the activity at the output of the resynthesized section of the
network. Before a resynthesis step is taken, an estimate of the dynamic activity which incor-
porates both function and timing information is considerably more difficult than estimating
the final functional activity alone. This estimate would require a prediction of the structure
of the resynthesized region which even incorporates loading effects. The determination of
the applicability of a node for resynthesis must therefore be founded in variables which can

be predicted and controlled. These variables are:

o Delay Bounds (Br,By). The resynthesis step can be controlled in such a way as
to bound the earliest and latest arriving output signals. However, the exact form of
arrival time distribution is unable to be estimated prior to resynthesis. [Byr,By] is

denoted the Activity Interval.

o Amount of Spurious Activity (|TP|). By balancing the paths, the amount of spurious
activity at the output of the resynthesized region is likely to be reduced. However,

the functionality of the spurious dynamic activity cannot be predicted a priori.

o Ezpected Change in Functionality (|T¥|). As outlined in the previous chapter, it may
be possible to predict the ability for a low-power resynthesis technique to change the
probability of the resynthesis region output being one. However, it is not possible to

predict the exact change in functionality which is the optimal choice for resynthesis.

An example of how these variables relate to actual activity is shown in Fig. 4.4 for
a single waveform. For example, By is the earliest time for any transition to be seen at the
node, By is the latest. In general, these variables summarize the behavior of the node for all
input vector pairs. Within this restricted set of describing variables, {( Bz, Bv), |T?|, |TF|},

the concepts of Spurious Transmission and Generation are well defined.
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Figure 4.4: Dynamic Activity Variables to Guide Resynthesis

Generation is defined in terms of the probability that one input n; to node n has
resolved to its final state after application of a input vector pair before, after or during
a change in state of the other inputs {n;}. If the change in state of n; is propagated
through the node and changes the output to a state different to the known final output
state, this is Generated spurious activity at the output. The concept is illustrated for two
cases of a three input AND gate in Fig. 4.5. In this example, the contribution to generated
activity at the output of the AND gate due to input a is under consideration. In the first
case presented, input a arrives after any transition on input b and before any transition
on input c¢. The original state of each input is indicated by lower case, the final by upper
case. Clearly, if Bc = 1, any positive transition on a is propagated through the gate.
However, if C' = 0, then the final state of the output is 0. This implies that the activity
propagated from input a under these conditions is not necessary, consequently spurious.
This condition generates two spurious output transitions, one transition which incorrectly
changes the output phase, and one which corrects it. In the second case, a and b may arrive
simultaneously. The conditions for which a generates spurious activity are the same as that
for the first example. However, for the generation conditions under which both a and b has
positive transitions, the contribution from ¢ is halved. This allows independent summation
of Generated Activity contributions for each gate input.

The alternative to defining Generated Activity contributions from each input
would be to associate the total output activity to a unique input arrival order. This is of
the same complexity as the Generated Activity construction, but does not have a straight-

forward simplification to a pairwise correlation approximation.
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Spurious Transmission is defined in the context of the following two assumptions:

spurious dynamic activity at the other inputs.

.

a spurious transition on any other input.

Assumption 4.1.1 Spurious dynamic activity at an input to a node is independent of the

Assumption 4.1.2 A spurious transition on one input does not arrive simultaneously with

These assumptions are a direct consequence of the formulation of the set of three
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variables {(BL, Bu), |TP|,|TF|} to be used in the estimation. The first assumption does not
increase the error of the estimator beyond the information already lost in the formulation of
the three activity describing variables. This assumption follows from the fact that prior to
resynthesis it is not possible to estimate how spurious dynamic activity will be related to an
input function. The second assumption uses the fact that if the spurious dynamic activity
is assumed independent, the probability of simultaneous spurious transitions on multiple
inputs is the product of each occurring separately. This is a low probability event, so it can
be assumed to not occur without increasing the first order error of the estimate.

The Spurious Transmission at the output of a node contributed by a specific input
is given by multiplying the amount of spurious activity at the input by the probability that
the node is sensitive to that input. The total Spurious Transmission and Generation at a
node is formed by summing the contributions from the individual node inputs. Spurious
Transmission and Generation produce ezact estimates in the case where no input to a
node has spurious dynamic activity, or in the case where the spurious dynamic activity is

independent on all the inputs and these input activity intervals do not overlap.

4.2 Sensitivity to Delay

In this section, a mathematical formulation of the concepts of generation and
transmission is presented. There are two levels of approximation. The first assumes that
functional input transitions pass through a gate with a probability independent of that
function so the sensitivity of the node to an input is independent of that input. The second
level of approximation is an exact formulation for a two input gate network. In both cases,
the theory presented is generalized to multiple input gates using a pairwise correlation
assumption.

It is shown that the concept of transmission and generation is only useful under the
conditions where time is very coarsely discretized. When time is discretized as recommended
in [7] for sufficient accuracy of power estimation, the transmission/generation estimation
technique is unable to detect optimality. This implies that delay bounds are insufficient
measures for computing delay sensitivity. It is therefore shown that optimality obtainable
through delay manipulation requires estimates of the functionality and time distribution of

the spurious dynamic activity. This is the basis of the material in Chap. 5.
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4.2.1 The Functionally-Independent Delay-Sensitive (FIDS) Model

The pairwise correlation formulation is derived from theory based on the assump-

tion that only two inputs actually change.
Theory for Gates with Two Inputs Changing

Consider node n with inputs A, = {n;,n2,....,2}. Assume that the two inputs
which change are inputs n; and nx. The total amount of Spurious Transmission at the

output of n, TP7, is given by:

ITPr|= Y Pr(Sa(ni).|T2 (4.1)

n€{n,,nx}

For Generation, the functional input transitions are considered. A functional input
transition is passed though the node n as a spurious transition if it changes the node output
to the incorrect final state. The probability of Generation is computed separately with
respect to the two possible input transitions - high to low, and low to high.

Assume that input n; has a functional transition from high to low. This transition
is propagated as a spurious transition if it is transmitted with negative phase and the final
output of n is 0, or it is transmitted with positive phase an the final output is 1. This is

summarized in the two terms of the following equation:

P8 (n;) = Pr(Sp(n;))-Pr(fa, Ju | o)) + Pr(SE(n;)).Pr(fa, -fn | F2,) (4.2)

Similarly, for an input transition from low to high:

P8t (n;) = Pr(S2(;))-Pr(fn,-fal fa,) + Pr(SE(n;)).Pr(fn,-Fu | fn,) (4.3)
Overall, these may be summed to give a total probability of a functional input

change being propagated as a spurious transition:
Pi(n;) = P3¥(n;) + P (n;) (4.4)

The amount of Generated activity at the output of node n contributed by input

n; is then obtained by multiplying the result of Eqn. 4.4 with the probability that there
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is a functional transition on n;j, and that this input arrives early. Summing over the two

inputs which change, the total generated activity is obtained:

1
IT2el=5 > P3(1)-Pearty(ni)-| T | (4.5)

ni€{njnx}

The probability that a transition arrives early is computed assuming that the
functional transitions in the interval [Br(n:), Bu(n;)] are uniformly distributed amongst
the discrete time points. The uniform distribution assumption is a consequence of the lack
of more accurate information prior to a resynthesis step. Peariy(n:) actually consists of
two terms: the probability that a functional transition occurs on the other changing input;
and the probability that the functional transition on n; precedes the other given that both

inputs transition. This is outlined following the generalization of the two input theory.
Generalizing to Gates with Arbitrary Input Changes

To generalize the theory for two-input gates multiple input changes, it is assumed
that the probability that functional transitions occur on more than two gate inputs is much
less significant than the probability of a single input pair changing. For example, consider
a gate with three independent inputs, each with a probability of changing of 0.5. The
probability that a pair of inputs change is 0.475, and the probability that three inputs
change is 0.125. Hence, 75% of the multiple input change conditions is associated with
just input pairs. The applicability of this approximation depends strongly upon the input
correlation, but for the pairwise approximation it is taken as a general assumption.

The formulation of Spurious Transmission is the same for an arbitrary gate as for

a gate with only two inputs changing, except the sum is now across all inputs.

ITP7| = 3 Pr(Sa(ni)IT2l (4.6)
n€An

For Generation the probability that an input n; arrives earlier than another gate
input ny is approximated using pairwise correlation. The probability that a transition
on input n; arrives earlier than some other input is equivalent to the probability that it
doesn’t arrive later or at the same time as other gate inputs. i.e. Pegriy = 1— Piate — Psame =
1 = Pate,same. To notate this, two further symbols are defined: o; is the condition under

which input n; has a functional transition, Pgi, (n;) is the probability that a functional -
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transition on input n; arrives earlier than a functional transition on n; given that both

inputs transition.

Plate,same(nj) = H (Pr(o| O'j) + (Pr(o;| O’j).P::r,y(n,')) )
n;€An\n,
This is then used to generate a scaling factor Keqr1y(n;) for the sum of the indi-
vidual Pg . (n;).
1- Plate,same(nj)
€An\n, PT(UJ' | 0,‘). ::rly(nj)

«Kearly(nj) = Z

Eqn. 4.5 is then modified by summing the contribution to Generation from each
input relative to every other input. Pg(n’)(n,') is the probability that a functional change
on input n; is propagated as a spurious transition assuming all inputs other than n; remain
fixed.

1 .
IT,PG| =3 Z ( Z P,i’("’)(n,-).Ix‘mly(n;).Pr(a,- | O’j).P:;’r,y(ni) )IT::I (4.7)
n,€An n,EAn\n.
This results in what is refered to hereafter as the Functionally-Independent Delay-

Sensitive (FIDS) model.

4.2.2 Testing the Functionally-Independent Delay-Sensitive (FIDS) Model

The FIDS model has been tested on networks with the unit delay gate model.
The results show that the technique can be used to drive an algorithm which inserts delays
to balance network paths thereby minimizing the amount of spurious dynamic activity
generation. Although the approach of inserting power consuming delay elements would
be a bad technique in practice, it is a theoretical demonstration of the accuracy of the
estimation routine. The test demonstrates the ability of the estimator to predict whether
an expected change in transitive fanout power more than offsets the power consumed in the
buffers required in a balance step.

The concept of path balancing is shown in the example of Fig. 4.6. Assume that
this is a small circuit embedded in a larger network. Let the set of inputs {a,b,c} resolve
to {A,B,C}. For the purpose of illustration, consider the balancing of AND2. In the
original circuit, a glitch is generated at the output of AND2 under the logical conditions:
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Switching conditions leading to generation of output glitch:
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Figure 4.6: The Concept of Balancing Path to Reduce Activity

éCab(AB + B). By inserting two unit delay buffers on input AND2;, the arrival of the

transition &€C at this input is simultaneous with the signal transition @GbAB at input AND2;.

Consequently, this transition does not generate a spurious output transition. The conditions

for a Generation at AND?2 are now: abBcC. If this reduction in spurious output activity

when propagated throughout the TFO of AND2 reduces network power consumption by

more than the power dissipation of the inserted buffers, the balance is a valid optimization.

The estimation of the change in power both local to a gate and throughout the TFO is to be

performed using the FIDS estimation technique. In this test, the paths are only balanced -

to the latest arrival time of the node inputs. (Note that when the delay intervals are finite,

the concept of ‘balancing’ two paths is not well defined.)
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The change in delays caused by balancing paths makes it necessary to estimate
the change in activity intervals throughout the TFO. Upper and lower time bounds are
handled in a similar manner, so the heuristic used is described here only for the upper
bound. In Fig. 4.7, a gate with delay d has three inputs with delay bounds illustrated:
By(nz) < By(ny) < By(ng). Let the delay of input np be adjusted either positively or
negatively, and let (By(n)—d) be in the interval (By(n;), Bu(nz)) such that (By(n)—d) =
(By(ng) - 6(n2)). Let By(n,) be changed to Bj;(nz). The new upper bound on the output
activity interval Bj;(n) is then estimated: By(n) = max{(By(nz) - 6(n2)), Bu(m1)} +d. In
general, B;(n) = maxy,ea, {(By(ni)—6(n:))}+d, where §(n;) = 0 if (Bu(n)-d) 2 By(n;).

Pr{trans n 1) I

Pr{trans n2) delay d Pr{trans n)
)

1
n a :
..... P 2 ;O_
Pr(trans n3) B,(n)

I

Figure 4.7: Estimating the New Delay Bounds

The balancing algorithm works forward from the primary inputs through to the
primary outputs. For each node output, strings of unit delay buffers are constructed which
balance this signal for each fanout gate. This is illustrated in the example of Fig. 4.8. The
gate interconnection on the left hand side of the figure is presented against a balancing
time scale for four different cases of buffer strings balancing zero, one, two or all three
fanouts. Each possible buffer string is analyzed for its contribution to overall network power
consumption. The optimum length buffer string is then chosen. The power consumption of
each buffer is assumed equivalent to an inverter with minimum sized transistors.

The insertion of a buffer string is made before it is known whether further buffers
will be inserted in the TFO. This, however, does not add error to the testing of this estima-
tion technique. The buffers in the TFO will only be added if their insertion further reduces

overall network power consumption. Their cost is therefore accounted for at their time of
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Figure 4.8: Finding the Optimal Buffer String

insertion and this does not influence the accuracy of earlier decisions.

The program based upon this algorithm was run on several networks from the
ISCAS ’89 benchmark set [25). The networks were first synthesized for low-power using 2
technique similar to that presented by A. Shen et al. [20]. The buffer insertion experiment
was then run on these low-power synthesized circuits, and these results are presented in
Tab. 4.1.

The four experiments presented in Tab. 4.1 are: Area Opt. for an area optimized
circuit, Power Opt. for a network synthesized for low-power, Delay Insert. for the buffer
insertion to reduce spurious activity, and Delay/Area for buffer insertion under area con-
straints. In this final case, the area constraint is that the percentage increase in circuit area
as a consequence of buffer insertion has to be less than four times the percentage decrease
in power. The circuit area is measured in terms of the literal count, the power is in uWw for
a supply of 5V and clocking frequency of 20MHz. The power and area results of the Power
Opt. experiment is scaled relative to the area optimized circuit, the results of the Delay

Insert. and Delay/Area experiments are scaled relative to the power optimized circuit.
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Area Opt. || Power Opt. [| Delay Insert. || Delay / Area
Ckt. || Area | Pow. || Area [ Pow. | Area | Pow. || Area | Pow.

527 18 | 54 || 1 | 0.88 [ 1.11 ] 0.99 " 1 1
s344 || 203 | 800 [ 1.01 | 0.89 || 1.27 | 0.89 || 1.20 | 0.89

5382 || 216 | 855 || 0.99 | 0.89 | 1.2 | 0.96 | 1 1
s420 || 247 | 922 | 1.03 | 0.76 || 1.28 | 0.98 || 1.02 | 0.97
s444 || 210 IOGIﬂ 0.99 [ 0.71 | 1.30 | 0.95 || 1 1
5510 || 377 | 1606 || 1.01 | 0.80 || 1.42 | 0.95 || 1.19 | 0.95

s526 || 322 | 1571 |[ 1.03 | 0.75 || 1.28 | 0.97 | 1.11 | 0.98
s641 || 243 | 1056 || 1.07 { 0.89 || 1.30 | 0.90 1 1

s713 || 240 | 1130 || 1.03 | 0.80 | 1.27 | 0.91 | 1.19 | 0.93
s820 || 465 | 1895 || 0.99 | 0.73 || 1.41 | 0.92 || 1.20 [ 0.94

Table 4.1: Optimization with Unit Delay Model Power Estimation

The results show that the FIDS estimation model is able to predict the expected
change in power relative to changes in delay. This is demonstrated by the ability of the buffer
insertion routine to select balancing strategies which ensure that the global reductions in
power more than offset the local increases. It should be noted that the insertion of buffers
to fully balance all paths increased network power between 10 to 20% in all cases. The
operation of the algorithm within the constraints of a power/area tradeoff further illustrates
that the method is able to make accurate predictions for unit delay model power estimation.
The large reduction in area for the same power gain in the majority of cases shows that
a significant percentage of balance choices made without an area constraint have global
reductions in power almost identical to the power consumption of the inserted buffers. In
the four cases where no improvement in power can be made under the area constraint, it
is clear that each original balance condition only contributed a marginally power saving.
Consequently, the area constraint makes all possible balance conditions nonviable.

The program was modified to operate on circuits with arbitrary delay. However,
no balancing occurred for any benchmark example tested. In Sec. 4.2.3 this is explained in
a consideration of the accuracy of the Functionally Correlated Delay Sensitive estimation
technique. The balancing effect observed for unit delay networks was strongly dependent
upon two properties not present under the arbitrary delay model assumption. These prop-

erties are:
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1. Coarse Time Discretization. This increases the probability that transitions are es-
timated to occur simultaneously so exaggerates the reductions possible in generated

spurious dynamic activity.

2. No Fanout Loading. This increases the probability that the balancing of the input
to one gate also balances an input to another. For the arbitrary delay model, the
loading effect can vary gate delays significantly making this multiple-balancing effect

less probable.

4.2.3 The Functionally-Correlated Delay-Sensitive (FCDS) Model

The problem with the estimation strategy of the previous subsection is that is does
not take into account the correlation between a node input n; and the sensitivity of the

node to that input. Consider the example of Fig. 4.9.

1 AND2

AND1

Figure 4.9: The Correlation of an Input to its Sensitivity

Assume that all gates have unit delay, and that a and b are primary inputs on
which transitions arrive at time ¢ = 0. A glitch will be generated at the output of AND2
under the conditions where there is a transition from 0 to 1 on input a which is propagated
through the gate. The logical function of the output is ba@ = 0, so any propagation of a
transition from input a is spurious. The probability that input AND2; is 1 is Tli' Therefore,
Pr(Sanp2(AN D2,y)) = -};. However, under the conditions where a = 0, the output of ANDI1
is 1iff b = 1. Hence, under the conditions of a positive transition on input a, the probability
of erroneous propagation is actually —% The estimation scheme of this subsection takes into

account this correlation.
Theory for Gates with Two Inputs Changing

In order to construct a formulation for the probability of generated activity which
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has correct conditional probabilities, it is necessary to itemize the elements which define
Generation. Assume that the two inputs to node n which change are n; and ny. Input »;

generates a spurious output transition if:
1. There is a functional transition on =;.
2. There is a functional transition on ny.
3. The functional transition on n; arrives earlier than that on ni.
4. The transition on n; is transmitted through the node.

5. The result of the transmission of the transition on n; opposes the final state of the

output.

The estimation scheme of the previous subsection correctly took into account ef-
fects (1), (2) and (3), but assumed independence in the estimation of (4). To account for

the conditional probabilities, the estimate is broken down into the four different cases:

A S A
foy Fan = Tay-fru
Foy T = fnyofuu
2905 AN A

The first of these two cases give rise to the following formulation:

PMnj) = Pr(fu, | fn))e {APT(SE(05)| fny-Fih)-Pr(fn | SEn s Ty Fr)  (4.8)
+Pr(Sp(n5) | fay-fui)-Pr(Fa) 5205 ng-Foy-Fun )}
+Pr(Fap | fn,)- APT(SE(15) | fa, Fon)-Pr(fa | SE(n;)lmz-Fo - frn)
+Pr(S3(n5) | fu,- T )-Pr(Fal S2(n5)ez-Foy - fi )}

From the latter two cases, the following is derived:

PN (n;) = Pr(fa | Tn)).  {PT(SE(n;)| Fay-fri)-Pr(Fa| SE(n)ns-Fn;-Fu)  (49)
+Pr(S2(15) | Foy-fu)-Pr(fa | S0y T}
+Pr(Far | o) APT(SE(0;) | Ty Fog)-Pr(Ta | S2(n3) - Fry-Fo)
+Pr(S2(n;) | Ty Fon)-Prfn | S2(n; -Ju -f )}
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To explain this expression, consider an example term, in particular:

Pr(fuy | fo,)-Pr(SE(m;)| fuy-Fui)-Pr(fn | SE()lng-Fo, - Frs)

Pr(fay | fn,) is the probability that input ny is one given that n; is 1; Pr(SE(n;)| fn,-fn,) is
the probability that the output is sensitive to input n; given that ny,n; are originally one;
and Pr(fn | SB(n;)|ny-fn;-fny ) is a term contributed from effect (5) in the list enumerated
above. For this particular example, this term is the probability that the node output settles
to logic 1 given that n; and ny settle to logic 0, and that the functional transition on input
n; was propagated through the gate as a negative output transition. These definitions for
P3t(n;) and P%4(n;) can be substituted directly back into Eqn. 4.4 and the subsequent

formulae.
Generalizing to Gates with Arbitrary Input Changes

The technique for the generalization of the two-input gate theory to multiple input
gates is identical to that presented in Sec. 4.2.1 with PgT(n;) and P34(n;) replaced by the

more accurate formulations presented in this section.

4.2.4 Accuracy of the Functionally-Correlated Delay-Sensitive Model

The FCDS model was tested for absolute accuracy and also for its ability to deter-
mine sensitivity to changes in network delays. The test of absolute accuracy was performed
by comparing the results of exact simulation of a network to the predictions of the esti-
mator. For each node in the network, the node output activity was estimated given the
node input activities and their delay bounds. The sensitivity to delay is tested by balancing
the node input arrival times to the latest input arrival time. After balancing, the network
is simulated again and the total change in power is compared to that estimated by the
FCDS method. Both tests were performed on networks from the ISCAS ’89 benchmark set,
first optimized with script.rugged[19] and mapped to the msu.genlib gate library. The
arbitrary gate delay model is used for the power simulation.

The absolute accuracy of the FCDS model is presented in Fig. 4.10. This graph is
a plot of estimated spurious dynamic activity against the actual spurious dynamic activity
for every node in the tested networks. The estimator is well correlated to simulation with
a correlation coefficient of 0.98. It is worth noticing that the correlation is better when |

the amount of spurious dynamic activity is small. The increase in error is a result of the
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Figure 4.10: The Accuracy of the FCDS Method: Estimate vs. Actual Activity

estimate becoming dominated by transmitted activity when spurious dynamic activity is
large. The Spurious Transmission is not as accurate an estimate as Generation due to
the fact that it assumes independence between the spurious input activity and other node
inputs.

In Fig. 4.11, the proportion of the spurious dynamic activity at a node which is
Generation is plotted against the total amount of spurious dynamic activity. Fig. 4.12is a
running average of the same data computed with a minimum step size of 0.01, and minimum
data count per average of five points. In the case where spurious dynamic activity exceeds
0.25, less than half of this activity is accounted for by Generation effects.

The results of the balancing test are depicted in Fig. 4.13 . The same results are
presented in Fig. 4.14 with all the trivial balancing cases removed. (A trivial balancing case
is one in which the input activity intervals are of zero width so that node balancing reduces
the node output spurious dynamic activity to zero.) In both cases, the estimator predicted
change in activity is plotted against the actual change in spurious dynamic activity. From
~ these graphs it is clear that an estimator based upon the concepts of Spurious Transmission

and Generation does not have sufficient accuracy to predict changes in activity with changes
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Figure 4.12: Average Generation Relative to Total Spurious Activity
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in delay despite the overall estimator accuracy depicted in Fig. 4.10.

In Fig. 4.14, there are significant clusters of points on or near both the x- and
y-axes. The cluster of points along the x-axis are conditions which the estimator fails to
predict. The independence assumption associated with the estimate of Spurious Transmis-
sion accounts for this lack of identification of optimality conditions. To improve the ability
to estimate these changes, it is necessary to have information about the functionality of
the spurious dynamic activity. The points clustered on the y-axis are conditions which
the estimator predicts but which don’t actually occur. Generation is the only part of the
FCDS estimate affected by delay. Hence, the over prediction of changes in activity is a
consequence of error in the Generation estimate, and this error therefore implies that the
uniform distribution model within activity bounds is insufficient.

The results of these tests show that sensitivity to delay cannot be predicted in the

absence of:
e An accurate estimate of the activity distribution

e An estimate of the functionality of the spurious dynamic activity

These properties cannot be predicted effectively prior to the resynthesis of a region. It is
not possible therefore to determine the sensitivity of global network power to the output
delay of a network region being resynthesized. The sensitivity to delay under the conditions
where an estimate of the switching activity distribution and functionality can be obtained

is the focus of Chap. 5.

4.3 Sensitivity to Dynamic Activity

Sensitivity to dynamic activity is the sensitivity of the network to changes in to-
tal activity at a node, neglecting delay effects. The estimation technique of the previous
section incorporates terms for both a change in functional and spurious dynamic activity
at a node inputs. However, the majority of the complexity of the estimate is associated
with the computation of spurious Generation. The empirical results have shown that the
concept of Generation does not adequately account for delay effects in the absence of ac-
curate switching distribution estimates. Consequently, this term can be removed from the
estimation technique without affecting accuracy with respect to modeling Dynamic Sensi-

tivity. During resynthesis, changes in the network are incremental so statistical properties
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relating the input activity to the output spurious dynamic activity at any specific node
are unlikely to change significantly. The original state of the network can then be used
to establish how a change in spurious dynamic activity will globally affect network power

dissipation.

4.3.1 The Delay-Insensitive (DI) Model

An example of a very elementary estimator for activity at the output of node n

with input activities {T1} is:

ITT(est)l = 3 Pr(Sa(ni)).ITi| (4.10)

ni€An

The general problem with this approximation is that it neglects correlations be-
tween the inputs. However, from an initial network simulation a ratio can be computed
which relates the actual spurious dynamic output activity to the input activities. A change
in spurious dynamic activity at an input to a node is assumed independent of the other
inputs. Hence, the sensitivities, Sn(n;), may be viewed as a measure of how significant a
change in the dynamic activity of input »; is to a change in the spurious dynamic output
activity.

For the estimation strategy of Eqn. 4.10, the ratio of original output spurious

activity to input dynamic activity is:

RD = |T2 (orig)|
" T (Taiean Pr(Sn(ni)).|TT(orig)|

Establishing the ratio of the spurious output activity to the estimate of Eqn. 4.10

(4.11)

forms a distinction between functional and spurious dynamic output activity estimation.
This allows the result of the estimation strategy of Chap. 3 to be coupled with the spurious
dynamic estimate. In this way, a good approximation of functional correlation is maintained.
To estimate a change in activity at the output of a node given a change in the spurious

dynamic activity at the inputs, the ratio RD is assumed constant giving:

§(ITP)) = R2.( Y. Pr(Sa(n:))-6(ITZ))) (4.12)

n;€An
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4.3.2 Accuracy of the Delay-Insensitive (DI) Model

The accuracy of the DI model was examined for the same circuits as the test for the
FCDS model. This test is actually performed on the estimation technique for overall activity
presented in Eqn. 4.10. Note that the the DI model uses scaling, so its true accuracy is only
defined with its ability to predict changes in activity, not absolute values (See Sec. 4.5).
However, the accuracy of Eqn. 4.10 in predicting total spurious activity is still interesting.
This test demonstrates the validity of the assumption that node sensitivity can be used as

measure of the statistical significance.
1-4 ¥ L] LJ LJ

12 ° -

Node Activity Predicted by DI Activity Model

1.2 14

0.4 06 08 1
Actual Average Transition Adtivity at Every Node
Figure 4.15: The Accuracy of the DI Method

The results of this test are shown in Fig. 4.15. Compared with Fig. 4.10, it
is observed that for large spurious dynamic activity the FCDS and DI techniques have
similar accuracy. This arises from the fact that the two approximation methods become
almost equivalent when Spurious Transmission dominates. This occurs for spurious dynamic -
activities greater than 0.2 (Fig. 4.12).The results of this test suggest that the accuracy of
the DI method in predicting changes in spurious dynamic activity will be limited when -

spurious dynamic activity is small, but it will improve as the spurious dynamic activity ~

increases.
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4.4 Sensitivity to Functional Spurious Activity

Sensitivity to functional spurious activity involves estimating how node sensitiv-
ities are affected by expected change in input functionality. All of the terms in the ap-
proximation schemes of Sec. 4.2.3 and Sec. 4.3.1 can be estimated using the techniques of
Chap. 3. The function describing each probability in these expressions has the same inputs
as the original node. The sensitivities of these functions with respect to each input may be
established, allowing the expected change in function to a change in input onset probability
to be computed.

The problem with such an approach is that each term is averaged independently.
The correct expected change in output activity is derived from the average of the product,
not the product of the averages. Taking into account the correlation between the individual
terms of the expressions to compute the average of the product is extremely difficult. Con-
sequently, the product of the averages is used as an approximation. The empirical results
show that this simplifying approximation makes the FCDS model less accurate at estimat-
ing Functional Spurious Sensitivity and Dynamic Sensitivity than the DI model. Increasing
the complexity of analysis used in the FCDS model could only improve accuracy for the
small measures of spurious dynamic activity for which the FCDS technique is more accurate
than the DI estimate. There is little to be gained by such a pursuit.

The DI model has a very simple first-order approximation to the combination of

Functional Spurious and Dynamic Sensitivity expressed in the following equation:

§(ITP) = R2.( Y Pr(Sa(n))-8(IT|) + 6(Pr(Sa(n:)))-T;(orig)| ) (4.13)
ni€An

4.5 Overall Sensitivity Results

The results of this section demonstrate the accuracy of estimating changes in power
consumption using Functional Spurious and Dynamic Activity Sensitivities. The program
to generate test cases is the same as that outlined in Chap. 3 and the experiment is run on
the same circuits from the ISCAS '89 benchmark set. Following the selection of a random
change in function of a network node, this node is resynthesized locally using script.rugged
and mapped into the msu.genlib library. This resynthesis and remapping changes delay,

function and topology of the affected region. This provides a suitable platform for testing of
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the accuracy of the estimation techniques of this chapter. The changes in power measured
from full simulation are compared against those predicted by the estimation techniques. The
scale of the graphs presented here is normalized to a 20MHz input vector arrival frequency,
supply voltage of 5V. A unit on the graph corresponds to 1uW.

Fig. 4.16 is a graph of the results of the expected change spurious dynamic TFO
power against actual change, but without accounting for Functional Spurious Sensitivity.
(This is using the DI model without updating the Pr(Sn(n;)) terms.) The results show that
without estimation of the change in functionality throughout the TFO, Dynamic Sensitivity
alone is a very poor estimation strategy. The correlation coefficient is only 0.56. In Fig. 4.17
the results of the DI estimator are presented for Functional Spurious Sensitivity alone,
Dynamic Sensitivity neglected. Again the correlation is poor, this time with a correlation
coefficient of 0.73.

In Fig. 4.18 and Fig. 4.19 the results of the FCDS and DI models respectively with
full analysis of all sensitivities modeled by each scheme is shown. (Fig. 4.18 shows results
from an earlier test which ran fewer iterations than the final testing of the more accurate DI
model.) The problem with neglecting the correlation between the sensitivities of the more
complex FCDS model is immediately obvious. The correlation coefficient for this model is
only 0.67, whereas the DI scheme exhibits a correlation of 0.93. This is a clear example of
how application of simple approximation techniques to a complex model can actually make
the complex model less accurate for incremental estimation. In this case, the error of the
simple model in predicting change is suitably accurate for use in a synthesis routine. As
sensitivity to delay has been shown to depend upon both an accurate timing distribution,
and the functionality of the spurious dynamic activity, a spurious activity estimator for use
in guiding synthesis routines cannot be expected to improve significantly beyond the error
obtained with the DI model.

The contents of Tab. 4.2 are the results of estimator correlation for the DI model
on each individual circuit examined. The column headed Old Sens. Correl. gives the es-
timator correlation when Functional Spurious Sensitivity is neglected, Est. Sens. Correl.
is the estimator correlation with this effect approximated. Estimation without Functional
Spurious Sensitivity can produce correlations of less than 0.4 for a number of circuits, but
full estimation always produces a correlation of better than 0.9 . The accuracy of the full
estimation strategy is not strongly influenced by either the accuracy of the estimation with-

out Functional Spurious Sensitivity accounted for, or the size of the circuit.
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Old Sens. | Est. Sens. " Old Sens. | Est. Sens.

Ckt. | Correl. Correl. Ckt. Correl. Correl.
s344 0.72 0.91 5820 091 0.97
5386 0.79 0.92 5832 0.20 0.98
s400 0.81 0.93 s838 0.83 0.90
s444 0.31 0.97 ‘H 51196 0.63 0.90
s510 0.39 0.92 51238 0.52 0.98
§526 0.61 0.98 51488 0.68 0.91
s641 0.39 0.94 51494 0.70 0.92
s713 | 0.65 095 |

92

Table 4.2: Estimate Correlation for Change in Sp. Dynamic TFO Power

Power Change || Occurrence Estimation
LOCAL | GLOBAL || Actual | Est. | Detected | Incorrect
Decrease | Increase 0.13 0.11 0.57 032 |
Decrease | < —0.5z 0.09 0.07 0.58 0.30
Increase | Decrease 0.11 | 0.043 0.37 0.02
Increase | < —0.5z 0.08 0.02 0.24 0.04

Table 4.3: Total Activity Estimation without Node Sensitivities Prediction

Power Change Occurrence Estimation
LOCAL [ GLOBAL || Actual | Est. | Detected | Incorrect
Decrease | Increase || 0.13 [ 0.13 0.79 0.20
Decrease | < —0.5z 0.09 | 0.08 0.78 0.17
Increase | Decrease 0.11 | 0.12 0.86 0.15
Increase | < -0.5z 0.08 | 0.08 0.89 0.11

Table 4.4: Total Activity Estimation with Node Sensitivities Prediction

The results of Chap. 3 are combined with those of the DI model in Fig. 4.20 and

Fig. 4.21. The first of these two figures shows the total change in power consumption

estimated with Functional Spurious Sensitivity ignored, and the second includes this sen-

sitivity. Estimation of Functional Spurious Sensitivity improves the estimate correlation

from 0.82 to 0.97. The ability of the estimator to detect overall optimality conditions is
presented in Tab. 4.3 and Tab. 4.4. The improvement in the results of Tab. 4.4 over Tab. 4.3
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Old Sens. | Est. Sens. Old Sens. | Est. Sens.

Ckt. | Correl. Correl. Ckt. Correl. Correl.
s344 0.84 0.96 5820 0.94 0.99
5386 0.93 0.98 »' 5832 0.73 0.99
s400 0.91 0.96 5838 0.93 0.97
s444 0.68 0.98 51196 0.87 0.93
s510 0.62 0.96 51238 0.85 0.99
5526 0.70 0.99 51488 0.92 0.97
s641 0.87 0.99 51494 0.91 0.98
s713 0.96 0.99

Table 4.5: Estimate Correlation for Change in Total TFO Power

is a result of Functional Spurious Sensitivity estimation. Tab. 4.5 contains results of esti-
mator correlation for each circuit tested.

The results of Tab. 4.4 show that the optimality predictions of the overall activity
estimator are only about 10% less accurate than those of the functional activity estimator
results of Chap. 3. This is a good result given extremely complex phenomena being modeled.
The importance of modeling the overall activity change is made clear by a comparison of
Fig. 3.11 with Fig. 4.21 which indicates that the spurious dynamic activity can alter the
overall change in power consumption by a factor of three or more relative to functional
activity change alone. From Tab. 4.5 it is observed that the accuracy of the estimator

including sensitivity prediction does not appear to be related to the size of the circuit.

4.6 Summary

In this chapter, three concepts important to the influence of resynthesis upon

spurious dynamic network power have been isolated. These three concepts are:
¢ Sensitivity to Delay
e Sensitivity to Dynamic Activity
o Sensitivity to Functionality (Functional Spurious Sensitivity)

Prior to synthesis, the only estimate of these quantities which can be made is bounds on

delay, the amount of spurious dynamic activity (as opposed to knowing its precise function-
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Chapter 5

Dynamic Activity Estimation:
Complete Activity Distribution
and Functionality

In this chapter, the ability to predict changes in activity due to changes in delay
is addressed in detail. Chap. 4 includes an analysis of this property in the context of simple
delay bounds which might be used to guide resynthesis. The object of the material in this
chapter is the development of theory and empirical evidence which relates the ability to
determine delay sensitivity to the necessity for accurate estimation of transition distributions
and spurious transition functionality.

The theory presented in this chapter applies to routines which perform changes in
delay with minor or no changes in network functionality. This is the case during transistor
resizing for reduced power consumption, and also in the prediction of the effects of change
in fanin loading of a resynthesis region. The theory addressing this concept could also be
used to guide resynthesis of a region if the resynthesis options are sufficiently limited to
allow accurate prediction of output transition distributions and spurious functionality. It
is shown in the results presented here that delay sensitivity is not a very accurate premise
in the absence of exhaustive enumeration of the pgssible delay combinations. Without
simulating every delay combination, the accuracy in predicting a change in activity cannot
be improved beyond a correlation of 0.8.

This chapter has three sections. In Sec. 5.1 several different activity types are
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ality), and the expected change in the probability of node onsets (from Chap. 3).

Two estimation strategies have been proposed. The first uses a measure of sensi-
tivity to delay, the second is independent of this quantity. The estimation scheme which is
sensitive to delay incorporates the concept of simultaneous arrival for state transitions and
their correlations. Consequently, this model is as accurate as possible under the constraints
on the information indicated above. Empirical verification of this model has shown that
sensitivity to delay cannot be formulated without accurate estimates of both the switching
distribution and the functionality of the spurious dynamic activity.

The spurious dynamic activity model which is delay insensitive is based upon
the fact that during resynthesis, network correlations are unlikely to change significantly.
Consequently, properties from an initial simulation of the network are used to determine the
expected statistical significance of incremental changes. Empirical tests show that changes
predicted using this estimator correlate very well with simulation results. The examination
of results for the Dynamic and Functional Spurious Sensitivity estimates alone demonstrate
that both effects are almost of equal importance. Furthermore, the final accuracy of this
model shows that sensitivity to delay is by far the least significant effect.

The combination of the delay insensitive estimation scheme with the results of the
functional activity estimator is able to predict overall changes in network power very well.

The correlation of overall estimate to experiment is 0.97.
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isolated, and estimation techniques for those which can be predicted without full simulation
are presented. This section also contains an outline of the form of the empirical testing
strategy used for establishing the results in this chapter. In Sec. 5.2 and Sec. 5.3, the two
effects which can be estimated without full simulation are addressed. The results for the

different estimators are combined in Sec. 5.4, and summarized in Sec. 5.5.

5.1 Isolating Activity Types

There are three effects which determine the amount of spurious activity at the

output of a node. These effects are:

e Simultaneous Reduction. If one input transition to a gate arrives simultaneously with
another input transition, the number of output transitions is less than or equal to the

number of transitions which occur if the transitions are not simultaneous.

e Functional Transmission. If a transition occurs on an input n; to gate n at a time
when all the other inputs have not transitioned or have settled to their final state, the
transmission of the signal on input n; can be computed from the previous and next

state input variables.

e Non-Functional Transmission. If a transition on an input n; to gate n occurs at
a time when one or more other inputs have transitioned but have not yet settled,
the transmission of the signal on input n; may not be able to be computed from a

combination of previous and next state input variables.

1

3(? "0 3 '2 Output for two possible delays on BUFF2:
—\ ' BUFF AND Y
] L] L) ] 1 1
o 1 2 a x d=1 ﬂ 4
) T T 1 T i
AND2 o 1 2 3 4
b(tf b BUFF2 y yit
/ Lt d d =2 f t
0 1 2 0 1 2 3 4

Figure 5.1: Example of Functional Transmission
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The first of these effects is obvious and has been discussed in Chap. 4. The concept
of Functional Transmission is illustrated by an example introduced in Chap. 4, duplicated
here in Fig. 5.1. The generation of spurious dynamic activity on z uniquely defines input
conditions on (a,b) as an initial state (1,0) and final state (0,1). This implies that if the
other input to AND2 is correlated to the previous state of b when the glitch is produced
on z, it cannot propagate. On the other hand, correlation to the next state of b guarantees
that the glitch will propagate. Because the propagation of this activity depends solely upon
the previous and next state functions of b, this is denoted Functional Transmission.

An example of Non-Functional Transmission is shown in Fig. 5.2 . In Case (i),
spurious activity occurs on input @ while the other input is also under the influence of
unnecessary transitions. Consequently the output transitions even though the next and
final state of both inputs is 0. In Cases (ii) and (iii), input b does actually have a state
change. The propagation of the glitch on input a is correctly predicted iff the result is
correlated against the correct state (next or previous) of input b. However, determining
the correct state depends upon knowledge of the topology (timing, not just the function) of
the fanin logic. Consequently, this is defined Non-Functional Transmission as it requires

knowledge of the specific gate mapping of the network.

Casa (i): a(l)

T‘ [\ )
b(t) 1 ‘/_\_J 1'__/_\ o

Assume a zero delay gate
Case (i) a(t)

1 .,m}“/—\ SN

Case (ill) a(Y)

T [\ ¥
TR

B et et
-

Figure 5.2: Example of Non-Functional Transmission
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The reduction in activity due to Simultaneous Reduction must be separated from
the Functional Transmission and Non-Functional Transmission. This can be achieved by
defining a measure of activity without simultaneous arrival and then the difference between

this measure and the actual activity is the Simultaneous Reduction (SR).

Case ()

AND,)
/ t
mogy 01 yo
\ X 1 A
¥ ] T hatl ] T T bt
—o] 3 0 1
Assume Unit Delay of all gates ANDJW T
\ 1
1 ND T T -
2 ) 1
BUFF Case (il) AND1 o
/N
- ‘
aogy T8 yo)
t . T ,
) lo j1 bl T Io T1 -
AND)
! R
) 1

Figure 5.3: Defining Non-Simultaneous Activity and Simultaneous Reduction

Activity without simultaneous arrival ( Non-Simultaneous Activity or NSA) can be
defined through the application of an arbitrary arrival order to gate input signals which
arrive at the same time. Consider the example of Fig. 5.3. Let a and b be independent
inputs with Pr(1) = 0.5. From full simulation, the AND gate output has a functional
transition with probability 2.%.% = %’ and has no spurious dynamic activity. Inputs AND;
and AND; arrive simultaneously at time ¢ = 0, input AND3 arrives at timet =1 (assuming
unit delay). To estimate activity without Simultaneous Reduction, let the arrival times for
AND gate inputs (1) and (2) be ?; and ?; respectively. If t; < t2, when (a,b) changes state
from (0,1) to (1,0), AND3 = 1 so the glitch is seen at the output. The amount of amount of
Non-Simultaneous Activity for this ordering is therefore: $+2.1 = 3, giving a Simultaneous
Reduction of %. If, however, t; > 1, then no spurious activity is generated and the Non-

Simultaneous Activity is % with Simultaneous Reduction of 0. It is shown through this
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example that if an arbitrary arrival order for the simultaneous input transitions is assumed,
Non-Simultaneous Activity is a function of this order. To form a input order independent
measure of Non-Simultaneous Activity, it is defined with respect to the average of all possible
orderings of simultaneous input arrivals. For this example, there are two possible orders
producing a measure of Non-Simultaneous Activity as % = -;— and Simultaneous Reduction
is .

Consider an arbitrary gate n with inputs A, = {n1,n2,....,2m} and the set of
all possible input orderings being Perm(A,). The set of all input transition times is 7 =
[t1.125 o0y tp], and let IT,? 7(t;)| be the amount of output activity at n caused by input
transitions at time #; if they are made to arrive in order O;. Non-Simultaneous Activity is
then defined:

|T£’SA|—|,,em(An (X ¥ Ime)D) (5)

€T 0,EPerm(An)

The Simultaneous Reduction (which is always less than or equal to zero) is defined:

TSR = T = ITY 54 (5.2)

When there is no simultaneous input transition arrival, the output transition activ-
ity is exactly the sum the amount of Functional Transmission and Non-Functional Trans-
mission. The Non-Simultaneous Activity construct allows optimality to be defined with
respect to the three forms of activity separately. The material of this chapter is focused
on the detection of optimality attainable through estimation of the changes in Functional
Transmission and Simultaneous Reduction. No estimator is presented for approximation of
Non-Functional Transmission effects alone. This is because prediction of Non-Functional
Transmission requires estimation of signal functionality over all time. With estimation of
signal functionality over all time, the problem of finding optimality becomes equivalent to
full simulation of all possible input delay conditions.

A statistical testing strategy is required to empirically test the relative impor-
tance of optimality obtained through a different activity types. The results presented in
this chapter are extracted from the simulation of a gate before and after input delay permu-
tations. Delay permutations are randomly selected from the set of all possible input delay
permutations which impose different input switching orders. In the example of Fig. 5.4

which illustrates this concept, only the delay of input b is changed as it is the relative delay
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Considering just delay change relative toinput b

A new delay
. configuration ?
Case (i): Pr(a trans) .
Pr(b trans) YES
Adb= -1 l ! ! t
Pr(a trans)
. Casae (ii): Pr{a trans) :
2 a t
Pr{b trans) >C>_y
T I 1 b Pr(b trans) YES
BEERETI Ady=+3 T | 1
BEEREEEREE
Case (jii): Pr(a trans)
‘
l ! R ! : NO
Pr(b trans) (Same as the original
configuration )

Adb= +1

o
o
-

Figure 5.4: Defining Suitable Test Delay Permutations

conditions which are critical, not the absolutes. The first two cases shown represent valid
delay permutations for a test. In Case (i), there is now simultaneous arrival at time 2, and
in Case (ii) the order of the switching distributions has changed. In Case (iii), however, a
delay of 1 does not change the input switching order relative to the original. Consequently,
this is the same test permutation as the original arrival configuration. It may be noted
here that under some conditions Case (i) or Case (ii) will not change the input arrival time
order. Taking Case (ii) as an example, a transition at time 5 on input e may never occur
when a transition at time 3 on the original input b has occurred. However, being able to
compute this requires explicit knowledge of the association between transition functional-
ity and time. As the object is to test the estimator validity when this information is not
considered, testing an estimate for that change in tl'le input switching distribution order
is actually very important. For every gate tested, the number of permutations chosen for

testing is the lower of the total number of possible permutations and 10.



Power Change Occurrence Estimation
Factor Actual | Est. | Detected | Incorrect
0.50x 0.004 | 0.002 0.54 0.00
0.80x 0.024 | 0.014 0.58 0.00
0.90x 0.108 | 0.060 0.56 0.00
0.95x 0.209 | 0.139 0.66 0.00
1.05x 0.101 | 0.113 1.00 0.11
1.10x 0.046 | 0.051 1.00 0.10
1.20x 0.014 | 0.015 1.00 0.07
1.50x 0.001 | 0.001 1.00 0.00

Table 5.1: Detection of Optimality using Non-Simult. Activity
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Figure 5.5: Accuracy of Optimality Detection using Only Non-Simultaneous Activity

In this empirical study, delay permutations are only tested for non-trivial cases

in which at least one of the inputs to the gate has a non-zero activity interval. In the

other cases, the association between transition functionality and time is trivial as input

distributions are single time points so Functional Transmission and Simultaneous Reduction

describes all the behavior. The results in this chapter are proportional changes relative to

original activity.
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The results of empirically testing 13 circuits from the ISCAS ’89 benchmark set
for the effect input delay permutation on gate output activity is plotted in Fig. 5.5. This
is a graph of the change in activity predicted using only the change in Non-Simultaneous
Activity against the actual simulated change in activity. The correlation is 0.85. (Note
that the results always lie on or above a 1-to-1 correspondence line due to the fact that
Simultaneous Reduction is always zero or negative.) The ability to predict optimality using
just a measure of the Non-Simultaneous Activity is summarized in Tab. 5.1. Columns 2
and 3 show the proportion of total tests for which a change in power given by the factor
in Column 1 occurs or is predicted to occur. Column 4 is the proportion of cases correctly
predicted, Column 5 is the proportion of predictions of the occurrence which are incorrect.
The results of this table are influenced by the skew evident in Fig. 5.5. An increase in
activity is over-estimated by Non-Simultaneous Activity, a decrease under-estimated. In
fact, Non-Simultaneous Activity alone only accounts for between 50 and 70% of the total
optimality attainable. This implies that the Simultaneous Reduction efect is almost equally
important.

In Fig. 5.6, the change in Simultaneous Reduction is plotted as a proportion of
the change in Non-Simultaneous Activity and Fig. 5.7 is a running average of this data.
The running average seems to show that contributions from Simultaneous Reduction would
be expected to influence the result of the Non-Simultaneous Activity analysis by 10% or
less. However, this is not the case as the error in prediction of optimality conditions using
Non-Simultaneous Activity alone is affected by the form of distribution of the number of
cases relative to the absolute change predicted. This relationship is illustrated in Fig. 5.8.

Consider the case of being able to predict the conditions for which the the total
change in transition activity relative to the original Simulated Activity is z. Let Pr®(y)
be the probability that the magnitude of the change in Simultaneous Reduction is greater
than (z — y) where y is the amount of change in the Non-Simultaneous Activity. Further,
let Nnxs(y) be the number of conditions detected for Non-Simultaneous Activity change y.
The number of points for which the Simulated Activity is scaled by a factor of less than
(1 + z) relative to the original activity is given by N(< z):

N(<a)= [ Pre@.Nnsw)dy+ [ Nus(u)dy (53)

Consider z < 0 (i.e. A reduction in activity). The first term of the above
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Figure 5.8: Proportion of NSA Points vs. Change in NSA

expression gives the number of points for which Non-Simultaneous Activity does not cor-
rectly estimate that the actual change in activity is larger than |z|. The sharp gradient
depicted in Fig. 5.8 in the region of (0.01 < |z| < 0.15) illustrates that [7° Nys(y).dy >
JZ. Nns(y) for z < —0.05. Although Fig. 5.7 suggests that the Pr® (y) term is generally
quite small there is still a measurable number of points for which the change in Simultane-
ous Reduction is a significant proportion of the total activity change (Fig. 5.6). The strong
inequality in the total number of points before and after |z for |z| > 0.05 implies that the

first term of Eqn. 5.3 is significant relative to the second. This accounts for the size of the

error noted in Tab. 5.1.

5.2 Non-Simultaneous Activity

The formulation of an estimation strategy based upon the concept of Functional
Transmission is covered in this section. The overall goal is to test the importance of the as-
sociation between functionality and time. That is, an examination of whether a reduction in

the amount of Non-Simultaneous Activity can be predicted without explicit knowledge of the
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time/function correlation. Inability to predict changes in activity without this knowledge
implies that explicit simulation of input arrival times is required to detect optimality.

The estimation strategy is formulated by testing the accuracy for increasing levels
of assumption. As the level of assumption increases, the ability to predict optimality de-
creases but the formulation becomes simpler. The simpler the formulation, the easier it is

to find an optimal condition predicted by the estimator. The levels of assumption are:

o The Early/Late Functional Transmission Construct. Drops knowledge about exact
functionality at any time by considering only those transitions which lead to a final

change in state. (Equivalent to r; in Fig. 2.4)

e Time Independence. Dissociates the functionality from the transition distribution

completely. (Equivalent to 73 in Fig. 2.4)

o Single Input Derivative. Establishes a gradient for the expected change in activity

when one input arrives earlier than another, thereby approximating input correlation.

The consideration of the validity of an approximation method needs to take into
account a measure of complexity. Complexity is measured by the number of BDD computa-
tions required relative to exact symbolic simulation. Consider full simulation of every possi-
ble input delay configuration of node » with inputs A, = {n;, n2, ns,....,n;n}. Suppose each
input n; has TT,, transition times. A BDD operation is required for every input switching
time so for Non-Simultaneous Activity the complexity is O((,, e, TTn; )/ (ITn;ea, TTn!))-
This corresponds to every possible transition time ordering excluding those which re-order

transition times for any particular input.

5.2.1 The Early/Late Functional Transmission Construct

The Early/Late Functional Transmission (ELFT) construct uses information about
the earliest and latest functional transitions on each gate input. It therefore tests the ability
to estimate Non-Simultaneous Activity using just previous and next state conditions of input
signals. How this concept models a signal is illustrated in Fig. 5.9 for four different cases
exhibiting spurious dynamic activity. In Case (i) (Case (ii)) there is no change in state, so
the signal is assumed to be logic 0 (1) for the entire activity interval. In Case (iii) (Case
(iv)) there is a change in state from 1 — 0 (0 — 1). The change in state may be assumed

to occur before or after the activity interval, so during the activity interval t € [0, 3] the
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Early/Late Func. Trans
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Figure 5.9: Approximating a Signal Using Early/Late Functionality

function is approximated by considering both the previous and next state. That is, the
signal is assumed equally likely to be a logic 1 or logic 0 during the activity interval.
The Early/Late Function approximation of a signal z(t) produces a relation Rg/r(z(t))

~ expressing conditions for logic 0 (1) at time t. Let Ir(z) = {(¢1,]1), (2, J2), e (8n, In)} be

set of primary input pairs for which signal z changes state, Iy r(z) all other primary input
pairs. Let tg(i;,I;) (tL(i;,I;)) be the earliest (latest) time for a signal change on z under
application of input vector pair (i;,1;) € Ir(z). For static input I, let the function of z be
expressed as f(I). The Early/Late Function signal approximation is then given by:

Re r(z(t)) = f(i;) for(i;1;) € INF(z)
= f(i;) for{((i;, ;) € Ir(z)) and(t(ij, I;) > 1))}
= f(I;)  for{((ij ;) € Ir(z)) and (tL(i;, I;) < 1))}
= {1,0} otherwise

From this relation, two functions may be extracted to describe the Early/Late
Function signal approximation. These are denoted z}; (1) for the mapping to 1 and z% /()
for the mapping to 0 within the activity region. To illustrate how these functions are

used to determine an activity approximation for a gate, consider a gate n with inputs
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Ay = {n1,n2,...,np} . Consider just the contribution to activity from a input n; at time t.

N“)(nj) is the sensitivity of the output to n; at time ¢ given inputs with functions N (t).
Let B(i) be the binary representation of number ¢, B;(7) is the j** digit. The contribution
to activity is then approximated by averaging over all possible input conditions described

by the Early/Late Functional input relations:

g M TRl ek S )
Ta(D) = gy 2o 18w 5/ HETTT O ) T, (] (54)

s

This equation embodies the operation of averaging between all possible input con-
ditions described by the Early/Late Functional input relations. This form of approximation
correctly predicts all the optimality obtainable through Functional Transmission consider-
ations. However, the estimate also includes a contribution from an approzimation of Non-
Functional Transmission. The accuracy of this part of the estimate tests the validity of the
activity interval approximation scheme used in this estimation construct. The complexity
of analysis of this estimate is equivalent to that of full simulation due to the association of

time and functionality.
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Figure 5.10: ELFT Approximation vs. Non-Simultaneous Activity
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Power Change || Occurrence Estimation
Factor _" Actual | Est. | Detected | Incorrect
0.50x 0.002 | 0.000 0.08 0.00
0.80x 0.013 | 0.007 0.42 0.29
0.90x 0.058 | 0.066 0.59 0.47
0.95x 0.134 | 0.192 0.71 0.50
1.05x " 0.112 | 0.131 0.63 0.46
1.10x 0.050 | 0.063 0.68 0.46
1.20x || 0.014 | 0.022] 0.77 0.52
1.50x || 0.001 [0.002] 0.83 0.44

Table 5.2: Detection of Non-Simult. Optimality using Early/Late Func. Trans.

This construct has been tested on the ISCAS ’89 benchmark set. The aggregate

results are plotted in Fig. 5.10 for the ELFT estimator against the Non-Simultaneous Ac-

tivity. A correlation coefficient of 0.66 is obtained, and the results of using this to predict

optimality is summarized in Tab. 5.2. It is interesting to note that there are points clustered

along the y-axis corresponding to a change in activity being estimated when there is actu-

ally no change. However, there is no such cluster on the x-axis. The error mechanisms for

points which lie on the x- or y-axis exclusively are described in Fig. 5.11. The first case will
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Figure 5.11: Errors with the ELF'T construct
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generate a point on the y-axis. The approximation of the activity interval using either the
previous or next state implies that there will be a change predicted by the ELFT construct
when there is no change in Non-Simultaneous Activity. The second case is the converse of
this with no output activity change predicted but a change in actuality. The fact that there
is not a strong clustering of points along the x-axis similar to the y-axis implies that the
error incurred by neglecting totally spurious activity (activity when there is no change in
state) is not as significant as that incurred by assuming that either the previous or the final
state is equally likely during the activity interval.

The results show that the accuracy of the ELFT construct is not sufficient for use
in detection of Non-Simultaneous Activity optimality. However, it is not expected that an
estimator based upon an independence of switching distribution and functionality will be

able to predict optimality significantly better than this construct can (Sec. 5.2.2).

5.2.2 The Time Independence Assumption

When time and function are dissociated, the ability to estimate the correlation
between inputs over all time is severely compromised. Fig. 5.12 is an illustration of this
point. Two transition probability distributions are presented for activity on an input z(t),
one distribution for the positive transitions and one for the negative. For the same previous
and next state correlation, there are seven different activity types which these distributions
could describe. Clearly, if two inputs to a gate were actually the same, this correlation of
1.0 over all time is no longer detectable. This motivates the need to describe activity using
more than just absolute transition distributions.

An estimate of the correlation between lines can be improved by extracting dis-
tributions which describe the time of a change in state given that a change in state occurs.
The distribution gives the probability that a state change has occurred prior to some time
t. For example, suppose Case (i) in Fig. 5.12 is the correct activity type. A distribution
of the earliest possible change in state has a probability of 1.0 at time ¢ = 1 for both a
positive and negative change in state. The only cases which satisfy this are Case (i), Case
(v), Case (vi) and Case (vii). Consider now a distribution of the latest possible change in
state. The positive and negative distributions have a.probability of 1.0 at time ¢t = 3. Now
the only applicable activity type which satisfies both these is Case (i). These two distribu-
tions are defined as the Early Functional Distribution (Early FD), and the Late Functional
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Switching Conditions which Salisfy Distributions
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Figure 5.12: The Loss of Correlation with Time/Function Dissociation

Distribution (Late FD).

In general, the Early FD, Late FD and Transition Distribution together do not

uniquely specify a satisfying activity type. Fig. 5.13 illustrates what is actually predicted

through the use of these distributions. Consider the cases for which the earliest positive

state transition occurs at time ¢t = 3, an event of probability 0.3 given that a positive state

transition does occur. The total probability of the latest functional transition occurring

after this time is 0.7. The late functional distribution thereby encompasses three possible

events with a activity intervals of 0, 3 and 5 respectively. The probability of each event

is the probability that the early functional transition occurs at ¢t = 3 multiplied by the
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Transition Distributions for Positive Transitions

Pr(trans)*
The following are examples of transition
B structures for a positive state change
according to these distributions.

These examples are for an initial state
change attime t=3.

Pr (Early Func. Trans \ Func. Trans)* Prigvenl) 5,02

Pr(event)

(éo.a -0.2) x (0.3/0.7))

Pr (Late

Pr(event) = ((0.3 - 0.2) x (0.4/0.7))
= 0.057

Figure 5.13: Specifying and Activity Type using Early/Late Function Distributions

probability that a late functional transition then occurs at times t = 3,6 or 8 respectively.

The dissociation of functionality from the Early/Late Distributions implies that
the probability computed for a certain width of activity interval is not exact. However, the
independence allows the distributions to be taken separately. At time t, the probability
that a line changes state earlier (later) than t is given by the Early FD (Late FD) at . The
transmission results obtained from the average of considering each distribution separately
is then ezactly the ELFT construct with time and function dissociated, denoted here the
Time Independent Early/Late Functional Transmission (TI-ELFT) approximation. The
ELFT construct has already been shown to be inadequate. This suggests that perhaps
more complex probability descriptions need to be made. However, it will be shown from
the results of this section that the dissociation of time and function alone is expected to
incur an error penalty which is of the same order as the ELFT construct, regardless of the

complexity of the probabilistic estimation strategy. This is a conclusion derived from an
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examination of how well the TI-ELFT approximation estimates the ELFT construct. As
these activity models are identical except for the fact that one uses the dissociation of time
and function, this is a test of the validity of that particular concept.

The distributions described establish the probability that state transitions occur
on the inputs to a gate in a certain order. To establish an estimate of the output activity of
a gate n due to a transition on an input n; at time ¢, it is necessary predict the probability
of transmission given the input switching order probabilities. It was established in Chap. 4
that such an estimate needs to depend upon the functionality of the spurious activity. This
is approximated by first computing the transmitted activity from each input under every
possible input ordering assuming separate activity intervals. The concept is depicted in
Fig. 5.14. For each input order, the amount of activity transmitted from each input can be
computed exactly. From this, a probability of transmission can be established for each input
given a state transition ordering on the other gate inputs. The complexity of the analysis

required to compute the separate activity interval configurations is 0(|Aalt Tonien, TTne)-

Pr(a trans) Separate Input Interval Orderings:
A
[ l <1<
a b
l <1l <
Pr(b trans) a ¢
I\ ly ] a v Ib< Ia< [c
" " 5
c Ib< |c< Ia
Pr(c trans) <1<l
[ ] 5 S
* <l <
t c b a

Figure 5.14: Testing All Separate Activity Interval Configurations

The activity estimate computation is summarized in the following equation. For
input n; € A, at time ¢, the arrival of a state transition on another input is indicated by
a 0 for earlier, 1 for later. P (t)|g (Pq,(1)|E) is the probability that a state transition will
occur earlier (later) than ¢ on input n; using the Early FD. PEJ(t)iL (P,{J(t)IL) is similarly
defined for the Late FD. T, (t) is the total amount of activity on n; at time ¢, Prﬁﬁt}s(n;)

be the probability of transmission from n; under input state transition order B(k) relative
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to n;. Assume time discretization ¢ € {to,11,....}.

2lAn|-1

Tl =Y D@l X PrESm)( TT PE®@Is+ T PEO@I)
k=0

1=0 n, EAn ﬂ;EAn\ﬂ.J ngEAn\n,
(5.5)

Eqn. 5.5 involves only numerical computation. Consequently, the complexity of
the entire estimation method in terms of BDD manipulations is determined by the sep-
arate activity interval configuration analysis and construction of the Early and Late FD
(second term of the following complexity expression). This gives a total complexity of
0((|An)" Znea, TTn) + 2. Xniea, TTa,)- The number of numerical operations required to
find the optimum delay configuration is the same as the BDD operation complexity for full
simulation, namely O((X,..ea,, TTn.)!/(I1n,ean TT0Y))-

The accuracy of this approximation has been tested on the ISCAS ’89 bench-
mark set. The aggregate results are plotted in Fig. 5.15 for the TI-ELFT approximation
against the Non-Simultaneous Activity. The correlation coefficient for the data is 0.72. The

prediction of optimality is summarized in Tab. 5.3.
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Power Change Occurrence Estimation
Factor Actual | Est. | Detected | Incorrect
0.50x 0.002 | 0.000 0.08 0.00
0.80x 0.013 | 0.004 0.26 0.14
0.90x 0.058 | 0.037 0.51 0.20
0.95x 0.134 | 0.094 0.59 0.16
1.05x 0.112 | 0.069 0.47 0.24
1.10x 0.050 | 0.024 0.37 0.22
1.20x 0.014 | 0.007 0.40 0.24
1.50x 0.001 | 0.000 0.33 0.00

Table 5.3: Detection of Non-Simult.

Optimality using Time Indep. Approx.
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The results of this estimator are actually slightly better at predicting the optimality

of Non-Simultaneous Activity than the ELFT construct which this technique approximates.

This is a consequence of the probability estimation effectively ‘smoothing out’ the error con-

ditions indicated in Fig. 5.11. Specifically, the ELFT construct still associates functionality

with time which can generate particular functional associations which are quite erroneous.
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The dissociation of time and function eliminates construction of such particular error con-
ditions, thereby suppressing them.

It needs to be emphasized, however, that the accuracy of the TI-ELFT approxi-
mation is not limited by the fact that it essentially models the ELFT construct. Fig. 5.161s a
plot of the ELFT construct against the TI-ELFT. This then shows how well a time/functionality
dependent construct can be explicitly approximated when time and functionality are disso-
ciated. The data correlation is only 0.68. The implication here is that the dissociation of
time and functionality absolutely restricts the accuracy of an estimate of change in activity

due to change in delay to an error of this significance.

5.2.3 The Single Input Dependent Derivative Approximation

The estimation strategies outlined in the previous two subsections require testing
of all possible delay configurations in the determination of optimality. The best framework
for detection of optimality without having to test so many cases is one which makes possible
a statement about whether increasing or decreasing delay with respect to any other single
input is beneficial or detrimental. The TI-ELFT approximation associates the detection of

optimality with a specific delay ordering applied over all inputs, not relative timing between

Pr(ny trans)
)

Pr(rél trans)
i

t
T - n2 n
Pr(ré trans) i
i 3

Pr(n4 trans)

1

!
-+

time

The cost of the input order shown
is the sum of the weights on the
solid arcs of the graph.

Figure 5.17: Single Input Dependent Derivative with Separate Input Activity Intervals
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input pairs. The desired framework for detection of delay optimality is depicted in Fig. 5.17.
This example assumes separate input activity intervals.

The graph of Fig. 5.17 represents the activity change with change in the input
arrival order. Each input is associated with a node which represents the total activity
transmitted from that input when it arrives earliest. From each graph node there is an
edge to every other node. A directed edge < en,,€a, > represents a change in transmitted
activity from input n; when it arrives later than functional transitions on node n;. In
this example, the solid arcs represent the cost C{(order) of the input ordering, namely
C(n1,n2,n3,n4) = Aoy + Az + Az2 + Agz + Agz + Ay - Finding an optimal transition
arrival order is then equivalent to finding a node ordering on the graph of minimum cost,
the cost being the sum of all edges from higher to lower order nodes.

For a general case with overlapping input activity intervals, the cost function is
the sum of edge weights scaled by the probability that one input transitions earlier than
another. The goal then is to find a relative timing which maximizes the scaling factor on
edges with the greatest negative weight. This forms the basis of a simple heuristic to find
optimality without having to exhaustively test all possible input delay configurations.

The accuracy of the Single Input Dependent Derivative Approximation (SID-TI-
ELFT) has been investigated. To establish the approximation, an 0(2.|Anl2. Xien, TTn,)
method was used, as compared to the 0(|An|!. 2, ca, TTn,) complexity of the separate
input activity interval configuration computation of Sec. 5.2.2. The number of cases to
be analyzed is reduced by only considering the following separate input activity interval

configurations relative to each input n;:
1. n; is later (earlier) than all other inputs
2. n; is later (earlier) than all inputs except n;,j # ¢

From these test cases, an estimate of the average change in activity can be established for
delay conditions which swap the arrival order of any two inputs n;, n;.

Fig. 5.18 depicts the correlation between the SID-TI-ELFT approximation and
the TI-ELFT approximation. The correlation coeﬂficient is 0.83. Tab. 5.4 summarizes
the overall use of the method in the detection of Non-Simultaneous Activity optimality. It
should be noted from the table that the accuracy of the detection of optimality conditions is

similar for this method and the TI-ELFT approximation, however the number of conditions
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Power Change Occurrence Estimation
Factor Actual | Est. | Detected | Incorrect
0.50x 0.002 | 0.000 0.08 0.00
0.80x 0.013 | 0.002 0.15 0.08
0.90x 0.058 | 0.025 0.29 0.32
0.95x 0.134 | 0.069 0.38 0.26
1.05x 0.112 | 0.046 0.29 0.29

| 1.10x 0.050 | 0.016 | 0.27 0.17
1.20x 0.014 | 0.005 0.33 0.13
1.50x 0.001 | 0.001 0.50 0.00
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Table 5.4: Detection of Non-Simult. Optimality using Single Input Depend. Deriv. Approx.

detected is significantly reduced. This property can be seen in the distribution of points in

Fig. 5.18 which consists of points clustered along the line z = y, and other points clustered

along the x-axis which corresponds to zero sensitivi.ty. In combination with the limited

accuracy predicted for any time/function independent approximation (Sec. 5.2.2), it cannot

be expected a method which does not account for input correlation exactly will be sufficient
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for detection of delay dependent optimality in combinational networks. A discussion of the

heuristics which may be applied to the SID-TI-ELFT approximation has therefore been
omitted.

5.3 Simultaneous Reduction

The analysis of Sec. 5.2 dealt with approximating activity assuming no simul-
taneous switching. This section outlines an approach to the estimation of Simultaneous
Reduction when time and functionality are dissociated. A description of the problem in the
form of a probability relation is first needed. To aid in the construction of this formulation,
consider the case of separating the arrival times for simultaneous transition times on the
inputs to a gate. This concept first described in Sec. 5.1 is illustrated by example for one

possible ordering in Fig. 5.19.

At time t,, there is simultaneous arrival at

Prin trans) all inputsto node n

T

Time displacement to
Pr(n‘, trans) order input transitions

4—'%—; ny Pr{n trans}~ Pr{n trans§*
= O N TSI AT
Pr(% trans) "3 d ' ! !

Ny 05 2535 052535
j—-l—*—> ! Output switching distributions from
1°+28 time displaced input

Pr(n4trans)
4
J_I_f__, !
' g°+38
Figure 5.19: Formulation of Simultaneous Reduction

For a given transition ordering, distributions for the positive and negative output
transitions can then be computed from complete simulation or the TI-ELFT approximation.
To formulate of the Simultaneous Reduction (TS7) let Pry(1;) (Pri(l;)) be the probability

of a positive (negative) output transition at time t; + j.6, t; € {to,%,12,.....} the actual )
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set of possible output transition times allowing simultaneous input arrival and j.6 added to
the timing to make arrivals non-simultaneous. Pri(1<;) (Pri(l<;)) is the probability of a
positive (negative) transition at time t; after output transition times [t;, t; 46, ...., t;+(5—1).6]

are collapsed back into one another.

Pri(1<;) = Pri(T<(j~-1))-Pri(l; | T<(i-1)) + Pri(1;)

Pri(l<;) = Pril¢(j-1))-Pri(T; | l<(ii-1)) + Pri(1;)
oo |An|-1

ITSRI =3 37 (Pri(1; | 1i)-Prill<;) + Pri(l; | 1<5)-Pri(1<;)) (5.6)

=0 ;=0
Eqn. 5.6 requires that the correlation between transitions at different times be

known. The dissociation of these properties reduces the above equations to the following:

Pri(1<;) = Pri(T¢(j-1))-Pri(1;) + Pri(1;)

Pri(l<;) = Prill¢(j-1))-Pri(1;) + Pri(l;)
oo |Anl-1

IT3R =3 Y (Pri(15)-Pri(l<;) + Pri(1;)-Pri(1<;)) (5.7)

i=0 ;=0

The results of two tests of Simultaneous Reduction estimation are presented here.
The first test uses the results of the TI-ELFT approximation to estimate the relevant
switching distributions. The second test assumes that the sign of the output transition
has not been approximated, so the probability of a positive or negative transition is half
the total transition probability at that time. This demonstrates how the accuracy of the
Simultaneous Reduction estimate is severely penalized by the lack of a good estimate of
output transition sign. This fact detrimentally affects the usefulness of averaging techniques
such as the SID-TI-ELFT approximation which are much less accuracy at predicting sign
than the TI-ELFT approximation. Fig. 5.20 and Tab. 5.5 refer to the first test, Fig. 5.21
and Tab. 5.6 to the second.

The estimate which uses transition sign information has a correlation of 0.96, as
compared with the 0.73 for the estimator which does not have good transition sign predic-
tion. This test shows that the TI-ELFT approximation is clearly sufficient for estimation
of the Simultaneous Reduction even though it has demonstrated limited accuracy in the
determination of optimality relative to Non-Simultaneous Activity. The improved accuracy

here is a consequence of the fact that Simultaneous Reduction depends upon the absolute



121

1 T T T T L
©

08 k 4
c
L2
BT
3

o
o 06 + -
0
3
2
2
c
ol
=
E
w
- 04 E
2
5 o
a © f °
L
R
1 1 1

0.4 0.6 0.8 1
Actual Simultaneous Reduction

Figure 5.20: Simultaneous Reduction: TI-ELFT and Full Trans. Sign Info.

06 T T T T
4
05 | B
c
k=]
5 04 R
k]
@
o
(%]
=
g
k= 03 | -
2 °
s M
o
2
L2 -
b=}
<
o e
o
@
°
)
° 1 1 1
0.4 0.6 0.8 1

Actual Simultaneous F!educlion

Figure 5.21: Simultaneous Reduction: TI-ELFT and No Trans. Sign Info.



122

Power Change | Occurrence Estimation
Factor Actual | Est. [ Detected | Incorrect
-0.50x 0.001 J0.001] 0.88 ~0.00
-0.20x 0.007 | 0.008 0.92 0.16
-0.10x 0.044 | 0.047 0.92 0.15
-0.05x 0.080 | 0.089 0.88 0.22

Table 5.5: Detection of Simult. Reduction using Time Indep. Approx. with Sign

Power Change || Occurrence Estimation
Factor || Actual [ Est. | Detected | Incorrect
0.50x || 0.001 |0.001| 0.38 0.00
-0.20x 0.007 | 0.002 0.21 0.27
-0.10x 0.044 | 0.024 0.44 0.19
-0.05x 0.080 | 0.052 0.52 0.20

Table 5.6: Detection of Simult. Reduction using Time Indep. Approx. with Sign

amount of Non-Simultaneous Transition activity, whereas the results of the previous section

reflect the ability to detect incremental changes in this quantity.

5.4 Overall Optimality Prediction

The results of the previous two sections are combined here to demonstrate the
accuracy of the time/functionality independence assumption. The Non-Simultaneous Ac-
tivity is estimated using the TI-ELFT approximation of Sec. 5.2.2, and the Simultaneous
Reduction using the output sign sensitive approximation of Sec. 5.3. Overall, a correlation
of 0.85 between estimate and empirical data was found. The aggregate data is presented
graphically in Fig. 5.22 and is summarized in Tab. 5.8.

The results shown in Tab. 5.8 demonstrate that the usefulness of such an approx-
imation scheme is limited. Although the optimality conditions predicted by this estimator
are reasonably accurate (better than 75% percent of points selected for any particular opti-
mality condition are correct), the sensitivity of the method is not sufficient. Less that 50%

of the delay conditions which correspond to an increase of activity are correctly categorized.
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Non-Simult. | Simult. Red. | Overall Non-Simult. | Simult. Red. | Overall
Ckt. Correl. Correl. Correl. Correl Correl. Correl.
s344 0.81 0.80 0.80 s713 0.47 0.97 0.54
s386 0.96 0.98 0.97 s820 0.76 0.94 0.78
s400 0.81 0.82 0.80 5832 0.78 0.95 0.81
sd444 0.90 0.89 0.86 s838 0.68 0.99 0.97
$510 0.85 0.90 0.87 51196 0.80 0.94 0.83
s526 0.78 0.93 0.83 51238 0.75 0.95 0.81
s641 0.43 0.98 0.55

Table 5.7: Correlation for Time Independent Model

This is also true for reduction in activity of greater than 10%.

In Tab. 5.7 the significant dependence of estimator accuracy upon the specific
circuit is shown, in particular with respect to the estimation of Non-Simultaneous Activ-
ity changes. This is quite different to the stable statistical properties exhibited for the
estimation techniques presented in Chap. 3 and Chap. 4. The statistical variability is a

consequence of the strong dependence of the optimality sought upon the functionality and
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Power Change || Occurrence Estimation
Factor | Actual | Est. | Detected | Incorrect
0.50x 0.004 [0.001] 0.33 0.00
0.80x 0.024 | 0.014 0.48 0.19
0.90x 0.108 | 0.092 0.70 0.18
0.95x 0.209 | 0.192 0.75 0.19
1.05x 0.101 | 0.066 0.46 0.24
1.10x 0.046 | 0.021 0.36 0.24
1.20x 0.014 | 0.008 0.44 0.22
1.50x 0.001 | 0.001 0.43 0.25

Table 5.8: Detection of Optimality using Time/Functionality Independence

precise delays in the network. The importance of correctly estimating signal properties
such as those depicted in Fig. 5.11 can vary in significance between different circuit con-
figurations. This influences the applicability of an activity approximation scheme which

dissociates time and functionality.

5.5 Summary

The material described in this chapter completes a thorough study of the ability
to dissociate time and functionality while still being able to estimate optimality. The
presentation describes the three effects which contribute to delay dependent changes in

gate activity. These effects are:
¢ Simultaneous Activity
¢ Functional Transmission
¢ Non-Functional Transmission

These effects are isolated by first splitting the total activity into the sum of two activity
types: Non-Simultaneous Activity and Simultaneous Reduction. Estimation techniques for
both activity types have been outlined.

Optimality detection for Non-Simultaneous Activity requires estimation of both

Functional and Non-Functional Transmission. Even if Functional Transmission is estimated
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well, it has been demonstrated empirically that the lack of a good Non-Functional Trans-
mission estimate restricts accuracy to a correlation of less than 0.70. However, a good
estimate of Non-Functional Transmission requires information about the association be-
tween functionality and time. This implies that any Non-Simultaneous Activity change
estimator based upon a decoupling of time and functionality has severely limited accuracy.

Changes in Simultaneous Reduction are generally less significant than the opti-
mality attainable from changes in Non-Simultaneous Activity. However, it is more suited to
prediction by a model of activity which dissociates time and functionality. A model of this
form has been proposed and tested. The accuracy of this model in predicting Simultaneous
Reduction is high with a correlation of 0.96. It has also been shown that lack of good
transition sign estimation severely degrades the usefulness of this estimate. This limits the
simplicity of suitable models.

The best delay-sensitive estimation technique proposed has a total computational
complexity of 0(|An|!. Sp,ea, TTr,;) where |A,| is the total number of inputs to node n, TT,,
the number of possible transition times on input n;. This is compared to the total number
of BDD operation required for full simulation of all possible delay configurations which is
O((Xn,ern TTni)/ (TTnienn TTn,Y))- The coefficient of correlation for this model averaged
over all the benchmark circuits is 0.85. However, it has been shown that the applicability of
the model can vary significantly between specific networks and that sensitivity for detection
of optimality is insufficient for practical use.

In conclusion, through the construction and test of these estimation strategies it
has been verified that the decoupling of time and functionality reduces the ability to detect
optimal delay conditions beyond acceptable limits. Furthermore, the amount of optimality
which can be obtained, and the complexity of simulating to find optimal delay conditions
eliminates the value of further research in this area. It is therefore justified to ignore

sensitivity to delay at the input cutset and output nodes of a resynthesis region.
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Chapter 6

Conclusions

In this dissertation the concept of estimating transition activity effects in a re-
stricted information environment is presented. The concepts outlined are specifically ap-
plicable for guiding resynthesis algorithms which target reduced power consumption for
CMOS combinational networks. The accuracy of the estimation strategies has statistically
validated the dominance of changes in different circuit parameters during restructuring.

In the process of resynthesis, it is necessary to select network regions for restruc-
turing based upon global circuit properties. Local restructuring can influence the zero delay
(functional) and delay dependent (spurious dynamic) activity. The use of the Observabil-
ity Don’t Care (ODC) set during resynthesis can, in turn, influence the functional activity
throughout the transitive fanout (TFO) of the resynthesis region, as well as the spurious
dynamic activity due to changes in node sensitivities. The TFO activity is affected also by
changes in the circuit structure within the resynthesis region which affect the amount and
functionality of the spurious dynamic activity at the region outputs. There may also be
changes in signal arrival times which are a consequence of changes in the timing of paths
internal to the resynthesis region, or changes in the capacitive load of the region inputs on
the network. The spurious dynamic activity at any dependent parts of the network could
change as a result. The material presented in this dissertation is a detailed theoretical and
empirical study of all these effects.

The determination of whether a network region is an good choice for restructuring
is made before resynthesis can be performed. The definition of the most non-optimal re-
gions allows construction of the compatible ODC to be directed for maximizing resynthesis

freedom. However, without actually performing resynthesis the optimal change in function-
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ality, or internal structure, cannot be predicted exactly. A cost function for region selection
should therefore incorporate statistical properties extracted from observing a specific resyn-
thesis algorithm operating upon a large collection of networks. Global sensitivities to delay,
functionality and the amount of spurious dynamic activity are measures of how constrained
a resynthesis operation must be.

The sensitivity to changes in functional activity requires that an estimation strat-
egy be based upon the expected size of the functional change at a region outputs as exact
change in function which will result from resynthesis is not known a priori. A probabilistic
estimation scheme based upon predicting the global change in functional TFO activity given
only information about the expected size of the change in functionality is the material of
Chap. 3. This estimation technique correlates extremely well with simulation with a corre-
lation coefficient of 0.99 for circuits with input switching probabilities of 0.5. The technique
assumes independence between the functionality of the change, and the functionality of the
TFO nodes (except in so far as that the change is made within the ODC set). This is a gen-
erally valid assumption for resynthesis operations. The small standard deviation observed
is a consequence of the probability distribution corresponding to the overlap of a set de-
scribing the random change in functionality relative to the fixed sensitivity sets throughout
the TFO. This distribution is very strongly peaked about the average implying that a pre-
diction of expected change in activity correlates extremely well with most specific changes.
The results presented in Chap. 3 for zero-delay power show that TFO effects can offset a
decrease in power at the output of a resynthesis region in 21% of total cases. This reduces
viable resynthesis options. On the other hand, it is also shown that a local increase in power
can be offset by a global decrease (9%), and that a local improvement can be enhanced by a
factor of 5 when considering TFO effects (6%). All of these effects are accurately predicted
using the simple estimation strategy proposed. The estimation technique has been general-
ized for networks with arbitrary input switching probabilities. This consists of a technique
for partitioning the space into regions of similar minterm probabilities. Within each region
the standard deviation of the estimator results will conipare to that shown for networks for
which the uniform 0.5 input switching probabilities assumption holds. The ODC can then
be optimized in such a way as to emphasize the flexibility within each partition for which a
beneficial TFO influence is predicted. The change in function at the output of a resynthesis
region also affects sensitivities, and this change can be predicted in an analogous fashion to

the change in TFO functionality.



128

The sensitivity to changes in the spurious dynamic activity determines the form
of path imbalance within the resynthesis region which is tolerable. If there is a high sen-
sitivity, then the resynthesis step has to attempt to minimize this variable either through
balancing of path timing, or functional elimination of spurious activity. Chap. 4 contains
the results of an analysis of this problem. As the results of resynthesis are unknown it
is necessary to establish a sensitivity based upon the amount of spurious dynamic activ-
ity at the outputs, not its functionality. The estimation strategy proposed is based upon
a very simple transition estimation technique which assumes input functional and tem-
poral independence. Although these assumptions are generally not sufficient for accurate
power estimation, they are appropriate in estimating activity changes during resynthesis.
Resynthesis incrementally adjusts the network so the results of a single accurate activity
simulation completed prior to resynthesis can be used to scale probabilities for the simple
activity model. This then provides an estimation technique which is delay independent, and
embodies terms for both the sensitivity to spurious dynamic activity, and the sensitivity to
changes in sensitivities throughout the TFO (resulting from a functional change). Again,
this technique correlates well with simulation producing an overall correlation coefficient of
0.93. The worst correlation on a specific network for this estimator is 0.90. Similar to the
functional sensitivity estimation, there does not appear to be a strong influence of circuit
size upon estimator accuracy. The accuracy of this delay independent estimation supports
the conclusion that sensitivity to changes in function and the amount of spurious dynamic
activity at the output of a resynthesis region dominate delay effects when predicting global
changes in network activity. Combined with the functional activity estimation strategy,
the prediction of the total change in power throughout the TFO with a delay insensitive
estimator is 0.97.

The sensitivity to changes in delay defines how critical it is for path timing within
the resynthesis region to meet specified bounds. Furthermore, it can be used to define the
effect of loading at the region inputs. Not only is this the least dominant of the effects,
it is also the most complex to handle. In Chap. 4 this problem is addressed by assuming
knowledge about the amount of spurious dynamic activity at the outputs, and bounds on
the signal arrival times corresponding to changes in state. Ensuring that more detailed
information is known would be very constraining upon the form of resynthesis. It is shown
that this additional complexity actually results in an estimator which performs worse than

the delay insensitive estimate. This is a consequence of having to estimate the changes in
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many correlated terms of the describing expression. In this case, it is better to construct an
estimate by scaling the results of a simpler approximation technique rather than suffering
the error accumulation from the more complex approximation. Given that bounds on the
delay are insufficient to describe delay sensitivity, the question then arises as to what knowl-
edge of the timing and functionality is required to estimate delay sensitivity accurately, the
subject of Chap. 5. There are two aspects to be considered relative to delay sensitivity:
Functional Transmission and Simultaneous Switching. Functional transmission is the effect
whereby the initial or final state of an input to a node ensures that spurious activity is guar-
anteed to, or not to, pass. As optimality related to this effect depends upon signal arrival
time inequalities, this could be a feasible source of optimality. Simultaneous switching, on
the other hand, is a property of exact equality in the delay of convergent paths. This is a
constraint which is too difficult to satisfy with general layout heuristics. In Chap. 5, it is
shown that even just the decoupling of time and functionality is sufficient to lose signifi-
cant estimator accuracy for functional transmission (correlation coefficient of around 0.75).
Consequently, sensitivity of the output of the resynthesis region to delay (where change in
functionality and exact timing cannot be predicted) is not a feasible computation during
resynthesis. However, it is also shown that the influence of delay insertion at the inputs of
a node upon its output activity (excluding simultaneous switching) affects the activity by
less than 10% in eighty-five percent of possible cases, less that 20% in ninety-four percent
of possible cases. The overall probabilistic estimation strategy proposed which combines
functional transmission and simultaneous switching estimates achieves a correlation coef-
ficient of better than 0.80 on most circuits. However, optimality can only be detected by
testing all possible delay conditions. The magnitude of the effect and the complexity of the
estimation required eliminates the need to formulate delay sensitivity in the detection of

highly non-optimal regions for resynthesis.

6.1 Future Work

The material of this dissertation can be summarized as the development and test
of three estimation strategies useful for resynthesis for low-power. Considering relative
importances of the effects analyzed and the complexity of the estimation required, two of
these should prove to be useful strategies for construction of global cost functions.

The functional activity estimator can be used to determine the expected influ-
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ence on zero-delay power consumption throughout the TFO when a node is resynthesized.
Combined with statistical properties relating the local functionality and bounds on the
compatible ODC set, the non-optimality of a node can be defined. Clusters of these nodes
can be collapsed into viable resynthesis regions, and the construction of the ODC directed
in such a way as to maximize flexibility. This concept is outlined in detail in Chap. 3.6.
The construction of the ODC can also be directed according to the optimality within dif-
ferent partitions of the Boolean space, each partition corresponding to minterms of similar
probability. The results of this analysis will statistically establish the complexity/accuracy
tradeoff corresponding to the definition of the partitions. (Definition of these partitions to
minimize error is the subject of Chap. 3.5).

During each step of a resynthesis procedure, choices which are identical relative to
the zero-delay activity cost function can be separated by their estimated impact on spurious
dynamic activity by using the delay-insensitive dynamic activity estimation strategy. The
spurious dynamic sensitivity should not be primary in the decision making process, however,
due to the inherent limitations of the timing model. The functional activity and delay-
independent dynamic sensitivity estimation strategies can be modified to encompass the
properties of specific resynthesis approaches. If the resynthesis is known to perform only
limited changes relative to the original function, then the probability space describing the
range of possible changes can be restricted to improve accuracy.

The probability formulations presented here need to be extended to the domain
of sequential networks. In particular, the problem of delay sensitivity should be examined
further to determine whether the relationship between states makes the functional trans-
mission effect more dominant. If not, then it can generally be stated that sensitivity to

delay is a minor effect in the formulation of a global cost function for low-power resynthesis
of CMOS logic.
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