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Abstract 

 
 Dynamic branch prediction is a technique that has 
increased the performance in modern microprocessors. 
From a power perspective, it is important to consider 
the tradeoffs when comparing alternatives.  
Conventional dynamic branch prediction includes one-
bit and two-bit counter-based predictors.  More 
recently, perceptron-based branch predictors have 
proven effective for high prediction accuracy.  Using 
analytical techniques, this paper studies a 65 nm area, 
timing, and power analysis comparing a baseline 
gshare predictor to a path-based perceptron predictor.  
With these predictors, the path-based perceptron 
predictor shows a 28% area increase, a 9% prediction 
delay decrease, and an 8x power increase compared to 
the gshare predictor. 
 
 
 
 
1. Introduction 
 

Power is an important consideration when 
comparing design alternatives.  When designing 
dynamic branch predictors, conventional techniques 
include and two-bit counter based approaches.  For high 
prediction accuracy, perceptron-based approaches offer 
one alternative. 

The conventional techniques involve predictors 
with one or multiple arrays of two-bit counters [1].  
Created by Smith in 1981, the Smith predictor is one of 
the first two-bit counter based predictors.  Yeh and Patt 
created the two-level predictor in 1991 [2].  McFarling 
created the gshare and tournament predictors in 1993 
[1].  Other two-bit counter based predictors include the 
bimode, gskewed, agree, YAGS, alloyed, and path 
history predictors.  Each of these predictors has a 
pattern history table (PHT) of two-bit counters used to 
make predictions. 
 For perceptron-based predictors, Jimenez and Lin 
introduced the global perceptron predictor in 2001 [3].  
In 2002, Jimenez and Lin created the global/local 
perceptron.  Jimenez created the path-based predictor in 
2003 [4].  Seznec introduced the redundant-history 
predictor in 2004 that uses several variations of branch 

history to skew the indices [5].  Tarjan and Skadron 
created the gshare perceptron in 2005 which uses 
indexing similar to the two-bit counter gshare [6].  
Jimenez combined the global perceptron and the path-
based indexing to create the piecewise linear predictor 
in 2005 [7].  Tu, Chen, and John created the history-
skewed predictor in 2007, which uses branch history to 
skew the indices [8].  For another enhancement, 
Jimenez also created the idealized predictor which uses 
the XOR to create the indices [9].  Created by 
Ninomiya and Abe in 2007, the path-traced predictor 
uses local history to skew the indices [10].  Each of 
these predictors includes a table of perceptron weights 
(TPW) used to make predictions. 
 The performance improvements of perceptron-
based predictors includes a 13% to 33% misprediction 
reduction and a 2% to 19% IPC improvement compared 
to the conventional techniques [4, 11].  While the 
performance of perceptron-based predictors has been 
impressive, the implementation has its challenges.  The 
previous work includes area and timing results for 
perceptron-based predictors [4, 8], but a predictor 
power analysis is not conducted. 
 Given the lack of research in this area, this paper 
includes a power analysis comparing a baseline two-bit 
counter based gshare predictor to a path-based 
perceptron predictor.  The following sections cover the 
power analysis methodology, the predictor 
configurations, and the resulting power.  The area and 
timing details for these implementations are also 
included. 
 
 
2. Methodology 
 
 The power analysis methodology involves using 
analytical models to estimate the power required for 
each predictor [12, 13, 14, 15, 16].  The analysis is 
broken into standard-cell logic and memory arrays for a 
65 nm 0.9 V technology.  The logic power is calculated 
using a characterized 65 nm standard-cell library. 

For the standard cells, Equation 1 below shows the 
gate power Pgate, gate leakage Pgate-leakage, SD leakage 
PSD-leakage, interconnect power Pinterconnect, glitch power 
Pglitch, and overall standard-cell logic power Plogic [12, 
13]. 
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Pgate = ½ × switching × activity × Cgate × freq × Vdd2   (a) 
Pgate-leakage = W × percent_on × Igate-leakage-per-W × Vdd   (b) 

PSD-leakage = stacking × W × ISD-leakage-per-W × Vdd   (c) 
Pinterconnect = ½ switching × activity × l × Cper-l × freq × Vdd2   (d) 

Pglitch = 0.15 × (Pgate + Pinterconnect)   (e) 
Plogic = Pgate + Pgate-leakage + PSD-leakage + Pinterconnect + Pglitch   (f) �������� �	 
���
 ��� ���� ��� ���� ������� ��� �� ������� �������
������� ��� ������ ��� ������
������ �����

 
 
These equations are used for the standard-cell 

power estimates in this paper.  For these equations, 
each standard cell has a unique input capacitance Cgate, 
switching factor, and stacking factor [12].  For the 
standard cells the input capacitances Cgate range from 1 
fF to 8 fF, the switching factors range from 3% to 28%, 
and the stacking factors range from 0.25 to 1.00.  The 
variables Wmin, Igate-leakage-per-W, ISD-leakage-per-W, and Cper-l 
are technology specific characteristics, and for the 65 
nm technology used, Wmin is 0.130 µm, Igate-leakage-per-W is 
34 nA/µm, ISD-leakage-per-W is 15.6 nA/µm, and Cper-l is 
0.23 fF/µm.  A percent_on of 50% is used for the 
leakage.  The average wire length l of 57 µm is used for 
the interconnect between standard cells.  The overall 
standard-cell logic power Plogic is calculated by adding 
each power component together. 
 For the memory array, a six transistor static 
random access memory (SRAM) is used for the area, 
power, and delay estimates [12].  Figure 1 below shows 
the layout and dimensions for the 65 nm SRAM bitcell. 
 
 
 
 

 ����
� �	 �� �� � !" ������� #�$%
 

These SRAM bitcells are unique for each 
technology, and the size of this 65 nm SRAM bitcell is 
1.0 µm high by 0.68 µm wide [12].  The PFET 
transistors and NFET pass transistors are the minimum 
width Wmin which is 0.130 µm.  The pull-down NFET 
transistors have the width two times minimum 2 Wmin 
which is 0.260 µm.  Each SRAM cell can be placed 
directly side by side to create a memory array.  To 
reinforce power, one extra cell is added every 16 
bitcells to account for the added area. 

Equation 2 below shows the memory-array power 
calculations for the wordline Pwordline, bitlines Pbitlines, 
sense-amps Psense-amps, clock Pclock, leakage Parray-leakage, 
and overall array Parray [12, 13, 16]. 

 
 

Pwordline = ½ × activity × Cwordline × freq × Vdd2   (a) 
Pbitlines = ½ × activity × Cbitlines × freq × ∆V × Vdd   (b) 
Psense-amps = ½ × activity × Csense-amps × freq × Vdd2   (c) 

Pclock = Cclock × freq × Vdd2   (d) 
Parray-leakage = stacking × W × Iarray-SD-leakage-per-W × Vdd   (e) 

Parray = Pwordline + Pbitlines + Psense-amps + Pclock + Parray-leakage   (f) &'()*+,- ./ 0,123 4)5 6)*2 475 6)*2 82)9)62 4:5 ;< 82)9)62 4=5+-*23:,--2:* 425 68+*:> 4?5 @*)-=)3=A:288 8,6 B2C,3D )33)D 4)51,3=8+-2 E,123 475 7+*8+-2 E,123 4:5 @2-@2A)CE E,123 4=5:8,:9 E,123 425 82)9)62 E,123 4?5 )33)D E,123
 
 
These equations are used for the memory-array 

power estimates in this paper.  For the dynamic 
memory-array power, Pwordline, Pbitlines, Psense-amps, and 
Pclock are determined by the activity factor, the amount 
of capacitance switched per access, frequency, and 
voltage [14, 16].  The activity factor of 100% is used 
since branch prediction is calculated every cycle 
whether used or discarded [1].  For the capacitance, the 
wordlines include metal at 0.23 fF/µm and gate 
capacitance at 1.8 fF/µm [12].  The bitlines include 
metal at 0.23 fF/µm and diffusion capacitance at 0.05 
fF/µm.  The sense-amps include 28 fF of capacitance 
[16] and the precharge circuits controlled by the clock 
include gate capacitance at 1.8 fF/µm [12].  The ∆V is 
calculated as 15% Vdd.  The array leakage is determined 
by the SD leakage, the gate leakage is negligible.  The 
stacking factor of 0.18 and SD leakage Iarray-SD-leakage-per-

W of 20 nA/µm. 
For both the standard-cell power and the memory-

array power, the estimates in this paper use a frequency 
of 1 GHz and a voltage Vdd of 0.9 V.  Tables of the 65 
nm technology characteristics and standard cells are 
also shown in references [12] and [17]. 
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3. Predictor Configurations 
 
This section includes the gshare and path-based 

perceptron predictor configurations for a 16 KB 
hardware budget.  For branch prediction, the SRAM 
bitcells form the memory array to store the values and 
the standard cells create the logic used to make the 
prediction and update the values. 

Figure 2 below shows the gate-level 
implementation used for the gshare predictor in this 
paper. 

 
 

 �+6(32 ./ 6@>)32 E32=+:*,3 6)*2A82�28 +CE82C2-*)*+,-
 
 
With a 16 KB hardware budget, the exclusive-OR 

(XOR) of 16 bits from the branch address BA and 16 
bits of global branch history shift register (GBHSR) are 
used for the PHT index [1].  The PHT is an SRAM 
array that is 65,536 by 2 bits.  The update logic, which 
is not shown above, includes logic to increment and 
decrement the two-bit counter and logic to control the 
write back to memory.  The total logic includes 53 
standard cells with an area of 515 µm2 and a memory-
array area of 181507 µm2.  The total prediction delay 
with this implementation is 763 ps. 

For this gshare predictor, the 65,536 by 2 PHT is 
broken into four 4 KB memory sub-arrays.  Figure 4 
below shows the floorplan for each 4 KB sub-array. 

 

 �+6(32 �/ �8,,3E8)- ?,3 � �� @(7A)33)D

As shown, in each sub-array, there are 512 
wordlines and 64 bitlines.  The wordline driver is 
placed in the middle of the wordlines with half of the 
bitlines on each side [12, 13].  The bitline multiplexer 
selects 2 bits from the bitlines.  This floorplan requires 
16 address bits:  9 bits to select the wordline, 5 bits to 
select the bitlines, and 2 bits to select the sub-array.  
Combining four sub-arrays of 4 KB makes the top-level 
16 KB memory array which is 65,536 by 2 bits.  This 
approach reduces the dynamic power and speeds up the 
access time, but there is added delay to select the 
appropriate sub-array.   

For the path-based perceptron predictor, the branch 
path history determines the TPW indices, and the 
prediction is ahead pipelined [4].  Figure 4 below shows 
the gate-level implementation used in this paper. 

 
 

 �+6(32 �/ 0)*>A7)@2= E23:2E*3,- E32=+:*,3 6)*2A82�28+CE82C2-*)*+,-
 
 
Each perceptron weight is accessed from a separate 

table of perceptron weights (TPW) [4].  For a 16 KB 
hardware budget, there are h + 1 TPWs, 31 in this case, 
and each TPW is 512 by 8 bits.  The index for each 
TPW is 9 bits from the branch address BA.  When the 
vector weights w are accessed, the sign is inverted or 
remains the same with the inversion logic using the 
GBHSR.  The addition of weights is ahead pipelined, 
and the total is accumulated over h cycles using a 
separate adder for each stage, 30 adders for this 
predictor.  The final prediction is made using the bias 
weight bw from the TPW on the left and the 
accumulated vector weight w total to generate the 
prediction.  The TPW updates occur with logic to 
increment and decrement the weight values and logic to 
control write back to memory.  The total logic includes 
5041 standard cells with an area of 42267 µm2 and a 
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memory array area of 191125 µm2.  With the ahead 
pipeline, the total prediction delay with this 
implementation is 692 ps. 

For the path-based perceptron predictor with a 16 
KB hardware budget, there are 31 memory arrays each 
512 B.  Figure 5 below shows the floorplan for each 
512 B memory array. 

 

 �+6(32 �/ �8,,3E8)- ?,3 ) ��. � )33)D
 
In each 512 B memory array, there are 256 

wordlines and 16 bitlines.  The wordline driver is 
placed to the left of the wordlines.  The bitline 
multiplexer selects 8 bits from the bitlines.  This 
floorplan requires 9 address bits:  8 bits to select the 
wordline and 1 bit to select the bitlines. 

 
 

4. Results 
 
This section includes the power analysis results 

separated into standard-cell power and memory-array 
power.  A power comparison of the total power is also 
shown in this section. 

The standard-cell power includes gate power Pgate, 
gate leakage Pgate-leakage, SD leakage PSD-leakage, 
interconnect power Pinterconnect, glitch power Pglitch.  The 
gshare predictor has 53 standard cells and the path-
based perceptron predictor has 5041 standard cells 
leading to an 81x area increase.  With a 1 GHz 
frequency freq, a 100% activity factor, and the average 
switching factor, the gate power Pgate is 0.0169 mW for 
the gshare predictor and 1.1112 mW for the path-based 
perceptron predictor.  Using a Wmin of 0.130 µm, 
percent_on of 50%, and Igate-leakage-per-W of 15.6 nA/�m, 
the gate leakage power Pgate-leakage is 0.0001 mW for the 
gshare predictor and 0.0055 mW for the path-based 
perceptron predictor.  Using the stacking factors, Wmin 
of 0.130 µm, and ISD-leakage-per-W of 34 nA/�m, the SD 
leakage power PSD-leakage is 0.0028 mW for the gshare 
predictor and 0.1754 mW for the path-based perceptron 
predictor.  Using a 100% activity factor, an average 
wire length l of 57 µm, a Cper-l of 0.23 fF/�m, and a 1 
GHz frequency freq, the interconnect power Pinterconnect 

is 0.0346 mW for the gshare predictor and 3.3196 mW 
for the path-based perceptron predictor.  The glitch 
power Pglitch is 15% of the gate and interconnect power:  
0.0077 mW for the gshare predictor and 0.6646 mW for 
the path-based perceptron predictor.  Table 2 below 
summarizes the standard-cell power results. 

 
Power Used (mW) Component 

 gshare Path-based 
perceptron 

Gate Power 0.0169 1.1112 

Gate Leakage 0.0001 0.0055 

SD Leakage 0.0028 0.1754 

Interconnect Power 0.0346 3.3196 

Glitch Power 0.0077 0.6646 

Standard-Cell Power 0.0622 5.2763 ����� �	 
���
 �����
���� �� ������
������ ��������������
 
The overall standard-cell power Plogic is 5.2763 

mW for the path-based perceptron predictor compared 
to 0.0622 mW for the gshare predictor.  The standard-
cell area increase of 81x leads to an 83x increase in 
standard cell power Plogic.  For each predictor the gate 
power Pgate and interconnect power Pinterconnect are the 
dominant components.  Looking into these components, 
the difference between predictors is the capacitance.  
The overall gate capacitance Cgate is 327 fF for the 
gshare predictor and 22111 fF for the path-based 
perceptron predictor.  The overall interconnect 
capacitance is 695 fF for the gshare predictor and 
66087 fF for the path-based perceptron predictor. 

The memory-array power includes wordline power 
Pwordline, bitline power Pbitlines, sense-amp power Psense-

amps, clock power Pclock, leakage Parray-leakage.  The 
dynamic memory-array power is determined by the 
amount of capacitance switched per access, in this case 
the wordline, bitlines, and the precharge circuit 
controlled by the clock [14, 16].  The array leakage is 
determined by the SD leakage, the gate leakage is 
negligible. 

For each access, the gshare predictor accesses one 
sub-array within the memory array, and the path-based 
perceptron predictor accesses 31 memory arrays [1, 4].  
Using the 100% activity factor and a 1 GHz frequency 
freq, the wordline power Pwordline is 0.0082 mW for the 
gshare predictor and 0.1274 mW for the path-based 
perceptron predictor.  The power for the bitlines Pbitlines 
is 0.2354 mW for the gshare predictor and 1.8243 mW 
for the path-based perceptron predictor.  The sense-amp 
power Psense-amps is 0.0113 mW for the gshare predictor 
and 0.3515 mW for the path-based perceptron predictor.  
The clock power Pclock is 0.3882 mW for the gshare 
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predictors and 0.7521 mW for the path-based 
perceptron predictor.  The SD leakage is reduced to 20 
nA/um in the memory array, and the leakage power 
Parray-leakage is 0.2123 mW for the gshare predictor and 
0.2057 mW for the path-based perceptron predictor.  
Table 3 below summarizes the results of these power 
calculations for both predictors. 

 
Power Used (mW) Component 

 gshare Path-based 
perceptron 

Wordline Power 0.0082 0.1274 

Bitline Power 0.2354 1.8243 

Sense Amp Power 0.0113 0.3515 

Clock Power 0.3882 0.7521 

Array Leakage Power 0.2123 0.2057 

Memory Power 0.8554 3.2610 ����� �	 
���
 �����
���� �� ����
���

�� ��������������
 
The overall memory power Parray is 3.2610 mW for 

the path-based perceptron predictor compared to 0.2123 
mW for the gshare predictor.  The 5% array area 
increase leads to a 3x increase in memory power Parray.  
This increase is caused by accessing 31 memory arrays 
as opposed to one sub-array.  The bitline power Pbitlines 
is the dominant component for the path-based 
perceptron predictor, but the clock power Pclock is the 
dominant component for the gshare predictor.  This is 
due to the capacitance difference for each configuration.  
The path-based perceptron predictor has a dominant 
capacitance with the bitline capacitance Cbitlines, 969 fF 
per 512 B memory array, making the bitline power 
Pbitlines dominant.  For the gshare predictor, the clock 
capacitance Cclock is dominant, 120 fF per 4 KB sub-
array. 

Combining the standard-cell power Plogic and the 
memory power Parray, the path-based perceptron 
predictor has a total power of 8.5373 mW compared to 
the gshare predictor with a total power of 0.9176 mW, 
shown below in Table 4. 

 
Power Used (mW) Component 

 gshare Path-based 
perceptron 

Standard-Cell Power 0.0622 5.2763 

Memory Power 0.8554 3.2610 

Total Power 0.9176 8.5373 ����� �	 
���
 �����
���� �� ����� 
������
 

For the path-based perceptron predictor, the 
dominant power component is the standard-cell power 
compared to a dominant memory array power for the 
gshare predictor.  The increase in standard-cell power 
for the path-based perceptron predictor is caused by the 
prediction computation, 30 adders plus additional logic, 
compared to 16 XOR gates for the gshare predictor.  
Both predictors have the same hardware budget of 16 
KB, but there is a substantial difference in memory 
power.  Since the gshare predictor memory array can be 
split into four sub-arrays, the memory-array power is 
reduced from one large memory array [12].  For the 
path-based perceptron predictor, each memory array is 
smaller than the gshare predictor sub-array, but all 31 
memory arrays must be accessed each cycle.  Overall, 
the path-based perceptron predictor shows an 8x power 
increase compared to the gshare predictor. 

 
5. Conclusion 

 
This paper included a 65 nm area, timing, and 

power analysis comparing a baseline gshare predictor to 
a path-based perceptron predictor.  Analytical 
techniques were used to provide estimates, and the 
power analysis was grouped into standard-cell power 
and memory-array power.  For the path-based 
perceptron predictor the dominant component is the 
standard-cell power, compared to the baseline gshare 
predictor where memory power is the dominant 
component.  Looking at the total power, the results 
show an 8x power increase for the path-based 
perceptron predictor compared to the gshare predictor.  
Considering an area increase of 28%, the extra power 
increase comes from the added computation required 
for perceptron-based predictors.  As expected, the 
standard cell area increase of 81x leads to an 83x 
increase in standard cell power.  For the memory array, 
there is a 5% increase in array area yet there is an 
increase of 3x in memory power.  This is caused by the 
path-based perceptron predictor accessing 31 memory 
arrays per cycle compared to the gshare predictor 
accessing one memory sub-array. 

When considering performance, the path-based 
perceptron predictor has a 13% to 33% misprediction 
reduction and a 2% to 19% IPC improvement compared 
to the gshare predictor [4, 11].  For these performance 
benefits, based on these findings, the computation 
heavy path-based perceptron predictor leads to an 8x 
power increase and a 28% area increase, and use of the 
gshare predictor is recommended when targeting low 
power.  Given the path-based perceptron predictor has a 
misprediction reduction, an IPC improvement, and a 
9% prediction delay decrease, the total program runtime 
is reduced which also reduces total energy.  Future 
work involves comparing total energy of sample 
programs for each predictor. 
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Overview

• Motivation

• Methodology for evaluating predictors

• Predictor implementations

• A comparison of the results
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Types of Branch Predictors

• Conventional predictors

– Examples:  Smith, two-level, gshare

– Pattern history table (PHT):  2-bit counters

– Prediction typically made with most significant bit

• Perceptron-based predictors

– Table of perceptron weights (TPW):  8-bit weights

– Prediction made by sign of combined weights
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Two-Level [1]                               gshare [1]



5

Perceptron Prediction Algorithm

y ≥ 0  (positive) predict taken
y < 0  (negative) predict not taken
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Perceptron Predictor [1]
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Motivation

• Published papers showing performance benefits 
for perceptron-based predictors

Example:  16 KB hardware budget

– Misprediction reduction of 13% to 33%

– IPC performance improvement of 2% to 19%

• Lack of research including power analysis of 
perceptron-base predictors
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Evaluation of Predictors

• Implemented baseline gshare and path-based 
perceptron predictors with 16 KB hardware 
budget

• Measured area, prediction delay, and power

• Compared path-based perceptron results to 
baseline gshare predictor
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Methodology

• 65 nm technology
– Standard cells for control logic
– SRAM array for memory

• Voltage:  0.9 V

• Frequency:  1 GHz

• Activity Factor:  100%
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65 nm Bitcell
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Power Analysis Components

• Standard-cells

– Gate and interconnect power

– Gate and SD leakage power

– Glitch power

• Memory arrays

– Wordlines, bitlines, sense-amps, clock power

– Array leakage power
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Standard Cell Power Equations

Pgate = ½ × switching × activity × Cgate × freq × Vdd
2

Pgate-leakage = W × percent_on × Igate-leakage-per-W × Vdd

PSD-leakage = stacking × W × ISD-leakage-per-W × Vdd

Pinterconnect = ½× switching × activity × l × Cper-l × freq × Vdd
2

Pglitch = 0.15× (Pgate + Pinterconnect)
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Memory Array Power Equations

Pwordline = ½× activity × Cwordline × freq × Vdd
2

Pbitlines = ½× activity × Cbitlines × freq × ∆V × Vdd

Psense-amps = ½× activity × Csense-amps × freq × Vdd
2

Pclock = Cclock × freq × Vdd
2

Parray-leakage = stacking × W × Iarray-SD-leakage-per-W × Vdd
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Baseline gshare Predictor

GBHSR

PHT

Prediction

BA
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Baseline gshare Implementation

• Standard cells
– XOR gates
– Shift register

• Memory configuration
– Total 16 KB
– 1 x 4 x (4 KB sub arrays)
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Baseline gshare 4 KB Sub-Array
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Path-Based Perceptron Predictor

TPW

Prediction

BA

TPW TPW

GBHSR[1] GBHSR[h]

…

…

inversion  logic inversion  logic

register register
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Path-Based Perceptron Implementation

• Standard cells
– Inversion logic
– Shift register
– Adders
– Storage registers

• Memory configuration
– Total ~16 KB
– 31 x (512 B arrays)
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512 B Array
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Area Comparison

42267 515 Standard Cells

233392182022Total Area

191125 181507 Memory Arrays

Path-based
Perceptron (µm2)

gshare (µm2)
Component

28% increase
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Prediction Delay Comparison

303709Array Access

055Index Logic

692763Total Prediction Delay

3900Prediction Logic

Path-based
Perceptron (ps)

gshare (ps)Component

9% decrease
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Power Comparison of Standard-
Cell Implementation

5.27630.0622Standard-Cell Power

0.66460.0077Glitch Power

3.31960.0346Interconnect Power

0.17540.0028SD Leakage

0.00550.0001Gate Leakage

1.11120.0169Gate Power

Path-based
Perceptron (mW)

gshare (mW)Component

84x increase



23

Power Comparison of Memory-
Array Implementation

3.26100.8554Memory Power

0.20570.2123Array Leakage Power

0.75210.3882Clock Power

0.35150.0113Sense Amp Power

1.82430.2354Bitline Power

0.12740.0082Wordline Power

Path-based
Perceptron (mW)

gshare (mW)Component

3x increase
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Power Comparison of Final Results

8.53730.9176Total Power

3.26100.8554Memory Power

5.27630.0622Standard-Cell Power

Path-based
Perceptron (mW)

gshare (mW)Component

8x increase
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Results Compared to Baseline

• 28% area increase

• 9% prediction delay decrease

• Power
– 84x standard cell power increase
– 3x memory array power increase
– 8x total power increase
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Conclusion

• Advantages
– Misprediction reduction of 13% to 33%
– IPC performance improvement of 2% to 19%

• Disadvantages
– Area increase of 28%
– Total power increase of 8x

• Future work involves comparing total energy
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Standard Cell Library

OR3AND3MUX4TRIINVXNOR2AOI3NOR2NAND2

DFFROR2AND2IMUX2OAI4XOR2NOR4NAND4BUF

OR4AND4IMUX4MUX2OAI3AOI4NOR3NAND3INV



152.12146.71141.28135.95130.44124.25117.06108.17OR4

126.08120.67115.24109.91104.498.2191.0282.13OR3

106.44101.0395.690.2784.7678.5771.3862.49OR2

137.11131.7126.27120.94115.43109.24102.0593.16AND4

119.52114.11108.68103.3597.8491.6584.4675.57AND3

105.96100.5595.1289.7984.2878.0970.962.01AND2

185.5172.9160.3147.7135.1122.4109.796.8IMUX4(data)

176.2163.4150.5137.6124.6111.49883.96IMUX4(sel)

99.8792.6585.5778.7372.0665.6659.4353.48MUX4(data)

122.9114.8106.998.9391.0183.1175.2267.34MUX4(sel)

115.4106.998.3989.8981.3772.8464.3255.8IMUX2(data)

83.1377.3471.6165.8860.2754.6949.3243.88IMUX2(sel)

50.5147.7444.7841.6438.2834.6530.6726.15MUX2(data)

62.4958.8855.2951.748.1544.0539.0934.75MUX2(sel)

86.6981.1675.5470.0164.3358.6952.946.77TRIINV

102.696.6990.8584.878.9972.9366.8560.76OAI4

93.988.0682.1876.2770.3764.3358.3152.08OAI3

102.496.5590.7584.8279.0173.0667.0961.04XNOR2

96.0990.2984.3878.5472.6266.6560.6654.53XOR2

104.698.7692.8886.9981.175.0869.1662.95AOI4

94.388.5182.6576.7770.9564.958.9452.7AOI3

132.1125.8119.6113.3106.9100.693.9587.34NOR4

10498.0291.9885.8579.8873.6967.5561.2NOR3

83.2777.4771.6865.7659.9653.9547.8541.06NOR2

113.2107.5101.896.0190.1184.278.1971.96NAND4

94.0788.5282.9177.3171.6465.9460.2154.44NAND3

79.5574.0668.6363.1457.6552.2246.7540.43NAND2

72.5867.161.7657.3953.0248.5843.9238.87BUF

68.563.0957.6652.3346.8240.6333.4424.55INV

FANOUT 8 
DELAY (ps)

FANOUT 7 
DELAY (ps)

FANOUT 6 
DELAY (ps)

FANOUT 5 
DELAY (ps)

FANOUT 4 
DELAY (ps)

FANOUT 3 
DELAY (ps)

FANOUT 2 
DELAY (ps)

FANOUT 1 
DELAY (ps)CELL



65 nm Standard Cell Characteristics

12%0.64814.7355.0%8.1DFFR

9%0.6259.5465.0%6.2OR4

9%0.6756.7170.0%4.7OR3

9%0.7544.5375.0%3.4OR2

7%0.6369.3865.0%6.1AND4

9%0.6746.7170.0%4.7AND3

12%0.7534.2775.0%3.2AND2

3%0.50918.3360.0%11.0IMUX4

3%0.50613.8360.0%8.3MUX4

3%0.6349.4370.0%6.6IMUX2

3%0.6326.0070.0%4.2MUX2

15%0.5045.2580.0%4.2TRIINV

6%0.50526.1565.0%17.0OAI4

6%0.50418.5770.0%13.0OAI3

9%0.2579.6075.0%7.2XNOR2

9%0.3379.2075.0%6.9XOR2

6%0.33516.9265.0%11.0AOI4

6%0.50412.8670.0%9.0AOI3

6%0.25810.4665.0%6.8NOR4

7%0.3355.8670.0%4.1NOR3

9%0.5023.8775.0%2.9NOR2

6%0.25610.4665.0%6.8NAND4

8%0.3345.8670.0%4.1NAND3

12%0.5023.8775.0%2.9NAND2

28%1.0023.0080.0%2.4BUF

28%1.0011.5080.0%1.2INV

switching factorstacking factorGATE CAP (fF)UTILIZED AREA 
(um2)utilization factorAREA (um2)CELL



0.0977 ohms/sqMetal Rper-sq

57 µmAverage Wire Lengthl

0.23 fF/µmMetal Cper-l

35 ohms/sqPolyRper-sq

0.05 fF/µmCdiffusion

1.8 fF/µmCgate

20 nA/µmIarray-SD-leakage-per-W

34 nA/µmISD-leakage-per-W

15.6 nA/µmIgate-leakage-per-W

630 µA/µmPFETIDsat

1380 µA/µmNFET IDsat

0.130 µmWmin

0.9 VVdd

ValueParameter

65 nm Technology Characteristics
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Hardware / Software Trade offs in Multicore Architectures

Steven A. Guccione
Cmpware, Inc.

Austin, TX (USA)
Steven.Guccione@cmpware.com

Abstract  -  For  over  three  decades  microprocessor 
architectures  have  used  increasingly  large  numbers  of 
transistors to improve performance.  With the advent of 
multicore microprocessors,  it  is  not obvious how best to 
use  transistor  budgets.   The  choice  is  between  a  small 
number of complex cores or a larger number of simpler 
cores.   This  paper  investigates  the  specific  trade  offs 
between using a hardware floating point unit as opposed 
to  software  emulation  of  floating  point  using  a  larger 
number of cores.

I.  Introduction

The history of microprocessor architecture has been one 
of making use of ever increasing numbers of transistors 
to provide ever increasing levels of performance.  Over 
the course of several decades the number of transistors 
available to microprocessor architects could reliably be 
expected to double approximately every 18 months.

While the number of available transistors increased by 
several  orders  of  magnitude  over  this  period,  the 
performance gains achieved were much smaller.  New 
transistors  added  to  maturing  processor  architectures 
achieved smaller and smaller incremental performance 
gains over time until finally large numbers of transistors 
did little to increase performance for most applications.

Near the beginning of the new millennium a significant 
change  occurred  in  mainstream  microprocessor 
architecture.   New transistor  budgets  were  no  longer 
used  to  increase  performance  of  individual 
microprocessors; instead multiple processor cores were 
implemented on a single device.  This change occurred 
for a variety of reasons, but the effect on performance 
was  dramatic.   Suddenly  doubling  the  number  of 
transistors  could,  at  least  in  theory,  double  the 
performance of the device.

This was a situation that had not existed for decades. 
While  mainstream  microprocessor  architects  quickly 
embraced  this  multicore  approach  to  utilizing  new 
transistor budgets, the process has typically made use of 
existing  modern  processor  architectures  for  the 
individual cores.  Since it is clear that the last several 
generations of architectural  enhancements added  little 

in  performance  to  these  single  core  architectures,  it 
seems  obvious  that  re-deploying  these  transistors  to 
increase the number of cores, while reducing the size of 
the  cores  themselves,  should  result  in  an  increase  in 
overall performance.  What is not clear is how far back 
should the clock be turned in redeploying transistors in 
this manner.

This paper will focus on a very early hardware addition 
to the basic microprocessor  architecture:   the floating 
point  unit.   Issues  concerning  the  redeployment  of 
floating point unit transistors to increase the number of 
cores  in  a  multicore  device  is  explored.   Software 
emulation of floating point operation as well as similar 
techniques are examined.

II.  Multicore Architectures

All modern desktop and server microprocessor devices 
today are  multicore  devices.   It  is  expected  that  this 
trend will continue for some time, with the number of 
cores  continuing  to  increase,  approximately doubling 
with every new generation of microprocessor.

This  shift  to  multiple  core  microprocessors  has 
occurred for a variety of reasons, which are interrelated 
and happened to occur at approximately the same time 
in history.   First,  the increase in clock speed and the 
continued shrinking in transistors resulted in a situation 
where power consumption reached and even exceeded 
100W per device.  The trend in power consumption for 
high  performance  microprocessors  was  perhaps  the 
most  visible  and  urgent  reason  for  the  move  to 
multicore.  With multiple cores, the core voltages and 
clock speed could be reduced,  resulting in significant 
power  savings.   Two  lower  power,  but  lower 
performing,  cores  could  operate  at  a  combined 
performance level above that of a more powerful single 
core.

A second  reason  for  the  move  to  multicore  was  the 
plateauing  of  microprocessor  clock  speeds.   While 
related  to  power  consumption,  the  ability  of  modern 
CPU  architectures  to  support  clock  speed  above 
approximately  4  GHz  was  also  a  function  of  the 

mailto:Steven.Guccione@cmpware.com


underlying silicon technology.  In order to continue to 
provide  performance  gains  in  new  generations  of 
microprocessors, other techniques besides faster clocks 
were going to have to be employes.  Multicore was a 
convenient  method of boosting total  processor  device 
performance without having to raise clock speeds.

Finally,  one  significant  problem  with  modern 
microprocessor  design  was  the  cost.   Design  and 
verification of a large microprocessor was beginning to 
exceed  the  available  resources  of  even  the  largest 
corporations.  Multicore also addressed this problem by 
reusing a single smaller core multiple times in the same 
design.

As  Figure  1  indicates  the  number  of  transistors 
available  to  microprocessor  architects  continues  to 
grow, even as the ability to produce traditional single 
core  microprocessor  devices  became  less  and  less 
feasible.  After approximately the year 2000, multicore 
became  the  sole  method  of  continuing  to  keep 
microprocessor performance on the established 30  year 
track.

III.  FPGA CPUs

It is clear that the later generations of microprocessor 
devices used their transistor  budgets to provide fairly 
minimal increases in performance.  In fact, much of the 
performance  gains  in  modern  microprocessor  devices 
came  from increases  in  clock  speed  associated  with 
smaller transistors, not from the use of larger numbers 
of these smaller transistors.  While these performance 
gains  were  important  in  the  highly  competitive 
marketplace,  the  equation  changed  significantly  with 
the move to multicore.

While  in  early  microprocessors,  a  doubling  in  the 
number  of  transistors  could  result  in  a  doubling  of 
performance, only very small gains could be expected 

in recent generations.  But with mucticore promising a 
doubling  in  performance  for  a  doubling  in  transistor 
count,  a  re-evaluation  of  existing  multiprocessor 
architectures may be in order.  Such an investigation is 
potentially complicated due to the long history, lack of 
published information and potential  effects  of  rapidly 
changing technology.

Fortunately,  Field  Programmable  Gate Array (FPGA) 
technology presents an environment remarkably similar 
to  the  world  of  microprocessor  design  circa  1985. 
Simple 32-bit  RISC processors  are  beginning to  find 
their way in common usage and hardware floating point 
units are just beginning to be explored.  

Table 1 gives a list of microprocessor core components 
for FPGAs measured in the number of 4-input Look Up 
Tables (LUTs) used in each component.  LUTs are the 
basic  building  block  used  by  FPGAs  to  construct 
circuits.   This  provides  a  very  good  measure  of  the 
relative circuit size of these elements.

While there is currently no information available on a 
complete  floating  point  unit  Arithmetic  and  Logical 
Unit (ALU) in an FPGA, these numbers indicate that a 
Multiply-Accumulate  unit  (MAC) is  over  three  times 
the  size  of  the  CPU  core  itself.   In  a  multicore 
environment, the choice of hardware for such a system 
would  be  a  single  CPU  with  a  single  MAC  or 
approximately five CPUs.  In fact, the choice is likely 
to involve a larger number of cores.  The choice may be 
between  200  CPU plus  MAC cores  and  1,000  CPU 
cores.

IV. Floating Point Performance

With a hardware design choice of a single CPU plus a 
single  FPU versus  five  CPUs,  some measurement  of 
performance of these competing approaches is required. 
In this example, the goal is to first give an estimate of 
hardware  floating  point  performance  versus  software 
emulation of floating point.  Such a system may offer a 
wide variety of size versus performance points.  While 
floating point hardware often takes multiple cycles and 
has  the  ability  to  pipeline  certain  operations,  it  is 
conservatively  assumed  that  each  floating  point 
operation  is  independent  and  takes  place  in  a  single 

Figure 1: Transistor budgets for microprocessors.
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Table 1: FPGA core sizes.

Component LUTs
CPU 800
FP Add 1,312
FP Multiply 1,380
FP Mac 2,772
FPU support* 850



cycle.   These  two approaches  were  simulated  on  the 
Cmpware  CMP-DK  multicore  simulator  [8].   The 
results of these simulations are shown in Table 2.

Table  2  indicates  that  unoptimized  floating  point 
software  emulation  is  approximately 28  times  slower 
than the floating point hardware.

While this result is disappointing, attempts to use the 
compiler to optimize the code results in a factor of two 
improvement  in  performance  over  the  unoptimized 
floating point emulation.  Unfortunately it also results 
in  a  factor  of  three  increase  in  performance  for  the 
floating  point  hardware  architecture.   Overall,  the 
optimized  code  for  the  software  emulation  of  the 
floating point  operations  is  41  times slower  than the 
hardware.  These results are also shown in the graph in 
Figure 3.

Clearly  even  having  five  CPU  cores  operating  in 
parallel  is  no  match  for  a  factor  of  41  increase  in 
performance for floating point hardware.  These naive 
results  are,  however,  somewhat  unexpected.   Clearly 
floating  point  arithmetic,  particularly  a  multiply-
accumulate  operation,  is  not  over  40  times  more 
efficient  than  a  software  implementation.   So 
investigation into the underlying implementation is in 
order.

Both implementations used the same exact source code 
shown in Figure 2, which was a simple loop repeated 
1,000  times  containing  a  multiply-accumulate 
operation.   This  is  a  simple benchmark,  but  one that 

contains  a  high  ratio  of  floating  point  operations,  in 
order to draw a fair comparison.  Both were compiled 
with  the  Gnu   gcc  compiler  version  4.2.2  using  the 
standard libraries.

Upon  closer  investigation,  it  was  revealed  that  the 
floating point emulation libraries perform a substantial 
amount  of  work  keeping  the  data  in  a  rigid  floating 
point format.  This format is the standard IEEE format 
with a single bit for the sign, eight bits for the exponent 
and  the  remaining 23  bits  for  the  mantissa.   A final 
extra leading mantissa bit is always assumed to be '1'.

These  four  fields  are  'unpacked'  before  each  floating 
point  operation,  giving  the  integer  arithmetic  units 
access to the individual fields for the calculations.  In 
addition, after  each operation is complete,  the data is 
'packed' back into the IEEE format.  This pack / unpack 
combination is performed on each data item for  each 
floating point calculation performed.

Figure 3: Floating point performance.

This packing and unpacking of data adds nothing to the 
computation and is used simply to keep data in a format 
favored by the floating point hardware, which is not in 
use.  An alternative is to unpack the data once at  the 
beginning of the calculation and pack it back again into 
the  standard  format  when  it  is  required  by  other 
hardware or routines such as output.

The  middle  row in Table  2  gives  the  results  for  this 
'unpacked' calculation.  Unlike the naive implementation 
from the standard libraries, this version is approximately 
7  times  slower  than  the  floating  point  hardware 
implementation  in  the  unoptimized  version,  and  3.75 
times  slower  than  the  floating  point  hardware 
implementation in the optimized version.

This result indicates that  over  95% of the time in the 
emulation routines is spent packing and unpacking data. 
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Table 2: Floating point hardware performance 
versus floating point emulation performance.

FP Hardware 12,024 4,015
FP SW (unpacked) 83,026 15,073
FP Software 336,254 165,010
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int main(int argc, char *argv[]) {
int  i;

   float  a = 10.5;
   float  b = 3.25;
   float  c = 0.0;
   
   for (i=0; i<1000; i++)
      c = c + (a * b);
          
   }  /* end main() */

Figure 2: The multiply-accumulate code.



Unfortunately,  this  type  of  code  is  very  difficult  for 
compilers to automatically optimize and currently has to 
be eliminated manually.  However, the ability to achieve 
only  a  factor  of  3.75  slowdown  in  a  multicore 
environment  that  has  five  times  the  number  of  cores 
appears to support the idea that even for floating point 
hardware,  more  cores  represent  a  higher  performance 
implementation than special purpose hardware.

V.  Conclusions

As  more  and  more  desktop,  server  and  embedded 
processors  move  to  multicore  architectures,  a  more 
thorough study of multicore architectural issues should 
be  undertaken.   Most  significant  are  the  combined 
questions of how many cores should a design use and 
how large should those cores be.

The CPU cores used in today's designs appear to arise 
more  from  convenience  than  any  other  measurable 
factor.  The most recent generation of cores is typically 
replicated  in  a  device  with  little  indication  of  other 
alternatives being explored.  This is problematic because 
the microprocessor core of today has undergone a very 
long process of development involving many orders of 
magnitude  increase  in  size  and  performance.   The 
changes to these cores along the way had a single goal: 
to  improve  serial  performance in  a  single core 
environment.

This  focus  on  improving  serial  performance  was 
understandable for single core devices. It preserved the 
programming model and kept legacy software operating 
on  subsequent  generations  of  devices.   But  once  the 
break  with  uniprocessing  has  been  made  and  the 
programming model broken, many of the architectural 
decisions made to create these cores come into question.

In this paper we explored some very early decisions in 
microprocessor history:  the addition of a floating point 
unit.   This  occurred  somewhere  in the middle of  this 
history of  microprocessor  development,  approximately 
halfway  between  the  original  Intel  4004  and  today's 
quad core devices.

Close examination indicates that even for simple code 
with very high proportions of floating point operations, 
the use of special  purpose hardware for floating point 
operations may not be warranted.  The ability to perform 
such  operations  in  software  using  simpler  integer 
operations appears to be more efficient  in a multicore 
environment.

Of course, multicore architectures are new and there is 
much to be learned.   In  particular  software issues are 
more important in multicore devices than in traditional 

single  core  architectures.   The  ability  to  parallelize 
software across a large number of cores will be the key 
to successfully exploiting the potential high performance 
of multicore devices.  As work on tools, algorithms, and 
programming techniques progress, the parameters which 
define  emerging  multicore  architectures  will  become 
more sharply defined.

But  the  situation  is  somewhat  unusual.   Multicore 
devices of many types are already in production, even 
without basic  software support.   A large swath of the 
semiconductor industry is now dependent on significant 
breakthroughs  in  application  level  software  which 
already appear to be overdue.
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CPU Transistor Budgets
● Approx. 1B transistors available (2008)
● 30+ years of Moore's Law

● 8 -> 16 –> 32 –> 64 bit CPUs
● Floating Point
● Superscalar
● Caches, buffers, caches and more caches

● Decreasing 'ROI' for new transistors
● Little performance boost in last generation of 

single core CPUs
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CPUs in the New Millennium
● Single core architectures

● Clock speeds plateauing (4 GHz)
● Heat dissipation problems (100+ W)
● Design costs ($$$)

● Multicore architectures
● Increase performance
● Reduce power consumption
● Simplify design



Copyright (c) 2008 Cmpware, Inc.

Multicore Architecture
● A new set of design parameters:

● Core size
● Number of cores
● Core functionality
● Core to core communcation

● Q:  Do you want dual Pentium 4 or 1,000+ 
80386 cores?
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Massively Multicore
● Smaller cores provide higher total MIPS

● Using thousands of CPUs in parallel challenging
● Software and tools issues
● Memory and IO bandwidth questions
● Application dependent

● 1,000 cores breaks software -- but so does 
dual core

● Q:  How small should a core be?
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FPGA CPUs
● Currently simple 1980s-style RISC CPUs
● Beginning to implement floating point
● Some multicore experimentation

Component LUTs
CPU 800
FP Add 1,312
FP Multiply 1,380
FP Mac 2,772
FPU support* 850
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Relative FPGA Core Sizes

CPU
FP MAC

● FP MAC almost 4x larger than CPU
● Q:  CPU + MAC or 5x CPU?
● Q:  50x CPU + MAC or 250x CPU?

CPU CPU CPU

CPUCPU
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int main(int argc, char *argv[]) {
int  i;

   float  a = 10.5;
   float  b = 3.25;
   float  c = 0.0;
   
   for (i=0; i<1000; i++)
      c = c + (a * b);
          
   }  /* end main() */

SW vs. HW FP
● Simple floating point code
● Run on Cmpware PowerPC simulator
● HW FP instructions vs. soft FP emulation
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HW vs. SW Floating Point
● SW emulation 30x – 40x slower than HW
● ... but most of the time spent packing / 

unpacking numbers into floating point format
● 'Unpacked' FP only 3.75x slower than HW

FP Hardware 12,024 4,015
FP SW (unpacked) 83,026 15,073
FP Software 336,254 165,010

Instructions 
Executed

Instructions 
Executed (-O3)
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HW vs. SW Floating Point
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FP HW in Multicore
● SW FP 3.75x slower FP execution than HW
● ... but permits 5x CPU cores
● Opens up new optimization opportunities
● Performance available for non-floating point 

applications
● Other applications likely to have an even 

lower mix of FP / non-FP instructions
==> Software FP 'wins' in multicore
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Conclusions
● CPU + FPU 5x size of CPU
● FPU software emulation optimized to 3.75x 

speed of HW FPU
● FP software beats FP hardware in multicore

● Depends on instruction mix
● Depends on ability to parallelize application
● Depends on I/O and system parameters

● More simple cores favored
● SW beats special purpose HW in multicore
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Abstract 

Detailed pre-silicon analysis of new features incorporated in high performance microprocessors often 
requires the use of RTL gate-level models because accurate higher-level models of such features are not 
available. While the results of such studies can be very valuable, this approach is both slow and complex, 
resulting in extreme constraints on the maximum size of workloads that can be studied. These issues are 
exacerbated when the object of a study are specific new features of a larger design, requiring that 
instructions in the workload target the features under evaluation. Although micro-benchmarks can 
sometimes be used for this purpose, it is also desirable to examine real-world workloads. Thus, a 
methodology for using detailed RTL models with realistic workloads requires workload sampling 
techniques. Existing workload sampling techniques do not completely satisfy the requirements of this 
methodology because (1) they are restricted to using predefined workload metrics to identify representative 
samples of the workload, but these metrics may not encompass the requirements of a highly-targeted study, 
and (2) small samples do not sufficiently warm up architectural and micro-architectural state such that 
measured results will mirror those of the sample in the context of the full workload. For these reasons, a 
more flexible and complete technique is required for extraction of representative samples of workloads that 
exercise specific features of the microprocessor. In this paper, we present Workload Slicing Flow as a set 
of tools that enables the creation of representative workload slices satisfying a set of metrics and 
constraints while providing sufficient warmup. The use of the flow is illustrated by selecting slices for 
power-characterization of the floating-point unit of a research microprocessor. The selected slices are 5% 
of the size of statistical samples of the original workload, and result in power estimates within 4% of the 
full workload power estimates.. 
 

1. Introduction 
 
Power consumption is becoming a first-order design 
concern of microprocessors. As such, power estimation 
is needed during the early design stages to evaluate 
alternative design options, and during later design stages 
to validate that the power targets and constraints have 
been met for a specific application domain.  This 
concern with microprocessor power is a direct result of 
the increasing demand for lowering the power 
consumption of systems due to several factors that 
include: (1) reliability (2) cost of packaging and cooling, 
and (3) longer operation-time-between-charges of 
battery-operated personal computing devices and 
wireless communication systems [1]. 
 
Models with different levels of abstraction are used to 
characterize microprocessors during the design cycle. 
Low-level models of the microprocessor are often used 
to characterize power consumption of new features 
because of the lack of higher-level models for the new 
features, or because higher-level models do not provide 
sufficient accuracy.   Figure 1 illustrates typical 
abstraction levels at which power consumption can be 
characterized.  The power characterization tools for low-
level models of complex designs such as high-

performance microprocessors are very costly to run in 
terms of both time and space. Therefore, the stimuli that 
can be used at these levels are highly targeted to specific 
microprocessor features and are subject to severe size 
and instruction mix constraints [2].  This paper presents 
workload slicing as a technique to generate effective 
workloads to meet these constraints.  
 
Workload slicing uses statistical sampling to find large 
samples representative of execution phases of 
applications (segments), and then and then employs 
user-specified workload metrics and constraints to each 
segment to produce a set of short representative samples 
of the segment (slices), which collectively represent the 
segment for a given response metric (for example 
floating point unit power consumption, see Section 2). A 
slice includes initial state information, such as the state 
of the general purpose registers, and sufficient memory 
initialization of code and data sections.  Furthermore, an 
effective slice will comprise considerations for both 
architecture and micro-architecture warm-up 
considerations. 
 
Several techniques for reducing workload size have been 
proposed, including control flow modeling [3], 
benchmark subsetting [4], and synthetic workload 
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extraction [5]. Unfortunately, these approaches are not 
sufficient for slicing because they result in workloads 
that are still too large for this purpose, or because they 
require special simulators or hardware-generated traces. 
Such approaches could be used to provide a set of initial 
workloads for further reduction, but they cannot 
eliminate the need for slicing.  Two exisiting techniques 
that can be used to generate small-sized stimulus for 
power characterizations are micro-benchmarks, and 
benchmark sampling [2, 6-8].   
 
Micro-benchmarks are good for targeted 
characterization and testing of specific functionality of 
new features [9]. However, micro-benchmarks do not 
scale well to higher-level models because they usually 
are not sufficiently representative of workloads of 
interest, and hence cannot confidently be used 
forestimating power consumption of large interesting 
applications.  
 
Sampling techniques have been successfully used in 
architectural and micro-architectural design exploration 
studies [10].  Tools like SimPoint [7] use basic-block 
execution counts to identify phases of program 
execution, and after that, use a clustering algorithm to 
find a set of representative samples that can be executed 
in lieu of the program.  In contrast, ad-hoc sampling 
techniques such as fast-forwarding, reduced input sets, 
etc. have been demonstrated to be less effective in 
producing samples that are representative of their 
programs [4, 8, 11].  
 

Existing sampling techniques suffer two main problems  
for power characterization and estimation using low-
level models.  The first is that the available sampling 
tools do not offer flexibility in specifying workload-
oriented metrics of interest that the samples should 
exhibit. For example, characterizing the power 
consumption of a floating point unit in a microprocessor 
requires workloads that include floating point 
instructions. Samples of a program from regions of code 
that do not include such instructions may not be of 
interest for this characterization. A sampling tool that 
provides flexibility in specifying the sampling metrics 
and constraints is necessary for detailed characterization 
of specific features of a hardware design. 
 
The second problem with existing statistical sampling 
techniques is that they assume that the sample size is 
large enough to allow the initial state of the micro-
architecture to be ignored; as a result these techniques 
do not adequately account for warm-up of samples 
which are created with strict size constraints [3, 5, 8, 
12].  Our own experiments confirm that the micro-
architecture state can influence the characterization to a 
large degree, considering the workload length constraint 
on stimulus used for power characterization with low-
level models (as illustrated in Section 3).   
 
The next section explains the slicing approach and 
slicing flow. Section 3 presents experiments to illustrate 
the micro-architecture warm-up requirements for 
workload slicing. Finally, Section 4 summarizes this 
paper, and gives future work suggestions and ideas. 

Figure 1  Power estimation abstraction levels 



 
2. Approach 
 
Workload slicing is carried out by processing the 
workload in two passes. Figure 2 illustrates the 
workload slicing flow, and the tools used in the flow. 
The first pass identifies slicing criteria, while the second 
pass produces the slices. In the first pass, the workload 
executable is traced using an Instruction Set Simulator 
(ISS) controlled by the Tracer/Slicer shown in Figure 2. 
The ISS has been augmented with simplistic models of 
certain micro-architecture elements. Thus, in addition to 
tracing the instructions execution of the workload, the 
Tracer uses the augmented functional model to annotate 
the resulting traces with additional information that is 
used by other tools of the flow (for example cache 
hit/miss information). The traces from this pass are then 
fed to a tool referred to in Figure 2 as Slicing Criteria 
Identifier (SCI), which identifies slicing points based on 
user-supplied workload metrics and constraints. In the 
second pass, the workload is run again to generate slices 
based on the identified criteria. This is done by the 
Slicer, which can also generate micro-architecture 
warm-up prelude if needed (discussed in Section 2.3). 
 
Workload slicing comprises three main tasks: 
segmenting, slicing, and micro-architecture warm-up 
prelude generation. These tasks are discussed in the 
following sections. 
 
 
 

2.1. Segmenting 
The first task in the slicing process is statistical 
sampling, illustrated in Figure 3(a). Statistical sampling 
is an optional task and is used to reduce the workload 
size for the subsequent tasks. Simpoint is used to find a 
set of segments that represent the different phases of the 
workload based on the execution counts of its basic 
blocks [7]. Each segment is associated with a weight 
that indicates the percentage of its basic blocks 
execution to the overall workload basic blocks 
execution. The weights associated with each segment 
can be used later to estimate the workload’s overall 
metric of interest (e.g. its total power consumption) from 
each segment’s metrics. 
 
2.2. Slicing 
The second task, illustrated in Figure 3(b), involves 
using the SCI to identify representative slices within the 
segments. The slices represent the segments based on 
specific workload metrics, and satisfy a set of 
constraints (such as a size constraint). Since this paper 
illustrates the use of the slicing flow for estimating 
floating point power consumption using RTL-level 
simulations, our slicing criteria included the density of 
floating point instructions in the code as a workload 
metric, a constraint to slice at loop boundaries, and a 
maximum slice size constraint. 
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Figure 3 Segmenting and slicing illustration. 

 
2.3. Micro-architecture warm-up  
The final slicing task is to generate the identified slices 
from the segments, and add the necessary warm-up of 
the micro-architecture to the slices.  This task is carried 
out by the Tracer shown in Figure 2, and it consists of 
three sub-tasks: initial state warm-loading, cache 
warming, and branch-predictor warming.  These sub-
tasks are explained next. 
 
2.3.1. Initial state warm-loading 
Many simulation test benches provide the ability to 
specify initial state values for the different architected 
resources, like registers and memory. The values of such 
resources at the beginning of the slice are collected at 
the slicing point by the Slicer, and are output in a format 
understood by the test bench as part of the final slice. If 
the test bench does not provide resource warm-loading 
facilities, then code execution can be used to initialize 
the required resources to the desired initial state. 
 
2.3.2. Cache warming prelude 
When a workload is segmented or otherwise reduced in 
size, differences in cache behavior between the original 
and reduced workload can introduce CPI errors as high 
as 15% [8, 12].  Consequently, cache warming may be 
necessary to ensure that a slice will produce appropriate 
metrics upon its execution. Cache warming may not 

always be necessary (and was not significant in our 
studies, see Section 3.2.1), but when it is, a prelude can 
be added to the slice to cover addresses that would hit in 
the context of full workload execution. These addresses 
would be collected from the cache activity annotations 
that the Tracer added to the trace in the first pass. The 
prelude could take the form of testbench directives, or it 
could be code included within the slice to prefetch data 
and instructions (supported by most architectures).  
 
2.3.3. Branch-predictor warming 
Branch predictor warming may also be necessary for 
micro-architectures that support speculative execution 
[3, 8]. Our results indicate that the need for such 
warmup can be exacerbated by constraints on the length 
of slices that can run on low-level models, which does 
not result in sufficient execution time to allow the 
performance effects of an initially cold branch predictor 
to be amortized (Section 3.2.2). The branch predictor is 
likely to make different predictions for branches 
contained within a slice when the slice is run in isolation 
as compared to when the same sequence of instructions 
is run as part of the full workload. This difference in 
predictions can result in speculatively executing 
different sequences of instructions during running the 
slice. 
 

FP Instruction 

Time 

slices 

Area 
1 

Area 
2 

Area 
3 

Area 
4 

Area 
  5 

Trace

B
asic B

lock 

Time 

Segments 

Phase 
1 

Phase 
2 

Phase 
3 

Phase 
4 

Phase 
 5 

Trace

(a) Segmenting: Using SimPoint to make segments 
representing phases of execution 

(b) Slicing: Using a slicing tool to generate a set of 
slices to represent a segment 



Identifying branch predictions during the tracing pass 
requires a detailed model of the micro-architecture.  
Such a detailed model can slow the tracing task 
significantly.  In addition, modern branch predictor 
hardware is complex and uses several tables, which are 
difficult to preload. One alternative to the warming of 
branch predictors is to execute prelude code for 
preloading branch target buffers, and using hints in 
branch instructions to direct the branch predictor based 
on an approximate model of the branch predictor that 
can be used with the tracer.  Alternatively, in this 
research, we study the effect of slicing size on branch 
prediction, and we identify minimum slicing size for a 
given quality metric (defined in Section 3). 
 
3. Experiments 
 
The purpose of this section is to study three issues 
related to workload slicing: 1) The validity of power 
estimates using small size slices by defining a power 
estimate accuracy metric and measuring it 
experimentally, 2) studying the effects of cache and 
branch predictor warming, and 3) finding the minimum 
slicing size, based on the defined metric of power 
estimation accuracy.  
 
3.1. Methodology 
In order to evaluate workload slicing, four of the 
EEMBC automotive benchmarks [13] are used to 
estimate the power consumption of the floating-point 
unit in a research microprocessor. The benchmarks are: 
a2time01, basefp01, matrix01, and tblook01.  All of 
these benchmarks were compiled using gcc 3.4, and the 
default iteration count for each benchmark.  The 
benchmarks were compiled to run without an operating 
system, such that system calls were replaced with a no-
op. The research microprocessor models an out-of-order 
pipeline that can issue and complete three instructions 

per cycle. It includes 32Kbytes separate L1 instruction 
and data caches, with a 1Mbytes unified L2 cache. 
 
Each benchmark was run on a functional model of the 
microprocessor to generate a trace of the benchmark. 
Each benchmark’s trace was analyzed by Simpoint to 
generate 1-million-instruction segments, as depicted in 
Figure 4. Each segment was sliced by the SCI to 
generate a set of slices S={s1,s2, …,sk}, of equal sizes. 
The experiment included a set of trials using slicing size 
constraints of 50, 100, 500, 1000, 5000, and 10000 
instructions.  For each trial, the criteria given to the SCI 
included slicing at loop boundary (where possible), 
minimum density of floating point instructions, and a 
slicing size. Each slice is associated with a weight that 
represents the instructions count fraction of each slice 
out of the segment (for example a slice may represent 
multiple iterations of a loop body). The set of weights 
W={w1,w2,…,wk} satisfies the equation: 

1
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=
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i
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An RTL gate-level model of the floating-point unit was 
used to collect bit-switching information as code 
executed on the core. This information was then used by 
a power-estimation tool to find the power consumption 
of the floating-point unit. Each segment’s entire trace of 
instructions was run on the gate-level model to generate 
switching information, which was used by the power-
estimation tool to find the segment’s power numbers, 
SP. The segment power, SP, is assumed to be the 
reference power in this experimental section for the 
corresponding segment. The power of the slices, 
P={p1,p2, …,pk}, was collected using the same approach.  
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Figure 4 Workload slicing validation methodology. 



The segment’s estimated power, EP, is computed as a 
weighted sum of the set P using the weights of the set 
W. 
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3.2. Results 
3.2.1. Cache Warming Effects 
Power estimation accuracy (PEA) is defined as a metric 
to evaluate the quality of the power estimation of each 
segment from its slices. PEA is defined as follows: 
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Figure 5 depicts the average PEA over all segments of 
all benchmarks at the different slicing sizes for two 
configurations: warm, and cold. In the warm 
configuration, both the L1 data and instruction caches 
were pre-loaded before executing each slice or segment 
code.  In the cold configuration, the code was run 
without pre-loading the L1 caches. In both 
configurations, the L2 cache was pre-loaded. On one 
hand, Figure 5 indicates that preloading the caches has 
little effect on the power estimation accuracy for the 
studied benchmarks. On the other hand, independent of 
cache warming effects, PEA improves significantly as 
the slicing size increases, until it flattens at about 0.97 at 
the slicing size of 5000 instructions.  
 
To illustrate why cache preloading did not affect the 
PEA, the average hit rates (using cold caches) for all the 
slices of each slicing size are shown in Figure 6.  This 
figure indicates that the hit rate increases significantly as 
the slicing size increases, up to slicing size of 5000, and 
then flattens. The large difference in the hit rate is not 
reflected in the PEA values in the previous figure, which 
suggests that the cache misses do not affect the 
execution of instructions. This can happen if the 

instructions per cycle (IPC) is low even if the caches 
were warm. 
 
Figure 7 shows the average IPC of all the slices at each 
slicing size when the caches are preloaded. The IPC at 
the lower slicing sizes is significantly less than it is at 
the higher slicing sizes. This figure supports the 
intuition that the cache miss penalty is masked by other 
IPC lowering effects in these configurations of 
benchmarks and hardware. The following section 
illustrates how speculation hides the cache effects.  
 
3.2.2. Speculative Execution  Effects 
As the cache preloading is not the reason for the poor 
PEA at the lower slicing sizes, the speculative execution 
effects are studied in this section. The branch prediction 
rate of each segment, referred to as GBPR, is compared 
to the branch prediction rates of the slices representing 
the segment. The error in the branch prediction rate of 
each slice, called EBPR, is defined as follows:  
 

GBPR
SBPRGBPREBPR −=  

 
where, SBPR is the branch prediction rate of the slice, 

Figure 6 Cache preloading effect on power 
estimation accuracy. 

Figure 5 Cache preloading effect on 
power estimation accuracy. 
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Figure 7 Average IPC of preloaded caches. 
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and GBPR is the branch prediction rate of the   
segment represented by the slice. Similarly, the error in 
IPC of a slice, called EIPC, is defined as: 
 

GIPC
SIPCGIPCEIPC −=  

where, SIPC is the IPC of the slice, and GIPC is the IPC 
of the segment represented by the slice. 
 
Figure 8 depicts the average EBPR and average EIPC 
over all the slices of all the segments of the studied 
benchmarks. The figure also depicts the error bars in 
both averages using the standard deviation.  The figure 
indicates a strong correlation between the error in BPR, 
and the error in IPC for the slices at the different slicing 
sizes. It also suggests that as the slicing size increase, 
both error values decrease significantly, until the slicing 
size reaches 5000, where the error change becomes less 
significant as the slicing size increases to 10000 
instructions. 
 
The large EIPC of the smaller size slices can be 
attributed to the large EBPR. The reason for this 
difference in EBPR is that the branch predictor needs to 
see each branch several times before it can correctly 
predict it, in addition to correctly predicting its branch 
target. At the lower slicing size, the branch predictor 
sees each branch a few times only and as a result does 
not have a chance to learn it. As the slicing size 
increases, the branch predictor accuracy improves 
significantly as it sees the same branch repeatedly. 
However, after the slicing size reaches the 5000 
instruction size, new branches get introduced in the 
code, and the improvement in the prediction accuracy 
becomes more difficult, and the prediction accuracy 
approaches that of the full segment. 
 
3.2.3. Power Estimation Accuracy (PEA) of 
individual segments  
Finally Figure 9 depicts the PEA of the individual 
segments from each benchmark for slicing sizes of 5,000 
and 10,000 instructions. The first observation in this 
figure is that the benchmark matrix01 exhibits 6 phases 
using 1-million-instruction sampling size, while the rest 

of the benchmarks exhibit 3 phases. This agrees with the 
tasks carried out by these benchmarks. 
 
The second observation is that the power estimation 
accuracy of the individual segments ranges from about 
0.96 to 1.00 (accuracy within 4%) at 5,000 instruction 
slicing size, and that it is improved by about 0.02 when 
increasing the slicing size to 10,000 instructions. Thus, 
the total number of instructions executed using the 
representative slices is about 5% of the total instructions 
in each segment, and accuracy of the power estimates 
using slices was within 4% of the power estimate for the 
entire segment. 
 
4. Summary 
Power estimation and characterization of new features of 
high-performance micro-processors is becoming a first-
order design concern.  The ability to perform power 
estimation and characterization is limited by available 
models of these features.  These models present 
constraints on the size of stimulus that can be used.  
Highly targeted studies place additional constraints on 
workloads, for example instruction content. 
 
Micro-benchmarks and benchmark statistical sampling 
are not sufficient to produce representative workloads 
for power estimation, because of scalability, or the lack 
of flexibility in the metrics and constraints that the 
sampling tools provide.  Workload slicing can be used 
effectively to produce representative small slices that 
can be run in lieu of long workloads.  
 
In addition to the requirement for flexibility in the 
criteria used for slicing (both metrics and constraints), it 
was illustrated that micro-architecture warm-up is 
necessary for short slices intended to be used in 
estimating the power consumed by the long benchmarks.  
Two main warm-up problems were discussed: cache 
warming, and speculative execution due to branch 
predictor warm-up.  The benchmarks used in this 
research to characterize the floating-point unit of a 
research microprocessor are compute bound. As such, 
cache warm-up did not have a significant effect on the 
power estimation accuracy from slices. Conversely, the 

Figure 8 Relative difference in BPR and IPC. 
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warm-up of the branch predictor has a significant effect 
on the power estimation accuracy in small-sized slices.  
It was found that slices of sizes around 5,000 
instructions or larger are sufficient to hide the error in 
power estimation due to executing instructions on the 
wrong path, for the studied benchmarks. 
 
The experiments presented in this paper illustrated that a 
set of slices comprised of about 5% of the code 
contained in a set of segments representing the different 
phases of the benchmarks was sufficient for estimating 

the power consumption to within 4% accuracy. This 
result is an encouraging one, motivating us to pursue 
evaluating workload slicing for other types of 
benchmarks.   
 
Experiments are needed to further evaluate this proposed 
approach.  The presented experiments did not examine 
other types of workloads, such as memory-bound 
benchmarks. Accordingly, more workloads of different 
domains need to be considered to further establish 
confidence in the approach.   
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Introduction

• High performance 
microprocessors are very large 
designs that include several 
special purpose features (SPF) 
like, Speculation, multi-threading 
support, floating-point units, etc.

• High-level abstraction models
of power consumption for new 
SPFs are not suitable 
for their characterization 
because of:

Availability
Poor accuracy

• Low-level models must be used
Slow
Large outputs

• Stimuli are constrained
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Workload Sampling

Stimuli generation techniques
• Micro-benchmarks: Good for targeted testing, but not scalable to higher 

abstraction levels.
• Benchmarks’ statistical sampling (e.g SimPoint): Designed for high-level 

abstraction models (Architecture/micro-architecture exploration)
Representative but large samples
Tools employ inflexible metrics

• Ad-hoc sampling
Lost effects of pre-sample code
Micro-architecture warming needed.
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Motivation

• Problem: constraints on low-level pre-silicon simulation
sample size (few thousand cycles max) 
warm-up code needed to account for:

> speculative execution effects
> micro-architecture state warming

feature-specific sampling metrics as opposed to micro-architecture 
independent sampling metrics, examples:

> instruction-based sampling (e.g. density of FP instructions)
> exercising specifics behavior of a Arch/uArch feature (e.g. high-miss L1 D-Cache 

miss rate, high branch prediction miss rate. Etc.) 
• Requirements: Identify short representative code regions of a workload, called 

slices, that  collectively represent the sample for a given set of metrics
• A slice includes:

The initial state, such as GPR values, etc, used to warm load the processor
Sufficient memory initialization of code and data sections

• Some verification test-benches have the ability to warm load processor state, and 
proper sizing of the slices can compensate for difficult to pre-load structures (as 
will be demonstrated).

Slice
Trace

start end

Initial state
warm loaded Final stateExecuted code
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Approach: A Two-Step Technique
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Statistical sampling: Using 
SimPoint to generate samples 
representing phases of 
execution (Called segments)

Using a slicing tool to generate 
slices representing phase 
samples

Goal: Find a small set of representative slices that can be run in 
lieu of a large sample for power estimation
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Slice Identification

• Slices are identified based on:
trace data output by a tracing tool, and 
slice constraints.  

• Constraints can be metrics calculated from the trace data 
and/or constraints on those metrics.

• Prototype slicing tools were developed for identifying slices. 
Several primitive metrics are provided along with the ability to
define more complex metrics. Constraints that the tools 
support include:

Metrics value
Length of slice
Eliminating overlapping slices
Loop iteration constraints
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Experimental Methodology - EEMBC

• Research OoO 3-wide superscalar ~20-stage micro-processor with 7-
stage FPU. Hybrid branch predictor, 32K I & D Caches, 1 MB UL2.

• 4 EEMBC automotive FP benchmarks, traced on functional simulator.
• Simpoint used to generate 1M instruction segments.
• Each segment sliced at sizes of (50,100,500,1000,5000) instructions, 

each slice is associated with a weight that represents its contribution.
• Gate-level simulation to collect bit switching that is used with a power 

estimation tool.
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Results- Power Estimation Accuracy

Cache Preloading Effects
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• Power estimation accuracy is poor at very short slices.
• Cache pre-loading does not improve power estimation accuracy. 
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Branch Prediction Effects
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• Error in IPC and power estimation highly correlated with the error in 
branch prediction rate between the slices and the segments they represent
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Power Accuracy Details
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Conclusions and Future Work

• Workload sampling for new features requires flexibility in 
sampling metrics.

• Representative slices as small as 5% of traditional workload 
sample sizes can be sufficient for the studied benchmarks, 
resulting in power estimates within 4% of the full samples’
power.

• Illustrated that micro-architecture warm-up has significant 
effect on power estimation using small size slices.

• Careful sizing of the slices can account for micro-architecture 
warm-up effects on power estimation.
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Backups
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Workload Slicing Flow
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