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Figure 1. Scheme of a neural gate, perceptron.

Digital CMOS.

The first kind of digital NN is based on SRAM synapses that only provide a weight, while the
multiplication and summation (MAC) operations are performed consecutively in the neuron [1].
The circuit considered here follows that in [2]: a synapse consists of n-bits of a SRAM register
and state element; a neuron consists of two n-bit registers, an n-bit adder, n NAND gates, n
inverters, and three n-state elements. Therefore area of the synapse and the neuron are the sums
of the areas of the above constituent circuits. The delay and energy are mostly expended in the
neuron, but some of the contributions are proportional to the number of synapses. Therefore such
contributions are inserted to the equations for synapses below.
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Table 1. PARAMETERS FOR DEVICES COMPRISING SYNAPSES AND NEURONS.

device name (Area, int |Delay, int |Delay, ic |Energy, int |Energy,ic |Ron Roff
units nm* ps ps al al kohm  |kOhm
CMOSdig 3600 0.50 0.36 39.29 17.73
CMOSana 14400 0.50 0.21 157.16 17.73
TFETdig 3600 0.79 0.66 7.86 4.43
TFETana 14400 0.79 0.26 31.43 4.43
FEFET 14400 100.67 1.81 2319.80 17.73
STT,pma 3600 763.28 501.00 96614.00 2.49
S0T 7200 911.07 279.12 23918.00 1.11
DwW 7200 528.25 93.30 7987.10 1.11
ME 7200 679.91 52.09 1108.90 0.28
OxideR 3600 203.85 02.17 254,81 0.92 200 1000
FloagaR 72000 1019.20 310.33 1019.20 27.70 1000 100000
PCMR 3600 20.96 15.64 1019.20 27.70 a0 1000
SpinR 3600 3.00 1.06 91.73 2.49 3 il
S0TR 7200 9.17 2.92 a40.77 1.11 30
FER A0S0 30.58 9.43 499.43 13.57 30 30000
asyn = nbareg (1)
Tsyn = 32-reg + 4Tse + Tnan + Tinv + nbz-l (2)
Esyn - nb (3Ereg + 4Ese + Enan + Einv + El) (3)
aneu - nb (zareg + ainv + anan + a’l + ase) (4)
z-neu = Zfreg + 3Tse + Z-nan + Tinv + an1 (5)
Eneu - nb (ZEreg +3Ese + Enan + Einv + El) (6)

The performance estimate and parameters (Error! Reference source not found.) for a sense
amplifier follow [3]. It is used as a part of a reading circuit for SRAM memories. The quantities
per bit below are added to the corresponding neuron estimates. The transconductance and load
capacitance of



asa = ainv1 (Wn + Wp T Wiso U Wn ) / Wdt (7)

gmsa = gmdt (Wp +Wn)/Wdt (8)
CIsa = Ctran (Wp + Wn) (9)
Tsa = |Og (Vcc /Vsa)clsa / gmsa + an1 (10)
Esa = Clsavci (11)

where the second term in the delay corresponds to the time to enable the sense amp and is
proportional to the clock time.

The performance estimate and parameters (Error! Reference source not found.) for a voltage
sense amplifier follow [3]. It is used as a part of a reading circuit for digital resistive memories.
The quantities per bit below are added to the corresponding neuron estimates. It comprises 3 of
n-type and 3 of p-type minimum width transistors.

a'vsa = 6a'invl (12)

the pre-charge resistance, the sense input capacitance, and the bit line capacitance

Roon = R (13)
C, =2C,,,W, (1)
Cii =S.,Ccl.. (15)
s = 23Ry C Vo (Cg +Ci ) (Vo Ry ~Viga / R )+ 2047, )
E =CiVse (17)
Digital MAC.

Another kind of digital NN contains a multiplier and an adder in every synapse, so that the MAC
operation is performed in the synapse [39]. The role of neurons is summation of partial results
and application of the activation function.



asyn = (nb +l) aadd + ase (18)

Ty = Togg + Tee (19)
E,, =(n, +1)E,y / 2+E, (20)
By = By + 28, + AL, (21)
Ty =Ty T 2T + Ty (22)
E., =E. +2E.+nE. . (23)

The factor N, in energy and delay would correspond to simple ripple carry adders and

multipliers based on them. More efficient designs based adders and multipliers (e.g. carry-save
adders) are accounted by an additional factor of 1/2.

Analog CMOS.

We assume a cell similar to that in [4], where a neuron consists of an opamp, a current source,

and a threshold function circuit; a synapse consist of 2 operational transconductance amplifiers
(OTA), see also [5]. Transistors of various width are used, Error! Reference source not found..
The effective capacitance of the cell is dominated by the capacitance of the two OTAs

C 4CtranW0ut (24)
The subthreshold swing of a transistor is
SS — Vsat

Ioglo (ion /ioff )

The bias current is approximated as the geometric average of the on- and off-states:

Ib = Ionloff W (25)

The transconductance of an OTA is

Onota = : |n10% (26)
" SS  w,

The output conductance of two OTAs is determined by

Gm = 2ngTA / Wmax (27)

The effective resistance of the cell (with a factor of 2x for the nonlinearity of OTA and 2x to
ensure output stability).



R, =4/G, (28)

Then the opamp driving current is

Iopamp :Vcc / Rf (29)
and the OTA current is
2W, W,
lora =21, —40| 1+ 4L (30)
™ Wmax [ Wup\]
Thus benchmarks for the synapse and the neuron are
a‘syn = 2ainv4 (Win + Win + Wln) / Widt (31)
T =8.4R,C, (32)
I:)syn VCCIOTA (33)
E I:)synz-syn (34)
=3a,,, (W, +W, +W, )/ W, (35)
z-neu - Tsyn (36)
F)neu _V (Iopamp + IOTA) (37)
E = PneuTneu (38)

Where the area of standard cells in circuit is approximated as fan-out-4 inverters.

The performance estimate and parameters (Error! Reference source not found.) for an analog
read circuit follow [3]. It is used as a part of a reading circuit for analog valued resistive
memories. The quantities per analog cell below are added to the corresponding neuron estimates.
It comprises several circuits equal in area to 32 standard inverter cells.

Ay =324, (39)
the column voltage is

V. =Viw Vs (40)
Togr = Trepu T 2an1 (41)
P, =25V IR, (42)
E, =P.7, (43)

Analoq spintronic and ferroelectric devices.




Both synapses and neurons consist of just one intrinsic device. Spintronic synapses and neurons
have been proposed in [6], as well as ones based on magnetic tunnel junctions [7] or
magnetoelectric switching [8]; see overview [9]. We assume the supply voltage to be 0.1V for all
spintronic devices. Ferroelectric synapses were explored in [10,11].

These analog neurons and synapses have greater size, delay, and energy proportionally to the
number of analog levels:

Ay = Ny, (44)
Ton = Tey (45)
Eqn = Eger (46)
Aney = M Qgey (47)
Toow = MTaey [ 4 (48)
Erew = MEgey (49)

Resistive memories. We will use this term synonymously with ‘memristor’. Resistive elements
are used here as analog memory with multiple levels of resistance in a single cell. Various types
of resistive elements, such as oxide memristors [12,13], floating gate transistors (“flash”)
[14,15], spintronic devices [16,17], have been proposed for neural networks.

In inference, the weights are not modified, therefore the characteristics of switching resistive
memories are not relevant, but only their on and off resistances are. We assume characteristic on-
and off-resistances in various resistive memory cells, Error! Reference source not found.. The
parameters contributed from the memory cell per se are

lon =Vee I Roy (50)
Ioﬁ :Vcc / Roff (51)
a'syn = a'dev (52)

The intrinsic capacitance of the synapse is of the order of that in a minimum interconnect, and
the delay of synapses is determined by the upper bound of synapse resistance set at

Ref‘f = Ron nI (53)
SO

z-syn = 2'3Reff Cic (54)
Esyn - IonVccz-syn (55)

Another contribution comes from interconnects in the core and is described in Section 4.



3. Types of Neural Networks
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Figure 2. Schemes of the four types of neural networks considered in this paper.

Table 2. LABELS FOR DEVICES/ARCHITECTURE COMBINATIONS

Neuron Synapse A,C,S+... | ONN
Digital CMOS Digital CMOS 6T SRAM CSd

Digital CMOS Digital CMOS MAC CMd

Digital CMOS Oxide memristor digital COd

Digital TFET Digital TFET MAC T™d

Digital CMOS FEFET digital CFd

Digital CMOS Spin-transfer torque digital CJdd

Digital CMOS Spin-orbit digital CHd 0SOoT
Analog CMOS Analog CMOS CCa OCr
Analog TFET Analog TFET TTa OTr
Analog CMOS Ferroelectric FET CFa OPz
Analog CMOS Oxide memristor COa 00x
Analog CMOS Floating gate CGa

Analog CMOS PCM CPa

Ferroelectric FET Ferroelectric FET FFa

Domain wall Domain wall WWa

Spin-orbit torque Spin-orbit analog HHa

Magnetoelectric Magnetoelectric EEa OME




ANN.
This is the default case, we directly use the estimates for the synapses and neurons obtained in
the previous section.

CeNN.

We follow the treatment of cellular neural networks in [4]. Application of CeNN to CoNN was
considered in [18]. Due to both feedback and feedforward connections in a CeNN and due to
more connections than just nearest neighbors, the number of synapses is doubled. Also it takes a
longer time for CONN networks to settle to the steady state due to a larger number of connections
[4]. This delay depends on the input patterns; we take estimated average values. Therefore

Agn =M gnemn@yn am (56)
Ton = MgepennM gynenn Toyn.am (57)
Egn =M gepennM gynmn E sy ann (58)
Aoy = ey amn (59)
They = M stepenn © neu,ann (60)
Ees =M gepomn Eneu.am (61)

Neural network parameters related to Hebbian learning are based on the synaptic weight
information: the maximum weight value obtained from the training weights, and the average
summation of the weights per cellular cell [4].
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Figure 3. Approximate wave forms in a spiking neural network. a) The spike separation is longer
than the spike duration; b) Multiple synapse spikes are required for a neuron to fire [37].

SNN.
We introduce a factors (Error! Reference source not found.) relating the spike duration to the
device delay and relating the time spacing between spikes to the spike duration, Figure 3.

With these factors the estimates for SNN become

Ton = Toyn.ann Nepi Nepa (62)
Eyn = EgnamNspi (63)
Toew = Toeu.am Nepi Nspa N fire (64)
Erev = Eneam N N ie  (rate coded) (65)
Ee = Eneu,annNspi (temporal coded) (66)
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Figure 4. Two types of spiking NN: rate coded and temporal coded.

Note that it takes a different number of spikes arriving at a neuron from synapses to make it fire
for the cases of rate coding or temporal coding of the signal, Figure 4. We also account for the
spiking activity, i.e., the probability of a synapse producing a spike in a given spiking interval.
We incorporate an empirical trend that the spiking activity decreases in the later stages where

spike activity in an SNN decreases by I, =1/ Nyage With stage number in a DNN or CoNN [19].
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ONN.

For the oscillator neural networks (ONN) we consider the frequency-shift keying (FSK)
approach [20]. The way convolution operations are implemented in ONN follows the approach
[21] of coupling oscillators to a common node, ‘averager’, and identifying the envelope of the
signal there as the measure of the convolution. In this approach, an oscillator plays the role of a
synapse and the averager with the envelope detector — the role of a neuron.

The area of oscillators is typically larger because they contain multiple instances of simple gates,
e.g. several inverters in the CMOS ring oscillator. The area of the averager and the peak detector
is bound to be even larger.

a'syn = 10asyn,ann (67)

a‘neu = 30aneu ,ann (68)

The frequency of transistor-based ring oscillators is determined by the product of the number of
inverters (chosen here to be 5) and an average delay in an inverter. The period of oscillation in
this case is equal to 10 stage delays. The average power is proportional to that of a logic device.

f.=01/7, (for transistor oscillators) (69)

P. =3E,, /7, (fortransistor oscillators) (70)

The frequency of spintronic oscillators empirically proves to be several times faster than the
inverse switching time of a nanomagnet. By the comparison of typical values from
micromagnetic simulations or experimental reports, we arrive at the following proportionality
constants:

fose =6/ Ty  (for spintronic oscillators) (71)
P =6E uam/ Trewam  (for spintronic oscillators) (72)
foe =1/ Troy am (for piezo oscillators) (73)
P =3Ereu am / Trewamn  (for piezo oscillators) (74)

The operation of the ONN synapse is limited by the synchronization time of the oscillators which
takes several periods of oscillationsError! Reference source not found.. Thus the ONN
benchmarks are

Tsyn = Nsynch/ 1:osc (75)
Esyn = PoscTsyn (76)
Theu = Tsyn (77)
Eneu = Esyn (78)
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Figure 5. Energy per bit vs. distance in TrueNorth [22].

A geometry calculation with a low-k interlayer dielectric results in C;, = 107"°F/m for 20nm

wire width. We use this value for shorter interconnects shorter than 0.1mm. Energy and
capacitance vs. distance for an actual NN chip, TrueNorth [22], is shown in Figure 5. With
voltage of 1V, the energy of a spike is 8pJ for 15mm of interconnect length, which implies that

¢, =5-10""F/m. This energy dissipation in the interconnect incorporates routers, drivers, and

repeaters. Therefore the energy to transmit a bit over an interconnect in neural networks is less
efficient by the factor of 5 than the energy of the ideal case, i.e., just charging the interconnect
capacitance. This empirical factor of 5 is incorporated into estimates for interconnect longer than
0.1mm.

The delay in a core-wide interconnect is dominated by the RC-delay in wires connecting
synapses and neurons:

Teic = (0'38RicCic + Reff Cic + RicCIoad )I / Iic . (79)
The delay of charging a global, chip-wide interconnect
Ciclv Eic
T . = = . 80
o Ineu IneuV ( )

The delay and energy of a core-wide interconnect are added to those of a synapse. The energy
and delay of a chip-wide interconnect are added to those of a neuron.

11



5. Neuromorphic computing workloads vs. hardware
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Figure 6. Cross-connect topology for the neural network. Input (‘In’) and output (‘Out’) neurons
are shown in yellow. Active synapses are shown in orange, and unused synapses in white.
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Figure 7. Convolution topology for the neural network. Input (‘In’) and output (‘Out’) neurons
are shown in yellow. Active synapses are shown in orange.
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Figure 8. Synapses connecting to the output neuron via cascaded neurons in case of a limited
fan-in.

6. Prototype neuromorphic chips

Table 3. PARAMETERS FOR NEUROMORPHIC CHIPS

Chip Main Year | # Neuro | Synaps | Area, | Powe | Syn Energ | Synfire | Acti | Pro | Volt | Referen
Name Affiliation core | nsper | esper mm? | r, Throug | ysyn rate, s | vity ces | age, | ces
s core neuron mwW hput, event, s, v

MSOP pJ nm

S
Notation Cen Neor | Sneu a, P, Tsyn Espi fsyn I,
HICANN Heidelberg 2010 1 512 224 50 | 1150* | 11,500 100 100k 11 180 1.8 [23]
HICANN-X | Heidelberg 2018 1 512 256 32 | 2100* 2600 800 20k 1 65 1.2 [24]
SyNAPSE | HRL 2013 1 576 128 42 130 15 8700 203* 1 90 14 [25]
SpiNNaker | Manchester | 2013 16 1024 1024 102 | 1000 64 16k 10 | 04* | 130 12 | [26][27]
SpiNNaker | Manchester | 2017 64 2048 1024 ? 110 250 440 10 | 027 28 1.0 [28]
2
True IBM 2014 | 4096 256 256 430 72 3000 26 20 0.5 28 | 0.78 | [22][29]
North
Neurogrid | Stanford 2014 1| 65536 1024 168 59* 62.5 941 10 | 0.09* | 180 1.8 [30]
IFAT ucsb 2014 | 32 2048 1024 16 1.57 73 22 10 | 0.11* 90 1.2 [31]
ROLLS ETH 2015 1 256 512 514 4 4| 1000* 30 11 180 18 | [32][33]
DYNAP- ETH 2016 4 256 64 | 438 ? ? 50 30 ? 28 1.0 [34]
SEL
Loihi Intel 2018 128 1024 128 60 450 | 30,000 15* 1800* 1 14 | 0.75 | [35][36]
SBNN Intel 2018 64 64 256 1.72 209 | 25,200 8.3 50k | 0.5* 10 | 0.53 [37]

* derived value

We compared our performance estimates with experimentally measured [38] for the speech
recognition workload on the Loihi and Mydiad2 (Movidius) chips. This table is comparing our
estimates with experimental results obtained in particular chips. Our estimates relate to the
minimal circuit needed to perform the computing in a certain neural network. We have no
visibility into how the algorithm was compiled to utilize circuits of a particular chip or what the
overheads of such implementations were. The purpose of the comparison was to see the general
trends for delay and energy. We note that the theoretical estimates are much more optimistic than
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experimental. The reasons for the discrepancy could be the circuit overhead required in an actual
chip such as stand-by power, need to fetch the data, slower clock frequency, etc.

Table 4. COMPARISON OF BENCHMARKS WITH MEASURED PERFORMANCE

Loihi [38] Loihi this work | Movidius [38] | Movidius this work

Speed, inference/s 89.8 55k 300 167k
Energy, wl/inference 770 6 1500 5.5

7. Digital Neural Accelerators

Table 5. PARAMETERS FOR DIGITAL NEURAL ACCELERATORS

Chip Name | Main Year # Neur | Synaps | Memory Area, Power, Perfor Synapse | Clock Proce | Referen

Affiliati cores ons es per Bytes mm? w mance, | energy, frequenc | ss, ces

on per neuron GMAC/ | pJ y, MHz nm

core s

Notation Cch ncor sneu mch at:h Pch Tsyn Esyn fcl
Diannao CAofS 2014 1 16 16 2k 3.02 0.485 452 1.1* 980 65 [39]
Dadiannao CAofS 2014 16 16 16 32M 67.73 15.97 5585 29 606 28 [40]
Pudiannao CAofS 2015 1 16 16 32k 3.51 0.596 1056 0.56* 1000 65 [41]
Shidiannao | CAofS 2015 1 16 16 36k 4.86 0.32 194 1.7* 1000 65 [42]
Eyeriss MIT 2016 1 1 168 192k 12.25 0.278 336 8.3 200 65 [43]
EIE Stanford | 2016 1 64 8 10.3M 40.8 0.579 51.2 11.3* 800 45 [44]
Origami ETH 2016 1 4 49 43k 3.09 0.654 98 6.7* 500 65 | [45][46]
Envision Leuven 2017 1 16 16 128k 1.87 0.044 51 0.86* 200 28 [47]
TPU Google 2017 1 256 256 28M 300 40 11400 3.5* 700 28 [48]
Tesla Nvidia 2017 80 32 32 6M 815 300 14900 20¢ 1300 12 [49]
DPU Wave 2018 16384 1 1 24M 400 200 3900 51* 6700 16 [49]
Q4MobilEye | Intel 2018 1 32 32 1M ? 3 1078 28* 1000 28 [49]
Parker Nvidia 2016 1 256 256 4M ? 5 375 13.3 3000 16 [49]
$32v234 NXP 2017 1 64 64 4M ? 5 512 9.8* 1000 28 [49]
Myriad 2 Intel 2017 12 4 16 M 27 1.5 58 26* 800 28 [50]

* derived value; ** ‘CAofS’ designates the Chinese Academy of Sciences.
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8. Supplementary Plots
Remaining benchmarking plots are collected here in order to keep the main text concise.
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Figure 9. Delay vs. area for synapses.
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Figure 10. Delay vs. area for synapses.
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Figure 11. Delay vs. area for neurons.
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Figure 12. Delay vs. area for neurons.
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Figure 15. Delay vs. area for LeNet CoNN.
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Figure 16. Delay vs. area for LeNet CoNN.
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neuromorphic chips and neural accelerators.
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Figure 19. Delay vs. area for the speech recognition.
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Table 6. Performance benchmarks for the combinations of devices and network types.

hardware |area, syn Area, lic Area, neu |Area, gic Delay, syn Delay, lic | Delay, neu Delay, gic Energy, syn |Energy, lic [Energy, neu Energy, gic
units uml umZ umi uml ps ps ps ps al al al al

ACSd 2.76 25.54 228.29 370.61 897 253 26144 24981.0 306.8 136.2 2115.3 1976.6
ACMd 336.90 281.93 42.03 3191.20 2933 2791 215260 215100.0 1531.1 1503.6 17034.0 17020.0
ACOd 0.23 7.37 220.85 247.36 981 73 19083 16673.0 211.7 39.3 1457.9 1319.2
ATMd 336.90 281.93 42.03 3191.20 5379 5148 425740 425490.0 381.6 375.9 4257.9 4254.9
ACFd 0.26 7.82 229.85 249.11 759 77 18572 16791.0 221.9 41.7 1467.2 1328.6
ACId 0.23 7.37 229.85 247.36 719 73 18385 16673.0 206.4 39.3 1457.9 1319.2
ACHd 0.46 10.43 229.85 261.04 757 103 19327 17596.0 2211 55.6 1530.9 1392.2
ACCa 0.34 8.92 1.38 102.56 70 51 3717 1728.3 49.5 47.6 685.3 547.0
ATTa 0.34 8.92 1.38 102.56 178 65 5951 3418.6 12.6 11.9 225.8 136.8
ACFa 0.01 1.38 1.38 23.89 48 8 2391 402.6 0.5 0.0 265.7 127.4
ACOa 0.01 1.30 1.38 23.32 274 7 2382 392.9 0.3 0.0 262.7 124.4
ACGa 0.01 1.84 1.38 27.59 1340 11 2454 464.9 1.0 0.0 285.4 147.1
ACPa 0.01 1.30 1.38 23.32 74 7 2382 392.9 1.0 0.0 262.7 124.4
AFFa 0.52 11.06 1.84 126.85 596 556 1657 44.4 59.5 59.0 825.0 676.5
AWWa 0.46 10.43 0.92 118.88 27027 27023 8586 41.0 3.6 3.5 550.8 39.6
AHHa 0.92 14.75 0.92 167.48 114340 114330 14889 33.2 5.0 4.9 1586.6 55.8
AEEa 0.46 10.43 0.92 118.88 15090 15086 11060 129.9 1.0 0.9 80.9 9.9
CCsd 11.06 51.08 228.29 622.77 13396 506 47791 41978.0 3684.4 272.4 4014.7 3321.4
ccMmd 1347.60 563.86 42.03 6380.10 8423 5581 430820 430050.0 3557.8 3007.2 34098.0 34027.0
ccod 0.92 14.75 229.85 286.46 18299 146 31358 19309.0 3525.1 78.6 2221.1 1527.8
cT™Md 1347.60 563.86 42.03 6380.10 14914 10296 851930 850680.0 865.0 751.8 8521.4 8506.8
CCFd 1.04 15.64 229.85 292.47 13788 155 28616 19714.0 3686.6 83.4 2253.1 1559.8
ccid 0.92 14.75 229.85 286.46 13061 146 27868 19309.0 3420.7 78.6 2221.1 1527.8
CCHd 1.84 20.85 229.85 331.50 13281 206 31002 22345.0 3420.6 111.2 2461.3 1768.0
CCCa 1.35 17.85 1.38 202.72 485 103 13360 3416.1 134.1 95.2 1772.7 1081.2
CTTa 1.35 17.85 1.38 202.72 2404 129 19421 6757.3 37.2 23.8 715.5 270.3
CCFa 0.03 2.76 1.38 36.12 816 16 10552 608.7 10.3 0.0 884.1 192.6
CCOa 0.03 2.61 1.38 34.58 5335 15 10526 582.7 5.2 0.0 875.9 184.4
CCGa 0.06 3.69 1.38 45.45 26613 21 10709 765.9 20.9 0.0 933.9 242.4
CCPa 0.03 2.61 1.38 34.58 1347 15 10526 582.7 20.9 0.0 875.9 184.4
CFFa 2.07 22.12 1.84 251.11 1912 1112 8151 87.9 128.2 118.0 2081.7 1339.2
CWWa 1.84 20.85 0.92 236.39 54127 54045 42808 81.4 8.8 7.0 2634.7 78.8
CHHa 3.69 29.49 0.92 333.98 228900 228650 74347 66.3 10.7 9.8 7765.2 111.3
CEEa 1.84 20.85 0.92 236.39 30254 30172 54911 258.3 3.6 1.7 374.5 19.7
SCSd 2.76 25.54 228.29 370.61 6053 253 359810 24981.0 648.0 136.2 2392.6 1976.6
scod 0.23 7.37 229.85 247.36 8242 73 710690 16673.0 556.3 39.3 1735.2 1319.2
SCFd 0.26 7.82 229.85 249.11 6212 77 529560 16791.0 582.2 41.7 1744.5 1328.6
sCid 0.23 7.37 229.85 247.36 5885 73 509660 16673.0 540.6 39.3 1735.2 1319.2
SCHd 0.46 10.43 229.85 261.04 5987 103 516240 17596.0 552.0 55.6 1808.2 1392.2
SCCa 0.34 8.92 1.38 102.56 224 51 574470 1728.3 53.4 47.6 961.9 547.0
STTa 0.34 8.92 1.38 102.56 1088 65 732830 3418.6 13.9 11.9 403.9 136.8
SCFa 0.01 1.38 1.38 23.89 368 8 573150 402.6 1.5 0.0 542.3 127.4
SCOa 0.01 1.30 1.38 23.32 2402 7 573140 392.9 0.8 0.0 539.3 124.4
SCGa 0.01 1.84 1.38 27.59 11977 11 573210 464.9 3.1 0.0 562.0 147.1
SCPa 0.01 1.30 1.38 23.32 607 7 573140 392.9 3.1 0.0 539.3 124.4
SFFa 0.52 11.06 1.84 126.85 916 556 464460 44.4 60.5 58.0 1122.0 676.5
SWWa 0.46 10.43 0.92 118.88 27060 27023 2461100 41.0 3.8 3.5 1573.2 39.6
SHHa 0.92 14.75 0.92 167.48 114440 114330 4278600 33.2 5.0 4.9 4648.1 55.8
SEEa 0.46 10.43 0.92 118.88 15123 15086 3148100 129.9 1.2 0.9 222.8 9.9
ocr 3.38 28.22 41.47 334.22 876 162 6346 5632.1 974.5 150.5 2606.5 1782.5
OTr 3.38 28.22 41.47 334.22 1320 204 12256 11141.0 204.0 37.6 612.0 445.6
oPz 0.29 8.24 0.86 94.35 3435 414 5134 2114.0 252.7 44.0 712.0 503.2
OsTT 0.07 4.12 0.22 47.17 61174 57358 4096 279.5 2898.4 0.0 2933.8 35.4
0s0T 0.14 5.83 0.43 66.71 49747 45192 5402 847.1 717.6 0.0 739.8 22.2
OME 0.07 4.12 0.43 47.71 9363 5963 6736 3336.7 33.3 0.0 37.2 4.0
00x 0.16 6.18 0.49 70.76 7629 2629 24655 19655.0 951.5 51.5 1489.7 589.7
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