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2.EF  Literature review (BEHE)
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2.2HTM O 4%

HTM (X A OMOMREA MM L7 =2— 0 D~ TH Y . BRI RMHTRE 2B L T
W5, K220 3fEO=2—ZH\T, HIM D KE /= —n U iEEE AT
e M2—20EXITHMAAT=2—0 2 ThHd, BANRAT =2 —a gy F7An
el iy 2n < BHRBEN 2L, VT T AOERE LS EDLZ ETEEETH, ATOD
MEMZFHEL, HAMEERET D, M2—20EATORIT KM RS Thib R %
AT ThH LR 2 —m L ThD, EWFNR= 2 —a IRPIRZERIZ T - ThLE S
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T 2D TIHRL, FEEOBERIEGRIICAFT KRR DT EET MEL TN 5D,

Feedback

ij ;Lk ‘ﬁ?: J——
= 7 S s ‘ - . . .

Feedforward

X 2-283FED=a—m
Hi
https:/numenta.com/assets/pdf/biological-and-machine-intelligence/BaMI-HTM-

Overview.pdf
20224 1 8 21 HEku /(v

ERFFHLE LTEUTOL ORETEND,
® [i)E ML 2RO

11


https://numenta.com/assets/pdf/biological-and-machine-intelligence/BaMI-HTM-Overview.pdf
https://numenta.com/assets/pdf/biological-and-machine-intelligence/BaMI-HTM-Overview.pdf

By #cER 8l (SDR)
B A3 U

T A
=l v AEH
LR O 4y BRIZ AR

HTM BT FEFICEHMETH Y . REMICHEMZRO D Z 3LV, 3ETHTM D X
DL WNREZ AR ST D D885y & M i+ %,

12



23HTM & REBZEDEL
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2.4 fR
Jivé 3z (electroencephalogram : EEG) &%, Jth#EHE R OTEENZfE > TE U S EMELE
%< BERENGRE L T2b DT, MEGHISBEOIESR TH Y, it pV OBuhis
Eémﬂéfb%i%'fhébféﬁ mm fEE ORI & U TREkT 5[15], AT MZIIHHR T &
CAIE ZOEWEN R LTEY, MRAICL>TEZDOMERH D3, KD X HIZS
HIhbd,

Jis6 B DB (4 FF) = 72 A B
o 1~4Hz
0 ¥ 4~8Hz
T3 7~13 Hz
o 8~13 Hz
B 14~30 Hz
y ¥ 30 Hz~
K 1M DR

B VN BRI b % D720, LIS BIAET B EAARA LT, 2 9 L7
WeLIShD ) A X% T —F 7 727 beRY, T—F 7727 ML TFTRO L D REENFET
50

WEEICRERNT T —F 7 77 K
® X

o LEX

ARERESE), B

FEAT

Ik

(N

R [ 7 e A

WERFE LISMCER T 27 —F 77 7 b

o ifilEE (ERGEE. #EFE. WhER)

® GLERIEE (MG

o RERIKF (BBE(HTTOADEIX)

o WERFHICHAEINTT—F 777 MR (BEFH)
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3.E HTM
3.1SDR

AFETIT HTM OFFf2HE ZEICHMT 2, HTIMTIE 7 —# 2% 3 & & LT, SDR

(sparse distributed representations) % f\ %, SDRIZX 3—1 DXL 92 1 £721% ON
By F RIS, B 2 XY MVRBLTH Y . A7 —Z 3 EME S T2 BERIIER
BlatEid 5, A ON By MR 2HIG1T 2% L FICRESIND, FEBRIZ AR O
DOMREMMISO @ XX 2% L TFTH Y, AHOMOFHEEZR LT D, A ENTT —F N
SDR DB a— R ENEHICHTMWN Tt s, SDREMHWS Z & T, £ DIF
WMEPRE LI EE, MVBREEEZROZENHRD, £, BHEOEREEMNT L LN
AIRE7R L = A VR AR FFO T2 RIRFICEE O TS ATRE Cd S [12],

10 00 0 00 0O
0O 000 0 00O O
0O 000 0 0O0 01
10 00 0 00 0O
0O 000 0 0O OO
0 010 0 0O0O0O
O 0 00 0 00 0 O
01 00 0 0O O O
0O 010 0 O0O0O0TFTO

B 3-1SDR (Bir#RH)
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HTM X, A &aftdon / —REz20ka~y 7 RCRE LT b D ER> T D, B
DELNSVSIHOH T LOEANK 3—2 DX HITHREND, I T LOMAEEHEN
5. 120X —r2KRETD, BEPELRTLICZONRZ—UBNEET 52 LT, HR
FIT7— 52 BRKBT D, FEMVIEENERIEMIREE, FEEERE, THREL B8BTS, £
7o, BT eI A MEE LR TV, RE< /T T, AN Abev T A B
HEEHD 2O0HRD, ANETZ AV MIAAEZZITRY, %M 12955, BZ AV K
BEHEDLDEELICIOHY, Bt AV N EEEFFO,

C > b

FEETEIE IR s AR s SETMETIE PR =

X 3-2 HTM DR,
Hig [16]

FETNLIY XNTEABOBERY THL Y T T AERO K E2EILSEDL LD TH D,
VT ABDO A GRIIE T T T ADOERE L RIS TS 2 E TR kESED, IiEhHLE
N DFEKDBRITMMD BRI LRI ZED 2 508 VOV F 7 A ik S8 5 &
WO bDTHD, ZOFE ANTMAD KM ENEREIFEEIE CTH LW T 7 22 ZH
AR T B2 L ER L, HMKFEO YT 7 AT 2 REZOME I e v &2
THY ., ~ZHICHILTWS, Mo THMICET &, > FF 20| (AHEH ) o=
22— U REWVHEE RS AT AL X, 200 =a—u O TR TREE
HEWVWH HOTE, K3—31F HIM 2 L TWD BELORENEILTDHZ LICL - TH
BHE LEBEOBENTH D,
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After learning | |

S
3

3-SHTM DO 7= Y XA
H #[12]

CZTEROEET LI R LEHXEAOCCTHATS, FTUDICANTA—Z 2R ET
5, HTM ® 5 5 20%% N, 1 B T 5T L0O¥E M 45, ZOR, BLoRiuk
M x N 725, Bt 12300 2IEELRIEOE L OEEZ M x N O 2 EITFHIAL, o b &
o a IZTEMALIREO IFRON T AICHD, jEAROEALTHD, FERICEZ tIZBT 5
THHREE OB OESZ M XN © 2H#THII, & KT, ajid TRMKED iR B OL T A
Zhn, jBHOELTHD, FENMIDDHLET AL MEEOHRTAFEDOET AL D
FHONTLCHD i EBAORANEDEET D, £/ AL MEGHOES AV MIZh
ENHEELNLMMOEL~OBERMEZEF LTS 7D, 87 AL FOFEGHES L& WVE
&2 TN D BE TR LT 2 ETHID RO T B0 LA R, ANES AL MEANE
TN FET DT L OREGEBEN 7L L, WHET 5, HHEREBOFEIX
3—4AXTERIND,

1

1 if j € W' andwf{l
t )1 ifjeW'and Zm’;j—l:o

0 otherwise

B 3- 4 FEHEALIRRE OFHR
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B 3—4RNnD 2 0D KM T TEAPEMAGIRIEIZ 2D Z L300, 1 OHITEAREE
HTLFOHTHIEENTEY, TOBANTFHNREICEER L CTWAHEAETHDL, 2o
BEIZEADBBEENDTZ DPON T LIEENTEY, 20 AL EETLN T AHIZTRIREEIC
EBLTWLEANT DLFELRVEGTH D, TRMREOFHEIZX 3—5 XTkKsh
Do

. =~ d t
0 otherwise
X 3-5 THMREBOFHE
0 ITEEH L TWAY T T AEROIIBITABETCHS, ZORELZEZL TCWARIIZEL
CEADBERE L TCWBERRT, BT A MEETOH LT A ML TIEMAL
REBIZH DB EFORE 7 AL MZX > THl LTV D BALNTFHNREBIZERT S,
WIZEHREOREFTOBRAEZ 75, LT 38 2OEEICE T A MEAVRE R EZFEHT

60

O BABTRANKEICRY . € ORIEHECIRBIZER LTSS (K 3-6),

jEW' and Fi(rlt) >0
X 8- 6 HELE D EHO

@ BENTZ LHPICHDLEDOENLLTFHREIZR > TR T2 88 (K3—17),
j € W' and Vi(?rfj_l):{)
X 3- 7 #EHtiEDEHQ

@ BB TREREEIC > TR, TORIEHALIRBIZER L~ T8 (M3-98),
4wt t-1
JEW" and 3i(m;7) >0

X 3-8 HEHEDEHO
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ZIZTQLQOYERITVFT T AR AL T 5, LEEno T, 87 A MEAPIZH DB

AN E5, OOHEITEZ AL MEGOHR T CICERHMEABRE L B2 T\ 28

i 7 A MZBL T, QOEHAEILE T A v MEA D7) T—FRKE WEERHE 2 FFo#Ekt
A MZBE LT 3-90oFFHAE=EHT 5,

x

ADY, =p™Df o A1 —p DL o (1-A")

& 3-9 EHROD
pt. pTREBRTHY, pt>pT. DEIDGOEOff% b OMEOHERY LT 275
T %, AXEHBERL, FHOERFNLOME L BHETHS, & 3—10 DEHRILF
A ST A DB A D S, TS T T A DB IS B 2 LICE 5Ty
7 A LT B

., [1 ifDf>0
D;; = |
0 otherwise
X 3-1 0 EHAOD

T, OQOHEITEI AL MEAOF CREZB X CWAERMEEZ B SE5, Zhiik
FFAEROBELAZFHRL TS (®3—11) ., p . p I EFEEHRTHY, p~>p

d _ . ——1yd
AD¢ = p D
where a =0and ||D oA"Y, >0,
wherep™™ L p~

X 3-1 1 EHAG

=AY,

KRBRICINEDOFEFE T VT Y XA LEZHWT, EHE I numenta (2 Sl — F&iR
4%, sp. tm algorithm ® 225D A7 v 7240 T ‘973)’@@[12]0 ZORLPa—F
132 < OEFEMMELEATNDIED, FELWHEIREZED D 7201213612 BRT 50N H
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Lo ZDa—REHETSHZLICL- T, X VIEKRARFEE T LY X AOFSE ) A RE

b,

6. for

11. for
12.
13.
14.
15.
16.
17.
18.
19. for
20.
21.
22.
23.
24.
25.

c in columns
overlap(c) = 0
for s in connectedSynapses(c)

overlap(c) = overlap(c) + input(t, s.sourceInput)
overlap(c) = overlap(c) * boost(c)
c in columns
minLocalActivity = kthScore(neighbors(c), numActiveColumnsPerInhArea)
if overlap(c) > stimulusThreshold and

overlap(c) = minLocalActivity then
activeColumns(t).append(c)

c in activeColumns(t)
for s in potentialSynapses(c)
if active(s) then
s.permanence += synPermActiveInc
s.permanence = min(1.0, s.permanence)
else
s.permanence -= synPermInactiveDec
s.permanence = max(0.0, s.permanence)
¢ in columns:
activeDutyCycle(c) = updateActiveDutyCycle(c)
activeDutyCycleNeighbors = mean(activeDutyCycle(neighbors(c))
boost(c) = boostFunction(activeDutyCycle(c), activeDutyCycleNeighbors)
overlapDutyCycle(c) = updateOverlapDutyCycle(c)
if overlapDutyCycle(c) < minDutyCycle(c) then
increasePermanences(c, 0.l*connectedPerm)

26.inhibitionRadius = averageReceptiveFieldSize()

X 3-1 2sp B&fl=—F
tH g4 [6]
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1. for column in columns

2. if column in activeColumns(t) then
3. if count(segmentsForColumn(column, activeSegments(t-1))) > 0 then
4. activatePredictedColumn(column)
5. else
6. burstColumn(column)
7. else
8. if count(segmentsForColumn(column, matchingSegments(t-1))) > 0 then
9. punishPredictedColumn(column)
10. function activatePredictedColumn(column)
11. for segment in segmentsForColumn(column, activeSegments(t-1))
12. activeCells(t).add(segment.cell)
13. winnerCells(t).add(segment.cell)
14.
15. if LEARNING ENABLED:
16. for synapse in segment.synapses
17. if synapse.presynapticCell in activeCells(t-1) then
18. synapse.permanence += PERMANENCE_ INCREMENT
19. else
20. synapse.permanence -= PERMANENCE DECREMENT
21.
22. newSynapseCount = (SYNAPSE_SAMPLE_SIZE -
23.
numActivePotentialSynapses(t-1, segment))
24. growSynapses (segment, newSynapseCount)

25. function burstColumn(column)

26. for cell in column.cells

27. activeCells(t).add(cell)

28.

29. if segmentsForColumn(column, matchingSegments(t-1)).length > 0 then

30. learningSegment = bestMatchingSegment (column)

31. winnerCell = learningSegment.cell

32. else

33. winnerCell = leastUsedCell(column)

34. if LEARNING_ENABLED:

35. learningSegment = growNewSegment (winnerCell)

36.

37. winnerCells(t).add(winnerCell)

38.

39. if LEARNING_ENABLED:

40. for synapse in learningSegment.synapses

41. if synapse.presynapticCell in activeCells(t-1) then

42. synapse.permanence += PERMANENCE_ INCREMENT

43. else

44, synapse.permanence —-= PERMANENCE DECREMENT

45.

46. newSynapseCount = (SAMPLE_SIZE -

47. numActivePotentialSynapses(t-1,
learningSegment))

48. growSynapses (learningSegment, newSynapseCount)

49. function punishPredictedColumn(column)

50. if LEARNING_ENABLED:

51. for segment in segmentsForColumn(column, matchingSegments(t-1))

52. for synapse in segment.synapses

53. if synapse.presynapticCell in activeCells(t-1) then

54. synapse.permanence -= PREDICTED_ DECREMENT

X 3-1 3tm algorithm 8l =— FO
H #a[6]
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55. for segment in segments

56. numActiveConnected = 0

57. numActivePotential = 0

58. for synapse in segment.synapses

59. if synapse.presynapticCell in activeCells(t) then

60. if synapse.permanence = CONNECTED_ PERMANENCE then
61. numActiveConnected += 1

62.

63. if synapse.permanence = (0 then

64. numActivePotential += 1

65.

66. if numActiveConnected = ACTIVATION THRESHOLD then

67. activeSegments(t).add(segment)

68.

69. if numActivePotential = LEARNING_THRESHOLD then

70. matchingSegments(t).add(segment)

71.

72. numActivePotentialSynapses(t, segment) = numActivePotential
73. function leastUsedCell(column)

74. fewestSegments = INT MAX

75. for cell in column.cells

76. fewestSegments = min(fewestSegments, cell.segments.length)
77.

78. leastUsedCells = []

79. for cell in column.cells

80. if cell.segments.length == fewestSegments then

81. leastUsedCells.add(cell)

82.

83. return chooseRandom(leastUsedCells)

84. function bestMatchingSegment (column)

85. bestMatchingSegment = None

86. bestScore = -1

87. for segment in segmentsForColumn(column, matchingSegments(t-1))
88. if numActivePotentialSynapses(t-1, segment) > bestScore then
89. bestMatchingSegment = segment

90. bestScore = numActivePotentialSynapses(t-1, segment)
91.

92. return bestMatchingSegment

93. function growSynapses(segment, newSynapseCount)

94. candidates = copy(winnerCells(t-1))

95. while candidates.length > 0 and newSynapseCount > 0

96. presynapticCell = chooseRandom(candidates)

97. candidates.remove(presynapticCell)

98.

99. alreadyConnected = false

100. for synapse in segment.synapses

101. if synapse.presynapticCell == presynapticCell then
102. alreadyConnected = true

103.

104. if alreadyConnected == false then

105. newSynapse = createNewSynapse(segment, presynapticCell,
106.

INITIAL PERMANENCE)
107. newSynapseCount -= 1

3-1 4 tm algorithm &{l=2— F@
H g [6]
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3.3Anomaly detection
HTM % W CRERMZTT 9 3412 anomaly score. anomaly likelihood % V> 5 J7{EA
oRA 3-12 X FEBIZ 25 OfEZF H L T anomaly detection 1T > 7= E K TH 5,
anomaly detection (X HTM IZ A1 &NT2T — X BRRETH DL EHMT 5 TR TH D,

Anomaly detection using HTM

Anomaly |w=p AI'IOI'I'IBW _}
score likelihood

3-1 5anomaly detection H{E[X|
H g [1]

HTM TIZV 7 A Z A ATRAET HEGNRT—Z A M) —LZR0HH, Ler-> T,
ZH LT =27 b—r%UToLoIcENbEnD, (K3—13X)
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X 8-1 6HTMIZBIT 57 —F 7L —A

HTM X216 07— & Zfk e =8 L, 20 A OREMFHEE2ET7 Vb5, 2
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VW, EDT, BEREEIT O DI HIM IZB T 5 2REONTRBL, x,, 1,2 V5,
X dZ AT x T 2BOERBEZR L, nITHRINZ briaRT, ZOTFHARY FVITBIE
DY —r o ACET RSN B R TH D, THEDEM ST HTM BB/EDOT —4# A
MY =A% ENETFIESET VT LTV DDIEGET D, 2D 2 DOXT Mhb
anomaly score (s,) . anomaly likelihood (L,) ZHH 3 5, #HIZ, anomaly score |
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G = T(x¢—q) - a(x;)
‘ la(x,)l

X 3-1 7 anomaly score

BUE D ANDPERICTR S 25613 00 PHIEZERITES BEIT 1 207, £70. B
O TENTZENZVER O TR SATRBESND, N7 MADBFZIZETHY |, +472
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B 3-1 8EEAYY
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X 3-1 9438k
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RN ) DREER 22 x (500 EOf % & D #E#) Q-function, [5], % i U TK 3—18 L
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X 3-2 0&H#FY

LI:I—Q(MU;IM)

3- 2 1 anomaly likelihood
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3.4NuPIC
NuPIC iZ numenta fE A BAF L7z HTM B S< CLAZARXREE LY 7 "y r—
CTHDH, NUPIC IZIZLL FORE R 5,

NuPIC o #5{#%

& F T A UEH

J A AU FRN

T, SRS AT RE
AN D X9 7maeafio
PR MER EW

IOy =V EHAWD ETHE LD RT A—21T swarming[9] Tk L7z, F#E 1
~AFHENRTAZO-HTHD, ThDDAFNINUPIC A a4 LIcbOTHY | FFEfl7R
PR 2R D H7-0121E HTM O Lk E S5 2 03235 5 (101, #H5I1L 8GB @ Ram & 4
2L FOCPUZ##H L7~ 64 £ F® Linux (Ubuntu) <> > Tfro7-,

KT A—=4 RE(E
clipInput TRUE
maxval 500
minval -500
n 396
type ScalarEncoder
w 21

#* lsensorParam
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NIA—4 AR E(E
alpha 0.075
regionName SDRClassifierRegion
steps 1
verbosity 0
inferenseType Temporalanomaly

# 2modelParams

NG A—=4 REME
boostStrength 0
columnCount 2048

globallnhibition 1

inputWidth 0

numActive ColumnsPerInhArea 40

potentialPct 0.8
Seed 1956

SpVerbosity 0

spatiallmp cpp
synPermActivelnc 0.05

synPermConnected 0.1
synPermInactiveDec 0.025

% 3spParams
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NG A—4 XEME
acitivationThreshold 15
cellsPerColumn 32
columnCount 2048
golbalDecay 0
intialPerm 0.21
Inputwidth 2048
maxAge 0
maxSegmentsPerCell 128
maxSynapsesPerSegment 32
minThreshold 11
newSynapseCount 20
outputType Normal
pamLength 4
PermanenceDec 0.1
permanencelnc 0.1
seed 1960
temporallmp Cpp
verbosity 0
# 4tpParams
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Anomaly likelihood HH

#!/usr/bin/python/

# FOR EXECUTING/PUSHING THE NUPIC MODEL
# Before or AFTER SWARMING

# run the model FOR EVER

import time as clk

from nupic.frameworks.opf.model factory import ModelFactory
from nupic.swarming import permutations_runner

from numpy import *

import matplotlib.pyplot as plt

import pyqtgraph as pg

from pyqtgraph.Qt import QtGui, QtCore

from pyqtgraph.ptime import time

from model @ import model params as mp

#definite word

model_params = mp.MODEL_PARAMS

model = ModelFactory.create(model_params)
model.enableInference({"predictedField": "EEG"})

curvel = curve2 = curve3 =t = zeros((0))

#data loading
data_file = ‘'data.csv' # example data
wave = loadtxt('data.csv',delimiter=",",skiprows=1)
def runRealTimeTK(k):
global curvel, curve2, curve3, t
# generate real time data and feed them to the HTM
newEEG = wave[k, 1]
# read one by one
EEG_value= float (newEEG)
result = model.run({"EEG": EEG_value})

38



prediction = result.inferences[ 'multiStepBestPredictions'][1]

anomaly = result.inferences[ 'anomalyScore']

curvel = append(curvel,EEG_value)
curve2 = append(curve2,prediction)
curve3 = append(curve3,anomaly)

t = append(t,k)

for k in range(x, X): # example data
runRealTimeTK (k)

#final graph

fig = plt.figure()

axl = fig.add_subplot(3, 1, 1)
ax2 = fig.add_subplot(3, 1, 2)
ax3 = fig.add_subplot(3, 1, 3)

axl.plot(t, curvel)
ax2.plot(t, curve2)
ax3.plot(t, curve3)

axl.set xlabel('t")
axl.set title('EGG')

ax2.set_xlabel('t")

ax2.set_title('prediction')

ax3.set xlabel('t")
ax3.set_title('anomaly')

axl.set_ylim(-500, 500)
ax2.set_ylim(-500, 500)

fig.tight_layout ()
plt.show()
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swarming

if swarm_label:
DATA_FILE = 'data.csv' # example data
SWARM_CONFIG = {
"includedFields": [

{
"fieldName": "EEG",
"fieldType": "float",
"maxValue": 500.0,
"minValue": -500.0

}

1B

"streamDef": {
Ilin_FolI: IIEEGII,
"version": 1,

"streams": [

{
"info": DATA_FILE,
"source": DATA FILE,
"columns": [
" n
]
}

]
¥
"inferenceType": "TemporalAnomaly",
"inferenceArgs": {

"predictionSteps”: [

1
1,
"predictedField": "EEG"
s
"swarmSize": "medium"
¥
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def swarm_over_data():
return permutations_runner.runWithConfig(SWARM_CONFIG,

{'maxWorkers': 4, 'overwrite': True})

if swarm_label:
dd=raw_input (WARNING+"I am going to SWARM !!!")
model params = swarm_over_data()
# <== use this if you swarm for best model
print(HEADER+"swarm for best model finished !"+ENDC)
else:
# you have to create __init_.py in folder model ©
from model_© import model_params as mp
model params = mp.MODEL_PARAMS

# <== use this if you already have a model
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NG A5

MODEL_PARAMS = {'aggregationInfo': {'days': @,

"fields': [],

"hours': @,
'microseconds': 0,
'milliseconds': 0,
'minutes': 0,

'months': 0,

'seconds': 0,

'weeks': @,

'years': 0},

'model’': 'HTMPrediction',

'modelParams': {'anomalyParams': {u'anomalyCacheRecords': None,
u'autoDetectThreshold' : None,
u'autoDetectWaitRecords': None},

‘clParams': {'alpha': 0.07502500000000001,
'regionName’: 'SDRClassifierRegion’,
'steps': '1',
'verbosity': @},
"inferenceType': 'TemporalAnomaly',
‘sensorParams': {'encoders': {u'EEG': {'clipInput':
True,
'fieldname' :
"EEG',
'maxval': 500.0,
'minval': -500.0,
'n': 396,
‘name': 'EEG',
'type':
'ScalarEncoder’,
'w': 21}},
'sensorAutoReset’': None,
'verbosity': 0},
'spEnable': True,

"spParams': {'boostStrength': 0.0,
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0.025225000000000004 },

'columnCount': 2048,
'globalInhibition': 1,
"inputWidth': o,

'numActiveColumnsPerInhArea’:

'potentialPct’': 0.8,
'seed': 1956,
'spVerbosity': 0,
'spatialImp': 'cpp’,
'synPermActivelInc': 0.05,
'synPermConnected': 0.1,

'synPermInactiveDec"':

"tmEnable': True,

"tmParams': {'activationThreshold': 15,

‘cellsPerColumn': 32,
'columnCount' : 2048,
'globalDecay': 0.9,
‘initialPerm': 0.21,
"inputWidth': 2048,
'maxAge': 0,
'maxSegmentsPerCell’: 128,
'maxSynapsesPerSegment' : 32,
'minThreshold': 11,
'newSynapseCount': 20,
'outputType': 'normal’,
'pamLength': 4,
'permanenceDec': 0.1,
'permanencelnc': 0.1,
'seed': 1960,
"temporalImp': 'cpp’,
'verbosity': 0},

"trainSPNetOnlyIfRequested': False},

"predictAheadTime': None,

‘version': 1}
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