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Mes32 X — 34751\

B AT FFASIFEIE K, &% Logistic Regression, Back Propagation Neural
Network &, FI00: BADEFIRD

THRES - TALTMHEK, 8A: Apriorig/ARIKk-Means, FIW0: WFXXHEHNEFLTH
ENEFTpaES
e

M- NTFmEBFINTHREFT M 28, &JA: Graph Inference S & Laplacian SVM

SRS Y- BINRRS IMIBENE, B4 Q-LearningI TN EES
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Xn€F (xn)*~; Target: y
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NI LEDRES Y] ?

Deep Learning: Why?

“t've worked all mwy Life tn
Machine Learning, and t've
never seen one algorithme knock
over benchmarks like Deep
Learning”

4@-

— Andrew Ng
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AES MBI RNESR

Torch (NYU,2002), Facebook Al, Google Deepmind
Theano (University of Montreal, ~2010), 252K

Kersa, “Deep Learning library for Theano and TensorFlow”
Caffe (Berkeley), HIR@BEZMLS, Rins

TensorFlow (Google)

® Spark MLLib



RES S DT RAEZRAEL

python has a wide range of deep learning-related
libraries available

and of course:

Hiah level | | (theano-extension, models in python code,
9 ! Lasagne | theano not hidden)

K Keras (theano-wrapper, models in python code,
abstracts theano away)

Py| ea r'r']2 (wrapper for theano, yaml, experiment-oriented)
(computer-vision oriented DL framework,
C aff model-zoo, prototxt model definitions)

pythonification ongoing!

Low level h 8 a n O (efficient gpu—-powered math)




THEANO

@B%;;{g 28, Montreal University
EBRE, FBER

Lﬂﬁz—:\ 5L RUREIXE/ER
01E s KEEZEI1EKeras, PyLearn2, Lasagne...
Pythonic AP, IEB 158931

Welcome

Theano is a Python library that allows you to define, optimize, and evaluate mathemartical expressions involving multi-dimensional arrays efficiently. Theano features:

« tight integration with NumPy - Use numpy . nderray in Theano-compiled functions.
transparent use of a GPU - Perform data-intensive calculations up to 140x faster than with CPU.ifloat32 only)
efficient symbolic differentiation - Theano does your derivatives for function with one or many inputs
speed and stability optimizations - Cet the right answer for log(1+x) even when x is really tiny.
dynamic C code generation - Evaluate expressions faster.
extensive unit-testing and self-verification - Detect and diagnose many types of errors

Theano has been powering large -scale computationally intensive scientific investigations since 2007. But it is also approachable enough to be used in the classroom
(University of Montreal's o= - ine lea classes).

News

Theano 0.8 was released 21th March 2016. Everybody is encouraged 1o update.
Multi-GPU,

We added support for

We added support for CNves to speed up the GPU memory allocation

Theano 0.7 was released 26th March 2015 Everybody Is encouraged to update.
We support cul if it is installed by the user.

Open Machine Learning V-evk‘.hon 2014 pre

Colin Raffel t

lan Goodfellow did a 1.5 «

New \e(hn«_a report on Theano ealu . 1 ¢
. We included a few fixes di s:overed whx!e doan the Tu(o lal




THEANO 3%

theano tensor T| imports

oy U R 1 VY BN

a T.scalar()

b = T.scalar() theano symbolic variable initialization

X] ~J

y=a*b our model

multiply theano. function(inputs-[a, b], outputs-y)

compiling to a python function

multiply(1, 2
multiply(3,

w

Ty Y N

Wi =10 WO

)
) e usage




THEANO 3¢

E%

train(x,

y)

on each example of input, output pairs

1 theano . rt
2 theano tensor T | IMpPOrts
3 numpy np
4 - )
il & NP Linspacec-l nyatal) training data generation
6 R 2 trX np.random.randn( trX.shape) 0.33 | g g
4
8 X T.scalar () 3 : S :
9 Y - T.scalar() symbolic variable initialization
10
11 def model(X, w):
12 . mo B X U)w our model
B
14 w theano.shared(np.asarray(0., dtype theano.config.floatX)) | model parameter initialization
15 yv = model(X, w)
16
17 cost = T.mean(T.sqr(y Y)) metric to be optimized by model
18 gradient = T.grad(cost=cost, wrt=w) | |earning signal for parameter(s) ' .
;;8 updates = [[w, w - gradient ~ 0.01]]1 | how to change parameter based on learning signal
21 train = theano.function(inputs=[X, Y], outputs=cost, updates-updates, allow input downcast=True)
22 . compiling to a python function
3 i range(100): ) ) )
4 ¢ X, Y zip(trX, try): | iterate through data 100 times and train model




THEANO DaYEFR N /B2 28

1 theano . rt
2 theano tensor T | IMPOris
3 numpy np
. :
5 trX np.linspace(-1, 1, 101) feaiod At o
SE A e 2 trX np.random.randn( trX.shape) 0.33 alling: aa@a generatio
4
8 X T.scalar () 3 : o= - :
9 vy T.scalar() symbolic variable initialization
10
11 def del (X, w):
12 S moge X w)w our model
LI
14 w theano.shared(np.asarray(C., dtype theano.config.floatX)) ] model parameter initialization
15 v = model(X, w)
16
1/ cost - T.mean(T.sqr(y Y)) | metric to be optimized by model
18 gradient l.grad(cost=cost, wrt=w) | |earning signal for parameter(s)
28 updates [Llw, w gradient 0.0111 | how to change parameter based on learning signal
21 train theano.function(inputs=[X, Y], outputs=cost, updates-updates, allow_ input_downcast=True)
24 ! compiling to a python function
23 i range(100): ) ) .
: Xy zip(trX, try): | iterate through data 100 times and train model
25 train(x, y) on each example of input, output pairs

N
(o 6
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R A" RK " BB TFHR. R R
iPython, Z1HE O]t
FESHINELZEEETheano, Kersa, TensorFlow

RENEX, THREVS




N 2FLE GPU ?

An early version of AlphaGo was tested on hardware with various numbers of CPUs and GPUs, running in asynchronous or distributed mode.

Hardware |edit)

ratings are listed below.[8] In the matches with more time per move higher ratings are achieved.

Configuration and performance
Configuration i~ Search . No.of CPU . No. of GPU . Elorating

- o -

threads
Singlel€] p.10-11 40 48 2,151
Single 40 48 2,738
Single 40 48 2,850
Single 40 48 2,890
Distributed 12 2,937
Distributed 24 3,079
Distributed 40 3,140
Distributed 64 3,168




AT LFR GPU ?

e CPU - I8 FITRIT, éﬁl?%#m&%
e GPU - X AIHIKBEITSE, THE

Control
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4.1 ZBURIRER

+ BIERREDHT
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Python=E EXIELLE

T
\/
78

X

T

FhiEY RE
interpolate —4%., SEXUIEIGE Scipy
unique ER#EPESE TR, BR®{E Pandas/Numpy

TLRIITR

isnull Yk =S 2 E Pandas
notnull H|r=SIERE Pandas
PCA XETR T RFEHITEM DT Scikit-Learn
random A R AR RE Numpy




, MANEARNREMEE , BIHXINAYSE

=711

B AIRGY

L.LWJ’%EF‘WWFL)\J: EEEEARAIREER | AR TFUFES!

”Jﬁ

E?h‘“fﬁd

ORI EER =N S SE Vs S ErierE b S I

FA— B R A ST SMNIBERE | SRR r S

IR BRI RIS AR S AT AN SR TN



FERNDESTNEE

BB SEER

EEEn B> M2 E M ENE CBERYD 55 HAh AR & R A B AR € 2K R e
WG k. SRR, ARZPERIA. Logisticll A, I [a])H,
o959 CIVSIN 1) =2 e IS -3 Bt

A PRSFERER R 1T A) F OB T3, 76 PR AT SR P B, AR
AR BRI 250 F 4030, BB 44 A2 SR 25

N TR N T i o e e — it i o 2 0 4 0 T 4 3 135 LB R 5,
TN 2 P\ 5 AR B 1 06 R R

U USRI SURR (5 MI%, Reayes i, & H AT ATIARI
R R TSI R R

o n] = SCHF I AL —MIEL BEA AR ZE MR, SEARA FIARZE Al e = 4E
SRR ML m o), R 4 = TR EAT 2RV 00 M I S50




FE[a)3=E

O))IEEIZFR R R

24 8] 15 R &5 AERLL N NEEABREMPFAR R A2 Rk
M & AT AR T FH e/ ik SRR AR AL R 4K
JE& 14 7] 15 B RS = 1 0l | S i W= A M E Bt v PN R S = Pl I NUE (A R
INED 2R o & BEAT @A . A SR AEZ M I¢ 28 AT LU I ] 5 1) R 20
A AR ME DG R, R [ )3 %) AR SR A
WIRAEReL, FIARRIESRUD —SRILTER
Logistic KA — A 1RO &) MBI R R, FIHLogisticRR%l
FhE(E e PR32 B () B 9 e I AEO R L2 T], 7 HU{E
NIHIREZ
2 =] 14 S HEMaA Ry Mt s TR
F) B 2 Bk
F B4 [P 15 S HgEaA Ry FR EERRE E RS i R R, 2
i) B % ek M X /N ZIRIE R — M, B RSEAG T
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XY SR TAEREAR S

A
TFA
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EINES

Y28

IFER | 2
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AAIENTRER

A C D E G H
Fire =] T Jiich ] N =ARflE Hitbfafi
41 3 17 12 176.00 9.30 11.36 2.01 1
27 1 10 6 31.00 17.30 1.36 4.00 0
40 1 15 14 55.00 5.50 0.86 217 0
41 1 15 14 120.00 2.90 2 66 0.82 0
24 2 2 0 28.00 17.30 1.79 3.06 1
41 2 2 2 25.00 10.20 0.39 2.16 0
39 1 20 9 67.00 30.60 3.83 16.67 0
43 1 12 11 38.00 3.60 0.13 1.24 0
24 1 3 4 19.00 24 40 1.36 3.28 1
36 1 0 13 25.00 19.70 2.78 2.15 0
27 1 0 1 16.00 1.70 0.18 0.09 0
25 1 4 0 23.00 5.20 0.25 0.94 0
22 1 24 14 64.00 10.00 3.93 2.47 0
37 1 6 9 29.00 16.30 1.72 3.01 0
48 1 22 15 100.00 9.10 3.70 2.40 0
36 2 9 6 49.00 8.60 0.82 3.40 1
36 2 13 6 41.00 16.40 2.92 3.81 1



« Python{t{#3

1 Z—#— coding: utf—-8 —F—
BT SR

import pandas as pd

S}

S

EZFCRTLE 1
6 filename = 'D://data/bankloan. x1s’

7 data = pd. read excel (filename)

@]

8 x = data.ilocl:, :8].as matrix()
9 v = data.ilocl:, 8].as matrix()
10
11 from sklearn. linear model import LogisticRegression as LR
12 from sklearn. linear model import RandomizedLogisticRegression as RLR
13 rlr = RLRO) Z&E VfEp[£ 4 /11T, iiidt & &
14 rlr. fit(x, y) /=27
15 rlr. get support () FIAACIFAFinitZa 2, (4 aflliFiid. scores 7772 H &5 TN FOFHT 740
16 print (u” L BEH1LE 5 o] B G BE Fr ik 45 K -
17 print (0 AEFNMEN: %" % 7, . join(data. columns[rlr. get _support()]))
18 x = dataldata. columns[rlr. get support()]].as matrix() izt Zriril
19 1r = LR #& V&4 15 7
20 1r. fit(x, y) #EHIFE G HIFFOUEZCHE 4{ 25 2
21 print (u” ZH R BRI YIZRE5 K.

22 print (0 BRI IEHEN- %s’ % lr. score(x, v)) #Z&5MHPEZVHT-FLYIE i3, K481, 4%
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o |m B EABEIZRA R
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EEBHR SRR

K Means K-SR A BRI, 7S/ MU AR TS
SY AU MK . 250 EL0 o B T K R

K— 0 5 K-S SIS A OB, K-t 2 SV SR PR A P 0 P4
L b, TE R B P S AT 6 S g e

24 Bk RGRAMIA L ZURS, 43086l HEE R ATREH, AT
G BRI, H S AT kD, (X IER A (I RS
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JJ\BH
YNCE 92 99 95 94
/B8 91 87 99 95
NiE 78 99 97 81
J\ER 88 78 98 84

NG 100 95 100 92



KmeansXJ=4E st {78328

1 from numpy import vstack

from scipy. cluster. vq import kmeans, vq

8 listh =
9 list6 =

88.0, 78.0, 98.0, 84.0
100.0, 95.0, 100.0, 92.0]

4 listl = [88.0, 64.0, 96.0, 85.0]
5 list2 = [92.0, 99.0, 95.0, 94.0]
list3 = [91.0, 87.0, 99.0, 95.0]
7 list4 = [78.0, 99.0, 97.0, 81.0]
[ ]

[

11 data = vstack((listl, list2, list3, list4, list5, llstG)) #ystack:

12 centroids, = kmeans(data, 2)
13 result, = vq(data, centroids)
14 print (result)
_Q:l:
JZz
> (01110 1]
=
oo % Process finished with exit code 0

KR, /M5, KHS. KEg2=%



5.1 TitanicZ@EE

- BUHBER

- HUETE
https://d17h27t6h515a5.cloudfront.net/topher/2016/December/584bcec3

titanic-data/titanic-data.csv
SR
python3.6+ anaconda B\ {EFHSE/MIT &INE pycharm

kil

Passengerld => FEZID

sz S .
.« 2N M‘%::C Survived => R B
- - = -
o Pclass => SeRER(1/2/3F54611)
: Name => e
1 Passengerld, Hurvad Pclass, NamP Sex,Age,SibSp, Parch Ticket,Fare, Cahln Embarked Sex => '|‘$%U
21,0,3,"Br aund_ Mr. Owen Harris® _malP_ 22,1,0,A/5 21171,7.25,,S Age => ﬂfﬁ/‘v\
3 2,1,1,"Cumings, Mrs. John Bradley (Florence Briggs Thayer)",female,38,1,0,PC 17599,71.2833,C85,C . => i A
4 3,1,3, "Heikkinen, Miss. Laina",female,26,0,0,STON/02. 3101282,7.925,,5 SIbSp EE’%/Q* |/;55(
54,1,1,"Futrelle, Mrs. Jacques Heath (Lily May Peel)" Fpmale_35_,1_,@_,113-8@3_,53-.1_,(2123-_,5 Parch => QLB5/\Z
65,0,3,"Allen, Mr. William Henry",male,35,0,0,373450,8.05,,5 Ticket => %%{%—%
76,0,3,"Moran, Mr. James”,male,,9,0 “ﬂb?? 8. 4_:&-‘ ,0 Fare => E_E{/\
8 7,0,1,"McCarthy, Mr. Timothy 1", ,54,08,0, 174(33 51.8625,E46,5 . m,_‘)_!
9 8_,:3_,3,"Palz.z.on Master. Gosta Leonard” _male:_,i_ -‘_1_ 3499@9,21.875,,S Cabin => %m@
18 9,1,3,"Johnson, Mrs. Oscar W (Elisabeth Vilhelmina Berg)", ’rpmalp 27,0,2,347742,11.1333,,5 Embarked => %%%D



https://d17h27t6h515a5.cloudfront.net/topher/2016/December/584bcec3_titanic-data/titanic-data.csv

1. EAHIRIEFENER

& wocanmei.py

1 ' import mumpy as np
2 import pandas as pd
import matplotlib. pypleot as plt
4 data_sre="D://titanic—data. csv’
3] df = pd. read_esv(data_sre, header=0) = S 5E
print(df. info()) =z EFHEENEFEE,
7 print (df. describe()) # EEHEARBEER
: print (df. head()) # TEEBILITHIE, AE TBEEEFERER

- 1BITER

S titanic
titanic
<class "pandas. core. frame. DataFrame’ > Passengerld Survived Pelass _ Age Sibsp 1\
Rangelndex: 891 entries, 0 to 890 count 291, 000000 291, 000000 891.000000 T14.000000 891.000000
- —, [mean 446, 000000 0. 383838 :’I 308642 29, 699118 0. 523008
—, Data colums (total 12 columns): [ - - - -
=5 ) std 257, 303842 0. 486592 0. 836071 14, 526497 1.102743
Passengerld 891 non—mull int64 B )
3 . ) min 1. 000000 0. 000000 1. 000000 0. 420000 0. 000000
Survived 891 nomnull int64 = . an . a1
ﬁ Pel 891 momruill intea @ 250 223. 500000 0. 000000 2. 000000 20. 125000 0. 000000
crass s I 446.000000  0.000000  3.000000  28.000000  0.000000
iy Name 891 non—null o Ject 5% 668. 500000  1.000000  3.000000  38.000000  1.000000
Sex 891 nonrnull object mnax §91. 000000  1.000000  3.000000  80.000000 8. 000000
Age 714 non—mull floatB4
SibSp 891 non—mull int64 Parch Fare
Parch 891 nonrnull int64 count 891.000000 891. 000000
Ticket 891 non—null ocbject mean 0.381594 37, 204208
Fare 891 non—null floatf4 std 0. 808057  49. §93479
Cabin 204 non—null object min 0. 000000 0. 000000
Embarked 889 non—null chject 250 0. 000000 7.910400
dtypes: float64(2), int64(5), object(d) 50% 0. 000000 14, 454200
memory usage: 83.6+ KB TE% 0. 000000 31. 000000
None max 6. 000000 512, 329200

MEIEENEREEJLAEDY | Age \ Cabin \ Embarked EFEGRKER , ,\EPCabm%ExE?&SE{EJ_a
FHRNEEREFRIIANST | éﬁdﬁ’*” RIEHE R T LURIERIT R A A8 E Vs I A EEERH I THNSTRY



2. SIFREEEESZHETEZEXR
- EELEER

survived_rate = float(df['Survived'].sum()) / df['Survived'].count()
Print(‘survived_rate: ',survived_rate)

— HHZE

survived_rate: 0.383838383838



- IRUSEFERXR

w=[df [{df.Pclass==1) ][ Pclass’ ].size, df[{df.Pclass==2)]["Pclass’ ].size, df [(df. Pclass==3)][ Pclass’ ].size]

y=[df[(df. Pclass==1) & (df.
print{’1 Pclass number:’
print(’ 2 Pclass number:’
print({’ 3 Pelass number:’

Feclass_swurvived rate = (df.

Survived == 1) ][ Pelass’ ].size, df[(df.Pclass==2) & (df.Suwrvived == 1)]['Pelass’ ].size, df[(df.Pclass == 3) & (df. Survived == 1)][" Pelass’ ]. size]
+ stri(xz[0]) +° " +71 Pclass survive:” + str(y[0]) +° "+ 71 Pclass survive rat:’, float(y[0]) / x[0])
+strix[1]) +° ' +'2 Pclass survive:’ + striy[11) +' " +'2 Pclass survive rat:’, fleat(y[11) / z[1D])
+ str(x[2]) +° ' +73 Pelass survive:’ + striy[2]) + + '3 Peclass survive rat:’, float(y[2]) / x[2D)

¥ ¥

groupby ([ Pelass’ 1), sum() / df. eroupby(['Pelass' 1). count () [ Survived’ ]

Felass_survived_rate. plot(kind="bar’)

plt.title(’ Pclass_survived_rate’)

plt. show()

- B4R

Pclass_survived rate

. 0.6
| P .titanic
1 Pclass number:216 1 Pclass survive:136 1 Pclass survive rat: 0.6296296296296297 05 4
2 Pclass mumber:184 2 Pclass survive:87 2 Pclass survive rat: 0.47282608693632173
= 3 Pclass muber:491 3 Pclass survive:119 3 Pclass survive rat: 0.242362525458248468 0.4
2 )
0.3 4
0.2 1
0.1
0.0 -

(&)
Pclass
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male_suviced=df[(df. Sex=="male’' ) ][ Sex’ ].size
female suviced=df[(df.Sex=="female’ )][ Sex’ ].size

print({ male survive: ,male suviced)

10 print(’ female survive:’ , female_suviced)

11 Sex_survived_rate = (df. groupby ([’ Sex’ ]).sum() / df. groupby ([ Sex  ]).count()) [  Survived ]
12 Sex_survived_rate.plot(kind="bar’)

13 plt. title(’ Sex_survived_rate’)

14 plt. show()

- B4R

[ titanic

Sex_survived rate

male survive: 377
0.7 1
female survive: 314
0.6 4
—
E-'_i-" L . . 0.5
©  Process finished with exit code 0

0.4 4

0.3

0.2 4

0.1+

0.0 -

male
male
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7 age clean date=df[ np. isnan(df[” Age’ 1) ] R E SRR P FINaN
' ages=np. arange (0, 81, 5) 20 80% , §5% —F (F&E 805 )
age_cut=pd. cut (age_clean_date. Age, ages)
10 age_cut_grouped=age clean date. groupby(age cut)
11 age Survival Rate=(age_cut_grouped. sum() fage_cut_grouped. count ()) [ Survived' ] st ESFiHERETE
12 age Survival Rate.plot(kind=" bar’)
13 plt. title(’ Age_group_survived_rate')
14 plt. show()
15 Age_group survived rate
S=—g, = 1.0
- IBITER
0.8 1
0.6 1
0.4 1
0.2 1
0.0 -

(0, 5]
5, 10]
0, 15]
5, 20]
0, 25]
5, 30]
0, 35]
5, 40]
0, 45]
5, 50]
0, 55]
5, 60]
0, 65]
5, 70]
0, 75]
5, 80]
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TEZIAXFR

- RIE ERZESYT , AR FEERZINERA , (BR—1 SHILCEEXE ?
FReNANER B NESREHRITOT

Pclass_Sex_survived_rate=(df. groupby ([’ Sex’
Pclass_Sex_survived_rate. plot (kind="bar’)
plt. title(’ Pclass_Sex_survived_rate’)
plt. show()

mHEsR

SR
AR | FiaRES
Y FEESTSHHE

10 A

"I|.l

0.8

0.6

04

02

0.0

., Pelass’ ]).sun() /df. groupby ([ Sex’, "Pelass’ 1). count()) [ Survived’ ]

Pclass Sex survived rate

(female, 1)
ifemale, 21
ifemale, 31
imale, 1]
imale, 2]
imale, 3]

Sex, Pclass
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XL %FE:?E’JWE

\ B C D E

d | r» | F | wu
1 27 5 23261
2 3 5 1507. 11
3 4 16 817. 62
4 3 11 232.81
5 14 7 1913.05
3 19 & 220. 07
7 5 2 615.83
8 26 2 1059, 66
9 21 9 304.82
10 2 21 1227. 96
11 15 2 521.02
12 26 3 438,22
13 17 11 1744.55




= -#- coding: utf-8 -#-
¢ Pyt h O n'ftﬁg 2 ;EJ% K-loans B B BT TR

import pandas as pd

4 2 Ea

—

5 inputfile = '../data/consumption_data. x1s’ #HE R EMEHEE
& outputfile = '.. /tmp/data_type. xls" #F{FERMITHE

7 k = 3 #EEZEAIER

iteration = 500 ZZEGEFFET
:] data = pd.read_excel(inputfile, index_col = "Id") #EHIENE
10 data_zs = 1. 0*(data - data.mean())/data.std() ZHEFRENL

11 from sklearn. cluster import KMeans

12 model = EMeans(n_clusters = k, n_jobs = 1, max_iter = iteration) oAk, H&#i4

13 model. fit(data_zs) ﬁ}ﬁé‘%%‘é

14 AR BFTEEER

3] rl = pd. Series(model. labels_). value_counts() ZFitS-ZERIg0E0H

16 12 = pd.DataFrame(model. cluster_centers_) #ﬁuﬂ%%’f—ﬂlft\

17 r = pd. concat([x2, rll, axis = 1) #E&[&EE (0RHMME) . BRIERD.LIERZES T HE B
18 r.colums = list(data. colums) + [u ZEBIFA' ] Eabik

19 AR R aeEE I E

20 r = pd. concat([data, pd. Series(model. labels_, index = data. index)], axis = 1) #EZR4 L E 1A R HIZER|
21 r.colums = list(data. colums) + [u' BZER|'] Fagk

22 1. to_excel (outputfile) #FiF&EH
23 def density plotidata): B FEYAEEFE

24 import matplotlib.pyplot as plt
35 plt.rcParams[’ font. sans-serif’ ] = [’ SimHei’ ] #MZEIFE B S Hrsr
26 plt.reParams[’ axes.unicode_minus’] = False :AEIFFET-H S

27 p = data.plot(kind="kde’, linewidth = 2, subplots = True, sharex = False)
28 [plil. set_ylabel(u' ZFE' ) for i in range(k)]

29 plt. legend()
30 return plt
31 pic_output = '.. /twp/pd_’ AFEFEEHETE

32 for i in rangeik):
density_pletidatalr[u’ 223EH" J==1]). savefig(u’ %s%s. png’ %(pic_output, 1))
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A B D E

Id R M | EEes) |
1 27 4] 232 .61 1
2 3 5 1507.11 1
3 4 16 817.62 0
4 3 11 232 .81 1
5 14 f 1913.05 1
6 19 4] 220.07 1
7 4 2 615.83 1
8 26 2 1059.66 1
9 21 9 304 82 1
10 2 21 1227.96 0
11 15 2 221.02 1
12 26 3 438 22 1
13 17 11 1744 .55 0
14 30 16 1957.44 0
15 4 f 1713.79 1
16 4 21 1768.11 0
17 93 2 1016.34 2
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