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1 HTKNNEERFSEIEG

1.1 KNNEHEERAN

KNN(K-Nearest Neighbors) 4>k — P A RN 4 285002, HA 0 B R . W R 3 — e A
BFW—3, N R B EARE Ak AN RAGEIREA; &k MERF RS HE TR, T2l
NGAEA R TR 2. Python ™ T Bk B StHLiZ B %

LR fiERE

stepl 1% 0 I 2 LU IR Es, e 28k

step2 TSI HOHE 55 1 2 HE ) P ER S

step3 KRR, FREBNABE B B A bR RS

stepd | Giit LIREEMARZEAINEG D ERZ BARZE RIS T H 12851

i EERE, AT U BIKNNSE R A — S A0oh . LR RIAR, 5 TR, AR IZE
RAHER RO E R TRAGHUE, BRRE SR, Wt AN ERIKE . AR B B SRR T R HER
FEAIRRRE M . BRI AL 18, AT EPUE, G2 2K4550, N A Pythonfsklearn i 5
W HEAT SR A -

1.2 Az

import numpy as np
from sklearn import neighbors

##### step 1: prepare the train set and test set from mnist database
#train examples: 60000, size: 28%28

train_image = np.fromfile(’train-images.idx3-ubyte’, dtype=np.uint8)
train_image = (train_image[l6:]) .reshape([60000,28%28])



train_label = np.fromfile(’'train-labels.idxl-ubyte’, dtype=np.uint8)
train_label = (train_label[8:])

#test examples: 10000, size: 28%28
test_image = np.fromfile(’'tl0k-images.idx3-ubyte’, dtype=np.uint8)
test_image = (test_image[l6:]) .reshape([10000,28x28])

test_label
test_label

np.fromfile ('tl0k-labels.idxl-ubyte’, dtype=np.uint8)
(test_label([8:1])

##### step 2: get the classifier of knn

model = neighbors.KNeighborsClassifier (n_neighbors=1,weights=’distance’,algorithm="auto’,
leaf_size=30,p=2,metric=’euclidean’)

##### step 3: train with the traindata and trainlabels

model.fit (train_image,train_label)

##### step 4: make predictions

knn_class = model.predict (test_image)
knnerror = np.sum(knn_class != test_label)x1.0/knn_class.shape[0]

##### print result
print ’'The knn classification is’,knn_class
print ’The Error rate of knn is’,knnerror

ERARHE TR R B I

SR | R

stepl | #E&LFINZRECE LR BaE 42

step2 | W f3knnsrIEds

step3 | FANZE I train_image 5N ZAr%train_label, BEATIIZt
stepd | XHIRE st imageBETHM 4325

steph | TFHE KRR E

A2 OB EAREA U fEEU S knn ) 28 model = neighbors. K NeighborsClassi fier ()i F&5 B (L]
WERRKHABRIAGEIZI T o2, @dER, RURMTUER S BEESH (LhnkmE, BEEMNERRTE K
WS, BRSSPI R RN F 5N R, CUER S — M@ A MSEE. TR ES IS HUE:

ZH il RE
n_neighbors | k&, ERIA5
weights FAHA SR B AENE, uniform’, distance’
algorithm TR AT R BB 5E, 'kd_tree’,’brute’,’ball _tree’, H 23k i &G Hi% auto’
leaf _size £ X kd tree’5'ball _tree’If [flleaf size, #KiA30

metric BEBEIE B K15 55, Ccityblock’,’euclidean’,’canberra’, AN minkowski’#H 2
P Hmetric A 'minkoski’#f: 1: manhattanffi@;2: euclideanfiB;p: minkoskifffi 5

1.3 SEIEER KT

N TH A2 2K F B A ffineighbors. K NeighborsClassifier () %F60000™ I i3 250 45 Wt (1) 45 S, 4% % R N3.12%, &
& ipythonill A #EHf A9min.

The knn classification is [7 2 1 ..., 4 5 6]

The Error rate of knn is 0.0312

CPU times: user 8min 57s, sys: 84.7 ms, total: 8min 57s
Wall time: Smin

N TIRTRE R R BIMERA R E =T 5 IUNER, wEk 8 DU B B i S AT 1B




1.3.1 X B L U

K Hmanhattan(cityblock)FEE R, k=3, %% }3.6%, @ilipython MXFER N9min 56s:

The knn classification is [7 2 1 ..., 4 5 6]

The Error rate of knn is 0.036

CPU times: user 9min 56s, sys: 60 ms, total: 9min 56s
Wall time: 9min 56s

KHBRREEE (euclidean) B, k=3, $5i%% N2.83%, @Eitdipython MWIRFER ¥10min 9s:

The knn classification is [7 2 1 ..., 4 5 6]

The Error rate of knn is 0.0283

CPU times: user 10Omin 9s, sys: 64.8 ms, total: 10min 9s
Wall time: 10min 9s

KHcanberrafi Bii, k=3, #5iR%F AN3.87%, @#itipython MIHFER #15min 10s:

The knn classification is [7 2 1 ..., 4 5 6]

The Error rate of knn is 0.0387

CPU times: user 15min 10s, sys: 71.7 ms, total: 15min 1ls
Wall time: 15min 10s

VMK, EREMRREEE N, AIRFR RN, R T 5 U5 R 8 R R EE B A i S SR
SRR B S TV

1.3.2  XTk{E B BUREE
TR YRGB RE (FEEH AR RIERE) B, RPN I 028488 R R 5ia TH )

ki AHIRE BT A

1 3.09%  9min 53s
2 3.09%  1lmin 10s
3 2.83%  11lmin 02s
4 2.86%  1lmin 54s
5 3.09%  11min 39s
6 2.91%  11lmin 42s
7 3.00%  10min 21s
8 2.94%  10min 46s
9 3.27%  10min 59s
10 3.16%  10min 45s
11 3.22%  13min 16s

12 3.22%  13min 38s

% 0] LLE Hipythonlg 17 B (A1 #R7E 10-13minZ 7], kEAS RS B R RABANE, A FE3% A H
Hk 3 ITERR R RN R2.83% R LMk EARIH, MGREWRA FHEEKEE L, #HREdm) , Wk
IO Pknn 73 R HVERS B 10 R4 R it

Zia ERNE, HkanBEET FHIRDIN, SRBRNEF2.83% (WLNk=3 RHMRAEE) , HEBITH
[ A11min02s .




2 3} TFNaive Bayes SHiEHF 54 HA
2.1 Naive Bayes& k4

Naive Bayes# =& —Fldk T Bayesti 26 ) —Fpor 5757, HEEEERER MG ME . FEEEIA KR
TEHRRAREANLH, FTA RRAEXT 2510 #02 [ S S . DU o R R AR A Ul

p(X|C)p(C)

p(elx) =P

— p(C]X) o< p(X|C)p(C)

He, X = X(X1,Xz2,-+,X),C = Cler,co,---,ern). WA&TATEA T FAR N5 % B Fp(a| X)(k =
1,2, L)k ME, IR X R TR et B (1 5531 -

2.2 JUFh D3 Se B 5 R I LR
2.2.1 HTFsklearnFE)GaussianNBE

X5 RAR BT A i) feature i 2 IE A5 70 A1, X & — Fifeature 7 HIBEAT SN A, A e S B A0 I fi L A 7]
B, REEARGEEAT VISR T BN AT, AR R (SERRSAT A 1E & RS 0 mnist_nb_sklearn GaussianNB.py):

#!/usr/bin/env python
import numpy as np
from sklearn.naive_bayes import GaussianNB

# SANNGEARAPRRE, B e ARSI RER, WAHKHEDbits
train_image = np.fromfile(’train-images.idx3-ubyte’, dtype=np.uint8)
train_image = (train_image[l6:]) .reshape([60000,784])

train_label
train_label

# AR HE AR
test_image = np.fromfile(’'tl0k-images.idx3-ubyte’, dtype=np.uint8)
test_image = (test_image[l6:]) .reshape([10000,7841])

np.fromfile (' train-labels.idxl-ubyte’, dtype=np.uint8)
train_label[8:]

test_label
test_label

np.fromfile ('tl0k-labels.idxl-ubyte’, dtype=np.uint8)
test_label[8:]

# create a Navie Bayes model based on Gaussian
model = GaussianNB ()

# train the model
model.fit (train_image, train_label)

# predict

newlabel = model.predict (test_image)
error = sum(test_label != newlabel)*1.0/10000
print "Error rate is " + str(errorx100) + "&."

X7 R MR R AR T AR Y, 1207 IR R R A 48.76 %, (H IS AT I [ 4 -

Error rate is 48.76%.
CPU times: user 942 ms, sys: 448 ms, total: 1.39 s
Wall time: 1.44 s

2.2.2 FIHEHRET Gauss/H A INBHE I (REUE L IE T feature)

FEIX B SR AR b — M7 B R R R, BRI MOT I T ik, T E28 x 28HUR K, FAEE —
Lo ROMME R A, BN L A L e, X S SE B it R R A AT AR, BRI AT Bl —F 5 ik &
Prix i ifE e, M RfeaturefI4ERE . AT B GIN T —MagAe &, H 32 2R 42 3 A [F] flabel T 4
WGREAE P, WREe e 4220, WREEAETER IR0 Mfeature. 1R F:AMfeature?E BT H Zlabel 1) X £ 8 7 42 2501
W, Nflagic Mfalse, 5 MC Atrue. XFEAITE, 7E T K Gauss 7 A I E AN TT ZE I, AS[R] BT label ) U4 Fir bf B
Mg AN . A — R H B MR, ALERITHE S, R ERR X BUE N, A RE H BllogORI I oL,




FI CAZE TF S BB I N 7 — AN /NT10 ™00 SR i mT DUBCRI (9 TH 5 25 . R IR B0 o ARAS R 1), S B AR AT 7E 5L
ffmnist_nb_less features.py H'.

§ RIS KRS R — MR, B

# flagl[il FERUNRAMIIZEEE PFLedEfs 422 1abeli0

def flagCalculation(train_image, train_label):
rrr
flag is a dictionary, where the key is the label 0-9, and the values
are the bool values indicate which column are all zeros

rrr

flag = {}
for i in range (10) :
flag[i] = np.array ([ train_image[train_label == i, jl.sum() != 0 for j in range(784)

1)

return flag
flag = flagCalculation(train_image, train_label)

# Calculate the A prioir probablity
p_y = np.array([train_label[train_label == i].shape[0]x1.0 / train_label.shape[0] for 1 in
range (10) 1)

# Calculate the sigma and mu

s1gma = {1}

mu =

# Eﬁ%ﬁlﬁ I AR IHT T featureo

for i in range (10):
mul[i] = np.average (train_image[:, flag[i]][train_label == i, :], axis=0)
sigma[i] = np.std(train_image[:, flag[i]][train_label == i, :], axis=0)

def calcP_xy(x_test):
log p_yx = {}
for 1 in range(lO)
x_test_new = x_test[flagl[i]]
# FEVHS BRI, i E— MR 1og01e-100
log_p_yx[i] = np.sum(np.log(l.0/sigma[i]/np.sqgrt (2«np.pi)*np.exp (- (x_test_new-mul[i])
*%2/2.0/sigma[i]**2)+1e-100)) + np.log(p_yI[il])
return np.argmax (log_p_yx.values())

newLabel = np.zeros(10000)
for i in range(10000) :

newlLabel[i] = calcP_xy (test_imagel[i, :])
error = sum(test_label != newLabel)x1.0/10000
print "Error rate is " + str(errorx100) + "%."

XERAFEFF MR R, 8= 935.03%, LRl — Mokt 7+ =40, HRZAT7E SKNNTTEM
o BERFRIER N, IR 5 it — b et

Error rate is 35.03%.
CPU times: user 10.7 s, sys: 228 ms, total: 11 s
Wall time: 11 s

2.2.3 FIHLUE T GaussH i FINBRE L (FREUE L E T featureFF I —14k)

KFSEIINES MR — X, FATSZRAMNR SR 34T 75— b2, RS ER R LUE A0 &
KAE255. TTH AR RB], SEFFAALIE S Fmnist_nb_less features normalized.py Ho

train_image
train_image

np.fromfile (' train-images.idx3-ubyte’, dtype=np.uint8)
(train_image[16:]) .reshape ([60000,784]) / 255.0

test_image = np.fromfile(’tl0k-images.idx3-ubyte’, dtype=np.uint8)
test_image = (test_image[16:]).reshape([10000,784]) / 255.0

BATATAE 2], RFEM L RS 7K AERG 2%, BHR R AT — 079 1935.03%, FEE] T BLERI21.04%.

Error rate is 21.04%.
CPU times: user 19.3 s, sys: 2.76 s, total: 22.1 s
Wall time: 22.1 s




2.2.4 FTFsklearnfFEF FIMultinomial 57
ARG 77 TH 5 52 T-sklearn E 1 1] GaussianN B 77 7% [ HE— X 5t 2 Fmodel i 7] FH

’ model = GaussianNB ()

BT

’ model = MultinomialNB (alpha=0.001)

(SEPRARASTE L mnist_ nb_sklearn MultinomialNB.py . )

Multinomial Naive Bayes 4353 & M H T B HCRFAE 0] 81— Fp 5075, HOAn Ui SOAR Sl 1 43 25 . FEIX N SEVE
t, HEFWHZE NS ER e, BNSHR—DFESE, KPR N0, Yo = OF, FREHEF
W, BB, EXEZEMAZ)E, KT a = 0.001, B, WKL R KRR N16.3%. R EATEH,
RIS R S O FE R, B AT DA AEms ZN o

Error rate is 16.3%.
CPU times: user 386 ms, sys: 174 ms, total: 560 ms
Wall time: 384 ms

2.2.5 RTZRIESHSTHWNBEE
T3 T X efeature M E L A AT IERS, FIL iR A B B L PUAMER, AXBERIMIKIXEFS
PR R 2 e IEA A, Bl

x-S - )

1
= e
Hrr, p REZFRENE, w= E(X:), X RWITZEREE, || &7 ZHERT81.

p(X[C) = fx(z1,. ..

T=E [(X — B[X]) (X — E[XDT]

(B — i) (X — )] EI(Xs— )Xo — )] E[(X0 — ) (X — pa)] |
E[(X2 —p2)(X1 — )] E[(X2 — p2) (X2 — p2)] -+ E[(X2 — p2)(Xn — pn)]
BI(X0 — ) (X1 — )] EIX = )(Xe = )]+ BI(X = 1) (X = )]

BTN, REMFMRAT RS SEUR/DNOEL I, RIS B A BRI, 2
Hou e Ja g kAR, |

202 .
p(ylr) o< p(xi|y) = e y 1=1,2,3,4
(y|z) (zily) o om



IRV v S

In p(ck|X) =In p(X|cx) + In p(ex), k=1,2,---,L.

1 1 Ty —1
=In (WGXP (_Q(x_l"‘k) 3 (X—Nk)>> + In p(ck)

1 1 _
= 5 27 — oI [Bi] = 5 (= ) T2 (¢ = p1g) + In ple)

TESEBR TR, MR ) &N o B e 5], B B I IO0 T 85 i 45 SR ma i, LR O

H, RIERAFITHE
In p(ex|X) = —%(X — ) ST (x = ) + I plex)

TEARG ISR, 34T I A numpy 42 46 (10 % Rl 2 M AREUW e Bk T AR RE AR G B B, R B R 2
TEVFE YT ZEHRER, AR SRR b, XA BT — MR, X BIRATIR S K ILHE 150000 5 5
UF Can N R BRI B R R RS TR ) 5 5 E e bR MU AT B R A X A, AT RS2 T X R akillil, 1R 2 H7E
WAEF CEAFAEM GO, PRI R 1 B sk 77 22 56 FE B8 i m] B8 H BT S A 156 0L

A Error rate Run time(unit:s)
1000 6.21% 38.86
5000 4.57% 37.96
10000 4.17% 38.47
12000 4.14% 38.12
15000 4.06% 38.09
18000 4.16% 38.15

A A T SR AT 51 SORE B I RVRR A, 5 A B T 2 R AT 81 I IO i 4% 4 SR S L DN
DR A SRR I BRAT T B g 1, IR e T S, AR AT DL R i s AR, Sk B AR AE SC
ffFmnist _nb_multi Gaussian.py H.

#!/usr/bin/env python
import numpy as np

# Load train and test data
train_image np.fromfile (' train-images.idx3-ubyte’, dtype=np.uint8)
train_image (train_image[16:]) .reshape ([60000,7847])

np.fromfile (train-labels.idxl-ubyte’, dtype=np.uint8)
(train_label[8:])

train_label
train_label

np.fromfile ('tl0k-images.idx3-ubyte’, dtype=np.uint8)
(test_image[l6:]) .reshape ([10000,7847)

test_image
test_image

test_label = np.fromfile(’tl0k-labels.idxl-ubyte’, dtype=np.uint8)

test_label = (test_label[8:])

# Calculate the A prioir probablity

p_y = np.array([train_label[train_label == i].shape[0]x1.0 / train_label.shape[0] for i in
range (10) 1)

#print p_y

# Calculate the sigma and mu

sigma = {}

mu = {}

invsigma ={}
lambda = 15000
for i in range (10):

dat = train_image([train_label == i, :]

muli] = np.average (dat, axis=0)

# sigma is singular, so we add some large value on the diagnoal
sigma[i] = np.cov(dat, rowvar=0) + lambdaxnp.eye (784, dtype=np.uint8)
invsigma[i] = np.linalg.inv(sigma[i])

idx = np.zeros (10000, dtype=np.uint8)

for k in range (10000) :
kdat = test_imagel[k, :]




gx = np.zeros(10)
for j in range(10):

gx[j] = -0.5x(kdat - mu[j]) .dot (invsigma[]j]) .dot ((kdat - mu[j]).T) + np.log(p_yI[jl)
idx[k] = np.argmax (gx)

err = 1 - sum(idx == test_label)*1.0/10000
print "Error rate is " + str(errx100)+ "%."

THARTFIZTINER, REFENL06%, #iTipython il IAFER A 1min 14s. ATLLF H, XA %L L EFTA
[y Naive Bayes riZ e RS 4k B, (ER ST 1) oA

Error rate is 4.06%.
CPU times: user 1lmin 10s, sys: 4.31 s, total: 1lmin 14s
Wall time: 43 s

3 HETSVMEFEHEKIRA
3.1 SVMEERN

SVM (support vector machine) MZ T 43550 T AR 45 2T B JE TR o b 4 KAt 2 TR 40 KA A
e I IE R A0 TF, ELAE AN SRR Rk . SVM 2558 T 38— i 2 40 2 TR A T 17, 3 LA I 688 P 11 2B B8 43 2K
JRTT 8 138 AR 80— 5 T2 O 192 11 DX 356 (maargin) Bk o 3o P SREAR TP 85 4 KT B 160 4 L 47 T8
53 ST 0T T 10 U 58 A AR L PRI B margindiihc, 49255845 ORI AIEL RE 7, AL sE . SEIMAT.

B IR, SVMED AR = UK i P8 1 1 B . 26 SR IS 240 5K 4 4 0 B A 1 SN, o B 1 o T
(Lagrange Multiplier) FIKKT 4 k% 6 3 PA RO, 0k T2 5020 ok (900 A 0 B8, T B i o B 1 9
PRI IR A AR AT, TN KK TR 2RI, K5 7R 2 5 R B PR, A
SRR F, A B RE R Z TR, KKTEM R B BT TIE 02 A, AR, ks,
(1) 0% B 5 CRAARE G AT AR B s A (e e, OO FEAIR A E AT T8, TR SR 00 SR R A T il

b, G T R R A R A )

(2) HESH (IO B SRR, Pl BARRECR T “ F4kmargin BRI 7 A “ARIER

SR RN 2 A ED

(3) R — U AL A 170 R 5
(4) HISCHF I R 3 e AL

3.2 ARASszIE

Step 1 # Asklearn JE &%

# mnist_svm by using scikit-learn
import numpy as np
from sklearn import svm

Step 2 IN#EBEEE GBI MNRAEIE)

# train examples: 60000, size: 28x28
train_image = np.fromfile(’'train-images.idx3-ubyte’, dtype=np.uint8)
train_image (train_image[16:]) .reshape ([60000, 28x28]

train_label
train_label

np.fromfile ('train-labels.idxl-ubyte’, dtype=np.uint8)
(train_label[8:])




Step 3

Step 4

Step 5

Step 6

3.3

A

# test examples: 10000, size: 28%28
test_image = np.fromfile (’tl0k-images.idx3-ubyte’, dtype=np.uint8)
test_image = (test_image[l6:]) .reshape([10000,28%28])

test_label
test_label

np.fromfile (' tl0k-labels.idxl-ubyte’, dtype=np.uint8)
(test_label[8:])

RPN AR AT IS 5 KA RE . T KA, RGN BRI+ 02— BT
H, AT5000/EediE LLBT T, J5 5000/ Kl AR, DR ade 456 i B A ) Hcdi B

# select smaller train sample: 6000, size: 28x28

strain_image = train_image[0:6000, :]

strain_label = train_label[0:6000]

# select smaller test sample: 1000= former500 + later500, size: 28x28
stest_image = test_image[4500:5500, :]

stest_label = test_label[4500:5500]

PRI KR EL,  HUEUR R SRR N 7 84 2R

# —— choose differnt functions to fit model -- # —-- change kernel-- change parameters

#model = svm.LinearSVC () # choose lineaar condition

#model = svm.NuSVC (kernel="poly",degree=2) # choose Non-lineaar condition

#model = svm.SVC (kernel="linear") # create a svm with linear kernel

#model = svm.SVC (kernel="rbf", gamma=2) # create a svm with rbf kernel

model = svm.SVC (kernel="poly",coef0=0.0,degree=2,gamma=0.0) # create a svm with
polynomial kernel

#model = svm.SVC (kernel="sigmoid",coef0=0.0, gamma=1) # create a svm with sogmoid
kernel

BAT PRI

# train, fit the model
model.fit (train_image, train_label)

# test
svm_class = model.predict (test_image)

GiitHiRE

# error amount

error_count = 0
for 1 in xrange (test_label.shape[0]):
if svm_class[i] != test_label[i]:

error_count += 1

# error rate
errorRate = float (error_count) / float (test_label.shape[0])

MR AR I MR L R R R S AR O £ AT (o PR ER), LK, SVMAR 0 B 6

linear: < z,z’ >
polynomial: (y < x,z’ > +r)%, d is specified by keyword degree, r is by coef0.
rbf: exp(—v|z,2’|?), 7 is specified by keyword gamma, must be greater than 0.

sigmoid: tanh(y < z,x’ > +r), where r is specified by coef0.



kernel coefO0 degree gamma Error Rate

- - - 0.131

LinearSVC - - - 0.148

- - - 0.135

NuSVC - - - 0.881
NuSVC(kernel="poly") - - - 0.12
- - - 0.078

SVC(kernel="linear") - - - 0.078
- 0.078
- 0.04
- 0.04
0.04
- 0.078
- 0.034
- 0.04
0.05
- 0.064
- - 0.5 0.04

- - 1 0.04

- - 2 0.04

- - - 0.881

SVC(kernel="rbf") - - 0.5 0.881

- - 2 0.881

- - - 0.881

SVC(kernel="sigmoid") 0.5 - - 0.881
- - 1 0.881

—
N~ W W W
1

SVC(kernel="poly") -

1
T
1

(EFR AR FKernel S HOT H R B, DNBREIEEE R, - BOME, FEMMSHEIIEILT, coefd =
0.0, degree = 3, gamma = 0.0)

R, KB FEmodel = svm.SVC(kernel="poly",coef0=0.0,degree=2,gamma=0.0)1EH F, 745 R
AR HEMBOCEEE, H#51%380.0194.

>>> errorRate
0.0194

3.4 SVM/NG

AT GE TR, AAERZ BERISVME 2 KRR 4. BL =ik B A i . Sl Gausstt A 5 b £
e E SR AL B A, B A RIVERE . TUSigmoid R UME A% s BT, SCRF R LSBTt A — b 2 /2 TN 2 o
%, RFHSVMITIE, Ba& BT S0 H (B e p4 28 (S5 0) « Ba 2 15 s N1 5 1 BUAE #1272 B2 (I
R R R B A E R T H SRR R R BRI E e R ORI IR A R s UE T AR R i s ME,  tARIE
TEXTRAFEAR RIFZACRE A MBI 2 PR, (BRG] h 0 RO % .

4 R4

i kNN, Navie BayesFISVM7y 277 i M MNIST T 5 £ 5 #4711 %), K B Hknnd % ( k=3, FHEX X
FEBS) B, R 2 A/ Al ik $02.83%, HZ AT B [ #K N11min02s; 2 T £ 76 IE 4 4) 1 fiNavie Bayes®
%, HAEUL5000/ , 73 845 1R % N4.06%, HIZ4T I [ 1minlds; SVM HiEfEmodel = sum.SVC(kernel =
"poly”, coef0 = 0.0, degree = 2, gamma = 0.0) TEHL T, I/ RHRFRCN1.94% . BIRCIHER R NFRHERT, AL
BRI ISVM J7i:, S 80k LA,

10




