k Nearest Neighbor Algorithm

MNIST Dataset

e LeCun W=7} BH=0{ &7l|3t dataset

« 60,000 training data and 10,000 test data

« Handwritten digit images (size 28 x 28) with 0~1 values

« Each image can be flattened to 784 dimensional vector (1-D numpy array)
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MNIST dataset
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plt.subplot(2,5,i+1),plt. imshow(trainlil[0], "aray ')

Train 5923 6742 5958 6131 5842 5421 5918 6265 5851 5949
test 980 1135 1032 1010 982 892 958 1028 974 1009
numpy ne . |
matplotlib.pyelot Bt i range(10):
pickle Pl :
pdb plt . oaxis( ' off')
print(lentCtrainlil))
init_datal):
open{ 'train.bin', 'rb') f1: plt.show()
train=pickle. load(f1)
open(ftest.bin','rb') e %323
test=pickle. load(f2) 56" om)
i 10
train,test 380
(28, 28)
train,test=init_data() ft-Tead data file train.bhf, test din ggig
printllenttrainl) 0358
printllenttrain[0])) B131
print(trainl0][0] . shape) 3842
print{ienitest)) 5421
print{len{test[0])) 0914
print(test[01[0].shape) G263
REAT
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k Nearest Neighbor Algorithm

New example
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;’-,5 * ,"* i3 :*- ' k! k-Nearest Neighbor
. ; f* e [~ .\ \\ Classify (X, Y, x) // X: training data, Y: class labels of X, x: unknown sample
2 p .
§ .l h 5 fori =1 to mdo
l, ! * A\ “‘ Compute distance d(X,, x)
| \ ? ,-l ,I A end for
1 \ K=3 ‘ / 1‘ Compute set I containing indices for the k smallest distances d(X,, x).
‘\ Ty g g I‘ ” A return majority label for [Y, where i € I}
s K=7 g
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functionsRev.py 784 784

numpy np — o
matplotlib. pyelot plt =Xt 0 IAr 0
pickle 3007} 10071

30071 10071

init_data(): = P

openl "train.bin', 'rb') f1: "Xgﬁ 1OJ;H
train=pickle. load(f1) 300

I:lt _t b' 1 1 I:III) _Fz. _/J'Ex|-3 _j:_xl-S

e esT.oin ., r . 1007

test=pickle. load(f2) 30074 H

- =Xt 4 =Xl 4

train, test kx 10 300% 100(x 10 10074

data_readyl(train,test, k=300): =Xt 5 =Xt 5

trainset=[] 3007 10074

test3et=[] — P

pdb . set_trace() I=ESE HA =Xt 6 X
i range( 10} 30074 10074
trainset.appenditrain[i][0:k]) X £X} 7
testSet . append(test[i][0:100]) =Xt 7 ?bO7H
trainSet, testSet 3007H
A %X

data_readvd(train,test, k=300): ”‘XES 10&;?

trainSetf=np.zercs((kx10,28%28)) 3007H

testietf=np.zeros((100=10,28=28)) 2%} 9 2%} 9

1007/
rangel len{train)): ‘ 3007H \ 007
j ranaelk):
trainSetflixk+i,:1=trainlil[i].7lattent) trainSetf testSetf

rangel len{test)):

] range( 1007 :

testSetf[i=100+),  I=test[i][j] . Tlattent]
trainsetf, testhetf
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def knnitrainSet, testSet, k): trS1=3000, trS2=784, teS1=1000, teS2=784

trsl, trad=trainoet . shape trS3=300, teS3=100

teST. teSi=testSet.shape T~
tr33=int{tr31/10) 0123456789
tes3=inti{tes1/10) 0123456789

label=np. tile(np.arange(0,10),{teS3,13) 1
result=np.zeros((teS3,100) 100 | 100

for i in range(teS ] -
ims i =nprsuml L 1set—testSet[i, ] )*=2 axis=1)

hist.bins=np. histogramino//tr53 . np.arange(-0.5,10.5,1)) \\ﬁ AL %ilﬂﬂa\ o
result[i%teS3, i//teS3]=np. aramax(hist) _” H l 7

return VESUTFVME;O(\ﬂC\ Lf)@/uﬁ
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createTmel(trainSet):

tmel=np.zeros((28,28%10))

printitmel . shape)
i range(107):
imsi=np.arravitrainset[i]l) # list -> ndarray H 3t
tmpl [0, =28 (i+1)*28]=np . mean( imsi,axis=0)
printine.meanlimsi,axis=0) . shape)

tmel
tmp IMatch(tmpl, testSet): calcMeasure(result):
result = np.zeros( (100,103
# acc = (tpt+tn)/ (tp+fn+fp+tn)
rangel lenftestSet)): it pre = tp/ (tp+fp)
] rangel len(testSet[0])): # rec = tp/ (tpt+fn)
imsiTest = np.tile(testSet[i]0i], C1,100) #f1 = 2#pre*rec/(pretrec)
error = np.abs(tmpl-imsiTest) =1, 52 = result.shape
errorsum = [error[:,0:28] .sum(), errorl:,28 label = np.tilelnp.arangel0,s2), (s1,1))
error[:,140:168] .sum(), error[:,168:136] .sum(), errorl
resultli,i] = np.argmin(errorsSum) TP = [1; TN = [1; FN = [1; FP = []
result i range( 10):
it TF . append{({result == label) & (label == )] .sum())
it THN.append{({result == label) & (label = i)).sum())
higis FP.append({{result '= label) & (result == i)} . sumi))
it FN.append{({result '= label) & (label == i)).sum())
TP.append{{{result == label) & {label == i)} .sum()})
TN.append{{{result '= i) & (Ia el = i)} .sum()]
it FP.append{({result '= label) & (label == i)} .sum())
it FM.append{({result == i) & (label !'= i)).sum())
I Below two lines are corrected by 5.-H. Oh
FN.append({(result '= label) & (label == i)).sum())
FP . append{{{result == i) & (label !'= i)).sum()})
TP np.arravi TP); = np.array(TN); FN = np.arravi(FN}; FP = np.array(FP)
cCo= (TP+TN)H(TP+TN+FP+FN3
re = TR/{TP+FP)
ec = TP/CTRP+FN)

f1 = Zepre*rec/(pretrec)

acc, pre, rec, fl



2kNNMNISTRev.py

Imeort opumpy 82 np

import matelotlib. pyplot as plt
imeort pickle

import pdb

import time

fimport functions as fs
import functionsRBew as fs

tl=time.timel)
train,test=fs.init_datal() # read data file'train.bin. test . bin

fterint{len{train))

fiterint(len(trainl0]))

fterint(trainl0][0] . shape)

higis

#hfor i in range(10):

#it plt.subplot(2,5,i+1),plt. imshow(trainlil[0], 'aray')
higi plt.axis{ 'off')

it print(lenttrainlil))

gy
et show()
trainSet,testSet=fz . data_readv2(train,test) #f L F 22| data 25 27 Flatten =2i5t] 784X &Q| HIO|HE 7INM=

result=fs knnitrainSet,testSet k=10)

acc,pre,rec,fl=fs. calcMeasurelresult) # HA =78 H 4
té=time.timel)

printfacc.pre.rec,f1) #f class 2 H =

printitZ-t1)

printf 'Acc=",acc. mean())

print('F1=",f1 mean{))



K Nearest Neighbor — hold out method

« k= 1, 5, 15, 50, 100, 200, 5802 2 S2{7}M, Of2f E= QA A
AEN

F1 Total cO cl c2 c3 c4 c5 cb c/ c8 c9
K=1

K=5
K=15
K=50

K=100
K=200




https;//scikit-learn.org/stable/modules/generated/sklearn.neighbors.KMeighborsClassifier.html

sklearn.neighbors.KNeighborsClassifier

class sklearn.neighbors. KNeighborsClassifier(n neighbors=5, * weights="uniform’, algorithm="auto', leaf size=30, p=2,

metric="minkowski’, metric_ params=None, n_jobs=None, **kwargs) [source]

Classifier implementing the k-nearest neighbors vote.
Read more in the User Guide.

Parameters:
n_neighbors : int, default=5
Number of neighbors to use by default for kneighbors queries.

weights : {‘'uniform’, ‘distance’} or callable, default="uniform’
weight function used in prediction. Possible values:

« ‘uniform’ : uniform weights. All points in each neighborhood are weighted equally.

» ‘distance’ : weight points by the inverse of their distance. in this case, closer neighbors of a query point will
have a greater influence than neighbors which are further away.

« [callable] : a user-defined function which accepts an array of distances, and returns an array of the same
shape containing the weights.



algorithm : {‘auto’, ‘ball_tree’, 'kd_tree’, ‘brute’}, default="auto’
Algorithm used to compute the nearest neighbors:

» 'ball _tree’ will use Bal1Tree

» 'kd_tree’ will use KDTree

* ‘brute’ will use a brute-force search.

* ‘auto’ will attempt to decide the most appropriate algorithm based on the values passed to fit method.

Note: fitting on sparse input will override the setting of this parameter, using brute force.

leaf size : int, default=30
Leaf size passed to BallTree or KDTree. This can affect the speed of the construction and query, as well as the
memory required to store the tree. The optimal value depends on the nature of the problem.

p : int, default=2
Power parameter for the Minkowski metric. When p = 1, this is equivalent to using manhattan_distance (1),
and euclidean_distance (12) for p = 2. For arbitrary p, minkowski_distance (I_p) is used.

metric : str or callable, default="minkowslki’
the distance metric to use for the tree. The default metric is minkowski, and with p=2 is equivalent to the
standard Euclidean metric. See the documentation of DistanceMetric for a list of available metrics. If metric is
“precomputed”, X is assumed to be a distance matrix and must be square during fit. X may be a sparse graph,
in which case only "nonzero” elements may be considered neighbors.



Methods

Fit(X, y)
get_params([deep])

kneighbors
([X, n_neighbors, return_distance])

kneighbors_graph

([X, n_neighbors, mode])
predict(X)
predict_proba(X)

score(X, y[, sample_weight])

set_params(**params)
P

fit(X, y)

Fit the k-nearest neighbors classifier from the training dataset.

Get parameters for this estimator.

Finds the K-neighbors of a point.

Computes the (weighted) graph of k-Neighbors for points in X

Predict the class labels for the provided data.

Return probability estimates for the test data X.

Return the mean accuracy on the given test data and labels.
Set the parameters of this estimator.

[source]



2kNNMNISTscikitRev.py

sk learn.neighbors KMNeighborsClassifier
fimport functions as fs
functionsRev fs
Ny ne
time

t1=time.timel)
train,test=fs.init_datal() #f read data file:train.bin, test.bin

trainSet,testSet=fs.data_readv?{train.test) # LF 22| data 2tH 227
label=np. tilelne. arange(0, 103, (300,13

knn=kMeighborsClassifierin_neighbors=10,weights="distance" ,metric="euclidean"]
tknn=kMeighborsClassifier{n_neighbors=10)

knn.fit{trainsSet, label . T.flatten()) # T ! transpose
result=knn.predict{testSet)

result=result.reshape(10,1007.7

acc,pre,rec,fl=fs. calcMeasurelresult) #f @ =218 A4, acc. sum()di =21
t2=time.timel)

printlace.pre.rec,f1) #f class 2 H =

printit2-t1)

print('Acc=",acc.mean( )]

print('F1=",f1 mean{))



