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Designing a Model for Data Stream
Classification Using RL and SGD
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Abstract: A large amount of research in the field of online learning has focused on the problem of overcoming
catastrophic forgetting, and few researches have been focused on the classification of the data stream with
appropriate accuracy and running time. On the other hand, due to the volume and type of data stream, many
traditional machine learning algorithms do not have the necessary efficiency when faced with it.

Thus, in this paper, a novel model using reinforcement learning and stochastic gradient descent algorithm is presented
for classification stream data with appropriate accuracy and running time. One of the important features of
reinforcement learning is that the agent can adapt its behaviour gradually to the changes that occur and gradually add
to its previous knowledge. In this research, because of the using of reinforcement learning and definition of reward,
the agent has a better performance in the environment. The proposed algorithm has been tested on various data,
including the dataset of human activity recognition, and compared with several incremental algorithms in terms of
accuracy and running time. According to the experimental results, the proposed algorithm has the best performance
both in terms of accuracy and running time compared to other incremental algorithms.

Keywords: Accuracy and Running Time; Data Stream; Incremental Learning; Reinforcement Learning; Stochastic Gradient
Descent.
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o USu; = US; U New useful samples
€ My
= Ifa=TUS
o My «Train SGD by US;;
o USu; = US; U New useful samples
€ M
= Ifa=NT
o My« My
= Compute accuracy and running time of M

on the test data;
Accuracy (M)

Ty =
t Training Time (M)’

= Returnr;, My;

WJde (635,55 350 0 odalin (V) (,.:Ujfl\ 00 &S sbiles

slay o slas o L;Lafo 3 ol Doesls as saes
sl A3 R e 355 o e 4l anlAie 5 (5 S0
Lodiwd da <=L§ 23 b e el ol g 4 At
A e 355 a6l J':,)').J ‘Ji)'jﬂ 48 gazes Lo
Cdlus L Wged A p 3 8 e Do lae 1
5 aped els S S s iped Sl Sl e 35 s
o 5de e Jole 5 a5d e SIS Wil s
agomn i 3 s Sla e —€ b Sl eslind L Ll
S5 0Ll S e Ol 1y 58 edoi e sl iS
LEAI 5 Lo sladigad (5,550 e Sl 5ss p s
4 oddolanl Sy Sl Jls dm 8 3 s e 0 S

S0l ST 05 o odalie (V) () S 55 S hailes

48 gozms 3l eddoliil (S 5 Jde iz STEP ol
KT s Cbsnl 1, TA u5 ble Sl A gla s
Lo g0 iomen 5 355 o0 ($3a00 L ped plad b divatas
Ao Lok god 48 gorme 4 o pl 53 sdslady W
L TUS a8 bl 81 ojsanl o 53 sd e ablsl LS
sdelndy ko (SLaki gl plad L dnazs oST 3,8 Sl

03 odalnds o e Lgad Cpizmad 5 355 e (S50

JL.:*A 92 UZ‘JL_: cu )Jj._f\ J}«ZL;G OML;.‘ASJ}.L.;LQ.A
L beosls (gduaib s a3 S 5 55 6,850 Ol 5 S

Lgba(..:i)}ﬁ\ 5 INc-RL-SGD (¢eslgiy V";U}ﬁ‘ BURPI

P38 WY u\)\h?méjbw‘ju})}ATd}fjb)h (Y))(\)

g g 4ty Ll Cro s a3 i ol
Inc-RL-SGD (':""JJK” ‘J:‘J.}‘i A.l?,ﬂ :(\) ﬁ)}ﬁ‘

= INPUT: Training data D = {(X1, Y1), (X2,
yz)"", (Xtv yt)}
= Episode humber K
= Action set A={TA, TUS, NT}
= [|nitialize experience replay memory RM
= Randomly initialize  neural  network
parameters 0 (i.e., weights}
= Train model M (i.e., SGD classifier) with
D ={(x1, y1), (X2, ¥2),..., (x¢, ¥¢' ) Where t'<t
= [|nitialize simulation environment
= Forepisode k=1to K
o Receive sample x;
o Shuffle the training data D
o Initialize state s; = X; [J M1
o Fori=t+1toT
»= Choose an action based &-
greedy policy:
» |If £ <random number
a; = choose a random
action from A

= else
ar = max, Q(s, a, )

o I Mt = STEP (at, (Xt, yt), Mt_]_)

o Set Su1 = X1 LMy

o Store (s, ay, Iy, S1) t0 RM

o Randomly sample (s, a, ri, Si+)
from RM

o SetO;=(ri+vymaxy Q (Sit1, @', 0))

o Calculate loss function L(6)

Inc-RL-SGD (..g,_,ill b gilwand a0 :(Y) v&'ﬂ)}ﬁ”

= FUNCTION: STEP(a; €A, (X;, Y1) €D, M)
= Ifa=TA
0 My «Train SGD by all samples
€Dy,
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Standing Arm
3 Still 13 Swings
Sitting on a Forearm
4 chair 14 Rotation
5 Side Leg 15 Dumbbell
Lifts Biceps Curl
Boxer Jumping
6 Shuffle 16 Jack
7 Knee Lifts 17 Chest
Expansion
Cycling
using Cross Toe
8 Exercise 18 Touch
Bicycle
Forward Straight
9 Lunge 19 Punch
Torso Big Arm
10 Rotation 20 Circles
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Datasets #Features  #Classes  #Samples
Australians 14 2 270
Heart-C 13 2 303
lonosphere 34 2 354
Votes 16 2 445
Gisette 5000 2 7000
Letter 16 26 20000
Mnist 784 10 70000
Susy 18 2 5000000
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NO Activity NO Activity
1 Walking 11 Squats
Mountain
2 Running 12 Climber
Twist
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