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INC-RL-SGD 3, 55! Soogel a0 (1) 8

INPUT: Training data D = {(x1,¥1), -, (e, Ve )}

Episode number K
Action set A = {TA, TUS, NT}
Initialize experience replay memory RM
Randomly initialize neural network parameters 6 (i.e.,
weights)
Train  model M, (ie., SGD classifier) with
D = {(xy,y1), -, (g7, ¥ )y where t' < ¢t
Initialize simulation environment
forepisode k=1to K
Receive sample x;
Shuffle the training data D
Initialize state s, = x; N M;_;
fori=t+l1to T
Choose an action based e-greedy policy
if € <random number
a; = choose a random action from A
else
a; = max Q(s¢,a,0)
e, My = STEP(ay, (x¢,Y¢), M—1)
Set seq = Xpyq MM,
Store (s¢, a¢, 1, S¢4+1) 10 RM
Randomly sample (s;, a;, 13, 5;4+1) from RM
Set0; = (r; + ymax Q(s; +1,d,6))

Calculate loss function L(6)

INC-RL-SGD ¢ ;581 oo (53l al> o :(Y) ‘.:.g,_,ﬁlt

FUNCTION: STEP(at € A, (.xt, yt) € D, Mt—l)
ifa, =TA
M, <Train SGD by all samples € Dy;
US;41 = US; U New useful samples € M;;
if a, = TUS
Ml’+1 «—Train SGD by USLL,
US;41 = US; U New useful samples € M;;
ifa; = NT
Myyq — My,
Compute accuracy and running time of M, on the test
data;
_ Accuracy (M)
e = Training Time (M;)’
return ry, Mg;
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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 Climber
2 Running 12 Twist
3 Standing Still 13 Arm Swings

4 Sitting on a chair 14 Forearm Rotation

5 Side Leg Lifts 15  Dumbbell Biceps Curl

6 Boxer Shuffle 16 Jumping Jack
7 Knee Lifts 17 Chest Expansion
8 Cycling using 18 Cross Toe Touch

Exercise Bicycle

9 Forward Lunge 19 Straight Punch

10 Torso Rotation 20 Big Arm Circles
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