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Abstract

In this research, rewards directed to dropping out neurons provides a new direction to tackle

current obstacles of learning goal behaviors in Reinforcement Learning (RL).

The accuracy and efficiency of five different learning systems are compared, in learning three
different goal behaviors. The system using Reinforcement Learning to dropout neurons in a
Convolutional Neural Network (CNN) is found to be the most efficient system to achieve the highest
score. The concept in such a system is inspired by biological evidence, where animals learn a set of
behaviors to achieve their goal, instead of only copying and memorizing individual actions. Therefore,
using Reinforcement Learning to directly affect neurons that are responsible for making decisions
instead of feeding back to each action, can provide a faster and more direct method to achieve goal

learning.

Simulations indicate that current Reinforcement Learning techniques (Deep Q-learning &
Prioritized Experience Replay) can only achieve a 19.14% accuracy in goal learning. However, when
rewards are fed back to selecting and dropping out irrelevant neurons, a 200% improvement in
accuracy, can be achieved, relative to current Reinforcement Learning techniques. Moreover, even
with just randomly dropping out neurons, a 100% increase in accuracy can be reached. Apparently,
feeding back rewards to dropping out neurons can improve accuracy and lower the time required to

identify a goal behavior.

Using rewards that are directed to dropping neurons, this approach provides a new direction for
further research on Reinforcement Learning. Applying this technique can achieve generalization in

Learning from Demonstration (Imitation Learning).
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FEAEHEESE FHYFRIA -
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(/) T R/ZIRRE (environment state) HYRKEY » it E R AT (EAFEEN RIS -
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i LR AT AF ] Deep Q-Learning JEEATERE o FFRIHY/ZE » Deep Q-
Learning TR BRI R#HI{ T Ry s kT 2158 LB 8RS (RL Transitions) (s, a,
r, 87) o ZEHIERLNN ¢

1. s © ERif%as NHGIREE

2. a : HEs NAERLIRRS M BIE -

3. r - iREs NMEGCE B EIRATERATEEE) -

4. 8" S AT ENE a Z1% > EREEINVHIRES -

- EBREREI A THETT (drop neurons) RE(ER B EATRAABIEVRIE (features)

T — IR BTN TR - S IR T
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(Schaul etal. » 2015) °
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filter
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A~ BTEHE{EEEE (Reinforcement Learning ) Z&E52E H AT REVREER

(—)

2R ZEEH ¢ Deep Q-Network (DQN) + Prioritized Experience Replay

1. &

EEERFET  FMLREEE B EREEHIRE A - fREfT
EsPEES - F{M4EA FH Prioritized Experience Replay /|4 DQN 16 {f# [
& BEEEHT 32 (B R#HITT &Y RL transition ZKHI14K o fEi%Es A H HEL
RO BIHVIEE: - AR —REAYTRIEEEE 2% - BelMeBrsa T BAIFT
A RL transition kK A fREEHAECIERE (experience replay buffer) B » &3
TERS o » FrVE B N & ERR REL T AR RL transition » 122 5 T i A
ST DAORYE TR (EEURHEITT RIEEEENEET - KIE~E
1T hsties NS RESSI15E) ) -

Reinforcement
Learning: DQN+PER
= Robot behavior | )
(policy)

Environment Reward / Agent does action

state

(=Z+—) 2% Z5kE5 T (Deep Q-network+ Prioritized Experience Replay ) 7~ [&E o
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SEAEAGEHETREE LHRNSEERE - BHAT ¢

ENS MEUFE— - HEREERK | WEESR T - AL aEk | AEER = NEREES
CNN 10.809%%
NN+ 36.64% 23.40% 8.609
random dropout
CNN + RL dropout 63.409% 56.60% 22.549%
Enhanced RL+ PER | 27.249¢ (peak 70%) - -
RL + PER 19.149% 38.36% 13.30%

® () GELERGAREE T RV IEMER

feFP R LUFEEL - AWT7eATie b RS el s e 5 e oT Ty 2 B AR 2T T
7 ET“”V% EHIRER o HEAERIERI T A RS i RIEER VB ERICR > [HA
—EAERHEFREE TS RE E E I EBTHETT - AT DME NSRS LR = 223
RS © So— 5 > EaR bR E LA ENEIE R — NIRRT - N HET
RBURETT p—28 0 {BI5EE RLETIHHEOTIY 3 -

A~ BEERA NXT #28 A
(—) NXT fes NEHE
AtEEs N FZH NYIEFATAHAL -
1. —{f NXT Eid HiTechnic NXT SuperPro Sensor Board ( SPR2010)
2. —fEfgiEIR (Raspberry Pi2 B+) &R ki IR AH
3. HAtr#e =204 - PR

(=+3)  PEs A Ml Rk e

B (=-F7%) : HiTechnic NXT SuperPro Sensor Board Eil 5 Bk &)k AN
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i ERER S/ NN TREEE R SREeR BRI Ry s A R i
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Background
Demonstration & Removal using

Results Phase: OpenCV
Real-life Images

. Input to Neural
Domain Image P

Network, RL etc.
* Training Phase:
i Color Remapping

Simulator Images
using OpenCV

(=170 + BB RS o R ]

ZE ~ BEm
— ~ RATAHZFEEREEIH&E T (dropout neurons) FTRMIEEEIEEE (weights) ?

HEPNME B EHEN G EYRE - BT FERAUE BT T RN
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FTsA PR R IERIETE © B KITESER  ERERREZT - S5 THEARER
AN T AHE AR 58 R Re s XA BRI Eh 1 -
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sa(LE2EAY Learning from Demonstration A 2%y 1 (S8l R0 K 4Edd - 40 o
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FEB L - bR E SR T AR  BGEHNSEETIVHEDE - HE BT
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SR AWTFTEE R - RS HIF 5805 | Deep Q-Learning {EEIHESTTHY Z
G DA RN R E T A o B0 - IRiaHCE M EAVEE ETARAVIESS - ke
FERRRS E AR EBR O AVEERE « 1B (8 &40 T ARG LAZEmies APV - (RR R 254G
THES AN B BT AT FRESIELGS - S A DI E R R ERIE A )
P 2B BT R

REREFZE A —2 B 2 R

(—) AP MRRR LB F B RS 220 = ~ DU HY DON RE# LR
RF [ PO B R E B p AT 5 2 7

(=) R RHER T ERESREERIER T - TSR ?

il ~ &
OGS  ATISEIEIE T HER B AR R T

= NI

By

+ (AL B (LB WA AL B v (T Ry > HATRIES ABTTEELE -

+ BRI ] AR S A AR - PR EEE H AR T R R R

* FIFHSSENEERHME YN AT - Aliem EER > IEEIER AN 2R B T -
+ RS EEE R T IIABII A TMEOTHeER » 2 HIEEE EEAERR

FoRZR I o] UE R A Se BT Ry > DR 1o b R R B TEAERES -

~ FIERTITHE FHRVEE 2458 ( Deep Q-Learning + Prioritized Experience Replay ) fHEL @ 7F
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