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Active Sampling for Deep Q-Learning Based on TD-error Adaptive Correction

Bai Chenjia, Liu Peng, Zhao Wei, and Tang Xianglong
(Pattern Recognition and Intelligent System Research Center, School of Com puter Science and Technology, Harbin Institute
of Technology, Harbin 150001)

Abstract Deep reinforcement learning (DRL) is one of research hotspots in artificial intelligence.
Deep Q-learning is one of the representative achievements of DRL. In some fields, its performance has
met or exceeded the level of human expert. It is necessary for training deep Q-learning to acquire lots
of samples. These samples are obtained by the interaction between agent and environment. However,
it is usually computationally intensive and sometimes impossible to keep away from interaction risk.
We propose an active sampling method based on TD-error adaptive correction in order to solve sample
efficiency problem in deep Q-learning. In various deep Q-learning methods, the updating of storage
priority in experience memory lags behind the updating of Q-network parameters. It causes that a lot
of samples are not selected to apply in Q-network training because the storage priority cannot reflect
the true distribution of TD-error in experience memory. The TD-error adaptive correction active
sampling method proposed in this paper uses the replay periods of samples and Q-network state to
establish a priority bias model to estimate the real priority of each sample in experience memory during
the Q-network iteration. The samples are selected from experience memory according to the corrected
priority and the bias model parameters are adaptively updated by a segmented form. We analyze the
complexity of the algorithm and the relationship between learning performance and the order of
polynomial feature and updating period of model parameters. Our method is verified on the platform of
Atari 2600. The experimental results show that proposed method improves the learning speed and
reduces the number of interaction between agent and environment. Meanwhile, it ameliorates the

quality of optimal policy.

Key words sample priority; TD-error correction; adaption; active sampling; deep Q-learning; rein-

forcement learning
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Table 1 A Brief Introduction to 19 Atari Games
F1 194 Atari ERHEENR

Game Type Action Number Brief Introduction
Alien puzzle 18 Eat beans and extra bonus while avoiding enemies to chase
Amidar strategy 10 The agent passes all tracks without touching the enemy in the maze
BankHeist strategy 18 Reaches the prey to gain points, and the prey becomes an enemy chase
BeamRider shooter 9 The agent launches artillery shells and hits each other
Boxing wrestling 18 The agent avoid hitting the opponent while fist hitting the opponent
Breakout strategy 4 The agent receives and ejects the ball, destroying the upper box in the shortest time
Centipede strategy 18 The agent avoids the rapid emergence of bullets while hitting the top of the prey
ChopperCommand shooter 18 Driving helicopters to shoot down opponent helicopters while avoiding ground
CrazyClimber puzzle 9 Escape the enemy’s blows, avoid obstacles and climb high-rise buildings
DoubleDunk sports 19 2 vs 2 basketball game, one side with the ball and the other defensive
Enduro driving 9 The agent need to avoid collisions while driving a car on the highway
NameThisGame shooter 6 Shooting fast-moving sharks in the sea to avoid enemy artillery shells
Pong sports 6 Agent prevents the opponent from receiving the ball in the table tennis game
PrivateEye strategy 18 The agent jumps from the ground to meet the enemy’s score in the changing scene
Riverraid shooter 18 The agent drives aircraft to hit different targets and score different goals.
RoadRunner strategy 18 The agent walks on fast moving roads, avoids obstacles and destroys enemies.
Robotank shooter 18 Driving tanks move their own field of vision, and score quickly
TimePilot shooter 10 In air combat, we need to drive planes, avoid obstacles and strike enemy planes
UpNDown action 6 The agent hits the rear vehicle and reaches the destination as fast as possible

(a) Alien (b) Amidar (c) BankHeist (d) BeamRider (e) Boxing (f) Breakout (g) Centipede

(k) Enduro (1) NameThisGame

000000

(n) PrivateEye (o) Riverraid (p) RoadRunner (q) Robotank (r) TimePilot (s) UpNDown

Fig. 10 State representations of 19 Atari games

B 10 19 4~ Atari Wk Bk A %R

A SCAE T 3RF 5 8 8K PowerEdge T630 64 GBINAE » B A 1t 3 A FH 5 i) — B fg R i A7
BT AES, TAESEACE 2 i Intel Xeon E5-2609 2 AT 2 W 4% 3 T Tensorflow ™™ F 5 FE s ¥R,
CPU.4 #t NVIDIA GTX-1080Ti & & (GPU) F1 A AR | 5256 45 5 A DU 00 40 35 v F 480

@ http://pr-ai. hit. edu. cn/2018/0510/c1049a207703/page. htm
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Table 2 Average Loss of Bias Model Trained in ¢ Steps and Tested in t+ D Steps Under Different D Values
F2 ERABDETHZ t NEGHREERERZ (+D MKMW FEHTRE

Alien, 107° XD Breakout, 105X D Pong, 107 ° XD
10° Xt
0 1 2 3 4 0 1 2 3 4 0 1 2 3 4
15 0.0033 0.0031 0.0031 0.0028 0.0032 0.0012 0.0011 0.0016 0.0016 0.0033 0.0042 0.0042 0.0044 0.0050 0.0043
20 0.0028 0.0038 0.0055 0.0106 0.0048 0.0029 0.0037 0.0038 0.0033 0.0085 0.0042 0.0044 0.0052 0.0044 0,0048
25 0.0026 0.0021 0.0021 0.0026 0.0045 0.0009 0.0005 0.0011 0.0021 0.0017 0.0040 0.0042 0.0045 0.0041 0.0042

30 0.0015 0.0017 0.0016 0.0014 0.0039 0.0004 0.0004 0.0007 0.0011 0.0011 0.0030 0.0037 0.0032 0.

0028 0.0036
35 0.

0032 0.0182 0.1033 0.0249 0.0051 0.0007 0.0009 0.0009 0.0008 0.0009 0.0026 O.

0046 0.0030 0.

0032 0.0029
40 0.0039 0.0181 0.0121 0.0149 0.0241 0.0004 0.0012 0.0018 0.0025 0.0013 0.0015 0.0031 0.0027 0.0020 0.0029

MR 2 AT Bl i 22 SRS SORT TR D R L IR 22N BT B A 2R B L B 2 T (R
o P SR TR B NEUE AL BRI RIS ATRESE i G 8 i 78 97 XK Alien, Breakout, Pong
Wl 2 TR 107 AN ERDE L N SE s bl D BN ZRid 7 b BEAT LIS ZOR BB £ K R fH. SE 8618 )
AE BB 107, 3 2 Bds RUIA SCIR i 2288 R TRIAY KO (ELBEAT I 2R . 3 5% 22 A7 T fi 25 1 284 B
T HA B B AR RE A0 . X (i 22 BB BER JRL 0 D oy ARG RO IR RS L FU R R 00 b A AR 1 ST 2 4
VR AU i 22808 T DUFE IR R B B IF [ 28 K49 T3 3. 3 3 g 3R L B K (ELAY 38
P R IGIE T 7 RN B BRI B L SR BT R B K>2 IR AR E 228

2 3% FRHE Alien i K>3 B A7 i 004 A %
3.2.2  mZEMERIREAE B KL b £5 5 75 JEADR FITT BT A6 A SO o 22 X

T 25 B0 F) R A By B0 KOO, BEI A R B AERY B ROsE o K=2.

Table 3 Average Loss at the Center of Renewal Period of Correction Model Under Different K Values
3 UBRABKETRAFRERDEFAHRPOHNEL M EHRE

Alien Breakout Pong
K 107° X1t 1075 X1t 1075 X1t
AVG AVG AVG
4.5 9.5 14.5 19.5 4.5 9.5 14.5 19.5 4.5 9.5 14.5 19.5

1 0.0108 0.0088 0.0069 0.0042 0.0077 0.0015 0.0035 0.0032 0.0036 0.0030 0.0043 0.0059 0.0054 0.0034 0.0048
2 0.0105 0.0082 0.0035 0.0028 0.0063 0.0014 0.0033 0.0030 0.0032 0.0027 0.0038 0.0052 0.0049 0.0032 0.0043

3 0.009 6

<

.0071 0.0025 0.0022 0.0054 0.0013 0.0032 0.0028 0.0032 0.0026 0.0037 0.0051 0.0048 0.0031 0.0042

4 0.0095 0.

0072 0.0028 0.0021 0.0054 0.0013 0.0032 0.0028 0.0032 0.0026 0.0037 0.0051 0.0048 0.0031 0.0042

w

0.0095

=}

.0070 0.0035 0.0022 0.0056 0.0013 0.0032 0.0027 0.0032 0.0026 0.0036 0.0051 0.0048 0.0031 0.0042
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Fig. 11 Comparison of our method with PER™" and DDQN™" algorithms in training curve of 19 Atari games
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Table 4 Summary of Normalized Score on All Games

x4 EHMHFERPRAETITMNR %

Indicators DDQNE27) PERMY ATDC-PER
Median 139.0 392.5 404.5
Average 335.6 505.6 588.9

Table 5 Raw Scores and Normalized Scores on All Games

xRS EHMBERNIREIMAAGEIR

Score Normalized Score/ %
Game random human
DDQNCE27] PER ATDC-PER DDQNCE27] PERM ATDC-PER
Alien 227.8 6875.4 2907.3 3583.3 3856.1 40. 3 50.5 54. 6
Amidar 5.8 1675.8 702.1 2051. 8 2361.3 41.7 122.5 141.0
BankHeist 14.2 734.4 728.3 1126.8 1196 99. 2 154.5 164.1
BeamRider 363.9 5774.17 7654 22430.7 22250.6 134.7 407.8 404.5
Boxing 0.1 4.3 81.7 98. 8 99.5 1942.9 2350.0 2366.7
Breakout 1.7 31.8 375.0 381.5 560. 6 1240. 2 1261.8 1856. 8
Centipede 2090.9 11963.2 4139 5175.4 5738.7 20.7 31.2 36.9
ChopperCommand 811 9881.8 4653.0 5135.0 6581.0 42.4 47.7 63.6
CrazyClimber 10780. 5 35410.5 101 874 183137 191354.9 369. 8 699. 8 733.1
DoubleDunk —18.6 —15.5 —6.3 4.8 12.7 396. 8 754.8 1009.7
Enduro 0 309. 6 319.5 2155.0 3827.0 103. 2 696. 1 1236.1
NameThisGame 2292.3 4076.2 6997.1 13439.4 12713.9 263.7 624.9 584.2
Pong —20.7 9.3 21 20.7 21 139.0 138.0 139.0
PrivateEye 24.9 69571.3 670.0 200.0 361.5 0.9 0.3 0.5
Riverraid 1338.5 13513.3 12015.3 20494 24355.3 87.7 157.3 189.1
RoadRunner 11.5 7845.0 48377.0 62785 60344. 3 617.4 801.3 770.2
Robotank 2.2 11.9 46.7 58.6 66.5 458. 8 581.4 662.9
TimePilot 3568.0 5925.0 7964.0 11448.0 11654. 4 186. 5 334.3 343.1
UpNDown 533.4 9082.0 16769. 9 34082.7 37550 189.9 392.5 433.0
3.3.3 LRV B, 3 T B X R M S 3 e e R A AR OB vk

6 WA T 19 4 Atari JiE ko 8 BB K 2% )
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RoadRunner HA SCT5 ik Y W SKGH AL T DDQN Al
PER 5.3, SRR W& A5 73 B AL T PER 537k, PrivateEye
TEARBEME 3 P AL M R ARG AR AR R AR &
FAZGT A 100 YT AT 45 B B U 1 25



278 RIS KR 2019, 56(2)
Table 6 Comprehensive Evaluation on All Games
x6 =MBERMERITMR
Learning Speed Quality of Optimal Policy
Game
DDQN!27] PERM ATDC-PER DDQNL27] PER[! ATDC-PER
Alien | |

Amidar | ] ||

BankHeist ] |
BeamRider [ | [ ]

Boxing | ] | |
Breakout | u
Centipede | ] [ ]

ChopperCommand | ] H
CrazyClimber || |
DoubleDunk [ | [ ]
Enduro | ] |
NameThisGame [ ] [ ]
Pong | | ||
PrivateEye [ ] ]
Riverraid [ | [ ]
RoadRunner | | ||
Robotank | u
TimePilot [ | [ ]
UpNDown | ] |

Note: M shows this method is the best among all of the comparison methods.
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