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Algorithm1 12 DQN 743V XL IZES L RREFHEOEY
FlEZ RS, 3, BAbhT—XEy v BLUI7ZV Y —
sa—F»s, vy 7RHELUREEZIUES 2 (517H). X
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DYT3 (1117H). 208, 22V —2u—FhroH
N LTz 2 ) UCTEITHRER C(P, q) ZRIEL, W r %23k
»3 (12-1317H). 22T, A7 v 7O (sc, ac, T, Set1)
ERXEVIHREET S (15-171TH). £, —EHERILITXE
VISR L T2 REBR (84, 04,70, 8i41) DHH Y TNV LT —&T
main Q-network O 2175 (20-251T7H). ZD&, ¢ ZHE
XH 3 (2417H). target Q-network D %7 X — X DEHIE
HIMIZATS (26-2717H). ZZETR 1Y —Fe L, BE
LT Y — F#l emae ZZUHEDIRT. BHEHIL DQN €TV
DAL, FEHFIHEREL TV RS RA L 22 8—F 4
> a Y OEBHEIEDES Pes TH 5.
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AETIZ, 6.1 HICTPHERL L THFEOZMAA—F 1> 3
=V VRO RITS. X518, 6.2 TIRIBETIEICH
ERERIES L TN
6.1 T—2tvhk

FEATIE [23] TABIX N TW3 Open Street Maps (OSM)
T—Xty  2MHETS. F—X+tvy I, Nodes (Point),

Algorithm 1 Learning using DQN
Input: Dataset D, Query Workload @, The number of machines

M

1: Randomly initialize Q-Network Qg

2: Randomly initialize target Q-network Qg

3: fore=1,---,emaz do > Episodes
4: fort=1,--- tmas do > Steps in Episode
5: Initialize map: Reset to state sg

6: partitions < 1

7: Choose a; = arg max Qg(s¢,a) with probability 1 —e,

at€A
otherwise random action

8: Execute action at
9: Update state st
10: if partitions = 2 x M then
11: Distribute partitions P; to machines
12: Compute reward:
13: r==3,c0CPq)
14: Update best partitions Ppegt
15: for c=1,- .-, partitions do
16: Store transition (s¢, ac, 7, Sc4+1) in B
17: end for
18: break
19: end if
20: if Step interval of train then
21: Sample minibatch (s;, a;,7i, 8i+1) from B
22: Train Q-network with loss:
23: L =321 (rityarg max Qo (si+1,0)=Qo(si, i)
24: Decrease € "
25: end if
26: Update weights of target Q-network:
27: O, =01 -1)0;+ T
28: end for
29: end for

Output:Coordinate of Partitions Ppegst

1 7KLy}

F—&tvy b IAXMVEAT La—TFH
OSM Nodes Point 10 million
OSM Roads LineString 10 million
OSM Polygons Polygon 10 million
OSM Rectangles Rectangle 10 million

Roads (LineString), Buildings (Polygon), Rectangles (Rect-
angle) 2* LK X4 TV 5. Rectangles & Polygons 7 — X 2»
SRR T — 22l L TEREN TV 5. FRERICIE OSM
F—&REy b hpo—eY I, RLZFEALEZTFT—%tEy
FoFME RS, MRETIE, &7 —-&ty bEIFRX MY X4
ZHIZ Point, LineString, Polygon, Rectangle & Rl 5.
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