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Abstract With the rapid development of the mobile Internet, many online ride-hailing platforms that
use mobile apps to request taxis have emerged. Such online ride-hailing platforms have reduced
significantly the amounts of the time that taxis are idle and that passengers spend on waiting, and
improved traffic efficiency. As a key component, the taxi route planning problem aims at dispatching
idle taxis to serve potential requests and improving the operating efficiency, which has received
extensive attention in recent years. Existing studies mainly adopt value-based deep reinforcement
learning methods such as DQN to solve this problem. However, due to the limitations of value-based
methods, existing methods cannot be applied to high-dimensional or continuous action spaces.
Therefore, an actor-critic with action sampling policy, called AS-AC, is proposed to learn an optimal
fleet management strategy, which can perceive the distribution of supply and demand in the road
network, and determine the final dispatch location according to the degree of mismatch between
supply and demand. Extensive experiments on New York and Haikou taxi datasets offer insight into

the performance of our model and show that it outperforms the comparison approaches.

Key words mobile information processing systems; spatial-temporal data mining; deep reinforcement

learning; ride-hailing route planning; fleet management
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W EAT IR BE 2 SR X 24 G I IR A AR Ak L SR IR Bl 4 A
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Rl AR — SR B WA T2 M o, LUl
JR ST 22 ) BEHLICAZ PE R FE & RSB
FOFEA THEE IS e 1 22 (400K R BORI B BE L SR 5 it i
B actor-critic M 45280 H b H AR M 45 07, 2
JRIR AR 2% 0, W — D REIA IR B A lE S
0, [R5 — U, LLGRIE I 26 2 A9 B e 1. AC B R
FH B 2 2 9 11 1) T 20k B8 2880 X MR RE 68 78 47
FHIFEA By (it 845
Bk 1. ACHIkL.
O WIRMICIZE M 4558 N ;
@ WAL critic BYIE P25 S %0 0, FE bR M 2%
ZH00, HHEHLAE ;
@ WAL actor MLEZE 0, HBENLIE ;
@ for m =1 to maz-episodes do
©  EETA MY ERPEIRE 50
©® fort=1to |T| do
@ Xof A 5 TR ) 24 22 A RO A i IR 2
BICH (G5, va, sr, 5,018 M

®  end for

@ ICIZPE M BERLA IO B REAS G
ajsrissien)s

@  for each (si,ai.ri,si+) do

© i YV Gsii0)

@ HWRFEARN P IRE tdie =y, —

Visi;0,);

® TR R L, = (td o) 5

@  end for

®  ARE O R critic BY M 45 2 5L
0,5

® RHIEXAQADHETEF actor HYHRME W 245 =
50, ;

@  if m mod B==0 then

® B critic I HAR M8 S5 0, <0,

©  endif

@ end for
3.3 EhERHERRE

TENHPRES s T8 TR BAARR s 1, 35 T4k
B-MEMMERE QG a) N A Pt FE— o fE. &
M AL BE M e TR ME 23 Lh 1 —e (R Rk PR M (B
RIS PB4 25 IR 2T #] IX
Iof, 3 LSRN, TC R AR 4 M X R 2 4 iR AT P
0 R 2 Bl T U0 S 5 I ) R (X /04
RAERME , 5 SCHR 38 ] b 3k T I 22 00 IR 22 I A
DESCHRAE W A 7] A S VRN I PR %L Q (s va)

XA AT PR SR HEAT SRR LRI 5 L % sh A 18 PR 5k
Qs »a) L softmax ZbHE, LI £ 3 1E B R AL 19
MR 5 Bl VR A A2 B 0 3 189 1) ¢ &R, [R] e A 8 e /)
W AE W ShEBCR AR AR AR 2 HoAR ML 28 7 > gl AR
Bl R FE AR 53

|A|

Pr(a,-)pf/zj)j, (12)
j=1

Hr,p, =002 A P8 i DEERIEEg, m o 2
SEMHZ DRI SR« =0 WX T 48—
BEBLRAFE XS TASE po A UTE 2 PRSI
D HBIMERS.HT p=Q G an, ERAMN
A R PR ZS U A8 L 8] 18 SR A Bl 1.
1

2) BT g Hob p, = k(@)

Horp rank (a )& a; WIF 5 RS -SIEMEHEF
35,

AR R0 2, i T3 T HE 7 A8 5B 9xt =
{E AN BBURS, HA T A 0 B R1 bt S 0 v BROA
HOR T R AR HEms L 5 X% oy 2 AT H L O HL7E S
55 rp FL I 2 Bl AR AR S 28 L AR R Bl AR SRR SR IS L A
R RS 20 9 B Bl A
34 BAEMAHE

TS BEE A kL R T (A 7 A £ R Sk
(16 ] B 43 A1 AN DT C 32 R 0 22 1> 25 PR R0 24 42 1
HARBFENE X T RENE (€a,.g.% o, (DR
v (OG0 1A 75 PR 24 25 (1 5 R 3 4 R 4
e, D) 2 A AR 43 AN DCC B 5 R

x, (D) v, (1)

Sa Sy
l€a,.q

o, (L) = (13)

X TR B N EH B a,.g T oA #E
e SR AN VG FE S5 /N 9 A7 B 1 R R EE H I b, SR
W 249 2 2 B S B AR T AR H Y b 2 B A Rk
25 TR 24 L S R I A% T A Sl R E I
Kk & B AR IE 55 A% v i) JHG At o7 B B OR 2 .
FVE 2 RIEA AT AS-AC BT IR,

Bk 2. AS-AC B k.

B YRR s

it — AV EEIAE o,

O HEEDEME Q(saa) s Vi=1.2,+.|G|;

@ VRIS ERS (0] A S B4R 4 ey 34 0)
Do 4% 5

© M A BRI EE s

@ MR KNAIGIEA F IFE F, =1,

Va, €A
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@ R BENE Qs va ) XF X3t
a; €A HEATHER IR RIS 4 5
© WA RE—ABE a,

@ return a,.

fiff DR AZ 388 ) 0 1Y) 5 A 2 2] 5 VR R T — A8
BRI EE T R B R IPAG 583, R O 90
T HEAE FA L g COMSET® , LA I 25 3 D14k 3 B
M. S5 Java S0 B SR WG FET A B 6 LE
%, f#i F§ Python3.6 1 Tensorflowl.15.0 3 #4 & 3f
IR AsE AL, Horh ) 2% B A 7F — & 3 AL A Nvidia
Tesla P100 GPU F1 16 G W AFRIHLAF LI %,

4.1 MBEEUF[EHIESE

BET LSRR A R IR 4R R T RE A8 AL AR
W COMSET #4885 Il 25 DRL B8 2 B4 &=
2 X D) 24 225 5 ] A7 L) 249 2 R A B9 K i SR 1
AT AR HEAT SR ELAR T T AE BT 4G B AR i
i A ) OSM JSON SCHF Y # — A~ i 8], IF 38 i o A
N2 TR AT #R 5. 3 i oK A D7 5 3T B4R
P8 B, B — AN RO B — A D7 ST R SR, AR
W G B TR R 2 0 BN I oK L IR R
HE b 2 B ) 1) 2 5 I DA B T =0tk A R . [l e
B Y X 2 A 2 A R L A BE LA T 4 TR
] B R 4 10 B 4 R B AT I Y3 R AR
ES I o 1 a0 Ny 8= 5 LT 5 8 il el 5 ) G S S TR R
P22 08 5K AR TR SRR s T % L P 0% 33 R ¢
F s DT R) A U A e A AR AT Bk B 0, AL
Ao I 3 Dy S T B AR IE R AR I B R R AT R
it COMSET 7 Az (- B ik 47 I 18] 5 5052 £ dl
A —F.

ARSCR AL 29 R 11 2 A EL S22 22 00808 S 0F
S HY A B WS RGeS 2 th (AR EE
R B AR T B S A A 5 N fF B T BRI A
JRAT I [H] | 3fe % 45 45 {5 2

1) 4129506 557 4] 29 8% 2 ) 2 23T R s
57 2016 4F 1 A3 6 Hh B4R 4 iy Ed 2y
B R0 24 A3 T B T (% RS SR U T OpenStreetMap® ,

D https://github.com/steve-tjiang/ GISCUP-2020
@ https:/[wwwl.nyc.gov/site/tle/about/tlc-trip-record-data. page
@ https://www.openstreetmap.org

@ https://outreach.didichuxing.com/app-vue/ HaiKou?id=999

HA AT 4360 41 SR 9542 4kl 26 BT 2016 45
6 1 H=Z21 AWM TGRSR, 6 H 22 H=
28 H ¥ HIPEAL A,

2) W OB AR g O 8 Sk UR T DT 2017
AE5 A E 10 AR 4E0T Bl sk, M AL 3298
AN EAN 8034 Fih. YR 2017 £ 10 1 H & 21
HEcHE T4 .10 A 22 HZE 28 HBE M TiEAG
FLAL,

Table 2 Dataset Statistics
*2 HEEFITESR

LGS TT R UE WA KR/ANGB
42 69406 526 9542 4360 10.1
g1 12374094 8034 3298 2.28

42 WHEZEEEERE

WL SR DA R 6 R B BRI

1) RD™ A i 0 v i A1 356 B — AN 15 254 S B
1) HiL o 35 BC 4 i 7 3 H B Hb Y I S AR R 1
KK,

2) MCF-FM""?', MCF-FM A 4} ¥ & % ¥¢ 19 75
e B B2 IR AE B A B TR) e rbodE 2 pR) R AL
18 —M L.

3) FMU". FMU # # 8 2 09 35 f AL E #E 17
R AE I SR T SR 0 A AL .

4) Q-learing™". #r i 48 X ) Q-learning #
T e ARG ¢ RSP RS
Sk A R RE AR B A B R R JF R B e =0. 1.

5) DQNWHYL AR R AN 5 A S —
BRI e BB RIS HE L Q (s o) H B K B 1EAE
S H BE H B HE, SEER e =0.1.

6) AS-AC. A 3CH iy B S R AL S s 1 it
A AT E PERE k.

TV BRI gk T 3 R AR

1) 483 (reject rate, RR) , 35 8% $5 48 14 35 oK
B TR SO e, e TR BT A R AR o D B B
AR 9L

2) AT ] Ceruising times CT) 48 W 25 42 M
25 WARAS B % b 4 1 F By Al el B ) 25 IR AT 3
B [0 [k A B2 A 1 i SR it A5 31
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3) ZEFEm}E] (waiting time, WT) , 83 &% M &
HER B RIMLE) K b % O ny P2 SRR s a8y
S5 A IF ] B A3 SR B
43 ZRSHEHERILE

i 2 ] 1, ] 2 08 2R i RS LL i B 4R
KRARZ  Un 2R3 I 11000 56 R FH A0 A 249 2540 4 4 )
R 50) 3 A6 JBE D) A 3 D) SR A O W . Dy Tk
B3k — 0] L, AR 40 5 4R 100 R I & ) 25 R o3 1 kL
BEHART S L 7 4120 R RO 48 T i) K
B3 512 5 min F1 10 min; R H Uber H3 FE¥F 412y
FITEE 17 % 40 531 S0 43 R 99 1 30 A4S I HS L 4 A~ i R

W RAEMEY 1 =5 min, PR K H LR 5 min,
W 5 min PR AL B, W2 SR g o $E 4
FEM RGP B B T 0 O vk, ok e i S 80
F :actor 5 critic M4 (AN 3. & H¥RH 3 E4
AR BRI 128 A BRI, TR T ReLU
T PR B ACIZ FEZS B N =100 000, R £ i 41t B K/
b =64, critic H* H br I’ 2% 5187 19 J& 5] B =1 000, 47
AT ¥y=0.9,2%42 %K ¢, =0.001,a,=0.000 5.

T B AE Ty IR R AEAS TR 2 AR T
HEAT X LS5, SEEG S5 R AR 3 i, v B b R
T Y 11 J5c AR 435 SR AL R R

Table 3 The Results on Two Real-World Datasets

R3 E2INEZIHEELHIHER

42y 10
Bk

KXY 6 RR/% CT/s WT/s AR RR/% CTls WT/s
RD 20.455 294.273 172.887 13.778 476.998 175.959
MCF-FM 11.589 201.736 154.601 11.053 434.703 168.295
FMU 11.448 200.119 147.247 11.751 443.969 172.081

3000 1000
Q-learning 12.810 212.073 149.571 11.883 146.816 171.890
DQN 11.799 203.957 148.322 11.530 443.125 169.169
AS-AC(V2) 11.350 199.864 145.538 11.105 435.964 166.771
RD 17.382 315.166 161.891 11.012 558.108 163.322
MCF-FM 8.550 226.591 146.605 7.891 508.623 152.216
FMU 8.316 224.391 138.249 8.406 515.441 156.067

3200 1100
Q-learning 9.750 236.636 139.827 8.679 520.044 156.454
DQN 8.748 228.908 138.579 8.305 516.032 152.355
AS-AC(V2) 8.207 224.008 136.152 7.866 508.563 150.474
RD 14.063 333.936 149.930 9.168 648.785 152.751
MCF-FM 5.925 253.864 133.695 5.744 592.969 138.305
FMU 5.699 251.736 125.263 6.221 599.675 142.935

3400 1200
Q-learning 7.162 164.298 128.779 6.498 604.154 143.117
DQN 6.279 257.628 125.541 6.216 599.640 143.056
AS-AC(V2) 5.583 251.188 122.294 5.649 591.388 136.273
RD 11.018 354.330 137.960 7.875 744.609 144.888
MCF-FM 3.826 284.578 114.584 1.416 685.874 127.436
FMU 3.694 283.008 109.107 4.580 687.824 130.828

3600 1300
Q-learning 5.171 295.916 116.500 5.043 695.467 132.281
DQN 4.499 291.128 109.023 4.995 694.182 137.858
AS-AC(V2) 3.517 281.893 105.345 4.120 682.324 125.564
RD 8.387 378.426 126.342 6.961 844.107 138.454
MCF-FM 2.317 319.335 95.761 3.532 783.201 118.868
FMU 2.238 318.244 93.262 3.627 784.489 121.673

3800 1400
Q-learning 3.610 330.401 102.919 4.083 791.974 123.593
DQN 3.254 328.414 94.573 3.999 790.446 126.698
AS-AC(V2) 2.036 316.698 89.713 3.332 779.584 115.251
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gR3
a2 g

Bk
AR RR/% CT/s WT/s KR RR/% CT/s WT/s
RD 6.445 108.392 117.027 6.189 944.239 133.211
MCF-FM 1.389 358.508 81.134 2.969 884.114 112.251
FMU 1.294 357.187 80.280 2.851 881.921 112.680

4000 1500

Q-learning 2.495 368.197 90.350 3.384 891.032 116.546
DQN 2.485 369.515 83.724 3.100 887.122 110.958
AS-AC(V2) 1.102 355.576 78.564 2.600 877.342 108.230

TE < SR BT oA B L e A B 2R

A= LSS § g E NI NON &S i AT
R CXARIE L (RR) F- ST 8] (CT) LA K2
SERRES R (W) HB 23 B A B H A& 26w DL 3 o
BHLIT 4 S 458 .

1) MCF-FM Fl FMU # t F B AL B 5K % RD
FEFTA Y BE dt bR o B ER AT AR KB4 . X 2 R
MCF-FM #1 FMU #4445 i 50 3T 55004 0 15 253
P A B A AR U L AT X AR A
AR i A SR A T LAAR G b T 5 L 1Y 5 TR

2) HF D7 g R 2] SN E PR ALY Q learning
HELF RD A Br 4 74, (0 H AR T+ /9 72 5 %A MCF-
FM 5 FMU Xk, X & H A Q-learning W PEREZ R T
0 2 M PR S s T T R SC 3 PR B I A A bk L SR
FEAEPIRASIETC ST £ 0, BT DA A 200 ik e ik o
S AL A

3) BAR bR HE DQN F5 75 L mT DL S 3R 45 1 &L
T AER R FH Y e SR W7 23 7 A% b A B A 9 i AR
M A 5 A DR, 33X 25 T SOGB40 A2 3 i A A X, 3 A
CERERGONE i A A X3 DR 2 2 1 IR %1 SR A
PR F AR 55 o B2 0 40 T DAL T3k SRt 7 PR,

4 BT ML ER RN 1000 BT 5 HE 4L
BRI AS-AC BLAE T A BE AR L3 S
T AR AR, £ R A KM L T MCF-FM,

FMU F1 DQN %5 & 47 fe A 5 % 76 K Al 0 45 R
[7] 9 24 22 80 B LT AS-AC B3k ] DL FEJE 46 %
FEemE T 0.3 AN A 4 L AT I TR B 0.1~
4.6 s, e B EERFM p 1.8~4.1 s. H T8 KEA
HOTGAN BT B A B LR — SR A SR E
AL RS AT LA s 2D R VR FE L s /0 2 3 B 3 R
BRI PR BT B UEE.
4.4 FERHREEHITIE

T 3L LE R R T 3.3 TR S EREER
W& (A A5 TRV SE L BEF 3.3 AR B Y 2 FhOREEAR
SE AR AT AT H ST, L UEHE R O Se g
etk o

D SR B AS-AC ikl V1;

2) RHHEF RS AS-AC 2N V2.

JT 5 AE BB 2 AR AR X DQN A 4
FEREAE R SCue 25 58, anf&l 5 FNIE 6 F .l LA EE 3] .

D SRR UL X TR A SR 4 LT DQN 42
TR i i DO 249 2 250 (0 B T B O, Bl 7E 4 298K
g L Y WRCR D 3000 BFL DQN BYFE 45 % K
11.799% .1 V1 5 V2 M LT DQN 45427+ 0.453 %
F10.448 %6 ; 4 Z AR A i 14 i 2] 4 000 B, DQN 46
Y%y 2.485% .1 V1 5 V2 A1 I T DQN 43 5l #2
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Fig. 5 Comparison of variants on New York dataset
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Fig. 6 Comparison of variants on Haikou dataset
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