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Reinforcement learning (RL) is an area of machine learning concerned
with how software agents ought to take actions in an environment so
as to maximize some notion of cumulative reward.

Environment
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-- Wikipedia
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» Action : INE
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Reinforcement Learning Beyond Games:
To Make a Difference in Alibaba
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Large-Scale Order Dispatch in On-Demand Ride-Hailing
Platforms: A Learning and Planning Approach
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Idle action: V(So) <« V(Sp) + a(0 +yV(S1) — V(Sp))
Tn T[ TZ Tg
5¢(Tp.X) \
$;(T5.Y)

Serving action:  V(Sg) « V(Sp) + a(R, + y’V(S2) — V(Sy))

Efficient Large-Scale Fleet Management via Multi-
Agent Deep Reinforcement Learning
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1. Policy iteration : E‘Tﬁ’dﬁﬂ:/\lﬂ%n(a\s)jza = 12(s), ﬁt@(:l_ﬁﬂﬁk Policy
2. Value iteration : B PHEUME R EYV, [EBESRGRUREE @EEFEFSEMNRS
HIGFER,  BEED A'éﬁnﬁﬁﬁ%ﬁ) , FFREM S Value function, A, J’ﬁﬂﬁk Policy
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KR 5 ZA T T 2% 2 Value iteration 77 12
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Agent: & HUR A
Environment: i E#HEE, BT, HiE

AT L JIH) AR Gt

State: BJ[a]. %[H]
Action: JERAEIEAEIZR . wiferg E R
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Value iteration : Wi 3I1ERIERIVMEZR L, [E#E45:F]Policy :
Policy Evaluation

Advantage = 1;; + V(Sp41) — V(Se)
a =mn(s) = argmax,A(S,a)

Greedy Policy!
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TD (Temporal Difference) Method

Vﬂ-(S) = Eﬂ [Gt|St — S]

|

Monte Carol Vo (Sp) < V. (S) + a(Gy — Vi (S))
update a:step size, #FH2 T-learning rate

{HMonte Carolik 75 ZERIE S 2 fr £ I
ZI I IARSRANTEL, DNEAIELRTR

Bellman equation  V,(s) = Z m(a|s)E|Rii1 + YV (8t41)|S: = s

y - future reward discount factor

|

TD update V.(S)) < V. (S,) + a[{?t + YV (St41) — Vn(St)l]
Y
1-step TD error
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22 Large-Scale Order Dispatch in On-Demand Ride-Hailing Platforms:
A Learning and Planning Approach

From i 4T

Algnri.thm 1 Policy evaluation (dynamic programming) for the 1}[' ?*ﬁézli : *&iﬁ%i]‘ £ *I] —J?B_L/Ij( TN 7F/j fp‘f‘_tj {<S, A, I, S,>} ,
local-view MDP -[gk | }—J—»ﬁjj'j jEB/]JL/i)x

Input: Collect historical state transitions D = {(s;, a;, ri, S;)}; each g: i j‘ ETJ
state is composed of a time and space index: s; = (;, g;). |

1: Initialize V(s), N(s) as zeros for all possible states. A j:jq EF —b%/\ 37‘?3’ ) Eﬂj_‘[f'—%@ﬁiﬁ

j f“;i;z ;5;;5;} J{[])g?where t; =1Ins . :J:—ﬁ: T Ij“ 7'7 ki 3¢—{ ) ;E; E{;Trlj\njjﬂo

: i =~ - I ~ o Ky A » oy =1 ) Y S = B

s for each sample (s;, a;,ri,s]) in D) do S e, 7'7 I 2S5 ESEE, A e — i 5

s N(si) « N(si) + 1, I H] HEI’J N

6: V(si ] N{IS!_} [Yﬂt{ﬂi}v(sg) + R}f (ai) = V(si)].

7. end for

8: end for Y LA ‘ B o, J—p
Return: Value function V(s) for all states %]J%ZEV( )Atableﬁﬁ/ﬁf E]/J/f“ Ej{lO g j’ﬁ‘ﬁﬁTD updateA :_[:k:

X RERURE A BT T BT
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V(S) - V(S|6)

V(S|0) Target: r + YV (S;,116)
Re‘lu
|
Relu
|
Concatenated Embedding B EUL I FHembedding &A™ HALE

S <fiH. ETIEﬂ\ H) L

ME. RPEE. ... >




CODE A BETTER LIFE
- T KB A &£ E

MOH2 : (EAQ-Learning B A ERVINME

A1 E HERE MBS T U E, BT, REE
5 L AE — S g ;

B AP S ERIAN

B

BT AR 7 5
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Q-Learning

QpRZL: PEAIRAS
b THAM Q- (s,a) = E;|G:|S; = s, A; = a
+BIVER AR {H |
Q-Learning with Qr(Se, ar) < Qr(S ar) + a[Ry +y maxg,Q(Sey1,a’ ) — Qrn(Se, ar)]
1D update ‘

Off-policy: greedy choose max Q

action, SLFRHIE R LA FHe — greedy
HAITNEER R
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XS5 DNN5Q-Learning: Deep Q-Network J5

YZEREAS - M2k P state (3T84) HJactionX

reward, next-state, idxZE|H & : D={<S,A,r,S >} ispaten Qwait
Fae b 2450 ‘ ‘
Relu
for episode =1, M do |
sample mini-batch (s;, a;, 1y, s;41) from D Rell
R 7 if episode terminate at s;, 4
Vi = r+ymaxg, Q(Siy1,ai4+1;0) otherwise |

perform SGD update on (y; — Q(s;,a;; 8))% with respect to 6

Concatenated Embedding

A ‘ ‘

» D#H 24 T-experience- reply buffer ) SIMLFTERTES <fi B . B ITA< B H . H
* Target networkfl S ijQ-network (A=A . mIblscE. $R8R.. > FHbSE, B >

SHL, TEPVE TAE C 2] DL I 64
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Dispatch
p N p N request
Dispatcher
Log Collector Runtime
_ Y, - Y,
> ~ ™
: Logs ) Model Server
Finished orders,
Dispatched orders, ~ “ g
\Un—dispatched ordersj Online
- ) N - N {(<SA NS>} - N Offline
HDFS 1 Feature extractor = TF-Trainer
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Q(s,a;0,0,8) = V(s;0,8) + A(s, a; 0, a),

BDQN ( FE) i V(s)Fi
A, mg (THE) , KER:
AT] DB A T ZRV(S)

dL(w)

ow

DDPG

= r+u(s’, A" - ,u(s A)

Critic
Model

7T(S)

Policy gradient
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Actor
Model
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