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1. Background
1. Recommendation System
2. Reinforcement Learning
3. Recommendation System using Reinforcement Learning

2. System Structure

Partl: Input data

Part2: RNN model

Part3: Training

Part4: ltem sampling

Part5: Recommending steps
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Background
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Arithimer Recommendation System

Recommendation Algorithms:

COLLABORATIVE FILTERING @ CONTENT-BASED FILTERING@ Deep Learning Models
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[1]
(item-based) (user-based)

[1]TONDJI, LIONEL NGOUPEYOQU. "Web recommender system for job seeking and recruiting." (2018).
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Arithimer Reinforcement Learning(RL)

Artificial Intelligence ) - .
“Machine” = Model Learning” = Function

Machine

Unsupervised
Learnin

learning
Supervised
learning

Neural network

Deep
Learning

[2]

S1: state,
al,a?,a3,a4d: actions

Q-learning: update Q value table St~ @Shab  QSLaz) Qa3 QL a4

Two major RL types:
valued-based. policy-based

Q(S,A) « (1 —a)Q(S,A) + a[R(S,a) + ymaxQ(S',a)]

Policy Gradient: update policy by gradient descent
Er ng[R(T)Vglogmg(7)]

[2]Kubo, Takahiro. Paison De Manabu Kyoka Gakushu:
Nyumon Kara Jissen Made. Kodansha., 2019.
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Arithimer Reinforcement learning for recommendation system

1. Long term rewards
thunderstorm
alert(0.3)

Probability: [0.1, 0.2, 0.3, 0.4], not always the 4th item be chosen

2. Having some randomness

Example:

| | | — — 1. off—p.olicy
1. Policy Gradient based framework: being used to recommend videos. [3] 2. Continuous user state
3. Experimentin live

2. DQN based framework: being used to recommend news.[4] experiments

3. Critic-Actor based framework: being used to create a virtual environment like virtual Taobao.

[3]Chen, Minmin, et al. "Top-k off-policy correction for a REINFORCE recommender system." Proceedings of the Twelfth ACM International Conference on Web
Search and Data Mining. 2019.

[4]Zheng, Guanijie, et al. "DRN: A deep reinforcement learning framework for news recommendation." Proceedings of the 2018 World Wide Web Conference. 2018.
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Training process

Server process

R: reward

Policy Gradient based Recommendation System

Input: log data
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Input: log data
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Well trained
RNN model

Well trained Model update
RNN model every 24 hours
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Recommendation

ltem 1
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ltem 3
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System Structure
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Arithiner System Structure

Training

item vector  context @
item vector  context @
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log data

Reinforcement Cearning

ltems space
(All items)
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Arithiner Partl: Input data

® |[tem vector:

ERIEDICI» oo noapnasas—t. B AU

7 —ILIZR ) T RTILESE ,ﬁﬁbtstji’cuo 12750 (2 <L

— L
@ Embedding: Word2vec/Bert

Iog data

® Context data:

Example : timing, device

® Reward:

Example : l.click: 5 point, 2.buy: 15 point
3.non-feedback: 0 point
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Arithimer Part2: Using RNN model to get user state and policy

s: state
A: whole item space CFN cell
a: one item

u,: item embedding + context vector
T: temperature(0~1)
v, : item embedding

St+1 = Zt @tanh(st) + 1 O tanh(Wauat)
Z; = O-(UZSt + ]/Vzuat + bz)
ir = o(Uisy + Wiug, + b;) [2]

Event t+1

Softmax 7 Softmax ¢
A -
Block gradient
RELU [~
g
exp(s"v,/T)

User state S;41 Label context

1

Recurrent Cell

mg(als) = 5

area€xp(stve /T)  [2]

Po, (behavior policy )

- T
| : exp(s' vy /T)
ﬁ Item embedding Context ; ,89,(A|5) = -

| : exp(s' v, /T
"""""""""""" Event1j2"‘jr" Za’EA p( a,/ )

3]
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Arithmer Part2: Ignoring non-reward item

User State
Event t+1 l
~Z ~ Block gradient
RELU  [«~ Rt(!
I ltem embedding| context

User state S¢4 Label context

1

Recurrent Cell . .
1. Ignoring non-reward item

at

_________ fem embedding | Conext }—' *30: [0,0,0,-+-,0]

Event1, 2,...,t

3]
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Arithiner Part2: Computing r,

/
!

Event t+1 / Softmax layer

Softmax 76 | Softmax Oy

A — -
~ZX"  Block gradient
RELU = ltem embedding
A

User state Sy Label context \»
Recurrent Cell argmax(By V1))

— — Softmax layer
Item embedding Context HEmab V)
e Event 1,2, 1 ThL=
=7
[3] ltem embedding
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Arithiner Part3: Training

Reinforce algorithm:
& . Trajectory: (s0,a0,s1,al,..,sn,an)
Gradient Policy

oogrs
Er~n9[R(T)VelogT[ ( ]

|

Reward

_ Important weight of the off-policy-
Off policy: / corrected gradient estimator

R¢Vglogmg(a;|s,)]
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Arithiner Part3: Training

Top K: 7]

ae(atlst) aa(at|St)
R.Vologag(as|s — e~ 7
D B iales FeVologas(also] om0 = 2 S

|7l

_ z[ mg(atlse) 9, (azlse)

= = B (atlse) 0 (atlse)

= K(1 — mg(ag|sy)* 1
~f t=0

R:Vglogmg(a;|s)]

Final training expression:

||
Z[ . 7;6((2:“5:)) K(1—mg (at|st))K_1RtV9logn6 (a¢lse)]

~f t=
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Arithmer Part4: data sampling

ltems space During server time:
(All items)

4

seiV Efficient approximate nearest neighbor-based systems

Sampled items
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Arithimer Part5: Recommendation(1st time)

Web page
Step3 =7 tom1 g ite2
e L
—— T,»*‘*" Slock graclent
*30 popular items from each category
User state Sy Label context
Step 1 T Stepl: Choosing 10 items and then get user’s state
Recurrent Cell vector.
!
| — / Step?2: Sampling items from items space.
Item embedding Context :
------------------------ Euapi  p g Step3: Calculating recommendation probability of all
B sampled items.
3]
Step4d: Randomly recommend K items with
Step 2 | Items space recommendation probability
(All items) sampled '

Sampled items Stepb: Storing,recommended item info , context info and
users’ feedback.
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Part5: Recommendation

Step 3 Event t+1

Softmax 7¢ Softmax
A - - .
TR —=\"  Block gradient Stepl: Getting user’s state vector by inputting log data.
Step2: Sampling items from items space.
User state S;41 Label context
Step 1 T Step3: Calculating recommendation probability of all
Recurrent Cell .
T sampled items.
— — ;Logckﬂa Step4: Randomly recommend K items with
ltem embedding | Context g recommendation probability.
________________________ e R
3] Stepb: Storing recommended item info , context info and
users’ feedback.
Step 2 | Items space
(All items) sampled

Sampled items
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