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Introduction

Recommendation task

Observations
(x , y , r(x , y)) ∈ X × Y × R

Recommender System
takes as input a sequence of observations and outputs a mapping:
Deterministic : X → Y
Probabilistic : X → ∆(Y)
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Motivation

Recommendations

Siamese network
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Motivation

Time information

Sequence

Matrix
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Motivation

RL vs Contextual Bandits

Assumption
States (observations) in Contextual Bandits are i.i.d
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Motivation

Why Reinforcement Learning

users’ preferences are dynamic
optimization of the long-term objective
entering the cycle of recommendations
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Model

Reinforcement Learning

Learn to make a good sequences of decisions
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Model

Reinforcement learning

Markov Decision Process MDP
MDP is a tuple (S,A,P ,R)

1 S - set of states
2 A - set of actions
3 P : S ×A → ∆(S) - transition function

p(st+1|st , at)
4 R : S ×A → R- rewards

St St+1

Rt

At

Markov property assumption
p(rt , st+1|s0, a0, r0, ..., st , at) = p(rt , st+1|st , at)
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Model

Reinforcement learning

Discounted rewards

Gt = Rt + γRt+1... =
∞∑
k=0

γkRt+k+1

max
πθ

Eπθ
[G0]

πθ : S → A - agent policy

Interaction

Agent Environement

action

observation, reward
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Model

Modelization

MDP S,A,P ,R, γ
State space st = {s1

t , ..., s
N
t } ∈ S - N last items

Action space at = {a1
t , ..., a

K
t } ∈ A - list of items

Reward R r(st , at) ∈ R
Transition function P

st+1 =

{
add akt → st+1, remove first st+1 rt > 0
st otherwise

Discount γ ∈ [0, 1]
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Model

Q-learning

Action-value function
The action-value function Qπ(s, a) is expected return starting from
state s, taking action a, and then following policy π

Qπ(s, a) = Eπ[Gt |St = s,At = a]

action ai

h1

h2

· · ·

(c)(b)(a) Actor Critic

state s

action a

Q(s, ai)Q(s, a2)Q(s, a1) Q(s, a)

action a

h2 h2h2

h1 h1 h1

state s state s state s
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Model

Q-learning

Draw N transitions from Experience Replay

< s, a, r , s ′ >∼ D

Update Critic network:

∇φ
1
N

∑
j

(r + γQφ(s ′, aθ(s ′))− Qφ(s, a))2

Update Actor network:

∇θ
1
N

∑
j

Qφ(s, aθ(s))
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Model

Proto action idea

State

Actor
aθ(s)

w

Action State

Critic
Qφ(s, a)

Items At

argmaxiw
T i

Environment

rt

Q(s, a)
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Experiments

Environnement with OpenAI Gym 1

Agent Environement

action

observation, reward

1https://gym.openai.com/
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Experiments

Base Interface of recommendation env
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Experiments

Parameters study
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Figure: Parameter study of DDPG algorithm on MovieLens100k

Anton DOROZHKO RL RecSys July 2, 2019 17 / 22



Experiments

Offline evaluation

Table: Metrics for different session size for MovieLens 1M

ml-1m s20 ml-1m s30
NDCG@10 Precision@10 NDCG@10 Precision@10

Random 0.76 0.65 0.78 0.66
Popularity 0.85 0.78 0.88 0.81

SVD 0.76 0.66 0.77 0.66
LinUCB 0.85 0.78 0.87 0.8
DDPG 0.87 0.81 0.83 0.74
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Experiments

MovieLens-1M
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Figure: Distribution of impressions over items for MovieLens 1M: lower
curve means that algorithm served more different items
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Results

Results

The main contributions of the project are 2 folds:
1 Propose and build recommendation environments/benchmarks

with OpenAI Gym interface
2 Parameter study for DDPG agent
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Conclusion

Conclusion

That research direction is very promising and vast. Main advantages
of the application of RL to recommendation process are

we consider recommendation process as dynamic and optimize
for long-term rewards
we model the influence of the recommendations on user state
MDP formalism is flexible and different scenarios can be
modeled easily in this framework

Proper evaluation is hard Rendle S., Zhang L., Koren Y. On the
Difficulty of Evaluating Baselines: A Study on Recommender
Systems. // CoRR. 2019. Vol. abs/1905.01395
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Conclusion

Reinforcement learning for long-term reward
optimization in recommender systems
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