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This Lecture: Advanced Machine Learning

ÅRegression Approaches

ü Linear Regression

ü Regularization (Ridge, Lasso)

ü Kernels (Kernel Ridge Regression)

ü Gaussian Processes

ÅApproximate Inference

ü Sampling Approaches

ü MCMC

ÅDeep Learning

ü Linear Discriminants

ü Neural Networks

ü Backpropagation & Optimization

ü CNNs, ResNets, RNNs, Deep RL, etc.
B. Leibe
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Topics of This Lecture

ÅRecap: Reinforcement Learning
ü Key Concepts

ü Temporal Difference Learning

ÅDeep Reinforcement Learning
ü Value based Deep RL

ü Policy based Deep RL

ü Model based Deep RL

ÅApplications

4
B. Leibe
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Recap: Reinforcement Learning

ÅMotivation

ü General purpose framework for decision making.

ü Basis: Agent with the capability to interact with its environment

ü Each action influences the agentõs future state .

ü Success is measured by a scalar reward signal.

ü Goal: select actions to maximize future rewards .

ü Formalized as a partially observable Markov decision process 

(POMDP)
5

Slide adapted from: David Silver, Sergey Levine
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Recap: Reward vs. Return

ÅObjective of learning

ü We seek to maximize the expected return Ὃ as some 

function of the reward sequence Ὑ ȟὙ ȟὙ ȟȣ

ü Standard choice: expected discounted return

where π ‎ ρis called the discount rate .

ÅDifficulty

ü We donõt know which past actions caused the reward.

Ý Temporal credit assignment problem

6
B. Leibe

Ὃ Ὑ ‎Ὑ ‎Ὑ ȣ ‎Ὑ
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Recap: Policy

ÅDefinition

ü A policy determines the agentõs behavior

ü Map from state to action “ȡהᴼꜝ

ÅTwo types of policies

ü Deterministic policy: ὥ “ί

ü Stochastic policy: “ὥί 0Òὃ ὥὛ ί

ÅNote

ü “ὥί denotes the probability of taking action ὥwhen in state ί.

7
B. Leibe
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Recap: Value Function

ÅIdea

ü Value function is a prediction of future reward

ü Used to evaluate the goodness/badness of states

ü And thus to select between actions

ÅDefinition

ü The value of a state ίunder a policy “, denoted ὺ ί, is the 

expected return when starting in ίand following “thereafter.

ü The value of taking action ὥin state ίunder a policy “, 

denoted ή ίȟὥ, is the expected return starting from ί, 
taking action ὥ, and following “thereafter.

8
B. Leibe

ὺ ί ὋὛ ί В ‎Ὑ Ὓ ί

ή ίȟὥ ὋὛ ίȟὃ ὥ В ‎Ὑ Ὓ ίȟὃ ὥ
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Recap: Optimal Value Functions

ÅBellman optimality equations

ü For the optimal state -value function ὺz:

ü ὺz is the unique solution to this system of nonlinear equations.

ü For the optimal action -value function ήz:

ü ήz is the unique solution to this system of nonlinear equations.

Ý If the dynamics of the environment ὴίȟὶίȟὥ are known, then 

in principle one can solve those equation systems.
9

B. Leibe

ὺz ί ÍÁØ
ᶰꜝ

ή
ᶻ
ίȟὥ
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ȟ
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ήz ίȟὥ
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ὴίȟὶίȟὥ ὶ ‎ÍÁØήz ίȟὥᴂ
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Recap: Exploration -Exploitation Trade -off

ÅExample: N-armed bandit problem

ü Suppose we have the choice between

ὔactions ὥȟȣȟὥ .

ü If we knew their value functions ήz ίȟὥ ,

it would be trivial to choose the best.

ü However, we only have estimates based

on our previous actions and their returns.

ÅWe can now

ü Exploit our current knowledge 

ðAnd choose the greedy action that has the highest value based on 

our current estimate.

ü Explore to gain additional knowledge

ðAnd choose a non-greedy action to improve our estimate of that 

actionõs value.

10
B. Leibe

Image source: research.microsoft.com
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Recap: TD-Learning

ÅPolicy evaluation (the prediction problem)

ü For a given policy “, compute the state -value function ὺ.

ÅOne option: Monte -Carlo methods

ü Play through a sequence of actions until a reward is reached, 

then backpropagate it to the states on the path.

ÅTemporal Difference Learning ðTD(‗)
ü Directly perform an update using the estimate ὠὛ .

11
B. Leibe

ὠὛ ᴺὠὛ ‌Ὃ ὠὛ

ὠὛ ᴺὠὛ ‌Ὑ ‎ὠὛ ὠὛ

Target: the actual return after time ὸ

Target: an estimate of the return (here: TD(0))
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Recap: SARSAðOn-Policy TD Control

ÅIdea

ü Turn the TD idea into a control method by always updating the 

policy to be greedy w.r.t. the current estimate

ÅProcedure

ü Estimate ή ίȟὥ for the current policy “and for all states ίand 

actions ὥ.

ü TD(0) update equation

ü This rule is applied after every transition from a nonterminal 

state Ὓ.

ü It uses every element of the quintuple ὛȟὃȟὙ ȟὛ ȟὃ .

Ý Hence, the name SARSA.

12
B. Leibe

Image source: Sutton & Barto

ὗὛȟὃ ᴺὗὛȟὃ ‌Ὑ ‎ὗὛ ȟὃ ὗὛȟὃ
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Recap: Q-Learning ðOff -Policy TD Control

ÅIdea

ü Directly approximate the optimal action -value function ήz, 

independent of the policy being followed.

ÅProcedure

ü TD(0) update equation

ü Dramatically simplifies the analysis of the algorithm.

ü All that is required for correct convergence is that all pairs 

continue to be updated.

13
B. Leibe

Image source: Sutton & Barto

ὗὛȟὃ ᴺὗὛȟὃ ‌Ὑ ‎ÍÁØὗὛ ȟὥ ὗὛȟὃ
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Approaches Towards RL

ÅValue-based RL

ü Estimate the optimal value function ήz ίȟὥ

ü This is the maximum value achievable under any policy

ÅPolicy -based RL

ü Search directly for the optimal policy “z

ü This is the policy achieving maximum future reward

ÅModel-based RL

ü Build a model of the environment

ü Plan (e.g. by lookahead ) using model

14
B. LeibeSlide credit: David Silver
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Topics of This Lecture

ÅRecap: Reinforcement Learning
ü Key Concepts

ü Temporal Difference Learning

ÅDeep Reinforcement Learning
ü Value based Deep RL

ü Policy based Deep RL

ü Model based Deep RL

ÅApplications

15
B. Leibe
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Deep Reinforcement Learning

ÅRL using deep neural networks to approximate functions

ü Value functions 

ðMeasure goodness of states or state -action pairs

ü Policies

ðSelect next action

ü Dynamics Models

ðPredict next states and rewards

16
B. LeibeSlide credit: Sergey Levine
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Deep Reinforcement Learning

ÅUse deep neural networks to represent

ü Value function

ü Policy

ü Model

ÅOptimize loss function by stochastic gradient descent

17
B. LeibeSlide credit: David Silver
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Q-Networks

ÅRepresent value function by Q-Network with weights Ἷ

18
B. LeibeSlide credit: David Silver

ὗίȟὥȟἿ ὗz ίȟὥ
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Deep Q-Learning

ÅIdea

ü Optimal Q-values should obey Bellman equation

ü Treat the right -hand side ὶ ‎ÍÁØὗίȟὥȟἿ as a target

ü Minimize MSE loss by stochastic gradient descent

ü This converges to ὗz using a lookup table representation.

ü Unfortunately, it diverges using neural networks due to

ðCorrelations between samples

ðNon-stationary targets

19
B. LeibeSlide adapted from David Silver

ὗz ίȟὥ ὶ ‎ÍÁØὗίȟὥᴂȿίȟὥ

ὒἿ ὶ ‎ÍÁØὗίȟὥȟἿ ὗίȟὥȟἿ
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Deep Q-Networks (DQN): Experience Replay

ÅAdaptations

ü To remove correlations, build a dataset from agentõs own 

experience

ü Perform minibatch updates to samples of experience drawn at 

random from the pool of stored samples 

ɀ ίȟὥȟὶȟί ͯὟὈ where Ὀ ίȟὥȟὶ ȟί is the dataset

ü Advantages 

ðEach experience sample is used in many updates (more efficient)

ðAvoids correlation effects when learning from consecutive samples

ðAvoids feeback loops from on -policy learning
20

B. LeibeSlide adapted from David Silver
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Deep Q-Networks (DQN): Experience Replay

ÅAdaptations

ü To remove correlations, build a dataset from agentõs own 

experience

ü Sample from the dataset and apply an update

ü To deal with non -stationary parameters Ἷ , are held fixed.

ðOnly update the target network parameters every ὅsteps.

ðI.e., clone the network ὗto generate a target network ὗ.

Ý Again, this reduces oscillations to make learning more stable.
21

B. LeibeSlide adapted from David Silver

ὒἿ ὶ ‎ÍÁØὗίȟὥȟἿ ὗίȟὥȟἿ
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Application: Deep RL in Atari

ÅGoal: Learning to play Atari games

22
B. Leibe

V. Mnih et al., Human-level control through deep reinforcement learning, Nature Vol. 518, 

pp. 529-533, 2015

Input: 

pixels

+game 

scores

Output: 

control

commands

Image source: Vlodimir Minh et al.

http://www.nature.com/nature/journal/v518/n7540/full/nature14236.html
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ÅL2 Regression Loss

Idea Behind the Model

ÅInterpretation

ü Assume finite number of actions

ü Each number here is a real -valued 

quantity that represents the 

Q function in Reinforcement Learning

ÅCollect experience dataset:

ü Set of tuples {( s,a,sõ,r), é }

ü (State, Action taken, New state, 

Reward received)

23
B. Leibe

target value predicted value

Current reward + estimate of future reward, discounted by g

Slide credit: Andrej Karpaty
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Results: Breakout

24
B. Leibe

Video source: Vlodimir Minh et al.
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Results: Space Invaders

25
B. Leibe

Video source: Vlodimir Minh et al.



P
e
rc

e
p
tu

a
l 
a

n
d

 S
e
n

s
o
ry

 A
u

g
m

e
n

te
d
 C

o
m

p
u

ti
n

g
A

d
v
a
n

c
e
d

 M
a
c
h

in
e
 L

e
a
rn

in
g

 W
i
n
t
e
r
ô
1
6

Comparison with Human Performance

26
B. Leibe

Close-up

view

Image source: Vlodimir Minh et al.
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Learned Representation

Åt -SNE embedding of DQN last hidden layer (Space Inv.)
27

B. Leibe
Image source: Vlodimir Minh et al.
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Improvements since Nature DQN

ÅDouble DQN

ü Remove upward bias caused by ÍÁØὗίȟὥȟἿ

ü Current Q-network × is used to select actions

ü Older Q-network × is used to evaluate actions

ÅPrioritised replay

ü Weight experience according to surprise

ü Store experience in priority queue according to DQN error

Ý Emphasize state transitions from which one can learn the most.

28
B. Leibe

ὒἿ ὶ ‎ὗίȟÁÒÇÍÁØὗίȟὥȟἿ ȟἿ ὗίȟὥȟἿ

ὶ ‎ÍÁØὗίȟὥȟἿ ὗίȟὥȟἿ

Slide adapted from David Silver
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Improvements since Nature DQN (2)

ÅDuelling network

ü Split Q-network into two channels

ü Action -independent value function ὠίȟὺ

ü Action -dependent advantage function ὃίȟὥȟἿ

ü Intuition: network can learn which states are valuable without 

having to learn the effect of each action for each state.

ÅCombined Algorithm

ü 3³mean Atari score vs. Nature DQN

29
B. LeibeSlide adapted from David Silver

ὗίȟὥ ὠίȟὺ ὃίȟὥȟἿ
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Topics of This Lecture

ÅRecap: Reinforcement Learning
ü Key Concepts

ü Temporal Difference Learning

ÅDeep Reinforcement Learning
ü Value based Deep RL

ü Policy based Deep RL

ü Model based Deep RL

ÅApplications

30
B. Leibe



P
e
rc

e
p
tu

a
l 
a

n
d

 S
e
n

s
o
ry

 A
u

g
m

e
n

te
d
 C

o
m

p
u

ti
n

g
A

d
v
a
n

c
e
d

 M
a
c
h

in
e
 L

e
a
rn

in
g

 W
i
n
t
e
r
ô
1
6

Deep Policy Networks

ÅIdea

ü Represent policy by deep network with weights Õ

ü Define objective function as total discounted reward

ü Optimize effective end -to -end by SGD

ü I.e., adjust policy parameters Ἵto achieve more reward

31
B. LeibeSlide credit: David Silver

ὥ “ὥίȟἽ ἷἺὥ “ίȟἽ

ὒἽ ὶ ‎ὶ ‎ὶ ȣȿ“ɇȟἽ
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Policy Gradients

ÅHow to make high -value actions more likely

ü The gradient of the stochastic policy “ίȟἽ is given by

ÅWait ðhow do we calculate that?

ü Any ideas?

32
B. LeibeSlide adapted from David Silver

‬ὒἽ

‬Ἵ

‬

‬Ἵ
ὶ ‎ὶ ‎ὶ ȣȿ“ɇȟἽ

ȣȩ



P
e
rc

e
p
tu

a
l 
a

n
d

 S
e
n

s
o
ry

 A
u

g
m

e
n

te
d
 C

o
m

p
u

ti
n

g
A

d
v
a
n

c
e
d

 M
a
c
h

in
e
 L

e
a
rn

in
g

 W
i
n
t
e
r
ô
1
6

Policy Gradients

ÅDeriving the gradient of an expectation

ü General case
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Policy Gradients

ÅHow to make high -value actions more likely

ü The gradient of a stochastic policy “ίȟἽ is given by

ü The gradient of a deterministic policy ὥ “ί is given by

if ὥis continuous and ὗis differentiable.
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Actor -Critic Algorithm

ÅProcedure

ü Estimate value function ὗίȟὥȟἿ ὗ ίȟὥ

ü Update policy parameters Õby stochastic gradient ascent

ü or
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Asynchronous Advantage Actor -Critic (A3C)

ÅFurther improvement

ü Estimate state -value function

ü Q-value estimated by an ὲ-step sample

ü Actor is updated towards target

ü Critic is updated to minimize MSE w.r.t. target

Ý Combined effect: 4 ³mean Atari score vs. Nature DQN
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Deep Policy Gradients (DPG)

ÅDPG is the continuous analogue of DQN

ü Experience replay : build data -set from agent's experience

ü Critic estimates value of current policy by DQN

ü To deal with non -stationarity, targets ἽȟἿ are held fixed

ü Actor updates policy in direction that improves Q

ü In other words critic provides loss function for actor.
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Summary

ÅThe future looks bright!

ü Soon, you wonõt have to play video games anymoreé

ü Your computer can do it for you (and beat you at it)

ÅReinforcement Learning is a very promising field

ü Currently limited by the need for data

ü At the moment, mainly restricted to simulation settings
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Topics of This Lecture

ÅRecap: Reinforcement Learning
ü Key Concepts

ü Temporal Difference Learning

ÅDeep Reinforcement Learning
ü Value based Deep RL

ü Policy based Deep RL

ü Model based Deep RL

ÅApplications
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Often Used in Games, E.g. Alpha Go
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