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Function Approximation - Why?
● Value functions

○ Every state s has an entry V(s)
○ Every state-action pair (s, a) has an entry Q(s, a)

● How to get Q(s,a) → Table lookup 
● What about large MDPs?

○ Estimate value function with function approximation

○ Generalise from seen states to unseen states



Function Approximation - How?
● Why Q?

● How to approximate?
○ Features for state s  |  s,a → x(s,a)
○ Linear model  |  Q(s,a) = wTx(s,a)
○ Deep Neural Nets - CS598  |  Q(s,a) = NN(s,a)



Function Approximation - Demo

http://www.youtube.com/watch?v=Y5gpoZzwcKY&t=201
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Deep Q Network

Mnih, Volodymyr, et al. "Human-level control through deep 
reinforcement learning." Nature 518.7540 (2015): 529-533.
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Supervised SGD (lec2)    vs    Q-Learning SGD
● SGD update assuming supervision

David Silver’s Deep Learning Tutorial, ICML 2016

http://icml.cc/2016/tutorials/deep_rl_tutorial.pdf
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Supervised SGD (lec2)    vs    Q-Learning SGD
● SGD update assuming supervision ● SGD update for Q-Learning 

David Silver’s Deep Learning Tutorial, ICML 2016

http://icml.cc/2016/tutorials/deep_rl_tutorial.pdf
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DQN: Results
Why not just use VGGNet features?
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Q-Learning Overestimation : Function Approximation

Van Hasselt, Hado, Arthur Guez, and David Silver. "Deep Reinforcement 
Learning with Double Q-Learning." In AAAI, pp. 2094-2100. 2016.
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Actual Q Value
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One (Estimator) Isn’t Good Enough?



One (Estimator) Isn’t Good Enough?

Use Two.
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Double Q-Learning
● Two estimators:

● Estimator Q1 : Obtain best action 
● Estimator Q2 : Evaluate Q for the above action

● Chances of both estimators overestimating at same action is lesser

Van Hasselt, Hado, Arthur Guez, and David Silver. "Deep Reinforcement 
Learning with Double Q-Learning." In AAAI, pp. 2094-2100. 2016.
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Results - All Atari Games
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Advantage Function

Learning action values ≈ Inherently learning both state values and relative value of the 
action in that state!

We can use this to help generalize learning for the state values.

Wang, Ziyu, Tom Schaul, Matteo Hessel, Hado van Hasselt, Marc Lanctot, and 
Nando de Freitas. "Dueling network architectures for deep reinforcement learning." 
arXiv preprint arXiv:1511.06581 (2015).
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Results

Where does V(s) attend to?

Where does A(s,a) attend to?
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Results

Improvements of dueling architecture over 
Prioritized DDQN baseline measured by 

metric above over 57 Atari games

Wang, Ziyu, Tom Schaul, Matteo Hessel, Hado van Hasselt, Marc Lanctot, and 
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Moving to more General and Complex Games

● All games may not be representable using MDPs; some may be POMDPs
○ FPS shooter games
○ Scrabble
○ Even Atari games

● Entire history a solution?
○ LSTMs !



Deep Recurrent Q-Learning

Hausknecht, Matthew, and Peter Stone. "Deep recurrent q-learning for partially 
observable mdps." arXiv preprint arXiv:1507.06527 (2015).
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Deep Recurrent Q-Learning
h1 h2 h3
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DRQN Results

● Misses
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DRQN Results

● Paddle
Deflection
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DRQN Results

● Wall
Deflections
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Results - Robustness to partial observability

Hausknecht, Matthew, and Peter Stone. 
"Deep recurrent q-learning for partially 
observable mdps." arXiv preprint 
arXiv:1507.06527 (2015). POMDP MDP
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Application of DRQN: Playing ‘Doom’

Lample, Guillaume, and Devendra Singh Chaplot. "Playing FPS 
games with deep reinforcement learning."

https://arxiv.org/pdf/1609.05521.pdf
https://arxiv.org/pdf/1609.05521.pdf
https://arxiv.org/pdf/1609.05521.pdf


Doom Demo

http://www.youtube.com/watch?v=oo0TraGu6QY


How does DRQN help ? 
- Observe ot instead of st
- Limited field of view
- Instead of estimating Q(st, at), estimate Q(ht,at) where ht = LSTM(ht-1,ot)



Architecture: Comparison with Baseline DRQN 
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Training Tricks
● Jointly training DRQN model and game feature detection 

What do you think is the advantage of this ?

● CNN layers capture relevant information about features of the game that 
maximise action value scores
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Enemy 
spotted

Action Network 
(DRQN)

All clear!

DRQN

DQN



Modular Network : Advantages
- Can be trained and tested independently 
- Both can be trained in parallel
- Reduces the state-action pairs space : Faster Training
- Mitigates camper behavior : “Tendency to stay in one area of the map and 

wait for enemies”



Rewards Formulation for DOOM
What do you think ? 



Rewards Formulation for DOOM
What do you think ?

● Positive rewards for Kills and Negative rewards for suicides 
● Small Intermediate Rewards : 

○ Positive Reward for object pickup 
○ Negative Reward for losing health 
○ Negative Reward for shooting or losing ammo
○ Small Positive Rewards proportional to the distance travelled since last step 

(Agent avoids running in circles)



Performance with Separate Navigation Network



Results



Today’s takeaways
● Bonus RL recap
● Functional Approximation
● Deep Q Network
● Double Deep Q Network
● Dueling Networks
● Recurrent DQN

○ Solving “Doom”

● Hierarchical DQN



h-DQN



Double DQN

Van Hasselt, Hado, Arthur Guez, and David Silver. "Deep Reinforcement 
Learning with Double Q-Learning." In AAAI, pp. 2094-2100. 2016.
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Van Hasselt, Hado, Arthur Guez, and David Silver. "Deep Reinforcement 
Learning with Double Q-Learning." In AAAI, pp. 2094-2100. 2016.

Dueling Networks
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How is this game different ?
● Complex Game Environment
● Sparse and Longer Range Delayed 

Rewards

● Insufficient Exploration : We need 
temporally extended exploration 

Kulkarni, Tejas D., Karthik Narasimhan, Ardavan Saeedi and Joshua B. 
Tenenbaum. “Hierarchical Deep Reinforcement Learning: Integrating Temporal 
Abstraction and Intrinsic Motivation.” NIPS 2016
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How is this game different ?
● Complex Game Environment
● Sparse and Longer Range Delayed Rewards

● Insufficient Exploration : We need temporally extended exploration 

Dividing Extrinsic Goal into Hierarchical Intrinsic Subgoals



Intrinsic Goals in Montezuma’s Revenge

Kulkarni, Tejas D., Karthik Narasimhan, Ardavan Saeedi and Joshua B. 
Tenenbaum. “Hierarchical Deep Reinforcement Learning: Integrating Temporal 
Abstraction and Intrinsic Motivation.” NIPS 2016
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Architecture Block for h-DQN

Kulkarni, Tejas D., Karthik Narasimhan, Ardavan Saeedi and Joshua B. 
Tenenbaum. “Hierarchical Deep Reinforcement Learning: Integrating Temporal 
Abstraction and Intrinsic Motivation.” NIPS 2016
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h-DQN Learning Framework (1)

● V(s,g) : Value function of a state for achieving the given goal g ∈ G
● Option : 

○ A multi-step action policy to achieve these intrinsic goals g ∈ G
○ Can also be primitive actions

● g : Policy Over Options to achieve goal g  
● Agents learns 

○ which Intrinsic goals are important
○ g 
○ correct sequence of such policies g

 

Kulkarni, Tejas D., Karthik Narasimhan, Ardavan Saeedi and Joshua B. 
Tenenbaum. “Hierarchical Deep Reinforcement Learning: Integrating Temporal 
Abstraction and Intrinsic Motivation.” NIPS 2016
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h-DQN Learning Framework (2)
Objective Function for Meta-Controller : 

- Maximise Cumulative Extrinsic Reward 

Ft = 

Objective Function for Controller :

-  Maximise Cumulative Intrinsic Reward

Rt = 

Kulkarni, Tejas D., Karthik Narasimhan, Ardavan Saeedi and Joshua B. 
Tenenbaum. “Hierarchical Deep Reinforcement Learning: Integrating Temporal 
Abstraction and Intrinsic Motivation.” NIPS 2016
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Training 
- Two disjoint memories D1 and D2 for Experience Replay
- Experiences (st , gt , ft , st+N) for Q2 are stored in D2 
- Experiences (st , at , gt , rt , st+1) for Q1 are stored in D1
- Different time scales

- Transitions from Controller (Q1) are picked at every time step
- Transitions from Meta-Controller (Q2) are picked only when controller terminates on reaching 

the intrinsic goal or epsiode ends

Kulkarni, Tejas D., Karthik Narasimhan, Ardavan Saeedi and Joshua B. 
Tenenbaum. “Hierarchical Deep Reinforcement Learning: Integrating Temporal 
Abstraction and Intrinsic Motivation.” NIPS 2016
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Results :

Kulkarni, Tejas D., Karthik Narasimhan, Ardavan Saeedi and Joshua B. 
Tenenbaum. “Hierarchical Deep Reinforcement Learning: Integrating Temporal 
Abstraction and Intrinsic Motivation.” NIPS 2016
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Deep Q Learning for text-based games

 Narasimhan, Karthik, Tejas Kulkarni, and Regina Barzilay. "Language understanding for text-based games 
using deep reinforcement learning." EMNLP 2015
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Text Based Games : Back in 1970’s
● Predecessors to Modern Graphical Games
● MUD (Multi User Dungeon Games) still prevalent

 Narasimhan, Karthik, Tejas Kulkarni, and Regina Barzilay. "Language understanding for text-based games 

using deep reinforcement learning." EMNLP 2015
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State Spaces and Action Spaces

- Hidden state space h ∈ H but given textual description 

{ ψ : H ➡ S}

- Actions are commands (action-object pairs) A = {(a,o)}
- Thh’

(a,o)  : Transition Probabilities
- Jointly learn state representations and control policies as learned 

Strategy/Policy directly builds on the text interpretation

 Narasimhan, Karthik, Tejas Kulkarni, and Regina Barzilay. "Language understanding for text-based games 

using deep reinforcement learning." EMNLP 2015
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Learning Representations and Control Policies 

 Narasimhan, Karthik, Tejas Kulkarni, and Regina Barzilay. "Language understanding for text-based games 

using deep reinforcement learning." EMNLP 2015
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Results (1) :
Learnt Useful 
Representations for the 
Game

 Narasimhan, Karthik, Tejas Kulkarni, and Regina Barzilay. "Language understanding for text-based games 

using deep reinforcement learning." EMNLP 2015
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Results (2) : 
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Today’s takeaways
● Bonus RL recap
● Functional Approximation
● Deep Q Network
● Double Deep Q Network
● Dueling Networks
● Recurrent DQN

○ Solving “Doom”

● Hierarchical DQN
● More applications:

○ Text based games
○ Object Detection
○ Indoor Navigation
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Object detection as a RL problem?
- States:
- Actions:

- c*(x2-x1) , c*(y2-y1) relative translation
- scale
- aspect ratio
- trigger when IoU is high
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Object detection as a RL problem?
- States: fc6 feature of pretrained VGG19
- Actions:

- c*(x2-x1) , c*(y2-y1) relative translation
- scale
- aspect ratio
- trigger when IoU is high
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Object detection as a RL problem?
- States: fc6 feature of pretrained VGG19
- Actions:

- c*(x2-x1) , c*(y2-y1) relative translation
- scale
- aspect ratio
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- Reward:
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J. Caicedo and S. Lazebnik, ICCV 2015

http://liberalamerica.s3.amazonaws.com/wp-content/uploads/2015/04/funny-cat-dog-nose-boop.jpg
http://liberalamerica.s3.amazonaws.com/wp-content/uploads/2015/04/funny-cat-dog-nose-boop.jpg


Object detection as a RL problem?

Q(s,a1=scale up)

State(s)
Current 

bounding 
box

Q(s,a2=scale down)

Q(s,a3=shift left)

Q(s,a9=trigger)

J. Caicedo and S. Lazebnik, ICCV 2015
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Object detection as a RL problem?

Q(s,a1=scale up)

Q(s,a2=scale down)

Q(s,a3=shift left)

Q(s,a9=trigger)

State(s)
Current 

bounding 
box

J. Caicedo and S. Lazebnik, ICCV 2015

History



Object detection as a RL problem? 
Fine details:
- Class specific, attention-action model
- Does not follow a fixed sliding window trajectory, image dependent trajectory
- Use 16 pixel neighbourhood to incorporate context

J. Caicedo and S. Lazebnik, ICCV 2015



Object detection as a RL problem?

J. Caicedo and S. Lazebnik, ICCV 2015

http://www.youtube.com/watch?v=uj303_lEUlM&t=18


Today’s takeaways
● Bonus RL recap
● Functional Approximation
● Deep Q Network
● Double Deep Q Network
● Dueling Networks
● Recurrent DQN

○ Solving “Doom”

● Hierarchical DQN
● More applications:

○ Text based games
○ Object detection
○ Indoor Navigation



Navigation as a RL problem?
- States:
- Actions:

“Target-driven Visual Navigation in Indoor Scenes using Deep Reinforcement Learning”
Yuke Zhu, Roozbeh Mottaghi, Eric Kolve, Joseph J. Lim, Abhinav Gupta, Li Fei-Fei, Ali Farhadi
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Navigation as a RL problem?
- States: ResNet-50 feature
- Actions:

- Forward/backward 0.5 m
- Turn left/right 90 deg
- Trigger

“Target-driven Visual Navigation in Indoor Scenes using Deep Reinforcement Learning”
Yuke Zhu, Roozbeh Mottaghi, Eric Kolve, Joseph J. Lim, Abhinav Gupta, Li Fei-Fei, Ali Farhadi



Navigation as a RL problem?

Q(s,a1=forward)

State (s)
Current frame and 
the target frame 

Q(s,a2=backward)

Q(s,a3=turn left)

Q(s,a6=trigger)

Q(s,a2=turn right)

“Target-driven Visual Navigation in Indoor Scenes using Deep Reinforcement Learning”
Yuke Zhu, Roozbeh Mottaghi, Eric Kolve, Joseph J. Lim, Abhinav Gupta, Li Fei-Fei, Ali Farhadi



Navigation as a RL problem?

Q(s,a1=forward)

State (s)
Current frame and 
the target frame 

Q(s,a2=backward)

Q(s,a3=turn left)

Q(s,a6=trigger)

Q(s,a2=turn right)

“Target-driven Visual Navigation in Indoor Scenes using Deep Reinforcement Learning”
Yuke Zhu, Roozbeh Mottaghi, Eric Kolve, Joseph J. Lim, Abhinav Gupta, Li Fei-Fei, Ali Farhadi



Navigation as a RL problem?

Real environmentSimulated environment

http://www.youtube.com/watch?v=SmBxMDiOrvs&t=129
http://www.youtube.com/watch?v=SmBxMDiOrvs&t=198


Today’s takeaways
● Bonus RL recap
● Functional Approximation
● Deep Q Network
● Double Deep Q Network
● Dueling Networks
● Recurrent DQN

○ Solving “Doom”

● Hierarchical DQN
● More applications:

○ Text based games
○ Object detection
○ Indoor Navigation



Q-Learning Overestimation : Function Approximation

Van Hasselt, Hado, Arthur Guez, and David Silver. "Deep Reinforcement 
Learning with Double Q-Learning." In AAAI, pp. 2094-2100. 2016.
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Q-Learning Overestimation : Intuition

[Jensen’s Inequality]
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https://hadovanhasselt.files.wordpress.com/2015/12/doubleqposter.pdf
https://hadovanhasselt.files.wordpress.com/2015/12/doubleqposter.pdf


Q-Learning Overestimation : Intuition

[Jensen’s Inequality]

https://hadovanhasselt.files.wordpress.com/2015/12/doubleqposter.pdf

What we want

https://hadovanhasselt.files.wordpress.com/2015/12/doubleqposter.pdf
https://hadovanhasselt.files.wordpress.com/2015/12/doubleqposter.pdf


Q-Learning Overestimation : Intuition

[Jensen’s Inequality]

https://hadovanhasselt.files.wordpress.com/2015/12/doubleqposter.pdf

What we wantWhat we estimate in 
Q-Learning

https://hadovanhasselt.files.wordpress.com/2015/12/doubleqposter.pdf
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Double Q-Learning : Function Approximation

Van Hasselt, Hado, Arthur Guez, and David Silver. "Deep Reinforcement 
Learning with Double Q-Learning." In AAAI, pp. 2094-2100. 2016.

http://www0.cs.ucl.ac.uk/staff/d.silver/web/Applications_files/doubledqn.pdf
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Results

Mean and median scores across all 57 Atari games, measured in 
percentages of human performance

Wang, Ziyu, Tom Schaul, Matteo Hessel, Hado van Hasselt, Marc Lanctot, and 
Nando de Freitas. "Dueling network architectures for deep reinforcement learning." 
arXiv preprint arXiv:1511.06581 (2015).

https://arxiv.org/pdf/1511.06581.pdf
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Results : Comparison to 10 frame DQN
● Captures in one frame (and history state) what DQN captures in a stack of 10 

for Flickering Pong

● 10 frame DQN conv-1 
captures paddle 
information

Hausknecht, Matthew, and Peter Stone. "Deep recurrent q-learning for partially 
observable mdps." arXiv preprint arXiv:1507.06527 (2015).
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Results : Comparison to 10 frame DQN
● Captures in one frame (and history state) what DQN captures in a stack of 10 

for Flickering Pong

● 10 frame DQN conv-2 
captures paddle and ball 
direction information

Hausknecht, Matthew, and Peter Stone. "Deep recurrent q-learning for partially 
observable mdps." arXiv preprint arXiv:1507.06527 (2015).
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Results : Comparison to 10 frame DQN
● Captures in one frame (and history state) what DQN captures in a stack of 10 

for Flickering Pong

● 10 frame DQN conv-3 
captures paddle, ball 
direction, velocity and 
deflection information

Hausknecht, Matthew, and Peter Stone. "Deep recurrent q-learning for partially 
observable mdps." arXiv preprint arXiv:1507.06527 (2015).
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Results : Comparison to 10 frame DQN

Scores are comparable to 
10-frame DQN - 
outperforming in some and 
losing in some

Hausknecht, Matthew, and Peter Stone. "Deep recurrent q-learning for 
partially observable mdps." arXiv preprint arXiv:1507.06527 (2015).
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