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Background



Different  types of learning
● Supervised learning:

○ Labeled data.
○ Learning based on input-output pairs.

● Unsupervised learning:
○ Unlabeled data.
○ Learning based on input data similarity.

● Reinforcement learning:
○ An interact ive process.
○ Learning based on states, act ions and rewards. Machine learning



Deep learning in a nutshel l
DL is a general-purpose framework for representat ion 
learning.

● Given an object ive

● Learn representat ion that 
is required to achieve object ive

● Direct ly from raw inputs



Reinforcement learning in a nutshel l
RL is a general-purpose framework for decision-making

● RL is for an agent with the capacity to act

● Each act ion influences the agent ’s future state

● Success is measured by a scalar reward signal

● Goal: select act ions to maximize future reward



Reinforcement learning in a nutshel l
An RL agent may include one or more of these 
components: 

● Policy: agent ’s behaviour funct ion

● Value funct ion: how good is each state 
and/or act ion

● Model: agent ’s representat ion of 
the environment



Pol icy
A policy is the agent’s behaviour

● It  is a map from state to act ion:

○ Determinist ic policy:       a = π(s)

○ Stochast ic policy: π(a|s) = P [a|s]



Value funct ion
A value funct ion is a predict ion of future reward

● “How much reward will I get  from action a in state s?”

Q-value function gives expected total reward 

● From state s and act ion a under policy π with discount  factor γ



Model
Model is learnt from experience

● Acts as proxy for environment

● Planner interacts with model

○ e.g. using lookahead search

*Image from David Silver tutorial on DRL



Approaches To Reinforcement Learning
Value-based RL

● Estimate the opt imal value funct ion
● This is the maximum value achievable under any policy

Policy-based RL

● Search direct ly for the opt imal policy
● This is the policy achieving maximum future reward

Model-based RL

● Build a model of the environment
● Plan (e.g. by lookahead) using model



Deep RL in a nutshel l
RL + DL

● RL defines the object ive
● DL gives the mechanism



Proposed method



Motivat ion 
Efficiency in search space.



Act ion-driven object  t racking 
Dynamically track the target by select ing sequential act ions.



Problem definit ion (RL set t ing)
Act ion: A set of 11 discrete act ions:

● Translat ion moves
○ 4 direct ional moves, {left, right, up, down} and

also have their two t imes larger moves.
● Scale changes

○ {scale up, scale down} which maintains the aspect  rat io of the 
tracking target

● Stop



State: The state st is defined as a tuple (pt, dt)
● ɸ denotes the pre-processing function which crops the patch pt  from F.

Problem definit ion (RL set t ing)

State t ransit ion: 
Where α = 0.03



Reward: IoU(bT ,G) denotes overlap rat io of the terminal
patch posit ion bT and the ground truth Gof the target with
intersect ion-over-union criterion.  

Problem definit ion (RL set t ing)



Act ion-decision network



Training: Supervised learning

Generate state-act ion pairs.

Train policy network as mult iclass classificat ion with softmax. (L = cross-entropy)



Training: Reinforcement learning
Training ADNet with RL in this sect ion aims to improve the network by policy 
gradient approach.

The act ion at, for the state st, is assigned by:

Network weights are updated by:



Training: Onl ine adaptat ion
Training ADNet in supervised manner using generated samples during tracking.

Improves robustness to appearance changes.

Data generat ion for this step:

● Tracked patch is assumed to be GT
● Random patches around it  to be used for supervised training
● Redetect ion is performed using random patches around current  detected 

patch:
(C is class prob.)



Results

http://www.youtube.com/watch?v=RK-PmiRdYzo
http://www.youtube.com/watch?v=RK-PmiRdYzo


Results

Analysis on act ions.



Self comparison



OTB-100 test  results



OTB-100 test  results



Thank you !
Quest ion and discussion.


	Action-Decision Networks for Visual Tracking with Deep Reinforcement Learning
	Outline 
	Background
	Different types of learning
	Deep learning in a nutshell
	Reinforcement learning in a nutshell
	Reinforcement learning in a nutshell
	Policy
	Value function
	Model
	Approaches To Reinforcement Learning
	Deep RL in a nutshell
	Proposed method
	Motivation 
	Action-driven object tracking 
	Problem definition (RL setting)
	Problem definition (RL setting)
	Problem definition (RL setting)
	Action-decision network
	Training: Supervised learning
	Training: Reinforcement learning

	Training: Online adaptation

	Results
	Results
	Self comparison
	OTB-100 test results
	OTB-100 test results

	Thank you !�Question and discussion.

