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Background



Different types of learning

e 3Supervised learning:
o Labeled data.
o Learningbased oninput-output pairs.

Supervised

Unsupervised
Learning

Learning

e Unsupervised learning:
o Unlabeled data.
o Learningbased oninput datasimilarity.

Reinforcement
Learning

e Reinforcement learning:
o Aninteractive process.
o Learningbased on states, actionsand rewards. Machine learning



Deep learning in a nutshell

DL isageneral-purpose framework for representation
learning.

e Given anobjective

e Learnrepresentationthat
iIsrequiredto achieve objective

Deep learning

Example:

Knowledge
bases

Example: Example:

Shallow Logistic
autoencoders / regression

Example:
MLPs

Representation learning

e Directly fromraw inputs

Machine learning



Reinforcement learning in a nutshell

RL isageneral-purpose framework for decision-making

e RLisfor anagent with the capacity to act

Environment

e Each actioninfluencesthe agent’sfuture state
State

e 3Successismeasured by ascalar reward signal rewsrd @

Action

e Goal:select actionsto maximize futurereward



Reinforcement learning in a nutshell

An RL agent may include one or more of these
components:

e Policy: agent’sbehaviour function

Value Function

e Valuefunction: how good iseach state i
) Value-Based
and/or action

e Model: agent’srepresentation of
the environment




Policy

A policy isthe agent’s behaviour

e Itisamapfromstateto action:
o Deterministicpolicy: a=Ti(s)

o Stochasticpolicy: m(a|s)=P][a|s]



Value function

A value function isaprediction of future reward

e “How muchreward will | get from action ain state s?”

Q-value function gives expected total reward

e Fromstate sandaction aunder policy rwith discount factory

R7(s,a)=E [ft+1 + Y rep2 + Y3+ o | S, 3}



*Image from David Silver tutorial on DRL
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Model islearnt from experience [ Py _aten
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e Actsasproxy for environment “;;*“_/
e Planner interactswith model .

o e.g.usinglookahead search




Approaches To Reinforcement Learning
Value-based RL

e Estimatethe optimal value function
e Thisisthe maximum value achievable under any policy

Policy-based RL

e Searchdirectly for the optimal policy
e Thisisthe policy achieving maximum future reward

Model-based RL

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



Deep RL in a nutshell
RL+ DL

e RLdefinesthe objective
e DL givesthe mechanism

! Reward

Agent

State

3

Take |Environment
action

parameter 6

Observe state




Proposed method



Motivation

Efficiency in search space.

(b) Tracking-by-
Detection method

(a) Previous frame



Action-driven object tracking

Dynamically track the target by selecting sequential actions.
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Problem definition (RL setting)

Action: A set of 11 discrete actions:

e Translation moves
o 4 directional moves, {left, right, up, dowrn}and
also have their two times larger moves.
e Scalechanges
o {scaleup, scale down}which maintains the aspect ratio of the
trackingtarget
e 3top

a4 J OH2¥ XX O

Translation moves Scale changes Stop




Problem definition (RL setting)
State: The state st isdefined asatuple (p, d,)

e ¢ denotesthe pre-processing function which cropsthe patch pt from £

Image patch: p, € R112+112+3 Dt = Q)(bt F)
Action dynamics: d, € RV b, — [:L'(t), y(t), 'w(t), h(t)]

State transition:

Where a=0.03
Az = qw™ and Ay'Y = ah®



Problem definition (RL setting)

Reward: loU(b-,G)denotes overlap ratio of the terminal

patch position b-and the ground truth Gof the target with
Intersection-over-union criterion.

1,if IOU(ps, G) > 0.7
—1, otherwise

r(se) = {



Tracking Sequences

Action-decision network
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Training: Supervised learning

Generate state-action pairs.

act
lact)

j = argmax IoU(f(pj,a),

0, otherwise.

G)

(els) {]-- if IOU(p;,G) > 0.7
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Training videos

J—

- B* I<-
.t

state-action pairs

Train policy network as multiclass classification with softmax. (L = cross-entropy)
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Training: Reinforcement learning

Training ADNet with RLin thissection aimsto improve the network by policy
gradient approach.

Theaction a, for the state s,,isassigned by: Q¢,; = arg mC?XP(MSt,z; Wrer)

L T

dlogp(as|si;; W
AWnp Z Z gp((;ﬁl; RL)Zt,l

Network weightsare updated by:

| (3t1: at+ -, S1,a1) ||
r

Frame #160 Frame #190 .~ Frame #220




Training: Online adaptation

Training ADNet in supervised manner using generated samplesduring tracking.
Improvesrobustnessto appearance changes.
Data generation for thisstep:

e Tracked patchisassumedtobe G-
e Random patchesaround it to be used for supervised training

e Redetectionis performed usingrandom patches around current detected
patch:

(Cis class prob.) ~

b* = argmaxc(b;)
b;
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http://www.youtube.com/watch?v=RK-PmiRdYzo
http://www.youtube.com/watch?v=RK-PmiRdYzo

Results

Analysison actions.
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Precision

Self comparison

Precision plots of OPE Success plots of OPE
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OTB-100 test results
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OTB-100 test results

Algorithm Prec.(20px) | IOU(AUC) | FPS | GPU
ADNet 38.0% 0.646 29 | O
ADNet-fast 83.1% 0.635 15.0 O

2] MDNet ] 90.9% 0.678 <1 O
= C-COT[J] 90.3% 0.673 <1 | O
% [ DeepSRDCF [] 85.1% 0.635 <1 O
; HDT | 5] 84.8% 0.564 5.8 O
> | MUSTer [15] 76.7% 0.528 390 | X
. MEEM [+2] 77.1% 0.528 19.5 X
E SCT ] 76.8% 0.533 300 | X
i KCF [ ] 69.7% 0.479 223 X
3 DSST[7] 69.3% 0.520 354 | X
GOTURN[ 1] 56.5% 0.425 25 | O




Thank you |
Question and discussion.
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