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RL in vision: Attention
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» (Ba, Mnih, Kavukcuoglu; 2014)
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Reinforcement learning

» The common (supervised) learning paradigm: you
have a dataset of pairs (x, y)

» Not all (hardly any?) real-world application scenarios
fit this paradigm

» A more general paradigm has an agent interact with
an environment (or simulator) which determines the
value of the networks actions on-the-fly

» Characteristics of this paradigm:

time-series

delayed rewards

exploration-exploitation

the ultimate goal is a policy
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Policy search (“Actor”)

» Policy:
;
mo(@o.7|ho.7) = Hﬂ'e(at|ho;t)
t=0
» Reward:

JT = Em[ift(at)]
t=0
= Z [th(az)]ﬁe(aO:T‘hO:T)

ao.t

see https://www.youtube.com/watch?v=kUiRORLmMGCo
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Policy gradient

Vol [grj ri(a)| oo ho.7)

VodJ™ =
ao. T t=0
- T -
= > > n(a)|Vems(aor|ho7)
aop.1 B t=0 )
- T -
= Y | > n(a)|Velogms(ao.r|ho.7)ms(a0:7| ho.T)
ao. v T =0 )
T T
= > | > (@] | Y- Volog mo(atlho.) | mo(a rlhor)
apr  t=0 © =0
T T
= > | D Velogms(a|hor) ) ra(an }m ao.7|ho.7)
ap.t t=0 n=t

Variance reduction

» The sample approximation is correct in expectation
but it can have high variance.

» It is widely agreed that variance reduction techniques
are necessary to make learning tractable.

» A common way to reduce variance is based on the
observation:

Veﬂ'e(at!ho:t)]
mo(a;|ho.t)

— VoK, M

=0

Eﬂ[vglogwe(a,\hm)} = ]Eﬂ[
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Sampling

VeJ™ =

;
Z [Z%Iogm} a;|hy.) an a, }71-9 ao.7|ho.7)
t

a.t t=0 n=

» Sample trajectories according to a(()f)T ~
» and optimize the sample approximation:
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Variance reduction

» To reduce clutter, define R; = Zn + n(@n)
» Introduce constant c (or c(ho.t))
» A lower-variance estimate is given by:

Er|Volog m(a ho)(A: — ©)|

= E.|Vglog rg(a,|h0:,)l-'1’t} —cE, |:V9 log 7y(a;| ho.t)

= E.|Ve |Og W@(at|h0:t)’c?ti|

» c is often called baseline and can be learned to
represent (or predict) the expected reward.

» This allows us to directly exploit what is predictible
about the rewards.
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DQN

» (Mnih et al, 2013)
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Dynamic programming

oo
V*(SO) - mT?X ES1 ,82,83,... |:Z p)/trt(sta 7T(St), st+1 )’SO}
t=0

(0.0
= maxEs,s,s,. [ro(SO, a,s1)+ > _'n(s, w(st), St+1)’30}
t=1

= ma%X]Es1 [r0(807a07s1)
(o)
+MaxEs, s;.... [Z Yr(st, m(st), $t+1)‘s1} ’SO}
=1

= maax ]Es1 [fo(So, ap, S1)
o

o0
Y MaX Eg, sy s,... [Z V(s w(St), Stid) ‘ 51} ’SO}
=1

= ma%x Es, [ro(SO, ap, S1) + ’)/V*(S1 )}
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Dynamic programming and TD (“Critic”)
» Policy as a function of state (not an RNN):
at = 7T(St)

» Value function (depends on 7):

V7(S0) = Es, ,,55.... [Z Vr(st,7(s), St+1)‘50}
t=0
» Optimal value function:

V' (80) = MaXEs, s, ... | > 7'ri(80,7(81), St11)| 0]
t=0

Bellman’s equation

Vi(s) = maax]Es/[r(s,a,s’)Jrny*(s’)

d
» TD learning: Draw §' randomly and set

Viia(s) = Vi(s) +n(r(s.a.8) + V7 (8) - Vi(s)
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Q-Learning

» Action-Value function (“Q-function”):
V(s) =max Q(s,a)
a/
» Bellman’s equation

Vi(s) = mgx]Es/[r(s,a,s’)erV*(s’)

s|
becomes

V*(s) = maxEg [r(s, a,s)+ymaxQ(s,a)
a a

s|
» and so

Q*(s,a) = Eg [r(s, as)+y max Q' (s, a)

s, a}

Q-Learning with neural networks: recipe

start in state s

choose an action a (eg. e-greedy)

receive reward and new state

compute new Q-value and do a gradient step

> W=

» stabilization tricks: (i) action replay; (ii) refresh
network for generating targets less frequently
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Q Learning with neural networks

» Use a neural network to represent the Q-function:
Q(s,a, w)
» Minimize
L(w;) =

Esa [(Es/ [r(s,a,s')+~ max Q(s,a,wi_1)] — Q(s,a w,-)) 2}
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