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What is reinforcement learning?

l decisions (actions)

consequences
observations
rewards

http://rll.berkeley.edu/deeprlcourse/
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Actions: muscle contractions
Observations: sight, smell
Rewards: food

Actions: motor current or torque
Observations: camera images
Rewards: task success measure Rewards: profit
(e.g., running speed)

Actions: what to purchase
Observations: inventory levels

http://rll.berkeley.edu/deeprlcourse/
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Terminology & notation

g

mo(at|or) ay
sy — state
0; — observation mo(as|o;) — policy
a; — action mo(az|sy) — policy (fully observed)

Markov property

independent of s;_;

http://rll.berkeley.edu/deeprlcourse/
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Imitation Learning

. - .
my(ar|or) ay
training supervised (a¢|oy)
ke learning

http://rll.berkeley.edu/deepricourse/
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Trajectory problem

— training trajectory
— Ty expected trajectory

http://rll.berkeley.edu/deepricourse/
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DAgger: Dataset Aggregation

1. train mp(a;|o;) from human data D = {01,a;,...,0n,an}
2. run 7wy(as|oy) to get dataset D = {o4,..., o}

[3. Ask human to label D, with actions ay ]

4. Aggregate: D < DU D,

—" . ]
. 7T()(a( |O[)
\ . 0y ay

e 4
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Why might we fail to fit the expert?

1. Non-Markovian behavior
2. Multimodal behavior

7T0(at|0t) 7T9(at|013'“30t)
behavior depends only behavior depends on
on current observation all past observations

If we see the same thing
twice, we do the same thing Often very unnatural for

twice, regardless of what human demonstrators
happened before

http://rll.berkeley.edu/deepricourse/
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How can we use the whole history?

shared weights \

1 [ —'| RNN state

" — RNN state

L

el — R

oy

Typically, LSTM cells work better here
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Why might we fail to fit the expert?

1. Non-Markovian behavior
2. Multimodal behavior l

1. Output mixture of
Gaussians

Implicit density model

Autoregressive
discretization

http://rll.berkeley.edu/deepricourse/
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Markov Decision Process

Markov decision process M={S, AT,r}
S — state space states s € S (discrete or continuous)
A — action space actions a € A (discrete or continuous)

T — transition operator (now a tensor!)

)

let fir,; = p(s

t=17
let &, = plas = k) Hei = ]Zkﬂ’j’km’j&’k

let 7ijx = p(se41 =ils¢ = j,ar = k)

S ¥ S9o
@ p(str1lst, ar) N p(str1lst, ar)
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Reward function

Markov decision process M={S,AT,r}
S - state space states s € S (discrete or continuous)
A — action space actions a € A (discrete or continuous)

T — transition operator (now a tensor!)

r — reward function r:SxA—R

r(s¢, ar) — reward

http://rll.berkeley.edu/deepricourse/
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The goal of RL

we’ll come back to partially observed later

7T9(at \St)P(St+1 ‘Sm at)

=~

po(s1,ai,...,sr,ar) = p(s1)

~
Il
—

7o(T)

0* = arg max Erpo(r) {Zr St, Ay }
t

http://rll.berkeley.edu/deepricourse/
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The anatomy of a RL algorithm

A T vy . -
compute Q = >, 4" ~'ry (MC policy gradient
fit a model/ P @=2vn v Poney 8 ’

A | fit Qe(s,a) (actor-critic, Q-learning)

estimate p(s’|s,a) (model-based)

generate samples

(i.e. run the policy)

0 < 0+ aVyJ(0) (policy gradient)
RGNS 7(s) = arg max Q4 (s, a) (Q-learning)

optimize my(als) (model-based)

http://rll.berkeley.edu/deeprlcourse/
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Types of RL algorithms

0* = arg max Erpo(r) |:Z r(s¢, at):|

t
* Policy gradients: directly differentiate the above objective
* Value-based: estimate value function or Q-function of the optimal policy
(no explicit policy)
* Actor-critic: estimate value function or Q-function of the current policy,
use it to improve policy
* Model-based RL: estimate the transition model, and then...
* Use it for planning (no explicit policy)
* Use it to improve a policy
* Something else

http://rll.berkeley.edu/deeprlcourse/
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Direct policy gradients

fit a model/ evaluate returns
estimate the return IS (I 19)

generate samples

(i.e. run the policy)

| W—

RGN O < 0 + aVoE[Y ", r(st, at)]

http://rll.berkeley.edu/deeprlcourse/

E. A. CmupHos Reinforcement Learning 16 / 28



Direct policy differentiation

" a convenient identity
0* = arg max Erpy(r) Z r(st, ar)
t

() 7o(7) Vg log 7o (T) = mo(T) V;:(HT(;—) = Vomo(7)

J(0) = Ermrny(r [’(7—)] mo(T)r(7)dr
k) IEG

r(st, ar)
-1

T

VoJ(0) = /Vg‘/rg('r)r(T)dT = /ﬂg(T)Vg log mo(T)r(7T)dT = ETNM(T)[VQ log 7 (7)7(7))

http://rll.berkeley.edu/deeprlcourse/
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Direct policy differentiation

=~

0* = arg max J(6) o(s1,a1,...,87, aT) p(s1) | | mo(at|se)p(se+1lse, ar)
t=1
log of both 51de
J(0) = Epromy(rylr(7)] 08 © s .
log mg(7) = logp(s1) + Zlog mo(as|st) + log p(se+1]se, ar)
V(;J(e) = ETNTH [VH 1og 7Tg t=1

|

I

T
Vo |:10§p(/ +Zlog7rg at|st) +1Maf }

t=1

T
VoJ(0) = Erry(r) [(Z Vo log mo(ar|st) ) (Zr (st, )}
=1

http://rll.berkeley.edu/deepricourse/
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Reinforce algorithm

recall: J(0) = Ervpy(r) [ZT St at } ZZT(Si,hai‘t)
t Pt

T T
VoJ(0) = Ermry(r) [(Z Vo log mg(ay|s,) ) (Zr St a; ):|
=1

=t fit a model to

estimate return

Vo J (0
=1

HME

T T
(Z Vo logmg(a, st > <ZT Si,t, it >

generate samples

LOVGJW) (i.e. run the policy)

REINFORCE algorithm:
> 1. sample {7'} from my(a;|s;) (run the policy)
2. Vo J(0) = 3, (32, Vologmo(ails)) (X, 7(s,a}))
3.0 0+aVeJ(9)

improve the policy

http://rll.berkeley.edu/deeprlcourse/
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Value function based algorithms

fit a model/ fit V(s) or Q(s,a)

estimate the return

generate samples

(i.e. run the policy)

S IER OGO set 7(s) = arg max, Q(s, a)

http://rll.berkeley.edu/deeprlcourse/
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State & state-action value functions

(st ar) = Zr/ 1 B, [r(sy,ar)[sy, a]: total reward from taking a; in s, fit Q™, V™, or AT

. . fit a model to
V7(8t) = Ea,~mg(ars) (@7 (51, a1)]: total reward from s; ﬁ estimate return

A™(sy,a¢) = Q7 (s¢,a¢) — V7 (sy): how much better a; is

T
Z Vo logm(ai,i|sie) A" (si,¢: aie) ;

VHJ policy

L 0 0+aVeJ(0)
the better this estimate, the lower the variance

N T
Vo J(0 %gg ologmg(ag¢lsi¢) (ZT(Sz.may,t')*b>

>\~
HMZ

N

unbiased, but high variance single-sample estimate
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Value function fitting

QW(Stv at) = ZZ::t Eﬂ'e [T(St/’ at’)|st’ at]
Vﬂ(st) - Eatwﬂ'e(aﬂst)[Qw(st’ at)}
A" (s¢,a) = Q™ (s¢,a) — V7™ (st)

N

1
Vo J(0) ~ sze log mo (@i ¢[si,t) A™ (si,t, @it)

2:1 t=1
fit what to what?
Q™ V™ A™?

Qﬂ(st’ at) = T(St, at) + ESt+1~P(St+1\St7at) [V‘n—(sH‘l)]

A™(s,a4) = r(sg,a:) + V7 (sia1) VGSGS?)

let’s just fit V7 (s)!
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Actor-critic: value functions + policy gradients

fit a model/ fit V(S) or Q(S7a)

iy ErehnEnEdln | evaluate returns
using V or Q!

generate samples

(i.e. run the policy)

| S—

MIERG LM 0 < 0 + aVE[Y ", r(st, a)]

http://rll.berkeley.edu/deeprlcourse/
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An actor-critic algorithm

batch actor-critic algorithm:
~=» 1. sample {s;,a;} from my(a|s) (run it on the robot)
2. fit f/(f(s) to sampled reward sums
3. evaluate A™(s;,a;) = r(s;,a;) + Vi(si) — Ag(si)
4. VoJ(0) = ) . Vglogmg(ai|s;)A™ (si,a;)
50— 0+ aVeJ(0)

A

Y R 1(Sips i) + Vi (Si41)

£(¢) = Z V(s -

http://rll.berkeley.edu/deepricourse/
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Sample efficiency

» Sample efficiency = how many samples

fit a model/
do we need to get a good policy? r

* Most important question: is the l

algorithm off policy? @ the po
* Off policy: able to improve the policy ' s
without generating new samples from that
policy
* On policy: each time the policy is changed,
even a little bit, we need to generate new
samples

0 0+ aVeE[>, (st ae)]

just one gradient step
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Comparison: sample efficiency

off-policy on-policy
More efficient Less efficient
(fewer samples) (more samples)
< »
< >
model-based model-based off-policy actor-critic  on-policy policy  evolutionary or
shallow RL deep RL Q-function style gradient gradient-free
learning methods algorithms algorithms

http://rll.berkeley.edu/deeprlcourse/
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Comparison: stability and ease of use

* Value function fitting
* At best, minimizes error of fit (“Bellman error”)
* Not the same as expected reward
* At worst, doesn’t optimize anything

* Many popular deep RL value fitting algorithms are not guaranteed to converge to
anything in the nonlinear case

* Model-based RL

* Model minimizes error of fit
¢ This will converge
* No guarantee that better model = better policy

* Policy gradient

* The only one that actually performs gradient descent (ascent) on the true
objective

http://rll.berkeley.edu/deeprlcourse/
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Comparison: assumptions

* Common assumption #1: full observability

* Generally assumed by value function fitting
methods

* Can be mitigated by adding recurrence

* Common assumption #2: episodic learning
* Often assumed by pure policy gradient methods
* Assumed by some model-based RL methods

* Common assumption #3: continuity or
smoothness
* Assumed by some continuous value function
learning methods

* Often assumed by some model-based RL
methods
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