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Reinforcement Learning

» Learning improves survival expectation

The ultimate challenge

RL and the value function
» State space S, action space A
» transition p(s, a, s’)
» reward function R: S — R
» policym:S— A

For each m, define reward expectation

V(s) = R(s)+E ny (st+1)|s0 = s, St+1 ~ p(st, ar = w(st), )



1: Do we really need the value function ?

YES Bellman optimality equation
V*(s) = max; V(s)
Q*(Sa a) = R(S) + 7E5’~p(s,a,-) V*(Sl)
7 (s) = argmax Q*(s, a)
a
NO
Learning value function
R:SxA—R
more complex than learning policy

T:S— A



Value function and Energy-based learning

Le Cun et al., 2006
Goal: Learn
h:X+— )Y eg. Y structured

Energy-based Learning
1. Learn

g: X XY= R st g(xy) > g(x,y)fory # ys
2. Set
h(x) = argmaxg(x, y)
y

EbL pros and cons
— more complex

+ more robust



2: Which human expertise required for RL ?

Agent learns | Human designs / yields
RL Pol. 7* S, A R
Inverse RL Reward R (optimal) trajectories
[1] + RL
Preference RL | Pol. Return ranked trajectories
[2,3,4,5] + DPS

[1] Abbeel, P.: Apprenticeship Learning and Reinforcement Learning PhD thesis 08

[2] Frnkrantz, J. et al.: Preference-based reinforcement learning. MLJ 12M

[3] Wilson et al.: A Bayesian Approach for Policy Learning from Trajectory Preference Queries. NIPS 12
[4] Jain et al.: Learning Trajectory Preferences for Manipulators via lterative Improvement NIPS 13

[5] Akrour et al. Programming by Feedback, ICML 14



This talk

Relaxing expertise requirement
Expert only required to know what can go wrong

Counter-trajectories
CD =gef (s1,...57) s.t. V*(st) < V*(st+1)
with V* the (unknown) optimal value function.

Example
» Take a bicycle in equilibrium
» Apply a random policy
» Bicycle soon falls down...

S1

ST



Anti-Imitation Policy Learning 1/3

Given counter trajectories
E= {(si,la"'si,T,')7i =1. ..n}
Learn pseudo-value U* s.t. U*(sj¢) > U*(sit41)

Formally
U* = argmin{Loss(U, &) + R(U)}

with
L LOSS(U,(S’) = Z,’Zt<tl[U(S,-,t/) - U(Si,t) + 1]+
e R(U) a regularization term

If transition model is known, AiPOL policy:

Ty+(s) = arg m;ax IE:s’v\ap(s,a,-) U*(S/)



Anti-Imitation Policy Learning 2/3

If transition model is unknown
1. Given U* pseudo-value function
2. Given G = {(sj,a;,5]),i = 1,m, s.t. U*(sj) > U*(sj,1)}

Learn pseudo Q-value s.t. Q*(s;, a;) > Q*(si+1,3i+1)

Formally Learning to rank
Q" = argmin{Loss(Q,G) + R(Q)}

with
o Loss(Q,G) = Tij[Q(s}, 3j) — Q(siy i) + 1]+
e R(U) a regularization term

AiPOL policy:
m@+(s) = argmax Q*(s, a)
a



Anti-Imitation Policy Learning 2/3

Proposition

If

i) V* continuous on S;

i) U* monotonous wrt V* on S

iii) with a margin between best and other actions

Va' # a=my-(s), EU*(s; ;) > BU*(s, ;) + M

iv) U* Lipschitz with constant M;
v) transition model S-sub-Gaussian:

vt € RY,P(||Es], — s.,||> > t) < 2¢ 7%

Then
if 2L < M, wy~ is an optimal policy



Experimental validation

Goals of experiment
» How many CDs?

» How much expertise in generating CDs 7 (starting state,
controller)

Experimental setting

Mountain | Bicycle | Pendulum
# CD 1 20 1
length CD 1,000 5 1,000
starting state || target st | random | target st.
controller neutral random neutral




Experimental setting, 2

Learning to rank

Ranking SVM with Gaussian kernel Joachims 06
Mountain | Bicycle | Pendulum
U* G 10° 10° 107°
1/0? 10-3 10-3 5
®Q* nb const 500 5,000 —
G 103 103 -
1/03 103 103 -




Mountain Car, 1/3
AiPOL vs SARSA depending on the friction
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Mountain Car, 2/3

AiPOL pseudo-value
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Mountain Car, 3/3

AiPOL policy
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Bicycle

Sensitivity wrt number and length of CDs
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Inverted Pendulum

Sensitivity wrt Ranking-SVM hyper-parameters
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Interpretation
» kernel width too small, no generalization (doesn't reach the

top)
» too large, U* imprecise (goes to the top and falls on the other

side)



AiPOL: Discussion

Pro

» Compared to Inverse RL, AiPOL involves relaxed expertise
requirements, with lesser computational requirements
(greedification as opposed to RL)

Limitations
» Latency of transitions: (e.g. bicycle) (si, aj, s/, a},s"7)
Q(si,ai) > Q(sj, aj) if U*(s”) > U*(s"))
» Cost of learning Q* quadratic in number of triplets.

Further work

» Non reversible MDP needs be addressed.



