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Plan

In this lecture:
@ Intro to policy gradient methods
@ REINFORCE: basic pgm-algorithm

e from REINFORCE to TRPO and PPO (most modern standard policy gradient
method)

Literature:
@ Reinforcement Learning, An Introduction. Richard S. Sutton and Andrew G. Barto

@ Trust Region Policy Optimization, John Schulman, Sergey Levine, Philipp Moritz,
Michael I. Jordan, Pieter Abbeel

@ Proximal Policy Optimization Algorithms. John Schulman, Filip Wolski, Prafulla
Dhariwal, Alec Radford, Oleg Klimov


https://zetahub.zulipchat.com/user_uploads/68788/8EzTWvBX3CYA8Y5MB141VdKc/Reinforcement-Learning-Second-Edition-_-An-Introduction.pdf
https://arxiv.org/abs/1502.05477
https://arxiv.org/abs/1502.05477
https://arxiv.org/abs/1707.06347
https://arxiv.org/abs/1707.06347

Pawlicy gradient method

Cat =~ Car — definitely a machine
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Policy-base learning

@ In the last lecture we approximated the value or action value function using
parameters 6 € R':

Vs = V"(s) and Qg =~ Q™(s, a)

@ A policy was generated directly from the value function (e-greedy or even
deterministic).

@ Why not parametrise the policy 7t directely?

malial:s;0) =RP[A: =ia | Si'=:s, 0y =0]

e Note that such policy is stochastic!



Policy Gradient Methods

@ Policy Gradient Methods. Methods for learning the policy parameter based on
the gradient of some scalar performance measure J(0) (objective function) with
respect to the policy parameter.

e Goal: maximize J(0), so updates of PGM approximate gradient ascent in J:

Qi1 = 0 + aV](0:)

where V/I(G\t) e RY" — approximates VJ(6y).

Example
J(6) = Ene(Go). where Gy = Z]iio Yth+k+1



@ Value based:

e Learns Value function

e Policy is implicit (e.g. e-greedy)
@ Policy based:

e No Value function

e Learns policy
@ Actor-critic: Aﬂﬁ'r -5 {CT'I‘! e

o Learns Value function

e Learns Policy



Parametrisation 0

If the action space is discrete and not too large, then a natural and common kind of
parametrization is to form parametrized numerical preferences:

@ h(s,a,0) € R and then soft-max them:

h(s,a,0)

€
ﬂe(a) S) s Zb eh(s,b,e)

@ h(s,a,0) could be computed by an NN (MLP, CNN, GNN, any NN really) or even
just linearly:

h(s,a,0) =0'x(s,a)

where x(s, a) are features visible in state s while taking action a (basically a vector
representing the state s or state and action, some kind of observation)



Why tho?

@ Advantages:

e Such approx. policy can approach/converge to a deterministic policy in contrast to a
soft-max distribution based on action values

Effective in high-dimensional or continuous spaces

Enables the selection of action with arbitrary probabilities: the optimal approximate
policy may be stochastic.

e Policy may be a simpler function to approximate (tetris, for example).
e A way to inject prior knowledge about desired form of the policy.

e Disadvantages (naive, vanilla version):
o Typically converges to a local optimum

e Evaluating a policy could be inefficient and high variance



I'm going to tell my kids this
is a global minimum




Examples!

@ Rock-paper-scissors:
o Deterministic policy is easily exploited
o Uniform random policy is optimal (Nash equilibrium)

@ Restricted knowledge of the state, i.e. x(s) = x(s’) for some states s and s’.



Deadly Grid World (1)
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@ Only know features of the state:

W(S) o (X17X2)X3)X4)

@ x;=1ifwallto N



Deadly Grid World (2)

o

Optimal deterministic policy will either:

e move W in grey states

@ move E in grey states
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Deadly Grid World (3)

Optimal Stochastic policy:
@ 7g(move E | wall to N and S) =1/2
@ 1g(move W | wall to N and S) =1/2
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How to get gradient of J(8)?

0 J(0) =Er (Go) = Y 2, Y'res1 depends on both action selections and
distribution of states in which those selections are made, and both of these are
affected by the policy parameters

@ Given a state, the effect of parameters on the actions, and thus on reward, can be
computed in a relatively straightforward way from knowledge of the parametrization.

o effect of the policy on the state distribution is a function of the environment and is
typically unknown

Question

How can we estimate the performance gradient with respect to the policy parameter
when the gradient depends on the unknown effect of policy changes on the state
distribution?



Theorem

Theorem (Policy Gradient Theorem)

0) x ) u(s) ) dnls,a)Va(als,0)

@ (s (s)/ > ¢m(s’) = on policy distribution of states under 7, i.e. fraction of
t|me spent in each state normalised to some to one

n(s) = Pr [episode starts in s] + Zn(s’) ZT[(C[ l:stiPa(s|st d)

S/

— number of time-steps spent in state s in a single episode on average



REINFORCE
@ Notice that
Y s ZqﬂsaVn(alse anst, a)Vr(a| S, 0)

@ We could stop here and just do all actions algorithm

Br1 =0+« ) Gn(St,a)Vr(alSt,6)
a

where § is some learned approximation to qx



REINFORCE

v](e) x En |:Z m(a | Sg, e)qﬂ(st, a)V7T(Cl|St,e)‘|

7'[((,1 | St, 6)

Er {qn(st,At)W(Atw} e {G W(Afst’e)]

m(A¢] Sy, 0) " r(A¢ [ S, 8)
o REINFORCE update:

0111 =0 + G
e o s



Baseline

chu Z dr(s,a) = b(s))Vr(a|s,0)
@ b(s) — could be any function that does not vary with a

Zb )Vr(als,0) = ZVTta|SG b(s)V

VT[(A’[ ‘ St) e)

Oty1 1= 0 + (xG — b(St)) T(Ay | St,0)

@ natural choice for b(s) is an estimate of the state value 9(Sy).



REINFORCE problems

@ High variance — returns are noisy, learning is unstable
@ Sample inefficiency — on-policy, every episode is thrown away after one update
@ No guarantee on step size — a bad update can catastrophically collapse the policy



Trust Regeon

@ How much can we change 0 in one update without destroying the policy?
@ We want to stay close in behaviour space, not just parameter space.

e Kullback-Leibler (KL) divergence:

- P(x)
Du(P Q) = XEZXP(x) log 57

For P and Q — probability distributions.



TRPO: Trust Region Policy Optimization (2015)

@ maximise surrogate objective (wrt 0):

LCPI(G) = ]Et lﬂe(aﬂst) (Qﬂ(at,st) —Vn(st))]

ﬂeold(at | St)
here [, indicates the empirical average over a finite batch of samples

@ subject to

B¢ KLl (- | st), 0,4 (- | 56)] < 8

@ painful in practice: requires computing the Fisher Information Matrix + conjugate
gradient + line search — very expensive per update



PPO: Proximal Policy Optimization (2017)
e At = Qr(a,s) — Vx(s) — advantage
10 = 2

@ maximaze

L?Ww):EJmmﬁdmAn¢MWW%1—@]+@AJ

default € = 0.2

1—e ifrp<1l—c¢
clip(ry, 1 —&,1+¢€) = ¢ 1 ifl—e<n<1+e¢
T+e ifry>1+4c¢



PPO on practice

@ advantage-function estimators make use of a learned state-value function V(s)
o If using a NN architecture that shares parameters between the policy and value
function, use a loss function that combines the policy surrogate and a value

function error term.
@ Objective can further be augmented by adding an entropy bonus to ensure
sufficient exploration

LCPIP+VEES (g) _ i, {LEPIP(G) — Ll (0) + Czs[ﬂe](st)}



TRPO vs. PPO

@ PPO was designed as a direct answer to TRPO'’s implementation complexity
@ Fisher Information Matrix and conjugate gradient are gone

@ The trade-offs PPO does have are different ones:

o Clipping is a heuristic, not a theorem — you can still occasionally get a bad update if
€ is too large or number of epochs per batch is too high

e Sensitive to the entropy bonus and clipping hyperparameter

e It's still on-policy — you throw away the rollout after K epochs, so it's less sample
efficient than some off-policy methods

@ None of these come close to TRPO's computational burden.



PPO algorithm (actor critic style)

forihiteratiion=lf2 s siid o
fortactor=1 =2 imiiassaNivde
Run policy $pi_old$ in environment for T timesteps
Compute advantage estimates A_1, . . . ,A_T
end for

Optimize surrogate L wrt theta, with K epochs and
minibatch size M <= NT
theta_old := theta
end for



