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Policy Gradients (Preliminaries)
1) Score function estimator (SF, also referred to as REINFORCE):

VoE. [f(2)] = E. [f(2)Velog pg(2)]

f(z) _ f(2)
pe(Z) VQPQ(Z)] — /pG(Z)pQ(Z)

_ v, / F(2)po(2)dz = VB, [f(2)

Proof: E:[f(2)Velogpy(z)] = E.| Vope(2)dz

Remark: f(z) can be either differentiable and non-differentiable functions



Policy Gradients (Preliminaries)

1) Score function estimator (SF, also referred to as REINFORCE):

VoE. [f(2)] = E. [f(2)Velog pg(2)]

2) Subtracting a control variate b(z) b = E. [b(2) Ve log pe(2)]

VoE. [f(2)]

E. [f(2)Velogpe(z) + (b(2)Velog pa(2) — b(2)Vglogpe(z))]
E. [(f(2) —b(z))Vglogpe(z)] + s

Remark: if baseline is not a function of z  V,E[f(2)] = E,[(f(z) — b) Ve log ps(2)]



Policy Gradients (PG)

Policy Gradient Theorem [1]:
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Motivation - Problem in PG

REINFORCE: Monte-Carlo Policy-Gradient Control (episodic) for T,

Input: a differentiable policy parameterization 7(a|s, @)
Algorithm parameter: step size a > 0
Initialize policy parameter 8 € R? (e.g., to 0)

Loop forever (for each episode):
Generate an episode Sy, Ag, R1,...,S57—-1,Ar_1, Rr, following 7(-|-,0)
Loop for each step of the episode t =0,1,...,7 — 1:
G« ZZ—tH Y* T Ry (Gt)
0+ 0 +@7tGVIn7r(At|St,9)

/

How to choose the step size?
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too large? 1) bad policy -> 2) collected data under bad policy

too small? cannot leverage data sufficiently
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Motivation: Why trust region optimization?

~

Line search Trust region
(like gradient ascent)

Image credit: https://medium.com/@jonathan_hui/rl-trust-region-policy-optimization-trpo-explained-a6ee04eeeee9
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TRPO - What Loss to optimize?

- Original objective

77(7T) = Eso,ao,... [Z ’YtT(St)] , where
t=0

8p ~ po(So), ag ~ 7r(at|3t), S o~ P(3t+1|3taat)

- Improvement of new policy over old policy [1]

+pr(8 Z (als)Ar(s,a)
- Local approximation (visitation frequency is unknown)

Lo(7) = ) + 3 po(8) 3 #lals) An (s

Lirg, (76,) = 1(70,); VOLvre 70)|g—g, = Von(70) |4,
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Proof: Relation between new and old policy:

ATold (5, a) — Es’NP(s’ | &.8) [I’(S) + Ay V™o (Sl) _ \/Told (5)]

Z '7tA7Told (St7 at)}
=0

= Ernn Z Y (r(se) + V™1 (sp41) — V7 (St))]
t=0

ETNﬂ'

=Err |- V™4 () + Z fytr(st)]
! t=0

nytr(st)]

t=0

= —E, [V™(s0)] + Ernre

= —n(mo1a) + n(m)
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Surrogate Loss: Important sampling Perspective

Important Sampling:

n(mw) = const + Esr anr [AT1 (s, a)]

= const + Esmn ammgg {WZSE; T)S) Amold (s, a)}
L(7) = Esnmgg,arnm [A™(St, 3 )]
B [ 218 0
Matches to first order for parameterized policy:
VoL(a)ly,, = Bears | b D pron(s, )] |,

= Esaa’\’ﬂ'old [V9 log 7r9(a | S)Aﬂ()ld (57 a)] |001d = Ven(ﬂ9)|9=901d
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Monotonic Improvement Result

- Find the lower bound in general stochastic gradient policies

(%) 2 Lx(7) — CDRL (7, ),
dey

where C' = )
(1= )"

Dgp*(m, ) = max, Dgp(m(-[s) || 7(:|s))

- Optimized objective: maximize M;(x) guarantees n(w;) non-decreasing
Mi(m) = Ly, (m) — CDER>(mi, m)

M(Tit1) = M;(miq1)
n(m;) = M;(m;), therefore, 0
n(mit1) —n(m) > Mi(miv1) — M(m).

n®) | /Le)-CKL L(6)



Optimization of Parameterized Policies

- If we used the penalty coefficient C recommended by the theory above, the
step sizes would be very small

maxigmize [Lgold (6) - CD?EX(QOM, 9)]



Optimization of Parameterized Policies

- If we used the penalty coefficient C recommended by the theory above, the
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- One way to take larger steps in a robust way is to use a constraint on the KL
divergence between the new policy and the old policy, i.e., a trust region
constraint:

maxiemize Ly ., (0)

subject to Dy (fo1a, 0) < 6.



Optimization of Parameterized Policies

- If we used the penalty coefficient C recommended by the theory above, the
step sizes would be very small

maxgmize [Lgold (9) — CD?%X(QOM, 9)]

- One way to take larger steps in a robust way is to use a constraint on the KL
divergence between the new policy and the old policy, i.e., a trust region
constraint:

maximize Lg_, (9) maximize Leold (0)
0 ) 0
subject to Dy (fo1a, 0) < 6. subject to Elp{%‘d (Oo1a,0) < 0.



Solving the Trust-Region Constrained Optimization

1. Compute a search direction, using a linear approximation to objective and
quadratic approximation to the constraint

Ar = g — Conjugate gradient
Dyr, (0014, 0) ~ 5(0 —001a)" A0 —bo1a)  Aij = 55; 55, Dicr.(Bora, 0)
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Solving the Trust-Region Constrained Optimization

1. Compute a search direction, using a linear approximation to objective and
quadratic approximation to the constraint

Axr = g —— Conjugate gradient
EKL (golda 9) ~ %(9 - Hold)TA(e — eold) A — 39 39 DKL (901d7 9)

2. Compute the maximal step length: g 4 35 satisfies the KL divergence
0 = Dy, = 5(Bs)" A(Bs) = 38°s"

= \/20/sT As

3. Line search to ensure the constraints and monotonic improvement
L901d (9) - X[ﬁKL(eolda 9) < 5]



Summary - TRPO

1. Original objective:
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Summary - TRPO

1. Original objective:

77(7T) = Esy,a0,... [Z ’YtT(St)] , Where
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2. Policy improvement in terms of advantage function:
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Summary - TRPO
1. Original objective:

77(77) = Esy,a0,... [Z ’YtT(St)] , Where
t=0

s0 ~ po(s0), ar ~ m(as|s), sep1 ~ P(sty1]se,at)

2. Policy improvement in terms of advantage function:
o®) = )+ 2 pa(s) 2o #(als)An(s,)

3. Surrogate loss to remove the dependency on the trajectories of new policy

L (%) = n(m) + ) pa(s) fo als)A

L?TQO (7T90) 277(7790)7 VQLWG o |9 0o _VOU e |9 0o



Summary - TRPO

4. Find the lower bound (monotonic improvement guarantee)
Ly, (m) — CDg§*(m;, )

N(Tiy1) = Mi(Tiy1)
n(m;) = M;(m;), therefore,

n(mit1) — n(mi) = Mi(miy1) — M(m;).



Summary - TRPO

4. Find the lower bound (monotonic improvement guarantee)
Ly (w) — CDR*(m;, w)

M(Tit1) = M;(miq1)
n(m;) = M;(m;), therefore,

n(miv1) — n(ms) = Mi(miy1) — M(m;).

5. Solve the optimization problem using linear search (Fish matrix and conjugate
gradients)

maxgmize Ly, (0)

subject to 35&“ (Oo1a,0) < 0.



Experiments (TRPO)

- Sample-based estimation of advantage functions
- Single path: sample initial state sg ~ pg and generate trajectories following 7g_,4
- Vine: pick a “roll-out” subset and sample multiple actions and trajectories (lower variance)

sy

sampling
. . *
trajectories,*” %
L4

(8
*
. Cans?®

trajectories

*

two rollouts

S dn using CRN

all state-action
pairs used in
objective

(a) Single Path (b) Vine



Experiments (TRPO)

- Simulated Robotic Locomotion tasks

- Hopper: 12-dim state space
- Walker: 18-dim state space

Joint angles and kinematics

Standard
deviations

- rewards: encourage fast and stable running (hopper); encourage smooth walke (walker)

reward

Vine : : I

— Single Path : :

=== Natural Gradient .............. , .................... ,. ....................

CEM : : -0.
— RWR : :

number of policy iterations

Wal ke'r
Vine

Single Path
Natural Gradient

0 50 100 150 200

number of policy iterations



~ v/ Control

Experiments (TRPO)

Screen input

- Atari games (discrete action space) -0/ 1

16 filters 16 filters 20 units

. breakout
uon beam rider ) : X enduro

— single path -5 LT single path — single path

-600

-800 ;-

e e =" > e 3 “potiey B B e o i Tern.

B. Rider Breakout Enduro Pong Q*bert Seaquest S. Invaders
Random 354 1:2 0 —20.4 157 110 179
Human (Mnih et al., 2013) 7456 31.0 368 -3.0 18900 28010 3690
Deep Q Learning (Mnih et al., 2013) 4092 168.0 470 20.0 1952 1705 581
UCC-I (Guo et al., 2014) 5702 380 741 21 20025 2995 692
TRPO - single path 1425.2 10.8 534.6 20.9 1973.5 1908.6 568.4

TRPO - vine 859.5 342 430.8 20.9 1732.5 788.4 450.2




Limitations of TRPO

- Hard to use with architectures with multiple outputs, e.g., policy and value
function (need to weight different terms in distance metric)

- Empirically performs poorly on tasks requiring deep CNNs and RNNs, e.g.,
Atari benchmark (more suitable for locomotion)

- Conjugate gradients makes implementation more complicated than SGD



Proximal Policy Optimization (PPO)

- Clipped surrogate objective

TRPO: g — ]Et[ mo(a: | St))/it} = & [Tt(e)At]

ﬂ-eold(at | St

PPO: LCLIP(9) = [, [min(rt(O)/it, clip(r¢(0),1 —e, 1 + e)/lt)}

A<O
peurp A>0

1—_61

N

0 1 14 LCLIP




Proximal Policy Optimization (PPO)

- Adaptive KL Penalty Coefficient

e Using several epochs of minibatch SGD, optimize the KL-penalized objective

LKLPEN (g) _ Et[ mo(ax | st) Ay — BKL[mg,, (- | 5t), mo(- | 5¢)]

Woold(a’t | St)

e Compute d = E[KL[WOOM(' | 5¢), mo(- | St)]]

— If d < dyarg/1.5, B — B/2
— If d > diarg X 1.5, B B X 2



Experiments (PPO)
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Takeaways

- Trust region optimization guarantees the monotonic policy improvement.

- PPO is a first-order approximation of TRPO that is simpler to implement and
achieves better empirical performance (both locomotion and Atari games).
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Questions

1. What is purpose of trust region? How we construct the trust region in TRPO
(Hint: average KL divergence)

2. Why trust region optimization is not widely used in supervised learning?
(Hint: i.i.d. assumption)

3. What are the differences between PPO and TRPO? Why PPO is preferred?

(Hint: adaptive coefficient, surrogate loss function)
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