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Policies

Why learn Q-values first and turn them into a policy? Why not just
learn a policy?

m(as]s)

m(az|s)

State: s

Policy Network

m(an|s)



How do we train a policy network?

Need to find an appropriate loss function.
What’s our objective?

Find a policy ™ such that the value of the start state Is maximized:

m = argmax, (V(sp))



Let /(0) be our objective function:

J(8) = V(sp)

J(©) = ) Pr(z|0) G(x) _

/ Returns of a specific

trajectory
Probability of a

trajectory occurring

Pr(z]|6) = HZ=OP(St+1‘St: a;)my (a¢lse)



Log-Derivative Trick

We can rewrite the derivative of a function using the derivative of
the natural log function:

Vinf(x) = V)

f(x)

Vf(x) = f(x)VIn f(x)

When applied to Pr(z|8):
Vo Pr(z|6) = Pr(z|6) Vg InPr(z|6)



Log Probability Trick

PI‘(T‘ 8) — HZ;OP(St"'l ‘St’ at)ﬂg (at ‘St) This gradientterm is

— what we want to

Vo Pr(z|0) = Pr(z|0) V4 InPr(z|6) calculate




Log Probability Trick

Pr(z|0) = H _oP(s¢41lse, ap)mg(ag|se)

This gradientterm is
— what we want to

Vo Pr(z|0) = Pr(z|0) V4 InPr(z|6) calculate

Log of product -> sum of logs

VQ ln PI‘(TlH) — VQ 2 ln P(St+1‘5t: at)ﬂ'g (at‘St)

Log of product -> sum of logs

Vo InPr(z]|6) = Vg Z In P(s¢4115¢, a¢) +1Inmg(ag|se)

Derivative of sum -> sum of derivative

Vo InPr(z|6) = Z Voln P(sp41ls¢, ar) + Vglnmg(as|s)



Gradient of a trajectory

T
Vo In Pr(z|0) = 2 Voln P(s¢y1lst, ar) + Vglnmg (as|s;)
t=0 i

State transition function
does not depend on 6!

T
Vg In PI'(T‘H) — Z Vgln Tlg (at\st)
t=0



Policy Gradient Derivation

Putting it all back together:

](6) — 2 PI‘(T‘H) G(T) Our Objective
VH](H) — 2 Vg PI‘(T‘H) G(T) Take the gradient

VHJ(H) = z PF(T‘H)G(T)VQ In Pr(z|0) Log-Derivative Trick

VHJ(H) — 2 [PI‘(T‘H)G(T) 2 Voln g (at‘gt) | Gradient of a Trajectory

T

VoJ(6) = E[G, z Volnmg(a,|s,)] Convert back to Expectation



Policy Gradients

Direct Policy Optimization

Core ldea Key Equation Intuition

Good action?
-> Increase probability

VoJ(0) = :'

Bad action?
—> Decrease probability

E|Vglogmg(als) - R i
*

Policy gradient theorem Poare Dtimization

v
/ A

Directly parameterize and Gradient of log-prob x Return

optimize the policy After Optimization
(Higher Reward)

Foundation for: REINFORCE, A2C, A3C, PPO, DDPG, SAC...




REINFORCE

Monte Carlo Policy Gradient (Williams, 1992)

Algorithm Flow Key Equations Properties

v/ Simple and elegant
v~ Unbiased gradient estimate

Return: G; = Z Yere s i

(sum of discounted rewards)

x High variance (wait for full episode)
X Sample inefficient (on-policy))

Update:
6 < 0+ aVglogmg(as|st) - Gy

Robot runs a complete

Weight gradient
episode in maze (trajectory 1) e

by actual return

Average Return

CO'leCt: S0, g, 70, $1, A1, 171y -« St
Episodes

@ Key insight box

Wait until episode ENDS ; . : ;
to compute return G; Entire episode return G; = high variance but unbiased



Reducing Variance
From REINFORCE to Actor-Critic

The Problem The Solution: Baseline b(s) Advantage Function

Key insight: Subtract a baseline A(s,a) = Q(s,a) — V(s)
that doesn’t depend on action = “How much BETTER is this action?”
Or:
Best baseline? -
P The value function V(s)! A(S ) a) - Gt i V(S)
- = “Return minus expected”

Trajectory 1 g

VoJ = E[Vglog(als) - (G: — b(s))] Qs.a,)

+100

Advantage
Baseline b(s) reduces Alsa)  q(sa,)

variance without adding bias V(s)
Gradient says
“decrease 15"

Gradient says
“increase 14"

This leads us to...

High variance: good actions -
punished by relative comparison

Actor-Critic methods Positive advantage - better
‘ than average - increase prob




A2C

Advantage Actor-Critic (Synchronous)

Architecture

Robot with split brain
(actor side + critic side)

action
probabilities
(policy head)

State s

state value
(value head)

v" Lower variance than REINFORCE (using critic)

Key Equations

Advantage:
Ar =10 + ¥V (Se41) — V(st)
(TD error as advantage)

Actor loss:
Lactor = —log n(als) - A;

Critic loss:
2
Leritic = (rt o YAl )= V(St))

Critic evaluates, Actor improves

Properties

v" Online updates (don't wait for episode end)

How it works

\
Actor chooses
action a ~ m(als) i

rUpdate both

§ networks

14

Environment
returnsr, s’ @

ﬁ N

 Critic computes
advantage A

A= TD error |

Can update every step (not wait for episode!)

v" Single machine, synchronous



Going Off-Policy

From On-Policy to Off-Policy Actor-Critic

On-Policy Limitation Off-Policy Benefits

What if we could REUSE past experience? £ Sample efficiency: “Learn |
| more from each experience

* Store (s, a,r,s’) transitions
N ° Decorrelated data: “Break
On-policy: o%s* > temporal correlations”
Must discard

old data

Stability: “Smoother gradients
from diverse batches”

 Data from old 7 is stale

Reusing for
better learning!

One update,
then gone!

O

» Sample mini-batches for training

= = TRAINING e
| > LOOP <+

* |nefficient use of samples




DDPG

Deep Deterministic Policy Gradient (Lillicrap et al., 2015)

Key Idea Architecture Key Equations

e Deterministic policy: a = g(s) s e Critic update: minimize
; @ s Actor | actiona s' AC'?OI‘ p'(s’) \ .
{o o} , Q(s,a)-(r+yQ(s,u(s
& = g (@(s2) -+ QS ).

ra-/ a (exact action) & ¥

For continuous action spaces (@) £

e Actor update: maximize

Q(s, H(s)) via chain rule

\ s

Sample|s,a,r,s,d

Replay
Buffer

Stochastic (e.g., PG) Deterministic (DDPG)

o e e Deterministic policy gradient
& > || o S I Critic >
- “:ﬁ,_ g : — - - hrahiia Y al g ey ~ B
o o ¥ ectona| Q) [aae Q) g5 Vo = V,Q(5:2) oy ey Vob(S)
(d n(.als). (exact) > g
istribution) w
fargshnetuRres gy Stapiliy Gradient through Q to improve actor
Contrast with stochastic: i(als) vs p(s) (soft update: 6’ < 16 + (1-1)8')
: : v/ Deterministic policy (continuous actions) v Target networks (stability)
Key innovations

v Replay buffer (off-policy, sample efficient) + Exploration noise: a = u(s) + noise



Reinforcement Learning
MODEL-FREE MODEL-BASED




See you on Monday!



