Reinforcement Learning:
MDPs and Policy Gradients

CS 224R



Reminders

Since Wednesday: Homework 1 is out
Next Monday:

4/19: Homework 1 due, Homework 2 out



The Plan

Reinforcement learning problem
Policy gradients

Variance reduction

Key learning goals:

* The basic definitions of reinforcement learning

 Understanding the policy gradient algorithm



The Plan

Reinforcement learning problem
Policy gradients

Variance reduction



Sequential decision making problem

There are multiple actions to be taken
Each one of them influences the future
We'll capture them in a form of a policy
How do we evaluate a policy?

How do we optimize a policy for the desired
outcome?

monocular RGB
camera

7 DoF robotic
manipulator

2-finger
gripper

object
bin




obJect c\assnclcatlon

supervised learning

iid data

large labeled, curated dataset

well-defined notions of success

object mampulatlon

sequential decision making

action affects next state

how to collect data?
what are the labels?

what does success mean?



Terminology & notation
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0; — observation

e AL ™ ..-.Q“g‘ﬂ-j St — State
0; — observation

Slide adapted from Sergey Levine



Imitation Learning

> training > superv.|sed T (as|oy)
data learning

Images: Bojarski et al. ‘16, NVIDIA

Slide adapted from Sergey Levine



Reward functions

55

4
Strlx

228\ |l of 4

which action i1s better or worse”?

r(s,a): reward function

384

256

tells us which states and actions are better

Slide adapted from Sergey Levine

s, a, 7(s,a), and p(s’[s,a) define

Markov decision process

low reward



The goal of reinforcement learning

{2
{ a3
Markov property

independent of s;_q

Slide adapted from Sergey Levine



The goal of reinforcement learning

Markov property

independent of s;_q

T
Tg(S1,a1,-.-,8T,ar) = p(s1) Hﬂe(at\st)p(stﬂ\sta a) 0 = arg H1AX ETN’;TQ(T) Z"“(Staat)

Slide adapted from Sergey Levine




What is a reinforcement learning task?

Supervised learning Reinforcement learning
. . action space dynamics
data generating distributions, loss l l
Atask:  T; £ {p;(x),p;(¥|x), L} Atask: T; 2 {S;,A;,p;i(s1),p;(s'|s,a),1i(s,a)}
T T T
state initial state reward

space distribution
a Markov decision process

much more than the semantic meaning of task!



Examples of actions and states in RL

State:

Action:

pos and vels of all joints

goal position

joint angles/torques

monocular RGB
camera

7 DoF robotic
manipulator

2-finger
gripper

object
bin

camera image

height-to-bottom

end-effector pose

gripper closedness

camera image + height-to-bottom

initial image

end-effector pose + gripper

base movement




The Plan

Reinforcement learning problem

Policy gradients

Variance reduction



Sequential decision making problem

There are multiple actions to be taken
Each one of them influences the future
We'll capture them in a form of a policy
How do we evaluate a policy?

How do we optimize a policy for the desired
outcome?

monocular RGB
camera

7 DoF robotic
manipulator

2-finger
gripper

object
bin




What is our objective?

mo(as|s:) > (st a)

T
mTo(S1,a1,. .., ST, aT H (at|s¢)p(sia1]st, ar)

J(Q) — E’TN’T('Q (7) Z T(Stv at)
t

What is the resulting outcome?




Evaluating the objective

f* = arg max Frrorg (1) Z r(st, at)

J(O) — E’TN’T('Q(T) ZT(Stvat) = %Lir(si,taai,t)
t

|t _ 0

sum over samples from 7y

Slide adapted from Sergey Levine



The anatomy of a reinforcement learning algorithm

compute Q = S:Z:_t vt’_t'rt/ (MC policy gradient)

fit Q4(s,a) (actor-critic, Q-learning)

estimate p(s’[s,a) (model-based)

generate samples

(i.e. run the policy)

0 < 0+ aVyeJ(0) (policy gradient)

m(s) = argmax Q4 (s,a) (Q-learning)
optimize mg(als) (model-based)



Why is there so many RL algorithms?

Different tradeoffs!
 Continuous vs discrete actions fit a model to
* |sit easier to learn the environment or SRS
the policy?
 Sample complexity

generate samples
(i.e. run the policy)

Off or on policy algorithms:
» Off policy: able to improve the policy mprove the policy
without generating new samples from
that policy 0 0+ aVyJ(0)
* On policy: each time the policy is changed,
even a little bit, we need to generate new
samples




Direct policy differentiation

0" = argmax Erry(7) o
0 a convenient identity

mo(T)Velogmy(T) = mo(T) Voo (7) = Vg (T)

mo(T)

Vo J(6) Z/Ve’fre(’f)"“(’f)d’f Z/WG(T)W log 7o (7)r(7)dT = Erriry(7) Vo log mo(7)r(7)]

Slide adapted from Sergey Levine



Direct policy differentiation

T
0" = argméixJ(Q) To(S1, a1, . .. ST;aT H (at|st)p(si41|st, a)

1

log of both|sides
J(0) = Erry(r)r(7)] > mo(T)

log mo(7) = log p(s1) + Z log o (at|st) + log p(sit1(st, ar)
VoJ(0) = Errory(r) Ve logme(T)r(7)] t=1

\
! \

) T
Vo |logats1) + Y logmg(ayls:) + log plserrfey. a)
_ t=1

] - _
VoJ(0) = Errory(r) (Z Vo log mg(as|st) ) (Zfr (S¢, az) )

t=1 t=1

Slide adapted from Sergey Levine



Fvaluating the policy gradient

1
recall: J(0) = E_ ., ZT(Staat) ~ N Z Z""(Si,taai,t)
it

t

] - _
VoJ(0) = Errory(r) (Z Vo log mg(as|s;) ) (Zfr (S¢,az) )

| \t=1

fit a model to
estimate return

N T
1
Vo J(0) ~ N Z (Z Vo logmg(a; t|sit)

generate samples
(i.e. run the policy)

0+ 0+ aVeJ(0)

REINFORCE algorithm:

<~ 1. sample {7} from 7y (as|s¢) (run the policy)

2. Vo (6) = Y, (2, Vo log mo(ailsi)) (2, r(si, al) ; improve the policy
3.0 0+ aVeJ(6)

Slide adapted from Sergey Levine




Comparison to maximum likelihooao

N T
1
policy gradient: VQJ(Q) ~ N E (E Vo 10g’7T9 A; t|Szt ) (E r Sz taazt )
i=1

t=1

N /T
1
maximum likelihood: VgJwmr,(0) &~ N Z (Z Vo log mg (ai,t|si,t))

1=1 \t=1

4096

pooling 4096

pooling

70 (at ‘St)
training superv.ised mo(a|st)
data learning

Slide adapted from Sergey Levine



What did we just do?

N T
1
VodJ(0) ~ N Z (nglogm (a;.¢]Si.¢) ) (Zr (Sit,4t) )
1=1 t=1 t=1
1 ] —
- N Z ‘Vg log g (Ti),’r(ﬁ;) maximum likelihood: VgJur(0) = ~ Z Vo log my(T;)

1=1

Z Vg log mg (ai,t ‘Si,t)

t=1

good stuff is made more likely

bad stuff is made less likely

simply formalizes the notion of “trial and error”!
REINFORCE algorithm:
> 1. sample {7} from 7y (a;|s¢) (run it on the robot)

2. VoJ(0) = >_. (thGIOgﬂ-Q(at‘St)) (Zt’r(si,a@)
. 3, 0« 60+ aVyJ(0)

Slide adapted from Sergey Levine




Policy Gradients

] - _
policy gradient: VgJ(0) = E.r,(r) (Z Vo log mg(as|s;) ) (Zfr (S¢,az) )
t=1 _

t=1

Pros:
+ Simple
+ Easy to combine with existing multi-task algorithms

Cons:

- Produces a high-variance gradient
- Can be mitigated with baselines (used by all algorithms in practice), trust regions
Requires on-policy data
- Cannot reuse existing experience to estimate the gradient!
Importance weights can help, but also high variance




The Plan

Reinforcement learning problem
Policy gradients

Variance reduction



Variance of the gradient estimator

policy gradient: VyJ (0 Z Vo log mo (i) (7:)
1= 1‘

Z Vg logy W@(az,t |Sz,t)

t=1

Objective distribution

Siun

Americans

This is awesome!

It's a good start

Eastern Europeans stuff

| don’t like it

What is this garbage?



Small way to reduce variance

N T
1
policy gradient: VQ J(Q) ~ N (Z VQ log (y: az 1 |S7J ¢ ) (Z r\Sq.t, Adq t )
' t=1

\ }
|

Reward “to go”




Recap

Key learning goals:

* The basic of reinforcement learning

 Understanding the policy gradient algorithm

PG algorithm:
e State, observation, policy, reward * Making good stuff more likely & bad
function, trajectory stuff less likely
* Off-policy and on-policy RL algorithms * On-policy RL algorithm

* High variance grad estimator



Next

Can we reduce variance even more?

Implementing policy gradient in practice

Applications of policy gradient:

e (Case studies: RLHF in LLMs, Robotics, Games
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