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Reinforcement Learning Formalism

i Rules for choosing actions
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Needs to be learned
Trajectory sampled using policy



Ok so how can we learn policies?
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max Err, E r(s¢, at)
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Model-free RL Model-based RL Imitation Learning
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What if we just performed gradient ascent?

T
mgXETNWQ g r(st, az)
| t=0

Standard gradient descent (supervised learning) REINFORCE gradient descent (RL)

VQ]E:BNQ(QC) [fe (CI?)] VQEprg(x) [f(il?)]

Gradient wrt expectation variable, not of integrand!
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Taking the gradient of sum of rewards

7(6) = / po(r)R(r)d(r)
VoI (0) = / (1) R(r)d(r)
= [ Vono(r -/ PoT) G o () R(7)d(7)

po(T)
/ o(T)Vglog pg(T)R(1)d(T) = Epy(r) [V log po(T)R(T)]

REINFORCE trick
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Taking the gradient of return

Initial State

Dynamics Policy @ @ @ @

pe(T) = P(SO)HtTop(3t+1‘3taat)”(at|8t) @ @ @ @

log po(T)

T—1

= log p(s0) + Z log p(st+1]st, at) + log m(at|st)

t=0

-1
Vg logpg(T) = Vg 1Eg{(so) + ) Vs 10%%“% at) + Vo log m(az|s:)

tOTl

Vo logpe(T Z Vg log m(ay] St)\

t—0 Model Freel!



Taking the gradient of return

T
VoJ(0) = Erpy(r) |Vologpe(r) Y r(se,an)

! =0
- - _
VoJ(0) =E 5 ~p(so) Z Vo logmg(as|st) Z r(se, ar)
3t—|—1Np(3t—|—1|5taat) | t=0 t’'=0 _
atww(at|st)
N T T
~ ~ : :Vg log g (ay|s}) Z r(sy:,ay ) (approximating using samples)
1=0 t=0 t’'=0




What does this mean?
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VoJ(0) :/ 0(7)Vglogpg(T

T
S‘ S‘ Vo log mg(al|s?) Z r(st,al)

zOtO

Increase the likelihood of actions in high return trajectories

R =30
R =100
R=-10

Density

0.5 A

0.4 1

0.3 A

0.2 A1

0.1 A

0.0 A

t'=0

0 1

Action



Resulting Algorithm (REINFORCE)
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]

V-l i
VoJ(0) = / po(T)Vologpg(T)dr {CollectData J [Takesfi;die”t
—— ——

REINFORCE algorithm:
On-policy —==> 1. sample {7?} from my(a¢|s;) (run it on the robot)

2. VoJ(0) = Y, (X, Ve log me(ailsh)) (3, r(si, al))
3. 0« 0+aVeJ(6)
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How is this related to supervised learning?

Reinforcement Learning Supervised Learning

V@J(e) — /pg (T)V@ logpQ(T)dT meax E(aj,y)ND [logpﬁ (y‘x)]

T
. 1 i
il Y S‘Ve log g (a|st) Z r(sy,ay) ~ N Z Vo logpe(y*|z’)

zOtO t’'=0

PG = select good data + increase likelihood of selected data
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What makes policy gradient challenging?
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What we do
1 N T T | Single sample estimatle
b Z Z Vo log mg(ay|si) Z r(sy,ay)
i=0 t=0 t'=0 What we actually want

High variance estimator!!

Hard to tell what matters without many samples

L J

Averaged return estimate

¢ = e e e =



Variance Reduction with Causality

ldea: Trajectory returns depend on past and future, but we only care about the
future, since actions cannot affect the past. Instead, consider “return-to-go”

—vielogﬁe at|8t>z (Si/,ai,) /\/\/
1=0 t=0 =0

{ J

( J
|

Includest’ < t
Ignore past terms

Full trajectory return

—

. N T T /—\\,i/./_‘\/
~ 22 Vologmo(ails;) p _r(s}.ap)
1=0 t=0 ' '

— t/ =t
Return to go



Can we reduce variance further?

high variance

Arbitrarily uncentered, scaled returns can lead to huge variance:
- Imagine all rewards were positive, every action would be pushed up, some more than others
- What if instead, we pushed down some actions and pushed up some others (even if rewards are positive)

Credit: Sergey Levine



Variance Reduction with a Baseline

ldea: We can reduce variance by subtracting a current state dependent function
from the policy gradient return

T
Vo log mg(alls?) Z r(stal) — b(s;)

t'=t

Baseline: Centers the returns, reduces variance

We can show this is unbiased!



Learning Baselines

Baselines are typically learned as deep neural nets from Rs - R’

36

Convolution
layer 1

Max pooling
layer 1

Input Layer

N H
1 .
WE_ Staa’t E :Tstva’t

t=1

Average MC return under latest policy
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connected
layer
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4":' """" e
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layer 2
Output
layers

Allows us to define advantages



Further Improvements on Policy Gradient

Control Step Size Proximal Policy Optimization

L(s,a,0;,0) = min ( mo(als) A(s, a),clip < mo(als) 1 —e€ 1+ e) A(s, a))

o, (als) o, (als)

N/

Don't let the policy change too much

Prevent excessive step size

This allows for more gradient steps and stable updates



Advanced Policy Gradient in Action: Sim Control
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Advanced Policy Gradient in Action: LLMs

Step 1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.

Explain the moon

landing to a 6 year old

I
Y

e

2

Some people went
to the moon...

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This datais used
to train our
reward model.

Explain gravity.

Moon is natural
satellite of the moon...

.

Explain the moon

landing to a 6 year old

o &)
o o

Explain war...

People went to

J

Q

0-0-0-0

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

™

Write a story
about frogs

=




Model-Free RL in Action: Real-World Robots

With improvements in return estimation - can work on robots!

Luo et al

External View Robot View 2
Luo et al
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Ok so how can we learn policies?

- T
mQaX]ETNM E r(s¢, at)

Model-free RL Imitation Learning

Y

N

)0 -
A




What it we just learned how the world worked?

Agent )

T
stafte reward action maX ETNWQ g r St7 at
\Y R, A, t—=0

t+1 (
.. | Environment ]4

R
<
b8
; L @
t
v

1. Learn a surrogate model of the transition dynamics from arbitrary off-policy data
2. Do reward maximization against this model

Intuitive: learn how the world works first and then plan in that model



Model Based RL — Problem Statement

Model Learning
Do

@«» po  arg min £(D, ps)

Planning _ _

arg Hl;lXEﬁm Zr(st,at)
é 5 é fi '\t ]

Can also just be a single trajectory

How should we instantiate these?



Model Based RL — A template

4 )

-» Model Learning
/ \ y,
p

Data Collection

/
A 4

Planning

-

-




Model-Based RL QOutline

) Model based RL vO = random shooting + MPC

Model based RL v1 = MPPI + MPC

Model based RL v2 = uncertainty based models



Model Based RL — Naive Algorithm (vO)

-

\_

e

Data Collection

N

-

-

Model Learning

~N

J

A 4

Planning

/

\

Maximum likelihood supervised Learning

0

Random Search

L=,

max E(s,a,s’)ND [lOg ﬁe (S/ ‘ S, CL)]



Model Based RL — Naive Algorithm (Planning)

T

max Zr(ét,at)

t=0

Planning
St41 ~ p0(5t+1|5t7 Gt)
51 ~ Po(St+1/50,a0)
! ‘ Just do random search!
T
arg max E r(5),al) Just execute
A, 5,0 ) / actions open loop!

St—l—l Do (- ’Stvat) \/‘

Can soften by taking softmax rather than argmax



Model Based RL — Naive Algorithm (MPC)

Without feedback, an open loop controller
can diverge even for minimal noise

B W

= e - ~d Model-Predictive/Receding Horizon Control

1. Plan with random shooting from s,
2. Execute the first action a, and reach s, .

Replanning can help with divergence




Model Based RL — Naive Algorithm (vO)

Data collected
from planner

-

(

Better than open loop
planning because of

feedback

\_

—

Model Learning

\

_ Y,
Data Collection
J \ 4
kf ~N
Planning
_ Y,
T

<

arg max E r(8],al)

J

aoal ..... aTt 0

3t+1 Nﬁg(.yéi,ag)

Maximum likelihood supervised Learning

max E(s,a,5')~D [log Po(s'|s, a)]

Planning with Shooting + MPC




Does it work?

2X SPEED

Just 20 minutes of training time with random data!



Does it work?

Significant gap from MFRL

Cumulati\L Reward

Cheetah
6000
5000 M
4000
3000
2000
1000
—  Mb
0 — Mf
—— Mb-Mf (ours)
—~1000 ) _
103 104 10° 106 10° 108 10°

Steps



Model-Based RL QOutline

Model based RL vO > random shooting + MPC

jl> Model based RL v1 = MPPI + MPC

Model based RL v2 = uncertainty based models



What might be the issue?’

Data collected
from planner

Searching for a needleina
haystack by random
shooting, high variance!

-

(

\_

—

Data Collection

\_

Model Learning

\

J

N

\_

Planning

aoal ..... aTt 0

arg max E (5, al)
A /\j

3t+1 ~ Do ( lst,a‘i)

Maximum likelihood supervised Learning

max E(s,a,5')~D [log Po(s'|s, a)]

Planning with Shooting + MPC




Better Sampling Techniques for Shooting

Sampled from stationary Can we inform the sampling
uniform/gaussian distribution function with the reward function?

T
arg maX/ r(5],a)

J
a/O,all ..... a/T t:O

5t+1 ~ Dol |St7at)

N

|dea: Iteratively upweight sampling distribution
around the things that are higher returns

—
\/




Better Sampling Techniques for Shooting - MPP!

Idea: Iteratively upweight sampling
distribution around the things that
are higher returns

—

\/
J

Referred to as MPPI, lower variance!

-

\_

Sample N action sequences
J J\N
(ap,ay,...,a )j:l ~ p(a)

J

}

Sample trajectories using these action
sequences with the model Pg

St41 ~ Do(.|5¢, ar)

}

\_

Update action sampler by upweighting
high return actions

exp(2_; (51, ar))
A

p(a) + p(a)




Model Based RL — Better Sampling Methods (v1)

Data collected
from planner

Better than random

-

—

Model Learning

~N

e \_ _J
Data Collection
\_ _J \ 4
\( )
Planning
\_ y
T

shooting + MPC, since
lower variance!

p(a) < p(a)

arg max Y r(8,a])

J J
Ay, A7 5-ees ar t—o

§‘Z+1 ~ Dol ’Stvat)

J

exp(2_; 7(se: ar))

A

Maximum likelihood supervised learning

m@ax ]E(s,a,s’)ND [10g ﬁQ (S/ ‘ Sy CL)]

Planning with MPPI + MPC



Does it work?
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Does it work?

Just 2 hours of real robot training



Model-Based RL QOutline

Model based RL vO > random shooting + MPC

Model based RL v1 = MPPI + MPC

> Model based RL v2 = uncertainty based models



What might be the issue?’

Rollouts under learned model = Rollouts under true model

L' Model bias/compounding error

True Rollout
Why does this happen? = lack of data

AN 1. Errorsin state go to OOD next states
S A 2. Deviations in actions go to OOD next states
Predicted Rollout Under Model l

Model is bad on OOD states!

Most trained deep models can only roll out for 5-10 steps maximum!



How might we deal with compounding error?

|dea: Estimate when OOD and account for it

> Measure uncertainty!

Maximum likelihood models Uncertainty-aware models

Being aware of uncertainty allows us to account for the effects of model bias!



How might we measure uncertainty?

p(0|D) Difficult to estimate directly!

Learn an ensemble of models

1. Bayesian neural networks
2. Ensemble methods > ;-
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Low data regime = high ensemble variance
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Approximate posterior



Model Based RL — Integrating Uncertainty into MBRL (v2)

Take pessimistic value under the uncertain dynamics

Low uncertainty Penalize ensemble variance

K 1 l
arg - max Y0y r((3)af) — AVar((8]))

High uncertainty

Avoids overly OOD settings since these states are explicitly penalized



Does this work?




Class Outline

State Estimation Control
Robotic System Design AitErig Feedback Control PID Control
Localization SLAM MPC LQR
Planning -
Search Heuristic Search Imitation Learning Policy Gradient

Motion Planning

Lazy Search

Model-Based RL




