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e main idea
- use value functions to structure the search for good policies
- need a perfect model of the environment

e two main components
- policy evaluation: compute V™ from = D
C - policy improvement: improve nt based on V~©

- start with an arbitrary policy
- repeat evaluation/improvement until convergence
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SARSAH X

Sarsa: An on-policy TD control algorithm

Initialize Q(s,a),Vs € 8,a € A(s), arbitrarily, and Q(terminal-state, -) = 0
Repeat (for each episode):
Initialize S
Choose A from S using policy derived from @ (e.g., e-greedy)
Repeat (for each step of episode):
Take action A, observe R, S’
Choose A’ from S’ using policy derived from @ (e.g., e-greedy)
Q(S, 4) — Q(S, 4) + a[R +1Q(S', A') — Q(S, A)]
S+ S A+ A;

until S is terminal
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Q-Learning Algorithm for Off-Policy Control

Initialize Q(s,a),Vs € 8,a € A(s), arbitrarily, and Q(terminal-state,-) = 0
Repeat (for each episode):
Initialize S
Repeat (for each step of episode):
Choose A from S using policy derived from @ (e.g., e-greedy)
Take action A, observe R, S’
Q(S,A) + Q(S,A) + a|R +ymax, Q(S",a) — Q(S, A)]
qQ . Q.
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deep reinforcement learning: (Worldwide)
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A= QMLE (DQN)

0 Q ZI&EEZEI—1H 0 fEASERIREL Qo (s,a)
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#& (target network)

"Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015)
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Li(6;) = Es, aps¢41,700:~D [5 we (1 + yn‘(lqu QB{ (St+1,a’) — Qﬂi(st; ar))? ]

target
c>%,+ FEMZS (evaluation network)
\ Qo
BRI (target network) £
C>§V_€‘ N RAREIURAINIEN, AR
Qo-

“Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015)



normalized performance

DQN score — random play score
~ human score — random play score

Tutankham
Kung-Fu Master :|
Freeway

Time Pilot
Enduro

Fishing Derby
Up and Down
Ice Hockey
Q'bert

At human-level or above
Below human-level

HERO. ]
Asterix |
Battle Zone |
Wizard of Wor
Chopper Command |
Centipede |
Bank Heist
River Raid |
Zaxxon |
Amidar |

Alien
Venture |
Seaquest |
Double Dunk j

The performance of DQN is

normalized with respect to a

professional human games
tester (that is, 100% level)

T T T T T ()[} T 1
100 200 300 400 500 600 1,000 4,500%

Bowling

Ms. Pac-Man
Asteroids

Frostbite

Gravitar

Private Eye
Montezuma's Revenge

;;:;?I'ﬁ'“""m.."“I!I““l“"““

©

“"Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015)
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CONTINUOUS CONTROL WITH DEEP REINFORCEMENT
LEARNING

Timothy P. Lillicrap, Jonathan J. Hunt; Alexander Pritzel, Nicolas Heess,
Tom Erez, Yuval Tassa, David Silver & Daan Wierstra
Google Deepmind



DDPG

DDPG (Deep DPG) is a model-free, off-policy, actor-critic algorithm that combines:

e DPG (Deterministic Policy Gradients, Silver et al., “14): works over continuous
action domain, not learning-based

e DAQN (Deep Q-Learning, Mnih et al., “13): learning-based, doesn’t work over
continuous action domain



Algorithm 1 DDPG algorithm

M eth Od Randomly initialize critic network Q(s, a|#%) and actor u(s|6*) with weights 69 and 9+.
Initialize target network Q' and ’ with weights 9 « 69, 9*' «+ g~
Initialize replay buffer R

for episode = 1, M do

Initialize a random process N for action exploration

Receive initial observation state s

fort=1,T do
Select action a; = pu(s¢|6*) + N; according to the current policy and exploration noise
Execute action a; and observe reward r; and observe new state s;1
Store transition (s¢, a¢, 74, S¢4+1) in R
Sample a random minibatch of N transitions (s;, a;, 74, $;+1) from R
Sety; = 7 + Q' (Siz1, 1 (5i41|0*)|09)
Update critic by minimizing the loss: L = 5 Y. (v — Q(si, a;]69))?
Update the actor policy using the sampled policy gradient:

1
Voud =~ = Z VaQ(8,a|69)|s=s; a=p(s:) Vou 1(5]6%)]s;

Update the target networks:
09 + 76% + (1 —1)8°
OH — TO* + (1-— 7')0“,

end for
end for




Discussion of Experiment Results

e TJarget Networks and Batch Normalization are crucial

e DDPG is able to learn tasks over continuous domain, with better performance
than DPG, but the variance in performance is still pretty high

e (Q values estimated are quite accurate (compared to the true expected
reward) in simple tasks, but not so accurate for more complicated tasks



Conclusion

e DDPG=DPG + DQN

e Big ldea is to bypass finding the local max of Q in DQN by jointly training a
second neural network (actor) to predict the local max of Q.

e Tricks that made DDPG possible:
o Replay buffer, target networks (from DQN)
o Batch normalization, to allow transfer between different RL tasks with different state scales

o Directly add noise to policy output for exploration, due to continuous action domain

e Despite these tricks, DDPG can still be sensitive to hyperparameters. TD3
and SAC offer better stability.



@

A cool application of DDPG: Wayve

Learning to Drive in a Day (Alex Kendall
et al, 2018)

We selected a simple continuous action domain model-free
reinforcement learning algorithm: deep deterministic policy
gradients (DDPG) (8], to show that an off-the-shelf reinforce-
ment learning algorithm with no task-specific adaptation is
capable of solving the MDP posed in Section III-A.

DDPG consists of two function approximators: a critic
Q: S x A — R, which estimates the value Q(s,a) of the
expected cumulative discounted reward upon using action a
in state s, trained to satisfy the Bellman equation

Q(s¢t,at) = Teq1 + (1 — d)Q(8¢41, m(8¢41)),

under a policy given by the actor 7: S — A, which attempts
to estimate a Q-optimal policy 7(s) = argmax,Q(s, a); here
(S¢y@t,Te41,di41,8141) 1S an experience tuple, a transition
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Proximal Policy Optimization Algorithms

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, Oleg Klimov
OpenAl




Policy Gradient (REINFORCE)

REINFORCE(sy, mp)
Initialize mg to anything
Loop forever (for each episode)
Generate episode sy, ay, g, S1,a1, 14, ---, ST, A, ' With g
Loop for each step of the episoden =0,1,...,T
Gy < 2120V Tnae
Update policy: 8 < 6 + a y"G, V log g (a,|s;,)
Return mg

* Use the same notation in the paper

Z’Y rt] g = VoJ(mg) =

maxJ 7r9
TN‘TFQ ’TN’fl'g

t=0

In practice,
update on each
batch(trajectory)

Z'y Vo log mo(ae|se)A™ (st, at)]



Problem?

« Unstable update
+ Step size is very important:

+ |If step size is too large:
* Largestep = bad policy
* Next batch is generated from current bad policy = collect bad samples
* Badsamples = worse policy
(compare to supervised learning: the correct label and data in the following batches
may correct it)

+ If step size is too small: the learning process is slow

* Data Inefficiency
* On-policy method: for each new policy, we need to generate a completely new trajectory
* The data is thrown out after just one gradient update
* As complex neural networks need many updates, this makes the training process very slow



Trust Region Policy Optimization (TRPO)

maximize I@t[ mo(a | 51) fit]
0 0,14 (at | St)

subject to  E4[KL[mg,,, (- | s¢), ma(- | )] < 6

Common trick in optimization: Lagrangian Dual

- [ mo(a | st)

maximize [£;
0 70,4 (at | St)

Au— KLl ¢ 0.7l )]

TRPO uses a hard constraint rather than a penalty because it is
hard to choose a single value of B that performs well across
different problems—or even within a single problem, where the
characteristics change over the course of learning



Proximal Policy Optimization (PPO)

TRPO use conjugate gradient decent to handle the constraint

Hessian Matrix = expensive both in computation and space

ldea:
The constraint helps in the training process. However, maybe

the constraint is not a strict constraint:
Does it matter if we only break the constraint just a few times?

What if we treat it as a “soft” constraint? Add proximal value to
objective function?



PPO with Adaptive KL Penalty

A Toald S ~
LKLPEN () _ o, | 700180 4 gperrn (s, mol | 5]
T0o1a (at | St)

Hard to pick 8 value - use adaptive 8

Compute d = Et[KL[’ﬂ'aold(' | s¢), mo(- | 5¢)]]

— If d < diarg /1.5, B < /2
— If d > diarg x 1.5, B B x 2

Still need to set up a KL divergence target value ...



PPO with Adaptive KL Penalty

Algorithm 4 PPO with Adaptive KL Penalty

Input: initial policy parameters 6, initial KL penalty S, target KL-divergence ¢
for k =0,1,2,... do

Collect set of partial trajectories Dy on policy mx = 7(6x)

Estimate advantages A?" using any advantage estimation algorithm

Compute policy update

Ok+1 = arg max Lo, (0) — Bk D (0)]6k)

by taking K steps of minibatch SGD (via Adam)
if DKL(9k+1||0k) > 1.56 then

Br+1 = 2k

else if Dk (0k+1]|0k) < 0/1.5 then
Br+1 = Bi/2

end if

end for




1+€

PPO with Clipped Objective

~

maximize K
7]

|

Wg(at ’ St)

Moo (at | St

i

Tt(g) —

7o (at | st)
T0o1q (0t | 5t)

Fluctuation happens when r changes too quickly = limit r within a range?

1-€ 1 1+€ r

1+€

1-¢ 1

LELIP(9) = &, [ min(r,(0) Ay, clip(r4(6),1 — ¢, 1 + E)At)}

1+E&



PPO with Clipped Objective

Algorithm 5 PPO with Clipped Objective

Input: initial policy parameters 6y, clipping threshold ¢
for k=0,1,2,... do
Collect set of partial trajectories Dy on policy mx = m(6k)
Estimate advantages A?" using any advantage estimation algorithm
Compute policy update
Ok+1 = arg max Egk“P(H)

by taking K steps of minibatch SGD (via Adam), where

L0 0) = B, [Z [min(r(O)AT clp ((0), 1 — 1+ ) A7 )]]

t=0

end for




PPO in practice

LEHPAVERS (9) = By [LELE(0) — ey LY F(0) + c2S[mp] (st)]

Surrogate objective function a squared-error loss entropy bonus to ensure
for “critic” sufficient exploration

(Va(se) = Vi™®)? o ereit
encourage "diversity

* c1, c2: empirical values, in the paper, c1=1, c2=0.01



Performance

No clipping or penalty:

Li(0) = r4(0) A,

Clipping: L(0) = min(ry(0) Ay, clip(r¢(0)), 1 — €, 1 + €) A,
KL penalty (fixed or adaptive) L:(0) = r¢(0)A; — BKL|[my,,,, ]
algorithm avg. normalized score
No clipping or penalty -0.39
Clipping, € = 0.1 0.76
Clipping, ¢ = 0.2 0.82
Results from continuous control benchmark. Average Chpplflg’ A e
. ) Adaptive KL dgarg = 0.003 0.68
normalized scores (over 21 runs of the algorithm, on 7 Adaptive KL dyy = 0.01 0.74
. arg — . .

environments) Adaptive KL dyarg = 0.03 0.71
Fixed KL, 8 = 0.3 0.62
Fixed KL, 8 = 1. 0.71
Fixed KL, 8 = 3. 0.72

Fixed KL, g = 10. 0.69




Performance

Results in MuJoCo environments, training for one million timesteps

HalfCheetah-v1 Hopper-v1 InvertedDoublePendulum-v1 InvertedPendulum-v1
2000 2500 8000
1500
2000 6000
1000 1500
4000
L 1000
0 500 2000
-500
0 0
0 1000000 0 1000000 0 1000000 0 1000000
Reacher-v1 Swimmer-v1 Walker2d-v1
— A2C
120 i
—— A2C + Trust Region
100 3000 —— CEM
80 —— PPO (Clip)
&% 2000 ~— Vanilla PG, Adaptive
- TRPO
40
1000
20
0
0

0 1000000 0 1000000 0 1000000
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- Simulated Robotic Locomotion tasks NGO
- Hopper: 12-dim state space L ‘@ &
- Walker: 18-dim state space 30 unts e

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

Sampling

Experiments (TRPO)

Joint angles and kinematics
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@ 4x4 ax4 o
= g { ) < e 54’<4x::';‘1?‘ : .
Experiments (TRPO) P o Y G
g -‘_:,-—i4x4 XS 2o
o SN 28
@ ¢ s \_/
- Atari games (discrete action space) - 0/ 1 ®
16 filters 16 filters 20 units
2 beam rider 0 breakout 106 enduro
400 — single path _5\;‘ di= s1:ngle path o single path
%6 vine i .ﬁ. SR | vine
5 -1 )"““ﬂmm ¥ i e I
1200 30 .‘ *r'h)"? . '- It\" . %
’r“’ ?z: % R gitn
10?lumt)er ozfmpo‘nicy 3\Btueratmn:DB SGG ’ 1G?\umber o?feﬂpohcy llmteeratlon:m 599 m?mmber ozfeepohcy 31'6tﬂeratinr|;mﬂ 500
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 34.2 430.8 20.9 7732.5 788.4 450.2

- Control



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: LOPI(9) =, [ i St))/it] = By |r(0) A

7.rg()l(l(at | St

PPO:  LOMP(§) = Er [min(ry(6)Ar,clip(re(6).1 — 1 + ) Ay)]

A<O

[CLIP A>0

1_.('1

|
|
|
1
)
|
|
|
|
|
|
\
" |

LCLIP




Proximal Policy Optimization (PPO)

- Adaptive KL Penalty Coefficient

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

[ KLPEN gy _ [ mo(as | s¢) A, — BKL . .
(0) = Be| = oy At = BKLIma, (- | 50), mo(: | )

e Compute d = E[KL[MOM(' | 5¢), o (- | St)”

—Ifd< dtarg/1—57 6(—5/2
— Ifd > diarg X 1.5, B B x 2



Experiments (PPO)

HalfCheetah-v1 Hopper-v1 InvertedDoublePendulum-v1 InvertedPendulum-v1
1000
2000 2500
1500 2000 800
1000 1500 600
500 1000 400
0 500 200
-500
0 0
0 1000000 0 1000000 0 1000000 0 1000000
Reacher-v1 Swimmer-v1 Walker2d-v1
— A2C
120 g
—— A2C + Trust Region
100 — CEM
80 —— PPO (Clip)
& ——— Vanilla PG, Adaptive
. —— TRPO
40
20
0

0 1000000 0 1000000 0 1000000



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).



2018

SAC

Soft Actor-Critic:
Off-Policy Maximum Entropy Deep Reinforcement

Learning with a Stochastic Actor

Tuomas Haarnoja' Aurick Zhou' Pieter Abbeel ' Sergey Levine '

"Berkeley Artificial Intelligence Research, University of Cal-
ifornia, Berkeley, USA.



Prior Work: Soft Q-Learning

e Soft Q-Learning (Haarnoja et al., 2017)
off-policy algorithms under MaxEnt RL objective
Learns Q* directly
sample policy from exp(Q¥) is intractable for continuous actions
use approximate inference methods to sample
m Stein variational gradient descent
o not true actor-critic

g 9 @ 0

Q(S:,Ar) < O(S1, Ar) + a(Riy1 + y maxge s Q(S41,a) — Q(S:, Ar))

Qsoft (St7 at) =TTy Est+1wps [Vsoft (St+1)] , VSt,ay

1
Vsoft (St) +—alog / exp (& Cdsfi (St7 a')) da', Vs,
A



SAC: Contributions

e One of the most efficient model-free algorithms

o SOTA off-policy

o well suited for real world robotics learning
e (Can learn stochastic policy on continuous action domain
e Robust to noise

e Ingredients:
o Actor-critic architecture with seperate policy and value function networks
o Off-policy formulation to reuse of previously collected data for efficiency
o Entropy-constrained objective to encourage stability and exploration



SAC: Results

:
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Real World Robots

e Dexterous Hand Manipulations
e 20 hour end-to-end learning
e valve position as input: SAC 3 hours vs. PPO 7.4 hours
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A Generalist Agent

Scott Reed >, Konrad Zola", Emilio Parisotto”, Sergio Gémez Colmenarejo’, Alexander Novikov,
Gabriel Barth-Maron, Mai Giménez, Yury Sulsky, Jackie Kay, Jost Tobias Springenberg, Tom Eccles,
Jake Bruce, Ali Razavi, Ashley Edwards, Nicolas Heess, Yutian Chen, Raia Hadsell, Oriol Vinyals,
Mahyar Bordbar and Nando de Freitas’
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What is the capital of
@ France?

Paris. G

@ Can you write me a poem?

I don’t know exactly what
to write. There's just so
much to answer.
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Atari images
and discrete actions

Text
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I'm going to London I

I I I l I I Batched input

Imeges, proprioception \ 0

and continuous actions
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Images and J

questions 4
4//

Q: What's in the picture?
A: It's a cute cat

)

Batched and masked
shifted targets

Proprioception

Image
. Text
Continuous actions

Pl piscrete actions



Whatis Gato?

What is the paper setting up to demonstrate?

Gato is a scalable generalist agent.

* It uses a single transformer/neural network
with exactly the same weights for multiple
tasks.

It was trained on 604 various tasks.

The number of parameters of Gato is 1.18B.

A ‘.". ; Al!ll‘
cat that is sit next
to a brick wall




Benefits of using a single neural network

* Diversity of training data.
* Decreasing the necessity for handcrafting policy models.

* Generic models have proven to outperform than domain-
specific approaches.



Methodology

Step 1: Tokenization of Multimodal Data

Step 2: Sequencing Data

Step 3: Embedding input tokens and setting output targets
Step4: Training



Step 1: Tokenization of Multimodal
Data

 SentencePiece is used to encode text.
* Images are first processed into raster order sequence.

* Discrete values are flattened into row-major order integer
sequences. The tokenized result is an integer sequence in the range
[0, 1024].

* Continuous values are flattened into sequences of floating-point
values in row-major order. The discrete integers are then shifted to
the range of [32000, 33024).



Step 2: Sequencing Data

Text tokens in the same order as the raw input text.
Images patch tokens in raster order.

Tensors in row-major order.

Nested structures in lexicographical order by key.
Agent episodes as time steps in time order.

Agent timesteps as observation tokens.



Step 3: Embedding input tokens and setting output targets

* Tokens belonging to image patches —
vector per patch.

* Tokens belonging to text, discrete or
continuous-valued observations, or
actions — a learned vector embedding
space.



Step 4: Training objectives

* Two key modules: Given a sequence of tokens S_{1:L} and parameters 0, they

. . model the data using the chain rule of probability:
* Parameterized embedding

L
function: transforms tokens to log po(s1,...,s1) = Z log po(silsi, - - -, si-1)
. =1
token embeddings.
* Sequence model: outputs a The training loss for a batch B can then be written as,
distribution over the next
discrete token. 18]

£O,8)=-) ZL: m (5,1 1og po (5”151, .. .5"))

b=1 =1
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Domains Knowledge

Human  Domain Known
Go data  knowledge rules

AlphaGo becomes the first program to master Go using
neural networks and tree search
(Jan 2016, Nature)

Known
Go rules
AlphaGo Zero learns to play completely on its own,
without human knowledge
(Oct 2017, Nature)
Known
Go Chess Shogi rules

AlphaZero masters three perfect information games
using a single algorithm for all games
(Dec 2018, Science)

Go Chess Shogi Atari

MuZero learns the rules of the game, allowing it to also
master environments with unknown dynamics.
(Dec 2020, Nature)
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Complexity of Go
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AlphaGo Monte Carlo Tree Search + Deep Neural Network
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Domains

Knowledge

Human
Go data

Domain  Known
knowledge  rules

AlphaGo becomes the first program to master Go using

neural networks and tree search
(Jan 2016, Nature)

Go

Known
rules

IphaGo Zero learns to play completely on its own,
ithout human knowledge
(Dct 2017, Nature)

Go Chess Shogi

Known
rules

AlphaZero masters three perfect information games
using a single algorithm for all games
(Dec 2018, Science)

Go Chess Shogi Atari

MuZero learns the rules of the game, allowing it to also
master environments with unknown dynamics.
(Dec 2020, Nature)
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Domains Knowledge

Human  Domain Known
Go data  knowledge rules

AlphaGo becomes the first program to master Go using
neural networks and tree search
(Jan 2016, Nature)

Known
Go rules
AlphaGo Zero learns to play completely on its own,
without human knowledge
(Oct 2017, Nature)
Known
Go Chess Shogi rules

AlphaZero masters three perfect information games
using a single algorithm for all games
(Dec 2018, Science)

Go Chess Shogi Atari

MuZero learns the rules of the game, allowing it to also
master environments with unknown dynamics.
(Dec 2020, Nature)
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