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So far

The requirement of large number of samples for RL, only possible
in simulation, renders RL a model-based framework, we can’t
really rely (solely) on interaction in the real world (as of today)

 |In the real world, we usually finetune model and policies learnt
In simulation



Physics Simulators

Mujoko, bullet, gazeebo, etc.
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Pros of Simulation

 We can afford many more samples!
e Safety
* Avoids wear and tear of the robot

* Good at rigid multibody dynamics



Cons of Simulation

* Under-modeling: many physical events are not modeled.

 Wrong parameters. Even if our physical equations were correct, we
would need to estimate the right parameters, e.g., inertia, frictions
(system identification).

« Systematic discrepancy w.r.t. the real world regarding:

- oObservations
- dynamics
as a result, policies that learnt in simulation do not transfer to the real world

* Hard to simulate deformable objects (finite element methods are very
computational intensive)



What has shown to work

 Domain randomization (dynamics, images)

- With enough variabllity in the simulator, the real world may appear
to the model as just another variation”

* Learning not from pixels but rather from label maps-> semantic maps
petween simulation and real world are closer than textures

* Learning higher level policies, not low-level controllers, as the low level
dynamics are very different between Sim and REAL



Domain randomization

for detecting and grasping objects

Tobin et al., 2
arXiv:1703.06



L et's try a more fine grained task

Cuboid Pose Estimation




Data generation




Data generation




Regressing to vertices




SIM2REAL




Data generation

Data - Contrast and Brightness
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Surprising Result




SIM2REAL

Baxter's camera




Car detection
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Training Deep Networks with Synthetic Data: Bridging the Reality Gap by Domain Randomization, NVIDIA



Dynamics randomization
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|deas:

Consider a distribution over simulation models instead of a single one
for learning policies robust to modeling errors that work well under

many worlds”. Hard model mining
Progressively bring the simulation model distribution closer to the real
world.



Policy Search under model distribution

Learn a policy that performs best in expectation over MDPs in the source
domain distribution:

- [T-1 17 |
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Policy Search under model distribution

Learn a policy that performs best in expectation over MDPs in the source
domain distribution:

- [T-1 17 |
¢ p: simulator parameters
> 'ri(se.ar) | p

]EpN’P t,f-

Hard world model mining
Learn a policy that performs best in expectation over the worst \epsilon-
percentile of MDPs in the source domain distribution

max / nm (0, p)P(p)dp st. Pnpm(0,P)<y)=c¢
F(6)

0,y



Hard model mining

Algorithm 1: EPOpt—c for Robust Policy Search

1 Input: v, (g, niter, N, €

2 foriteration: = 0,1,2, ... niter do

3 fori=1.2,...N do

1 samplc model parameters p ~ Py,

5 sample a trajectory 74 — {s¢. te. 1, 8¢ 1 }iog from M (py) using policy w(#,)
b end

7 | compule Q). = € percentile of {R() Y,

8 select sub-sel T' = {74 : B(7) < Q¢}

9 Update policy: (/;41 — BatchPolOpt(#;, T')

1 end




model mining results

Maximum Likelihood EPOpt(cr=1) EPOpt(c=0.1)
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Hard world mining results in policies with high reward over
wider range of parameters



Adapting the source domain distribution

Sample a set of simulation parameters from a sampling distribution S.
Posterior of parameters p_i:

Pp(p:
P(pili) o< T1, B(Sess = s[5, a®), pg) x 2 @1)

Fit a Gaussian model over simulator parameters based on posterior
weights of the samples

fit of simulation parameter samples: how probable is an observed target state-
action trajectory, the more probable the more we prefer such simulation model
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Performance on hopper policies

trained on single source domains
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Driving Policy Transfer via Modularity and

Abstraction
Matthias Miiller Alexey Dosovitskiy
Visual Computing Center Intelligent Systems l.ab
KAUST, Saudi Arabia Intel Labs. Germany
Bernard Ghanem Vladlen Koltun
Visual Computing Cenler Intelligent Systems Lab
KAUST, Saudi Arabia Intel Labs. USA

Idea: the driving policy is not directly exposed to raw perceptual input or low-
level vehicle dynamics.



Main i1dea

pixels to steering wheel learning is not SIM2REAL transferable
textures/car dynamics mismatch
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label maps to waypoint learning is SIM2REAL transferable

label maps are similar between SIM and REAL and a low-level controller
will take the car from waypoint to waypoint
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Figure 4: Quantitative evaluation of goal-directed navigation in simulation. We report the success
rate over 25 navigation trials in four town-weather combinations. The models have been trained
in Town 1 and Weather 1. The evaluated models are: img2ctrl — predicting low-level control from
color images: img2wp — predicting waypoints from color images; seg2ctrl — predicting low-level
control from the segmentation produced by the perception module; ours — predicting waypoints
[rom the segmentation produced by the perception module. Sullix *+° denotes models (rained with
data augmentation, and ‘+dr’ denotes the model trained with domain ramdomization.



Carnegie Mellon
School of Computer Science

Deep Reinforcement Learning and Control

Maximum Entropy Reinforcement
Learning

CMU 10703

Katerina Fragkiadaki

Parts of slides borrowed from Russ Salakhutdinov, Rich Sutton, David Silver

v



RL objective

r* = argmax [ _ [Z R(s,, at)]

T




MaxEntRL objective

Promoting stochastic policies

T
T* = arg max [Eﬂ Z R(St, Cl;)+05 H(”( ) | St))
=1 ~— ) )

T

reward ent;opy

Why?
- Better exploration
- Learning alternative ways of accomplishing the task

- Better generalization, e.g., in the presence of obstacles a stochastic
policy may still succeed.



Principle of Maximum Entropy

Policies that generate similar rewards, should be equally probable.

We do not want to commit to one policy over the other.

Why?
- Better exploration
- Learning alternative ways of accomplishing the task

- Better generalization, e.g., in the presence of obstacles a stochastic
policy may still succeed.

Haarnoja et al., Reinforcement Learning with Deep Energy-Based Policies



Algorithm S3 Asynchronous advantage actor-critic - pseudocode for each actor-learner thread.

/f Assume global shared parameter vectors 6 and 0, and global shared counter T' = 0
// Assume thread-specific parameter vectors 6" and 6,
Initialize thread step counter { < 1
repeat
Reset gradients: d0 < 0 and d0, <+ 0.
Synchronize thread-specific parameters ' = 6 and 9, = 8,

tsta,rt =1
Get state s;
repeat

Perform a, according to policy 7(a, s,;6")
Receive reward r, and new state s, |,

t+—1t+1
T+ T+1
unfil terminal s; or t — .10t == tmax
R — 0 for terminal s
) Vs, 0)) for non-terminal s;// Bootstrap from last state
for: € {t —-1,... ,tstart} do
R+ nr;,+ ’}’R

Accumulate gradients wrt 8: d6 < dO + V ,log n(a;| s; 9’)(R — V(s;; 0)+)V y H(re (s, 9’)))
Accumulate gradients wrt 8,: df,, < df, + 9 (R — V(s::8,))° /6.,

end for

Perform asynchronous update of € using df and of 8., using d@...

until 7’ > T, 4

“‘We also found that adding the entropy of the policy 1 to the objective function improved exploration by
discouraging premature convergence to suboptimal deterministic policies. This technique was originally
proposed by (Williams & Peng, 1991)”

Mnih et al., Asynchronous Methods for Deep Reinforcement Learning



Algorithm S3 Asynchronous advantage actor-critic - pseudocode for each actor-learner thread.

/f Assume global shared parameter vectors 6 and 0, and global shared counter T' = 0
// Assume thread-specific parameter vectors 6" and 6,
Initialize thread step counter { < 1
repeat
Reset gradients: d0 < 0 and d0, <+ 0.
Synchronize thread-specific parameters ' = 6 and 9, = 8,

tsta,rt =1
Get state s;
repeat

Perform a, according to policy m(a, s,:8")
Receive reward r, and new state s, |,

t+—1t+1
T+ T+1
unfil terminal s; or t — .10t == tmax
R — 0 for terminal s
) Vs, 0)) for non-terminal s;// Bootstrap from last state
foriec {t—1,...,tstart} do
R+ nr;,+ ’)’R

Accumulate gradients wrt 8: d@ < dO + V ylog n(a;| s;; 9’)(R — V(s;; 0)+pVyH(r(s,, 9’)))
Accumulate gradients wrt 8,: df,, < df, + 9 (R — V(s::8,))° /6.,
end for

Perform asynchronous update of € using df and of 8., using d@...
until 7’ > T, 4

This is just a regularization: such gradient just maximizes entropy of the current time step, not of future
timesteps.

Mnih et al., Asynchronous Methods for Deep Reinforcement Learning



MaxEntRL objective

Promoting stochastic policies

T

T
T* = arg max [Eﬂ Z R(St, Cl;)+05 H(ﬂ( ) | St))
=1 ~— ) )

reward ent;opy

How can we maximize such an objective?



Recall:Back-up Diagrams

q.(s,a) =r(s,a)+vy Z 1(s'| s, a) Z r(a'|s)g (s',a’)

s'e§ a'esf



Back-up Diagrams for MaxEnt Objective

T
m* = argmax [E_ Z R(s,, a)+aH(z(- |s,))
" =1

reward entropy




Back-up Diagrams for MaxEnt Objective

—logn(a'|ls) q-(s',a’") < a

r* = argmax
T

NN

T
Y Rs.a)+aHx(- |s)
=1

reward entropy

q,(s,a)=r(s,a)+vy Z 1(s'| s, a) Z n(a'l S’)(qﬂ(s’, a’)—log(r(a’| S’))

s'es

aed




(Soft) policy evaluation

Soft Bellman backup equation:

qus.a) = r(s,a) +y ) T(s'|s,a") ) m(a’| ") (qy(s’, a)~log(n(a'| s"))

Bellman backup equation:
Go(s.a) = r(s,a) +7 Y T(s'|s.a) Y 7(d’| g, (s a)
S'ES aed
Soft Bellman backup update operator-unknown dynamics:

O(spa) < r(spa) +vEg o [Q(St+1> ) —logm(a,, | St-l—l)]]

Bellman backup update operator-unknown dynamics:

O(s,a) < r(s,a) +yE O(S11, Ay 1)

St+150141



Soft Bellman backup update operator is a contraction

Qs a,) < r(s,a,) +yE [Q(St+19 a,,1)—logn(a,,, | St+1)]]

St+150r4+1

OCspa) « r(spa) +7E, _JIE, 10,1 dpy) = 10g 2(dyyy | 5,4 )]
< F(St, at) T yEstHNp,atHNﬂQ(SHl’ at+1) + y[EStHNp[EatHNﬂ[_lOg ﬂ(at+1 | St+1)]

< r(St’ at) T yEstHNp,atHNﬂQ(SHl’ at+1) T y[EstHNpH(ﬂ( ' |St+1))

Rewrite the reward as:

rsoft(St’ at) — r(St’ at) + 7[Est+1~pH(7T( ’ |St+1))

Then we get the old Bellman operator, which we know is a contraction



Soft Bellman backup update operator

Qs a,) < r(s,a,) +yE [Q(St+19 a,,1)—logn(a,,, | St+1)]]

St+150r4+1

OCspa) « r(spa) +7E, _JIE, 10,1 dpy) = 10g 2(dyyy | 5,4 )]
< F(St, at) T yEstHNp,atHNﬂQ(SHl’ at+1) + y[EStHNp[EatHNﬂ[_lOg ﬂ(at+1 | St+1)]

< r(St’ at) T yEstHNp,atHNﬂQ(SHl’ at+1) T y[EstHNpH(ﬂ( ' |St+1))

We know that:

Q(Sp az) A r(Sp ar) + }/[E Np[V(St+1)]

St+1

Which means that:

Vis) = E, _[O(s, a) — log x(a, | 5,)]



Soft Policy Iteration

iterates between two steps:

1. . Fix policy, apply Bellman backup operator till
convergence

q.(s,a) = r(s,a) + Eg (qﬂ(s’, a’)—log(z(a'l S’))

This converges to ¢,

2. . Update the policy:
, . exp(Q*(sy, - ))
7' =argmin Dg; | m(-|s,)]] t

Soft Actor-Critic: Off-Policy Maximum Entropy Deep Reinforcement Learning with a Stochastic Actor
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Soft Policy Iteration

iterates between two steps:

1. . Fix policy, apply Bellman backup operator till
convergence

q,(s,a) = r(s,a) + Eg , (qﬂ(s’, a’)—log(z(a'l S’))

This converges to ¢,

2. . Update the policy:

Z7(s,)

ﬂkEH

o gminD. (ﬂk( ) [ SR Gy )))

Leads to a sequence of policies with monotonically increasing soft g values

This so far concerns tabular methods. Next we will use function approximations
for policy and action values

Soft Actor-Critic: Off-Policy Maximum Entropy Deep Reinforcement Learning with a Stochastic Actor



Soft Policy lteration - Approximation

Use function approximations for policy, state and action value functions

Vw(st) Q4(s,) 7Z'¢(61t | s,)

1. Learning the state value function:

N () = Eenp [% (Vis(st) — Eaynmy [Qo(se, ar) — log 7l’d>(at|St)])2]

ﬁw J\ (L’") = Vu'.vVg',y(St,) (Vd!(st) — Q()(St . at,) + log ﬂ’c',(a, |S¢))



Soft Policy lteration - Approximation

Use function approximations for policy, state and action value functions

V,(s,) Q4(s,) 7(a, | s,)
2. Learning the state-action value function:
1 . 2
Ta(#) = Eeaind |5 (Qofst,a0) - Qst,a0) |
Q(Staat) =7r(s¢,a) +VEs,; ~p [V-J;(St+1)]

VoJq(0) = VoQo(ar,s:) (Qa(st, ar) — r(se, ar) — YVy(se1))



Soft Policy lteration - Approximation

Use function approximations for policy, state and action value functions

VW(SI) Q/(s,, a,) 7Z'¢(61t | s,)

3. Learning the policy:

exp (Qo(st, ')))]

Jr(¢) = Es,np [DKL (7(‘?"( ‘Ise) Zg(St)

Zy(s,) = J exp(Qy(s,, a,))da,

A
”qb(atlst) . .
Vol d) =V EgepEon (als) 108 Y / independent of \phi
Zy(s) ~
\ 4
my(a,| s;)

VJ(¢) V S [EaNﬂ' aslg
¢ ¢ s €D -a~myals) exp(Qy(s, a,))

The variable w.r.t. which we take gradient parametrizes the distribution
inside the distribution.



Soft Policy lteration - Approximation

Use function approximations for policy, state and action value functions

VW(SI) Q,(s,) 7Z'¢(61t | s,)

3. Learning the policy: &
my(a,|s,)
eXp(QQ(Sta at))

Reparametrization trick. The policy becomes a deterministic function of
Gaussian random variables (fixed Gaussian distribution):

VCbJ (¢) VCb StED[EatN”qs(alSt)l

=f¢(st’ 6) — /’tq[)(St) + €2¢(S[)9 €~ '/V(Oal)

\ 4

my(a|s,)
qu‘, (¢) qu s,eD,e~N(0,1) lo

O8 exp (Ol )




Soft Policy lteration - Approximation

Algorithm 1 Soft Actor-Critic

Initialize parameter vectors 1, 1, 6, .
for each iteration do
for each environment step do
ag ~ My (ae|Se)
St+1 ~ P(St+1/S¢, a¢)
D + DU {(s¢,a¢,7(S¢,a¢),S¢41) }
end for
for each gradient step do
U+ P — )\v@g’,.fv ()
0; «— 0; — AoV, Jo(#;) fori € {1,2}
¢ ¢ — AeVJx(9)
VTV + (1 =1)Y
end for
end for
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Composability of Maximum Entropy Policies

Imagine we want to satisfy two objectives at the same time, e.g., pick an
object up while avoiding an obstacle. We would learn a policy to maximize
the addition of the the corresponding reward functions:

1 |
re(s,a) = Ci Z ri(s,a)

icC

MaxEnt policies permit to obtain the resulting policy’s optimal Q by simply
adding the constituent Qs:

We can theoretically bound the suboptimality of the resulting policy w.r.t.
the policy trained under the addition of rewards. We cannot do this for

deterministic policies.

Composable Deep Reinforcement Learning for Robotic Manipulation, Haarnoja et al.



Composability of Maximum Entropy Policies

Fig. 2.  Two independent policies are trained to push the cylinder to the
orange line and blue line, respectively. The colored circles show samples
of the final location of the cylinder for the respective policies. When the
policies are combined, the resulting policy learns to push the cylinder to
the lower intersection of the lines (green circle indicates final location). No
additional samples from the environment are used to train the combined
policy. The combined policy learns to satisfy both original goals, rather
than simply averaging the final cylinder location.

Composable Deep Reinforcement Learning for Robotic Manipulation, Haarnoja et al.



Composable Deep Reinforcement Learning
for Robotic Manipulation

Tuomas Haarnoja, Vitchyr Pong, Aurick Zhou,
Murtaza Dalal, Pieter Abbeel, and Sergey Levine

Berkeley Artificial Intelligence Research
UC Berkeley

https://youtu.be/wdexolLS2cWU



