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Optimal Control and RL



oITTEIN G TN {MN  Quick recap

From DP to Q-learning Xpoi1 = F(Xg, Up)
Value function: J*(x) = mian(Xk, Uy), Xo=zeX
% =0
DP eqn: J*(Xk) = min{e(Xy, U) + J7(Xpe1) }
k
Q*(XIwUk)

A conditional expectation would appear for a Markovian model



Optimal Control and RL e[S STIEN

From DP to Q-learning Xpoi1 = F(Xg, Up)
Value function: J*(x) = mian(Xk, Uy), Xo=zeX
* =0
DP eqn: J*(Xk) = min{e(Xy, Uy) + J"(Xpe1) }
k
Q*(X]wUk)

DP for Q: Q*(Xk, Uk) == C(Xk, Uk) +Q*(Xk+1)



Optimal Control and RL e[S STIEN

From DP to Q-learning Xpoi1 = F(Xg, Up)
Value function: J*(x) = mian(Xk, Uy), Xo=zeX
* =0
DP eqn: J*(Xk) = min{e(Xy, Uy) + J"(Xpe1) }
k
Q*(XkHUk)

DP for Q: Q*(Xk, Uk) = C(Xk, Uk) —i—Q*(Xk_H)

Model Free Error Representation for Bellman Error

& (X, Ur) = =Q° (X, U) + o(Xk, Uy) + Q" (Xp41)
Find 0* among family {Q%(z,u) : 0 € RY}




Optimal Control and RL TD Learning

Temporal Difference Methods X1 = F(X, Ur)

Dynamic Programming

DP eqn: J*(z) = Irl}ikD{C(IE,U> + J*(F(z,u))}



Optimal Control and RL TD Learning

Temporal Difference Methods X1 = F(X, Up)
Dynamic Programming
DP eqn: J*(z) = ngin{c(:v, u) + J*(F(x,u))}
k

Policy Iteration: Given initial policy ¢p°: Up = ¢p°(Xy)
1. Solve the fixed-policy Bellman equation:

I (2) = e(z,u) + J¥ (F(z,u))
Q% (z,u)

u=9°(z)




Optimal Control and RL TD Learning

Temporal Difference Methods X1 = F(X, Up)
Dynamic Programming
DP eqn: J*(z) = ngin{c(:v, u) + J*(F(x,u))}
k

Policy Iteration: Given initial policy ¢p°: Up = ¢p°(Xy)
1. Solve the fixed-policy Bellman equation:

I (2) = e(z,u) + J¥ (F(z,u))
Q% (z,u)

u=9°(z)

2. Update policy: ¢!(x) = argmin Qd’o (x,u) repeat ...
u



Optimal Control and RL TD Learning

Temporal Difference Methods X1 = F(X, Up)
Dynamic Programming
DP eqn: J*(z) = ngin{c(:v, u) + J*(F(x,u))}
k

Policy Iteration: Given initial policy ¢p°: Up = ¢p°(Xy)
1. Solve the fixed-policy Bellman equation:

I (2) = e(z,u) + J¥ (F(z,u))
Q% (z,u)

u=9°(z)

Fixed policy Bellman equation observed:

Q¥ (Xk, Ur) = c( X5, Up) + Q%" (Xpp1, 9™ (Xps1))



Optimal Control and RL TD Learning

Temporal Difference Methods X1 = F(X, Up)
Dynamic Programming
DP eqn: J*(z) = H&in{c(:v,u) + J*(F(z,u))}
k

Policy Iteration: Given initial policy ¢p°: Up = ¢p°(Xy)
1. Solve the fixed-policy Bellman equation:

I (2) = e(z,u) + J¥ (F(z,u))
Q% (z,u)

u=9°(z)

Model Free Error Representation for Bellman Error

Xk, Uy) = —Q%( Xk, Up) + ¢( Xk, Up) + Q (Xpot1, &™(Xp11))

Find 0* among family {Q%(x,u) : § € RY}




Optimal Control and RL TD Learning

Temporal Difference Methods
E%(Xx, Ur) = —=Q°(Xx, Ux) + c(Xx, Ur) + Q°(Xx11)

Sutton et al recognized the value of the temporal difference in the early 80s
TD(\): estimate value function for fixed policy Uy = &(Xk)

Modified DP equation: Q®(Xy, Ug) = c(Xg, Ur) + Q®(Xps1, d(Xpi1))



Optimal Control and RL TD Learning

Temporal Difference Methods
E%(Xk, Ur) = —=Q°(Xk, Ur) + c(X, Ur) + Q° (Xi+1)

Sutton et al recognized the value of the temporal difference in the early 80s
TD(\): estimate value function for fixed policy Uy = &(Xk)

Modified DP equation: Q®(Xy, Ug) = c(Xg, Ur) + Q®(Xps1, d(Xpi1))
We can keep our definition of £ with a change of notation:

Q% (z) = Q%(z, b(z))



Optimal Control and RL TD Learning

Temporal Difference Methods
E(Xk, Ur) = —=Q°(Xk, Ur) + e(X, Ur) + Q° (Xi+1)

Sutton et al recognized the value of the temporal difference in the early 80s
TD(\): estimate value function for fixed policy Uy = &(Xk)

Modified DP equation: Q®(Xy, Ug) = c(Xg, Ur) + Q®(Xps1, d(Xpi1))
We can keep our definition of £ with a change of notation:

Q% (z) = Q%(z,d(x))

TD(A) (or SARSA, if you like), attempts to find roots of



Optimal Control and RL TD Learning

Temporal Difference Methods
E%(Xk, U) = —Q°(Xx, Ux) + c(Xx, Ur) + Q° (Xk+1)

Sutton et al recognized the value of the temporal difference in the early 80s
TD(\): estimate value function for fixed policy Uy = &(Xk)

Choices for the eligibility vector:

TD(0): ¢! =VeQ%( Xy, Up)

TD(A) (or SARSA, if you like), attempts to find roots of

T 1

f(0) = Ex[¢P%(X,U)) = Jim Zc E%( Xy, Uy)
k 0



Optimal Control and RL TD Learning

Temporal Difference Methods
E%(Xk, U) = —Q°(Xx, Ux) + c(Xx, Ur) + Q° (Xk+1)

Sutton et al recognized the value of the temporal difference in the early 80s
TD(\): estimate value function for fixed policy Uy = &(Xk)

Choices for the eligibility vector:
TD(0): ¢f = VoQ° (X, Uy)

k
TD(A): ¢ =Y ANVeQ% (Xp—i, Up—s)

1=0

TD(A) (or SARSA, if you like), attempts to find roots of

T 1

f(0) = Ex[¢P%(X,U)) = Jim Zc E%( Xy, Uy)
k 0



Optimal Control and RL TD Learning

Temporal Difference Methods
E%(Xx, Ur) = —=Q°(Xx, Ux) + c(Xx, Ur) + Q°(Xx11)

B 1 T-1
J(0) = B [¢"€ (X, U)] = Jim_— kZZO & (X, Us)

Solution approaches: 1. ODE design: %Gt = th(Ht), and translation:

Ons1 = On + Qni1GrnlnEf (X, Uy)
Cns1 = An + VoQ" (X1, Uny1)



Optimal Control and RL TD Learning

Temporal Difference Methods
E%(Xk, Ur) = —=Q°(Xk, Ur) + c(X, Ur) + Q° (Xi+1)

-1
_ 1
_ 0 o0 1 0 o6
F(0) = E[¢"€"(X, U)] = Jim = kZ_O GRE” (X, Ur)
Solution approaches: 1. ODE design: %Ht = G¢f(6), and translation:

Ons1 = On + Qni1GrnlnEf (X, Uy)
Cns1 = An + VoQ" (X1, Uny1)

2. LSTD: Consider a linear parameterization Q% = 71, giving

T—1
1
0= T kz—o e (Xk, Uy) = Ar6 — by



Optimal Control and RL TD Learning

Temporal Difference Methods
E%(Xk, U) = —Q°(Xx, Ux) + c(Xx, Ur) + Q° (Xk+1)

-1
_ 1
_ 0 o0 1 0 o6
F(0) = E[¢"€"(X, U)] = Jim = kZ_O GRE” (X, Ur)
Solution approaches: 1. ODE design: %Ht = G¢f(6), and translation:

Ons1 = On + Ani1GrnCnE0 (X, Uy)
Cns1 = An + VoQ" (X1, Uny1)

2. LSTD: Consider a linear parameterization Q% = 71, giving

T—1
1
0= T kZ—O e (Xk, Uy) = Ar6 — by

Amazing fact: 0% = A}le obtained for special gain: G, = —A!

n



2l
Temporal Difference Methods

Does it work? Let’s stick to Q% = 07y

9n+1 =0, + an+1GnCn59" (Xna Un)
CnJrl = )\Cn + VGQGn (XnJrl; UnJrl)

Require exploration, such as U, = (T)(Xk, &) <= QSA theory to come
T—1

1
Persistence of excitation: T Z O(Xpe, Up)0(Xpe, Ug) " — Xy > 0
k=0



2l
Temporal Difference Methods

Does it work? Let’s stick to Q% = 07y

9n+1 =0, + an+1GnCn59" (Xna Un)
CnJrl = )\Cn + VGQGn (XnJrl; UnJrl)

Require exploration, such as Uy = d~>(Xk, &)
. o 1 T2 ;
Persistence of excitation: T Z P( X, Up)Y(Xp, Ug) ' — Zyy >0
k=0
Some good news:

e G, = A" exists! (may fail for at most d values of \)



2l
Temporal Difference Methods

Does it work? Let’s stick to Q% = 07y

9n+1 =0, + an—i—lGnCngan (Xna Un)
CnJrl = )\Cn + VGQGn (Xn+1; UnJrl)

Require exploration, such as Uy = d~>(Xk, &)
. o 1 T2 ;
Persistence of excitation: T Z P( X, Up)Y(Xp, Ug) ' — Zyy >0
k=0
Some good news:

o G, = A} exists! (may fail for at most d values of \)

@ TD(1) solves the min-norm problem: miny [|Q? — Q*||x



2l
Temporal Difference Methods

Does it work? Let’s stick to Q% = 07y

0n+1 = Hn + an+1GnCn59n (Xna Un)

Require exploration, such as Uy = d~>(Xk, &)
T—1

1
Persistence of excitation: T Z (X, Uk)Y( Xk, Uk)T — Xy >0
k=0
Some good news:
e TD(1) solves the min-norm problem: ming [|Q? — Q* ||,

Well, not so fast!
This beautiful result was obtained for MDPs, in the on-policy setting:

U = d(Xg)

7 is the steady-state distribution of {(Xj,Uy) : k > 0}
... do you smell trouble?



2l
Temporal Difference Methods

Does it work? Let’s stick to Q% = 07y

0n+1 = Hn + an+1GnCn59n (Xna Un)

Some good news:
@ TD(1) solves the min-norm problem: ming [|Q? — Q*||x

This beautiful result was obtained for MDPs, in the on-policy setting:

U = d(Xg)

7 is the steady-state distribution of {(Xj,Uy) : k > 0}

Potential resolution: on-policy & re-start (periodically re-set initial condition)



2o 1 i
Temporal Difference Methods

Does it work? Let’s stick to Q% = 07y

0n+1 = en + an+1GnCn59n (Xna Un)

Some good news:
@ TD(1) solves the min-norm problem: ming [|Q? — Q*||x

This beautiful result was obtained for MDPs, in the on-policy setting:
Ur = $(Xk)

7 is the steady-state distribution of {(Xj,Uy) : k > 0}

Potential resolution: on-policy & re-start (periodically re-set initial condition)

However, is minimizing ||Q% — Q*||x a compelling goal?



2 D
Q(0) Learning and Deep Q-Learning

A generalization of Watkins' algorithm [13, 26, 10]

Model Free Error Representation:
E%(Xk, Uy) = Q" (X, Uy) + c(X, Uy) + Q" (Xp11)



2 D
Q(0) Learning and Deep Q-Learning

A generalization of Watkins' algorithm [13, 26, 10]

Model Free Error Representation:
E% (X, Uy) = —Q° (X, Uy) + (X, Up) + Q% (Xp11)

Goal as in the fixed-policy setting: Find roots of

T
f(6) = E[CPE%(X,U)] = Jim Z CVEY ( Xy, Uy)
k:

Eligibility vector:  ({ = VoQ(Xi, Ux)  Q(0)-learning



2 D
Q(0) Learning and Deep Q-Learning

A generalization of Watkins' algorithm [13, 26, 10]

Model Free Error Representation:
E% (X, Ur) = =Q° (X, U) + c(Xp, Up) + Q" (Xp11)

Goal as in the fixed-policy setting: Find roots of

ﬂ

T—o00

f(0) = Ex[¢"€"(X,U)] = lim Tgc PE (X, Us)

Eligibility vector: ¢ = VQ% (X, Uy

Design principle:
Step 1: consider an ODE: %Qt = —Gyf(0;) (matrix gain part of design)
Step 2: translate to a discrete time algorithm based on measurements.



Q(0) Learning and Deep Q-Learning

A generalization of Watkins' algorithm [13, 26, 10]

Model Free Error Representation:
E% (X, Ur) = =Q° (X, Ur) + c(Xp, Up) + Q" (Xi11)

Goal as in the fixed-policy setting: Find roots of f(e*) =0 Why?

T-1
F(0) = Ex[¢""(X, U)] = lim *ZC €% (X, Uy)

Eligibility vector: ¢! = VoQ% (X, Uy)
Design principle:

Step 1: consider an ODE: %Gt = —G1f(6;) (matrix gain part of design)
Step 2: translate to a discrete time algorithm based on measurements.



2 D
Q(0) Learning and Deep Q-Learning

T—1
f(e):hm%;czsem,m) F(6") =0 Why?

Troubles with Q: Slow! Does a root exist? Does it have significance?



2 D
Q(0) Learning and Deep Q-Learning

=1l

f<e>:1im%;)czse<xk,m F(6") =0 Why?

Troubles with Q: Slow! Does a root exist? Does it have significance?
Batch algorithms to the rescue? [28, 29, 30, 31]
1
DQN 0, = arg min{gn(e) - 9n||2}
0 On+t1

| Tt

En(l) = — Z [ Q% (X, Up) + (X, Ug) + Q% (Xp41)]
e

2



2 D
Q(0) Learning and Deep Q-Learning

=1l

f<e>:1im%;)czse<xk,vk> F(6") =0 Why?

Troubles with Q: Slow! Does a root exist? Does it have significance?
Batch algorithms to the rescue? [28, 29, 30, 31]

1
DQN 0n+1 = arg mln{c‘fn(e) + 7”9 - 9n||2}
0 Q41

Tn+171
f;n(e):?ni Z [—Q“’(Xk,Uk)+c(Xk,Uk)+Q"n(Xk+1)]2
" k=T,

With a linear parameterization, this is a quadratic program!



2 D
Q(0) Learning and Deep Q-Learning

=1l

f<e>:1im%§<zse<xk,vk> F6") =0 Why?

Troubles with Q: Slow! Does a root exist? Does it have significance?
Batch algorithms to the rescue? [28, 29, 30, 31]

1
DQN 0, = arg min{gn(e) - 9n||2}
0 Ap+1

| it

En(0) = - ST QU (Xk, Ur) + e Xi, Ur) + Q% (Xps1)]?
" k=T,

With a linear parameterization, this is a quadratic program!
Sadly,
ODE approximation for DQN = Q(0) Learning

Even for neural network function approximation [M&M, 2020]



(@)= HHHZC(Xky Up) —>

k=0

min (z,v)
st. ze P

DP = LP




From DP to QP

Inverse Dynamic Programming
What is a good approximation? E(x) &f —J(z) + miny[c(z,uw) + J(F(z,u))]



From DP to QP Metrics For Success

Inverse Dynamic Programming

What is a good approximation? E(x) oef —J(z) + miny [c(z, u) + J(F(z, u))]

For any J, you have solved a DP equation:
J(x) = minfey(z,u) + J(F(x,u))]
u
cr(z,u) € ez, u) — E(x) optimal policy ¢”

Let J%” denote the value function under the policy &7



From DP to QP Metrics For Success

Inverse Dynamic Programming

What is a good approximation? E(x) oef —J(z) + miny [c(z, u) + J(F(z, u))]

For any J, you have solved a DP equation:
J(x) = minfey(z,u) + J(F(z,u))]
cr(z,u) = ez, u) — E(z) optimal policy ¢”

Let J*' denote the value function under the policy &7

Proposition 3.7

Assume S(x) 2 —QC(.I', u), all r,u and minor assumptions on J

Then, J*(z) < J¢" () < (1 + 0)J*(x)




From DP to QP Metrics For Success

Inverse Dynamic Programming

What is a good approximation? E(x) of —J(z) + miny [c(z, u) + J(F(z, u))]

For any J, you have solved a DP equation:
J(x) = minfey(z,u) + J(F(z,u))]
cr(z,u) = ez, u) — E(z) optimal policy ¢”

Let J*' denote the value function under the policy &7

Proposition 3.7

Assume €($> Z —QC<$7 U), all r,u and minor assumptions on J

Then, J*(z) < J¢" () < (1 + 0)J*(x)

We have our gold standard

and our first LP constraint



Every DP is an LP

Every control student knows this, starting with [Manne, 1960]  [44, 45, 46]

Proposition: [Subject to mild assumptions]
J* solves the following LP:

max (e, J)
st. J(z) <c(z,u) + J(F(x,u)), zeX, uelU(z)
J is continuous, and J(z¢) = 0.

(1t a probability measure on X (given)

@ Applications to ADP in the thesis of de Farias (with BVR) [47, 48],
and Mengdi Wang's survey on Monday, August 31

@ One way to derive the SDP representation of LQR [Boyd et al]

@ Applications in deterministic control every day



L
Every DP is an LP

Every control student knows this, starting with [Manne, 1960]  [44, 45, 46]

Proposition 3.9 [Subject to mild assumptions]
The pair (J*, Q") solve the following LP:

max (i, J)
st. Qz,u) < c(z,u) + J(F(z,u))
Q(z,u) > J(z), xeX, uelU(x)

J is continuous, and J(z¢) = 0.

p a probability measure on X (given)



Dl
Every DP is an LP

Every control student knows this, starting with [Manne, 1960]  [44, 45, 46]

Proposition 3.9 [Subject to mild assumptions]
The pair (J*,Q*) solve the following LP:

max (i, J)
st. Q(z,u) < c(z,u) + J(F(x,u))
Q(z,u) > J(z), xeX, uelU(x)

J is continuous, and J(z¢) = 0.

p a probability measure on X (given)

Over-parameterization for RL more recent.

Motivation: Q(Xk, Uk) < C(Xk, Uk-) + J(Xk+1) (observed)



From DP to QP DP is LP

Every DP is an LP

Explanation

Show that J(x) < J*(x) for any feasible .J, and all =

For any input sequence, ()
max R
J(Xi) < (X, Ug) + J(Xg41) S
T_1 st. J(z) < e(z,u) + J(F(z,u))
= J(Xo) < c()(]€7 Uk) + J(XT) J is continuous, and J(z¢) = 0.
k=0



From DP to QP DP is LP

Every DP is an LP

Explanation

Show that J(x) < J*(x) for any feasible .J, and all =

For any input sequence, N
X )
J(Xk) < eo(Xk, Ug) + J(Xp41) VA
T_1 st. J(z) < c(z,u) + J(F(z,u))
= J(Xo) < C(Xvk7 Uk) + J(XT) J is continuous, and J(z¢) = 0.
k=0

J(X7) — 0 for policies of interest, so

00
ZC Xk,Uk X():.CL‘
k=0



From DP to QP DP is LP

Every DP is an LP

Explanation

Show that J(x) < J*(x) for any feasible .J, and all =

For any input sequence, ()
max ,
J(Xk) < eo(Xk, Ug) + J(Xp41) VA
T_1 st. J(z) < c(z,u) + J(F(z,u))
= J(Xo) < (:(Xvk7 Uk) + J(XT) J is continuous, and J(z¢) = 0.
k=0

J(X7) — 0 for policies of interest, so

00
ZC Xk,Uk X():.CL‘
k=0

Take the infimum over all U = QED



DP is QP
Every DP is a QP

Proposition: [Subject to mild assumptions]
The pair (J*, Q*) solve the following QP:

o 2
min  — (u, J) + (v, £)
def

st. 0<E(x,u) = —-Q(z,u) + c(x,u) + J(F(z,u))
Q(z,u) > J(z), xeX, ueU(x)

J is continuous, and J(z¢) = 0.

v a probability measure on X x U



DP is QP
Every DP is a QP

Proposition: [Subject to mild assumptions]
The pair (J*, Q*) solve the following QP:

L 2
min (u, J) + k(v,E7)

st 0<E(x,u)E —Q(x,u) + c(z,u) + J(F(z,u))
Q(z,u) > J(z), xeX, ueU(x)

J is continuous, and J(z¢) = 0.

v a probability measure on X x U

The objective and constraints can be observed, without a model
= Long list of possible RL approximations



Convex Q-Learning



Every DP is a QP = Convex Q Learning

min — (. J) + (v, £2(0))
st. 0< —Q%Xy, Up) + (X, Up) + J?(X111)

Qe (.%‘, u) > Je (I) < Enforce through function architecture



Every DP is a QP = Convex Q Learning

min - — {, JO) + k(v, £2(0))

st. 0< —Q%UXy, Up) + (X, Up) + I (Xpp1) =  2,(0)>0

Tpy1—1

wm@) =— Y [-Q(Xk, Uk) + c(Xi, Ux) + J* (Xiy1)] G
k=T,

C,j : vector with non-negative entries



Every DP is a QP = Convex Q Learning

min — (. J) + (v, £(0))

st. 0< —Q%UXy, Up) + ¢(Xi, Up) + J (X)) = 2,(0)>0

zn(0) = — [—Q%(Xk, Uy) + e( Xk, Uy) + I (Xp11) ]G

Tn—‘—lfl
_ 1
£2(0) = — [—Q% (X1, Ur) + o(Xi, Up) + J(Xp11)]”
:Tn,

,
"ok



Every DP is a QP = Convex Q Learning

min — (. J) + ri(v, £2(0))

st. 0< —QXp, Up) + ¢(Xp, Up) + J'(Xpgp1) =  2a(0) >0

p Tt 0 0
() = — > [-QU(Xp, Up) + e(Xp, Up) + I (Xp )] ¢
Tn k=T,
Tp41—-1

_ 1
EX0) = — > Q% (X, Up) + e(Xp, Up) + % (Xp41)]?
no o k=Tp

Convex Q Version 1.0

. = 1
Opi1 = argmm{—(;u,, J9> + RS,%(H) — A\ zn(0) + o %HQ — 0n||2}

0cO n+1
Ant1 = [)\n - an+lzn(0n)]+




Convex Q-Learning

Convex Q Learning—Does it work?

. = 1
01 = argmin{ — (1, J%) + KEX(0) — Al 2n(0) + —— 5110 — 02}
0€© Qn41

>\n+1 = [An - an+1zn(0n)]+

It is only 4 weeks old! Who knows what Version 1.1 will look like.

1 0042
Position = 007 Velocity v Position z 05 007 Velocity v
Value function obtained from VIA Value function approximation from convex Q

MountainCar in early August



Convex Q-Learning

Convex Q Learning—Does it work?

. = 1
01 = argmin{ — (1, J%) + KEX(0) — Al 2n(0) + —— 5110 — 02}
0€© Qn41

>\n+1 = P\n - an+1zn(‘9n)]+

Lessons learned from initial testing:
© Advantage function: A% = QY — J%, with © chosen so
A%(z,u) >0 all z,u,0 € ©
Seems necessary for success



Convex Q-Learning

Convex Q Learning—Does it work?

1
516 — 02}

041 = arg min{7<,u, IO + kE2(0) — Az (0) + P
n+1

0coe
>\n+1 = P\n - an+1zn(‘9n)]+

Lessons learned from initial testing:

© Advantage function: A% = QY — J%, with © chosen so
A%(z,u) >0 all z,u,0 € ©

@ There may be sensitivity here: (u, J)



Convex Q-Learning

Convex Q Learning—Does it work?

. = 1
01 = argmin{ — (1, J%) + KEX(0) — Al 2n(0) + —— 5110 — 02}
0€© Qn41

>\n+1 = P\n - an+1zn(‘9n)]+

Lessons learned from initial testing:

© Advantage function: A% = QY — J%, with © chosen so
A%(z,u) >0 all z,u,0 € ©

@ There may be sensitivity here: (u, J)
© Many problems on openai . com are difficult because of fast sampling:

Xpgp1 ® Xp = —Q% (X, Up) 4 (X, Up) + J* (Xpp1) & =AY (Xp, Up) + ¢(Xg, Ur)
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Convex Q Learning—Does it work?

. = 1
01 = argmin{ — (1, J%) + KEX(0) — Al 2n(0) + —— 5110 — 02}
0c© Qn+1

>\n+1 = P\n - an+1zn(‘9n)]+

Lessons learned from initial testing:

© Advantage function: A% = QY — J%, with © chosen so
A%(z,u) >0 all z,u,0 € ©

@ There may be sensitivity here: (u, J)
© Many problems on openai . com are difficult because of fast sampling:

Xpgp1 ® Xp = —Q% (X, Up) 4 (X, Up) + J* (Xpp1) & =AY (Xp, Up) + ¢(Xg, Ur)

Revisit Convex Q in continuous time [mam o9]
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