ESEKE 6510 Final Review

Jefferson



Questions We will Look At

1. Sample Question Made by Vaibhav
2. Question 1 of Midterm

3. Question 4 of Midterm



Q1 SimZ2Real Transfer For Drone Racing

You are training an agile drone racing policy using behavioral cloning from an algorithmic expert
(a model-predictive controller with access to ground-truth state in simulation). The policy takes
onboard camera images and IMU data as input and outputs desired collective thrust and body-rate
commands. You plan to deploy on a physical quadrotor.



Q1 SimZ2Real Transfer For Drone Racing

(a) (8 pts) Observation gap. In simulation, the algorithmic expert observes the full privileged
state sP''V = (p,v, R,w, gate poses), where p,v are position and velocity, R is the rotation
matrix, w is body rate, and gate poses are known exactly. The learned student policy,
however, only observes o = (I;,w;), i.e., an RGB image and IMU gyro reading.
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This Course

(a) (8 pts) Observation gap. In simulation, the algorithmic expert observes the full privileged
state sP''V = (p,v, R,w, gate poses), where p,v are position and velocity, R is the rotation
matrix, w is body rate, and gate poses are known exactly. The learned student policy,
however, only observes o = (I;,w;), i.e., an RGB image and IMU gyro reading.

What could help scale it up



Q1 SimZ2Real Transfer For Drone Racing

(a) (8 pts) Observation gap. In simulation, the algorithmic expert observes the full privileged
state sP"'V = (p,v, R,w, gate poses), where p,v are position and velocity, R is the rotation
matrix, w is body rate, and gate poses are known exactly. The learned student policy,
however, only observes o = (I;,w;), i.e., an RGB image and IMU gyro reading.

This is how teacher-student Distillation work



Q1 SimZ2Real Transfer For Drone Racing

(a) (8 pts) Observation gap. In simulation, the algorithmic expert observes the full privileged
state sP"'V = (p,v, R,w, gate poses), where p,v are position and velocity, R is the rotation
matrix, w is body rate, and gate poses are known exactly. The learned student policy,
however, only observes o = (I;,w;), i.e., an RGB image and IMU gyro reading.

e Define formally what it means for o to be a sufficient statistic for action selection, in
terms of the conditional distribution p(a* | sP™) vs. p(a* | o).
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(a) (8 pts) Observation gap. In simulation, the algorithmic expert observes the full privileged
state sP"'V = (p,v, R,w, gate poses), where p,v are position and velocity, R is the rotation
matrix, w is body rate, and gate poses are known exactly. The learned student policy,
however, only observes o = (I;,w;), i.e., an RGB image and IMU gyro reading.

e Define formally what it means for o to be a sufficient statistic for action selection, in
terms of the conditional distribution p(a* | sPV) vs. p(a* | o).

For this, it really means do you think RGB + IMU gives some
info as full state implicitly



Q1 SimZ2Real Transfer For Drone Racing

(a) (8 pts) Observation gap. In simulation, the algorithmic expert observes the full privileged
state sP"'V = (p,v, R,w, gate poses), where p,v are position and velocity, R is the rotation
matrix, w is body rate, and gate poses are known exactly. The learned student policy,
however, only observes o = (I;,w;), i.e., an RGB image and IMU gyro reading.

e Define formally what it means for o to be a sufficient statistic for action selection, in
terms of the conditional distribution p(a* | sP™V) vs. p(a* | 0).

p(a‘(&mv) pu p(a*(o)



Q1 SimZ2Real Transfer For Drone Racing

(a) (8 pts) Observation gap. In simulation, the algorithmic expert observes the full privileged
state sP"'V = (p,v, R,w, gate poses), where p,v are position and velocity, R is the rotation
matrix, w is body rate, and gate poses are known exactly. The learned student policy,
however, only observes o = (I;,w;), i.e., an RGB image and IMU gyro reading,.

e The velocity v is not directly observable from a single image frame. Propose one archi-
tectural modification to the student policy that could allow it to implicitly estimate
velocity without access to a separate velocity estimator, and justify your proposal in
terms of the information contained in the input.
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(a) (8 pts) Observation gap. In simulation, the algorithmic expert observes the full privileged
state sP"'V = (p,v, R,w, gate poses), where p,v are position and velocity, R is the rotation
matrix, w is body rate, and gate poses are known exactly. The learned student policy,
however, only observes o = (I;,w;), i.e., an RGB image and IMU gyro reading,.

e The velocity v is not directly observable from a single image frame. Propose one archi-
tectural modification to the student policy that could allow it to implicitly estimate
velocity without access to a separate velocity estimator, and justify your proposal in
terms of the information contained in the input.

LSTM layer to add memory, or in the observation you can
have a history of inputs



Q1 SimZ2Real Transfer For Drone Racing

(b) (12 pts) Domain randomization and its limits. To improve robustness, you apply
domain randomization (DR) during training by sampling simulation parameters & ~ p(§)
(e.g., motor time constants, drag coefficients, visual textures). Let L£¢(6) denote the BC loss
under parameters &:

‘Cf(g) — _E(s,a*)~D§ [lOg 7T9(a'* | O(Saf))]-
The DR objective is
Lor(0) = Eep(e)[Le(0)]-

One note is that you should probably rondomize the RGB
observation heavily but not included for this question.
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(b) (12 pts) Domain randomization and its limits. To improve robustness, you apply
domain randomization (DR) during training by sampling simulation parameters & ~ p(§)
(e.g., motor time constants, drag coefficients, visual textures). Let L£¢(6) denote the BC loss
under parameters &:

Le(0) = —E(sar)~p, [log mo(a™ | o(s,£))]-
The DR objective is
Lor(0) = Egpe) [Le(9)]-

e Show that minimizing Lpr(#) is equivalent to minimizing the expected KL divergence
between the expert distribution and the student distribution under the mizture q(s) =
E¢[ge(s)], where ge(s) is the marginal state distribution under parameters . (Hint:
expand the log and use linearity of expectation.)



Q1 SimZ2Real Transfer For Drone Racing

Measuring how well the student assigns high probability to
expert's action under certain randomized parameter

Eﬁ(o) - —IE(s,av*)vag [log 7!'3((1* | O(S,E))].

How well does it imitate expert on average across all
parameters

Lpr(0) = Eepe)[Le(0)).
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Measuring how well the student assigns high probability to
expert's action under certain randomized parameter

Eﬁ(o) - —IE(s,av*)vag [log 7!'3((1* | O(S,E))].

How well does it imitate expert on average across all
parameters

Lpr(0) = Eepe)[Le(0)).



Q1 SimZ2Real Transfer For Drone Racing
Le(0) = —E(sa%)~D; [log mg(a™ | o(s,£))].

Here we rewrite this distribution using factorization of expert
data joint distribution

pe(s,a*) = ge(s)me(a* | 5)



Q1 SimZ2Real Transfer For Drone Racing

LE(()) — _E(s,a*)ND£ [1()g 7['0((1,* | O(Sv 6))] :

Le(0) = —Ey ey | S mis(a | 5)logmo(a | o(s,€)) | .



Q1 SimZ2Real Transfer For Drone Racing

Le(0) = —Eong sy | S mu(a | s)logma(a | o(s,€))| -
For this question you will need to know this identity

= Z p(a)logq(a) = H(p) + KL(p||q),



Q1 SimZ2Real Transfer For Drone Racing

Le(0) = —Eguge(e) Zﬂ'L((I ) log mp(a | o(s,€))| -

Now using

pla) =me(als),  q(a) =my(a]o(s,£)),



Q1 SimZ2Real Transfer For Drone Racing

Le(0) = —Eguge(e) Zﬂ'L((I ) log mp(a | o(s,€))| -

We get

Le(0) = Egnge(s) [H(m(- | 8)) + KL(mg(- | 5) [ mo(- | o(s,£)))]-



Q1 SimZ2Real Transfer For Drone Racing

Le(0) = Egnge(s) [H(me(- | 8)) + KL(g(- | 5) | mo(- | ofs,£)))] -

Taking this average

Lpr(0) = Egp(e)[Le(0)]-



Q1 SimZ2Real Transfer For Drone Racing

Le(0) = Egnge(s) [H(me(- | 8)) + KL(g(- | 5) | mo(- | ofs,£)))] -

Toking this average
O 9 Lpr(0) = E!;‘Np(f) [Le(0)]-

Lpr(0) = E¢np(e)Esnge(s) [H(mE( | 5)) + KL(mE(- | 8) || 70(- | o(s,£)))] -



Q1 SimZ2Real Transfer For Drone Racing

Lpr(9) = E¢np(e)Esnge(s) [H(TE(: | 8)) + KL(7E(- | ) | 70(- | 0(s,£)))] -

With linearity of expectations

LDR(O) == E&,srv% [H(WL( | S))] + EE,srvqg [KL(”TI‘J( l S) ” 7T0(° | O(S’ f)))] .



Q1 SimZ2Real Transfer For Drone Racing

LDR(()) = ]Ef,srvq,g [H(ﬂ-L( | S))] + ]EE,SN% [KL(’”L( l 8) ” 7r0(' | ()(“;’6)))] .

Not dependent on theta



Q1 SimZ2Real Transfer For Drone Racing

Lpr(0) = B¢ snge [H(mE(- | 8))] + Eg snge [KL(ma(- | 8) | mo(- | o(s,£)))]-

Not dependent on thetaq, therefore

arg mgn Lpr(0) = arg moin E¢, snge [KL(7(- | s) || mo(- | o(s,£)))] -



Q1 SimZ2Real Transfer For Drone Racing

(b) (12 pts) Domain randomization and its limits. To improve robustness, you apply
domain randomization (DR) during training by sampling simulation parameters & ~ p(§)
(e.g., motor time constants, drag coefficients, visual textures). Let L¢(6) denote the BC loss
under parameters &:

Le(0) = —E(sar)~p, [log mo(a® | o(s,§))].
The DR objective is
Lor(0) = E¢pe) [Le(0)]-

e A student claims that if £* (the real-world parameter) is in the support of p(§), then
Lpr(0) = 0 implies zero real-world error. Is this claim correct? Justify your answer by
identifying what additional condition is required beyond £* € supp(p(€)).
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(b) (12 pts) Domain randomization and its limits. To improve robustness, you apply
domain randomization (DR) during training by sampling simulation parameters & ~ p(§)
(e.g., motor time constants, drag coefficients, visual textures). Let L¢(6) denote the BC loss
under parameters &:

Le(0) = —E(sar)~p, [log mo(a® | o(s,§))].

The DR objective is
Lor(0) = Eenp(e) [Le(0)]-

e A student claims that if £* (the real-world parameter) is in the support of p(§), then
Lpr(0) = 0 implies zero real-world error. Is this claim correct? Justify your answer by
identifying what additional condition is required beyond £* € supp(p(€)).

Definitely not true, the simulated parameters are not accurate in real
world so you are learning the behavior to adapt with these
rondomization



Q1 SimZ2Real Transfer For Drone Racing

(c) (15 pts) Latency and the Markov property. Real deployment introduces a sensing-
to-actuation latency of 7 seconds due to image processing and communication delays (not
present in simulation).

e The policy 7y was trained assuming a; = mg(0¢), i.e., the action at time ¢ is a function of
the current observation. With latency 7, the action a; is instead computed from o;_;.
Using the Markov property, argue formally why this breaks the assumptions under which
BC training was performed and can lead to instability at high speeds.

During deployment the true action is based on delayed actions
a; = mg(01—7)-
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e The policy 7y was trained assuming a; = mg(0¢), i.e., the action at time ¢ is a function of
the current observation. With latency 7, the action a; is instead computed from o;_ .
Using the Markov property, argue formally why this breaks the assumptions under which
BC training was performed and can lead to instability at high speeds.

In MDP we assume that future state only dependent on current state

P(St+1 | S0:L, a():t) — P(SL+1 | -S‘L,GL),



Q1 SimZ2Real Transfer For Drone Racing

e The policy 7y was trained assuming a; = mg(0¢), i.e., the action at time ¢ is a function of
the current observation. With latency 7, the action a; is instead computed from o;_.
Using the Markov property, argue formally why this breaks the assumptions under which
BC training was performed and can lead to instability at high speeds.

So even if Ot might be sufficient for St, the delayed state might not
give enough information to satisfy MDP condition anymore, but if
the delay is short enough or with lstm the policy can still work since
state changes are small but it still breaoks MDP. At high speed it will
probably overshoot or collide or fly like it's drunk

P(Si+1 | S0:t, a0:0) = p(S141 | 1, a0),



Q2 The gquestion I made

Question 1 (15 points)

Consider an MDP with no terminal states, where the agent interacts with the environment indefi-
nitely. Assume the rewards r; are independent random variables satisfying

E[r] =0, Var(r,) = o2.

1. Suppose the infinite-horizon return is defined without discounting

o0

GL — Z Titk-

k=0

Is this return well-defined for such an infinite-horizon process? Compute the variance and
determine what it converges to.

2. Now define the discounted return
[o o]

k
Gy = Z'y Tltk-
k=0

Compute the variance for the new discounted return.
3. Discuss advantages and disadvantages of modeling reinforcement learning problems as infinite-

horizon environments versus episodic environments with terminal states. Will one formulation
produce a better policy than the other?
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What happens when you have no termination condition, there is no
resets and it just keeps surviving.



Q2 Infinite Horizon

Consider an MDP with no terminal states, where the agent interacts with the environment indefi-
nitely. Assume the rewards r, are independent random variables satisfying

E[r] =0, Var(ry) = o2.

1. Suppose the infinite-horizon return is defined without discounting

o0

GL — Z Ti+k-

k=0

Is this return well-defined for such an infinite-horizon process? Compute the variance and
determine what it converges to.



Q2 Infinite Horizon

Consider an MDP with no terminal states, where the agent interacts with the environment indefi-
nitely. Assume the rewards r; are independent random variables satisfying

E[r] =0, Var(ry) = o2.

1. Suppose the infinite-horizon return is defined without discounting

o0

GL — Z Ti+k-

k=0

Is this return well-defined for such an infinite-horizon process? Compute the variance and
determine what it converges to.

You will need to know how to compute the variance



Q2 Infinite Horizon

E[r,] = 0, Var(r,) = o2.

1. Suppose the infinite-horizon return is defined without discounting

o0

Gt = Z Ti4k-

k=0

oo

Var(G,) = Var Z Tyt k
k=0



Q2 Infinite Horizon

E[r,] =0, Var(r,) = o2.

1. Suppose the infinite-horizon return is defined without discounting

o0

GL — Zer.
k=0
Var(G,) = Var Z Tk | = ZVM(er)
k=0 k=0

Assume reward are independent



Q2 Infinite Horizon

E[r,] =0, Var(r,) = o2.

1. Suppose the infinite-horizon return is defined without discounting

o0

Gt = Z Ti4k-

k=0

oo

Var(G,) = Var Zer = ZVar(er) = 202.

k=0 k=0 k=0



Q2 Infinite Horizon

E[r,] =0, Var(r,) = o2.

1. Suppose the infinite-horizon return is defined without discounting

o0
Gy = Z Titk-
k=0
oo o0 o0
Var(G,) = Var Zer = ZVar(er) = 202.
k=0 k=0 k=0

Var(G,) = o? Z 1=60.
k=0



Q2 Infinite Horizon

Hence this is not well defined

Var(G,) = o Z 1 =606
k=0



Q2 Infinite Horizon

2. Now define the discounted return
o0
G k
Xioy Y Ti+k-
k=0

Compute the variance for the new discounted return.
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2. Now define the discounted return

o0
k
Gy = E Y Titk-
k=0

Compute the variance for the new discounted return.

Var(G ) = Z v Var(r, 1) Z 62 =0 Z’y%.

k—7 k=0 k=0

To move variance inside you need to multiply by another
gamma’k



Q2 Infinite Horizon

Since it is geometric series you can also write

Var(Gm) — |’7| < 1.

1 —~2’



Q2 Infinite Horizon

2. Now define the discounted return

o0
k
Gy = E Y Ttk
k=0

Compute the variance for the new discounted return.

It converges
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2. Now define the discounted return

o0
k
Gy = E Y Ttk
k=0

Compute the variance for the new discounted return.

It converges



Q2 Infinite Horizon

3. Discuss advantages and disadvantages of modeling reinforcement learning problems as infinite-
horizon environments versus episodic environments with terminal states. Will one formulation

produce a better policy than the other?

Infinite horizon better aligns with real task (low bias, high
variance)

With artificial resets you get high bias but low variance

Neither is better
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3. Discuss advantages and disadvantages of modeling reinforcement learning problems as infinite-
horizon environments versus episodic environments with terminal states. Will one formulation

produce a better policy than the other?

Infinite horizon better aligns with real task (low bias, high
variance)

With artificial resets you get high bias but low variance

Neither is better



Q3

Consider a one-state bandit MDP with three actions {a1, a2, a3} and deterministic rewards r(a;) =
4, r(ag) = 1, r(ag) = 0. The policy is parameterized via softmax:

0.
e

7r0(ai) — m, 0 = (01, 02a03)-
J=

We run REINFORCE to update our policy. The single-sample gradient after taking action ap with
reward r(ag) is:

Vo = r(ag) - Vglog mp(ay).

(a) Compute % log mg(ax) for the softmax policy above. Express your answer in terms of the
T
policy probabilities my(a;) and an indicator 1[i = k].

(b) Using your result from part (a), write out the expected policy gradient Eq~r,[VoJ]. Be sure
to show all work.

(¢) A student claims: “Since all rewards are non-negative, the REINFORCE update always in-
creases 0 for the sampled action. Therefore the algorithm can never learn to avoid a subopti-
mal action.” Is this a true statement? Using your expression from part (b), compute E[Vj.J3]
(the expected update to the parameter for action az) to support your answer.



Q3

Consider a one-state bandit MDP with three actions {a1, a2, a3} and deterministic rewards r(a;) =
4, r(ag) = 1, r(ag) = 0. The policy is parameterized via softmax:

el

3

D -1 eli’

We run REINFORCE to update our policy. The single-sample gradient after taking action a; with
reward r(ay) is:

mo(a;) = 0 = (01,02,03).

VoJ =r(ag) - Vg log mg(ag).

(a) Compute —3‘3 log mp(ax) for the softmax policy above. Express your answer in terms of the
T
policy probabilities my(a;) and an indicator 1[i = kJ.
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Ok
o (ak) = '—;—OJ

D=1 €?
We first take the log

log mp(ar) = O — log(

3

e

j=1



Ok
7ro(ak) = _—;—0]

D ik
We first take the log

3
log mp(ar) = O — log (Z eoj) ;

j=1
Differentiating theta gives the following since ¢ = (,,0,, 65).
0 O = 1[i = k.

00;



Q3

Wo(ak) = "—-i—oj

Y =ik
We first take the log

3
log mp(ar) = O — log (Z eoj) ;

j=1
Differentiating theta gives the following since
50; % = 1=k

Log differentiation
0.

3 - 3
0 0
1 0| = —
20; " ° (Z ) Zj_lfo 90, 3 A

j=1 =1

= mg(a;).



Q3

. 1 0 :
log e | = — i = _——
Zl j :3 0j (’01, g Z‘

3

log mp(ax) = O — log Z i

j=1

0

00;

0 = 1[i = k).

3

00;

i log mp(ax) = 1[i = k] — mp(ay).




Q3

Consider a one-state bandit MDP with three actions {a1, a2, a3} and deterministic rewards r(a;) =
4, r(ag) = 1, r(asz) = 0. The policy is parameterized via softmax:

0.
(e

7rg(a.,-) — W, 0 = (01’02103)'
Jj=

We run REINFORCE to update our policy. The single-sample gradient after taking action aj with
reward r(ay) is:

VoJ = r(ag) - Volog mp(ag).

(a) Compute % log mp(ax) for the softmax policy above. Express your answer in terms of the
T
policy probabilities my(a;) and an indicator 1[i = k.

(b) Using your result from part (a), write out the expected policy gradient Eq~r,[VoJ]. Be sure
to show all work.



Q3

VoJ = r(ag) - Volog mp(ag).

(a) Compute ()—'Zt log mp(ax) for the softmax policy above. Express your answer in terms of the
policy probabilities my(a;) and an indicator 1[i = kJ.

(b) Using your result from part (a), write out the expected policy gradient Eyr,[VeJ]. Be sure
to show all work.

3 2
0
E[VoJi] =) mo(ax)r(ax) ()(—0 log mg(ay)-

Since we are taking expectation over action out of pi



Q3

Vo =r(ax) - Volog mp(a).

(a) Compute % log mp(ax) for the softmax policy above. Express your answer in terms of the
policy probabilities my(a;) and an indicator 1[i = k.

(b) Using your result from part (a), write out the expected policy gradient Eyr,[VeJ]. Be sure
to show all work.

3
E[VoJi] =) mo(ax)r(ax)
k=1

(; log mp(ay)-

00;

Now Plug in result from Q)

3
E[VyJ;] = Z mo(ax) r(ag) (l[z = k] — 7r0(a,-)).
k=1



Q3

E[VyJ;] =

z mo(ai) r(ar) (106 = K] — mo(ay)).

Distribute the terms

E[VgJ;] =

3
Z mg(ax) r(ag) 1[i = k] — Z mo(ax) r(ag) mo(a;).
k=1



Q3

E[VyJ;] = Z mo(ax) r(ax) (1[i = k] — mp(a;)).
k=1
Distribute the terms
3 3
E[VgJ;] = Z mg(ax) r(ag) 1[i = k] — Z mo(ag) r(a) mo(a;).
k=1 k=1

Noticed that when i=k it is T and everything else it is 0 so
we can just simplify

Zwo(ak) r(ax) 1[i = k] = mg(a;) r(a;).
k=1



Q3

E[VoJ;] = Z mg(ag) r(ax) 1[i = k] — Z mo(ag) r(a) mo(a;).
k=1 k=1

In this second term the pi theta does not depend on k, so
we factor

3 3
Z mo(ax) r(ax) mo(a;) = mp(a;) Z mo(ax) r(ag).
k=1 k=1



Q3

3 3
E[VoJ;] =Y molar)r(ar) 1[i = k] — Y mp(ax) r(ax) mo(as)-
k=1 k=1

In this second term the pi theta does not depend on k, so
we factor

Z mo(ax) r(ax) mo(a;) = mp(a;) Z mo(ax) r(ag).
k=1 k=1

The term below is also the expected reward under the
current policy we can write itas r

Zizl mo(ak) r(ak)



3 3
Q3 E[VyoJ;| = Z mo(ax) r(ag) 1[i = k] — Z mo(ax) r(ag) mo(a;).
k=1 k=1

In this second term the pi theta does not depend on k, so
we factor

3 3
> " mo(ar) r(ak) mo(a;) = mo(a;) Y mo(ax) r(ax).
k=1 k=1

E[VoJi| = mo(ai) r(a;) — mo(ai) T

= | mg(ai) (r(ai) - F).




Consider a one-state bandit MDP with three actions {a,, as, a3} and deterministic rewards r(a;) =
4, r(az) =1, r(a3) = 0. The policy is parameterized via softmax:

el
Q 3 mo(ai) = W, 0 = (01,02,03).
j=1€

(c) A student claims: “Since all rewards are non-negative, the REINFORCE update always in-
creases 0y for the sampled action. Therefore the algorithm can never learn to avoid a subopti-
mal action.” Is this a true statement? Using your expression from part (b), compute E[Vy.J2]
(the expected update to the parameter for action az) to support your answer.

Start by setting i = 2 for equation from b)
E[Vo.J2] = 7ro(a2)(r(a2) & f).



Consider a one-state bandit MDP with three actions {a,, as, a3} and deterministic rewards r(a;) =
4, r(az) =1, r(a3) = 0. The policy is parameterized via softmax:

el
Q 3 (i) = =5, 0 = (01,02,03).

0.

> j=1€%

(¢) A student claims: “Since all rewards are non-negative, the REINFORCE update always in-
creases 0y for the sampled action. Therefore the algorithm can never learn to avoid a subopti-
mal action.” Is this a true statement? Using your expression from part (b), compute E[Vy.J2]
(the expected update to the parameter for action az) to support your answer.

Start by setting i = 2 for equation from b)
E[Vo.J2] = 71’0((12)(7‘(0,2) & f).

This is also 1from the question

E[VgJ2) = mp(az)(1 — f).



Q3

Consider a one-state bandit MDP with three actions {a,, as, a3} and deterministic rewards r(a;) =
4, r(az) =1, r(a3) = 0. The policy is parameterized via softmax:

edi
A) = =" a0 ():()70f’():.
mo(a;) Z:;:l 7 (01,02,03)

(¢) A student claims: “Since all rewards are non-negative, the REINFORCE update always in-
creases 0y for the sampled action. Therefore the algorithm can never learn to avoid a subopti-
mal action.” Is this a true statement? Using your expression from part (b), compute E[Vy.J2]
(the expected update to the parameter for action az) to support your answer.

To make this negative r bar just have to be greater than T

]E[Von] = 7rg(a2)(1 — f).



Q3

Consider a one-state bandit MDP with three actions {a,, as, a3} and deterministic rewards r(a;) =
4, r(az) =1, r(a3) = 0. The policy is parameterized via softmax:

el
mo(ai) = E'T‘—f’o? 0 = (01,02,03).
j=1€

(¢) A student claims: “Since all rewards are non-negative, the REINFORCE update always in-
creases 0y for the sampled action. Therefore the algorithm can never learn to avoid a subopti-
mal action.” Is this a true statement? Using your expression from part (b), compute E[Vy.J2]
(the expected update to the parameter for action az) to support your answer.

To make this negative r bar just have to be greater than T

]E[Von] = 7rg(a2)(1 — f).

r=4mp(ay) +1-m(az) + 0 - mp(az) = 4mp(ay) + mo(as).



Consider a one-state bandit MDP with three actions {a,, as, a3} and deterministic rewards r(a;) =
4, r(az) =1, r(a3) = 0. The policy is parameterized via softmax:

el
Q 3 (i) = =5, 0 = (01,02,03).

>j—1€%

(c) A student claims: “Since all rewards are non-negative, the REINFORCE update always in-
creases 0y for the sampled action. Therefore the algorithm can never learn to avoid a subopti-
mal action.” Is this a true statement? Using your expression from part (b), compute E[Vy.J2]
(the expected update to the parameter for action az) to support your answer.

Clearly this can easily be greater than 1, assume you have
a uniform policy where each pi = % then it is already 5/3

r=4mg(ay) +1-mp(az) + 0 - mp(az) = 4mg(a,) + mo(as).



Consider a one-state bandit MDP with three actions {a,, as, a3} and deterministic rewards r(a;) =
4, r(az) =1, r(a3) = 0. The policy is parameterized via softmax:

el
Q 3 (i) = =5, 0 = (01,02,03).

>j—1€%

(¢) A student claims: “Since all rewards are non-negative, the REINFORCE update always in-
creases 0y for the sampled action. Therefore the algorithm can never learn to avoid a subopti-
mal action.” Is this a true statement? Using your expression from part (b), compute E[Vy.J2]
(the expected update to the parameter for action az) to support your answer.

Clearly this can easily be greater than 1, assume you have
a uniform policy where each pi = % then it is already 5/3

r=4mg(ay) +1-mp(az) + 0 - mp(az) = 4mg(a,) + mo(as).

Therefore the answer is false it can be negative



Thank You

Good Luck on the Drone race and Final



