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Questions We will Look At 

1. Sample Question Made by Vaibhav

2. Question 1 of Midterm

3. Question 4 of Midterm



Q1 Sim2Real Transfer For Drone Racing
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Q1 Sim2Real Transfer For Drone Racing

This Course



Q1 Sim2Real Transfer For Drone Racing

This Course

What could help scale it up



Q1 Sim2Real Transfer For Drone Racing

This is how teacher-student Distillation work 



Q1 Sim2Real Transfer For Drone Racing



Q1 Sim2Real Transfer For Drone Racing

For this, it really means do you think RGB + IMU gives same 
info as full state implicitly
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Q1 Sim2Real Transfer For Drone Racing

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



Q1 Sim2Real Transfer For Drone Racing

One note is that you should probably randomize the RGB 
observation heavily but not included for this question.
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Q1 Sim2Real Transfer For Drone Racing

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

How well does it imitate expert on average across all 
parameters 



Q1 Sim2Real Transfer For Drone Racing

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

How well does it imitate expert on average across all 
parameters 



Q1 Sim2Real Transfer For Drone Racing

Here we rewrite this distribution using factorization of expert 
data joint distribution
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For this question you will need to know this identity 
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Now using



Q1 Sim2Real Transfer For Drone Racing

We get



Q1 Sim2Real Transfer For Drone Racing

Taking this average
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Taking this average



Q1 Sim2Real Transfer For Drone Racing

With linearity of expectations



Q1 Sim2Real Transfer For Drone Racing

Not dependent on theta
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Not dependent on theta, therefore
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Q1 Sim2Real Transfer For Drone Racing

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



Q1 Sim2Real Transfer For Drone Racing

During deployment the true action is based on delayed actions



Q1 Sim2Real Transfer For Drone Racing

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



Q1 Sim2Real Transfer For Drone Racing

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 breaks MDP. At high speed it will 
probably overshoot or collide or fly like it's drunk



Q2 The question I made
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Q2 The question I made

What happens when you have no termination condition, there is no 
resets and it just keeps surviving.



Q2 Infinite Horizon



Q2 Infinite Horizon

You will need to know how to compute the variance



Q2 Infinite Horizon



Q2 Infinite Horizon

Assume reward are independent



Q2 Infinite Horizon
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Q2 Infinite Horizon

Hence this is not well defined



Q2 Infinite Horizon



Q2 Infinite Horizon

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



Q2 Infinite Horizon

Since it is geometric series you can also write



Q2 Infinite Horizon

It converges



Q2 Infinite Horizon

It converges



Q2 Infinite Horizon

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

With artificial resets you get high bias but low variance

Neither is better



Q2 Infinite Horizon

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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Q3



Q3

We first take the log 



Q3

We first take the log 

Differentiating theta gives the following since 



Q3

Differentiating theta gives the following since 

We first take the log 

Log differentiation
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Q3

Since we are taking expectation over action out of pi



Q3

Now Plug in result from a)



Q3

Distribute the terms 



Q3

Distribute the terms 

Noticed that when i=k it is 1 and everything else it is 0 so 
we can just simplify



Q3

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



Q3

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

The term below is also the expected reward under the 
current policy we can write it as 



Q3

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



Q3

Start by setting i = 2 for equation from b)
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Start by setting i = 2 for equation from b)

This is also 1 from the question



Q3

To make this negative r bar just have to be greater than 1
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To make this negative r bar just have to be greater than 1



Q3

Clearly this can easily be greater than 1, assume you have 
a uniform policy where each pi = ⅓ then it is already 5/3



Q3

Clearly this can easily be greater than 1, assume you have 
a uniform policy where each pi = ⅓ then it is already 5/3

Therefore the answer is false it can be negative



Thank You

Good Luck on the Drone race and Final


