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Q1. [20 pts] Potpourri
Note: This question is relatively long, so be sure to skip ahead and come back to it if you get stuck!

(a) [2 pts] Select all true statements.

□ Depth-first graph search is guaranteed to be complete in a finite-space search problem.
□ If the cost of expanding any node is 1, breadth-first search is guaranteed to be both optimal and complete.
□ If ℎ1(𝑥) and ℎ2(𝑥) are two consistent heuristics, then ℎ3(𝑥) = max{ℎ1(𝑥), ℎ2(𝑥)} is also consistent.

□ In Monte Carlo Tree Search, performing more rollouts will always yield better decisions.
# None of the above.

(b) [1 pt] We have a six-sided die, labeled one through six. If we end up observing the seven die-rolls of 6, 3, 4, 2, 5, 6, 1 from
this die, what is the maximum likelihood estimate of 𝑝, the probability of rolling a 6?

(c) [2 pts] Is the perceptron algorithm a form of supervised learning, or unsupervised learning? Explain your answer choice
in three sentences or fewer.

# Supervised Learning # Unsupervised Learning # Neither

(d) [1 pt] Select the true statement about HMM’s.

# The Viterbi algorithm, for each state at time 𝑡, keeps track of the total probability of all paths to it.
# The Viterbi algorithm chooses the state sequence that maximizes the likelihood of the observation sequence.

(e) [3 pts] Suppose we have a Bayes net with binary variables 𝐴,𝐵, 𝐶,𝐷. The conditional probability tables (CPT’s) for this
Bayes net are 𝑃 (𝐴|𝐵), 𝑃 (𝐵), 𝑃 (𝐶|𝐴,𝐵), and 𝑃 (𝐷|𝐶). Using Likelihood weighting to estimate the query 𝐏(−𝐛| + 𝐚,+𝐝),
we obtain the two samples below.
Fill in the weight for each sample as a product of probabilities. For instance, an example (but incorrect) answer would
look like 𝑃 (+𝑎| − 𝑐)𝑃 (−𝑎| + 𝑏,−𝑑).

Sample 1: (+𝑎,+𝑏,+𝑐,+𝑑) ∶

Sample 2: (+𝑎,−𝑏,−𝑐,+𝑑) ∶
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Wesley is assigning robots𝑅1, 𝑅2, 𝑅3, 𝑅4, and𝑅5 to translate texts from English into the languages German, Chinese, Japanese,
Arabic, and Hindi. Each robot will only be able to translate English into exactly one of the five languages, and so Wesley decides
to model this as a CSP. Additionally, Wesley has listed the following restrictions he needs to follow:

1. 𝑅3 will only translate Japanese.

2. 𝑅1 and 𝑅2 will translate the same language.

3. 𝑅4 will translate a language that is different from the rest of the robots.

4. 𝑅2 will only translate either German or Hindi.

(f) [2 pts] How many edges are in the constraint graph for this CSP, assuming 𝑅1, 𝑅2, 𝑅3, 𝑅4, and 𝑅5 are the variables?

Suppose we are in the middle of running the AC-3 arc consistency algorithm on this CSP, and the domains for each of the robots
currently are as follows, where only 𝑅3 has been assigned a value:

1. 𝑅1 = {𝐺𝑒𝑟𝑚𝑎𝑛,𝐻𝑖𝑛𝑑𝑖}

2. 𝑅2 = {𝐺𝑒𝑟𝑚𝑎𝑛, 𝐶ℎ𝑖𝑛𝑒𝑠𝑒, 𝐽𝑎𝑝𝑎𝑛𝑒𝑠𝑒, 𝐴𝑟𝑎𝑏𝑖𝑐,𝐻𝑖𝑛𝑑𝑖}

3. 𝑅3 = {𝐽𝑎𝑝𝑎𝑛𝑒𝑠𝑒}

4. 𝑅4 = {𝐺𝑒𝑟𝑚𝑎𝑛, 𝐶ℎ𝑖𝑛𝑒𝑠𝑒, 𝐽𝑎𝑝𝑎𝑛𝑒𝑠𝑒, 𝐴𝑟𝑎𝑏𝑖𝑐,𝐻𝑖𝑛𝑑𝑖}

5. 𝑅5 = {𝐺𝑒𝑟𝑚𝑎𝑛, 𝐶ℎ𝑖𝑛𝑒𝑠𝑒, 𝐽𝑎𝑝𝑎𝑛𝑒𝑠𝑒, 𝐴𝑟𝑎𝑏𝑖𝑐,𝐻𝑖𝑛𝑑𝑖}

(g) [3 pts] After processing each of the arcs below, write down which arcs we need to add back to our queue as a result of
it, separated by commas. Assume that these arcs are processed in isolation (not one after the other, so the domains stay
the same with each arc). You may also ignore the arcs that are already in the queue (so you don’t have to worry about
duplicate arcs in the queue). If no new arcs get added to the queue after the arc is processed, write "None".
For instance, if you believe the arcs 𝑅1 → 𝑅2, 𝑅3 → 𝑅4, and 𝑅5 → 𝑅1 get added to the queue as a result of processing
the specific arc, write down "𝑅1 → 𝑅2, 𝑅3 → 𝑅4, 𝑅5 → 𝑅1".
𝑅4 → 𝑅3

𝑅5 → 𝑅3
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(h) [3 pts] Select the following true statements. For all answers, you may assume that “tokens” means roughly the same thing
as “words.”)

□ RNNs solve the “memory bottleneck” problem in LSTMs, and so RNNs are better at preserving information
about early tokens in a sequence.
□ Masked language models predict each token based on the previous ones, while autoregressive (causal) language
models predict only some fraction of the tokens based on the tokens before and after them.
□ When generating a sequence of tokens, models composed of Transformers use the attention mechanism to

capture relationships between the token being generated and earlier tokens in a sequence.
□ Language models today are first pretrained on small amounts of curated, labeled data, then fine-tuned on large
amounts of uncurated, unlabeled data.
□ After fine-tuning, an efficient and common way to encourage specific behaviors is to use RL with KL control,
regardless of whether the specific behavior exists in the pretraining or fine-tuning data.
□ DDQN prevents the Q estimator learning algorithm from propagating a spike (>> 𝑄∗) in one 𝑄spike value

into the Q values that depend on that 𝑄spike, but it does not help with overfitting. Hint: recall that Double Deep
Q-Network (DDQN) keeps 2 Q estimators so that in computing 𝑉 (𝑠′) to use in weight updates, one estimator gives
𝑄(𝑠′, 𝑎′) while the other one decides 𝑎′ such that it maximizes 𝑄other(𝑠′, 𝑎′).
# None of the above.

(i) [2 pts] Bob is a TA for a computer science class. Bob’s professor accidentally deletes most of the files in each student’s
final project (oops!). The professor asks Bob to train a neural network using data from past semesters that takes in each
student’s past grades, personal information (name, age, etc.), and the remaining code for their final project, and then
generate a final project grade with an explanation. The professor says she’ll use the model outputs to help her decide on
final project grades, then release the trained model online so others can predict grades based on students’ past work.
Which of the following problems should Bob be concerned about?

□ The model might learn patterns that are unfair to some students, such as predicting higher grades for older
students.
□ When assigning grades, the professor will most likely trust her own flawed judgment over the model’s impartial
decision, an example of automation bias.
□ Once the model is released online, other users might be able to extract students’ personal information by

querying the model.
# None of the above.

(j) [1 pt] Suppose we have 20 data points, in which 10 of them are considered positive (indicated by a +) and the other 10
are considered negative (indicated by a −). We want to use a decision tree to split up our data, and we have four features
to choose from to split our data. Which of the following splits results in the greatest information gain? Assume that

|

|

|

|

is
the symbol for separating groups formed by splitting on the feature.

# + − + − + − + − + −
|

|

|

|

− + − + − + − + − +

# + +
|

|

|

|

− + − + − + − +
|

|

|

|

− − + +
|

|

|

|

+ + − −

# + + + + + + + + + −
|

|

|

|

− − − − − − − − − +

# + −
|

|

|

|

+ −
|

|

|

|

− −
|

|

|

|

+ + + + + + + + − − − − − −
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Q2. [14 pts] Search & Games: Lights, Camera, Action!
Vivien is currently on an 𝑀 × 𝑁 grid, and she wants to take pictures of 𝑘 sites located on the grid, with each site occupying
exactly one square on the grid. At each timestep, she can either move up, down, left, or right exactly one square (assuming this
move does not push her out of the grid), or she can stay put and take a picture of her current square. The sites never move, and
the 𝑘 sites are labeled as 𝑠1, 𝑠2,… , 𝑠𝑘.

Figure 1: In the example 5 × 7 grid above, assuming that (1, 1) is located at the bottom left square, Vivien is located at (1, 1).
In this example, 𝑘 = 3, and the location of the three sites, indicated by filled squares, are (4, 1), (3, 5), and (6, 2).

Vivien’s goal is to take a picture of each of the 𝑘 sites on the grid. She can only take a picture of a site when she is on that
site’s respective square. Note that Vivien can take a picture of whatever square she’s currently on, even if it’s a blank square or
a square of an already photographed site. This action will essentially do nothing.

Vivien decides to model this as a search problem.

(a) [2 pts] Do the sites’ locations need to be considered for the state space size calculation? Explain why or why not.

# Yes # No

(b) [2 pts] Select all true statements.

□ Depth-first tree search is guaranteed to be complete for this search problem.
□ When calculating the branching factor from a state, we take into account actions that result in our agent staying
in the same state after taking that action.
□ At least a boolean variable is needed for each site when encoding a state representation for the search problem
to check whether that site has been photographed yet.
□ The optimal solution to this search problem is always unique, meaning there is only ever at most one possible

optimal solution.
# None of the above.
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From this subpart onwards, we examine two scenarios for the search problem, labelling them as scenario 1 and scenario 2:

Scenario 1: Vivien can take pictures of the 𝑘 sites in any order. The goal is just to have every site be photographed at least once.

Scenario 2: Vivien still wants to take a picture of each of the 𝑘 sites, but she cannot take a picture of site 𝑠𝑗 unless sites
𝑠1, 𝑠2,… , 𝑠𝑗−1 have all been photographed, for all 1 < 𝑗 ≤ 𝑘.

(c) [2 pts] Vivien implements goal tests 𝐺(𝑠) and 𝐺′(𝑠′) for scenarios 1 and 2, respectively. What is the tightest upper bound
(in big 𝑂 notation) it takes to run 𝐺(𝑠) and 𝐺′(𝑠′), in terms of the variables above (as well as constants, if necessary)?
Assume we are using a minimal state space representation, and the functions are optimal (written to be as fast as possible).

𝐺(𝑠) =

𝑂
( )

𝐺′(𝑠′) =

𝑂
( )

(d) [3 pts] For each of the following heuristics, determine if it is admissible for scenario 1, scenario 2, both, or neither. Assume
the heuristic is zero at a goal state.
One plus the maximum Manhattan distance between Vivien and any of the non-photographed sites.

□ Admissible for scenario 1. □ Admissible for scenario 2. # Inadmissible for both.

One plus the Manhattan distance between Vivien and 𝑠𝑗 , where 𝑗 is the minimum number such that 𝑠𝑗 has not been
photographed yet.

□ Admissible for scenario 1. □ Admissible for scenario 2. # Inadmissible for both.

(e) [2 pts] Now, Mustafa joins the search problem with Vivien and starts off at a random square. He can move around and
take pictures of sites in the same way Vivien can.
Out of the following game scenarios, select the zero-sum games.

□ The game ends when both Mustafa and Vivien photograph all 𝑘 sites, and at the end, each person receives a
score equal to the number of moves they made in the game.
□ The game ends when all 𝑘 sites have been photographed, but only ONE of Mustafa or Vivien needs to take a

picture for each site. The score is the same as the first option.
□ The game ends when all 𝑘 sites are photographed, but only ONE of Mustafa or Vivien can photograph each

state. However, between Mustafa and Vivien, the person that photographed the MOST of the 𝑘 sites wins.
# None of the above.

(f) [3 pts] Select all true statements about the mini-max game tree shown. It is independent from the subproblems before.

Suppose that the values in the terminal nodes have the property that either 𝐷 or 𝐸 is the
minimum value out of the four terminal nodes, and either 𝐹 or 𝐺 is the maximum value
out of the four terminal nodes.

Assume that alpha-beta pruning visits nodes from left to right.

□ Assuming no pruning, any of the four terminal nodes can be propagated up to
the root node.

□ If 𝐹 is the max terminal node value, then 𝐺 is guaranteed to always be pruned.

□ This game tree represents a zero-sum game.

□ In general (not just in this game tree), alpha-beta pruning can sometimes
result in different values being propagated up compared to standard mini-max tree
calculations.

# None of the above.

𝐴

𝐵 𝐶

𝐷 𝐸 𝐹 𝐺
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Q3. [13 pts] HMMs: Inside Out
Riley has 3 different observed behaviors for a given time 𝑡: smiling (𝑆𝑡), crying (𝐶𝑡), and laughing (𝐿𝑡). At each time step, each
of these behaviors will either be observed (𝑋𝑡 = 1) or not observed (𝑋𝑡 = 0), and this value is dependent on whether or not
her primary emotion, Joy, is active at time 𝑡 (𝐽𝑡 = 1). Zero, one, or two behaviors can be observed at a given time. We cannot
directly observe the state of Joy.

This setup can be modeled by the following Hidden Markov Model. You may assume that 𝑃 (𝐶𝑖|𝐽𝑖) is the same for all 1 ≤ 𝑖 ≤ 𝑛,
and you can assume the same for 𝑃 (𝑆𝑖|𝐽𝑖) and 𝑃 (𝐿𝑖|𝐽𝑖).

𝐶1

𝑆1

𝐿1 𝐶2

𝑆2

𝐿2 𝐶3

𝑆3

𝐿3 𝐶𝑛

𝑆𝑛

𝐿𝑛

𝐽1 𝐽2 𝐽3 𝐽𝑛

. . .

. . .

(a) [2 pts] What is the minimum number of conditional probability tables (CPTs) needed to model this HMM?

# 4
# 5
# 4𝑛
# 5𝑛

.

(b) [3 pts] Assume we observe that 𝐽2 = 1. Which variable(s) in the HMM are guaranteed to be conditionally independent
of 𝐽1 given the observed variable?

□ 𝐽1 □ 𝑆1 □ 𝐶1 □ 𝐿1

□ 𝑆2 □ 𝐶2 □ 𝐿2 □ 𝐽3

□ 𝑆3 □ 𝐶3 □ 𝐿3 # None of the above

We want to model our belief distribution 𝐵(𝐽𝑖) for whether Joy is active (𝐽𝑖 = 1) or inactive (𝐽𝑖 = 0) at any given time step 𝑖,
given all observations of 𝐶 , 𝑆, and 𝐿 up to and including time 𝑖.

(c) [3 pts] Rewrite the update rule that would be used to derive 𝐵(𝐽𝑖+1) by filling in the blanks of the expression below.

𝐵(𝐽𝑖+1) = (i) ⋅ (ii) ⋅
∑

𝑗𝑖

(

(iii) ⋅ 𝐵(𝑗𝑖)
)

(i) # 1 # 𝑃 (𝐽𝑖+1|𝐽𝑖) # 𝑃 (𝐶𝑖+1|𝐽𝑖+1) # ∑

𝑐
∑

𝓁
∑

𝑠 𝑃 (𝐽𝑖|𝑐𝑖,𝓁𝑖, 𝑠𝑖)

(ii) # 𝑃 (𝐽𝑖) # 𝑃 (𝐽𝑖+1|𝐽𝑖) # 𝑃 (𝐿𝑖+1|𝐽𝑖+1)𝑃 (𝑆𝑖+1|𝐽𝑖+1) # ∑

𝑠
∑

𝓁 𝑃 (𝐽𝑖+1|𝑠𝑖+1,𝓁𝑖+1)

(iii) # 𝑃 (𝑗𝑖) # 𝑃 (𝐽𝑖+1|𝑗𝑖) # 𝑃 (𝑗𝑖|𝑐𝑖, 𝑠𝑖,𝓁𝑖) # 𝑃 (𝐽𝑖+1|𝑐𝑖+1, 𝑠𝑖+1,𝓁𝑖+1)
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Riley’s parents want to tell her some important news, and want to know who should tell her the news out of the two. After
observing her behaviors at the third timestep, they will decide whether the mom gives the news (𝑁 = 1) or the dad gives the
news (𝑁 = 0). Their utility from Riley’s reaction to the news depends on whether Joy is active at time step 3 (𝐽3 = 1).

We can model this new setup as the following decision network:

𝐶1

𝑆1

𝐿1 𝐶2

𝑆2

𝐿2 𝐶3

𝑆3

𝐿3

𝐽1 𝐽2 𝐽3

𝑈𝑁

(d) [1 pt] VPI(𝐶1, 𝑆1, 𝐿1) _____ VPI(𝐶2, 𝑆2, 𝐿2)

# = # > # ≥ # < # ≤ # Not enough information

(e) [1 pt] VPI(𝐶1, 𝑆1, 𝐿1) _____ VPI(𝐶1, 𝑆1, 𝐿1, 𝐶2, 𝑆2, 𝐿2)

# = # > # ≥ # < # ≤ # Not enough information

(f) [1 pt] VPI(𝐶1, 𝑆1, 𝐿1, 𝐽2) _____ VPI(𝐽2)

# = # > # ≥ # < # ≤ # Not enough information

Riley’s mom will tell Riley the news (𝑁 = 1) if they believe their utility will be non-negative (𝐸𝑈 (𝑁 = 1) ≥ 0).

𝐽3 𝑈 (𝑁 = 1)
0 −8
1 10

(g) [2 pts] Let’s say Riley’s parents are only able to observe Riley’s behaviors at time 𝑡 = 1, and they observe the values
𝐶1 = 0, 𝑆1 = 1, 𝐿1 = 0. Their choice 𝑁 at 𝑡 = 3 depends solely on these observations. Should Riley’s mom tell her the
news given the assumptions about the probability distributions?
All distributions in the CPT’s are uniform.

# Yes (𝑁 = 1) # No (𝑁 = 0) # Not enough information.
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Q4. [14 pts] BN, Naive Bayes, Perceptron: Bayesketball
Wilson is preparing for his basketball game. He wants to predict his team’s game outcome (G). He believes the game outcome is
influenced by several binary random variables: Team Morale (M), Player Health (H), Training Quality (T), Opponent Strength
(O), and Recent Injuries (I). Wilson builds a Bayes Network to represent the dependencies between these variables as follows:

T I

M H

O G

(a) [3 pts] Select the independence statements that are guaranteed to be true given this Bayes Net Structure.

□ O ⟂⟂ I □ T ⟂⟂ G ∣ M, H □ I ⟂⟂ G ∣ M

# None of the above.

Wilson now computes 𝑃 (𝐺 ∣ 𝑀 = +𝑚, 𝐼 = −𝑖) using variable elimination.

(b) [2 pts] What factors are needed to eliminate 𝐻 first?

□ 𝑃 (𝑇 ) □ 𝑃 (𝐼 = −𝑖) □ 𝑃 (𝑀 = +𝑚 ∣ 𝑇 ,𝐻)

□ 𝑃 (𝐻 ∣ 𝑇 , 𝐼 = −𝑖) □ 𝑃 (𝑂) □ 𝑃 (𝐺 ∣ 𝑀 = +𝑚,𝐻,𝑂)

The basketball game is about to end and Wilson is passed the ball, forcing him to think about taking the game winning shot.
He uses a Naive Bayes classifier to help him predict the outcome of the shot. He chooses three features during classification:
Launch Angle (𝑋1), Velocity (𝑋2), and Distance (𝑋3). Below is the training dataset:

Launch Angle (𝑋1) Velocity (𝑋2) Distance (𝑋3) Outcome (𝑌 )
+ + + success
+ + + success
+ − + success
+ + − success
+ + + fail
+ − − fail

(c) [3 pts] Under Naive Bayes assumptions, solve the following probabilities:

𝑃 (𝑌 = success) = 𝑃 (𝑌 = fail) =

𝑃 (𝑋1 = + ∣ 𝑌 = success) = 𝑃 (𝑋1 = + ∣ 𝑌 = fail) =
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Wilson decides to use a perceptron instead to label whether a shot will be a success (+) or fail (−). He uses 2 features: the Spin
and Angle Offset (Angle), which can both be positive or negative integers.

Consider the following labeled training data, where each row signifies a shot:

Spin Angle Success (+) or Fail (−)
−5 1 +
3 −2 −
−2 −1 −
4 2 +

(d) [2 pts] Our perceptron weights have been initialized to 𝑤spin = 1 and 𝑤angle = −1. After processing the first row with the
perceptron algorithm, what will be the updated values for these weights?

𝑤spin = 𝑤angle =

(e) [1 pt] Is the data linearly separable? Hint: You do not need to run the perceptron algorithm to figure this out.

# Yes # No

(f) [3 pts] For each of the basketball shot datasets represented by the graphs below, select the feature maps for which the
perceptron algorithm can perfectly classify the data. Each data point is in the form (𝑥1, 𝑥2) = (spin, height), and has some
label 𝑌 , which is either a + (successful shot) or - (missed shot).

−2 2

−2

2

𝑥1

𝑥2 □ 𝑥1, 𝑥2
□ 𝑥1, 𝑥2, 𝑌

□ 𝑥1, 𝑥2, 1

□ 𝑥1, 𝑥2, 𝑥21
□ 𝑥1, 𝑥2, 𝑥21, 1

−2 2

−2

2

𝑥1

𝑥2 □ 𝑥1, 𝑥2
□ 𝑥1, 𝑥2, 𝑌

□ 𝑥1, 𝑥2, 1

□ 𝑥1, 𝑥2, 𝑥21
□ 𝑥1, 𝑥2, 𝑥21, 1
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Q5. [11 pts] MDPs: Easy MDPeasy
Lauren can be on any of floors 𝐹1, 𝐹2, or 𝐹3 in her house, where 𝐹1 is the lowest floor and 𝐹3 is the highest floor.

Lauren can take the action up, which moves her from floor 𝐹𝑖 to floor 𝐹𝑖+1. If she’s originally at floor 𝐹3 and goes up, she just
stays at floor 𝐹3. Similarly, she can also take the action down, which moves her from floor 𝐹𝑖 to floor 𝐹𝑖−1. If she’s originally
at floor 𝐹1 and goes down, she just stays at floor 𝐹1.

Both of these actions work correctly with 100% probability.

Also, at any floor, Lauren can choose to take the call action, in which she makes a phone call on that floor. With this action, one
of three events can occur:

• Her call gets accepted, which lands her in the terminal state "accepted".

• Her call gets rejected, which lands her in the terminal state "rejected".

• Her phone glitches and she isn’t able to make the phone call, which causes her to stay in her current state.

Lauren decides to model this an a Markov Decision Process.

The reward is 0 for every action, except for actions that go from a floor state to one of the terminal states: going to "accepted"
yields a reward of 1, and going to "rejected" yields a reward of −1. Assume we use a discount factor of 𝛾 = 1.

For the rest of the problem, the below table will represent the transition probabilities for a 𝐜𝐚𝐥𝐥 action in our MDP, with each
cell representing 𝑇 (𝑠, 𝑐𝑎𝑙𝑙, 𝑠′) for a given 𝑠′ in the column headers and 𝑠 in the row headers.

s’ = accepted s’ = s s’ = rejected
𝑠 = 𝐹3 0.3 0.4 0.3
𝑠 = 𝐹2 0.2 0.5 0.3
𝑠 = 𝐹1 0.1 0.7 0.2

(a) [2 pts] Lauren wants to go to a floor and choose the call action repeatedly on that floor until she reaches a terminal state.
Which floor would yield the highest expected reward from doing this?

# 𝐹1 # 𝐹2 # 𝐹3

The highest expected reward:

(b) [3 pts] Select all true statements about this MDP.

□ Value iteration will converge to the optimal values after calculating 𝑉1(𝑠) for all states 𝑠 (assuming we start at
𝑉0(𝑠)).

□ Changing the discount factor 𝛾 will affect the optimal values at each state for this MDP.
□ There exists a unique optimal policy for this MDP.
□ If we introduced a negative reward when moving between floors, this could potentially change the optimal

values for some states.
# None of the above.
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(c) [4 pts] Suppose we change the reward of moving into the "accepted" state from a non-terminal state to 10, we change the
reward of moving into the "rejected" state from a non-terminal state to −10, and all other actions now yield a reward of
−1 (including "up" and "down" actions between floors, and "call" actions that result in staying in the same floor).
Perform two iterations of value iteration for the three floor states, and fill the missing values in the below table. Note that
the two terminal states are left out here because they always have a value of 0, and also that 𝛾 = 1.
For convenience, here is the same "call" transition table from the last page. Note that "up" and "down" actions still work
correctly all the time.

s’ = accepted s’ = s s’ = rejected
𝑠 = 𝐹3 0.3 0.4 0.3
𝑠 = 𝐹2 0.2 0.5 0.3
𝑠 = 𝐹1 0.1 0.7 0.2

States 𝐹1 𝐹2 𝐹3

𝑉0(𝑠)

𝑉1(𝑠)

This subpart is independent of the previous subparts.

(d) [2 pts] True or false: Computing the optimal values of states, given the output of policy iteration, is easier than computing
the optimal values without policy iteration.

# True # False

True or false: Extracting a policy given optimal values is easier than extracting a policy given optimal Q-values.

# True # False
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Q6. [16 pts] RL: Weight a Minute!
Consider a state space with states 𝑋1, 𝑋2, 𝑋3,… , 𝑋𝑛. In any state, one can take the action to move to any other state. For
instance, from state 𝑋1, you can move to any of states 𝑋2, 𝑋3,… , 𝑋𝑛, but there is no action that allows you to stay in state 𝑋1.

(a) [2 pts] Consider running Q-learning on this problem. How many Q-values do we need in order to represent this problem?
Your answer should be an expression in terms of 𝑛.

(b) [2 pts] Compared to Q-learning, select all of the following reinforcement learning (RL) algorithms that have a greater
space requirement for this problem. Hint: the space requirement for Q-learning is |𝑆| × |𝐴|.

□ Model-based Learning
□ Direct Evaluation
□ Temporal Difference (TD) Learning
# None of the above.

Now, consider an arbitrary MDP, with unknown transition/reward models. We observe an agent acting according to policy 𝜋.

In standard TD learning, we would process each sample one at a time:

𝑉 𝜋(𝑠) ← (1 − 𝛼)𝑉 𝜋(𝑠) + 𝛼
[

𝑟𝑖 + 𝛾𝑉 𝜋(𝑠′𝑖)
]

Danial wants to instead process three samples (all starting at the same state) at a time in one update, rather than in three separate
updates. Furthermore, he wants to process these three samples at once using a weighted average.

The sample yielding the highest reward out of the three receives weight 𝑤1, the sample with the second highest reward receives
weight 𝑤2, and the sample with the lowest reward receives weight 𝑤3, where ties are broken randomly. You can assume
𝑤1 > 𝑤2 > 𝑤3 > 0, and 𝑤1 +𝑤2 +𝑤3 = 1.

(c) [4 pts] Select Danial’s modified update equation.
Sample (𝑠1, 𝑎1, 𝑠′1, 𝑟1) yields the highest reward.
Sample (𝑠2, 𝑎2, 𝑠′2, 𝑟2) yields the second highest reward.
Sample (𝑠3, 𝑎3, 𝑠′3, 𝑟3) yields the lowest reward.

𝑉 𝜋(𝑠) ← (1 − 𝛼) ⋅ (i) ⋅ (ii) + 𝛼 ⋅ (iii) ((iv) ⋅ [(v) + (vi)])

(i) # 0 # 1 # 3 # (1 − 𝛼)2

(ii) # ∑3
𝑖=1 𝑉

𝜋(𝑠) # 𝑉 𝜋(𝑠) # 𝑤1𝑤2𝑤3𝑉 𝜋(𝑠) # ∏3
𝑖=1 𝑉

𝜋(𝑠)

(iii) # max1≤𝑖≤3 # min1≤𝑖≤3 # ∑3
𝑖=1 # ∏3

𝑖=1

(iv) # 𝛼𝑤𝑖 # 𝑤𝑖 # (1 −𝑤𝑖) # 1
𝑤𝑖

(v) # 𝑟𝑖 # 𝛾𝑟𝑖 # 𝛼𝑟𝑖 # 3𝑟𝑖

(vi) # 𝑤𝑖𝑉 𝜋(𝑠′𝑖) # 𝑉 𝜋(𝑠′𝑖) # 𝛾𝑉 𝜋(𝑠𝑖) # 𝛾𝑉 𝜋(𝑠′𝑖)
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(d) [3 pts] Select all true statements.

□ More recent sets of three samples will influence the value of that state more than older sets.
□ We will learn the optimal policy from this new updated equation.
□ If 𝑤1 > 𝑤2 ≥ 𝑤3 ≥ 0 instead of 𝑤1 > 𝑤2 > 𝑤3 > 0, we may not converge to the true value of 𝑉 𝜋(𝑠).

□ Slowly shrinking the learning rate 𝛼 overtime will help 𝑉 𝜋(𝑠) stabilize its value.
# None of the above.

(e) [3 pts] Danial claims that this new update equation is guaranteed to converge to the true state values, just like the normal
TD learning update equation. Curtis, however, claims that this is not necessarily true. Who is correct, and why? Explain
your answer in three sentences or fewer.

# Danial is correct # Curtis is correct

(f) [2 pts] In model-based learning, the approximations for our transition functions 𝑇̂ (𝑠, 𝑎, 𝑠′) are calculated using the __________.

# learning rate
# weighted average
# maximum a posteriori
# maximum likelihood estimate
# None of the above.
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Q7. [12 pts] ML: N&Ns
You’re building a neural network to determine whether candies are M&Ms or Skittles, where M&Ms are represented by a 0, and
Skittles are represented by a 1.

Each data point is represented as a vector 𝑥 consisting of the features [candy diameter, is blue, is brown].

The neural net has the following structure:

ℎ1 = 𝜎(𝑥𝑊1 + 𝑏1)

𝑦̂ = ReLU(ℎ1𝑊2 + 𝑏2)

Finally, this value 𝑦̂ is put into a loss function (𝑦̂) = ‖𝑦̂− 𝑦∗‖2, meaning after you subtract the vector 𝑦∗ from the vector 𝑦̂, you
take the square root of the sum of squares of that resulting vector. 𝑦∗ is the vector holding the true labels for your input.

(a) [3 pts] You decide to train the model with batch size 4.
Given the already filled-in dimensions, fill in the missing dimensions:

𝑥 ∶

×

3

𝑊1 ∶

×

128

ℎ1 ∶

×

𝑊2 ∶ 128
×

𝑦̂ ∶

×

(b) [3 pts] When training this model, the training loss remains high, and so does the test loss. Which of the following could
help with this problem?

□ Change the column dimension of 𝑊1 from 128 to 256 (and modify other vector/matrix dimensions to line up
with this).
□ Increase the size of the training set.
□ Increase the size of the test set.
□ Increase the batch size to 10.
□ Add more features to 𝑥.
# None of the above.
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(c) [4 pts] For each of the partial derivatives below, express these partial derivatives as a chain of other derivatives in the way
that backpropagation would do. Do not compute the actual derivatives. In your partial derivatives, you may only use the
variables , 𝑏1, 𝑏2, ℎ1, and 𝑦̂.

𝜕
𝜕𝑏2

=

𝜕
𝜕𝑏1

=

(d) [2 pts] Bubby proposes that changing the final activation function from ReLU to sigmoid (which means 𝑦̂ = 𝜎(ℎ3) is the
new output step) will be more suitable for our task of classifying the M&Ms. Is he correct?

# Yes, because the sigmoid function squashes our range to be between 0 and 1, allowing our output to be closer
to the label value (which is 0 or 1).
# Yes, because ReLU(𝑥) = max(0, 𝑥) does not have a defined derivative at 𝑥 = 0.
# No, because the sigmoid function takes much longer for a computer to run than the ReLU function.
# No, because the sigmoid function is undefined for certain inputs.

Congratulations on completing the final! Feel free to use this space to doodle or to let us know about anything!
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