
Homework #4
(Policy Search Methods)

INF8250AE – Introduction to Reinforcement Learning (Fall 2025)

• Deadline: Monday, December 15, 2025 at 16:59.

• Submission: You need to submit two files through Gradescope. One is a PDF
file including all your answers and plots. The other is a source file that reproduces
your answers. You can produce the PDF file however you like (e.g. LATEX,
Microsoft Word, etc) as long as it is readable. Points will be deducted if we have
a hard time reading your solutions or understanding the structure of your code.
If the code does not run, you may lose most/all of your points for that question.

• Late Submission: 10% of the marks will be deducted for each day late, up to
a maximum of 3 days. After that, no submissions will be accepted.

• Collaboration: Homework assignments can be done in a group of at most two
students. You must clearly specify the role of each team member in solving the
assignment.

• Optional: If you have done all previous homework assignments, this is an op-
tional one.
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Gradient-based policy search

The goal of this assignment is to get you more familiar with the policy gradient meth-
ods. You will experiment with three policy gradient methods, REINFORCE [Williams,
1992], Advantage Actor Critic (A2C) [Mnih et al., 2016], and Proximal Policy Opti-
mization (PPO) [Schulman et al., 2017]. You try them on two types of environments:
one with discrete action space and another with continuous action space.

The start-up files are divided for Exercise 2 and Exercise 3. For the first, the frame-
work for the these methods is setup in main.py and everything that you need to imple-
ment are in files network.py, BaseAgent.py, REINFORCE agent.py, and A2C agent.py.
For the second, the files you need to modify are ppo.py and pg loss effect.ipynb.
Each file has detailed instructions for each implementation task, but an overview of
the key steps in the algorithm is provided here.

REINFORCE

Recall that the reinforcement learning objective is to find a policy π : X ×A → [0, 1],
that maximizes the expected return J(π) = Eτ∼πθ(τ)

[r(τ)] where each rollout τ is of

length T with probability πθ(τ)
1

πθ(τ) = p(x0, a0, ..., xT−1, aT−1) = p(x0)πθ(a0|x0)
T−1∏
t=1

p(xt|xt−1, at−1)πθ(at|xt)

and the return

r(τ) = r(x0, a0, ..., xT−1, aT−1) =
T−1∑
t=0

γtr(xt, at).

One way to address this problem is to directly optimize the expected return J(πθ)
by performing stochastic gradient ascent on the parameters θ of a family of policies,
πθ. The policy gradient approach is to directly take the gradient of this objective:

∇θJ(θ) = ∇θ

∫
πθ(τ)r(τ)dτ (1)

= Eτ∼πθ
[∇θ log πθ(τ)r(τ)] . (2)

In practice, the expectation over trajectories τ can be approximated from a batch
of N sampled trajectories:

∇θJ(θ) ≈
1

N

N∑
i=1

∇θ log πθ(τi)r(τi) (3)

=
1

N

N∑
i=1

(
T−1∑
t=0

∇θ log πθ(ai,t|xi,t)

)(
T−1∑
t=0

γtr(xi,t, ai,t)

)
. (4)

1The notation in the homework is slightly different from the lectures. For example, we often used
G as return. This difference gives you the opportunity to learn about other commonly used notations.
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Notice that in this approximation, we multiply the episode’s return to the gradient
of log πθ. One way to reduce the variance of this approximation is to notice that the
policy at time t cannot affect rewards in the past. This yields the following modified
objective, where the sum of rewards here does not include the rewards achieved prior
to the time step at which the policy is being queried. This sum of rewards is a sample
estimate of the Q function, and is referred to as the “reward-to-go”.

∇θJ(θ) ≈
1

N

N∑
i=1

T−1∑
t=0

∇θ log πθ(ai,t|xi,t)

(
T−1∑
t′=t

γt′−tr(xi,t′ , ai,t′)

)
. (5)

As you might have noticed, REINFORCE relies on an estimated return by Monte-
Carlo methods using episode samples to update the policy. The policy gradient theorem
[Sutton et al., 1999] generalizes this result giving the policy gradient of the form:

∇θJ(θ) =
∑
x∈X

dπθ(x)
∑
a∈A

∇θπθ(a|x)Qπθ(x, a)

= Ex∼dπθ ,a∼πθ
[∇θ log πθ(a|x)Qπθ(x, a)] , (6)

where dπθ(x) is a discounted weighting of states encountered starting at x0 ∼ p(x0)
and then following policy π: dπθ(x) =

∑∞
t=0 γ

tP{xt = x|x0, πθ}.

Advantage Actor Critic

Actor-Critic methods use bootstapping to find a better estimate of the action-value
function and use that estimated action-value function Qπθ

w to find the gradient of ex-
pected return in the policy gradient theorem:

∇θJ(θ) = E [∇θ log πθ(a|x)Qπθ
w (x, a)] . (7)

The policy gradient theorem can be generalized to include a comparison of the
action-value to an arbitrary baseline b(x):

∇θJ(θ) = E [∇θ log πθ(a|x)(Qπθ
w (x, a)− b(x)] . (8)

An intuitive choice for baseline is the state-value function V πθ . This new critic is
called Advantage function and is defined as: Aπθ(x, a) = Qπθ(x, a) − V πθ(x). When
using Advantage function as the critic in the Actor-Critic method, it is called Advantage
Actor Critic (A2C). Algorithm 1 from Sutton and Barto [2018] shows the complete
pseudocode for A2C algorithm when using one step bootstraping for learning state-
value function.
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Algorithm 1: One-step Actor-Critic for estimating πθ ≈ π∗

Input: a differentiable policy parameterization π(a|x, θ)
Input: a differentiable state-value function parameterization v̂(x,w)
Algorithm parameter: step size αθ > 0, αw > 0
Initialize policy parameter θ ∈ Rd′ and state-value weights w ∈ Rd

for each episode do
Initialize X (first state of episode)
I ← 1
for each time step t do

A ∼ π(·|X, θ)
Take action A, observe X ′, R
δ ← R + γv̂(X ′, w)− v̂(X,w) (if X ′ is terminal, then v̂(X ′, w)

.
= 0)

w ← w + αwδ∇wv̂(X,w)
θ ← θ + αθIδ∇θ log π(A|X, θ)
I ← γI
X ← X ′

end

end
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Exercise 1. [20pt] – A Bit of Derivations

(a) [5pts] To compute the REINFORCE estimator, you will need to calculate the
values (Gt)

T
t=1, where

Gt =
T∑

t′=t

γt′−trt′ .

Computing all these values naively takes O(T 2) time. Describe how to compute
them in O(T ) time.

(b) [10pts] Assuming that our gradient estimate will be:

∇̂θJ(θ) = (Qπθ(x, a)− b(x))∇θ log πθ(a|x) (9)

where x ∼ dπθ(x) and a ∼ πθ(·|x).

1. [5pts] Prove this estimate is unbiased estimate of the true gradient.

2. [5pts] Find b(x) that leads to the minimum variance estimate of the true
gradient.

(c) [3pts] Prove that δt(xt, at) = rt + γV̂ (xt+1) − V̂ (xt) is an unbiased estimate of
Aπ(xt, at) when V̂ = V π

(d) [2pts] Why do we have I ← γI step in the Algorithm 1? Most policy gradient
methods drop the discount factor (as well as the methods we implement here).
What happens if we remove it?
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Exercise 2. [40pt] REINFORCE and Advantage Actor Critic
The functions that you need to implement in network.py, REINFORCE agent.py,

A2C agent.py and BaseAgent.py are enumerated here. Detailed instructions for each
function can be found in the comments in each of these files.

(a) [20pts] We will implement a simple version of REINFORCE using equation (5)
to approximate the gradient of policy for the both case of continuous and discrete
action spaces.

1. [10pts] Implement the following functions in the provided code:

• In component/network.py: GaussianPolicyNet.forward(),
CategoricalPolicyNet.forward()

• In agent/REINFORCE agent.py: step()

• In agent/BaseAgent.py: eval episode()

2. [10pts] Report training return, policy loss and the final policy’s evaluation
return on CartPole-v0 and Pendulum-v0 (you can set the environment in
main.py). The hyperparameters given in main.py are not tuned to be opti-
mal and you may experiment with these to get better performance. Test your
code with multiple random seeds to make sure the performance is consistent
(you can set the random seed using set seed in main.py).

(b) [20pts] Algorithm 1 shows the Pseudocode code for one-step Advantage Actor-
Critic. In this question we will implement the extension of this algorithm when
using n-step bootstraping.

1. [10pts] Implement the following functions in the provided code:

• In component/network.py: GaussianActorCriticNet.forward() and
CategoricalActorCriticNet.forward()

• In agent/A2C agent.py: step()

2. [10pts] Report training return, policy loss, value loss and the final policy’s
evaluation return on CartPole-v0 and Pendulum-v0. The hyperparameters
given in main.py are not tuned to be optimal and you may experiment with
these to get better performance. Test your code with multiple random seeds
to make sure the performance is consistent across them. Do you notice a
difference between REINFORCE and A2C?
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Exercise 3. [40pt] “Since the day I became captive to you, I have been free”
[by Saadi of Shiraz] The Art of Policy Optimization Under Restrictive
Constraints

Introduction In this exercise, we will study several key components of a widely used
algorithm called PPO: Proximal Policy Optimization [Schulman et al., 2017]
(or, as fun people like your TA prefer, Polite Policy Optimization).

PPO belongs to the family of policy gradient methods, and more specifically to the
class of trust-region approaches. At a high level, PPO is built on two central ideas:

• Policy gradients. PPO is fundamentally a policy gradient method: it esti-
mates how advantageous an action was and then adjusts the policy parameters
proportionally to that estimate. This drives the policy toward actions that yield
higher returns. Unlike value-based methods, policy gradient updates do not rely
on Bellman operators.

• Trust region intuition. The second key idea of PPO is to restrict how much
the policy can change at each update. Instead of allowing arbitrarily large policy
shifts, PPO uses a clipped objective to enforce a “trust region”. Intuitively, it
allows the policy to improve but prevents it from moving too far from the old
policy in a single update.

We study four essential components of Proximal Policy Optimization (PPO):

1. [8pt] Smoothing the Future: The Art of Generalized Advantage Esti-
mation (GAE)

Generalized Advantage Estimation (GAE) PPO uses Generalized Advantage Es-
timation [Schulman et al., 2018] to obtain a low-variance, low-bias estimate of
the advantage:

At = δt + (γλ)δt+1 + (γλ)2δt+2 + · · · ,

where the TD error is

δt = rt + γV (xt+1)− V (xt).

In code, this corresponds to the backward recursion:

Ât = δt + γλ(1− dt)Ât+1,

where dt is the done flag.

The return target for the critic is:

R̂t = Ât + V (xt).

(a) [2pt] Explain what each part of Ât corresponds to.
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(b) [2pt] What is the effect of λ?

(c) [4pt] Complete the missing parts of compute gae() in ppo.py.

2. [8pt] Clip, Don’t Slip: Keeping Policy Updates Polite

Let πθ(at|xt) be the new policy and πθold(at|xt) be the policy that collected data.
Define the probability ratio:

rt(θ) =
πθ(at|xt)

πθold(at|xt)
.

The unclipped surrogate objective is:

LPG
t (θ) = rt(θ)At.

PPO prevents large policy updates using the clipped surrogate:

LCLIP
t (θ) = min

(
rt(θ)At, clip(rt(θ), 1− ϵ, 1 + ϵ)At

)
.

The policy gradient loss is the negative expectation:

LPG(θ) = −Et

[
LCLIP
t (θ)

]
.

Intuition. We trust advantage estimates only when the new policy stays close
to the old one. Clipping avoids catastrophic updates and stabilizes training.

(a) [2pt] Complete the missing parts in the notebook pg loss effect.ipynb.

(b) [2pt] Explain the main differences between the two cases (regular, and clipped)
and discuss the effect of varying ϵ and r.

(c) [4pt] Implement the clipped policy gradient loss in the update() function
of the PPO algorithm in ppo.py (use GAE calculated in function compute

gae()).

3. [4pt] The Value Whisperer: Guiding Policy with Value Loss

In some implementations of PPO, a value loss is included. The critic head of the
agent estimates Vθ(xt) and is trained via regression:

Lcritic(θ) =
1

2
Et

[(
Vθ(xt)− R̂t

)2]
.
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Intuition. Accurate value estimates reduce the variance of advantage estimates,
which in turn stabilizes and improves policy gradient updates.

(a) [2pt] Explain why this objective helps in decreasing the variance of advan-
tage estimates.

(b) [2pt] Implement the value loss in ppo.py.

4. [8ptpt] Entropy Loss: Don’t Let Your Policy Be Boring

The entropy of the policy distribution can be calculated as:

H(π(·|xt)).

The entropy loss term is as follows:

Lentropy(θ) = −β Et [H(π(·|xt))] ,

where β is a small positive coefficient.

Intuition. Entropy prevents premature convergence to deterministic policies
and avoids local optima.

(a) [1pt] Which discrete and continuous distributions achieve the maximum
entropy?

(b) [1pt] Conceptually, what effect does adding the entropy loss to the objective
have on the learned policy?

(c) [1pt] Why is the entropy loss particularly important in PPO for stable and
effective training?

(d) [5pt] Implement the entropy calculation for both discrete and continuous
action spaces in the evaluate actions() function, and incorporate the en-
tropy loss into the update() function.

5. [2pt] One Loss to Rule Them All

(a) [1pt] Explain how we need to combine these three loss terms? What will be
the effect of factor multiplied by them for combining?

(b) [1pt] Implement the combine loss term in update() function in ppo.py.

6. [10pt] Polite vs. Reckless: A Policy Duel

In this part, we are going to compare PPO with REINFORCE as the simplest
policy gradient algorithm on two environments CartPole-v1 and Pendulum-v1.
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(a) [2pt] In main.py, we provide default hyperparameters. These are not neces-
sarily optimal for all agents and environments. Research and identify better
hyperparameters for each environment (from academic papers or existing
open-source implementations).

(b) [4pt] Run each algorithm using 5 different random seeds and generate learn-
ing curves using the provided plotting.py code. (Note: on CPU this may
take approximately 40 minutes. Ensure your Gym version is 0.25.2 and your
NumPy version is 1.21.6.)

(c) [4pt] Present the resulting plots and performance metrics. Compare and
analyze the performance of PPO versus REINFORCE across the two envi-
ronments, discussing strengths, weaknesses, and any interesting behaviors.
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