
CS 601.471/671 NLP: Self-supervised Models

Homework 7: Aligning Language Models to Our Intents

For homework deadline and collaboration policy, check the calendar on the course website*

Name: __________________________
Collaborators, if any: ____________________________________________________

Sources used for your homework, if any: _______________________________________

This assignment will assume that we have strong pre-trained language models. Given this foundation, we will
focus on aligning language models to our intents and needs. We will continue to work with GPU processors on our
cluster and using them with Slurm queuing system. Amazing!

Homework goals: After completing this homework, you should be comfortable with:

• The theoretical concepts behind aligning LLMs;

• Implementation of the alignment algorithms.

How to hand in your written work: via Gradescope.

Collaboration: You can do this homework as a team of 2 people. Basically, you can write a single solution for both
people and upload it as a single PDF and a single .zip file as a group.

Typesetting: We strongly recommend typesetting your homework, especially if you have sloppy handwriting! :)
We will provide a LaTeX template for homework solutions.

*https://self-supervised.cs.jhu.edu/sp2025/
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1 How to Sum like Einstein (Einstein Summation Notation)

Einstein summation is a convention for simplifying expression that includes summation of vectors, matrices or
in general tensor. This convention allows a compact statement of lengthy summation operators. At times, using
this operator can be even faster than the usual way of implementing summations since PyTorch may execute the
summations in a way that is more optimized.

The idea is simple: The sum characters are omitted to improve the overview, and instead, over twice occurring
indices are summed. For instance, suppose we want to compute the following:

(A.B)ij =
n

∑
k=1

Aik.Bkj.

This can be written in a more compact form
(A.B)ij = Aik.Bkj.

With the Einstein notation and the einsum function, we can calculate with vectors and matrixces using only a
single function: torch.einsum(equation, *operands).

Take this example, matrix multiplication of A and B can be computed using einsum as torch.einsum("ij,jk->ik",
A, B). Here, j is the summation index (summation subscript) and i and k the free indices (output subscripts). Note,
the equation may contain white-spaces between the different elements (subscripts, arrow and comma). There are
additional nuances in the notation (e.g., ellipsis “...”) which can be found in the definition of einsum(.). Since
einsum(.) is used frequently in PyTorch implementations and its interpretation can be somewhat cryptic, here we
want to challenge ourselves with examples of this operator.

Figure 1: Caption

For 1D and 2D, the @ operator wins hands down, but starting from 3D, it becomes apparent that the common
PyTorch operators (e.g., dot, matmul and tensordot) are all ill-suited for high dimensions. Here are a few more
examples of einsum:

Summing along rows/columns:

import torch

# Consider a matrix with 2 rows and 3 columns.
u = torch.rand(2,3)

# Use np.einsum (.) operator to sum along the columns.
u_row = torch.einsum(’ij ->j’,u)
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# Use np.einsum (.) operator to sum along the rows.
u_column = torch.einsum(’ij ->i’,u)

Here is the resulting variables upon executing this program:

>>> print(u)
tensor([[0.4332 , 0.0380 , 0.2025],

[0.1818 , 0.3093 , 0.5738]])

>>> print(u_row)
tensor([0.6150 , 0.3473 , 0.7763])

>>> print(u_column)
tensor([0.6737 , 1.0649])

More examples: Below we have more operations that you can do with einsum. Feel free to try these yourself to
better understand why they’re doing:

import torch

x = torch.rand(4, 4)
y0 = torch.rand(5)
y1 = torch.rand(4)
z0 = torch.rand(3, 2, 5)
z1 = torch.rand(3, 5, 4)
w = torch.rand(2, 3, 4, 5)
r0 = torch.rand(2, 5)
r1 = torch.rand(3, 5, 4)
r2 = torch.rand(2, 4)
s0 = torch.rand(2, 3, 5, 7)
s1 = torch.rand(11, 3, 17, 5)

# permutations
# this swaps the two dimensions of x
b0 = torch.einsum(’ij ->ji’, x)
# just like the above command , it swaps the ordering of the two dimensions. Note Einsm assumes that

"a" refers to the dimension before "b".
b1 = torch.einsum(’ba’, x)
# Here "..." refers to all the dimensions before the last two. The operations swaps the ordering of

the final two dimensions , without touching the
earlier dimensions.

b5 = torch.einsum(’...ij ->...ji’, w)
# Here "..." refers to all the dimensions after the first three. The operations swaps the ordering

of the first three dimensions , without touching
the earlier dimensions.

b6 = torch.einsum(’abc...->cba ...’, w)

# trace: sums all the values in the matrix
c = torch.einsum(’ii’, x)
d0 = torch.einsum(’ij ->’, x)
d1 = torch.einsum(’xyz ->’, z0)
d2 = torch.einsum(’ijkl ->’, w)

# Sum the values along a particular matrix
e0 = torch.einsum(’ijk ->i’, z0)
e1 = torch.einsum(’ijk ->j’, z0)
e2 = torch.einsum(’ijk ->ij’, z0)

# Matrix -vector multiplication
f0 = torch.einsum(’ij ,j->i’, r0, y0)
f1 = torch.einsum(’i,jki ->jk’, y1 , r1)

# Vector -vector outer product
g0 = torch.einsum(’i,j->ij’, y0, y1)
g1 = torch.einsum(’a,b,c,d->abcd’, y0 , y1, y0, y1)

# Higher dimensional matrix product
h0 = torch.einsum(’bij ,bjk ->bik’, z0 , z1)
h1 = torch.einsum(’bjk ,bij ->bik’, z1 , z0)
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Now our goal is to implement Self-Attention using this compact notation:

Attention(Q, K, V) = softmax

(
QK⊤√

h

)
V ∈ Rn×h.

In the following code, fill in the two missing lines using einsum notation.

def self_attention(self , x, mask=None):
assert x.dim() == 3, ’3D tensor must be provided ’

# Step 1
# Extract K, Q, V each with dimensions [batch , tokens , hidden_dim]
q, k, v = self.to_qvk(x)

# Step 2
# QK^T/self.scale_factor
# Resulting shape: [batch , tokens , tokens]
# Assume that self.scale_factor is defined outside this function
# TODO1: Fill in your answer here in in place of the ellipsis
scaled_dot_prod = ...

if mask is not None:
assert mask.shape == scaled_dot_prod.shape[1:]
scaled_dot_prod = scaled_dot_prod.masked_fill(mask , -np.inf)

attention = torch.softmax(scaled_dot_prod , dim=-1)

# Step 3
# The overall attention output
# TODO2: Fill in your answer here in in place of the ellipsis
output = ...

return output

Answer:

# TODO1:
scaled_dot_prod = torch.einsum(’b i d , b j d -> b i j’, q, k) * self.scale_factor

# TODO2:
output = torch.einsum(’b i j , b j d -> b i d’, attention , v)
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2 Aligning Language Models: Playing with the Formalism

Recently, reinforcement learning from human feedback (RLHF) has emerged as a popular technique to optimize and align
a language model with human preferences [Ouyang et al., 2022]. RLHF provides a natural solution for optimizing
non-differentiable, scalar objectives for language models, and has been the centerpiece of recent state-of-the-art large
language models (LLMs). In this homework, we will review the theory behind RLHF and reduce it into simpler forms. Let’s
start with a recap of RLHF:

Reward model. Following the conventional setup [Ziegler et al., 2019], we define a reward rθ as a scalar func-
tion that allows us to train a generative model during RLHF. Rewards are typically calibrated to proxy human
preferences/rankings of responses, in the context of an input instruction.

How do you train this reward model? In general, you can use human preferences. Specifically, consider a
dataset of human preferences Dh =

{
(xi, y+i , y−i )

}
is comprised of an input instructions xi, a pair of responses

y+i , y−i where y+i is preferred over y−i by humans. On this human-labeled data, rθ is trained to assign a higher
reward to human-preferred y+i over non-preferred y−i in the context of Ii This can be achieved by maximizing the
following objective:

J̃(θ;Dh) = E(xi ,y
+
i ,y−i )∼Dh

[
log Pr(y+i ≻ y−i |xi)

]
, (1)

where Pr(y ≻ y′|x) is the preference function (classifier) as a Sigmoid of the difference of rewards:

Pr(y ≻ y′|x) := σ
(

rθ(y|x)− rθ(y′|x)
)
=

exp(rθ(y|x))
exp(rθ(y′|x)) + exp(rθ(y|x))

,

Given the above optimization objective (Eq.1), with the increasing alignment dataset Dh size, the reward model rθ

becomes a more and more accurate estimate of human preferences.

Reinforcement Learning (policy optimization) with the learned reward. Given a trained reward function rθ , we
use this to train a policy function π that maximizes the reward. For us, this policy function is essentially a language
model that given an input text command x generation an output responses y by executing a sequence of samplings.
Specifically, during RLHF we optimize π by maximizing the following objective:

J(π) = E x∼D
y∼π(x)

[
rθ(y|x)

]
− β DKL

(
π∥πref

)
, (2)

where D is the collect of input instructions that we would like to handle. πref(x) is a reference policy (a pre-trained
language model) that is never updated. DKL(.) denotes the average of the KL-divergences between the probabilities
produced by π and πref, for any partial generation.

DKL
(
π∥πref

)
= Ex∼D

[
KL(π(.|x)∥πref(.|x))

]
. (3)

This is to ensure that the policy being trained π does not diverge from a proper language model (otherwise we have
train a policy that maximizes r while generating gibberish). Training a policy function according to J(π) objective
(Eq.2) gives rise to the PPO algorithm [Schulman et al., 2017, Ouyang et al., 2022], which is the current most-popular
algorithm for reinforcement learning with human feedback.
1. Understanding KL-divergence: First, let’s focus on the KL-divergence used in Eq.2. The KL-divergence from a
distribution p(x) to a distribution q(x) can be thought of as a distance measure. This is just for intuition, though
you should check it by understanding its definition. Here is how it is defined for discrete distributions:

KL (p∥q) = ∑
x

p(x) log
p(x)
q(x)

. (4)

From an information theory perspective, the KL-divergence specifies the number of additional bits required, on
average, to transmit values of x if the values are distributed with respect to p(x) but we encode them assuming the
distribution q(x).

1.a Show that KL (p∥q) ≥ 0 for any choice of p and q.
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1.b Show that KL (p∥q) = 0, if and only if ∀x : p(x) = q(x).

1.c Is it true that KL (p∥q) = KL (q∥p)? Answer: No.

1.d Let p and q be multinomial distributions* over indices I = {1, . . . , k}. Assume p is defined as ∀i ∈ I : p(i) = θi
and q is defined as:

∀i ∈ I : q(i) =

{
α if i is even,
β if i is odd.

where ∑k
i=1 p(i) = ∑k

i=1 q(i) = 1. For simplicity, assume that k is an even integer. Provide a formula for
KL(q∥p).
Answer:

KL(q∥p) = α ∑
i is even

(log α− log θi) + β ∑
i is odd

(log β− log θi)

2. Understanding RLHF: Next, let’s try to unpack PPO to better understand it.

2.a At this point you should have a good understanding of what KL-divergence is. Let’s go back to the cryptic
term in Eq.3. The KL-divergence here is between the distributions produced by two language models, one that
we’re training and another one as a reference model. The divergence is computed for each partial generation,
i.e., upon generating each token from π. That is why we have noted π(.|x) instead of π(y|x). So far so good?
Great!

With this intuition in mind, we can write Eq.3 as following:

DKL
(
π∥πref

)
≈ ∑

x∼D
y∼π(.|x)

[
log

π(y|x)
πref(y|x)

]
. (5)

Note the apparent discrepancy between this simplification and original definition of KL-divergence in Eq.4.
Justify this apparent discrepancy.
Answer: These two formulas are the same, despite this apparent discrepancy. Eq.5 is missing a π(y|x)× term because
the generations are already sampled from the policy itself. Therefore, the [empirical] distribution of the sampled generations
already conform to π(y|x).

2.b Explain why maximizing the objective in Eq.2 will lead to policy functions π that lead to responses that
humans tend to rate positively? (Hint: explain the connection to the reward function rθ and the reference
policy πref).
Answer: The reward model assigns a higher score to responses that humans prefer. Therefore optimizing the model
towards high reward responses while not deviating the reference model too much ensures that we are optimizing towards
responses that human tends to rate positively.

2.c A key consideration in aligning chatbots in Eq.2 is the choice of the input prompts x ∼ D. Basically, all the
inputs in this collection get supervised during the alignment process.

Suppose you’re building a chat bot that is expected to interact with AT&T customers. You’re determined to fix
AT&T reputation for having the worst customer service AI. How would you go about building D that would
lead to a good outcome? (less than 3 sentences)
Answer: A good strategy is to choose a dataset of inputs that tend to occur in customer communications. For example,
by collecting customer interactions obtained from AT&T or collecting the challenging dialogues on which the previous AI
makes mistakes.

2.d An alternative to RLHF is to do supervised learning (instruction-tuning) on ideal outcome (generations).
Explain what are the advantage of RLHF over supervised learning (two advantage each one sentence suffice).
Answer: Instruction-tuning (IT) requires annotating complete labels which can be more costlier. Furthermore, IT
incentives rote-learning which limits the abilities of the resulting model. However, RLHF is based on binary feedback
which has plenty of room to incentive model creativity.

*https://en.wikipedia.org/wiki/Multinomial_distribution
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3. DPO algorithm. An alternative approach to the RLHF algorithm described above is direct preference optimiza-
tion or DPO Rafailov et al. [2024] which merges the two steps of RLHF into one step. Assume that we’re given a
labeled dataset D of preferences, where each input x comes with two output y+, y− where y+ is preferred over y−.
Given a dataset D of preferences, the objective that DPO maximizes as a function of π is as follows:

J̄(π) = E(x,y+ ,y−)∼D

[
log σ

(
τ log

(
π(y+|x)
π(y−|x)

)
− τ log

(
πref(y+|x)
πref(y−|x)

))]
. (6)

Rafailov et al. [2024] show that upon a perfect optimization of the RLHF algorithm the optimal policy coincides
with the policy obtained from the optimizer obtained from the objective in Eq.6. Here the implicit reward param-
eterization is r(y|x) = τ log π(y|x)

πref(y|x)
. You can look at Rafailov et al. [2024] for details of their derivations, if you’re

excited to understand their reduction.

3.a Your friend is claiming that there might be a problem with optimizing this objective in Eq.6. Specifically,
your friend claims that, in certain unlucky scenarios the policy model that optimizes J̄(π) might find policy
functions that indeed assign low scores to preferred generations, i.e., π(y+|x) ≪ πref(y+|x), which is not
good! What do you think? Explain your rationale (less than 5 sentences).
Answer: Define the short-hand f (y|x) := π(y|x)

πref(y|x)
. The loss is a function only of the difference in the log-ratios,

which means that we can achieve a low loss value even if f (y+|x) is lowered below 1, as long as f (y−|x) is also lowered
sufficiently. This implies that the log-likelihood of the preferred completions is reduced below the original log-likelihood
from the reference model!

3.b Your friend claims that they have identified another failure mode for this optimization. You gasp! Your friend
claims that DPO may be prone to over-optimizing preference probability of the preferred over the dispreferred
responses: π(y+|x) ≫ π(y−|x), thereby effectively ignoring the regularization term based on the reference
model. What do you think? Explain your rationale (less than 5 sentences).
Answer: Yes, this is also another potential failure model. One can verify it based on the above objective function.

3.c Assuming that you agree with your friend about the above two failure modes of DPO, do you think these
failure modes would can also occur in Policy Gradient? Justify your answer (less than 5 sentences). Answer:
The issue in 3.a would not happen in Policy Gradient since the optimization of reward and policy is separate. By the time
that we’re optimizing the policy, we already know that we have a good reward model.
The second issue can happen in Policy Gradient algorithm. Basically, the model would increase the reward model, hence,
reducing the importance of the regularization term against the reference model.

3.d Your friend modifies the DPO objective in the following form:

Ĵ(π) = E(x,y+ ,y−)∼D

[
log σ

(
τ log

(
π(y+|x)
π(y−|x)

)
− τ log

(
πref(y+|x)
πref(y−|x)

)
− λ max

(
0, log

πref(y+|x)
π(y+|x)

))]
. (7)

Basically, your friend as added an additional loss term inside the Softmax objective that is parameterized with
the hyper-parameter λ. Do you think this modification addresses the issues in 3.a and 3.b?
Answer: The added penalty is non-zero when the π(y+|x) < πref(y+|x). As a result, this mitigates the issue in 3.a.
However, it does not cover 3.b.
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3 Programming

In this programming homework, we will perform RLHF on an encoder-decoder model (T5) using the Policy Gradi-
ent algorithm. In particular, we will

• Initialize a policy model with supervised fine-tuning on a small set of examples.

• Perform RLHF for the initialized policy model.

Skeleton Code and Structure: The code base for this homework can be found at this GitHub repo under the hw7
directory. Your task is to fill in the missing parts in the skeleton code, following the requirements, guidance, and tips
provided in this pdf and the comments in the corresponding .py files. The code base has the following structure:

• run_sft.py: initializes a T5 policy model with supervised fine-tuning.

• run_rlhf.py: performs RLHF on the fine-tuned T5 model using PPO.

• ./data: contains the original ASQA dataset and its human-feedback result.

• ./src: contains all necessary supporting files for supervised fine-tuning and PPO RLHF.

TODOs — Your tasks include 1) generate plots and/or write short answers based on the results of running the code;
2) fill in the blanks in the skeleton to complete the code. We will explicitly mark these plotting, written answer, and
filling-in-the-blank tasks as TODOs in the following descriptions, as well as a # TODO at the corresponding blank in
the code.

Submission: Your submission should contain two parts: 1) plots and/or short answers under the corresponding
questions below; and 2) your completion of the skeleton code base, in a .zip file. Note: The model checkpoints will
be saved under the sub-directory ./checkpoints and wandb records will be saved under ./wandb. We have added
these two sub-directories in the .gitignore, and thus, please be aware not to include them in the submission .zip
file. Please also do not include the ./data folder in your submissioPlease also do not include the ./data folder in
your submissio

Overview and Dataset In this programming assignment, you will get your hands dirtier with RLHF training.
You will train models using the Huggingface Transformers and Accelerate libraries, and PyTorch. You will be
asked to use the famous WandB platform to better monitor and manage your training process. We will use the
ASQA dataset [Stelmakh et al., 2022] to do policy model initialization and RLHF training, and its human-feedback
dataset [Wu et al., 2023] to do the reward model training. These two datasets are already provided under the ./data
subdirectory.

For the original ASQA dataset, each input (“text”) is a long question statement consisting of the retrieved
Wikipedia passages. The output (“answer”) is the answer to that open-ended question. Here is an example:

{
"text": "question: Where does university of miami play football games? context: wikipage:

Hard Rock Stadium text: Hard Rock Stadium\
n\nHard Rock Stadium ...",

"answer": [
"Located in Miami Gardens , Florida , Hard Rock Stadium plays host to the University of

Miami ..."
],
"passages": [

{
"content": "Hard Rock Stadium\n\nHard Rock Stadium is a multipurpose ...",
"wikipage": "Hard Rock Stadium"

},
{

"content": "For instance , when the Atlanta Braves ...",
"wikipage": "Hard Rock Stadium"

}
],
"question": "Where does university of miami play football games?"

},
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The data comes with training, validation, and testing subsets. We randomly pick 1k instances from the training set
to initialize the police model with supervised fine-tuning, and use the full set to do the final RLHF training.

We will use the human-feedback dataset to train a fine-grained reward model that corresponds to information
completeness. The motivation is that we want LM to provide complete answers for a lengthy and complex question.
The information completeness score will be computed from the pairwise human preference.

"prediction 1": "Bloom is the second studio album ...",
"prediction 2": "Bloom , the second studio album by Australian singer -songwriter ...",
"prediction 3": "Bloom is the second studio album by Australian singer and ...",
"prediction 4": "Bloom is the second studio album by Australian singer and songwriter Troye

Sivan , ...",
"preference": [0, 0, 1, 0, 1, 1]

Specifically, we sample 4 model predictions for each prompt/question, which gives 6 pairs of model predictions.
Then pairwise human preferences are collected on a 3-point scale {0, 1, 2}. For instance, given Predi v.s. Predj,
0 denotes these two predictions have equal overall quality, while 1 denotes Predi is better than Predj in terms of
completeness and 2 means Predj is better than Predi.

Sbatch Scripts We have provided .sh scripts of each RLHF step. All scripts are properly configured and should be
smoothly running on the Rockfish without any issues of cuda memory or training time.

Python Scripts Arguments In this homework, we have provided all the necessary arguments and set them up
to fit jobs on the Rockfish. There will be no TODOs asking you to change the arguments. You could check the
meaning of each argument from src/transformers/training_args.py.

Suggestions: HW7 programming requires intensive GPU computations; we recommend starting to run on Rock-
fish as soon as possible to avoid heavy queue traffic before the DDL.

3.1 What is WandB

In this last homework, we will use Weights & Biases (WandB or W&B) which is a platform to help you monitor your
training process, visualize live metrics, save prediction results, and experiment collaboratively. We also recommend
using it for your final project experiments. To begin with, we first need to sign up here. Once finish sign up, please
type

> wandb login

in the terminal to log in. Following the prompt to copy and paste your API key to the terminal. Then congratula-
tions, you are all set and ready to train your RLHF models now.

3.2 Initialize Policy Model

Inspired by this work [Ramamurthy et al., 2023], we will first use 1K training examples to initialize our policy
model, T5-small, with supervised fine-tuning. For this task, we will only use run_sft.py file.

1. TODOs: Read and complete the missing lines

(a) in the preprocess_function function to finish tokenization

(b) for the Seq2SeqTrainer class to create a trainer instance.

Hint: we have created and defined all the necessary variables/functions to fill in the class. Your job is to check
out the Seq2SeqTrainer class and find those pre-defined variables/functions.

2. Now let’s initialize our policy model. This step will take approximately 50-60 minutes of running on the
Rockfish.

TODOs: run the run_sft.sh script and visualize eval/rougeL and eval/loss these two metrics over training steps.
Hint: check out your wandb project homepage.

your plots

Answer:

9

https://github.com/huggingface/transformers/blob/main/src/transformers/training_args.py
https://wandb.ai/site
https://wandb.ai/home
https://github.com/huggingface/transformers/blob/092f1fdaa4224fdd88c616dc9678e6fcb37bfffd/src/transformers/trainer_seq2seq.py#L41


3. Successfully run the run_sft.sh above will automatically run fine-tuned policy model on the testing dataset
and save the generated predictions in the file
./checkpoints/sft/generated_predictions.txt.

TODOs: Copy and paste the top 3 predictions below and use 1-2 sentences to describe your thoughts on these
prediction results and initial model behaviors.
Hint: Corresponding questions are in the ./data/test.json file.

Answer:
Prediction 1: “Josef Bican has the highest goals in international football. He has the highest goals in international football.
He is ranked first in most goals in international football.”

Prediction 2: “"Sound of Silence" is a song performed by Australian folk rock duo Simon & Garfunkel. The origi-
nal artist of Sound of Silence was Dami Im. The original artist was Paul Simon, who was the original artist of the
album.”

Prediction 3: “The first apple i phone was made on June 29, 2007, and the first was made on June 29, 2007. The
first iPhone was made on September 7, 2005, and the first was made on September 5, 2007. The first iPhone was made
on September 7, 2005, and the first was made on September 5, 2007. The first iPhone was made on September 7, 2005,
and the first was made on September 5, 2007.”

My thoughts: Although the supervised fine-tuned T5-Small is capable of providing relevant answers to questions, its
responses often repeat the given context and sometimes even conflict with itself. The responses are mostly incomplete.
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3.3 Reward Model

We provide you with the reward model trained using human preference data introduced above.

TODOs: download and copy the checkpoint directory of the reward model from this link, which unzip to a directory
with name comp_rm, and put it under the hw7/checkpoints/ directory.

3.4 RLHF

Finally, we will train the policy model using the complete PPO algorithm. In the previous written part, we intro-
duced KL divergence and how it can be used to perform RLHF based on Eq.5. This simplified PPO algorithm is
widely used in many LLM pre-training processes, such as LLama2 [Touvron et al., 2023], because of its computa-
tional efficiency. It directly optimizes the policy model from an old reference policy model. However, this algorithm
can have high variance, leading to unreliable and unexpected model behaviors [Zheng et al., 2023]. In this section,
instead of using this simplified version, we will implement the complete and original PPO algorithm as introduced
by Schulman et al. [2017]. The original PPO uses an extra value model to estimate the value of the state and opti-
mizes the policy model with a PPO-clipped surrogate training objective Schulman et al. [2017], Liu et al. [2023]. The
policy model and the value are trained jointly by using the value model’s output as a baseline or a target for the
policy’s gradient update. This way, the policy model can learn from both its own experience and the value model’s
feedback, thus reducing the variance of the policy gradient. However, the complete PPO also have some limitations:

• It introduces a trade-off between bias and variance, as the value model may be inaccurate or inconsistent with
the policy model’s behavior, which can affect the quality of the policy gradient.

• It increases the complexity and computational cost of the algorithm, as they require two models to be updated
simultaneously

3.4.1 Experiment Setup

Specifically, our policy model is based on T5-small and is supervised finetuned on 1K training examples. During
RL exploration, we use top-k (k = 20) sampling decoding with temperature = 0.7, which is set based on previous
RLHF work [Ramamurthy et al., 2023]. The reference policy model used during RL training is the same initialized
T5-small but is never updated. We use another trainable T5-small as the value model, updating it simultaneously
to get a good estimate of the current state value (cumulative rewards).

In summary, we need the following three kinds of models to perform RLHF: two intitalized policy models as
trainable policy model and frozen reference policy model, one finetuned reward model to provide rewards, and
one trainable value model to compute state value/advantages for PPO. Below is the pseudo algorithm used for our
RLHF training [Wu et al., 2023]:
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Algorithm 1 Fine-grained RLHF with PPO
Input initial policy model Pθinit ; initial value model Vψinit ; K reward models Rϕk trained from human feedback; task
prompts D; hyperparameters γ, λ, ϵ, β

1: policy model Pθ ← Pθinit , value model Vψ ← Vψinit
2: for step = 1, . . . , M do
3: Sample a batch Db from D
4: Sample output sequence yn ∼ Pθ(· | xn) for each prompt xn ∈ Db

5: Compute rewards {rn
t }
|yn |
t=1 for each sampled output yn by running Rϕk

6: Compute advantages {At}|y
n |

t=1 and value targets {Vtarg(st)}|y
n |

t=1 for each yn with Vψ

7: for PPO iteration = 1, . . . , µ do
8: Update the policy model by maximizing the PPO clipped surrogate objective:

θ ← arg max
θ

1
|Db|

|Db |

∑
n=1

1
|yn|

|yn |

∑
t=1

min
(

Pθ(at | st)

Pθold
(at | st)

At, clip(vt, 1− ε, 1 + ε)At

)
9: Update the value model by minimizing a square-error objective:

ψ← arg min
ψ

1
|Db|

|Db |

∑
n=1

1
|yn|

|yn |

∑
t=1

(
Vψ(st)−Vtarg(st)

)2

10: end for
11: end for
Output Pθ

3.4.2 Experiment

1. TODOs: Check out models in the file run_rlhf.py. What are the names of those model variables? How many
distinct model classes we used and what are their names?

Answer: Model variables: ref_policy, policy, value, reward
There are three distinct model classes and their names are T5Policy, T5Value, FineGrainedReward

2. We have arrived at the final step of our RLHF training, yeah! TODOs: Read and complete the missing lines
after # TODO: Set up a trainer in run_rlhf.py to create a PPOTrainer instance named as trainer. We have
defined the class PPOTrainer in the file ./src/rlhf/ppo.py file. Please check it out and find all predefined
variables/functions that can be used to create its instance. There is no need to create variables/functions on
your own.

3. Now let’s finally perform RLHF for our policy model. This step will take approximately 50-60 minutes of
running on the Rockfish.

Run the run_rlhf.sh script. Once finish training, the prediction results of the testing dataset will be automat-
ically uploaded to your online WandB repo. To access these results, simply visit your WandB homepage and
look for the run named rlhf under the hw7 project. Click on it and find the ’file’ section in the left panel. Then
you can locate the prediction results under

> root/media/table/eval_generation

Find the file starting with the name “step_100” and
TODOs: Copy and paste the top 3 predictions to below.and compare the predictions with those in 3.2.3. Do
you think that RLHF does help the policy model generate complete and human-preferred answers? If yes,
please provide evidence. If no, could you please elaborate on any drawbacks of our current approach/setting
and suggest any improvements could be made?

Answer:
Prediction1:“Josef Bican has the highest goals in international football. He is ranked first in most goals in international
matches. He is ranked first in most goals in international matches. He is ranked first in most goals in international
matches. He is ranked first in most goals in international matches.”
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Prediction2:“S̈ound of Silenceïs a song performed by Australian folk rock duo Simon & Garfunkel. Written by An-
thony Egizii and David Musumeci of DNA Songs, it is best known as Australia’s entry at the Eurovision Song Contest
2016 which was held in Stockholm, Sweden, where it finished 2nd, receiving a total of 511 points. The album was
initially unsuccessful, so Paul Simon moved to London, England, and Art Garfunkel continued his studies at Columbia
University in their native New York City, before reuniting in late 1965. The album’s title is a slight modification of the
title of the title of the first major hit, T̈he Sound of Silenceïs a song performed by Australian recording artist Dami Im.
The album was re-released in January 1966, adding electric guitars, bass guitar and a drum kit), and reached #30 on the
Billboard”

Prediction3: “The first apple i phone was made on June 29, 2007, and the first iPhone was released later that year.
The first iPhone was made on June 29, 2007, and the first iPhone was made on June 11, 2007, and the first iPhone was
made on September 7, 2005. The iPhone is manufactured in the Shenzhen factory of the Taiwanese company Hon Hai
(also known as Foxconn). The first iPhone was made on September 7, 2005, Apple and Motorola released the ROKR
E1, the first mobile phone to use iTunes. The iPhone’s main competitors in both consumer and business markets were
considered to be the LG Prada, LG Viewty, Samsung Ultra Smart F700, Nokia N95, Nokia E61i, Palm Treo 750, Palm
Treo 750, Palm Treo 750, Palm Treo 750, Palm Treo 750, Palm Treo 750, Palm Treo 750, Palm Treo 750, HTC Touch”

My thoughts: The predictions from RLHF finetuned T5-small are longer, more complete, and contain more informa-
tion than those from the initial T5-small. That does demonstrate that RLHF can improve a model’s ability towards
human preferences. However, its responses still tend to be repetitive, such as the prediction1. We hypothesize it is because
of the small size of our policy model, T5-small. If we replace it with a larger policy model like T5-large, this issue might
be mitigated. Also, we could collect human feedback data on prediction repetitiveness or redundancy, then using RLHF
to teach LM to generate concise and non-repetitive responses.

Optional Feedback

Have feedback for this assignment? Found something confusing? WeâĂŹd love to hear from you!
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