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Abstract

With an extensive catalog of beauty products,
Sephora can be an intimidating experience for
online shoppers. We propose SephoraShopper,
a natural language processing tool that simpli-
fies the decision-making process. By allowing
shoppers to input their personal characteristics
and a product of interest, SephoraShopper gen-
erates a predictive review that anticipates what
the user would write after using the product.
Our solution aims to transform the online cos-
metic shopping experience, presenting users
with a personalized preview to help them make
informed purchasing decisions.

1 Introduction

The beauty industry has become an increasingly
saturated market. Projected to reach around $580
billion by 2028, this industry is experiencing un-
precedented growth. While impressive, this growth
presents a significant challenge for consumers nav-
igating this saturated space. Consumers are in-
creasingly overwhelmed by the sheer volume of
cosmetic products on the market and experience
a phenomenon known as “choice overload.” This
problem is especially evident in Sephora, the lead-
ing omni-retailer with over 2,700 stores worldwide
and a growing online presence.

Sephora’s product range includes thousands of
items, each with up to 17k reviews. With the e-
commerce growth in the industry, more consumers
are purchasing cosmetics online but the volume
of products and reviews makes it difficult for con-
sumers to choose the best product for their unique
needs.

SephoraShopper leverages LLM to generate per-
sonalized product reviews. Unlike traditional re-
view summaries, SephoraShopper predicts the con-
tent of a review that a user is likely to write based
on their specific characteristics, the product de-
tails, and existing reviews. This tool simplifies
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the product selection process by providing insights
into how well a product aligns with a user’s prefer-
ences and characteristics. By simulating personal-
ized reviews, SephoraShopper enables consumers
to make informed decisions among the countless
beauty products available.

2 Problem within Related Work

Various previous works explore the use of natural
language generation (NLG) specifically for tasks
involving product reviews using transformer mod-
els.

Dong et. al.,, 2017 explored an attention-
enhanced approach to generate product reviews
when conditioned on user, product, and rating at-
tributes. They used multi-layer perceptrons to en-
code user and item IDs into context vectors. Then,
they decoded a word sequence, which is the gen-
erated reviews, using stacked recurrent neural net-
works and introduced an attention mechanism to
learn the association between the context vector
and the predicted output words. They utilized an
Amazon book product dataset and demonstrated
that their model outperforms baseline methods,
such as nearest neighbor search, by leveraging the
attention mechanism. This research has laid a foun-
dation for generating personalized review content
based on user and product attributes.

Li et al., 2020 examine the possibilities of per-
sonalized NLG with their model, PErsonalized
Transformer for Explainable Recommendation (PE-
TER). Similar to Dong et al.’s work, they used user
and item-specific information for content genera-
tion. However, Li et al. pioneered the use of trans-
former models in this domain, demonstrating that
PETER can both generate explanations and make
recommendations based on these attributes. They
introduced an innovative approach that integrated
user and item IDs with textual data and revised
the attention-masking matrix to accommodate their



three tasks: explanation generation (creating text ra-
tionale behind a product recommendation to a user),
context prediction (mapping user and item IDs to
words used in the explanation), and rating predic-
tion (estimating a user’s potential rating based on
historical data and user/product attributes). PETER
outperformed fine-tuned BERT models in several
metrics, underscoring the potential of transformer
models for personalized NLG tasks that require an
understanding of user and item-specific informa-
tion.

Like Dong et al., we attempt to tackle the task of
generating product reviews. Unlike their research
which focuses on attribute-to-sequence generation
with RNNs, our SephoraShopper draws inspiration
from Li et al., 2020 by leveraging the transformer
model for personalized NLG. SephoraShopper at-
tempts to generate personalized product reviews
that reflect the unique characteristics of individual
users and product details by utilizing GPT-2, TS5,
Llama, and Mistral.

3 Hypothesis

We hypothesize that a transformer model, fine-
tuned on Sephora product reviews and product de-
scriptions, can accurately predict the content that a
user with a specific set of characteristics (e.g. skin
type, skin tone, product detail desires) is likely to
write.

Transformer models are highly effective for tasks
involving text generation, making them an excel-
lent choice for our Sephora personalized product
review generation use-case. Transformer models
excel in text generation task because of the atten-
tion mechanism which allows the model to capture
the contexts of the input sequence and their con-
tribution to the predicted output. In addition, we
leverage pre-trained transformer models like GPT-
2, TS, Llama, and Mistral fine-tuned to our dataset
of Sephora product reviews and details to create
personalized product reviews that can guide the
user’s purchasing decisions and enhance their on-
line shopping experience.

4 Dataset

We collected a comprehensive dataset of over
40,000 product reviews, scraped from the Sephora
website. We began our data collection process by
strategically selecting the products to include in
our dataset. We identified fifteen foundation prod-
ucts for analysis, prioritizing diversity in product

characteristics, such as suitability for different skin
types (oily, dry, or mature), finish (natural, satin,
matte), and coverage (light, medium, full). We
chose foundation products because individual user
characteristics and preferences significantly influ-
ence a consumer’s choice in complexion products
as compared to other cosmetic categories.

Initially, we attempted to gather the data by using
traditional web-scraping techniques using Beauti-
ful Soup. However, we transitioned to using API
calls to the Bazaarvoice network, which hosted all
of the review and product info data. This approach
allowed us to retrieve product information, which
includes product ingredients, finish, coverage, and
description, and the review information, which in-
cludes review text, rating, recommendation status,
positive and negative feedback counts, skin tone,
skin type, presence of incentivized review, and ver-
ified purchaser status.

Once we collected the data, we preprocessed the
data. To address missing values, we marked them
as "empty" and filled in missing data points for
incentivized review and verified purchaser fields
to ensure the completeness of our datasest. We
also excluded the reviews that were incentivized to
minimize the potential bias that these reviews could
introduce. Furthermore, we cleaned the dataset by
trimming excess whitespace to standardize the data
format.

From data scraping, we obtained a CSV of data,
with each datapoint or user/product detail in a sep-
arate column. We then prepared a CSV that con-
tained a singular input and output column, a format
that makes it easy to extract input-output pairs for
the models. Each entry of our original CSV was
taken row by row and concatenated into an input
string for the product and user details while the
review and rating were concatenated to create the
output. A sample input and output entry is provided
in Table 2.

S Approach

5.1 Generative Pre-trained Transformer 2
(GPT-2)

GPT-2, developed by OpenAl, has shown a sig-
nificantly advanced ability to generate text. The
model has a decoder-only architecture which has
an advantage of simplicity and faster training speed
over models with an encoder-decoder archicture.
GPT-2 is pre-trained on a corpus called WebText
with approximately 8 million web pages, making



the model well-suited for understanding our review
and product text input and generating personalized
predictive reviews.

We further preprocessed the data by combin-
ing the input and the output into a singular string,
which we wrote to a text file. This approach ex-
poses the model to both the input and output text
during training to learn to generate appropriate
product reviews given an input. We used the GPT-2
tokenizer to encode input-output pairs, the input
as all of the product and user information and the
output as the review text and rating. We loaded the
tokenized data into a TextDataset class and trained
our model using GPT2LMHeadModel within Hug-
ging Face’s Transformers library.

We fine-tuned the model by adopting a learning
rate of 2e-5, a batch size of 32 for training and 64
for evaluation, and eval steps of 500 over 3 epochs.

5.2 Text-to-Text Transfer Transformer (T5)

The T5 model, developed by Google, is pre-trained
on a large corpus of unsupervised and supervised
tasks, including text-to-text tasks such as sentiment
analysis, question answering, and natural language
inference. TS5 has an encoder-decoder architec-
ture, which offers an advantage over decoder-only
models like GPT-2 because this structure allows
a deeper, more complex contextual understanding
of the input. Given the lengthy, information-dense
input sequences containing user information and
long product descriptions, this is crucial for our
review generation task.

We prepared our dataset into Prompt-Response
pairs by converting our preprocessed CSV data into
input and output pairs. To guide the model on our
task, we prepended the prefix "generate review: "
to each input text to clarify the task context to the
model.

We tokenized the input and output
data using the TS5 tokenizer and used the
TS5ForConditionalGeneration class for our model,
which is tailored for conditional generation tasks
like ours. Furthermore, the T5Tokenizer utilizes
SentencePiece which combines subword units from
Byte Pair Encoding and treats text as a raw input
stream to be agnostic to spaces for other languages.
Although that it isnt particularly relevant since
our project deals with English, SentencePiece is
also used in conjunction with Unigram which
begins at a base vocabulary that is trimmed when
computing how the loss changes after trimming.
These two approaches that work opposite to each

other, merge subwords and trimming base words
help give a very diverse tokenization approach.
Given the computational constraints, we selected
the t5-small, the most lightweight version of the TS
models. We trained the TS model and fine-tuned
the following hyperparameters: 3 epochs, 8 train
and test batch size, 500 eval steps, 2e-5 learning
rate, and 0.01 weight decay.

5.3 Llama2

Llama 2, developed by Meta, is an auto-regressive
language model with a decoder-only architecture
that adopts grouped-query attention to optimize
the generation of human-like text (Ainslie et al.,
2023). Meta has previously fine-tuned this model
into Llama 2 Chat for dialogue use cases, incor-
porating supervised fine-tuning and reinforcement
learning with human feedback (RLHF) (Touvron
et al., 2023). Llama 2 is a substantially larger lan-
guage model than both GPT-2 and T35, with 7 bil-
lion parameters compared to GPT-2’s 1.5 billion
and T5-small’s 60 million. It was trained on 2 tril-
lion tokens, significantly more than GPT-2’s 50,257
and T5’s 1 trillion tokens. We selected this model
to explore whether a larger number of parameters
could outperform earlier models with our Sephora
dataset. In addition, Llama 2’s experimental results
may clarify the benefits of T5’s encoder-decoder
architecture versus the decoder-only architectures
of GPT-2 and Llama 2 when handling our dataset
that has clear input and output distinction.

We followed a specific prompt, predefined by
the model, in order to fine-tune more efficiently.
The training input was prepended with start tokens
<s> and enclosed with instruction tokens [INST]
and [/INST]. </s> was appended to both the input
and output to signal the end of data. An example
looks as follows: “<s>[INST] input [/INST] output
</s>". Without these tokens, the model performed
poorly, generating irrelevant text to the product or
reviews.

The tokenizer was LlamaTokenizer, which uses
byte-pair encoding based on a SentencePiece. The
tokenizer does not automatically append a prefix to
the first token, thus necessitating the <s> token.

Our fine-tuning also involved a QLoRa con-
figuration, which combines quantization and
Low-Rank Adapter (LoRA) to enable Parameter-
Efficient Fine-Tuning (PEFT) (Dettmers et al.,
2023). Given Llama 2’s significantly large size of 7
billion parameters, the GPU was unable to manage
such demands. Therefore, PEFT was essential to



reduce the number of parameters. The 4-bit quan-
tization subdivides the pre-trained Llama 2 model
into 4 bits and keeps their parameter frozen. A
smaller-sized LoRA layer, whose parameters are
not frozen and are updated during fine-tuning, is
added. During training, the model only tracks gra-
dients for the backpropagation of the LoRA layers,
not the frozen 4-bit models, therefore, significantly
saving space and computational time by updating a
smaller subset of 7 billion parameters and circum-
venting the problem of limited GPU resources.

The hyperparameter used for Llama 2 was 1
epoch, training batch size of 1, learning rate of
0.0002, and adam optimizer. Despite PEFT with
QLoRA configuration, the GPU resource could
only handle batch size of 1 (anything greater would
result in out of memory error). Llama 2 used higher
learning rate and optimizer of Adam, which is
different from the previous two models. This is
because the model needed to converge faster in
shorter amount of time (i.e. learn more in less
epoch). High learning rate updates the parameters
faster to meet its optimal weights while the opti-
mizer helps converge faster and more accurately.

5.4 Mistral

We opted to utilize Mistral 7B Instruct v0.2, the
instruction tuned version of Mistral 7B with no
sliding window attention. The main motivation to
use Mistral is to use another decoder-only model
to better differentiate between the performance of
T5’s encoder-decoder model. Mistral also utilizes
group query attention to help reduce cache size and
increase inference speed along with its 32k context
window. Mistral uses Byte Pair Encoding similar
to GPT?2 and SentencePiece(similar to T5) as well,
both methods building subwords albeit using differ-
ent approaches. According to Mistral AI's blogpost,
Mistral 7B model outperforms Llama 13B at text
generation tasks, making it a cost efficient yet effec-
tive option for our research problem, only looking
at the attention of a group of hidden states instead
of all. For our hyperparameters, given our compu-
tational resources, we had a batch size of 4, weight
decay 0.001, a learning rate of 23-4, 32bit adam for
our optimizer, and half an epoch for training with
floating point 16 bit representation enabled to help
reduce size.

6 Evaluation

To evaluate the performance of our models, we
used three common performance metrics: Bidirec-
tional Encoder Representations from Transformers
Score (BERTScore), BiLingual Evaluation Under-
study (BLEU), and Recall-Oriented Understudy
for Gisting Evaluation (ROUGE). The BERTScore
evaluates the semantic similarity between the gen-
erated review text and the reference user reviews.
It leverages the contextual embeddings from pre-
trained models like BERT, comparing the similarity
of words in the generated text to those in the refer-
ence text. This metric goes beyond word matches
or n-gram overlap, making it particularly relevant
for our task. The BLEU score measures the pre-
cision of how well the generated reviews match
the reference reviews in terms of word choice over-
lap and sentence structure. Although commonly
used in translation tasks, it could help us assess the
accuracy of the model’s generated review text in
replicating the style and content of the Sephora ref-
erence reviews. We use the ROUGE score, specif-
ically ROUGE-1 and ROUGE-2, to measures the
recall, which is the proportion of reference text in-
stances captured by our generated model text. This
metric is typically used in machine summarization
tasks and helps evaluate the extent that key infor-
mation from the reference reviews is retained in the
generated review.

For each generated product review, we calculate
the BERTScore, BLEU, and ROUGE scores and
compare these against a set of reference reviews
for that product. Together, these metrics provide a
comprehensive assessment of the performance of
our model in generating contextually appropriate
and accurate reviews.

7 Results

A sample generated output can be seen in Table
2. We evaluated the performance of four models:
GPT-2, T5, Llama 2, and Mistral using the three
metrics: BERTScore, BLEU, and ROUGE-1, as
summarized in Table 1.

GPT-2 had the lowest BLEU score or 0.0022 in-
dicating minimal word matches with the referenced
reviews. It achieved moderate precision, recall, and
F1 in BERTScore; however, the ROUGE-1 scores
were also relatively low. A qualitative analysis on
the generated output text from Table 2 suggests that
GPT-2 generates a review that is somewhat repeti-
tive and illogical. The text claims the foundation



Model | BLEU BERTScore ROUGE-1

GPT-2 | 0.0022 | P:0.788,R:0.839, F1: 0.812 | P: 0.090, R: 0.259, F1: 0.126
T5 0.0524 | P: 0.864, R: 0.889, F1: 0.876 | P: 0.434, R: 0.367, F1: 0.373

Llama 2 | 0.0077 | P:0.771, R: 0.869, F1: 0.817 | P: 0.072, R: 0.443, F1: 0.121

Mistral | 0.0003 | P:0.763, R: 0.843, F1: 0.801 | P:0.102, R: 0.395, F1: 0.154

Table 1: Comparison of NLP Models

has a "medium coverage" and contradicts this in
the following line with a "light coverage." Simi-
larly, the review contains some negative feedback,
followed by high remarks and a 5-star rating.

In contrast, the TS model achieved the best per-
formance across all of the metrics with a BLEU
score of 0.0524, BERTSCORE with the highest pre-
cision (0.864), recall (0.889), and F1 (0.876), and
ROUGE-1 score with the highest precision (0.434)
and F1 (0.373). This suggests that T5 generates
product reviews with a higher semantic similar-
ity to, precision, and recall from the reference re-
views. Since the other three models have a decoder-
only architecture, this suggests that the reason T5
performs better may be attributed to its encoder-
decoder architecture which allows it to learn the
complex relationships within the input. The gen-
erated sample TS5 review is contextually accurate
and aligns closely with the input details, such as
the user’s oily skin type.

Llama 2 has a moderately low BLEU,
BERTScore, and ROUGE-1 scores, with a
BERTScore F1 score (0.817) and ROUGE-1 F1
score (0.121) comparable to GPT-2. We trained
Llama 2 for only 1 epoch due to GPU resource
limitations, so the reduced training time could con-
tribute to the observed lower results. The sample
Llama 2 review is more logical and coherent than
the GPT-2 output, but fails to capture some of the
input details, writing that the user has a dry skin
type.

Finally, Mistral obtained the lowest BLEU
score (.0003) and BERTScore and moderately low
ROUGE-1 scores. This suggests that Mistral is
poor at semantic matching and capturing the con-
text of reference reviews. Similar to Llama 2, Mis-
tral is a significantly larger model than GPT-2 and
TS, which despite their potential for higher perfor-
mance, presented practical challenges during fine-
tuning with our limited computational resources
available. Like Llama we only trained the model
for 1 epoch. The generated Mistral output is rich in
detail and length, although some specificity seems

randomly generated rather than inferred from the
input context.

8 Conclusion

Among the various models we tested, we found
that TS5 performed the best. To better determine
the reason for its performance, we attempted to
look at more Decoder-only architectures to narrow
down what is responsible for its superior perfor-
mance. Mistral and Llama 2 are both SOTA of
Decoder-only LLM’s with billions of parameters.
However, it is worth noting the sheer size of these
SOTA Decoder Only models made it difficult to
train meaningfully. Even with quantization efforts
like PEFT with QLoRA, training was restricted to
only one epoch with very small batch sizes without
maxing out the available GPU and compute. T5 on
the other hand comes with various sizes that make
using it much easier given these constraints. With
these smaller sized variants, we were still able to
train without the need for quantization and for a
decent amount of epochs as compared to LLMs.
Furthermore, we suspect its Encoder-Decoder ar-
chitecture that focuses on sequence to sequence
transformations allows for it to develop and much
more rich and indepth semantic understanding of
the text, as not only is text generation a task but ma-
chine translation and summarization for example
are also a part of the training for the model.
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Context (Input)

Skin Type: oily | Skin Tone: fair | Verified Purchaser: False | Positive Feedback: 0
| Negative Feedback: 0 | Recommended: True | Product: What it is: A hydrating
foundation that delivers buildable coverage for the face and body, resists heat and
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Formulation: Liquid Highlighted Ingredients: - Squalane- Hyaluronic Acid What
Else You Need to Know: This foundation is formulated with 94 percent natural-
origin ingredients and hyaluronic acid. It delivers intense hydration and a second-
skin sensation, while providing buildable coverage that evens the skin and blurs
imperfections for a wide range of effects, from a flawless no-makeup look to a high-
perfection complexion.

Ground Truth Output

Review: New favorite foundation. Easy to blend | Rating: 5

GPT-2 Output

Review: I love this for dry skin as this is so easy to use. I do usually wear a foundation
brush to apply and get nice medium coverage. This makeup also does last a long
time so I'm loving the light coverage. The only drawback is it blends out too long
and is hard to blend out the foundation, but I think that’s the foundation! Definitely a
must-have! | Rating: 5

TS5 output

Review: I love this foundation. It’s buildable and looks great on my skin. It’s a great
foundation for oily skin. | Rating: 5

Llama 2 Output

Review: I love this product! It’s my go to everyday foundation. It has great coverage
and lasts all day long without any break out or caking up. The color match was perfect
as well. I have dry skin so I need something moisturizing but not too heavy. This does
both perfectly. | Rating: 5

Mistral Output

Review: I love this foundation! It’s lightweight, buildable, and has a natural finish. I
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and this foundation doesn’t settle into it. I have a lot of pores on my nose and this
foundation doesn’t make them look bigger. I have a lot of fine lines around my eyes
and this foundation doesn’t make them look more pronounced. | Rating: 5

Table 2: Generated output based on the input to GPT-2, TS, Llama 2 after fine-tuning
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