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01 Model Architecture

# Notation Meaning Type

𝑈 user history text text

𝑈𝐸𝑀 ⋅ user embedding module pipeline function

𝑈𝑒 = 𝑈𝐸𝑀 𝑈
user personalized prompt 

embedding
vector matrix

𝐾 task-level soft prompt learnable matrix

𝐼 task instruction text text

𝐹 ⋅
embedding layer

(Text → embedding)
function

𝐼𝑒 =  𝐹 𝐼 Task instruction embedding vector matrix

𝑍 = 𝐾 𝑈𝑒 𝐼𝑒 full input embedding sequence vector matrix

𝐺 ⋅ FlanT5 encoder–decoder LM function

෠𝑌 = 𝐺 𝑍 Output text text

- 𝑦𝑡  , 𝑦<𝑡
target text at time step 𝑡 &

Context at time step 𝑡
text
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Figure 1: Overview of our User History Modeling Approach.  The user history’s textual 
features are processed  through the User Embedding module and combined with the 
task prompt and subsequently passed through the language model.
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Cross Entropy : ℒ 𝜃 = − σ𝑡=1
∣𝑌∣ log 𝑃𝜃 (𝑦𝑡 ∣ 𝑦<𝑡, 𝑍)

Loss Function
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4 Related Work
In prior research, UserAdapter (Zhong et al., 2021)
introduced a trainable token for each user, facilitating
sentiment classification specialization using
RoBERTa. Expanding upon this, UserIdentifier
(Mireshghallah et al., 2022) demonstrated that employing
random userIDs effectively captures userspecific
information. HuLM (Soni et al., 2022)

pretrained a LM conditioned on higher-order data
states associated with humans. Further, Salemi
et al. (2023) employed retrievers like Contriver and
BM25 to select representative input histories to
prompt an LM to generate personalized outputs.
Mu et al. (2023) utilized gist tokens to condense
input prompts into a set of tokens, reducing computational
overhead for recurring task instructions. Li
et al. (2023) employed prompt rewriting, identifying
relevant items for individual users, summarizing
the information, and synthesizing key attributes
to prompt the model. Our approach distinguishes
itself by utilizing entire user histories, compressing
them into contextually learned embeddings.

Conclusion & Future Work
In this study, we addressed several critical challenges
in modeling user history for preference understanding.
We introduced a User Embedding
Module that processed user history as freeform
text, generating token embeddings for each history
item. This approach greatly simplified user history
tracking and enabled the incorporation of longer
user histories into the language model, and allowed
their representations to be learned in context. Our
empirical results demonstrated the capability of
this approach to handle significantly larger histories
efficiently compared to traditional text-based
approaches, resulting in improved predictive performance.
For future work, we would like to explore
more parameter efficient approaches like LoRA
(Hu et al., 2022) for finetuning LMs with UEM,
which would improve both training and serving for
these models. This approach can be easily extended
to multimodal signals using modal specific embeddings
and tying them together with UEM, and we
plan to explore this direction for future work.

Limitations
While we argue and demonstrate in this work that
using a UEM is an efficient way to encode long
user histories with easier extensions to multimodal
inputs, we acknowledge that text prompting can
be further optimized, by using text-to-text prompt
compression models. These trade-offs could be
further studied. The simplicity of the UEM architecture
leaves a lot of headroom as demonstrated
by LongT5 baselines in Table 1. Our presentations
for U are using generic semantic embeddings with
the use of SentenceT5 (Ni et al., 2022), these can
be further improved with the use of domain specific
embeddings. Our experiments are using LMs
that are <1B parameters, which are usually considered
smaller family of LLMs. It would be a good
future direction to consider larger models with parameter
efficient tuning techniques. Furthermore,
our research has primarily focused on preference
understanding, and hasn’t been tested on tasks extending
to areas such as rating prediction or item
recommendation. We expect our conclusions here
are likely apply to these tasks. We plan to address
these limitations and pursue these avenues in our
future research efforts.

title: The Matrix
genre: Action, Sci-Fi
rating: 5
description: A hacker discovers reality is a simulation.
---
title: Titanic
genre: Drama, Romance
rating: 4
description: A love story aboard the doomed Titanic.
...

Datasets

UserID MovieID Rating Timestamp

1 1193 5 978300760

1 661 3 978302109

1 914 3 978301968

1 3408 4 978300275

…

ratings.dat

movies.dat

MovieID Title Genres

1 Toy Story (1995) Animation|Children's|Comedy

2 Jumanji (1995) Adventure|Children's|Fantasy

3 Grumpier Old 
Men (1995) Comedy|Romance

…

input text

( MovieLens)
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Table 1: Model performance using proposed User Embedding  
Module. Counting Baselines refers to counting  the three most 

frequently occurring genres across the  entire user history.

Figure 2: Comparison of model performance with increasing
User History.
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Table 3: Comparison of model performance with various 
sizes of User Embedding Module. All the models use the 
same history size of 50.

Table 2: Comparison of model performance with various 
choices of Language Models.

Table 4: Comparison of model performance with increasing User History.
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