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Figure 1: Overview of our User History Modeling Approach. The user history’s textual ) targettextattimestept & text
features are processed through the User Embedding module and combined with the Yo » V<t Context attime step t

task prompt and subsequently passed through the language model.




I:a Experiment

| Datasets (MovieLens)

ratings.dat input text
title: The Matrix

UserlD | MovielD | Rating Timestamp

genre: Action, Sci-Fi
1 1193 ) 978300760 rating: 5
. 661 3 978302109 Ej_e_scrlptlon: A hacker discovers reality is a simulation.
1 914 3 978301968 title: Titanic
genre: Drama, Romance
1 3408 4 978300275 ‘ rating: 4
description: A love story aboard the doomed Titanic.

movies.dat
MovielD Title Genres
1 Toy Story (1995) |  Animation|Children's|Comedy
2 Jumanji (1995) Adventure|Children's|Fantasy
Grumpier Old
3 Men (1995) Comedy|Romance




Results

BASE  LARGE
- precision 0.330
(B‘El);gtllrll; recall 0.273
‘ f1 0.192
precision  0.276  0.257 045\ ___ Base Model
Text Hist. 5 recall 0.287 0.273 Large Model
f1 0273 0.261 0.ag | Baselne S e
precision  0.275  0.281
Emb. Hist. 5 recall 0.297  0.290 0.35
f1 0.252  0.215 g
precision  0.541  0.568 4030
LongT5 50 recall 0.523  0.558
fl 0.529  0.557
0.254
precision  0.407  0.400
Emb. Hist. 50 recall 0.405  0.399
f1 0.396  0.381 020 e e
precision  0.416  0.459 > 20 30 >0 100
Emb. Hist. 100 recall 0413 0.441 ristory Length
fl 0.404  0.444
Table 1: Model performance using proposed User Embedding Figure 2: Comparison of model performance with increasing
Module. Counting Baselines refers to counting the three most User History.

frequently occurring genres across the entire user history.




Results

BASE LARGE
precision  0.282  0.322
T511 recall 0.292 0.324
fl 0.208  0.267
precision  0.353  0.398 BASE  LARGE
TSLiMAda.pted recall 0.374 0.397 prec'lsion 02?6 025?
fl 0338 0378 Emb. Hist. 5 recall 0287 0273
precision  0.407  0.400 fl 0.273  0.261
FlanT5 recall 0.405  0.399 —
f1 0396 0381 precision  0.319  0.321
Emb. Hist. 20 recall 0.328  0.326
Table 2: Comparison of model performance with various fl 0.275 0.281
choices of Language Models. —
precision  0.353  0.390
Emb. Hist. 30 recall 0.364  0.390
BASE  LARGE 1 0.337 0.367
precision  0.391  0.395 precision  0.407  0.400
| Layer  recall 0.381  0.384 Emb. Hist. 50 recall 0.405  0.399
fl 0.346  0.347 fl 0.396  0.381
precision  0.399  0.380 precision  0.416  0.459
2 Layers  recall 0.392 0.367 Emb. Hist. 100  recall 0.413  0.441
f 0.384  0.365 fl 0.404  0.444
precision  0.407  0.400
3 Layers  recall 0.405  0.399 Table 4: Comparison of model performance with increasing User History.
f1 0.396  0.381

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