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Introduction

Event sequences appear across domains — finance, healthcare, e-
commerce, telecommunications — each event defined by a timestamp
and attributes like transactions, diagnoses, or interactions. Existing tools
such as recommender systems and temporal point processes mainly
predict the next event, while real-world tasks demand modeling full
sequences: fraud detection, customer segmentation, behavior scoring.
Unlike regular time series or text, event sequences are irregular and
multimodal, mixing categorical and numerical features. To address this
challenge, we present PyTorch-Lifestream (PTLS) — an open-source
library for learning embeddings of event sequences, supporting data
from transactions, clickstreams, and geolocation, and enabling
downstream tasks from anomaly detection to forecasting.

Learning Strategies

PTLS offers a broad set of strategies for learning event sequence
embeddings.

*Contrastive approaches: CoLES[1], CPC[2], Barlow Twins[3], VicReg[4] —
capture similarities and temporal dependencies between subsequences.
*Masked modeling: MLM[5], TabFormer[6], RTD[7] — inspired by
language models, these methods mask or replace parts of a sequence
and train the network to reconstruct them.

*Generative methods: GPT-based models[8] — predicting attributes of
the next event.

All objectives are implemented modularly, allowing users to integrate

: . custom losses or external libraries such as PyTorch Metric Learning.
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allows practitioners to combine the power of large-scale self-supervised
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Age prediction (50K users), and Churn prediction (11K users). All

PyTorch-Lifestream provides a full pipeline for model development, datasets represent user transactional activity but differ significantly in

enabling the extraction of embeddings or scores for downstream tasks scale

directly from raw event data. Built on top of PyTorch Lightning, it is

modular and extensible, which simplifies distributed training, ensures We evaluate the methods implemented in PTLS and compare them with

reproducibility, and supports integration of custom components such as manually engineered features. For models such as GPT, MLM, and

checkpoints, evaluation metrics, or training logic TabFormer, pooling was applied to generate sequence-level embeddings.

Results show that self-supervised methods consistently perform on par
Event Sequence Data

 Temporally ordered data such as transactions, app clicks, or clinical
records.

e Contain numerical and categorical features.

* Irregular in time — events occur with uneven intervals.

with or outperform feature-engineered baselines. Moreover, combining
embeddings from different models often improves performance further.
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Model Architecture

PTLS models include two core components: TrxEncoder and SeqEncoder.
TrxEncoder embeds categorical features, normalizes numerical ones, and
combines them into unified event vectors, supporting custom
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SeqEncoder models event embeddings with RNNs or Transformers
(including Hugging Face and x-transformers), producing either token-
level or sequence-level embeddings for labeling, classification, or
regression.

PTLS also supports multimodal event streams.



	37 PyTorch-Lifestream Learning Embeddings on Discrete Event Sequences

