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Accurately predicting customer purchase behavior is
a central challenge in retail analytics. Basket
prediction can drive better recommendations, smarter
inventory management, and personalized marketing.
Yet the task is difficult: baskets often contain diverse
items, and user preferences evolve over time.

Our motivation is to build models that capture
complex item—item and user—item relationships while
accounting for temporal dynamics. By improving
model architectures and scaling strategies, we aim to
advance basket prediction toward more robust and
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Model Prediction: Our framework focuses on two
key tasks: within-basket prediction and next-basket
prediction. In within-basket prediction, the model
predicts the remaining items in a user’s current
basket based on the items already selected. In next-
basket prediction, the model forecasts the items a
user will purchase in their next shopping trip.
Improvements of Time Embedding: The prior
team used constant time embeddings, which limits
temporal representation. We introduced a more
expressive encoding that captures when purchases
happen, enabling the model to better learn evolving
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fixed window length and stride, enabling sequential
training.

* Prediction Analysis: exports training/testing
metrics, user-level prediction history (JSON/CSV),

module (e.g., LSTM) to model how user preferences
evolve across multiple baskets.

*  MITGNN + TGN: Intergrated with Temporal Graph
Networks, adding a memory module and time-aware ' Hon s
message passing. This design explicitly models and learning curves for visibility.

temporal evolution of user—item interactions. * Learning Rate Schedulers:
——————————————————————————— * Linear Warmup: gradually increases LR to

stabilize early training.

* Performance Gains: Our models achieve higher Recall, NDCG,
and Precision compared with the prior baseline, showing clear
improvements in both within-basket and next-basket tasks.

* Training Dynamics: Recall steadily increases as Loss decreases,
confirming that the model is learning meaningful co-purchase and
sequential patterns rather than overfitting.

* Recall: measures how many of the items a user *  Warmup Cosine Annealing: smooth decaytoa —— - —— - - — = - - - - - - — - - - o .
actually bought appear in the top-K recommendations. minimum value after warmup. *  Model Desigp: A“tf’ N.eural Ar.chlte.cture Search; Task optimization;

* Precision: measures accuracy of prediction. *  Cosine Warmup Restart: cyclic cosine New Embedding Injection: flexibly 1nt§grate more features.

* NDCG: measuring ranking quality, rewarding models schedule with periodic restarts. *  Practical Application: Explore prefraining on representative stores
that place relevant items higher in the list. * Polynomial Decay: reduces LR following a and fine-tuning for new ones, using global item embeddings for

consistency and store-specific user/basket embeddings for
personalization, save resources and time.

« Hit Ratio: checks whether at least one relevant item
appears in the top-K list.

polynomial function, flexible for different
decay speeds.



