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E-commerce with LLM

* personalization, real-world knowledge,
customer intention understanding

Scenario: online bookstore

* provides explainable book recommendation
based on reading history, personal interests,
and contextual preferences, etc.
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Explicit representations

~—— Customer Representation Gap ——
From implicit to explicit
* traditional: map user behavior data to vectors

* need: explicit representations comprehensible to
both LLM and human

Implicit representations

~ Persona -

Bargain Hunter

Recommender Customer /  \_
Representation by Personas ~
. : . Serialized text
Persona properties: Informativeness, Readability, Robustness - -
Persona generation pipeline: - —’@_ (ﬂgy parent |
* serialize user-item interactions into text with a template ) —> ‘_‘_i"‘g{‘{)‘_vv“r;gr' ]
* LLM labels the user based on a pre-defined persona set I%_ r Vegan |
Potential downstream applications: . _ — -
. . User-item Pre-defined LLMs as labeler Multi-persona
* Product recommendation, Customer Segmentation, interactions persona set customer representation
Customer-centric Search Navigation, etc. 2 ® o (A AT A NN ~
Scalability issue: N [ S % & S
 e-commerce platforms easily have millions of users /a°t‘°§- ] O © | Q }
* user representations need to be dynamically updated @ \@ @ N | L Q J y
. . items . . A J » W
* LLM inferences are expensive, we want to reduce the cost users Customer personas as additional attributes )

Method overview
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* DU-Sampling: selectively label 5% customers [ ] Labeted users .
« Random walk: for each unlabeled, find their ==/ :

probable

abeled neighbors, aggregate their personas

~

Unlabeled users

not likely

Experiments
Application 1: product recommendation
solution: construct user-persona-item tripartite graph

apply GNN-recommendation models on the tripartite
 competitors: MF, GCMC, LCEN, LightGCN, LGCN, AFDGCF

OnelineRetail

Instacart
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* RevAff: reverse random walk with pruning for lower costs
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 even 5% sample achieves performance comparable to full

5% 10%

20%

sample rate

100%

Persona

0.451 0.671 0.771 0.788

Application 2: customer segmentation
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solution: encode each customer using one-hot, reduce the
dimension via PCA, then cluster with KMeans

. e dimensions: (1) robustness, (2) customer clustering quality/




