
Main Module
The main module employs a dual-tower 

network to predict click-through rates 

(CTR) for xitem and conversion rates 

(CVR) for sku. It addresses three inter-

related sub-tasks for pXitem, pSku, and 

pXitemSku.
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Background

Challenge

Architecture Design

System Deployment Design & Online A/B Test

With the rapid advancement of the tourism sector, Online Travel Platforms 

(OTPs) like Fliggy have seen the emergence of a diverse array of travel-related 

auxiliary products (e.g., flight delay protection, travel assurance, flexible change 

policies). These auxiliary products have become a significant revenue stream. 

Recommendation mechanisms play a crucial role in presenting these related 

product options to users during their primary travel service purchases. The 

success of these recommendations is often measured by Gross Merchandise 

Volume (GMV), which is influenced by predicted Click-Through Rate (CTR) and 

Conversion Rate (CVR). Optimization often involves balancing GMV and 

bundling rate, and considering the hierarchical granularity of products within the 

recommendation system.

LIMITATIONS

Despite the importance of personalized auxiliary product recommendations, 

several limitations exist in current approaches: 

1. Sparse User Engagement: A substantial proportion of users either do not 

interact with auxiliary products or exhibit sparse engagement, hindering the 

comprehensive modeling of individual user preferences.

2. Single-Level Granularity: Prior research predominantly represents items at 

a single level of granularity, overlooking the complex relationships and 

dependencies that may exist across multiple granularities (e.g., different levels 

within a hierarchical product structure like "xitem" and "skus").

3. Ineffective Mutual Information Modeling: Existing approaches have yet to 

effectively address the potential interference arising from mutual information 

between different items at a given granularity, which can impact the accuracy 

and robustness of recommendation models.

Auxiliary Module

Negative Contrastive Loss

Bucket Hierarchical Tree & Hierarchical Contrastive Loss

Offline Evaluation

ෟ𝑦𝑥𝑖𝑡𝑒𝑚 = 𝑓𝑐𝑡𝑟 𝑊𝑥𝑖𝑡𝑒𝑚 ⋅ 𝑒𝑢 ⊕𝑒𝑞 ⊕𝑒ℋ ⊕𝑒𝒞 + 𝑏𝑥𝑖𝑡𝑒𝑚

ෟ𝑦𝑠𝑘𝑢 = 𝑓𝑐𝑣𝑟 𝑊𝑠𝑘𝑢 ⋅ 𝑒𝑢 ⊕𝑒𝑞 ⊕𝑒ℋ ⊕𝑒𝒞 + 𝑏𝑠𝑘𝑢

ℒ𝓍𝒾𝓉ℯ𝓂 = −𝑦𝑥𝑖𝑡𝑒𝑚 log ෟ𝑦𝑥𝑖𝑡𝑒𝑚 − 1 − 𝑦𝑥𝑖𝑡𝑒𝑚 log 1 − ෟ𝑦𝑥𝑖𝑡𝑒𝑚

ℒ𝓈𝓀𝓊 = −𝑦𝑠𝑘𝑢 log ෟ𝑦𝑠𝑘𝑢 − 1 − 𝑦𝑠𝑘𝑢 log 1 −ෟ𝑦𝑠𝑘𝑢

ℒ𝓂𝒶𝒾𝓃 = 𝜆1ℒ𝓍𝒾𝓉ℯ𝓂 + 𝜆2ℒ𝓈𝓀𝓊

The Hierarchical Contrastive Loss (HCL) aims to mitigate semantic overlap between SKUs and 

enhance shared semantic information within a bucket hierarchical tree. It first defines a `path` 

function to identify the nearest common parent `bucket` for any given pair of SKUs (𝑠𝑘𝑢𝑖 , 𝑠𝑘𝑢𝑗). To 

reduce semantic overlap, the representation of this common ancestor 𝑒bucket𝑘 is subtracted from 

the SKU representations to derive an adjusted similarity score s-. Conversely, to emphasize shared 

characteristics, the common ancestor representation 𝑒bucket𝑘 is added to the SKU representations, 

resulting in an enhanced similarity score s+. These two strategies collectively form the basis for the 

HCL.

In our scenario, to eliminate the semantic influence of product types (xitems bucketing), we employ 

the similarity measure s- conversely, to amplify the discriminative signal of key price attributes, we 

adopt s+ for price bucketing.
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