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Background

Challenge

Architecture Design

System Deployment Design & Online A/B Test

In large-scale industrial recommendation systems, accurately predicting Click-

Through Rate (CTR) and Conversion Rate (CVR) is fundamental to optimizing 

advertising revenue and user experience. While deep learning has succeeded in 

high-frequency e-commerce, the travel industry presents a unique "high-ticket, 

low-frequency" challenge characterized by high transaction costs and prolonged 

decision cycles spanning weeks or months. Unlike standard retail where both 

exposure-to-click (CTR) and click-to-purchase (CVR) feedback loops are dense 

and rapid, travel scenarios suffer from an extreme imbalance: while exposure-to-

click interactions are relatively observable, the actual click-to-purchase ratio 

drops to a negligible 1.5%. This massive gap between initial user clicks and final 

conversions results in extreme label sparsity, rendering traditional deep learning 

models that rely on dense, consecutive interaction sequences largely ineffective.

LIMITATIONS 

1. Dual-Layer Sparsity (Label & Behavior) : Extremely low click-to-purchase 

conversion rates coupled with highly limited annual user interaction 

footprints cause traditional deep learning models to overfit on negative 

samples and fail. 

2. Non-IID Distribution Shifts (Temporal Noise) : Although aggregating 

long-window data mitigates sparsity, it introduces severe noise because travel 

intent shifts non-stationarily due to seasonality and holidays, rendering static 

models suboptimal. 

3. Metric-Optimization Gap (BCE vs. AUC) : Traditional point-wise 

classification losses fail to directly optimize global ranking metrics like AUC, 

creating a gap between offline model training objectives and actual online 

ranking performance.

4. Industrial Deployment Constraints (Sub-40ms Latency): Any complex 

framework designed to solve sparsity must still satisfy stringent industrial 

production requirements, specifically maintaining a real-time inference 

latency of under 40 milliseconds under high concurrency.

Dynamic Prototype Construction with Temporal Awareness

Offline Evaluation

Recognizing that casual clicks in the support set introduce significant noise, a Salience-Aware 

Attention Pooling mechanism computes dynamic contribution weights 𝛼𝑖 for each sample 

embedding 𝐳𝐢 ∈ 𝒮𝓉 using the query-independent attention score:

𝑒𝑖 = 𝐮𝐓 tanh 𝐖𝐚𝐳𝐢 + 𝐛𝐚 , 𝛼𝑖 =
exp 𝑒𝑖

σ𝑗∈𝒮𝓉
exp 𝑒𝑗

Using these weights to filter out incidental clicks, the model constructs time-sensitive class-specific 

prototypes for booking intent

 𝐩𝐁 = σ
𝐱𝐢∈𝒮𝓉

+ 𝛼𝑖𝐳𝐢 

and exploratory clicks

 𝐩𝐂 = σ𝐱𝐣∈𝒮𝓉
− 𝛼𝑗𝐳𝐣

, allowing the model to adapt instantaneously to sudden distribution shifts during holidays or 

seasonal promotions.

Tested on a highly sparse 180-day travel dataset (11.5M samples, 1:50 conversion ratio), FSLNet achieves 

SOTA ranking accuracy (GAUCavg:70.63%, AUC:79.32%) and calibration (LogLoss:0.1120). It exhibits 

outstanding temporal robustness, limiting AUC drop to just 0.76% during holiday peaks. Ablation and 

sensitivity analyses further validate that our dynamic episodic modules and Mix Loss successfully 

bridge the metric-optimization gap while maintaining peak prediction stability.
Metric-based Interaction

During a two-week online A/B test on a major travel platform (10% traffic), FSLNet achieved a +4.7% 

overall CVR increase, maintaining a 3.21% average CVR lift and 2.56% RPM gain across 24-hour cycles. 

By leveraging real-time intent anchors {𝐩𝐁, 𝐩𝐂}to prevent peak-hour performance decay, these results 

confirm FSLNet's robustness and strong commercial viability for large-scale production deployment.

To handle non-IID distribution shifts in travel CVR estimation, the task is formulated as Context-

Aware Few-Shot Learning. By utilizing a dynamic support set of the 𝑇 most recent interactions,

 𝒮𝓉 = { 𝐱𝐣, 𝑦𝑗 }𝑗=𝑡−𝑇
𝑡−1

partitioned into conversion 𝒮𝓉
+ and exploratory 𝒮𝓉

−subsets, the model decouples predictions from stale 

statistics by mapping a query 𝐱𝐪to its conversion probability via 

ෞ𝑦𝑞 = 𝑓 𝐱𝐪, 𝒮𝓉; Θ .

Problem Definition & Feature Embedding and Domain-Adaptive Pre-training

To overcome the limitations of rigid, static distance metrics (such as Cosine similarity) that assume 

an isotropic latent space, the Relation Layer computes complex non-linear interactions by 

constructing an augmented interaction space

 𝐡𝐪,𝐤 = Concat 𝐳𝐪, 𝐩𝐤, 𝐳𝐪 ⊖𝐩𝐤 , 𝐳𝐪 ⊙𝐩𝐤 , 𝑘 ∈ {𝐵, 𝐶}. 

A learnable MLP-based relation head then evaluates the affinity score through 

𝑟𝑘 = MLP𝑟𝑒𝑙 𝐡𝐪,𝐤; Ψ ,

which yields the final temporally-sensitive conversion probability via the softmax-like 

normalization:

ෞ𝑦𝑟𝑒𝑙 =
exp 𝑟𝐵

exp 𝑟𝐵 + exp 𝑟𝐶

Objective Alignment and Optimization
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   𝛼 i


   𝐳 𝐢 ∈  𝒮 𝓉


   e i =  𝐮 𝐓   tanh ⁡   (   𝐖 𝐚  𝐳 𝐢 +  𝐛 𝐚 ) ,    𝛼 i =     exp ⁡   (   e i )   ∑  j ∈  𝒮 𝓉    exp ⁡   (   e j )


   𝐩 𝐁 =  ∑   𝐱 𝐢 ∈  𝒮 𝓉 +   𝛼 i  𝐳 𝐢


   𝐩 𝐂 =  ∑   𝐱 𝐣 ∈  𝒮 𝓉 −   𝛼 j  𝐳 𝐣


    GAUC  avg :


  AUC :


  LogLoss :


  AUC


  {  𝐩 𝐁 ,  𝐩 𝐂 }


  T


   𝒮 𝓉 = {  (   𝐱 𝐣 ,  y j )  }  j = t − T  t − 1


   𝒮 𝓉 +


   𝒮 𝓉 −


   𝐱 𝐪


     y q ^ = f  (   𝐱 𝐪 ,  𝒮 𝓉 ; Θ ) .


   𝐡  𝐪 , 𝐤 = Concat  (   𝐳 𝐪 ,  𝐩 𝐤 ,  (   𝐳 𝐪 ⊖  𝐩 𝐤 ) ,  (   𝐳 𝐪 ⊙  𝐩 𝐤 ) ) , k ∈ { B , C }


   r k =   MLP  r e l  (   𝐡  𝐪 , 𝐤 ; Ψ ) ,


     y  r e l ^ =     exp ⁡   (   r B )    exp ⁡   (   r B ) +   exp ⁡   (   r C )


   ℒ  𝓇 𝒶 𝓃 𝓀 =  1   |   𝒟 + |  |   𝒟 − |  ∑  i ∈  𝒟 +   ∑  j ∈  𝒟 −     [  clip  (  𝜏 −  (   v i −  v j ) , 0 , ∞ ) ] 2

