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• Generative recommendation (GR) aims to predict next item 

from user behavior sequences.

User Behavior Sequence
(Input)

Predicted Item
(Output)

Generative Recommendation
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• Given: A user interaction sequence 𝑖1, 𝑖2, … , 𝑖𝑛

• Goal: The next item 𝑖𝑛+1

• Evaluation Protocol: Leave-last-out evaluation

Problem Setup

Training Data Validation
Item

Test
Item
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• How to effectively construct the training data (i.e., data augmentation)?

• Note: This process is often simplified, applied inconsistently, or treated as 

a minor implementation detail. 

Data Augmentation

Training Data
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• Last-Target (LT): Generate a single training sample per user using the 

last item in the training sequence as the prediction target. 

Common Strategies – Last-Target

Training
Input

Training
Target
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• Multi-Target (MT): Predict multiple targets within each user sequence.

Common Strategies – Multi-Target

Training
Input

Training
Target
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• Multi-Target (MT): Predict multiple targets within each user sequence.

Common Strategies – Multi-Target

Training
Input

Training
Target
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• Multi-Target (MT): Predict multiple targets within each user sequence.

Common Strategies – Multi-Target
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Training
Target
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• Multi-Target (MT): Predict multiple targets within each user sequence.

Common Strategies – Multi-Target

Training 
Input

Training 
Target
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• Multi-Target (MT): Predict multiple targets within each user sequence.

Common Strategies – Multi-Target
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• Slide-Window (SW): Extract all possible size- 2, … , 𝑠  contiguous 

subsequences from each user sequence. 

Common Strategies – Slide Window

Training Input Training Target

Window size 𝑤 = 2 for example 
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• Slide-Window (SW): Extract all possible size- 2, … , 𝑠  contiguous 

subsequences from each user sequence. 

Common Strategies – Slide Window

Training Input Training Target
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• Slide-Window (SW): Extract all possible size- 2, … , 𝑠  contiguous 

subsequences from each user sequence. 

Common Strategies – Slide Window

Training Input Training Target
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• Slide-Window (SW): Extract all possible size- 2, … , 𝑠  contiguous 

subsequences from each user sequence. 

Common Strategies – Slide Window
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• How do data augmentation strategies reshape training distributions?

Empirical Analysis of Target Distribution

Target Distribution

Augmented Training Data 𝒟train

𝑝train(       ) =
2

3

𝑝train(       ) =
1

3

How frequently does the item
appear as the target?
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• Different strategies yield distinct target distributions.

Empirical Analysis of Target Distribution
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• Different strategies yield distinct target distributions.

• Ranking (w.r.t. target probability) agreement of items. 

Empirical Analysis of Target Distribution

LT MT SW

LT 1.000 0.728 0.658

MT 1.000 0.791

SW 1.000

Beauty

Backgrounds Analysis (1) Method ConclusionAnalysis (2) ExperimentsIntroduction

LT MT SW

LT 1.000 0.746 0.732

MT 1.000 0.936

SW 1.000

ML-1M
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• Different strategies yield distinct target distributions.

• Average rank (w.r.t. target probability) differences between pairs of items.

Empirical Analysis of Target Distribution

LT MT SW

LT 0 2263 2762

MT 0 1754

SW 0

Beauty
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LT MT SW

LT 0 557 587

MT 0 157

SW 0

ML-1M
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• How do data augmentation strategies reshape training distributions?

Empirical Analysis of Input-Target Distribution

Conditional 
Input|Target Distribution

𝑝train ⋅ | = 2

How diverse are the inputs 
associated with each target?Augmented Training Data 𝒟train
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• Different strategies yield distinct input-target distributions.

Empirical Analysis of Input-Target Distribution

Backgrounds Analysis (1) Method ConclusionAnalysis (2) ExperimentsIntroduction
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• As a result, generative recommendation model performance 

(NDCG@10) is highly sensitive to the data augmentation strategy.

Empirical Importance of Data Augmentation
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• For effective generalization, the training target distribution should 

closely align with that at test time. 

Analysis of Target Distribution

Target Distribution
(Training; 𝑝train)

Target Distribution
(Test; 𝑝test)

KL 𝑝train ∥ 𝑝test  

= ෍

𝑦∈𝐼

𝑝train 𝑦 log
𝑝train 𝑦

𝑝test 𝑦
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• Multi-Target yields the lowest KL divergence (strong alignment); 

Last-Target has the highest KL divergence (misalignment).

Analysis of Target Distribution

Beauty Toys Sports ML1M ML20M

Last-Target (LT) 2.768 3.147 2.737 2.198 0.343

Multi-Target (MT) 0.898 1.062 0.819 0.495 0.168

Slide-Window (SW) 1.158 1.349 0.910 0.563 0.312

KL Divergence of Target Distributions
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• The alignment between training and test target distributions 

closely mirrors the performance trends.

Analysis of Target Distribution

SASRec TIGER

* Average values across five datasets

Backgrounds Analysis (1) Method ConclusionAnalysis (2) ExperimentsIntroduction



Simple Epidemic Models with Segmentation Can Be Better than Complex OnesI 2021 29Sequential Data Augmentation for Generative RecommendationWSDM 2026

• For effective generalization, the training input-target distribution 

should closely align with that at test time. 

Analysis of Input-Target Distribution

Input-Target
(Test)

Input-Target
(Training)
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• Alignment: Inputs associated with the same target should exhibit 

similar structural patterns across training and test.

Analysis of Input-Target Distribution

Input-Target (Test)

Input-Target (Training)

Same 
Target

Similar 
Inputs

𝔼𝑦𝔼 𝑥,𝑦 ∼𝒟test

𝑥′,𝑦 ∼𝒟train

sim 𝑥, 𝑥′
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• Discrimination: Inputs associated with different targets should exhibit 

dissimilar structural patterns across training and test.

Analysis of Input-Target Distribution

Input-Target (Test)

Input-Target (Training)

Different 
Targets

Dissimilar 
Inputs

𝔼𝑦≠𝑦′𝔼 𝑥,𝑦 ∼𝒟test

𝑥′,𝑦′ ∼𝒟train

sim 𝑥, 𝑥′
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• Multi-Target yields the highest alignment-to-discrimination ratio than 

Last-Target and Slide-Window across datasets.

Analysis of Input-Target Distribution

Beauty Toys Sports ML1M ML20M

Last-Target (LT) 14.54 19.61 8.52 3.91 8.21

Multi-Target (MT) 16.42 20.11 9.09 4.32 12.77

Slide-Window (SW) 14.86 19.88 8.78 3.57 7.37

Alignment-to-Discrimination Ratio of Input-Target Distributions
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• Good trade-off between alignment and discrimination in input-target 

distribution is potentially important.

Analysis of Input-Target Distribution

SASRec TIGER

* Average values across five datasets
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• Despite its importance, generative recommendation models are often 

trained under inconsistent or restrictive training distributions. 

→ It is difficult to accurately assess and compare model effectiveness.

GENPAS: Generalized Data Augmentation

Model A

Model B

Model C

Are these 
models really 
comparable?

Are the models 
trained optimally?
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• GENPAS is a generalized and principled framework for data augmentation.

• It unifies existing strategies into a three-step sampling process.

GENPAS: Generalized Data Augmentation

(1) Sequence Sampling

(2) Target Sampling

(3) Input Sampling

Backgrounds Analysis (1) Method ConclusionAnalysis (2) ExperimentsIntroduction
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(1) Sequence Sampling: Samples a user sequence 𝑠 ∈ 𝒮 with probability:

𝑝𝛼 𝑠 =
𝑠 − 1 𝛼

σ
𝑠′∈𝒮 𝑠′ − 1 𝛼

GENPAS: Generalized Data Augmentation

• 𝜶 < 𝟎→ Favors shorter sequences

• 𝜶 = 𝟎→ Samples all sequences uniformly

• 𝜶 > 𝟎→ Favors longer sequences

Sample a sequence

Backgrounds Analysis (1) Method ConclusionAnalysis (2) ExperimentsIntroduction
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(2) Target Sampling: Samples a target position 𝑘 ∈ {2, … 𝑠 } with probability:

𝑝𝛽 𝑘 ∣ 𝑠 =
𝑘 − 1 𝛽

σ
𝑘′=2
𝑠

𝑘′ − 1 𝛽

GENPAS: Generalized Data Augmentation

Sample a target • 𝜷 < 𝟎→ Favors earlier targets

• 𝜷 = 𝟎→ Samples all targets uniformly

• 𝜷 > 𝟎→ Favors recent targets

Backgrounds Analysis (1) Method ConclusionAnalysis (2) ExperimentsIntroduction
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(3) Input Sampling: Samples a start position 𝑗 ∈ {1, … 𝑘 − 1} with probability:

𝑝𝛾 𝑗 ∣ 𝑘, 𝑠 =
𝑗𝛾

σ
𝑗′=1
𝑘−1 𝑗′ 𝛾

GENPAS: Generalized Data Augmentation

Sample an input • 𝜸 < 𝟎→ Favors longer inputs

• 𝜸 = 𝟎→ Samples all inputs uniformly

• 𝜸 > 𝟎→ Favors shorter inputs

Backgrounds Analysis (1) Method ConclusionAnalysis (2) ExperimentsIntroduction



Simple Epidemic Models with Segmentation Can Be Better than Complex OnesI 2021 40Sequential Data Augmentation for Generative RecommendationWSDM 2026

• The joint distribution over an input-target pair ෥𝒙, ෥𝒚  factorizes as:

GENPAS: Generalized Data Augmentation

(1) Sequence Sampling

(2) Target Sampling

(3) Input Sampling

𝑝 ෤𝑥, ෤𝑦 = 𝑝 𝑠, 𝑘, 𝑗 =  𝑝𝛼 𝑠  ⋅  𝑝𝛽 𝑘 𝑠  ⋅  𝑝𝛾 𝑗 𝑘, 𝑠

Backgrounds Analysis (1) Method ConclusionAnalysis (2) ExperimentsIntroduction
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• Common augmentation strategies are special cases of GENPAS.

GENPAS: Generalized Data Augmentation

Are these ad-hoc 
parameterizations 

optimal?
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Experimental Settings

• Datasets: Five public datasets (Amazon & MovieLens) and a large-scale 
internal dataset collected from Snapchat. 

• Models: Two representative GR models SASRec & TIGER

Backgrounds Analysis (1) Method ConclusionAnalysis (2) ExperimentsIntroduction
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Overall Performance 

• GENPAS consistently and significantly outperforms common data 
augmentation strategies (i.e., Last-Target, Multi-Target, & Slide-Window).

Backgrounds Analysis (1) Method ConclusionAnalysis (2) ExperimentsIntroduction
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Overall Performance (vs Input-Level Augmentation)

• GENPAS outperforms input-level augmentation methods (e.g., insertion).

• Note 1: Instead of perturbing the input sequence, sampling contiguous 
inputs of varying lengths (by controlling 𝛾) is more effective. 

• Note 2: Prior work often evaluate only at 𝛼, 𝛽 = 0, ∞ .
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Effectiveness of Components

• Varying 𝜶 (sequence sampling) and 𝜷 (target sampling) significantly 
affects model performance. 
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On Training Data Properties

• Selected configurations 𝜶, 𝜷, 𝜸  for each dataset yield improved target 
distributions and input-target distributions.

Selected 𝛼, 𝛽, 𝛾  Configurations

SASRec TIGER

Beauty 1,0,0 1,0,1

Toys 1,0,0 1,0,1

Sports 1,0,0 1,1,1

ML1M 1,0,0 1,0,1

ML20M 0,2, −∞ 0,2, −∞

Target Distributions Input-Target Distributions

Backgrounds Analysis (1) Method ConclusionAnalysis (2) ExperimentsIntroduction
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Data Efficiency

• GENPAS achieves strong performance even with reduced training data.
• Note: In ML1M, GENPAS with 1% training data > MT with full data
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Parameter Efficiency

• SASRec trained on GENPAS-augmented data outperforms larger-parameter 
variants trained with other strategies. 

→ Augmenting data can be more efficient than scaling model sizes. 
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Long Tail Performance

• GENPAS outperforms the other augmentation strategies across all item 
groups, from the least popular (G1) to the most popular (G3). 
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Large-Scale Data

• GENPAS outperforms its baseline (LT) in the industry-scale dataset.
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Conclusions

• We propose GENPAS, a principled and generalized data augmentation 
method for generative recommendation.

✓ In-Depth Analysis: We conduct a thorough analysis of widely used data 
augmentation strategies for generative recommendation.

✓ Generalized Framework: We introduce GENPAS, a principled three-step sampling 
framework for constructing training data that unifies existing ones.

✓ Strong Performance: Across both benchmark and industrial datasets, we show 
that generative recommendation models largely benefit from GENPAS.

Code & datasets: https://github.com/snap-research/GenPAS 

Backgrounds Analysis (1) Method ConclusionAnalysis (2) ExperimentsIntroduction
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