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[Abstract]

With the rapid growth of the online content market, personalized recommendation systems have
become increasingly important, yet Cold-start issues caused by data scarcity remain a critical challenge
in new IP content environments. While existing ID-based sequential recommendation models fail to
leverage textual attributes, RecFormer—built on the Longformer architecture—also suffers from
performance degradation when training data is sparse. This paper proposes a Sliding Window-based data
augmentation method for RecFormer, generating multiple training samples from a single user interaction
sequence. Experiments on the Amazon Scientific Review dataset show that the proposed method
consistently outperforms the baseline RecFormer across all metrics, with greater gains observed under

more severe data sparsity conditions.
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I. Introduction
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II. Preliminaries

1. Sequence-based Recommendation
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2. Text-based Recommendation
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3. Data Augmentation in Recommendation
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III. The Proposed Scheme

1. Research Process
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Fig. 1. Overall Research Process
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3. Sliding Window-based Data Augmentation
& oM<= Fig. 19] Phase 1004, AR&ARS] A2~
AJE20] Sliding WindowE &8st 549 b5 A&
= sk 2 AEIHO).
7]& RecFormer?] shys BIAlOfAl= AREAL AJEA s

5% AEto] AT ol2ig WALS dolelt SHe

v O 1w

o =
Aol 8k A 471 BEst0] wlo] Clot TES 8%
o

I = ¢
2 AL oj2fst 72 22ap] sl Sliding
2 Agotct. Sliding
Windowt 17 37]9) A=9-2 AHGAF AI-A 9] &
A A0z olsAl|n thaol BB AUAS ASIE
wog, 7t sk AE2 2ol wol 43 A[HAS 1o
chSathe Tk ofolElS EZloR b Sk Moz 7
HcKFig. 2).



Improving RecFormer with Sliding Window-Based Data Augmentation 49

a1 []
-] ]1p[]

- [I:-T-1p[]
- CT-T:1 o]

Fig. 2. Example of Sliding Window Segmentation

A1, 2,3, 4,5, 6]9]

ol-/'\ I\H
=l

g =01, she] AREAT AJH
Oist 71& HAeIM = [1, 2, 3, 4, 5] — 69] &4
S0t A=) sHA|SE Fig. 29 Zo] =% 375 3,
= 71AL 12 4Aste] Sliding WindowsS A23F 732
[1, 2, [234]H5[345]H6J-](7§%7\ﬂ
7Ne] &5 AlEo] AdET o] B9l she] AlHARE
B oo &5 HolHE &R 4 ol

AQtst=  Sliding Window 7|8t dJolg| Z7}F
Recformer?] mQlEY Ao A1 A-8=}. A/de £
AHEASE 27 53410 o5 AEE 290 4=, o]
£ &0l RecFormere ThefRt HR|Y] =4 AJEA TfHS
5 4 ot} 59] 71E HAoAN = SEEA] oA AlH
A FF o) i 7R ehgof EEE 4 Atk AollA,

5 HHE ste s 7L

_4

P

3 =

T rlo

A

IV. Experiment

1. Experiment Overview
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2. Evaluation Metrics
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3. Performance Evaluation
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Table 2. Performance Comparison (Train Size 1%)
Method NDCG@10 Recall@10 NDCG@50 Recall@50 MRR AUC
Proposed Method 0.0939 0.1306 0.1063 0.1869 0.0865 0.6991
RecFormer 0.0922 0.1291 0.1048 0.1866 0.0847 0.6924
Table 3. Performance Comparison (Train Size 0.5%)
Method NDCG@10 Recall@10 NDCG@50 Recall@50 MRR AUC
Proposed Method 0.0927 0.1257 0.1048 0.1813 0.0865 0.6897
RecFormer 0.0889 0.1282 0.1006 0.1814 0.0805 0.6875
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Fig. 4. NDCG@10 Performance Comparison by Train Size
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