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Abstract

Although the success of pre-trained language models (PLMs) in natural language processing has
motivated active research on utilizing PLM embeddings such as SBERT in recommender systems,
systematic verification of whether PLMs consistently enhance recommendation performance remains
insufficient. This study analyzed the efficacy of SBERT (384-dimensional) embeddings on the
MovieLens-1M dataset through 71=50 repeated experiments. Experimental results revealed that SBERT
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embeddings adversely affected recommendation performance in low-density (5%) environments (ARMSE=H0.
00046, p<0.0001), and applying PCA dimensionality reduction (384—32 dimensions) exacerbated the
performance degradation fourfold, thereby ruling out overfitting as the underlying cause. This phenomenon
is attributed to the misalignment between the semantic similarity space learned by PLMs and the user
preference space, termed Semantic-Preference Misalignment. This study examines the utility of frozen PLMs
without fine-tuning in text-scarce environments consisting only of titles and genres; different results may be
obtained in environments with richer textual information or task-specific fine-tuning. Cost-effectiveness
analysis revealed a 43% increase in inference time without observable accuracy improvements, suggesting
caution against the uncritical adoption of PLM embeddings in recommender systems.

Keyword : Recommender Systems, Pre-trained Language Models, Semantic-Preference Misalignment, Frozen
Embeddings, Collaborative Filtering
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[Table 2] Performance Comparison by Side Information Type (Exploratory Analysis)

Side Info A =L ARMSE k=inl} e SAH fod
Genre 18 5% -0.0016 M He n=2 olds
Genre 18 10% -0.0024 IHM G n=2 olds
Genre 18 11% -0.0010 IHM Gt n=2 olds
SBERT 384 5% +0.00046 ESES] n=50 p<0.0001
SBERT 384 10% +0.00006 e n=50 p=0.578
SBERT 384 11% -0.00006 e n=50 p=0.609

IS [E 3]2 SBERT A& (n=50)2 &AM A 24 ZuE E0ECt

[H 3] SBERT &% &4 24 A1t (n=50)
[Table 3] Statistical Analysis Results of SBERT Experiments (72=50)

UZ | Pure | Hybrid | ARMSE | Bootstrap 95% CI | t-stat | p-value | Cohen's d oA
5% | 02229 | 02233 | +0.00046 | [+0.00032, +0.00060] | +6.33 | 7.17¢-08 +0.90 | TR
10% | 0.2197 | 0.2197 | +0.00006 | [-0.00015, +0.00028] | +0.56 | 0.578 +0.08 =Y
11% | 0.2194 | 0.2193 | -0.00006 | [-0.00030, +0.00018] | -0.52 | 0.609 -0.07 e
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[Table 4] Ablation Experiment Results (72=20)
Edal 5% ARMSE | 10% ARMSE | 11% ARMSE 31
SBERT 384 +0.00040* +0.00041 +0.00002 5% M2H RISt FEH
SBERT PCA 32 +0.00160* +0.00088* +0.00071* 4 o 28X
SBERT PCA 64 +0.00186* +0.00102* +0.00083* 4,64 O A
Random 384 +0.00463* +0.00531* +0.00520* 7MY B L0l
Random_32 +0.00308* +0.00337* +0.00317* RandomT= 78X

*P<0.05 (Paired t-test)
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[Fig. 3] Ablation Study: Performance Degradation Comparison by Side Information Quality (5% Density, 1.=20).
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[Table 5] Training and Inference Time Comparison (12=10 Average)
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