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Motivation: Achieving Optimal Balance in Recommendation Systems

Performance Comparison
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Figure 1:The best overall balance between 3 goals. NDCG@100 39.95 42.00 39.34 40.95 42.54 42.57
GF-CF [1] EASE [2] ~-AE [3] SVD-AE PSP@10 3.01 3.17 3.13 3.16 3.22 3.22

Using SVD / X X / NDCG@10 35.60  36.02 34.48 37.63 36.93 37.75

PSP@10 4.69 4.73 4.82 4.76 4.74 4.93

Table 1:Comparison of existing lightweight methods and our SVD-AE.

Table 2:Performance evaluation of overall performance among SVD-AE and baselines

Generalized Linear Autoencoder for Recommender Systems

Efficiency Comparison

» The objective function of linear autoencoder is:

| - Model ML-1M ML-10M
mén IR —RJ3 st C (1) Pre-processing Training Pre-processing Training
> R € {0,1}Uxl is the given user-item interaction matrix LIEIEEIEN N Gl s eZaslin
> R e {0,1} is the reconstructed interaction matrix EASE 4 506 5 796 £5 B3s 5,055
» EASE uses ridge regression with a regularization term: co-AE N/A 2.24s N/A 388.39s
mBin ‘ R — RBH% T\ HBH%7 s.t.diag(B) — . (2) SVD-AE 0.54s 2.06s 47.59s 3.06s

Table 3:Efficiency comparison on overall computation time.

» oo-AE uses Kernelized Ridge Regression:
argmin. > [[Ry = f(Rula) |3+ A || £
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Robustness on Noise

» Closed-form solutions for optimal R in different methods:

R-(I-P-diagMat(l o diag(P))) (EASE). e NGGH e Grer o Emst e evoae
R=-{K. (K+ )R (0co-AE), (4) o | L e e e
R-VXTQ'R SVD-AE), [ [ [T \
> P = (RTlR + )\11)_1. ° | ) « 13- *\:—*kfj """""" T
> R =D, ’RD,’ is a normalized adjacency matrix. 513 ‘(36)
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The Presence of Noise
11-
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» R often contains noisy interactions that don't reflect true user preferences.
» EASE and oo-AE use ) to prevent overfitting to noisy rating matrix.
» Smaller A minimizes MSE but doesn’t guarantee better performance.
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—e— EASE (Gowalla) Figure 4:Robustness evaluation against noise level.
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Figure 3:The performance comparison with different regularization parameters.
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> The regularization term is implicitly handled by truncated SVD.
» Novel closed-form solution:

B=R'R=VXI'QR, (6) [3l
> Let R = QX V7 be the SVD of R, then we can get the pseudo-inverse of R, R™.
> Q € RIVI*m and V e RIX™ are top-m singular vectors
>
>

>+ contains inverse of top-m singular values of R

m = |y x min(|U|, |I])|, where v = 0.04 is optimal for all datasets 4 jeongwhanchoi.me

» Low-rank Inductive Bias in SVD-AE: Yy jeongwnanchgi
> Reduces noise (smaller singular values). OJGOHQWWanChO.I _J E _J U 2 024
> Speeds up calculations for large, sparse matrices. [ jeongwhancho




