Under review as submission to TMLR

Probabilistic Visualization and Analysis of User Preferences
via_ Random Fourier Features

Anonymous authors
Paper under double-blind review

Abstract

Understanding user preferences plays a crucial role in domains where strategies are designed
by domain experts, such as personalized recommendations, targeted marketing, and human-
centered interface design. However, many existing methods prioritize predictive accuracy
over model transparency, limiting their use in settings that require interpretability. To ad-
dress this issue, we propose the Random Fourier Feature Shared Latent Variable
Model (RFSLVM), a probabilistic generative model that integrates ideas from shared
Gaussian process latent variable models and random Fourier feature (RFF) approximations
for interpretable user preference analysis. RFSLVM jointly models two data modalities:
real-valued item features and binary user ratings. It learns a two-dimensional visualiza-
tion space that captures relationships among items and user ratings. Additionally, it infers
user-specific preference vectors (weight vectors in REF space) that are compact and con-
tinuous representations of generally nonlinear preference functions. These vectors support
tasks such as measuring user similarity and performing preference-based clustering, thereby
facilitating downstream analysis and decision-making. We evaluate RFSLVM on multiple
real-world datasets and find that it performs competitively against baseline models, while
maintaining interpretability. In addition, we demonstrate the utility of the learned represen-
tations through qualitative analyses, including hierarchical clustering and the identification
of latent preference patterns. These findings suggest that RFSLVM offers a practical and
interpretable approach to modeling user preferences in real-world applications, particularly

suitable for expert-in-the-loop analysis.

1 Introduction

Understanding user preferences plays a crucial role in domains where strategies are designed by domain
experts, such as personalized recommendations (He et al.l |2017; Kang & McAuley, 2018} [Sun et al.l 2019),
targeted marketing (Min et al., [2023; |[Liu et al., 2023)), and human-centered interface design (Kunkel et al.)
2017; |Zhang et al., 2020). Despite recent advances in automation, many strategies in these domains are
still crafted manually by domain experts. These expert-designed strategies rely on a clear understanding
of user preferences, as reflected in how users engage with items. To inform such strategies, interpretable
visualizations (Yuan et al.| 2021} |[Li & Zhao| [2021) and multi-perspective analyses of user preferences provide
useful insights.

This study considers scenarios with two data modalities: real-valued item features and binary user ratings
indicating positive or negative feedback on the items. Based on these inputs, we address two main objectives.
First, we aim to derive a shared latent space, referred to as the visualization space, that captures rela-
tionships among items and user ratings while supporting intuitive, low-dimensional visualization. Second,
we aim to learn vector representations, referred to as the preference vectors, that encode users’ nonlinear
preferences within the visualization space. These vectors support the computation of similarities between
users, facilitating exploratory analysis such as clustering and preference pattern discovery. An example of
the output produced by our model is shown in Figure |1} which illustrates a hierarchical clustering of user
preferences based on learned latent representations. The figure highlights both the cluster structure among
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Figure 1: Hierarchical Clustering of User Preferences. This figure is constructed based on the visu-
alization space and preference vectors inferred by RFSLVM in Section [5.3] The dendrogram visualizes the
hierarchical structure of user preferences. Each leaf node represents an individual user, and branch colors
indicate distinct clusters. Contour diagrams show the distribution of user preferences within the visualization
space for each cluster. In the contour diagrams, color indicates preference intensity, increasing from blue to
red.

users and the characteristic preference patterns associated with each cluster. Figure [2[embeds items in the

visualization space and illustrates how preference intensity varies across items, using the preference pattern
of Cluster A as an example,

Dimensionality reduction techniques such as Principal Component Analysis (PCA) 1933), t-
distributed Stochastic Neighbor Embedding (t-SNE) (van der Maaten & Hinton, |2008)), and Uniform Mani-
fold Approximation and Projection (UMAP) (Huang et al [2022) are widely used to produce low-dimensional
visualizations. Similarly, probabilistic latent variable models such as Gaussian Process Latent Variable Mod-
els (GPLVMs) (Lawrence) 2003} [Titsias & Lawrencel [2010; [Lalchand et al. [2022) and Random Feature Latent
Variable Models (RFLVMs) (Gundersen et al., 2021; |Zhang et al., [2023)) are also used for visualization of
nonlinear structure. While these methods offer useful low-dimensional representations, they do not support
multiple modalities or provide preference vectors for downstream tasks.

Beyond single-map methods, multiple maps t-SNE (Van der Maaten & Hinton, [2012) represents non-metric
similarities using multiple low-dimensional maps, and MR-SNE (Mizutani et al} [2020) extends this idea to
multimodal relational data by jointly embedding cross-domain relations and within-domain neighborhoods.
Related neighborhood-preserving ideas have also been explored in multi-view or aligned variants of UMAP.
These SNE- and UMAP-based approaches are primarily designed for visualization and do not explicitly
model user-specific preference vectors.

To model multiple modalities within a probabilistic framework, Shared Gaussian Process Latent Variable
Models (SGPLVMs) 2009; Salzmann et al., [2010} Lalchand & Eilers, [2025)) and Manifold Relevance

Determination (MRD) (Damianou et al., 2012; 2021) extend GPLVMs by introducing shared latent spaces.

More recent work has explored multi-view extensions based on spectral mixture kernels, improving scalabilit
and expressiveness (Yang et al., [2025). Nevertheless, these models typically assume Gaussian observation
models and do not explicitly provide user-specific preference vectors.
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Figure 2: Interpreting preference patterns in the visualization space. In the scatter plot, each point

represents an item (e.g., a news article) in the visualization space. Point colors indicate item categories

@IM w In the contour plots, color represents preference intensity,

increasing from blue (low) to red ThlS v1suahzat10n shows which news categories are associated Wlth
high or low preferences.

Neural : archltectures such as Multimodal Variational Autoencoders (MMVAEs) (]Shl et al., [2019; |Suzuki &

w also also integrate heterogeneous modalities into shared latent spaces using deep encoder—decoder
WMW Palumbo et al.,|2023; [Martens & Yau, 2024; Sutter et al.,2024; Qiu et al., 2025)

further improve coherence and generative quality by disentangling shared and private latent factors. However,

these models often rely on post hoc 2D visualizations (e.g., applying t-SNE to learned representations) and
do not explicitly provide preference vectors.

In this study, we adopt a Gaussian process (GP) based approach over neural architectures for two main
reasons. First, compared to deep neural networks, GP models offer more transparent, white-box modeling of
nonlinear user preferences, which better aligns with our goal of interpretability. Second, prior work suggests
that GP-based models can perform well even with limited data Damianou et al| (2021]).

We propose the Random Fourier Feature Shared Latent Variable Model (RFSLVM), a probabilis-
tic generative model that integrates ideas from GPLVM, RFLVM, SGPLVM, and MRD. All observations are
conditionally generated from a shared, two-dimensional latent space referred to as the visualization space,
designed to promote interpretability. This space is mapped into a high-dimensional feature space via Ran-
dom Fourier Features (RFFs) (Rahimi & Recht], [2007)), enabling efficient inference and expressive modeling.
User preferences are modeled as linear weight vectors, referred to as preference vectors (weight vectors
in the REF space), allowing the model to capture complex, nonlinear preference structures. The model
also explicitly accounts for heterogeneity between real-valued item features and sparse binary user ratings.
Table [1| summarizes the capabilities of RFSLVM relative to previous methods in terms of multimodality, 2D
visualization, and preference vectors.

We evaluate RFSLVM on real-world datasets and observe both predictive and reconstruction performance
comparable to prior approaches, while preserving interpretability. We further demonstrate practical analyses
enabled by the learned visualization space and preference vectors, including user clustering and identification

of latent preference patterns, highlichting its suitability for expert-in-the-loop analysis.

The primary contributions of this study are summarized as follows:
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Method Family Multimodality 2D Visualization Preference Vectors
PCA / t-SNE / UMAP X 4 X
GPLVM / RFLVM X 4 X
multiple maps t-SNE / MR-SNE 4 4 X
MMVAE v v? X
SGPLVM / MRD e e X
RFSLVM (Ours) 4 4 v

Table 1: Comparison of RFSLVM with previous methods. Multimodality: Supports heterogeneous
modalities (e.g., real-valued item features and binary user ratings). 2D Visualization: The latent space is
optimized in two dimensions during training, enabling direct visualization without post-processing. Prefer-
ence Vectors: The model provides user preference vectors. v: supported; X: not explicitly supported. ':
Assumes Gaussian outputs and does not natively support Bernoulli outputs, requiring extensions to handle
binary user ratings. 2: Shared latent spaces are not restricted to 2D and often require post hoc projections
(e.g., t-SNE) for 2D visualization.

1. We propose RFSLVM, a probabilistic generative model that represents multiple data modalities in
a shared two-dimensional visualization space, enabling interpretable analysis of user preferences
through preference vectors.

2. We adopt an efficient inference scheme using RFFs to handle heterogeneous data, including real-

valued item features and sparse binary user ratings.

3. We present empirical results on real-world datasets, demonstrating competitive predictive and re-
construction performance, and enabling practical analyses such as user clustering and the discovery
of latent preference patterns.

The remainder of this paper is organized as follows. Section [2]reviews relevant background and related work,
highlighting key challenges that motivate our approach. Section [3] introduces RFSLVM and formulates the
inference objective. Section [d] presents a quantitative evaluation of RESLVM on real-world datasets, report-
ing predictive performance, reconstruction accuracy, and inference time. Section [5] demonstrates practical
applications enabled by the visualization space and preference vectors. Finally, Section [6]concludes the paper
and outlines directions for future research.

2 Background and Related Work

In this section, we review related work that forms the foundation of our approach. We also identify key
challenges that motivate further extensions.

2.1 Gaussian Process Latent Variable Models

The Gaussian Process Latent Variable Model (GPLVM) (Lawrencel |2003; Titsias & Lawrence, [2010; Lalchand
et al., 2022)) is a probabilistic generative model for nonlinear dimensionality reduction that explains high-
dimensional data as generated from a low-dimensional latent space via Gaussian processes (GPs).

Let X = {x,})_, € R¥*D denote the observed features of N items in a D-dimensional space. Let Z =
{z,}_, € RVNX? be the corresponding latent representations, where @ < D. Each observed dimension is
modeled independently using a GP : X. ;4 ~ N (m,K). Here, m is the mean vector, typically set to 0, and
K is the kernel (covariance) matrix with entries K; ; = k(z;,2;;0) for 7,5 € {1,...,N}. The Radial Basis
Function (RBF) kernel is commonly used:

Z, — 7, 2
krpr(zi,2;;60) = 01 exp <—H292J) , (1)
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(a) GPLVM (b) MRD (¢) RFSLVM (Ours)

Figure 3: Related Models and RFSLVM. White nodes represent latent variables or model parameters,
gray nodes represent observed data (modalities), and arrows indicate probabilistic dependencies. RFSLVM
(ours) extends MRD with two key modifications: (i) the latent space Z is constrained to two dimensions to
enhance visual interpretability; (ii) Z is transformed via RFFs into ¢(Z), and a linear model is applied to

each output dimension of each modality. This enables the modeling of preference vectors W§LY) e W),

where 6 = {01, 0>} are kernel hyperparameters. The graphical model of GPLVM is shown in Figure [3{(a).

GPLVMs have two major limitations for our purpose. First, they assume a single modality, which motivates
extensions such as Shared Gaussian Process Latent Variable Models (see Section [2.2). Second, inference
scales cubically with data size due to matrix inversion, making it impractical for large datasets. To address
this limitation, inducing point methods (Quinionero-Candela & Rasmussen, [2005; |Snelson & Ghahramani,
2005) and random Fourier features (see Section have been proposed. Variants known as Random Feature
Latent Variable Models (RFLVMs) (Gundersen et al2021;|Zhang et al.|[2023) employ kernel approximations
via RFFs. However, like GPLVMs, they also remain limited to a single modality.

2.2 Shared Gaussian Process Latent Variable Models

The Shared Gaussian Process Latent Variable Model (SGPLVM) (Ek, [2009; [Salzmann et al.| |2010) and
Manifold Relevance Determination (MRD) (Damianou et all 2012; 2021) extend the GPLVM to handle
multiple modalities.

Let X = {x,}; € RMP and Y = {y,})_, € RV denote two modalities observed for the same N
items. The shared latent representations are denoted by Z = {z, }_; € RVX? where Q < D, H.

Each dimension of the observed data is modeled independently using Gaussian processes:
X.a~ N(O,KX), Y., ~N(0,K™), 2)

where K& and KY) are kernel matrices computed over the latent variables Z for each modality.

In MRD, for each modality x € {X,Y}, the Automatic Relevance Determination (ARD) kernel is used:

Q

1
karp (2i, 253 wX)) = exp (‘2 sz(1X) (Zig — qu)2> , wdd e wh, (3)
q=1

This allows each modality to focus on the latent dimensions most relevant to its structure. Figure [3(b)
depicts the graphical model of MRD.

However, SGPLVM and MRD have several limitations with respect to our goals. First, they do not explicitly
represent user preferences as vectors. Second, the latent space is not constrained to two or three dimensions,
often necessitating post hoc visualization using methods such as t-SNE. Third, they do not account for the
heterogeneous nature of the data, including the difference between real-valued features and binary ratings,
as well as the imbalance and sparsity of user ratings.
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The first and second limitations are addressed by RFFs (see Section and are discussed in Section
The third issue is discussed in detail in Section [3.21

2.3 Random Fourier Features

Random Fourier Features (RFFs) (Rahimi & Recht, 2007; [Liu et al,, [2021; |Gundersen et al., 2021; |Zhang
et al., [2023) offer a scalable approximation to kernel functions by avoiding costly matrix inversion, enabling
the application of Gaussian processes to large-scale data.

The RFF transformation ¢ : R? — RM is defined as:

2
o(z) = ,/M (cos(w;rz +by), cos(wg z + by), ..., cos(wy,z + bM))T , (4)

where w,, ~ N(0,1g) and b,, ~ Unif(0,27). Under this construction, the inner product ¢(z;)"¢(z;)
approximates the RBF kernel with unit parameters (6, = 05 = 1):

o) otay) e (12210 )

= krBr(2i,2;;01 = 0 = 1). (6)

RFFs also support efficient approximation of nonlinear functions. Given observations {(z,,y»)}._;, a non-
linear function f can be approximated as follows (Watsonl 1964} Hastie et al., [2009):

N k(zn,2)
Z) ~ n———————— 7
I ;y Sl k(z),2) "
N z T
2 e Q

=1 Z]:l k(Zj,Z)

=w'y(z), (9)

where w € RM is a weight vector. The vector w is optimized via gradient-based methods, as described in
Section |3} with each update requiring O(N M) computation.

The quality of the RFF approximation depends on the number of features M. Theoretical error bounds are
given by (Liu et all 2020; [Sutherland & Schneider, [2015)):

= i su Z‘—r Z;) — Z;,7; €
e—O(JM),ZMEJﬂZ>mJ>km“]n<. (10)

These bounds are often loose, and reasonable accuracy is achievable with smaller M.

3 Random Fourier Feature Shared Latent Variable Models

We propose the Random Fourier Feature Shared Latent Variable Model (RFSLVM), a probabilistic
generative model that extends MRD by incorporating RFFs. A graphical representation of RFSLVM is shown
in Figure c)7 and the notations used in this section are summarized in Table

RFSLVM models two modalities: item features X € RV*P and user ratings Y € {0,1, NA}V*H_ The goal
is to infer a shared low-dimensional visualization space Z € RV*? and a set of preference vectors
W) e REXM that characterize user preferences.

3.1 Generative Process

The generative process of RFSLVM consists of the following four steps:
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Table 2: Notations used in RFSLVM.

Notation Description

X ¢ RVxP Item feature matrix; each row x, € R” represents item n.

Y € {0,1,NA}¥*H  User rating matrix. 1: positive, 0: negative, NA: unrated.

Z € RVNxQ Latent positions of items in the visualization space; @Q = 2 for visualization.

z,, € R? denotes the latent representation of item n.
W) ¢ RIMOIXM  Weight matrix for modality x € {X,Y}. dim(X) = D, dim(Y) = H.
W = (wi D WO = (wi¥ L

¢ : RO - RM RFF transformation; ¢(z) = ¢(z; 2, b).

z€R? Q= {w, e RU}M_ b={b,c0,2r]}M_,.
Ax, Ay >0 Regularization coefficients for each modality.
nz,Nx,Ny >0 Learning rates for latent positions and weight matrices.
Knp > 0 Modality balancing factor for user rating entries.

Step 1: Visualization Space. Each item is associated with a latent position z,, in a visualization space,
sampled from a standard normal distribution:

z, ~N(0,Ig), n=1,...,N. (11)

The latent dimensionality is fixed at () = 2 to ensure interpretable visualizations.

Step 2: Random Fourier Features. Each latent position z, is mapped to a high-dimensional feature
space via the RFF transformation:

o(z) = p(z;,Q,b), zcZ, (12)
where Q = {wy,...,wy} and b = {b1,...,by} are sampled as:
wm ~N(0,1Ig), by ~ Uniform(0,27), m=1,..., M. (13)

where Uniform(0,27) denotes the uniform distribution over [0,27]. Sampled € and b are fixed during
training and not optimized.

Step 3: User Ratings. Each user h is associated with a preference vector ngY) in the high-dimensional

space:
wi¥) ~ N(0, 05 Ty). (14)
The binary rating Y;, j for item n by user h is drawn from a Bernoulli distribution:

Y,,.» ~ Bernoulli (0‘ (WéY)Tgo(zn))) ., n=1,...,N, h=1,... H, (15)

where o(z) = 1/(1 + e™*). Here, ng) is a linear weight vector in the RFF-induced feature space, which is
used to represent a user’s nonlinear preference function.

Step 4: Item Features. Each feature dimension d of a weight vector w((ix):

WEIX) NN(O,/\)_(IIM). (16)
The feature value X, 4 for item n and dimension d is drawn as:
Xpa~N (wf}‘”@(zn), 1) . n=1,....,N, d=1,...,D. (17)

Here, ng) is a linear weight vector in the RFF-induced feature space.
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3.2 Objective Function and Optimization

RFSLVM is trained by minimizing the negative log-likelihood of both modalities. The loss function is defined
as:

L(Z, WX W) = £(Z, W)+ £(Z, W), (18)

The first term corresponds to the reconstruction error of item features:

N D
L(Z, W) = ZZ( nd—w&X)Tgo zn) +)\XZ||W ||2 (19)
n=1d=1

The second term corresponds to a binary cross-entropy loss for user ratings:

N H
E(Z W Y) Z Z Rnh {Yn,h IOg(fnh) + (]- - Yn,h) log(l - f’ﬂh)} (20)
o
A > w2, (21)
<

where f,, =0 (WELY)Tgo(zn)> denotes the predicted probability that user h positively rates item n.

The weighting factor k., adjusts the contribution of each rating to mitigate label imbalance and normalize
the loss across modalities:

ND 1 if Yo, =0,
Y, n=0 .
R Kt = HEEE Y, =1, (22)
(Zn:l 2oh—1 “nh) 0 otherwise.

This formulation balances the influence of each label class on the loss function despite severe label imbalance,
and normalizes for modality size, thereby promoting stable optimization under sparsity and heterogeneity.
The full derivation of the objective function is provided in Appendix [A]

To optimize RFSLVM, we minimize the objective in Equation using gradient-based methods. Specifi-
cally, we adopt the ADAM optimizer (Kingma & Bal [2017) in Optax (DeepMind et all, [2020)), with auto-
differentiation provided by JAX (Bradbury et al. [2018).

4 Evaluation

We evaluate RFSLVM on three tasks using publicly available datasets: prediction of binary user ratings
in Section reconstruction of item features in Section and assessment of computational efficiency

during inference in Section@ Our evaluation is designed to assess whether RESLVM achieves performance

comparable to representative methods. Such comparability indicates that the learned latent variables can
be used for downstream tasks in Section B

4.1 Datasets

We selected three publicly available datasets with item-level textual descriptions, namely MIND, ANIME,

and BEER, as they provide rich lexical information that enables more detailed item feature construction and
supports fine-grained interpretation of user preferences. Each dataset was preprocessed to produce binarized

user ratings and item features derived from textual metadata, as described below.

MIND (Wu et al) [2020) is a large-scale dataset containing user interactions with news articles. User
interactions were binarized by treating clicked articles as positive ratings and articles that were displayed but




Under review as submission to TMLR

Table 3: Statistics of Evaluation Datasets. # Ratings is the number of user ratings. # Pos is the
number of positive ratings. # Neg is the number of negative ratings. # Items is the number of items N. #
Users is the number of users H.

Dataset # Ratings # Pos  # Neg # Items +# Users

MIND 768,414 43,606 724,808 3,523 2,498
ANIME 957,049 289,030 668,919 6,269 2,978
BEER 881,724 239,001 642,723 9,244 1,859

not clicked as negative ratings, while others were treated as unrated. We retained users with at least 10 ratings
in each class (positive and negative) to ensure sufficient signal per user. Item features were represented using
384-dimensional text embeddings computed from the concatenation of the title and abstract fields, using the
all-MinilM-L6-v2 model from the Sentence-Transformers library (Reimers & Gurevych, [2019).

ANIMEE is a dataset consisting of user ratings for various anime. Ratings were binarized by treating scores
greater than or equal to 9 as positive ratings, scores less than 9 as negative ratings, and those not scored as
unrated. We retained users with at least 10 ratings in each class (positive and negative) to ensure sufficient
signal per user. Item features were represented using 384-dimensional text embeddings generated from the
synopsis field using Sentence-Transformers.

BEER (McAuley et al.l [2012; McAuley & Leskovec, |2013)) is a dataset consisting of user ratings for various
beers. Ratings were binarized by treating scores greater than or equal to 4.5 as positive, scores below 4.5 as
negative, and unscored items as unrated. We retained users with at least 10 ratings in each class (positive
and negative) to ensure sufficient signal per user. Item features were represented using 384-dimensional text
embeddings generated by concatenating 30 sampled reviews from the review/text field and embedding the
result using Sentence-Transformers.

Table [3] summarizes the key statistics of the datasets.

4.2 Prediction of User Ratings

We evaluate the predictive performance of RFSLVM on binary classification tasks, comparing it against
Logistic Regression (LR), k-Nearest Neighbors (kNN), Gaussian Process Classifiers (GPC), MRD, Multi-
Modal VAE (MMVAE) (Shi et al., [2019), Neural Collaborative Filtering (NCF) (Rendle et al.l [2020)), and
xDeepFM (Lian et al., |2018]). For the multimodal models MRD, MMVAE, and RFSLVM, the dimensionality
of the shared latent space was fixed at 2.

We used implementations from (Pedregosa et al., 2011 for LR, kNN, and GPC; from (Argyriou et al.} 2020))
for NCF and xDeepFM; (GPy, since 2012) for MRD; and from (Senellart et all, 2023) for MMVAE.

We used two standard metrics for imbalanced binary classification: ROC-AUC, which measures the ability
to rank positive instances above negative ones (higher is better), and log loss, which quantifies the quality
of probabilistic predictions (lower is better).

We used an 80:10:10 split for training, validation, and testing, selecting hyperparameters based on validation
performance. The full hyperparameter settings are listed in Appendix [B]

Table [4 reports the best-performing results for each model. RFSLVM shows competitive performance com-
pared to the baseline models. Compared to MRD, RFSLVM consistently achieves lower log loss while
maintaining comparable ROC-AUC.

Thttps://www.kaggle.com/datasets/dbdmobile/myanimelist-dataset

T'GPC yields near-random ROC-AUC (~0.5) on all datasets, which may reflect difficulty in handling imbalanced and sparse
binary ratings.

2We evaluated MRD by applying a sigmoid to the predictive mean from the original Gaussian likelihood for Y, and computed
ROC-AUC and log loss.


https://www.kaggle.com/datasets/dbdmobile/myanimelist-dataset
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Table 4: User Rating Prediction Results. Higher ROC-AUC and lower log loss indicate better predictive
performance. Results are reported as mean + standard deviation over 5 runs with different random seeds.
Rounded to 1 x 1072 precision. For each metric, the best score is highlighted in bold within each group,
based on whether the model is multimodal or not. MM: Supports multiple modalities. PV: The model
provides preference vectors. v': supported; X: not explicitly supported.

MIND ANIME BEER
Model | MM PV | ROC-AUC Logloss | ROC-AUC Log loss ROC-AUC Log loss
LR X v | 0.639£0002 036+£0.004 | 0.678+0.001  1.264£0.005 | 0.591+0.001  1.331+0.009
kNN X X 1 .0637£0003  0904£0016 | 0.717£0.001  0.887£0.004 | 0.622£0.001  0.958 £0.013
GPC! X X 1 .0501£0002 0.693£0.000 | 0.548£0.019 ~ 0.657+0.007 | 0.500£0.000  0.693+0.000
NCF X v | 0.685+£0.002  0.245£0.004 | 0.795+£0.004  0.585£0014 | 0.724£0.002 0642+ 0.003
xDeepFM X v [ .0632+0004  0218+£0002 | 0.736£0.002 ~ 0.609£0.001 | 06760001  0.582+0.002
MMVAE v X | 0470£0055  0.694£0.001 | 0464£0044  0.693£0.000 | 0464£0.092  0.695+0.002
MRD 2 v X 10697+£0003  0716£0000 | 0.792+0003  0.722£0.001 | 0.654£0.002  0.754£0.001
RFSLVM | v/ v | 0.683+£0002  0573£0002 | 0.751+0.003  0.581£0003 | 0.709+£0.003  0.614+0.001

Table 5: Reconstruction Errors. MAE and RMSE are reported for each model. Lower values indicate

better reconstruction performance. Results are reported as mean + standard deviation over 5 runs with

different random seeds. Rounded to 1 x 1072 precision. For each metric, the best score is highlighted in
bold.

MIND ANIME BEER
Model MAE RMSE MAE RMSE MAE RMSE
MMVAE | 0.782£0001 09800001 | O779£0001 097940002 | 077740002  0.978£0.002
MRD O74LE0.00L  0.931£0001 | 0743£0001  0937£000L | 0740£000L  0.934£0.001
RFSLVM 0.739 £ 0.001 0.927 £ 0.001 0.734 + 0.001 0.923 £+ 0.001 0.734 £+ 0.001 0.926 £+ 0.001

4.3 Reconstruction of Item Features

We evaluated how well the learned representations preserved item information by comparing the observed
item features X with the reconstructed features X’. We compared MRD, MMVAE, and RFSLVM as multi-

modal models and PCA as a simple baseline.
We reported both Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE), where lower values
indicated better reconstruction performance. Table [5] shows the reconstruction errors for item features.

RFSLVM achieved competitive reconstruction accuracy across all datasets, attaining the lowest MAE and
RMSE on ANIME and BEER.

Figure [4] visualizes the latent spaces inferred by each model. Colors indicate item categories assigned in the
MIND dataset. All models capture meaningful structure in the latent space. RFSLVM and MRD exhibit
similar patterns in their latent representations.

4.4 Processing Time of Inference

We compared the inference time of RFSLVM against MRD, an exact GPLVM that uses full GP inference,
and a sparse GPLVM that employs inducing points for scalability (Quinionero-Candela & Rasmussen) 2005]).

To assess scalability, we varied the dataset size N € {100, 300, 500, 1000, 3000, 5000}. For each setting, we
generated synthetic datasets X € RV*38 and Y € {0,1}V*! with randomly sampled values. Inference
time was measured per 100 optimization iterations. For MRD and the sparse GPLVM, we used 32 inducing
points. For REFSLVM, the number of RFF was fixed at M = 128.

10
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Figure 4: Visualization Spaces of Each Model. Each point represents an item in the two-dimensional
latent space. Colors indicate item categories assigned in the MIND dataset. This visualization helps us grasp
the overall structure of the visualization space.
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Figure 5: Processing Time of Inference. Inference time per 100 optimization iterations as a function of
dataset size N.

All experiments were conducted on a machine running Ubuntu 22.04.2 LTS, equipped with an AMD Ryzen
7 5800X CPU, an NVIDIA GeForce RTX 3090 GPU, 64 GB RAM, and 24 GB VRAM.

Figure |5 shows the inference time. The exact GPLVM shows cubic time complexity O(N?), resulting in
rapidly increasing computation time. In contrast, RFSLVM scales efficiently with dataset size, performing
better than the sparse GPLVM and MRD in terms of computational cost.

4.5 Discussion

Predictive performance under imbalance: GPC often struggle with imbalanced data, resulting in
ROC-AUC values close to random in Table@l MRD, while achieving relatively high ROC-AUG, suffers from
large log loss values due to its Gaussian likelihood, which is not well-suited for binary ratings. RESLVM, in
contrast, attains relatively stable ROC-AUC together with consistently lower log loss, reflecting the benefits
of using a logistic likelihood and the weighting scheme ), to address both modality-size imbalance and
label imbalance during optimization.

Reconstruction performance: REFSLVM achieves competitive reconstruction errors (MAE and RMSE),
attaining the lowest values across all datasets with only modest margins over MRD. These results suggest
that_the use of random Fourier features enables expressive yet efficient modeling of nonlinear structures,
while preserving information across modalities.
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Figure 6: Visualization Space and User Preference Views. The visualization space Z and five user-
specific preference functions fi, ..., f5 are shown. The visualization space is reused from the RFSLVM exam-
ple in Figure In the preference function views, contour plots represent the values of fj,(z) = a(wgy)Tgo(z)),
with colors transitioning from blue (low preference) to red (high preference). Scatter points indicate items
rated by each user (red: positive, blue: negative). By comparing Z and f;,, we can interpret which regions
in the latent space correspond to high or low preferences (see also Figure .

Balanced performance and efficiency: Compared to exact and sparse GPLVM-based approaches as well
as MRD, RESLVM shows more fayorable scaling with dataset size while maintaining competitive predictive
and reconstruction accuracy. These results suggest that RESLVM can be applied to moderate-sized datasets,
such as those in Table B} which contain several thousand items and users along with hundreds of thousands
of ratings.

5 Analysis Examples

This section presents practical analyses enabled by the visualization space and the preference vectors inferred
by RFSLVM. We begin with an overview of the visualization space and user-specific preference views in
Section Section examines user similarity based on preference vectors. Section [5.3] introduces a
clustering-based analysis, highlighting representative preferences and identifying promising items within
each cluster. All figures and tables in this section are constructed based on learned representations from the
MIND dataset.

5.1 Visualization Space and User Preference Views

We first illustrate how RFSLVM enables intuitive visualization of user preferences through the learned
visualization space. Figure[f]shows the latent item representations and the user-specific preference views. In
the figure, the leftmost panel shows the visualization space Z. The remaining panels (f; through f5) depict
contour plots of the predicted preference functions for five users. Each user h is associated with a nonlinear
preference function defined as

fn(2) = o(w T p(2)), (23)
(Y)

where w," ’ is the user’s preference vector and ¢(z) denotes the RFF transformation. Visualizing user-
specific preference functions in the visualization space enables intuitive interpretation of individual user
characteristics.

5.2 Similarities between User Preferences

RFSLVM enables efficient comparison of complex, nonlinear user preferences by computing similarities be-
tween their inferred preference vectors using simple metrics such as inner product or cosine similarity. In
this analysis, we identify similar users by ranking the inner products in descending order:

w/w;, d,je{l,...,H}. (24)
Figure[7]lists the five most similar users for each of three selected base users. Each row presents the preference

function of a base user (leftmost) alongside those of the five most similar users. These results demonstrate
that similar preference patterns can be effectively captured through simple vector operations.

12



Under review as submission to TMLR

Base 1st 2nd 3rd 4th 5th

Figure 7: Similar User Preference Patterns. For each base user (leftmost column), the five most similar
users are identified based on the inner product of preference vectors. Each panel shows the user’s preference

. Y)T . ..
function Z) =0 w( ) z)) over the visualization space.

5.3 Clustering Analysis of User Preferences

Once similarities or distances between user preferences are computed, clustering algorithms can be applied to
uncover population-level structures and shared preference patterns. In this analysis, we applied hierarchical
clustering to the preference vectors, using cosine similarity. For each cluster ¢, the representative preference
function is defined as:

fol2) = 0 (W] p(z), W= |—1| 3w, (25)
hec

where W, denotes the average preference vector of cluster ¢. This formulation enables the computation of
cluster-level preference scores. Figure [I] shows the dendrogram introduced in Section [I] constructed from
300 randomly selected users. It illustrates the hierarchical structure of user preferences.

Figure [§| presents five representative clusters, each with its cluster-level preference contours and the top five
most promising items, ranked by f.(z). The table facilitates interpretation of each cluster ’s characteristics.

RFSLVM enables cross-modal generation by leveraging a shared latent space across modalities. This allows
us not only to analyze observed data, but also to extrapolate into unobserved regions of the visualization
space. By evaluating the Equation [25| across the visualization space, we can identify high-preference regions,
even for hypothetical items. These regions can then be mapped to item features via the generative process
described in Section [3.1} opening new possibilities for content ideation and product design.

6 Conclusion

We proposed the Random Fourier Feature Shared Latent Variable Model (RFSLVM), a probabilis-
tic generative model for user preference visualization and analysis. RFSLVM integrates two modalities—real-
valued item features and binary user ratings—into a two-dimensional shared latent space (the visualization
space) and infers user-specific preference vectors representing nonlinear preferences. This representation
supports both predictive modeling and exploratory analysis.
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®news| This Is The Moment A Senior Shelter Dog Knew He...
®music] Broadway Star Laurel Griggs Suffered Asthma...
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[®news] Tezas judge orders hospital to keep baby on...

[®foodanddrink] Popeyes Has Blessed Us With A Boozy Pie To Pair...
. [®news] Husband of missing woman arrested, booked on...

[®news] 21-year-old suffers life-threatening injuries in...
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sports] South Carolina president: "Muschamp is my coach...
sports] Tigers put All-Star P Matthew Boyd on trade block
tv] WWE Wrestler Jordan Myles Quits in...

sports] 'This tarnishes everything’: Astros cheating...

lifestyle] Prince Harry and Meghan Markle just shared a...
®news| 'It’s not over’: Sarah Palin says she is fighting...
lifestyle] People Pull Together To Save A Frightened Dog...
®news| 2 Dead, 1 Injured In Wrong-Way Crash On...
ovideo] 'Godfather II’ and the Roger Stone trial
®news| NYPD Defends Officers In Arrest Of Illegal Food...

© X NS e s

M
e

® news finance @ foodanddrink @ travel @ video @ music weather ® «kids
sports lifestyle health autos tv movies entertainment

Figure 8: Cluster-level Preferences and Promising Items. For each cluster (A, B, C, D) shown

in Figure the cluster-level preference function f.(z) is visualized as a contour plot (red = high preference,
blue = low). Scatter points indicate the locations of items in the visualization space, randomly sampled

from regions with high preferences according to Equation with their category labels and titles listed.

To achieve this, we employed random Fourier features to express preference vectors in a high-dimensional
feature space, enabling nonlinear modeling while maintaining interpretability and computational efficiency.
The inference algorithm is designed to handle multiple modalities, including differences in data scale, sparsity,
and class imbalance.

Empirical evaluations on multiple real-world datasets showed that RFSLVM performs comparably to baseline
models in both prediction and reconstruction tasks. We also presented example analyses such as user simi-
larity estimation, clustering, and promising item ranking, which highlight the interpretability and analytical
utility of the learned latent representations.

14



Under review as submission to TMLR

Potential future directions include extensions to broader applications such as recommendation systems (He
et al [2023; [Purificato et al., |2024)), as well as investigating RFSLVM as a pre-trained model for Bayesian
optimization (Gonzalez-Duque et al., [2024)). While this work focuses on binary user ratings, RFSLVM can
be extended to handle ordinal preference data by incorporating the Bradley—Terry model (Hino et al., 2010;
Caron & Doucet), |2012), which represents another promising avenue for future research. In addition, our

experiments confirmed that RESLVM runs efficiently on datasets of moderate size, involving 1,000—10,000
items or users and 100,000—1,000,000 ratings. Extending the method to substantially larger datasets or to
real-time recommendation settings remains an area for further research.

RFSLVM is applicable to domains where both item features and user ratings are available, such as movies,
books, restaurants, real estate, and automobiles. We believe this framework enables more interpretable
preference modeling and facilitates decision-making through visual and analytical insights.
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A The Objective Function of RFSLVM

We derive the loss function for RFSLVM from the negative log-likelihood of the probabilistic generative
process described in Section (see Table [2| for notation).

The joint distribution over all variables is factorized as
~10gp(X, Y, Z, WX, W¥)) o —log [p(X | 2, W) - p(W™) - (Y | 2, W¥)) . p(W))] .

We now derive the loss components associated with each modality.

We begin with the item feature modality. Assuming a Gaussian likelihood with unit variance, the negative
log-likelihood becomes

n=1d=1
N D
2
X)T
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We place a Gaussian prior with zero mean and precision Ax on the item feature weights:

—logp(W logHN ) 10,7y 1)
X
xax 3 WO
d=1
Combining the above, the loss for the item feature modality is

N D
L£(Z, W) « Z > (Kna = Wil ) +Ax Z w1
n=1d=1

We next consider the user rating modality. Assuming a Bernoulli likelihood for binary observations, the
negative log-likelihood becomes

H
—logp(Y | Z, WY)) = H Bernoulli (Yn’h | U(WELY)TLp(zn)))

Mm H::]z

«i

n=1h

,h log fnh + (1 - Yn,h) log(l - fnh)] )
1

where fun = o (Wi T(z,)).

A Gaussian prior with zero mean and precision Ay is placed on the user preference weights:

—logp(W logHN Y 10,A71y)

H

Ay Z Hwh ||2

h=1

To address label imbalance and scale discrepancies, we introduce a non-negative weighting factor x,j for
each user—item pair. The resulting loss for the user rating modality is

N H H
L(Z, W) o =35 ki [Yan 1og fan + (1= Vo) log(L = fun)] + Ay Y w2

n=1h=1 h=1
Finally, the total objective function is the sum of the losses from both modalities:
L(Z, WX W) = £(Z, W) 1 £(Z, W),
B Hyperparameter Settings
We list below the hyperparameter configurations considered for each model. Only the specified hyperparam-

eters are shown; others are set to their default values. Values in curly brackets {} indicate candidate values
selected via validation.

« kNN
~ k: {5, 10}
« GPC
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— max__iter_ predict: 1,000
— kernel: {RBF(0.01), RBF(0.1), RBF(1.0)}

« NCF

— model name: NeuMF
— layer size: [16, 8, 4]
— n_epochs: 10

— batch_ size: 256

— learning_ rate: 0.001

e xDeepFM

— cross_ 12, embed_ 12, layer 12: 0.01

— cross_layer_size: [20, 10]

— init_value: 0.1

— epochs: 10, batch_ size: 256

— learning_ rate: 0.001

— user_ Linear part: True

— user_ CIN_ part, user  DNN_ part: True

« MMVAE

— latent dim: 2

— max_ epochs: 100

learning_rate: 0.001
— use_ early_ stopping: True

« MRD

— max_ iters: 100
— latent_ dim: 2
— num__inducing: {16, 32, 64}

« RFSLVM

— Iterations T: {100, ..., 1000}

Latent dimension @: 2

Random features M: {128, 256, 384}
Learning rates: nz = 0.01, nx = ny = 0.001

Regularization Ax, Ay: 0.01

C Effect of Latent Dimension and Random Feature Size

We investigate how the visualization space dimensionality () and the number of random Fourier features M
affect the predictive performance of RESLVM on the MIND dataset. Figure [0] shows the ROC-AUC scores
for various combinations of @ € {2,3,4,8} and M € {128,256,384}. Overall, performance remains stable for
@ = 2 to 4, with a slight degradation observed at () = 8. This suggests that low-dimensional latent spaces
are sufficient to capture meaningful user-item relationships.

D  Effect of Random Fourier Features and Random Seed

Table [0l reports the average ROC-AUC and standard deviations over five different random seeds for varyin

numbers of random Fourier features M. Across datasets and feature sizes, the variance across runs remains
indicating that RFSLVM is robust to the choice of random seed.
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Figure 9: ROC-AUC on the MIND dataset for different combinations of latent dimension Q € {2,3,4,8}
and number of random Fourier features M € {128, 256, 384}.

Table 6: ROC-AUC (mean &+ std. across 5 random seeds) for different numbers of random Fourier features
M.

M | MIND ANIME BEER

E Visualization Comparison Across Methods

To complement the quantitative evaluation, we present visualizations on the ANIME and BEER datasets,
shown in Figures [[0] and obtained by PCA, t-SNE, UMAP, MMVAE, MRD [/, and RFSLVM.

2Due to the high computational cost of MRD on the full datasets in Table [3] the visualizations shown here are based on a
subset of 3,000 items and 300 users sampled from the original datasets.
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Figure 10: Visualization comparison on the ANIME dataset. Fach panel shows the visualization spaces
from PCA, t-SNE, UMAP, MMVAE, MRD, and RESLVM. Points are colored by item category. For the

multimodal models (MMVAE, MRD, and RESLVM), contour plots can be shown to visualize the preference

function of a sampled user. Black squares indicate 20 items positively rated by that user. By comparing these
items with regions of high preference intensity ( red areas) , preference patterns can be visually examined.
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X

American IPA Imperial Stout @ Belgian Strong Pale Ale American Wild Ale
American Pale Ale (APA) @ Russian Imperial Stout ©  Tripel & German Pilsener
Imperial IPA ©  Farmhouse Ale © American Adjunct Lager American Strong Ale
American Porter @® Vegetable Beer Hefeweizen @ American Barleywine
Red Ale Belgian Strong Dark Ale @  Witbier « Others

Figure 11: Visualization comparison on the BEER dataset. See Figure[I0lfor a description of the visualization
format.
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