PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

HyperXRec: Unifying Preference Clusters and LLLM Experts for Robust
Explainable Recommendations

Xue Han', Zhiwen Luo?!, Zhixiang Li!

, Nizar Bouguila®

, Weifeng Su' and Wentao Fan'*

Beijing Normal-Hong Kong Baptist University, Zhuhai, China
2Concordia University, Montreal, Canada

u430201701 @mail.bnbu.edu.cn, zhiwen.luo@mail.concordia.ca, u430201707 @mail.bnbu.edu.cn,
nizar.bouguila@concordia.ca, wfsu@bnbu.edu.cn, wentaofan @bnbu.edu.cn

Abstract

Explainable recommendation is crucial for build-
ing user trust, yet producing natural-language ra-
tionales that faithfully reflect the underlying de-
cision process remains challenging. Most LLM-
based explainable recommenders incorporate col-
laborative signals through shallow prompting or
lightweight adapters, which often yields generic ex-
planations that are only loosely grounded in pref-
erence evidence, particularly when interactions are
sparse. To address this gap, we propose Hyper-
XRec, a novel framework that unifies preference
modeling and explanation generation by integrat-
ing hyperspherical latent clustering with a cluster-
guided mixture-of-experts (MoE) inside an LLM.
Specifically, HyperXRec employs a dual-VAE with
a von Mises-Fisher mixture prior to learn robust
hyperspherical user/item embeddings, resulting in
stable and semantically coherent clusters even un-
der sparse interaction settings. These clusters are
subsequently leveraged to guide fine-grained expert
routing in the LLM, encouraging explanations that
are both personalized and explicitly aligned with
the learned preference structure. Experiments on
multiple benchmarks demonstrate that HyperXRec
consistently outperforms strong baselines in expla-
nation fidelity, personalization, and robustness in
cold-start scenarios.

1 Introduction

A long-standing goal in recommender systems is to move be-
yond black-box prediction and provide recommendations that
are interpretable. Users are more likely to trust and adopt rec-
ommendations when they are accompanied by clear, person-
alized justifications. Accordingly, explainable recommenda-
tion has attracted growing attention as a means to improve
transparency and user satisfaction [Zhang and Chen, 2020].
Large Language Models (LLMs) have emerged as a com-
pelling foundation for generating fluent and context-aware
explanations. Early LLM-based approaches produced plau-
sible rationales by conditioning text generation on coarse
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Figure 1: Sparse or cold-start conditions induce high-variance em-
beddings and overlapping clusters, leading to degenerate expert
routing in MoE architectures and generic explanation generation.
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user or item information [Li er al., 2021]. Subsequent
work incorporated richer signals (such as interaction his-
tories and profile attributes) to strengthen personalization
[Ma et al., 2024]. More recently, several methods have at-
tempted to inject collaborative filtering (CF) signals directly
into LLMs through lightweight adapters, often implemented
via Mixture-of-Experts (MoE) [Tang et al., 2024]. This line
of research aims to unify preference learning and language
generation so that explanations are not only linguistically nat-
ural but also grounded in actual recommendation logic. De-
spite these advances, existing methods still struggle to faith-
fully align recommendation reasoning with the generated ex-
planations [Brita et al., 2025].

This limitation largely stems from a persistent misalign-
ment between collaborative signals and natural language gen-
eration. In many existing frameworks, CF information is in-
corporated only superficially (e.g., as soft prompts or fixed
embeddings), rather than being integrated into the LLM’s
internal reasoning and control pathways [Ma et al., 2024].
Consequently, an LLM can produce fluent explanations that
mention relevant item attributes, yet these explanations may
remain loosely connected to the true factors driving the rec-
ommendation. Attempts to enhance representation power by
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incorporating additional components, such as Graph Neural
Networks (GNNs) to model higher-order user-item relation-
ships, have not yielded substantial gains in explanation qual-
ity [Li et al., 2025d], and recent analyses suggest diminishing
returns beyond the use of basic CF signals [Brita ef al., 2025].
This misalignment becomes even more pronounced in cold-
start or sparse-data settings, where user interaction signals are
inherently noisy or scarce [Li er al., 2025a]. In such cases, it
becomes difficult to learn consistent, preference-aligned rep-
resentations to guide explanation generation. Moreover, prior
efforts to impose structure on the latent preference space,
such as clustering users via variational autoencoders (VAEs)
[Cai and Cai, 2022] or Gaussian Mixture Models (GMMs)
[Tang et al., 2024], often struggle under sparse and high-
dimensional conditions. These models frequently yield unsta-
ble or semantically incoherent clusters, providing unreliable
guidance for downstream expert routing. As illustrated in
Figure 1, under sparse or cold-start conditions, collaborative
representations learned by standard CF encoders exhibit high
variance, resulting in noisy embeddings and overlapping clus-
ters that degrade routing in MoE-based architectures. With-
out reliable preference representations, routing tends to col-
lapse to coarse, near-uniform expert activation rather than se-
lective Top-m routing, leading to generic explanations that
fail to capture fine-grained preferences. This reveals a funda-
mental gap between recommendation reasoning and explana-
tion generation, especially under sparse interaction data.

To address these challenges, we propose HyperXRec, a
unified framework for explainable recommendation that uses
hyperspherical preference clusters as explicit routing sig-
nals to tightly couple collaborative preference modeling with
LLM-based explanation generation. Specifically, Hyper-
XRec employs a dual-VAE architecture equipped with a von
Mises-Fisher Mixture Model (vMFMM) prior [Yang et al.,
2021; Fan er al., 2026] to learn user and item embeddings
on the unit hypersphere. To obtain robust ‘and semanti-
cally meaningful latent structure under sparse interactions,
we further introduce a perturbation-based cosine-consistency
regularization that stabilizes the learned preference clusters.
Building on this structured representation, HyperXRec inte-
grates a fine-grained MoE module into the LLM, where ex-
pert activation is conditioned on inferred cluster assignments
rather than generic or uniform routing. As a result, users
with similar latent preference profiles activate similar expert
pathways, encouraging explanations that are both personal-
ized and faithfully aligned with the underlying collaborative
reasoning. Our main contributions are as follows.

* We introduce a hyperspherical clustering for user-item
interactions based on a dual-VAE with a vMFMM prior
and cosine-consistency regularization, enabling stable
preference clustering under sparse regimes.

* We propose a cluster-guided MoE integration for LLM-
based explainers, where expert routing is conditioned on
inferred cluster assignments to align explanation gener-
ation with collaborative preference structure.

» Extensive experiments on three real-world datasets
demonstrate that HyperXRec improves explanation
quality and cold-start robustness compared with strong

LLM-based explainable recommendation baselines.

2 Related Work

2.1 Explainable Recommendation

Early recommender systems focused on content-based fil-
tering, where explicit item attributes such as categories or
brands were used to provide intuitive explanations to users
[Pazzani and Billsus, 2007; Tintarev and Masthoff, 2007].
With the rise of CF, user-based and item-based methods lever-
aged similarity and co-occurrence patterns to generate rec-
ommendations with simple yet interpretable rationales [Ko-
ren et al., 2009]. To enhance semantic interpretability, sub-
sequent studies incorporated user-generated content such as
reviews, aligning latent factors with interpretable textual as-
pects [McAuley and Leskovec, 2013]. Beyond feature-
level explanations, graph-based methods and attention mech-
anisms were explored to extract interpretable signals from
user-item interactions and associated textual evidence [Li et
al., 2025b]. While these approaches improve transparency to
some extent, they often rely heavily on auxiliary data quality
and primarily capture correlations rather than the underlying
reasoning process, limiting robustness under sparse or com-
plex settings.

With the rapid development of LLMs, explainable recom-
mendation has entered a new stage. Existing LLM-based
methods typically inject collaborative filtering signals via
prompts or adapters as external conditions, improving ex-
planation fluency and surface plausibility, especially in zero-
shot or sparse-data settings [Li ef al., 2023; Ma et al., 2024;
Zhu et al., 2024]. However, because such signals are not in-
tegrated into the core reasoning process of LLMs, the result-
ing explanations are often weakly aligned with the underlying
recommendation logic [Brita ef al., 2025]. More recent work
explores MoE architectures to more tightly couple preference
modeling with generation, for example by routing user-item
pairs to specialized experts [Tang et al., 2024]. Nevertheless,
existing approaches typically rely on Gaussian latent spaces
and coarse or heuristic routing, limiting the alignment be-
tween expert activation and fine-grained user preference se-
mantics [Fedus et al., 2022].

2.2 Latent Preference Modeling and
Representation Learning

Beyond explainable recommendation, a complementary line
of research focuses on preference modeling and representa-
tion learning, aiming to derive more stable and structured
representations of user interests. Many approaches employ
VAEs [Cai and Cai, 2022; Han et al., 2025] or GMMs [Tang
et al., 2024] to model user preferences in a distributional
form, capturing group-level patterns and improving robust-
ness under sparse interactions. Building on this line of re-
search, some methods further introduce mixture-based or hi-
erarchical structures under multi-intent assumptions to cap-
ture diverse interests and uncover semantically meaningful
user groups [Li et al., 2025¢c; Qiu er al., 2025]. Despite
their improved expressiveness and recommendation perfor-
mance, these latent representations are rarely leveraged to di-
rectly guide natural language explanation [Li et al., 2025¢;
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Figure 2: Overview of the proposed HyperXRec framework for cluster-guided explainable recommendation.

Luo et al., 2026]. Even in the few attempts that connect la-
tent preferences with text generation, the coupling remains
loose, limiting their effectiveness as stable and controllable
signals for faithful explanation generation [Li et al., 2020].

3 Proposed Method

3.1 Preliminaries and Framework Overview

We consider a dataset D = {(un,in, T, i, £, ) }N_1, where
each interaction instance includes a user ID u € U, an item
ID ¢ € Z, an observed rating 7, ; € Ry indicating u’s pref-
erence for ¢, and a feature vector f; € F describing item at-
tributes. Given a user-item pair (u,%), a recommender esti-
mates a preference score y,, ;. Beyond preference estimation,
our goal is to generate a natural language explanation for each
recommended item. Formally, the explanation is defined as:

explanation(u, i) = generator(u, 3, ryy, fi, Xy), (1)

where X, denotes the collaborative context of user u, and
generator(+) is instantiated as a large language model.

HyperXRec aims to generate faithful and personalized nat-
ural language explanations by explicitly aligning latent user
preference structures with the reasoning process of a lan-
guage model. The framework consists of two core compo-
nents: (1) a hyperspherical deep clustering module that mod-
els user-item interactions on the unit hypersphere to learn
compact and semantically coherent preference clusters, with
a neighborhood-based consistency regularization to improve
robustness under sparse interactions; and (2) a cluster-guided
explanation generation module built on a MoE language
model, where the learned preference clusters explicitly guide
expert routing, enabling different experts to specialize in dis-
tinct preference semantics. The overall architecture of Hyper-
XRec is illustrated in Figure 2.

3.2 Hyperspherical Representation Learning

To capture structured user-item preference patterns under
sparse interactions, we adopt a dual-VAE framework to learn

hyperspherical latent representations. Unlike Euclidean la-
tent spaces, the hypersphere emphasizes angular similarity,
which better reflects preference alignment and facilitates se-
mantic clustering [Yang er al., 2021; Luo et al., 2025]. For
each user-item pair (u, 7) with embeddings u and i, the prob-
abilistic encoder defines a variational posterior ¢(z | u,i) as a
von Mises-Fisher (vMF) distribution [Luo et al., 2025]. The
vME distribution is defined on the unit hypersphere S¢~! with
density:

V(x| p, k) = Ca(r) exp(rp' %), )
where p denotes the mean direction, x controls the concen-
tration around p, and Cy(x) is the normalization constant en-
suring the density integrates to 1 over the sphere S9~1. We
then parameterize the variational posterior as:

V(Z | ﬁ’u,ivﬁu,i)v 3)

where the mean direction fi,, ; and concentration %, ; are pro-
duced by a neural network A(-; 1):

[ﬁu,i; ln/’%u,i] = h(u7 i; '(/)) (4)

Given z, the decoder reconstructs the observed rating 7, ;
using a categorical likelihood:

p(ry,; | 2) = Cat(ry, | softmax(f(z;6))), (5)

where f(+; 0) outputs logits over the discrete rating space.
To impose clustering structure, we introduce a vVMFMM
prior with an explicit cluster variable k € {1,...,K}:

p(k) = Cat(k [ m),  p(z|k) =V(z|py,rE),  (6)

which yields the marginal prior:

q(z | u,i) =

K
= Z T V(2 | g, Ki)- (7)

k=1
Each mixture component corresponds to a semantically co-

herent preference cluster on the unit hypersphere. Accord-
ingly, the joint distribution for an interaction is

(i 2, k) = p(ry, | 2)p(z | k) p(k). (®)
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We optimize the evidence lower bound (ELBO) with a
mean-field posterior ¢(z, k | u,i) = ¢(z | u,i) ¢(k | u,i):

Le =Ey(z,kiu,i) | logp(ru, | 2) +logp(z | k) + log p(k)
—logq(z | u,i) —logq(k | u, 1)} 9)
The cluster posterior is computed as
q(k | u,i) o< 7 exp (kg ny i) (10)

where 1, > 0, S0, ™ = 1, and €ui = Ey(zu,(z] de-
notes the posterior mean direction. Since the vVMF posterior
does not admit a standard reparameterization, we adopt the
rejection-sampling-based reparameterization of Davidson et
al. [Davidson et al., 2018] to enable backpropagation.

We use the maximum a posteriori (MAP) cluster index
k* = argmaxy q(k | u,i) as the interaction-level semantic
label, which will serve as the routing signal for the cluster-
guided MoE explainer (Section 3.4). This formulation fol-
lows prior work on hyperspherical VAEs and vMF-based
deep clustering [Guo et al., 2026b; Guo et al., 2026al.

3.3 Neighborhood Consistency Regularization

Under sparse interactions, small perturbations in user-item
inputs may lead to disproportionate changes in hyperspher-
ical embeddings and cluster assignments, which can destabi-
lize downstream expert routing. To enhance the robustness
of hyperspherical preference representations, we introduce a
neighborhood-based data perturbation strategy during train-
ing [El-Kishky er al., 2023]. Instead of perturbing latent rep-
resentations directly, we perform perturbations at the input
level by modifying user-item pairs, which better preserves
collaborative semantics.

Specifically, for a given user-item pair (u, %), we first ex-
tract their embedding representations from a pretrained en-
coder and construct a k-nearest-neighbor (kNN) structure
based on cosine similarity. Based on this neighborhood struc-
ture, we generate perturbed pairs by either replacing the item
with a neighboring item 4 interacted by the same user, yield-
ing (u,1;), or replacing the user with'a neighboring user uy,
who interacted with the same item, yielding (ug,?). The
perturbed pairs are then re-encoded with the encoder in Sec-
tion 3.2 to obtain z’.

To encourage local stability of hyperspherical representa-
tions, we enforce @ cosine-based consistency regularization
[Sinha and Dieng, 2021] between the original latent repre-
sentation z and its perturbed counterpart z’, defined as

Lap =1 — cos(z,z'), (11)

where z and z’ denote the mean directions of the vVMF poste-
rior. This regularization encourages neighboring interactions
to preserve angular proximity in the latent space. The final
objective in the clustering phase is defined as:

£cluster = [:c + )\‘cdpa (12)

where A\ balances reconstruction accuracy and consistency
regularization.

3.4 Cluster-guided Explanation Generation
Module

Cluster-aware Expert Routing We propose a cluster-
guided MoE architecture, where expert routing is explicitly
conditioned on semantic preference clusters learned in the hy-
perspherical latent space. Given a user-item interaction (u, 7),
we obtain its cluster responsibility k& from the hyperspherical
clustering module according to Eq. (10). We use the MAP
cluster index k* = arg maxy, q(k | u,i) as the routing signal
during explanation generation. This cluster index serves as
a high-level semantic prior that governs expert routing. The
cluster assignment is interaction-level and shared across all
tokens, while expert selection is performed at the token level
within the cluster-specific router [Zhou er al., 2022].

During fine-tuning, we replace the feed-forward network
(FFN) in each Transformer block of the LLM with a cluster-
aware MoE layer [Lepikhin er al., 2021]. For a token rep-
resentation h € R the router associated with cluster k*
computes routing scores as:

e = softmax(W ) p), (13)

where W) ¢ REXH denotes the routing parameters for
cluster k*. Only the router corresponding to the assigned
cluster is activated, and the top-m experts with the highest
routing probabilities are selected for computation. This de-
sign enforces cluster-level semantic consistency in expert ac-
tivation and avoids noisy cross-cluster routing.

ISystem Prompt!

You are a professional explainer. Your task is to generate a clear and persuasive

explanation for recommending an item to a user.
—————— =

=
| Input Prompt:

|
_______ o
The user has a Rating-star experience with the item, the item has features such as
Features, please provide an explanation for recommending Item(item embedding) to
User(user embedding).

Figure 3: Prompt template for explanation generation.

Explanation Generation and Training Each expert is im-
plemented as a lightweight gated FFN with element-wise
multiplicative interactions [So et al., 2021]:

e(h) = W® a(W<1>h ® W<3>h) , (14)

where o(-) denotes the SiLU activation function [Dai et al.,
2024]. The outputs of the selected experts are aggregated ac-
cording to their routing weights:

B =" w,-e(h), (15)

e€Qm

where €2,,, denotes the set of activated experts and w, are the
normalized routing weights.

To ground explanation generation, we reuse pretrained user
and item embeddings from the encoder by replacing place-
holder tokens (e.g., [UserToken] and [ItemToken]) in the
prompt, and append rating information and item attributes
in natural language form; the prompt relies only on histor-
ical interactions, item-side information, and the predicted
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item, without accessing any ground-truth review of the tar-
get interaction. An example of the prompt structure is illus-
trated in Figure 3. While prompts provide content grounding,
cluster-guided routing explicitly controls the internal genera-
tion pathways of the LLM. The explanation generator is fine-
tuned using LoRA [Hu er al., 2022] adapters for parameter
efficiency. Given the constructed prompt x,, ; and the target
explanation y,, ;, the explanation loss is defined as

ﬁexp - *1ng(Yu,z | Xau,is k*) (16)

Due to space limits, the full training process and algorithm
are provided in the supplementary material.

4 Experiments

4.1 Experimental Settings

Datasets We evaluate our method on three widely used
real-world benchmark datasets for explainable recommenda-
tion: Amazon (Movies & TV), Yelp, and TripAdvisor [Tang
et al., 2024; Li et al., 2025d]. These datasets span multiple
application domains, including e-commerce, local business
recommendation, and tourism, and provide user-item interac-
tions with explicit ratings and accompanying textual reviews.
Dataset statistics after preprocessing are reported in Table 1.

Amazon (AZ) TripAdvisor (TA) Yelp

Users 7,506 9,765 27,147
Items 7,360 6,280 20,266
Reviews 441,783 320,023 1,293,247
Features 5,399 5,069 7,340
Avg. reviews / user 58.86 32.77 47.64
Avg. reviews / item 60.02 50.96 63.81
Avg. words / expl. 14.14 13.01 12.32

Table 1: Statistics of the datasets used in our experiments.

Evaluation Metrics. Following common practice in ex-
plainable recommendation and text generation, we evaluate
explanation quality using a set of widely adopted automatic
metrics, covering surface-level similarity, semantic relevance,
and diversity. Specifically, we report BLEU and ROUGE
for n-gram overlap, BERTScore (P/R/F) [Zhang et al., 20201,
BLEURT [Sellam er al., 2020], and GPTScore [Wang et al.,
2023] to assess semantic similarity and fluency, and Distinct-
n (Dist-1/2) together with Unique Sentence Ratio (USR) [Li
et al., 2021] to evaluate explanation diversity. All metrics are
computed on the test set, where higher values indicate better
performance.

Baselines. We evaluate HyperXRec on real-world bench-
marks and compare it with representative state-of-the-art ex-
plainable recommendation methods, which can be catego-
rized into three groups. (1) Neural explanation generation
methods: PETER [Li er al., 2021] and NETE [Li er al.,
2020]. (2) Latent preference modeling-based explainable
recommenders: PEVAE [Cai and Cai, 2022] and GaVaMoE
[Tang et al., 2024]. (3) LLM-based explainable recommen-
dation methods: PEPLER [Li et al., 2023], XRec [Ma et al.,
2024], and G-Refer [Li et al., 2025d].

Implementation Details. All experiments are implemented
in Python with GPU acceleration using DeepSpeed ZeRO
Stage-3 [Rajbhandari er al., 2020], with detailed hardware
configurations reported in the supplementary materials. For
VAE pretraining, we adopt a learning rate of 1 x 1072 with
a batch size of 1024 for 300 epochs, followed by clustering
fine-tuning with a learning rate of 1 x 10~? for 30 epochs. For
explanation generation, we fine-tune LLaMA-3 using LoRA
[Hu et al., 2022] with a learning rate of 3 x 107>, a batch size
of 1 and gradient accumulation of 16, for 5 epochs. Addi-
tional experimental analyses on clustering behavior and com-
putational cost are provided in the supplementary material.

4.2 Performance Evaluation

Performance of HyperXRec As shown in Table 2, Hy-
perXRec achieves strong and consistent improvements over
state-of-the-art baselines across both lexical- and semantic-
level evaluation metrics, highlighting its effectiveness for
explainable recommendation.  In particular, HyperXRec
demonstrates substantial ‘gains in semantic consistency, as
reflected by the BERT-F metric, outperforming the second-
best baseline by +0.390, +0.431, and +0.144 on Amazon,
TripAdvisor, and Yelp, respectively. These improvements
stem from the proposed cluster-guided expert routing mecha-
nism, which'injects structured preference information into the
LLM’s generation process, enabling experts to specialize in
distinct preference semantics and produce explanations better
aligned with the recommendation logic. Notably, HyperXRec
attains a perfect USR of 1.0 on all datasets, indicating that the
model avoids degeneration into repetitive explanations.

Effect of the Number of Routers (G) Table 3 further stud-
ies the impact of varying the number of routers (G) in the
cluster-guided MoE explainer. Overall, moving from coarse
to moderate routing granularity improves explanation quality,
as a larger GG encourages expert specialization and enables the
model to better capture heterogeneous user preferences. For
instance, the best performance is achieved with G = 4 on
Amazon and G = 5 on Yelp. However, the benefit is not
monotonic. When G becomes too large, each router receives
fewer interactions, resulting in insufficient expert training and
weakened semantic coherence. This phenomenon is most ev-
ident on TripAdvisor, where increasing G from 3 to 4 causes a
clear degradation (e.g., BLEU-1 drops from 22.658 to 14.963
and GPTScore from 80.43 to 60.31). These results indicate
that G should be carefully chosen to balance routing granu-
larity and effective expert utilization.

4.3 Ablation Studies

To examine the impact of hyperspherical modeling, we com-
pare vVMFMM with GMM under the same dual-VAE architec-
ture. Results on the Amazon dataset (Table 4) show consis-
tent improvements across both lexical and semantic metrics
when using VMFMM, with similar trends observed on other
datasets. To further understand these improvements, Figure 4
visualizes the learned latent spaces using t-SNE under differ-
ent priors. The GMM prior yields overlapping clusters that
blur cluster boundaries and destabilize routing. In contrast,
the vMFMM prior enforces directional constraints on the hy-
persphere, producing compact, well-separated clusters that
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Data | Method N-gram metrics Semantic & diversity metrics
BLEU-1 BLEU-4 ROUGE-1 ROUGE-L | Dist-1 Dist2 BERT-P BERT-R BERT-F  GPTScore BLEURT  USR
PEPLER 12.564 0.991 14.005 10.816 17.134  61.190 0.369 0.362 0.364 76.08 -0.2950 0.9563
PETER 14.796 1.201 15.335 11.614 17.431 62.790 0.384 0.376 0.380 717.65 -0.2937 0.8480
PEVAE 16.349 1.503 19.255 15.853 18.440  60.610 0.349 0.340 0.345 79.87 -0.3302 0.8715
AZ NETE 14.965 1.152 16.470 12.982 14503 47312 0.344 0.344 0.344 75.63 -0.4073 0.5413
GaVaMoE 18.224 1.498 23.697 16.975 19.470  63.454 0.388 0.370 0.373 80.45 -0.1850 0.9632
G-Refer 20.800 1.710 25.150 17.650 20.950  65.000 0.407 0.450 0.429 82.12 -0.1203 1.0000
XRec 20.259 1.730 24.971 17.737 20.370  64.444 0.409 0.398 0.401 82.57 -0.1061 1.0000
Ours 21.514 1.850 25.402 18.607 28.340  66.958 0.822 0.816 0.819 88.69 -0.0835 1.0000
PEPLER 13.392 0.965 15.382 12.078 18.124  64.923 0.345 0.303 0.343 63.91 -0.2934 0.7583
PETER 14.957 0.881 16.514 13.002 19.400  65.652 0.354 0.325 0.350 67.00 -0.3316 0.8750
PEVAE 15.705 1.401 18.675 15.411 18.182  66.414 0.369 0.363 0.368 69.94 -0.3354 0.9143
TA NETE 13.847 1.186 14.891 11.880 14.854  48.431 0.300 0.293 0.295 61.54 04116 0.2677
GaVaMoE 17.270 1.735 25314 18.392 20.466  65.332 0.301 0.296 0.263 69.10 -0.3220 0.9050
G-Refer 19.350 1.720 24.100 17.450 20.900  66.200 0.405 0.400 0.402 73.20 -0.2100 1.0000
XRec 19.642 1.650 23.672 16.871 21.113 65.421 0.386 0.380 0.384 71.81 -0.2486 1.0000
Ours 22.658 2.747 26.601 18.517 27442  67.573 0.831 0.834 0.833 80.43 -0.1150 1.0000
PEPLER 9.448 0.623 12.604 9.769 13.321 43.577 0.317 0.294 0.305 61.58 -0.2892 0.8660
PETER 8.072 0.574 12.965 9.850 14240  52.891 0.298 0.271 0.281 65.16 -0.3375 0.4757
PEVAE 14.250 1.217 16.229 13.891 16.890  58.510 0.328 0.323 0.326 67.34 -0.2546 0.8446
Yel NETE 11.314 0.823 14.041 9.226 13245 44426 0.222 0.137 0.144 58.27 -0.4838 0.2533
cp GaVaMoE 16.225 1.396 22.695 16.876 17.471 61.455 0.369 0.351 0.352 68.10 -0.2180 0.9950
G-Refer 19.210 1.680 23.400 17.300 18.200  62.600 0.363 0.437 0.401 75.16 -0.1336 1.0000
XRec 19.379 1.601 22.870 16.531 17.560  61.190 0.395 0.351 0.373 69.12 -0.2026 0.9993
Ours 20.284 1.942 24.568 18.227 22.365  65.194 0.512 0.589 0.545 83.25 -0.0761 1.0000
Table 2: Overall performance on three datasets. Best and second-best results are highlighted with red and purple .
Data G N-gram metrics Semantic metrics
BLEU-1 BLEU-4 ROUGE-1 ROUGE-L | Dist-1  Dist2 BERT-P. BERT-R BERT-F  GPTScore BLEURT  USR
2 18.910 1.508 22.187 15.313 24.885 62.868 0.822 0.812 0.810 82.71 -0.1647 0.9342
AZ 3 19.342 1.462 22.458 15.736 26.873 64.877 0.810. 0.814 0.812 84.99 -0.1120 0.9572
4 21.514 1.850 25.402 18.607 28.340  66.958 0.822 0.816 0.819 88.69 -0.0835 1.0000
5 19.286 1.504 22.286 15.487 26.876  64.871 0.815 0.815 0.815 85.34 -0.1169 0.9545
2 21.141 2.527 25.995 17.759 25.841  63.885 0.822 0.833 0.828 78.26 -0.1613 0.9591
TA 3 22.658 2.747 26.601 18.517 27.442  67.573 0.8313 0.834 0.833 80.43 -0.1150 1.0000
4 14.963 1.358 21.964 13.965 16.760 . 50.873 0.821 0.824 0.823 60.31 -0.3310 0.9719
5 19.863 2.365 25.546 17.016 22.824  65.886 0.817 0.832 0.825 71.54 -0.1906 0.9717
2 16.784 1.365 21.532 15.873 19.426 60.774 0.368 0.352 0.360 73.25 -0.1831 0.9384
Yel 3 17.942 1.529 22.614 16.723 20.417  62.143 0.381 0.366 0.374 76.52 -0.1540 0.9527
P4 18.585 1.687 23.231 17.104 21.392  63.432 0.389 0.375 0.382 79.06 -0.1246 0.9642
5 20.284 1.942 24.568 18.227 22.365  65.194 0.512 0.589 0.545 83.25 -0.0761 1.0000

Table 3: Varying number of routers GG on three datasets. Best and second-best results are highlighted with red and purple .

stabilize downstream expert routing. -Since cluster labels ex-
plicitly control expert routing in our model, these consistent
improvements indicate that higher-quality clustering directly
contributes to better explanation generation.

Prior BLEU-4 ROUGE-L Dist-1 BERT-F
GMM 1.529 17.357 19.820  0.403
vMFMM  1.850 18.607 28.340  0.819

Table 4: Comparison of GMM and vVMFMM priors on Amazon.

4.4 Hyperparameter Sensitivity Analysis

Experts E and Activated Experts m. We study the im-
pact of expert configuration on explanation quality on the
Amazon dataset, where E denotes the total number of ex-
perts and m denotes the number of activated experts. Fig-
ures 5 (a) and 5 (b) show that increasing F from small to
moderate values consistently improves BLEU-4 and BERT-F

(a) GMM Prior

(b) vVMFMM Prior

Figure 4: t-SNE visualization of latent representations on Amazon.

across the settings shown in the figure, while further increas-
ing E yields limited gains at higher computational and mem-
ory cost. Activating multiple experts is beneficial: m = 2
consistently outperforms the single-expert setting, whereas
larger m provides no further improvement. We therefore
adopt (E' = 12, m = 2) as the default configuration.
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Sparse Setting (ds1)

Dense Setting (ds5)

Ground truth: the animation is superb and quality of the voice
acting is also great.

Ours: the animation is visually impressive, and the voice acting
adds emotional depth to the characters. The story feels cohesive
and engaging, making it one of the most memorable animated films
I’ve seen recently.

XRec: the animation looks vibrant, and families will enjoy the
catchy tunes.

NETE: the animation is fine for this kind of film.

PEPLER: a very good movie, really enjoyable.

Ground truth: the scenery in this movie is breathtaking and it alone
is worth the price of admission.

Ours: the scenery is breathtaking from start to finish, with sweep-
ing landscapes and rich colors that captivate the viewer. The cine-
matography masterfully captures the emotional tone of each scene,
making the visual experience alone worth the watch.

XRec: gorgeous locations with postcard-style vistas; perfect for a
family night.

NETE: the scenery looks nice in parts.

PEPLER: looks great and is worth seeing.

Table 5: Case study comparison under sparse (ds1) and dense (ds5) interaction settings on the Amazon dataset.

Hyperparameters )\ and . We analyze the sensitivity of
HyperXRec to the regularization weight A and the vMF con-
centration parameter ~ on the Amazon dataset. We evalu-
ate clustering quality using accuracy (ACC) and normalized
mutual information (NMI), which measure the agreement be-
tween inferred clusters and ground-truth labels [Luo et al.,
2025]. As shown in Figures 5 (c) and 5 (d), clustering perfor-
mance remains stable across a broad range of values. Mod-
erate x encourages compact and well-separated hyperspheri-
cal clusters, whereas excessively large values over-constrain
the latent space and degrade clustering quality. Similarly, in-
termediate \ achieves the best trade-off between reconstruc-
tion fidelity and regularization. We therefore set A = 10 and
+ = 30 in all experiments.
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Figure 5: Hyperparameter study of HyperXRec.

4.5 Robustness Under Data Sparsity

We evaluate the robustness of HyperXRec under varying lev-
els of data sparsity on the Amazon dataset by grouping users

according to their interaction frequency (ds1-ds5), as shown
in Figure 6. As user activity increases, explanation qual-
ity improves for all methods; notably, HyperXRec consis-
tently outperforms all baselines, even in the sparsest setting
(ds1). In sparse regimes, baseline methods degrade faster
due to unstable representation learning and cluster formation,
which lead to inconsistent MoE routing. By contrast, Hyper-
XRec leverages structured hyperspherical preference repre-
sentations to preserve stable clustering even under limited in-
teractions, and couples this structure with cluster-guided ex-
pert routing. Representative examples under sparse and dense
settings are shown in Table 5, with additional results on other
datasets provided in the supplementary material.

—e— Ours XRec —— NETE —— PETER —— PEPLER
1.0 2.0
0gle—m——— " 1.81« B
. L 16
: i
E 0.6 214
g -
0.4{ . e | B3, IR s
02 ja—— e ] DI S

0.8

ds2 ds3 ds4 ds5 dsl ds2 ds3 ds4 ds5

Figure 6: Explanation quality under varying interaction sparsity.

5 Conclusion

We proposed HyperXRec, a unified framework for explain-
able recommendation that tightly couples hyperspherical la-
tent preference modeling with cluster-guided expert routing
in an MoE-enhanced language model. By learning seman-
tically structured user-item representations via a vVMFMM
prior and using the inferred cluster posteriors to steer expert
activation, HyperXRec produces explanations that are more
faithful to the underlying collaborative evidence, while re-
maining coherent and personalized. Extensive experiments
on multiple real-world datasets show that HyperXRec outper-
forms strong baselines, particularly under sparse interactions,
while maintaining strong semantic alignment and diversity.
In future work, we plan to extend HyperXRec by exploring
finer-grained and hierarchical preference structures to capture
multi-facet user intents beyond a single clustering layer.
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