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Abstract

Explainable Recommendation (ER) aims to en-
hance recommendation transparency and predic-
tion accuracy by providing faithful and persua-
sive explanations. However, Multi-Modal Multi-
Interest Explainable Recommendation (MMER) is
particularly challenging in two aspects: effec-
tively utilizing diverse multi-modal information to
construct reliable semantic evidence and precisely
identifying the most relevant user interest to gen-
erate faithful explanations. Most previous methods
fail to effectively exploit visual information to pro-
vide reliable evidence and primarily rely on a single
unified representation of user preferences, making
it difficult to distinguish diverse user interests and
generate faithful explanations. To fill this gap, we
propose Joint Multi-Modal Multi-Interest Profiling
and Preference-Grounded Reasoning (PRIME) for
solving the MMER problem. Specifically, PRIME
first organizes items into interest-aware clusters to
facilitate interest disentanglement. Based on these
clusters, it constructs explicit multi-modal multi-
interest user profiles and a comprehensive global
item profile to capture fine-grained preferences and
distinguish diverse user interests. Furthermore,
PRIME performs preference-grounded reasoning
by retrieving the most relevant user interest for each
item, enabling faithful explanations and accurate
predictions. Our experiments on three real-world
datasets demonstrate that PRIME outperforms the
state-of-the-art methods.

∗Corresponding author.

1 Introduction
Recommender systems have become increasingly essential
with the rapid growth of online platforms and data [Song
et al., 2025; Liu et al., 2025c; Liu et al., 2025d; Xie et al.,
2026b]. In addition to accurate recommendation, recent stud-
ies have increasingly emphasized explainability, aiming to
provide faithful and persuasive explanations that enhance rec-
ommendation transparency and user trust. In practical sce-
narios, users often exhibit multiple interests, and items con-
tain heterogeneous multi-modal information, such as textual
and visual information. However, existing explainable rec-
ommendation methods primarily rely on a single unified rep-
resentation of users’ preferences, entangling multiple inter-
ests and hindering the identification of the specific interest
behind each interaction. Thus, how to enhance model per-
formance and explainability by effectively leveraging multi-
modal information and precisely identifying the most relevant
user interest still needs more investigation.

In this paper, we focus on the Multi-Modal Multi-Interest
Explainable Recommendation (MMER) problem, as illus-
trated in Figure 1. That is, users often exhibit multi-faceted
preferences within their interaction histories. Meanwhile,
items are enriched with multi-modal textual and visual infor-
mation. Item visual information is rather valuable as it pro-
vides additional signals beyond textual information and more
directly reflects users’ tastes. For instance, a user may ex-
hibit multi-faceted interests in both casual and formal styles,
with each interest derived from textual and visual informa-
tion, as shown in Figure 1. There are two main challenges for
solving MMER: (CH1): How to construct reliable semantic
evidence by effectively utilizing diverse multi-modal item in-
formation? (CH2): How to generate faithful explanations by
precisely identifying the most relevant user interest?

However, previous methods cannot solve the MMER prob-
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Figure 1: The problem definition of MMER.

lem well. On the one hand, previous explainable recom-
mendation models [Li et al., 2023; Takama et al., 2024;
Sabouri et al., 2025] primarily rely on textual information
to construct user representations, while neglecting the vi-
sual information, resulting in suboptimal performance. More-
over, conventional approaches [Sun et al., 2025; Hao et al.,
2025] fail to consider the supplementary interaction signals
from the user’s broader interaction history, which are cru-
cial for enriching reliable semantic evidence in explainabil-
ity. Therefore, traditional explainable recommendation mod-
els cannot solve CH1 well. On the other hand, recent explain-
able recommendation models [Ma et al., 2024; Li et al., 2025;
Kim et al., 2025; Fang et al., 2025] leverage large language
models (LLMs) to construct a single unified user profile,
which provides a comprehensive representation of personal-
ized tastes and preferences. However, these models fail to
distinguish diverse user interests, leading to coarse user pro-
files and limiting the faithfulness of the generated explana-
tions. Therefore, these LLM-based explainable recommenda-
tion models cannot solve CH2 well. In conclusion, previous
recommendation models cannot provide satisfactory results
on tackling MMER problem.

To address the aforementioned issues, in this paper,
we propose Joint Multi-Modal Multi-Interest Profiling and
Preference-Grounded Reasoning (PRIME), a multi-modal
multi-interest explainable recommendation model for solving
MMER problem. PRIME includes three main modules, i.e.,
interest-aware item clustering module, multi-modal multi-
interest profiling module and preference-grounded reasoning
module. In the interest-aware item clustering module, we aim
to disentangle user interests and enrich semantic evidence by
organizing items into interest-aware clusters and merging rel-
evant supplementary items from the user’s broader interaction
history. The multi-modal multi-interest profiling module con-
structs multiple user profiles and a comprehensive global item
profile by utilizing visual and textual information, captur-
ing fine-grained preferences and distinguishing diverse user
interests to address CH1. In the preference-grounded rea-
soning module, we propose a relevant interest retrieval strat-
egy to explicitly ground the reasoning process in the user’s
most relevant interest for the target item, thereby address-
ing CH2. By integrating these three modules, PRIME ef-
fectively leverages diverse multi-modal item information and
precisely identifies the most relevant user interest to enhance
both recommendation explainability and accuracy.

We summarize the main contributions as follows: (1)

We propose a novel framework, e.g., PRIME, for solving
MMER problem, which contains interest-aware item clus-
tering module, multi-modal multi-interest profiling module,
and preference-grounded reasoning module. (2) We propose
interest-aware item clustering and multi-modal multi-interest
profiling to generate multiple user profiles and a global item
profile by leveraging textual and visual information, distin-
guishing diverse user interests and constructing reliable se-
mantic evidence. (3) We introduce a preference-grounded
reasoning approach that retrieves the most relevant user in-
terest for a target item to explicitly ground the reasoning pro-
cess, thereby enhancing the explainability of recommenda-
tions. (4) Extensive experiments on three real-world datasets
demonstrate that the proposed PRIME significantly outper-
forms existing recommendation models.

2 Related Work
Large Language Models. Large Language Models have
demonstrated strong capabilities in natural language under-
standing and generation, leading to rapid progress across var-
ious AI tasks, including recommendation systems [Xie et al.,
2026a; Liu et al., 2026; Xie et al., 2026c]. Early Transformer-
based models established large-scale pre-training on ex-
tensive text corpora, laying the foundation for improved
reasoning and generalization [Hurst et al., 2024]. Re-
cent studies increasingly adopt open-source LLMs such as
LLaMA [Touvron et al., 2023] and Qwen [Bai et al., 2023],
together with parameter-efficient fine-tuning methods like
QLoRA [Dettmers et al., 2024], to enable domain adapta-
tion. Moreover, multi-modal LLMs (e.g., GPT-4o [Hurst et
al., 2024]) further extend these capabilities by integrating vi-
sual information [Zhou et al., 2025]. Despite these advances,
many existing approaches still employ LLMs primarily as
black-box semantic extractors or zero-shot predictors [Xie et
al., 2021], lacking explicit mechanisms to ground reasoning
in structured, domain-specific evidence, which limits their ef-
fectiveness in complex recommendation scenarios.

Explainable Recommendation. Explainable Recommen-
dation has been widely investigated to achieve accurate rec-
ommendations while providing faithful and persuasive expla-
nations that enhance system transparency [Wardatzky et al.,
2025]. Early methods such as NRT [Li et al., 2017] jointly
modeled rating prediction and explanation generation, while
later works leveraged Transformer-based architectures and
personalized prompt learning to produce context-aware ex-
planations [Li et al., 2021; Li et al., 2023]. Recent mod-
els, such as XRec [Ma et al., 2024] and G-ReFer [Li et al.,
2025], leverage LLMs to generate explanations, incorporat-
ing graph-based structures and reasoning-enhanced mecha-
nisms. Models like Reason4Rec [Fang et al., 2025] and
EXP3RT [Kim et al., 2025] further refine this process by
adopting deliberative preference reasoning and knowledge
distillation techniques to improve the consistency between
the generated explanations and predicted ratings. However,
most existing methods mainly rely on textual information and
model user preferences with a single unified profile, limiting
fine-grained interest modeling and explanation grounding.
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Figure 2: The model framework of proposed PRIME for solving MMER problem.

3 Methodology
In this section, we provide a detailed introduction to our
proposed PRIME for solving MMER problem. Let U =
{u1, . . . , uNU

} and V = {v1, . . . , vNV
} denote the sets of

users and items, respectively. The historical user-item inter-
actions are represented by the matrix I ∈ RNU×NV , where
each entry iu,v ∈ {0, 1} indicates whether user u has inter-
acted with item v. Meanwhile, let ru,v denote the observed
rating score. We adopt the pre-trained CLIP model [Radford
et al., 2021] to extract xvisual and xtext from raw images G
and textual descriptions D, respectively. For a target user-
item pair (u, v), we leverage user reviews W , image captions
N , and textual descriptions D to construct the multi-interest
user profile set Pu = {pu,1, . . . , pu,K} and the item profile
pv . Our goal is to leverage a fine-tuned large language model
to generate a reason Êu,v and predict the rating r̂u,v for a
given target user-item pair (u, v).

The framework of PRIME is shown in Figure 2. PRIME
has three modules: interest-aware item clustering module,
multi-modal multi-interest profiling module, and preference-
grounded reasoning module. Interest-aware item clustering
module organizes items into interest-aware semantic clus-
ters. Multi-modal multi-interest profiling module is designed
to construct multi-interest user profiles and a comprehensive
item profile based on heterogeneous multi-modal informa-
tion. The preference-grounded reasoning module retrieves
the most relevant user profile and performs grounded reason-
ing with an LLM to generate explanations and predict ratings.

3.1 Interest-Aware Item Clustering Module
To start with, we introduce the interest-aware item clustering
module in PRIME. Interest-aware item clustering module in-
cludes two main steps. Multi-modal item clustering aims to
partition items into distinct item clusters by leveraging visual
and textual information. Global item retrieval aims to incor-

porate supplementary items from the user’s broader interac-
tion history to enrich user interest profiles.

Multi-Modal Item Clustering. Following previous multi-
modal works [Liu et al., 2025a; Hua et al., 2025], we first
discretize high-dimensional CLIP features xm into compact
embeddings emv via residual quantization. To handle hetero-
geneous modalities, we compute modality-specific attention
weights via a learnable multi-layer perceptron η(·):

αm
v =

exp(η(emv ))∑
m′∈{visual,text} exp(η(e

m′
v ))

, (1)

where m ∈ {visual, text} denotes the modality. We ag-
gregate the weighted features to obtain the unified multi-
modal representations hv =

∑
m αm

v emv . To disentangle
user multi-faceted interests, we introduce learnable proto-
types C = {c1, . . . , cK} as cluster centroids. The relevance
between item v and prototype ck is measured by sv,k =
sim(hv, ck), where sim(·) denotes the cosine similarity. To
address the non-differentiability of hard assignment, we em-
ploy the straight-through Gumbel-Softmax estimator [Jang et
al., 2016] to compute the soft assignment probability:

πv,k =
exp((sv,k + gk)/τ)∑K
j=1 exp((sv,j + gj)/τ)

, (2)

where gk ∼ Gumbel(0, 1) and τ is the temperature. Dur-
ing the forward pass, we obtain the cluster index k∗v =
argmaxk∈{1,...,K} πv,k. Consequently, we obtain a set of
item clusters {V1, . . . ,VK}, where Vk ⊆ V . Therefore, this
step organizes items into interest-aware clusters that are con-
sistent with users’ different preferences.

Global Item Retrieval. Although the initial clustering ef-
fectively partitions items into diverse interest-aware clusters,
relying solely on a limited view of a user’s local interactions
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may not fully capture the full scope of a particular inter-
est. Therefore, we treat the learned prototypes C as global
semantic reference points to query the supplementary item
pool. For the k-th prototype ck and each candidate item v
from the user’s broader history, we measure their similarity
as wk,v = sim(ck,hv). We select the top-z most relevant
items, thereby filtering out irrelevant items, to form a reliable
supplementary item set V sup

k for the k-th prototype. We con-
struct an enriched interest-aware item set Ṽk by merging the
primary interest item set Vk and the supplementary item set:

Ṽk = Vk ∪ V sup
k , (3)

where ∪ denotes the set union operation. Consequently, the
enriched item sets {Ṽ1, . . . , ṼK} integrate the user’s primary
interactions with highly relevant supplementary evidence, en-
abling more robust user preference modeling.
Optimization. We optimize the model using a variational
objective inspired by the evidence lower bound [Hoffman and
Johnson, 2016]. Specifically, the reconstruction loss Lrec for
implicit feedback is defined as:

Lrec = −
∑
u∈U

∑
v∈V

(
iu,v log îu,v + (1− iu,v) log(1− îu,v)

)
,

(4)

where îu,v = σ

(
z⊤
u,k∗

v
hv

∥zu,k∗
v
∥·∥hv∥

)
denotes the predicted prob-

ability and σ(·) denotes the sigmoid function. Here, zu,k∗
v

is the user’s specific latent interest inferred from the subset
of their history corresponding to cluster k∗v . The term LKL

regularizes the latent space [Liu et al., 2025b]:

LKL =
∑
u∈U

K∑
k=1

DKL (qϕ(zu,k | Vu,k) ∥ N (0, I)) , (5)

where qϕ denotes the variational distribution and Vu,k is the
subset of user interactions associated with cluster k. The
overall training objective is then formulated as:

min
Θ

L = Lrec + βLKL + λ∥Θ∥22, (6)

where β balances the reconstruction and regularization terms,
and λ controls the L2 regularization strength. Minimizing L
encourages the learned prototypes and user representations to
capture robust and disentangled interest structures.

3.2 Multi-Modal Multi-Interest Profiling Module
After we obtain the enriched interest item clusters
{Ṽ1, . . . , ṼK}, we leverage these structured item collections
to build comprehensive multi-interest user profiles. There-
fore, we propose the multi-modal multi-interest profiling
module to model user preferences and global item attributes.
Multi-modal Profile Generator. To bridge the semantic
gap between visual and textual modalities, we adopt the
strategy of leveraging Multi-modal Large Language Models
(MLLMs) as semantic enhancers to transform visual infor-
mation into textual form [Zhou et al., 2025]. Specifically, the
MLLM generates descriptive image captions that encapsu-
late the visual content of items, thereby enriching the textual

metadata with visual knowledge. Following this paradigm,
for each item v ∈ V , we employ an MLLM to convert its raw
image gv ∈ G into a descriptive image caption nv ∈ N :

nv = MLLM(gv), (7)

where nv translates latent visual characteristics into a struc-
tured textual form, enabling the LLM to interpret visual cues
together with textual metadata. We then leverage an LLM
to construct structured profiles for both users and items. By
incorporating carefully designed system prompt Su/v with
desired output formats (i.e., organizing textual and visual
modalities under [Like] and [Dislike] tags), the pro-
files are generated as follows:

pu,k = LLM(Su, Tu,k), pv = LLM(Sv, Tv), (8)

where Tu,k and Tv represent the input prompts for users and
items, respectively. The generated profiles pu,k and pv ex-
plicitly incorporate fine-grained information extracted from
the visual modality, providing essential evidence for subse-
quent preference-grounded reasoning. To implement the pro-
file generator, we fine-tune a student LLM with a QLoRA
adapter [Dettmers et al., 2024], using the generated profiles
by a teacher LLM as supervision for supervised fine-tuning.
Multi-interest User Profile Prompt Construction. To
capture users’ fine-grained preferences, we construct K dis-
tinct user profiles Pu = {pu,1, . . . , pu,K} for each user u,
representing diverse user interests. Specifically, we obtain
the item subset Ṽu,k by selecting user-interacted items from
the enriched interest cluster Ṽk defined in Equation (3). For
each item v ∈ Ṽu,k, we concatenate its textual description
dv , the image caption nv as defined in Equation (7), and the
user’s specific feedback (e.g., rating ru,v and review wu,v)
as su,v = [dv, nv, (ru,v, wu,v)]. The input prompt Tu,k for
generating the k-th user profile is then formulated as:

Tu,k = fu({su,v | v ∈ Ṽu,k}), (9)

where fu(·) is a function specific to each user, which com-
bines the heterogeneous multi-modal metadata into a single
structured and coherent instruction string.
Item Profile Prompt Construction. In contrast to user pro-
filing, the item profile pv aims to encapsulate the global item
attributes. To achieve this, we aggregate the item’s intrinsic
multi-modal metadata with collective feedback from its ob-
served interaction history. Specifically, for each item v ∈ V ,
we concatenate its original textual description dv , the image
caption nv , and the set of historical feedback pairs associated
with the item, Fv = {(r1,v, w1,v), (r2,v, w2,v), . . . }. The in-
put prompt Tv , designed for item profile generation, is for-
mulated as follows:

Tv = fv([dv, nv,Fv]), (10)

where fv(·) serves a similar purpose to fu(·) by organizing
multi-modal attributes into a coherent string.

3.3 Preference-Grounded Reasoning Module
Although the interest-aware item clustering module and the
multi-modal multi-interest profiling module construct explicit
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multi-interest user profiles and item profiles, they do not
precisely identify which user interest is relevant to a given
item. Therefore, we propose the preference-grounded rea-
soning module to perform interest selection and preference-
grounded reasoning for explanation generation. Specifi-
cally, we first propose a relevant interest retrieval strategy
to identify the most relevant user interest for the target item,
which is essential for reliable preference-grounded reasoning.
Each user profile pu,k is decomposed into positive and neg-
ative components, pu,k = (p+u,k, p

−
u,k), corresponding to the

[Like] and [Dislike] sections, respectively. During re-
trieval, the item profile pv is treated as a unified description of
global item attributes. We encode the user preference compo-
nents and the item profile using a frozen CLIP text encoder:
q±
u,k = Enc(p±u,k) and tv = Enc(pv). Based on these repre-

sentations, the preference-grounded matching scores spos and
sneg are defined as:

spos = sim(q+
u,k, tv), sneg = sim(q−

u,k, tv), (11)

which are then combined to obtain the final matching score:
score(u, k, v) = spos − µ · sneg, (12)

where µ ≥ 0 controls the penalty strength. The optimal user
interest profile is selected by:

k′ = argmax
k∈{1,...,K}

score(u, k, v). (13)

The retrieved user profile pu,k′ ensures that the reasoning pro-
cess is grounded in the most relevant user interest for recom-
mendation. To train the reasoning model, we adopt a teacher-
student learning paradigm. Specifically, a teacher LLM is
first prompted with the adaptive input Tmatch = f(pu,k′ , pv)
to generate high-quality reasons Eu,v as supervision for ex-
planation generation. A system prompt Smatch is employed to
guide the teacher to reason about the matching between the
item profile and user interest profiles. We then fine-tune a pre-
trained student LLM using QLoRA [Dettmers et al., 2024]
to efficiently learn preference-grounded reasoning and rating
prediction. During training, the student model is prompted
with augmented inputs Ttrain = f(pu,k′ , pv, r̄u, r̄v) and
jointly optimized to generate both reasons and predict ratings,
where the historical average ratings r̄u and r̄v serve as statis-
tical priors to calibrate subjective scoring.
Optimization. We provide the optimization details below.
The generation loss Lgen is defined as the negative log-
likelihood of the ground-truth explanation Eu,v . Let X de-
notes the input instruction and y denotes the target token se-
quence of length L. The loss is computed as:

Lgen = −
L∑

t=1

logP (yt | X, y<t; Θ), (14)

where P (·) denotes the probability of token yt conditioned on
X and the preceding tokens y<t, and Θ represents the train-
able QLoRA parameters. The regression loss Lreg measures
the error between the predicted rating r̂u,v and the observed
rating ru,v using mean squared error:

Lreg =
1

|B|

|B|∑
i=1

(
r̂(i)u,v − r(i)u,v

)2

, (15)

Dataset # Users # Items # Train # Valid # Test
Sports 18,838 10,320 121,292 11,036 9,142
Clothing 19,807 12,133 108,553 10,413 9,234
Toys 8,400 5,282 52,748 4,054 3,092

Table 1: The statistics of datasets.

where |B| denotes the batch size. The final training objective
for model optimization is defined as:

Lmatch = Lgen + γLreg, (16)

where γ denotes the balancing hyper-parameter. By mini-
mizing Lmatch, the model jointly learns preference-grounded
reasoning and accurate rating prediction.

3.4 Inference
For inference on an unobserved user-item pair (u, v), PRIME
aims to generate a faithful reason along with an accurate rat-
ing prediction. We first apply Equation (13) to retrieve the
most relevant user interest and construct the inference prompt
Tinf . The fine-tuned LLM then produces:

(Êu,v, r̂u,v) = LLMStudent(Sinf , Tinf ), (17)

where Êu,v and r̂u,v denote the generated reason and pre-
dicted rating, respectively. Here, Sinf denotes a multi-step
system prompt. By combining relevant interest retrieval
with LLM-based reasoning, PRIME enhances the explana-
tion faithfulness and rating prediction accuracy.

4 Experiments
In this section, we conduct experiments on three widely used
datasets to answer the following questions: (1) RQ1: How
does PRIME perform compared with the state-of-the-art rec-
ommendation methods? (2) RQ2: How do different com-
ponents of PRIME contribute to performance improvement?
(3) RQ3: How does the performance of PRIME vary with
different values of the hyper-parameters?

4.1 Experimental Settings
Datasets. We conduct extensive experiments on three
widely used subsets of the Amazon dataset [Geng et al., 2022;
Tran and Lauw, 2025]: (a) Sports and Outdoors, (b) Cloth-
ing, Shoes and Jewelry, and (c) Toys and Games, which are
abbreviated as Sports, Clothing, and Toys, respectively. We
sample interactions from the most recent two years. The
data are split into training, validation, and test sets with a
ratio of 8:1:1 according to interaction timestamps, ensuring
that all test interactions occur strictly after the training and
validation data to avoid information leakage [Ji et al., 2023;
Zhang et al., 2025]. Following prior work [Fang et al., 2025],
we apply a 5-core filtering strategy to remove users and items
with fewer than five interactions, and exclude cold-start users
and items that do not appear in the training set from the val-
idation and test sets. The statistics of the processed datasets
are reported in Table 1. We use users’ cross-category interac-
tion histories to build enriched interest-aware item clusters.

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

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



Model Sports Clothing Toys
MAE ↓ RMSE ↓ GPTS ↑ BLEURT ↑ MAE ↓ RMSE ↓ GPTS ↑ BLEURT ↑ MAE ↓ RMSE ↓ GPTS ↑ BLEURT ↑

MF 0.6585 0.9482 - - 0.8388 1.1143 - - 0.6324 0.9031 - -
NRT 0.7454 0.9679 75.01 0.4215 0.9113 1.3224 73.25 0.4018 0.7218 0.9297 74.88 0.4156
CoNet 0.6606 0.9471 - - 0.8336 1.1158 - - 0.6325 0.9035 - -
PETER 0.6892 0.9501 76.55 0.4421 0.8521 1.1563 75.14 0.4234 0.6715 0.9150 76.02 0.4355
LATTICE 0.6459 0.9323 - - 0.8126 1.0953 - - 0.6258 0.8983 - -
EMER 0.6723 0.9454 77.17 0.4516 0.8415 1.1420 76.59 0.4351 0.6654 0.9121 76.83 0.4412
PEPLER 0.6354 0.9213 78.29 0.4651 0.7956 1.0827 77.85 0.4525 0.6153 0.8952 78.05 0.4586
GPT-4o 0.7165 0.9611 78.50 0.4610 0.8677 1.2447 78.18 0.4555 0.7060 0.9153 78.25 0.4590
XRec - - 78.72 0.4681 - - 78.94 0.4653 - - 78.81 0.4667
EXP3RT 0.5924 0.8851 78.85 0.4783 0.7659 1.0628 79.56 0.4717 0.5854 0.8659 79.26 0.4750
Reason4Rec 0.5840 0.8723 78.91 0.4831 0.7587 1.0578 80.11 0.4819 0.5750 0.8573 79.88 0.4824

PRIME-E 0.5680 0.8553 81.14 0.5082 0.7322 1.0127 81.89 0.5021 0.5718 0.8486 80.25 0.4927
PRIME-V 0.5652 0.8483 81.51 0.5128 0.7524 1.0485 80.51 0.4880 0.5526 0.8283 81.52 0.5054
PRIME-S 0.5721 0.8613 80.51 0.5016 0.7354 1.0154 81.50 0.4983 0.5655 0.8425 80.87 0.4984
PRIME-M 0.5752 0.8651 - - 0.7480 1.0259 - - 0.5688 0.8453 - -
PRIME 0.5541 0.8353 82.45 0.5243 0.7125 0.9956 83.17 0.5311 0.5384 0.8123 82.22 0.5180

Table 2: Experimental results on three datasets. Bold indicates the best results. “-” denotes not applicable. GPTS denotes GPTScore.
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Figure 3: Human evaluation results.

Evaluation Metrics. We adopt different evaluation metrics
for each target task. For rating prediction, we use MAE
and RMSE [Hurst et al., 2024; Kim et al., 2025]. For rea-
son generation, we adopt semantic-aware metrics, includ-
ing GPTScore [Li et al., 2017] and BLEURT [Sellam et al.,
2020], to measure the semantic similarity between the gen-
erated reason and the corresponding item reviews. Beyond
quantitative metrics, we further conduct a human evaluation
on Persuasiveness (P), Faithfulness (F), and Scrutability (S).
Specifically, we randomly sample 100 examples from each
dataset and invite three human judges to select the best reason
among those generated by XRec, Reason4Rec, and PRIME
based on these criteria [Kim et al., 2025].

Baselines. To verify the effectiveness of PRIME, we com-
pare it with representative models: MF [Koren et al., 2009],
NRT [Li et al., 2017], CoNet [Hu et al., 2018], PETER [Li
et al., 2021], LATTICE [Zhang et al., 2021], EMER [Zhu et
al., 2022], PEPLER [Li et al., 2023], GPT-4o [Hurst et al.,
2024], XRec [Ma et al., 2024], EXP3RT [Kim et al., 2025],
Reason4Rec [Fang et al., 2025].

Implementation Details. We employ GPT-4o as both the
teacher LLM and the MLLM, and use Qwen-3-8B as the stu-
dent model. The number of interest clusters is set to K = 4,
and the top-z retrieved items for interest-aware item cluster-
ing are fixed to z = 5. For the optimization of multi-modal
item clustering, the temperature parameter is set to τ = 0.1,
while the KL divergence weight and the regularization coef-

ficient are set to β = 0.01 and λ = 1e-4, respectively. In the
preference-grounded reasoning module, we set µ = 1.0 and
γ = 1.0. To accelerate training and reduce memory consump-
tion, we adopt the Unsloth framework. The student LLM is
fine-tuned using QLoRA with rank rlora = 64, scaling factor
αlora = 16, and a dropout rate of 0.1. We optimize the model
using AdamW [Loshchilov and Hutter, 2017] with a learning
rate of 2e-4 and a batch size of |B| = 16 for 5 epochs. The
best model checkpoint is selected based on validation perfor-
mance. During inference, we set the temperature to 0.0 and
the maximum number of generated tokens to 1024. All exper-
iments are conducted on a single NVIDIA RTX 4090 GPU.
Each experiment is repeated five times with different random
seeds, and the average results are reported. For reason evalu-
ation, GPT-4o is used to compute GPTScore.

4.2 Recommendation Performance (RQ1)
The comparison results on different datasets are shown in
Table 2 and further supported by Figure 3, from which we
make the following observations: (1) PRIME outperforms
the strongest baseline with relative improvements of 8.5%,
10.2%, and 7.4% in BLEURT on the Sports, Clothing, and
Toys datasets, respectively. This demonstrates the effec-
tiveness of our framework in jointly modeling multi-modal
multi-interest profiles and preference-grounded reasoning.
(2) PRIME significantly surpasses conventional baselines
such as CoNet and LATTICE. This advantage is attributed
to the interest-aware item clustering module, which effec-
tively organizes different items into interest-aware item clus-
ters and retrieves relevant items from the user’s broader inter-
action history through these clusters, thereby reducing irrele-
vant items and improving user interest disentanglement. (3)
PRIME also outperforms LLM-based approaches, including
EXP3RT and Reason4Rec. Notably, although GPT-4o (zero-
shot) produces high-quality explanations, it performs poorly
on rating prediction due to the lack of collaborative signals.
In contrast, PRIME leverages the preference-grounded rea-
soning module to fine-tune the student LLM. This enables
the model to learn preference-grounded reasoning based on
the retrieved user interest profile, achieving a balance be-
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Figure 4: Effect of number of interest clusters K.
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Figure 5: Effect of number of retrieved items z.

tween rating accuracy and explanation quality. (4) PRIME
consistently achieves the highest human preference rate, sig-
nificantly outperforming both XRec and Reason4Rec across
all dimensions. Notably, PRIME shows remarkable per-
formance in Faithfulness on the Clothing dataset, verifying
that our multi-modal profiling effectively utilizes visual in-
formation (e.g., color). Furthermore, the substantial lead
in Scrutability demonstrates that disentangling user interests
leads to more faithful and interpretable reasons.

4.3 Ablation Study (RQ2)
To investigate how each component of PRIME contributes
to the final performance, we compare PRIME with several
of its variants, including PRIME-E, PRIME-V, PRIME-S,
and PRIME-M. PRIME-E removes global item retrieval, re-
lying solely on local interactions. PRIME-V excludes all vi-
sual information from interest-aware item clustering and pro-
file generation. PRIME-S does not involve multi-modal item
clustering, which means it generates a single global user pro-
file. PRIME-M replaces the multi-step reason-based predic-
tion with direct rating prediction. The comparison results
are shown in Table 2. From it, we can observe that: (1)
PRIME outperforms both PRIME-S and PRIME-E, indicat-
ing that our proposed interest-aware item clustering module
effectively captures users’ multi-faceted preferences and en-
riches the semantic evidence for better profiling. (2) By com-
paring the performance of PRIME and PRIME-E, it shows
that PRIME-E performs worse as it fails to provide the sup-
plementary items retrieved from the user’s broader interaction
history. This effect is particularly evident on the Toys dataset,
indicating that merely utilizing local interactions cannot ef-
fectively support reliable semantic evidence. (3) PRIME
achieves much better performance than PRIME-V, highlight-
ing the importance of visual signals in modeling user prefer-
ences and global item attributes. Notably, the performance
drop is largest on the Clothing dataset, demonstrating that
the multi-modal profiling effectively utilizes diverse multi-
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Figure 6: Effect of the loss balance coefficient γ.

modal information for tackling CH1. (4) The performance
of PRIME-S is inferior to that of PRIME, showing that a
unified user representation fails to disentangle users’ multi-
faceted interests. (5) PRIME outperforms PRIME-M, indi-
cating that preference-grounded reasoning effectively guide
the final recommendation and is critical for solving CH2.

4.4 Hyperparameter Study (RQ3).
We further explore how some key hyper-parameters affect the
performance of PRIME on the Sports and Clothing datasets.
Specifically, we vary the number of interest clusters K in
the range of {1, 2, 4, 6, 8} and report the results of RMSE
and GPTScore in Figure 4. We can observe that when K
is smaller (e.g., K = 1), the single user profile is less effec-
tive for disentangling multi-faceted preferences. Meanwhile,
when K is larger (e.g., K = 8), the over-segmentation leads
to sparse clusters, resulting in deteriorated results. There-
fore we set K = 4 empirically. Moreover, we conduct ex-
periments on varying the number of retrieved supplementary
items z in the range of {0, 3, 5, 7, 10} and report the results
in Figure 5. We can conclude that the model obtains better
performance when z is moderate. When z is smaller (e.g.,
z = 0), the lack of supplementary information results in
insufficient semantic evidence. However, when z increases
(e.g., z = 10), the excessive low-affinity items introduce
noise, compromising the overall accuracy. Therefore we set
z = 5 empirically. As illustrated in Figure 6, we vary the loss
balance coefficient γ in the range of {0.1, 0.5, 1.0, 2.0, 5.0}.
We observe that when γ is smaller, the weak regression con-
straint leads to inaccurate rating predictions. Conversely,
when γ is larger (e.g., γ = 5.0), the excessive focus on MSE
negatively impacts the LLM’s ability to generate faithful rea-
sons. Therefore we set γ = 1.0 empirically for PRIME.

5 Conclusion
In this paper, we propose Joint Multi-Modal Multi-Interest
Profiling and Preference-Grounded Reasoning (PRIME) to
address the Multi-Modal Multi-Interest Explainable Recom-
mendation (MMER) problem. Specifically, we organize
items into interest-aware clusters, incorporating broader in-
teraction history, and construct multi-modal multi-interest
user and item profiles by utilizing textual and visual infor-
mation. Then, we introduce a preference-grounded reasoning
module that grounds the prediction on the most relevant user
interest to generate both explanations and rating predictions.
Finally, extensive experiments on three datasets demonstrate
the superior performance of our proposed model.
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