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Learning Semantic Co-occurrence and Personalized Focused
Representations for Multimodal Sequential Recommendation

Anonymous Author(s)
Abstract
Multimodal sequential recommendation (MSR) leverages textual
and visual content of items to capture the evolution of user inter-
ests over time. Prior efforts have largely concentrated on multi-
modal fusion strategies or downstream sequential modeling, while
the question of how to obtain item representations genuinely
aligned with the recommendation objective has received far less
attention. Off-the-shelf encoders pretrained on generic corpora
produce representations that emphasize broad semantic similar-
ity rather than the specific cues that drive user choice in a rec-
ommendation scenario. In this work, we propose ScopeRec, a
Semantic co-occurrence and personalized focus framework for
multimodal sequential Recommendation, which reshapes multi-
modal representations from two complementary views. From the
item view, items co-interacted within a behavior sequence carry
rich sequence-level semantic associations, which we term seman-
tic co-occurrence. ScopeRec mines such multi-level co-occurrence
patterns directly from historical sequences and injects them back
into the item representations, yielding embeddings that better re-
flect users’ historical semantic preferences. From the user view,
user attention typically concentrates on a few keywords in text or
salient regions in images, which we term semantic focus. To exploit
this property, ScopeRec employs a hierarchical mixture-of-experts
(MoE) architecture in which different experts independently cap-
ture fine-grained interest from distinct semantic perspectives. A
specialized fusion module then adaptively combines representa-
tions across modalities and semantic levels in a personalized man-
ner. Experiments on three public MSR benchmarks show that Scop-
eRec consistently surpasses state-of-the-art baselines, with relative
gains of 13.8% to 28.7% on NDCG and Hit Ratio.
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1 Introduction
Sequential recommendation (SR) has emerged as a core paradigm
in modern recommender systems, where the goal is to predict the
next item a user will interact with by modeling the chronological
order of past behaviors [3, 28, 32]. Conventional SR methods are
built upon item ID embeddings and have achieved promising re-
sults in capturing dynamic user preferences. However, ID-based
representations are agnostic to the actual content of items and
therefore fail to exploit the rich textual descriptions and visual
cues that often serve as the most direct signals of user interest.
This observation has motivated the rise of multimodal sequential
recommendation (MSR) [16, 17], where textual and visual features
are incorporated to enrich item representations and improve rec-
ommendation quality [4, 9, 11, 37].

A large body of MSR research has investigated how to better
utilize multimodal information [10, 15, 21]. MM-Rec [29] adopts a
pretrained VL-BERT as a unified multimodal encoder in a single-
tower architecture. UniSRec [9] extracts textual features with pre-
trained language models and applies an MoE module to enable
cross-domain transfer. MISSRec [27] discovers latent interest clus-
ters and fuses modalities with learnable coefficients. More re-
cently, HM4SR [37] explicitly models temporal dynamics and in-
corporates auxiliary supervisory signals during multimodal fusion.
While these efforts have advanced the state of the art, they predom-
inantly focus on the fusion or adaptation of multimodal features,
leaving an important question largely unanswered: how should
item representations be learned so that they are intrinsically aligned
with the recommendation task?

Most existing approaches treat the output of a pretrained en-
coder as a fixed feature and feed it into the sequential model. Such
representations, however, are optimized for generic semantic sim-
ilarity rather than for distinguishing items that are likely to be co-
interacted by a user. As a result, two issues arise. First, the repre-
sentations capture broad semantic categories but fail to reflect the
user-specific structures that emerge from interaction sequences,
which limits their utility for interest evolution and long-tail rec-
ommendation. Second, the representations are aggregate in nature
and treat all semantic components equally, so the cues that actu-
ally drive user choice are diluted by irrelevant or redundant con-
tent. Effective MSR representations should therefore jointly cap-
ture (i) the item-level relational structures revealed by sequential
co-consumption, and (ii) the user-level focus patterns that concen-
trate on a small set of decisive semantic components.
Item view: semantic co-occurrence. Within a user behavior se-
quence, interacted items tend to be semantically related to their
temporal neighbors [38, 39]. As illustrated in Figure 1, the word
pipe recurs across consecutive items in the Scientific sequence, and
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Figure 1: Two samples of user behavior sequences. The left shows a user sequence from the Scientific dataset; the right cor-
responds to the Office dataset. Words highlighted in red indicate semantic co-occurrence at the sequence level, while items
share visual patterns that reflect localized user focus.

items with similar functional descriptions or visual appearance are
clustered along the timeline. We refer to such sequence-level as-
sociations as semantic co-occurrence. Compared with ID-based
co-occurrence used in classical collaborative filtering, semantic
co-occurrence is intrinsically more transferable, since it abstracts
away from specific item identifiers and captures interest patterns
at the semantic level. Despite its potential, semantic co-occurrence
has not been systematically modeled in existing MSR pipelines.
User view: semantic focus. A user’s preference toward an item
is rarely uniformly distributed over its content. Rather, it concen-
trates on a few keywords in text or localized regions in images,
which we collectively term semantic focus. As shown in Figure 1,
terms such as tape, adhesive, and inch dominate the textual modal-
ity, while the visual modality is anchored by recurring tape-like ob-
jects. Most existing MSR methods [9, 34] encode multimodal con-
tent in an aggregated form and do not differentiate between infor-
mative and noisy components. The resulting coarse-grained repre-
sentation introduces noise, blursmodality-level and semantic-level
preferences, and fails to characterize how a user’s interest unfolds
across different stages of behavior.

To address these issues, we propose ScopeRec, a unified MSR
framework that learns multimodal representations aligned with
the recommendation scenario along both views. From the item
view, ScopeRec organizes multimodal content chronologically and
applies an attention-based relation extraction module to capture
sequence-level semantic co-occurrence, which is then injected
back into the original representations. Instead of relying on the
final encoder layer alone, ScopeRec collects hidden states from
multiple intermediate layers, since different layers encode com-
plementary semantic levels [19, 23]. From the user view, Scop-
eRec introduces a hierarchical MoE module in which multiple ex-
perts independently attend to different semantic regions of inter-
est, suppressing irrelevant components. A second, modality- and
level-specific MoE further fuses these representations through a
gating mechanism that adapts to each user’s preference distribu-
tion. Together, these designs produce expressive, hierarchical, and
user-centered representations for MSR.

We summarize the main contributions as follows.
• We highlight the under-explored problem of learning multi-

modal representations that are intrinsically aligned with the
recommendation task, and propose ScopeRec, a unified MSR

framework built upon the complementary views of semantic co-
occurrence and semantic focus.

• We are, to the best of our knowledge, the first to systematically
study sequence-level semantic co-occurrence in MSR. ScopeRec
captures such co-occurrence by reorganizing multimodal con-
tent along the interaction order and applying an attention-based
relation extraction module under a causal mask.

• To characterize fine-grained interest, we propose a hierarchical
MoE mechanism that adaptively focuses on the semantic com-
ponents most relevant to user preferences at multiple seman-
tic levels, effectively suppressing noise and producing more dis-
criminative representations.

• Extensive experiments on three public benchmarks show that
ScopeRec consistently outperforms state-of-the-art baselines on
NDCG and Hit Ratio. Detailed analyses provide additional in-
sight into how multimodal information can be more effectively
exploited in recommendation.

2 Related Work
2.1 Sequential Recommendation
SR [3, 28] aims at modeling users’ historical interaction sequences
in order to predict their next item of interest. Early studies focused
on developing effective sequence encoders. GRU4Rec [8, 25] pio-
neered the use of gated recurrent units, and NextItNet [35] intro-
duced a convolutional architecture to capture sequential dependen-
cies. With the rise of attention, SASRec [12] and BERT4Rec [24]
pushed the field forward by leveraging unidirectional and bidirec-
tional Transformer structures, respectively. Subsequent work in-
corporated auxiliary context to further enrich behavioral model-
ing. HyperRec [26] partitions user-item interactions into tempo-
ral hypergraphs and combines hypergraph convolution with self-
attention to model multi-order correlations and short-term intents
simultaneously. AutoMLP [13] integrates IDs with category infor-
mation via an adaptive search mechanism to balance short-term
and long-term preferences. NOVA [15] fuses side information non-
invasively to avoid disrupting the ID embedding space. A common
limitation across these approaches is that they remain ID-centric
and overlook the rich multimodal content of items, which typically
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provides more direct and interpretable signals of user interest, es-
pecially under cold-start or long-tail scenarios where ID statistics
are unreliable.

2.2 Multimodal Sequential Recommendation
The rapid progress of pretrained foundation models [1, 2, 7, 18, 22]
has enabled MSR to incorporate semantic features from text and
images [30, 33]. CSAN [11] aggregates multimodal features and
projects them into joint embeddings for improved item represen-
tation.MM-Rec [29] employs pretrained VL-BERT as a unifiedmul-
timodal encoder in a single-tower SR architecture. UniSRec [9]
adopts MoE for cross-domain semantic transfer between textual
and ID embeddings. MISSRec [27] clusters user interests and fuses
modalities through learnable coefficients. IISAN [4] introduces a
decoupled parameter-efficient fine-tuning architecture for modal-
ity encoders, and IISAN-VS [5] extends it to asymmetric settings.
TeDRec [34] performs sequence-level fusion of ID and text em-
beddings in the frequency domain via the Fast Fourier Transform,
while PMMRec [14] relies on contrastive denoising to improve
transferability. HM4SR [37] models temporal dynamics with auxil-
iary supervisory tasks. CAMMSR [31] utilizes additional classifica-
tion tasks to assist the high-quality dynamic assignment of modal
weights. From a methodological perspective, these works can be
grouped into three streams: (i) replacing or augmenting ID embed-
dings with multimodal features, (ii) designing efficient adaptation
strategies for large modality encoders, and (iii) introducing auxil-
iary objectives or fusion operators on top of frozen modality fea-
tures.

Despite the progress along these three streams, prior work has
paid limited attention to how multimodal representations them-
selves should be shaped to fit the recommendation task. Two issues
remain. First, the sequence-level semantic associations among co-
interacted items are largely ignored, even though they encode sta-
ble and transferable interest structures. Second, the fine-grained
focus that drives user choice within each item is treated implicitly,
leaving room for noise and dilution. ScopeRec is designed to ad-
dress both gaps in a unified manner: it explicitly couples represen-
tation learning with the chronological structure of user behaviors,
and it exposes the components of an item that actually drive user
interest through a hierarchical mixture-of-experts. We view this as
a step toward recommendation-aware representation learning that
complements existing fusion- and adaptation-centric approaches.

2.3 Mixture-of-Experts for Recommendation
Mixture-of-experts has become a versatile building block in rec-
ommender systems. UniSRec [9] applies MoE to bridge textual fea-
tures across domains, while MISSRec [27] uses cluster-style ex-
perts to capture distinct interest groups. HM4SR [37] adopts time-
aware MoE to model temporal dynamics. ScopeRec departs from
these designs in two ways. First, the modality-level MoE operates
on representations enhanced by sequence-level co-occurrence, so
that each expert can disentangle a particular kind of user-relevant

focus instead of a generic semantic cluster. Second, the hierarchi-
cal fusion MoE is input-independent: each expert receives a dis-
tinct, modality- and level-specific input rather than the same vec-
tor, which prevents the experts from collapsing onto a shared sig-
nal.

3 Methodology
We propose ScopeRec, an MSR framework that explicitly mines
semantic co-occurrence among items in a user’s behavior se-
quence and enhances modality-aware semantic focus representa-
tions. ScopeRec models user interests purely from the textual and
visual content of historical interactions, without resorting to user
identity features. This design follows the natural evolution of user
preferences and yields strong empirical performance, as detailed
in Section 4. As shown in Figure 2, ScopeRec consists of four mod-
ules. The semantic co-occurrence mining module employs a unidi-
rectional attention mechanism to capture cross-item associations
and injects them into the initial multimodal representations. The
semantic focus awareness module adopts a hierarchical MoE archi-
tecture to perform fine-grained semantic focusing at multiple se-
mantic levels. The hierarchical representation fusion module adap-
tively assigns importance to representations across modalities and
semantic levels through a gating mechanism. Finally, the next-item
predictionmodule applies a standard SR backbone to the fused item
representations.

3.1 Problem Formulation
We follow the standard setup of MSR. Let 𝒰 denote the user set
and 𝒱 the item set. Each item 𝑣 ∈ 𝒱 is associated with a textual
description txt𝑣 and an image img𝑣. For a user 𝑢 ∈ 𝒰, the chrono-
logical interaction history is given by 𝑆𝑢 = (𝑣1, 𝑣2, … , 𝑣𝑛), with
𝑣𝑡 ∈ 𝒱 being the item interacted with at the 𝑡-th step. The task is
to predict the next item 𝑣𝑛+1 that the user is most likely to inter-
act with, given the historical sequence and the multimodal content
of items. Unlike ID-based SR, no user or item identifier is used by
ScopeRec; the prediction relies entirely on the multimodal content
of items and the temporal order in which they appear.

3.2 Semantic Co-occurrence Mining
The textual and visual content of items conveys semantics that are
more directly indicative of user preferences than ID embeddings.
To capture such semantics at multiple granularities, we encode
each modality with a pretrained encoder and retain both interme-
diate hidden states and the final hidden state. Prior studies [19, 23]
show that different layers of a pretrained model encode informa-
tion at different levels of abstraction, ranging from shallow pat-
terns to deep semantics. Therefore, layer-wise hidden states pro-
vide complementary cues that benefit user interest modeling.

Formally, recall that 𝒰 denotes the user set and 𝒱 the item set.
For each item 𝑣𝑖 ∈ 𝒱, we feed its textual and visual content into a
text encoder 𝐸𝑛𝑐𝑇 and an image encoder 𝐸𝑛𝑐𝐼 :

{ℎ𝑖(1)
𝑇 , ℎ𝑖(2)

𝑇 , … , ℎ𝑖(𝑙)
𝑇 } = 𝐸𝑛𝑐𝑇 (txt𝑖), (1)

{ℎ𝑖(1)
𝐼 , ℎ𝑖(2)

𝐼 , … , ℎ𝑖(𝑙)
𝐼 } = 𝐸𝑛𝑐𝐼(img𝑖), (2)

where ℎ𝑖(𝑙)
𝑇 ∈ ℝ𝑑𝑡𝑥𝑡 and ℎ𝑖(𝑙)

𝐼 ∈ ℝ𝑑𝑖𝑚𝑔 are the hidden states of the
𝑙-th layer for item 𝑣𝑖. The choice of 𝑙 depends on the depth of the
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Figure 2: The overall framework of ScopeRec. The pipeline contains four modules: semantic co-occurrence mining, semantic
focus awareness, hierarchical representation fusion, and next-item prediction.

backbone encoder and our layer selection strategy. We aggregate
three representative layers: a shallow layer encoding basic seman-
tic patterns, a deep layer encoding abstract semantics, and the final
layer summarizing the overall item characteristics.

Capturing semantic co-occurrence. Items consumed by the
same user in a short time window tend to be semantically related,
which is well documented in prior empirical studies of recommen-
dation logs. We refer to such sequence-level semantic associations
as semantic co-occurrence. Existing MSR methods rarely model this
property explicitly, leaving the persistent component of user in-
terest underutilized. We propose to leverage the temporal order of
user behavior to expose such associations.

The intuition is best understood by contrast with ID-based co-
occurrence. Classical collaborative filtering counts how often two
item IDs appear together in user histories and turns those counts
into a similarity signal. Such counts are item-specific and become
unreliable as soon as the catalog grows or items are introduced.
Semantic co-occurrence, instead, operates on the multimodal rep-
resentation of items, so a co-occurrence pattern observed between
two specific items generalizes to any other pair of items with sim-
ilar text or images. This abstraction is the reason that, as we will
show, ScopeRec transfers more gracefully to data-sparse settings
than ID-centric baselines.

For a user 𝑢 ∈ 𝒰, let the interaction sequence be denoted as
𝑆𝑢 = {𝑣1, 𝑣2, … , 𝑣𝑛}. Based on 𝑆𝑢, we organize layer-wise modal-
ity representations into temporally ordered sequences as follows:

𝐻(𝑙)
𝑡𝑥𝑡 = {ℎ1(𝑙)

𝑇 , ℎ2(𝑙)
𝑇 , … , ℎ𝑛(𝑙)

𝑇 }, 𝐻(𝑙)
𝑖𝑚𝑔 = {ℎ1(𝑙)

𝐼 , ℎ2(𝑙)
𝐼 , … , ℎ𝑛(𝑙)

𝐼 }.
(3)

We then apply a multi-head self-attention module to mine cross-
item dependencies along the sequence. Since future behaviors are
unknown at prediction time, we use a causal (lower-triangular) at-
tention mask 𝑀𝑎𝑠𝑘 to prevent information leakage. As illustrated
in Figure 2, the white region of the mask blocks attention to future
positions, while the blue region allows access to past items only.

We denote the semantic co-occurrence representations as
𝐶(𝑙) = {𝑐1(𝑙), … , 𝑐𝑛(𝑙)}.They are produced by a Transformer block
that operates on the modality sequence:

𝑍(𝑙) = LN(𝐻(𝑙) + Attn(𝐻(𝑙), 𝑀𝑎𝑠𝑘)),
𝐶(𝑙) = LN(𝑍(𝑙) + FFN(𝑍(𝑙))),

(4)

where Attn denotes the maskedmulti-head self-attention layer, LN
denotes layer normalization, and FFN denotes a position-wise feed-
forward network. Here 𝐻(𝑙) is a generic notation that covers both
𝐻(𝑙)

𝑡𝑥𝑡 and 𝐻(𝑙)
𝑖𝑚𝑔.

We then inject the co-occurrence representations back into the
originalmodality representationswith a tunablemixing coefficient
𝜆:

𝐹 (𝑙) = 𝐶(𝑙) ⋅ 𝜆 + 𝐻(𝑙). (5)
The mixture preserves the intrinsic semantics of items while en-
hancing their associations with the historical context, producing
richer and more sequence-aware item embeddings.

3.3 Semantic Focus Awareness
Item representations enhanced by semantic co-occurrence still en-
code a wide range of content, much of which is irrelevant to user
choice. To extract the components that align with user interest, we
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introduce a semantic focus awareness module built on MoE. Each
expert in this module acts as an interest expert that attends to a dis-
tinct semantic region, while a gating network dynamically weighs
the experts according to the input representation. This design se-
lectively preserves informative components and suppresses noise.

A further consideration is that hidden states at different layers
carry different semantic granularities. Relying solely on the final
layer, asmost existingmethods do, can introduce semantic bias and
limit the model’s expressiveness. We therefore deploy dedicated
MoE modules for each modality and each retained semantic layer.

Concretely, the multi-level representations 𝐹 (𝑙) enhanced by se-
mantic co-occurrence are routed through the corresponding MoE:

𝑥(𝑙) =
𝑁

∑
𝑛=1

𝑔𝑛(𝐹 (𝑙)) ⋅ 𝐸𝑛(𝐹 (𝑙)), (6)

where 𝑥(𝑙) is the focus-aware representation, 𝐸𝑛(⋅) is the 𝑛-th in-
terest expert, and 𝑔𝑛(⋅) is the gating weight assigned to that expert.
The gating network produces a softmax-normalized distribution
over experts:

g(𝐹 (𝑙)) = Softmax(𝑊 𝑚𝑔𝐹 (𝑙) + 𝑏𝑚𝑔), g = [𝑔1, 𝑔2, … , 𝑔𝑁 ]⊤,
(7)

with learnable parameters 𝑊 𝑚𝑔 ∈ ℝ𝑁×𝑑 and 𝑏𝑚𝑔 ∈ ℝ𝑁 . Each
expert is implemented as a feed-forward layer with a nonlinearity
𝜙(⋅) (e.g., ReLU or GELU):

𝐸𝑛(𝐹 (𝑙)) = 𝜙(𝑊 𝑚𝑒𝑥𝑝
𝑛 𝐹 (𝑙) + 𝑏𝑚𝑒𝑥𝑝

𝑛 ), (8)

where 𝑊 𝑚𝑒𝑥𝑝
𝑛 ∈ ℝ𝑑′×𝑑 and 𝑏𝑚𝑒𝑥𝑝

𝑛 ∈ ℝ𝑑′ are expert parameters;
𝑑 is the backbone hidden size and 𝑑′ is the embedding size of the
downstream recommender.

3.4 Hierarchical Representation Fusion
After semantic focus awareness, ScopeRec produces a set of hier-
archical representations, one per modality and per semantic level.
To translate this set into a single user-centered embedding, we pro-
pose an input-independent MoE fusion module. Unlike a conven-
tional MoE in which all experts share the same input, our fusion
experts receive distinct, modality- and level-specific inputs. This
isolates the learning of each semantic source and reduces cross-
source interference.

A shared gating network determines how much each source
contributes. The gate operates on a concatenation 𝑥concat of all
sources to leverage their joint context, and its output is a per-
expert weight vector. This allows the model to flexibly emphasize
modalities and semantic levels that are most informative for the
current user.

The fusion is formulated as:

𝑚 =
𝐿

∑
𝑙=1

𝑔′
𝑙(𝑥concat) ⋅ 𝐸𝑙(𝑥(𝑙)), (9)

g′(𝑥concat) = Softmax(𝑊 𝑓𝑔𝑥concat + 𝑏𝑓𝑔), (10)

𝐸𝑙(𝑥(𝑙)) = 𝜙(𝑊 𝑓𝑒𝑥𝑝
𝑙 𝑥(𝑙) + 𝑏𝑓𝑒𝑥𝑝

𝑙 ), (11)

where g′ = [𝑔′
1, 𝑔′

2, … , 𝑔′
𝐿]⊤, 𝑊 𝑓𝑒𝑥𝑝

𝑙 ∈ ℝ𝑑′×𝑑′ and 𝑏𝑓𝑒𝑥𝑝
𝑙 ∈ ℝ𝑑′ are

expert parameters, 𝐿 is the total number of semantic sources from
both modalities, and 𝑊 𝑓𝑔 ∈ ℝ𝐿×𝐷 and 𝑏𝑓𝑔 ∈ ℝ𝐿 parameterize the

gate. Here, 𝐷 = 𝐿𝑑′. The vector 𝑚 serves as the final multimodal
item representation.

3.5 Next-Item Prediction
We adopt conventional SRmodels as the prediction module, replac-
ing the original ID embedding sequence with the multimodal be-
havior representations enhanced by semantic collaborative signals.
Specifically, given the multimodal embedding sequence of user 𝑢’s
interaction history E𝑢 = [e1, e2, … , e𝑛], the SR model encodes the
sequence to obtain the user behavior representation at each posi-
tion 𝑡, denoted as ĥ𝑢,𝑡. The preference score for a candidate item 𝑣
at position 𝑡 is computed via inner product:

𝑠𝑢,𝑡,𝑣 = ĥ⊤
𝑢,𝑡e𝑣 (12)

During training, we adopt in-batch negative sampling, where
items appearing in the current mini-batch serve as negative can-
didates. To mitigate popularity bias, we apply a logit-adjusted cor-
rection by subtracting the log-popularity of each candidate item
from its raw score. Additionally, items that have already appeared
in the user’s historical interaction sequence are masked out from
the negative candidate set to avoid false negatives. The adjusted
preference score is defined as:

𝐶𝑢,𝑡,𝑣 = 𝑠𝑢,𝑡,𝑣 − log 𝑝𝑣 (13)

where 𝑝𝑣 denotes the empirical popularity (sampling probability)
of item 𝑣 in the training corpus.

For each prediction position 𝑡, the model treats the target item
𝑣∗

𝑢,𝑡 (i.e., the (𝑡+1)-th item in the interaction sequence) as the pos-
itive sample, and the remaining in-batch items excluding user 𝑢’s
historical items as negatives. The training objective is formulated
as a multi-class cross-entropy loss:

ℒCE = − ∑
𝑢∈𝒰

𝑛
∑
𝑡=1

𝟙[𝑚𝑢,𝑡 = 1] log𝑃(𝑣∗
𝑢,𝑡 ∣ 𝑢, 𝑡) (14)

𝑃(𝑣∗
𝑢,𝑡 ∣ 𝑢, 𝑡) =

exp (𝐶𝑢,𝑡,𝑣∗
𝑢,𝑡

)
exp (𝐶𝑢,𝑡,𝑣∗

𝑢,𝑡
) + ∑𝑗∈ℬ∖ℐ𝑢

exp (𝐶𝑢,𝑡,𝑗)
(15)

where 𝑃(𝑣∗
𝑢,𝑡 ∣ 𝑢, 𝑡) is the predicted probability of the ground-

truth item 𝑣∗
𝑢,𝑡 over the in-batch candidate set, ℬ denotes the item

set present in the current training batch, ℐ𝑢 denotes the set of
all items interacted with by user 𝑢 (used to exclude false nega-
tives from the negative candidate pool), and 𝑚𝑢,𝑡 ∈ {0, 1} is the
padding mask that excludes padded positions from the loss com-
putation.

3.6 Testing Time Inference
During the testing phase, the inference procedure is decomposed
into two stages: item embedding precomputation and user prefer-
ence scoring.

Item Embedding Precomputation. To avoid redundant com-
putation at query time, we precompute a static embedding for each
item in the catalog offline. Specifically, for each item 𝑣𝑖 ∈ 𝒱, its
textual and visual content are first processed by the multimodal
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encoder 𝐸𝑛𝑐𝑇 and 𝐸𝑛𝑐𝐼 , respectively, extracting layer-wise hid-
den states.These hidden states are then passed through the Seman-
tic Co-occurrence module, which applies masked multi-head self-
attention over all interaction sequences in which 𝑣𝑖 participates,
enriching the item representation with sequence-level semantic as-
sociation signals. The resulting contextualized representations are
subsequently fused by the hierarchical representation fusion mod-
ule to yield a unified embedding e𝑣𝑖

∈ ℝ𝑑′ . Since a given item 𝑣𝑖
may appear in multiple users’ interaction sequences, its semantic
co-occurrence representation varies across different sequence con-
texts, as the masked self-attention module captures distinct neigh-
borhood associations depending on the surrounding items. Rather
than discarding this contextual diversity, we aggregate all context-
specific embeddings via averaging, which effectively summarizes
the item’s semantic associations across the full spectrum of ob-
served co-occurrence patterns. This yields a more comprehensive
and robust item embedding that reflects not only the item’s intrin-
sic multimodal content but also its generalizable relational seman-
tics across the user population:

e𝑣𝑖
= 1

|𝒮𝑣𝑖
| ∑

𝑘∈𝒮𝑣𝑖

e(𝑘)
𝑣𝑖 , (16)

where 𝒮𝑣𝑖
denotes the set of sequence contexts in which item 𝑣𝑖

appears, and e(𝑘)
𝑣𝑖 is the embedding produced from the 𝑘-th such

context. All precomputed embeddings are stored in an item em-
bedding table E ∈ ℝ|𝒱|×𝑑′ for inference-time retrieval.

User Preference Scoring. At query time, given a target user 𝑢
with interaction history ℐ𝑢 = {𝑣1, 𝑣2, … , 𝑣𝑛}, we retrieve the pre-
computed embeddings of the historical items and feed them as an
embedding sequence into the sequential recommendation model
(e.g., SASRec). The user behavior representation is extracted from
the final sequence position:

ĥ𝑢 = UserEncoder(e𝑣1
, e𝑣2

, … , e𝑣𝑛
)[−1], (17)

where [⋅]−1 denotes taking the output at the last position of the
encoder. The preference score for each candidate item 𝑣𝑗 ∈ 𝒱 ∖ ℐ𝑢
is then computed as the inner product between the user represen-
tation and the precomputed item embedding:

̂𝑦𝑢,𝑣𝑗
= ĥ⊤

𝑢e𝑣𝑗
. (18)

Items belonging to the user’s historical interaction set ℐ𝑢 are ex-
cluded from ranking by setting their scores to −∞. Note that the
popularity-based logit adjustment applied during training is not
used at inference time, as it serves solely as a debiasing mecha-
nism to correct for sampling bias in the in-batch negative sampling
objective. The top-𝐾 items with the highest preference scores are
returned as the final recommendation list:

ℛ̂𝑢 = arg top-𝐾
𝑣𝑗∈𝒱∖ℐ𝑢

̂𝑦𝑢,𝑣𝑗
, (19)

where ℛ̂𝑢 denotes the final top-𝐾 recommendation list for user
𝑢, 𝒱 is the full item catalog, ℐ𝑢 is the set of items previously in-
teracted with by user 𝑢, ̂𝑦𝑢,𝑣𝑗

is the predicted preference score of
user 𝑢 for candidate item 𝑣𝑗, and 𝐾 is the predefined size of the
recommendation list.

Algorithm 1 Training procedure of ScopeRec.
Require: User set 𝒰, item set 𝒱 with text txt𝑣 and image

img𝑣; user interaction histories {𝑆𝑢}𝑢∈𝒰; frozen encoders
𝐸𝑛𝑐𝑇 , 𝐸𝑛𝑐𝐼 ; selected layer indices ℒ; co-occurrence coeffi-
cient 𝜆; number of experts 𝑁 ; learning rate 𝜂; number of
epochs 𝑇 .

Ensure: Trained parameters Θ of the co-occurrence module,
modality MoEs, fusion MoE, and SR backbone.
// Offline multimodal feature extraction

1: for each item 𝑣𝑖 ∈ 𝒱 do
2: {ℎ𝑖(𝑙)

𝑇 }𝑙∈ℒ ← 𝐸𝑛𝑐𝑇 (txt𝑣𝑖
)

3: {ℎ𝑖(𝑙)
𝐼 }𝑙∈ℒ ← 𝐸𝑛𝑐𝐼(img𝑣𝑖

)
4: end for

// Online training
5: Initialize Θ randomly
6: for epoch = 1, 2, … , 𝑇 do
7: for each mini-batch ℬ ⊆ 𝒰 of user sequences do
8: for each user 𝑢 ∈ ℬ with 𝑆𝑢 = (𝑣1, … , 𝑣𝑛) do
9: for each layer 𝑙 ∈ ℒ and modality ⋆ ∈ {𝑇 , 𝐼} do

10: Build 𝐻(𝑙)
⋆ ← {ℎ1(𝑙)

⋆ , … , ℎ𝑛(𝑙)
⋆ } ▷ Eq. (3)

11: 𝐶(𝑙)
⋆ ← Transformer(𝐻(𝑙)

⋆ , 𝑀𝑎𝑠𝑘) ▷ Eq. (4)
12: 𝐹 (𝑙)

⋆ ← 𝜆 ⋅ 𝐶(𝑙)
⋆ + 𝐻(𝑙)

⋆ ▷ Eq. (5)
13: 𝑥(𝑙)

⋆ ← ∑𝑁
𝑛=1 𝑔𝑛(𝐹 (𝑙)

⋆ ) ⋅ 𝐸𝑛(𝐹 (𝑙)
⋆ ) ▷ Eq. (6)

14: end for
15: Fuse hierarchical sources: 𝑚 ← ∑𝑙 𝑔′

𝑙(𝑥concat) ⋅
𝐸𝑙(𝑥(𝑙)) ▷ Eq. (9)

16: Form embedding sequence E𝑢 = [e1, … , e𝑛] from
{𝑚}

17: ĥ𝑢,𝑡 ← SRBackbone(E𝑢) for each position 𝑡
18: end for
19: Compute popularity-adjusted scores 𝐶𝑢,𝑡,𝑣 ▷ Eq. (13)
20: Compute cross-entropy loss ℒCE ▷ Eq. (14)–(15)
21: Θ ← Θ − 𝜂∇ΘℒCE
22: end for
23: end for
24: return Θ

3.7 Overall Training Procedure
We summarize the complete training procedure of ScopeRec in
Algorithm 1. The pipeline can be conceptually divided into two
phases. The offline encoding phase (lines 1–4) extracts layer-wise
multimodal hidden states from the frozen text and image encoders
for every item in the catalog. Because the encoders are frozen, this
phase is executed only once and the resulting features are cached
for all subsequent epochs. The online learning phase (lines 5–24)
trains the proposed semantic co-occurrence mining, semantic fo-
cus awareness, and hierarchical fusion modules together with the
downstream sequential recommender on top of the cached fea-
tures. For each mini-batch of user sequences, ScopeRec first ar-
ranges the cached layer-wise representations into temporally or-
dered tensors, then applies a causally masked Transformer block
to mine sequence-level co-occurrence (lines 10–12), routes the en-
hanced representations through modality- and level-specific MoE
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Table 1: Statistics of the three benchmark datasets.

Dataset Users Items Interactions

Scientific 12,076 20,314 81,711
Instrument 10,000 19,246 75,022
Office 10,000 22,785 71,276

experts to perform semantic focus awareness (line 13), fuses the re-
sulting hierarchical representations via the input-independent fu-
sion MoE (line 15), and finally feeds the fused multimodal embed-
ding sequence to the SR backbone for next-item prediction (lines
16–17). The training objective is the popularity-debiased cross-
entropy loss defined in Eq. (14)–(15). Since gradients do not flow
through the frozen encoders, the per-iteration cost is dominated by
the lightweight upper modules, which is the key reason ScopeRec
attains both strong accuracy and competitive efficiency, as we will
quantify in Section 4.5.

4 Experiments
In this section, we report empirical results that answer the follow-
ing research questions:
• RQ1: Does ScopeRec outperform state-of-the-art SR and MSR

baselines on standard benchmarks?
• RQ2: How does each proposed component contribute to the fi-

nal performance?
• RQ3: How sensitive is ScopeRec to the co-occurrence injection

coefficient 𝜆?
• RQ4: How efficient is ScopeRec in terms of training time and

memory consumption?
• RQ5: What do the learned representations look like, and do they

reflect the intended notions of semantic co-occurrence and se-
mantic focus?

4.1 Experimental Setup
4.1.1 Datasets. We follow prior work [4, 6, 36] and use three cat-
egories from the Amazon review corpus [20]: Industrial and Sci-
entific, Musical Instruments, and Office Products. These categories
provide both textual descriptions and product images required for
the MSR task. We deduplicate interactions and sort items chrono-
logically per user. Dataset statistics are reported in Table 1.

4.1.2 Baselines. We compare against representative ID-based SR
models (GRU4Rec [8, 25] and SASRec [12]) and a comprehensive
set of state-of-the-art MSR models, including NOVA [15], UniS-
Rec [9], MISSRec [27], IISAN [4], TeDRec [34], IISAN-VS [5], PMM-
Rec [14], and HM4SR [37].

4.1.3 Evaluation Metrics. We adopt two standard top-𝐾 ranking
metrics: Hit Ratio (HR@𝐾) and Normalized Discounted Cumula-
tive Gain (NDCG@𝐾), with 𝐾 ∈ {5, 10}.

4.1.4 Implementation Details. We adopt the text and vision
branches of CLIP [22] (specifically, the clip-vit-large-patch14
checkpoint) as the modality encoders. The hidden size shared
by all MoE modules and the SR backbone is selected from

{256, 512, 768, 1024, 2048}, with 1024 yielding the best valida-
tion performance. The number of experts per modality MoE is
searched within {2, 3, 4} and fixed at 3. The learning rate is tuned
in [10−5, 10−3] for the modality MoEs, the fusion MoE, and the SR
backbone, with 10−5 shared across all components giving the best
results. Following standard MSR protocol, we set the batch size
to 72, the maximum sequence length to 10, the number of Trans-
former blocks in the backbone to 2, and the number of attention
heads to 4. We use Adam as the optimizer. All experiments are run
on a single NVIDIA A800 GPU.

4.2 Overall Performance (RQ1)
Table 2 reports the results on all three benchmarks. ScopeRec con-
sistently delivers the best score on every metric, improving over
the strongest baseline by 13.8% to 28.7%. We observe several pat-
terns worth highlighting.

ScopeRec offers stable gains across datasets. On Instru-
ment, the improvements over the second-best baseline are 15.0%
(NDCG@5), 13.8% (NDCG@10), 17.1% (HR@5), and 18.7%
(HR@10). This confirms that the proposed model captures user-
item dependencies well under complex multimodal settings. Com-
pared with parameter-efficient methods that also avoid ID fea-
tures (e.g., IISAN and IISAN-VS), ScopeRec yields gains exceeding
27.5%, indicating that semantic co-occurrence mining and seman-
tic focus enhancement are complementary to the recent trend of
parameter-efficient adaptation.

Larger gains arise when the modality space is rich. The
most significant relative gains are observed on the Office dataset,
with up to 28.7% improvement on HR@10 over PMMRec. The Of-
fice category contains a larger and more diverse item set, which
exposes more co-occurrence patterns and richer cross-item seman-
tics. ScopeRec is able to leverage this richness more effectively
than alternatives, suggesting that its representational design scales
gracefully with data diversity.

Gains hold under data sparsity. On the Scientific dataset,
which has the largest interaction-to-item ratio of the three, Scop-
eRec still improves over the second-best baseline by 14.4% to
21.1%. The consistent gain in this sparse regime indicates that the
model’s hierarchical representations and explicit co-occurrence
modeling alleviate the cold-start tendency of pure ID-based or
coarse multimodal models.

Multimodalmodels dominate ID-basedmodels.Across the
table, multimodal methods clearly outperform GRU4Rec and SAS-
Rec, reaffirming the value of multimodal content for capturing the
evolution of user preferences. ScopeRec further closes the gap by
directly addressing how multimodal representations are learned,
rather than only how they are fused.

4.3 Ablation Study (RQ2)
To examine the contribution of each module, we construct four
variants of ScopeRec. The base variant removes all proposed com-
ponents, replaces the modality MoE by a plain DNN layer, and re-
places the fusion MoE by a simple concatenation. The w_occ vari-
ant adds the semantic co-occurrence mining module on top of the
base. The w_foc variant adds only the semantic focus awareness
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Table 2: Overall performance comparison on the Instrument, Office, and Scientific datasets. Bold marks the best result and
underline marks the second best. “Improv.” is the relative gain of ScopeRec over the second-best baseline.

Dataset Metric GRU4Rec SASRec NOVA UniSRec MISSRec IISAN TeDRec IISAN-VS PMMRec HM4SR Ours Improv.

Instrument

NDCG@5 0.0398 0.0590 0.0612 0.0571 0.0645 0.0647 0.0586 0.0659 0.0741 0.0735 0.0852 15.0%
NDCG@10 0.0435 0.0627 0.0654 0.0629 0.0697 0.0701 0.0658 0.0717 0.0795 0.0803 0.0914 13.8%
HR@5 0.0475 0.0656 0.0698 0.0667 0.0762 0.0745 0.0680 0.0813 0.0886 0.0894 0.1047 17.1%
HR@10 0.0591 0.0771 0.0847 0.0782 0.0915 0.0906 0.0813 0.0952 0.1032 0.1044 0.1240 18.7%

Office

NDCG@5 0.0082 0.0432 0.0413 0.0382 0.0455 0.0467 0.0403 0.0476 0.0589 0.0581 0.0752 27.7%
NDCG@10 0.0092 0.0455 0.0429 0.0406 0.0483 0.0492 0.0432 0.0511 0.0677 0.0639 0.0833 23.0%
HR@5 0.0115 0.0502 0.0498 0.0491 0.0548 0.0581 0.0482 0.0645 0.0822 0.0786 0.0982 19.5%
HR@10 0.0144 0.0576 0.0565 0.0559 0.0613 0.0680 0.0542 0.0722 0.0958 0.0872 0.1233 28.7%

Scientific

NDCG@5 0.0135 0.0273 0.0302 0.0291 0.0337 0.0350 0.0328 0.0378 0.0455 0.0465 0.0563 21.1%
NDCG@10 0.0162 0.0316 0.0369 0.0348 0.0386 0.0414 0.0386 0.0441 0.0527 0.0509 0.0621 17.8%
HR@5 0.0185 0.0354 0.0499 0.0489 0.0518 0.0537 0.0505 0.0564 0.0631 0.0648 0.0750 15.7%
HR@10 0.0268 0.0487 0.0646 0.0627 0.0673 0.0683 0.0657 0.0729 0.0812 0.0793 0.0929 14.4%
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Figure 3: Ablation study on the Office dataset.
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Figure 4: Effect of the co-occurrence injection coefficient 𝜆
on the Office dataset.

MoE. The w_fusion variant adds only the hierarchical representa-
tion fusion MoE.

Figure 3 reports the results on Office. All three modules con-
tribute positively, with semantic co-occurrence mining and seman-
tic focus awareness yielding the largest gains. This pattern con-
firms our central claim: explicit modeling of sequence-level as-
sociations and fine-grained focus is essential for accurate MSR.

The hierarchical fusion module further provides consistent im-
provements, supporting the design of input-independent experts
that handle modality- and level-specific signals separately. The
full ScopeRec, which combines all three modules, is clearly the
strongest, indicating that the three components are complemen-
tary rather than redundant.

A closer look at the relative gains is revealing. Adding semantic
co-occurrence alone (w_occ) already lifts NDCG@10 by roughly
35% over the base, which shows that the lack of sequence-level
association is indeed a primary bottleneck in standard pipelines.
Semantic focus awareness (w_foc) brings a similar magnitude of
improvement, suggesting that the noise introduced by uniformly
aggregating multimodal content is comparably harmful. The two
effects are largely orthogonal, since stacking them in the full model
produces a further additional gain rather than a saturated curve.

4.4 Parameter Sensitivity (RQ3)
The hyperparameter 𝜆 controls howmuch semantic co-occurrence
is injected into the original modality representations. We vary 𝜆
from 0.1 to 0.9 while keeping other settings fixed, and report the
curves of NDCG and Hit Ratio in Figures 4a and 4b. ScopeRec
stays above the second-best baseline of Table 2 across the entire
range, which indicates that the co-occurrence module is not sensi-
tive to small changes in 𝜆. The best results are typically obtained
for 𝜆 ∈ [0.2, 0.5]. When 𝜆 is small, the co-occurrence signal is
too weak to influence the representation, and the model effec-
tively falls back to a strong but non-sequentialmultimodal baseline.
When 𝜆 exceeds 0.5, the original semantics of the item are grad-
ually overwhelmed by the co-occurrence signal, which introduces
redundancy and slightly degrades performance. The flat plateau in
the middle range confirms that ScopeRec is robust within a wide
window and easy to tune in practice.
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Figure 5: Average training time per epoch (seconds) on the three datasets and the corresponding GPU memory consumption
(GB) during training.

4.5 Efficiency Analysis (RQ4)
We compare ScopeRec with three popular training paradigms on
themodality encoders: full fine-tuning (Finetune), LoRA, and IISAN.
All experiments share the same backbone, downstream SR model,
and batch size for fairness.

Training time is shown in Figures 5a, 5b, and 5c. ScopeRec is
markedly faster than both Finetune and LoRA on every dataset.
Against the efficiency-oriented IISAN, ScopeRec only incurs a mar-
ginal overhead, which is negligible. The reason is that ScopeRec
keeps the backbone modality encoders frozen and trains only the
lightweight semantic mining and MoE modules on top of cached
features. As a result, no gradients need to flow back through the
heavy modality encoders.

GPU memory consumption is reported in Figure 5d. ScopeRec
uses roughly one-sixth of the memory required by Finetune and
around 70% less than LoRA. This reduction comes from the same
decoupled design: by avoiding storage of the encoder activations
needed for backpropagation, the computation graph remains small.
Overall, ScopeRec achieves a strong balance between expressive-
ness and efficiency, which makes it readily deployable in practice.

The efficiency profile is particularly important for industrial set-
tings, where the catalog updates frequently and the SR component
has to be retrained on a daily or hourly basis. ScopeRec supports
such workflows by separating the (slow) encoding of modality con-
tent from the (fast) training of the recommender, so that the modal-
ity features only need to be computed once per item and can be
cached afterwards. The remaining trainable parameters are small
enough that a single GPU is sufficient even for catalogs with tens
of thousands of items.

4.6 Case Study and Visualization (RQ5)
To probe what the model actually learns, we visualize the textual
and visual representations before and after semantic focus aware-
ness, using t-SNE for clustering structure and KDE for density. Re-
sults are shown in Figure 6.

Comparing Figures 6a and 6f with the pre-focusing distribu-
tions, we see that the post-focus representations are more con-
centrated, indicating that the experts indeed extract a compact
set of semantic regions. The KDE plots in Figures 6b and 6g (pre-
focusing) are diffuse, suggesting that user-relevant cues are mixed

with substantial noise. In contrast, the per-expert KDE plots (Fig-
ures 6c to 6e and 6h to 6j) display tighter, well-separated modes.
Different experts attend to different regions, confirming that the
MoE captures complementary aspects of user focus instead of re-
dundant signals. The visualization also explains, at least qualita-
tively, why semantic focus awareness alone already yields a large
lift in the ablation: filtering the dense and noisy raw distribution
into a small number of well-separated modes is a strong inductive
bias for any subsequent sequential model.

Figure 7 examines a sequence from the Office dataset to-
gether with the top-5 predictions of ScopeRec. The historical items
strongly center on tape: the textual modality features recurring to-
kens such as tape, inch, and adhesive, while the visual modality con-
tains multiple tape products. These cues exemplify sequence-level
semantic co-occurrence. Despite the presence of unrelated items
in the history, ScopeRec recommends items that align closely with
the user’s tape-purchasing intent in both modalities, supporting
the design rationale that co-occurrence mining helps the model
isolate persistent interests from incidental noise. We note that the
visual modality provides cues that complement the textual modal-
ity: even when product titles are abbreviated or noisy, recurring
visual patterns (here, the rolled shape of tape products) provide an
additional anchor that keeps the recommendations on track.

4.7 Discussion
Why does co-occurrence mining help? Conventional MSR
pipelines treat each item independently before passing the se-
quence through the SR backbone. The backbone is then asked
to discover both what each item is and how items relate, with
only ID-like position embeddings as guidance. In contrast, the co-
occurrence module of ScopeRec runs an attention pass over the
modality representations of historical items before the SR back-
bone. Such a design decouples item-level semantics from sequence-
level association, and makes the eventual learning of the SR back-
bone easier. The gains on the Office dataset, which has the richest
item space, are consistent with this view: a more diverse catalog
brings a larger benefit from a dedicated co-occurrence pass.
Why hierarchical experts?A common practice in MSR is to take
only the final-layer output of a frozen encoder. Our results suggest
that this is suboptimal: different layers capture complementary as-
pects, and the optimal layer differs across users and items. The
hierarchical MoE addresses this in two ways. The modality-level
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Figure 6: Representation distributions before and after semantic focusing. t-SNE visualizes local clustering structure, while
KDE depicts the corresponding local density. Each expert concentrates on a distinct semantic region, suggesting that the
experts learn disentangled focus patterns.

Figure 7: Top-5 next-item predictions of ScopeRec on the Of-
fice dataset. Both textual and visual cues of historical items
revolve around tape, and the recommendations capture this
intent accurately.

experts disentangle distinct semantic regions within a single layer,
while the fusion experts assign personalized weights to multiple
layers. Both are critical, as confirmed by the ablation study.
Limitations and future work. ScopeRec currently fixes the layer
selection schedule (one shallow, one deep, one final) and does not
jointly fine-tune the modality encoders. Extending the framework
with adaptive layer selection and light-weight encoder adaptation
is a natural next step. A second direction is to couple semantic
co-occurrence with cross-domain transfer, where the abstract, ID-
agnostic nature of co-occurrence may prove particularly useful for
cold-start domains. A third direction is to plug ScopeRec into in-
dustrial pipelines that involve multi-task learning, where the co-
occurrence signal may be reused as an auxiliary self-supervision
objective for upstream retrieval models. Finally, the connection
between layer-wise hidden states and recommendation-aware se-
mantics, while empirically validated here, deserves a more thor-
ough theoretical understanding, especially in the context of larger

multimodal foundation models such as multimodal large language
models.

5 Conclusion
We presented ScopeRec, a multimodal sequential recommendation
framework that shifts the focus from multimodal fusion to multi-
modal representation learning. ScopeRec is built upon two comple-
mentary ideas: semantic co-occurrence, which captures sequence-
level associations among items in user behaviors, and semantic
focus, which identifies the fine-grained components within each
item that actually drive user choice. These ideas are realized
through an attention-based co-occurrence mining module under
a causal mask, a hierarchical mixture-of-experts that learns disen-
tangled interest experts at multiple semantic levels, and an input-
independent fusion module that personalizes the combination
across modalities and levels. Extensive experiments on three pub-
lic MSR benchmarks show that ScopeRec consistently surpasses
state-of-the-art baselines by 13.8% to 28.7% across NDCG and Hit
Ratio. Efficiency analysis further shows that, thanks to the decou-
pled training design, ScopeRec is competitive with the most effi-
cient baselines in both training time andmemory.We hope that the
perspective of recommendation-aware representation learning, in-
stantiated here by sequence-level co-occurrence and user-level fo-
cus, will inspire further research on tailoring multimodal pretrain-
ing signals for downstream recommendation tasks. As the MSR
landscape continues to evolve toward larger foundation models
and broader application domains, we believe that representation-
centric designs of this kind will become an increasingly impor-
tant complement to the prevailing fusion-centric and adaptation-
centric paradigms.
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