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Abstract: Multimodal recommendation aims to enrich preference modeling by leveraging visual and textual features. However,
integrating high-dimensional pretrained features introduces substantial computational overhead. While knowledge distillation
provides an effective compression strategy, existing frameworks face three intertwined challenges: rank bottlenecks caused
by low-dimensional projections, cross-modal interference induced by shared fusion spaces, and optimization instability under
static distillation temperatures. To address these issues, we propose ProMoE-DTS, a decoupled prompt-guided mixture-of-
experts framework with dynamic temperature scheduling. Using an asymmetric teacher–student architecture, the teacher model
leverages modality-aware soft prompts as semantic anchors to route heterogeneous features into parameter-disjoint expert
networks, thereby alleviating cross-modal conflicts and resolving the rank bottlenecks. To ensure stable knowledge transfer,
a feedback-driven dynamic temperature scheduler adaptively regulates the distillation intensity based on epoch-wise signals.
This asymmetric design confines intensive multimodal operations to the offline teacher, leaving the online student model with a
highly efficient, pure identifier-based structure. Extensive experiments on three benchmark datasets demonstrate that ProMoE-
DTS improves Recall@20 by 2.24%–3.96% over state-of-the-art baselines, while requiring only 3.28%–3.55% of the teacher’s
parameters.

Key words: Multimodal recommendation; Knowledge distillation (KD); Prompt tuning; Mixture-of-experts (MoE); Dynamic
temperature scheduling

1 Introduction

In modern e-commerce, multimodal recommender sys-
tems (MMRSs) have emerged as a pivotal technology for
personalized preference modeling. By leveraging rich vi-
sual and textual item descriptions, these systems significantly
boost ranking performance (Qiu et al., 2021; Hu and Zhang,
2025). Early works in this domain primarily focused on ex-
tracting shallow modal features, such as raw image pixels
or word counts (Geng et al., 2015; He RN and McAuley,
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2016). Subsequent research employed attention mechanisms
to capture cross-modal correlations and fuse diverse modali-
ties (Xun et al., 2021; Liu F et al., 2023). Recently, lever-
aging graph neural networks (GNNs) to capture high-order
user–item collaborative relations has become the mainstream
paradigm, propagating embedding features over historical in-
teraction graphs (Wei YW et al., 2019). To further extract
deep item semantics and alleviate data sparsity, modern archi-
tectures use powerful pretrained foundation models (Wei W
et al., 2023) and actively explore the construction of auxil-
iary graphs (Mo et al., 2025). Nevertheless, integrating these
heavy and high-dimensional pretrained vectors incurs substan-
tial computational and memory overhead during training. To
alleviate this heavy footprint, knowledge distillation (KD) is
widely adopted to compress cumbersome multimodal models
by transferring dark knowledge from a large teacher model to
a compact student model (Tang and Wang, 2018; Lee et al.,
2019).

However, existing KD frameworks yield suboptimal
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performance in multimodal scenarios due to three fundamental
bottlenecks. First, bridging the dimensional gap between pre-
trained vectors and collaborative filtering (CF) spaces via lin-
ear projections triggers a rank bottleneck (Wang J et al., 2021;
Nguyen et al., 2024), which restricts semantic expressiveness
and exacerbates overfitting. Second, forcing distinct modalities
into a shared projection space induces cross-modal destructive
interference (Liang et al., 2023; Dai et al., 2024), where hetero-
geneous modality dependencies degrade into disruptive noise.
Finally, existing temperature strategies fail to stabilize pair-
wise ranking optimization. While static temperatures force a
strict trade-off between early-stage gradient explosion and late-
stage discriminative degradation (Hinton et al., 2015), transfer-
ring classification-based dynamic schedulers fails (Islam et al.,
2025) because extreme positive–negative margin fluctuations
in pairwise ranking inherently destabilize absolute-logit-based
scaling.

To address these issues, we propose ProMoE-DTS, a de-
coupled prompt-guided mixture-of-experts (ProMoE) frame-
work with dynamic temperature scheduling for multimodal
recommendation. Specifically, deployed exclusively on the of-
fline teacher side, the ProMoE module introduces parameter-
disjoint and prompt-guided expert spaces to route hetero-
geneous features independently, effectively alleviating cross-
modal collisions. By employing a modality-aware soft prompt-
tuning mechanism as semantic anchors to guide this routing
process, the teacher projects high-dimensional semantics into
a collaborative space, resolving the rank bottleneck. To govern
this multi-expert distillation trajectory, we design a feedback-
driven dynamic temperature scheduler (DTS) that adaptively
scales the temperature based on epoch-wise training errors.
This unified scheduler tracks the learning feedback of the stu-
dent model to secure gradient stability during an initial warm-
up phase, while enhancing discriminative power over hard neg-
ative samples at later stages. Ultimately, this asymmetric
architecture allows the deployed student model to entirely dis-
card the mixture-of-experts (MoE) and prompt layers, offload-
ing heavy multimodal operations. By executing lightweight
identifier (ID)-based graph convolutions online, ProMoE-DTS
achieves an outstanding equilibrium between high-fidelity rec-
ommendation accuracy and improved deployment efficiency.

The main contributions of this work are as follows:
1. We identify a practical challenge in multimodal recom-

mendation, formalizing how to compress high-dimensional pre-
trained semantics into a compact student model without sus-
taining heavy parameter and training-stage memory footprints.

2. We propose a decoupled prompt-guided mixture-of-
experts distillation framework, ProMoE-DTS, using modality-
specific expert spaces and prompt-guided routing to alleviate
representation rank bottlenecks and cross-modal optimization
conflicts.

3. We design a feedback-driven dynamic temperature dis-
tillation strategy tailored to pairwise recommendation learn-
ing, enabling stable early-stage optimization and stronger late-
stage discrimination over hard negative samples.

4. Extensive experiments on three benchmark Amazon
datasets demonstrate that ProMoE-DTS achieves a superior
accuracy–efficiency trade-off, delivering extreme parameter
compactness and low training memory usage.

2 Related works

2.1 Multimodal recommender systems

The integration of multimodal information in recom-
mender systems has attracted increasing attention for enrich-
ing item representations (Wei RX et al., 2025; Lin YF and He,
2026). Early approaches primarily applied attention mecha-
nisms to fuse diverse modalities, as exemplified by attentive
collaborative filtering (ACF) (Chen et al., 2017). To cap-
ture high-order collaborative connectivity, GNN models such as
multimodal graph convolution network (MMGCN) (Wei YW
et al., 2019) and hierarchical structure disentanglement (HSD)
(Zhang JH et al., 2021) have been widely adopted to incorpo-
rate visual and textual signals. Building on these paradigms,
recent advances leverage data augmentation strategies (Zhu
et al., 2025) or instruction tuning via large language models
(LLMs) (Bao et al., 2023) to further align user preferences.

However, a critical limitation remains: these methods rely
typically on passive linear projections to map high-dimensional
pretrained features into a low-dimensional CF space. This
rigid compression substantially restricts their representation
capacity, inevitably leading to severe rank bottlenecks (Wei W
et al., 2024; Deng et al., 2025). Furthermore, conventional
frameworks often overlook the inherent semantic inconsisten-
cies across modalities. Directly fusing these heterogeneous
signals introduces irrelevant noise and cross-modal interfer-
ence, which ultimately disrupts the optimization trajectory of
the recommendation model. Consequently, shifting from early
online multimodal fusion to an asymmetric knowledge transfer
paradigm—where complex multimodal semantics are isolated
and distilled into a lightweight ID space—has emerged as a
critical necessity for efficient recommendation.

2.2 KD in recommendation

As an established paradigm for model compression, KD
has been extensively investigated to inherit essential exper-
tise from cumbersome architectures while optimizing param-
eter efficiency in recommender systems. Recent advances
have introduced various adaptation schemes, including het-
erogeneous ensembles (Kang et al., 2023), GNN-to-multilayer
perceptron (MLP) compression (Tian et al., 2022), and cross-
modal or LLM-based knowledge transfer (Huo et al., 2024;
Du et al., 2025). Although pioneering frameworks such as
collaborative graph diffusion with KD (DiffKD) (Ma et al.,
2025) effectively transfer multimodal semantics via graph dif-
fusion, they fundamentally rely on static or empirical tem-
perature configurations. Such rigid settings fail to adap-
tively reconcile the dynamic trade-off between early-stage opti-
mization stability and late-stage hard negative discrimination
(Dong et al., 2023). Moreover, general classification heuris-
tics like DTS (Islam et al., 2025) scale temperatures using
absolute logit magnitudes. This mechanism is inherently mis-
matched for pairwise ranking objectives like the Bayesian per-
sonalized ranking (BPR) loss (Rendle et al., 2009). Within
highly sparse collaborative spaces (Wang QY et al., 2019),
the extreme fluctuations of relative positive–negative margins
cause absolute-logit schedulers to trigger gradient vanishing
or explosion. Consequently, establishing a feedback-driven
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temperature scheduling paradigm explicitly adapted to sta-
bilize pairwise gradient flows remains underexplored. To
bridge this gap, our framework moves beyond traditional KD
by integrating decoupled distillation and intermediate feature
matching, ensuring robust transfer of high-order structural and
semantic information.

2.3 Prompt tuning and MoE

Prompt tuning and MoE architectures have achieved re-
markable success in parameter-efficient learning and complex
relationship modeling. In the context of prompt tuning, pio-
neering frameworks such as personalized prompt learning for
explainable recommendation (PEPLER) (Li et al., 2023) and
ClickPrompt (Lin JH et al., 2024) use ID features as soft
prompts to adapt LLMs to recommendation tasks. Concur-
rently, MoE architectures are widely adopted to handle di-
verse item attributes. For instance, multimodal MoE (MMoE)
(Yu et al., 2024) and multi-domain multi-task MoE (M3oE)
recommendation framework (Zhang ZJ et al., 2024) incorpo-
rate multi-gate structures to mitigate optimization conflicts
in multi-task scenarios, whereas facet-aware MoE (FAME)
(Liu MR et al., 2025) leverages MoE components to disen-
tangle multifaceted user interests in sequential behaviors.

Nevertheless, unlike existing prompt mechanisms in rec-
ommendation that often serve as textual queries for LLMs—
exhibiting high discreteness and lacking deep cross-modal con-
nections (Lan et al., 2025)—our framework redefines prompts
as modality-aware semantic anchors. These anchors operate
at the architectural bottom to explicitly guide parameter-
disjoint feature routing. Furthermore, MoE frameworks in
this domain are typically restricted to task-level routing rather
than modality-level decoupling, which frequently leads to ex-
pert homogenization and entangled optimization trajectories.
Crucially, while deploying decoupled expert spaces effectively
resolves representation bottlenecks, it inherently introduces
massive parameter overhead that prohibits direct online ser-
vice. To bridge these gaps, combining soft prompt tuning with
MoE structures to construct a robust teacher space, followed
by compressing this expertise via a feedback-driven dynamic
KD strategy, presents a highly promising avenue for efficient
multimodal recommendation.

3 Method

In this section, we elaborate on the proposed ProMoE-
DTS framework. The overall architecture is illustrated in
Fig. 1. Central to our design is a teacher–student (T –S)
paradigm, which achieves an optimal trade-off between high-
fidelity recommendation accuracy and exceptional parameter
efficiency during the training phase.

The framework operates through a hierarchical purifica-
tion and transfer process, synergistically driven by three core
components: (1) a graph-driven raw feature initialization mod-
ule which preserves intrinsic high-dimensional semantics while
overcoming modality cold-start; (2) a decoupled ProMoE mod-
ule that constructs modality-aware soft prompts to resolve rep-
resentation rank bottlenecks and alleviate cross-modal interfer-
ence; (3) a DTS designed to adaptively regulate the intensity

of distillation alignment from the teacher model (T ) to the
compact student model (S). For clarity, key mathematical
notations are summarized in Table 1.

Table 1 Summary of key mathematical notations

Symbol Description

U ,I,G User set, item set, and interaction graph
Anorm Normalized adjacency matrix

xm,i,pm,i Raw multimodal features and soft prompts
Wm,k ,Wtrans,m Expert and transformation matrices

et∗,es∗ Final teacher/student readout embeddings
τ(t), η(t) Dynamic temperature and adaptive error

scale
LBPR,LKD(t) BPR loss and dynamic KD loss
LTCKD,LNCKD Target/Non-target class KD losses

Lfeat,Laux Feature matching and auxiliary
load-balancing losses

λ1, λ2, λp Feature matching strength, prompt
dropout rate, and prompt intensity

α2, βm Global prompt scaling intensity and
modality importance weight

μ1, μ2 Weighting hyperparameters for the
teacher loss objectives

3.1 Problem formulation

Let U and I denote the sets of users and items, respec-
tively. In the multimodal recommendation scenario, histori-
cal interactions are typically formulated as a bipartite graph
G = (U ∪ I, E), where an edge eu,i ∈ E indicates that user
u has explicitly interacted with item i and E denotes the set
of observed interaction edges between users and items. Let
Iu represent the set of historical items associated with user u.
Beyond the base collaborative ID representations, each item
i ∈ I is enriched with raw multimodal attributes, specifically,
comprising visual and textual features. Given the interaction
graph G and the multimodal feature space, the fundamental
objective of our task is to learn a robust mapping function f(·)
that estimates the preference score ŷu,i for any unobserved
user–item pair (u, i) to generate accurate top-K recommenda-
tions. Here, K is a variable representing the cutoff threshold.

3.2 Interaction graph and raw feature initialization

To capture high-order collaborative signals, we formulate
the user–item interactions as an attributed bipartite graph:

G = (U ∪ I, E ,X). (1)

Here, X denotes the set of multimodal features for all
items, defined as X = {Xi}i∈I . Each item i ∈ I is inherently
associated with a set of multimodal features Xi = {xm,i}m∈M.
Specifically, the raw feature vector xm,i ∈ R

din,m encodes vi-
sual or textual semantics extracted from pretrained foundation
models. din,m denotes the input feature dimension of modal-
ity m. To avert the severe representation rank bottlenecks
discussed previously, we strictly preserve the intrinsic high-
dimensional structure of these features without applying any
passive linear compression at this stage.

Given that users inherently lack explicit multimodal
attributes, we leverage the topological connectivity of the
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Fig. 1 Overall architecture of the proposed ProMoE-DTS framework. It comprises three interconnected stages: graph-
driven raw feature encoding, decoupled ProMoE for representation alignment, and feedback-driven dynamic temperature
distillation for structured knowledge transfer. RoBERTa: robustly optimized bidirectional encoder representations from
Transformers pretraining approach. ViT: vision Transformer

interaction graph to aggregate raw item semantics for user
initialization. The symmetric normalized adjacency matrix
Anorm, derived from the interaction set E , is defined as

Anorm = D−0.5AD−0.5, (2)

where A is the binary adjacency matrix and D denotes the
corresponding diagonal degree matrix. By executing message
passing over this normalized topology, we synthesize the initial
multimodal representations for users, thereby mitigating the
user-side modality cold-start dilemma:

xm,u =
∑

i∈Nu

Anorm,u,ixm,i, (3)

where Nu denotes the set of historical neighboring items di-
rectly interacted with user u in the bipartite interaction graph
G.

Ultimately, this graph-driven initialization enables users
and items to obtain comprehensive, high-dimensional seman-
tic profiles before entering the subsequent decoupled ProMoE
module.

3.3 Decoupled ProMoE

With the high-dimensional multimodal features initialized
via the interaction graph, the teacher model must project these
heterogeneous signals into a low-dimensional CF space. To ac-
complish this without succumbing to representation rank bot-
tlenecks or cross-modal interference, we introduce the ProMoE
module. This architecture dynamically expands representation
capacity and strictly decouples optimization trajectories to al-
leviate cross-modal conflicts.

3.3.1 Decoupled modality-aware expert routing

To strictly isolate the optimization trajectories across
diverse modalities, we construct independent expert li-
braries for each modality m ∈ M, formulated as Θm =

{Wm,1,Wm,2, . . . ,Wm,Km}. Crucially, each expert projec-
tion matrix Wm,k ∈ R

din,m×d assumes the dual responsibility

of performing dimensionality reduction and extracting spe-
cialized semantic patterns, bridging the severe dimension gap
without relying on rigid and passive linear compression.

Both user and item features are processed symmetrically
through this routing mechanism. Let v ∈ U ∪ I denote
a generic node, associated with its high-dimensional feature
xm,v ∈ R

din,m . To stabilize the gradient flow during routing
and prevent numerical explosion, we first apply layer normal-
ization (LayerNorm):

x̄m,v = LayerNorm(xm,v). (4)

To ensure differentiability for end-to-end training, Laux

is computed over the continuous gating probabilities gm prior
to the top-K masking operation, thereby providing a stable
gradient signal to update the gating network.

Subsequently, a modality-specific gating network Gm(·)
evaluates the routing preferences. To ensure that the gat-
ing network receives stable gradients while maintaining strict
sparsity during inference, we decouple the routing into dense
probability computation and sparse activation. First, the con-
tinuous dense router probability is computed as

g̃m(x̄m,v) = softmax(Wg,mx̄m,v + bg,m), (5)

where Wg,m ∈ R
Km×din,m and bg,m ∈ R

Km denote the train-
able weight matrix and bias vector of the modality-specific
gating network Gm(·) for modality m, respectively.

Next, we employ a masked activation strategy to enforce
single-expert routing (i.e., hyperparameter ktop = 1) via the
MaskTopK operator, which retains the largest entry and sets
the remaining entries to zero followed by normalization:

gm(x̄m,v) = MaskTopK(g̃m(x̄m,v), ktop). (6)

Importantly, the auxiliary load-balancing loss Laux is
computed on the continuous dense distribution g̃m to guar-
antee end-to-end differentiability, while the sparse output gm

is used for expert activation.
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Driven by these gating weights, the modality-specific soft
prompt pm,v ∈ R

d is generated via a sparse weighted combi-
nation of the activated experts:

pm,v =

Km∑

k=1

gm,k(x̄m,v)W
T
m,kx̄m,v, (7)

where gm,k denotes the sparse gating weight assigned to the
kth expert for modality m, and k ∈ {1, 2, . . . ,Km} serves as
the expert index within the expert library of size Km.

To regularize the gating network and avert routing
collapse—where the model degenerates exclusively using a sin-
gle expert—we incorporate an auxiliary load-balancing loss
Laux across the expert layer. For a given mini-batch of nodes
B, it forces a uniform routing distribution:

Laux =

|M|∑

m=1

Km∑

k=1

fm,kPm,k, (8)

where fm,k = 1
|B|

∑
v∈B I(k ∈ TopK(g̃m)) denotes the fraction

of nodes routed to expert k, and Pm,k = 1
|B|

∑
v∈B g̃m,k(x̄m,v)

is its mean routing probability. I(·) denotes the indicator func-
tion, which evaluates to 1 if the kth expert is selected among the
top-ktop activated experts according to the continuous dense
gating distribution g̃m, and 0 otherwise. Finally, the decou-
pled modality-specific prompts are aggregated into a unified
global soft prompt pv for each node, ensuring comprehensive
multimodal representation:

pv =
∑

m∈M
pm,v . (9)

3.3.2 Prompt-enhanced subspace graph convolution

After generating the soft prompts, the critical step is to
seamlessly inject these semantic priors. Observing that items
are the authentic source of multimodal semantics, we deploy an
asymmetric enhancement strategy. The detailed mechanism of
this prompt-guided subspace projection is illustrated in Fig. 2.

Specifically, we design a subspace projection mechanism ex-
clusively for items. Let Pm ∈ R

|I|×d and Xm ∈ R
|I|×din,m

denote the global prompt and raw feature matrices for modal-
ity m. Conceptually, as illustrated in the feature smoothing
process in Fig. 2, the feature increment Δxm,i for a specific
item i is intuitively computed by aggregating features from all
items j ∈ I, weighted by their prompt-guided similarity:

Δxm,i =
∑

j∈I
(pT

m,ipm,j)xm,j . (10)

However, evaluating this item-wise similarity directly cor-
responds to computing a dense Gram matrix, denoted as
PmPT

m, which incurs a prohibitive O(|I|2) computational com-
plexity. To strictly avoid this computational bottleneck while
preserving mathematical equivalence, we reformulate the op-
eration into a global matrix form and compute the enhanced
feature increment matrix ΔXm using matrix associativity:

ΔXm = Pm

(
PT

mXm

)
. (11)

From the resulting global matrix ΔXm, we extract the
corresponding instance-level increment Δxm,i to project the

enhanced high-dimensional feature into the collaborative space
R

d. We use a unified linear transformation Wtrans,m ∈
R

d×din,m to map the combined feature increment and raw input
into the target collaborative dimension:

ẽ
(0)
m,i = Dropout

(
Wtrans,m

(
xm,i + λp · Norm(Δxm,i)

))
,

(12)
where ẽ

(0)
m,i is the initial projected multimodal feature rep-

resentation of item i for modality m after prompt-enhanced
subspace projection. Dropout(·) denotes the standard dropout
regularization operator applied during training to randomly
zero out elements with a given probability, preventing over-
reliance on specific projection features. λp controls the prompt
intensity, and Norm(·) denotes the �2 normalization applied
to stabilize the magnitude of the injected semantic incre-
ments. For users who acquire initial high-dimensional features
via graph aggregation as formulated in Eq. (3), we directly
project them without prompt-guided enhancement to preserve
the asymmetric architecture:

ẽ(0)
m,u = Dropout(Wtrans,mxm,u), (13)

where ẽ(0)
m,u is the initial projected multimodal feature represen-

tation of user u for modality m via direct linear transformation.
Concurrently, let e

(id)
u ,e

(id)
i ∈ R

d denote the base collab-
orative ID embeddings. We inject them with their respective
global prompts to initialize the ID states:

{
h(0)

u = e(id)
u + α2 · Norm(pu),

h
(0)
i = e

(id)
i + α2 · Norm(pi),

(14)

where h
(0)
u and h

(0)
i are the initial prompt-enhanced collabora-

tive ID state representations of user u and item i, respectively.
pu and pi are the unified global soft prompt vectors for user
u and item i, respectively. α2 is a tunable hyperparameter
governing the intensity of the injected global prompts. Sub-
sequently, the enhanced ID representations and multimodal
features are propagated over the bipartite graph for L layers
using Anorm:

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

h(l)
u =

∑

i∈Nu

Anorm,u,ih
(l−1)
i ,

ẽ(l)
m,u =

∑

i∈Nu

Anorm,u,iẽ
(l−1)
m,i ,

(15)

with h
(l)
u being the collaborative ID embedding of user u at the

lth graph convolution network (GCN) propagation layer and
ẽ
(l)
m,u being the multimodal semantic representation of user u

for modality m at the lth GCN propagation layer, and similarly
for the item representations h

(l−1)
i and ẽ

(l−1)
m,i by aggregating

from connected users. After L layers of propagation, we adopt
a late-fusion strategy to obtain the final high-fidelity teacher
representations by reading out the ID embeddings and concate-
nating the multimodal semantics with et

i
∗ denoting the final

comprehensive output readout embedding of item i generated
by the teacher model:

et
i
∗
=

1

L+ 1

L∑

l=0

h
(l)
i +

|M|∑

m=1

βm ·Norm(ẽ
(L)
m,i), (16)

and with the user representation et
u
∗ obtained symmetrically,

where βm denotes the modality-specific importance weight.
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Fig. 2 Detailed architecture of the prompt-enhanced subspace projection in ProMoE. Modality-specific soft prompts
first construct prompt-guided item similarities, which are then used for feature smoothing and asymmetric teacher-side
projection. ⊗ denotes the scalar–vector multiplication weighting each item feature vector xm,j by the prompt-guided
similarity scalar (pT

m,ipm,j), and
∑∑∑

denotes the aggregation summation over candidate items j ∈ I

The final predicted logit for a user–item pair (u, i) in the
teacher model is computed via the inner product:

zt
u,i = (et

u
∗
)Tet

i
∗
. (17)

3.3.3 Theoretical analysis of ProMoE

The theoretical superiority of the ProMoE module stems
from two fundamental mathematical properties.

1. Union-of-subspaces formulation. Rather than strictly
increasing the rank of a single projection matrix for each
instance, ProMoE dynamically expands the representational
coverage by assigning different samples to different expert sub-
spaces. Thus, the model behaves as a piecewise linear union-of-
subspaces approximator, alleviating the practical information
loss and severe low-rank truncation errors caused by a single
shared low-rank projection.

2. Parameter-disjoint modality decoupling. Sharing pa-
rameters across divergent modalities, such as visual and
textual signals, often triggers destructive interference where
〈∇Lvis,∇Ltxt〉 < 0. By designing modality-specific indepen-
dent expert libraries Θm, we structurally isolate the optimiza-
tion trajectories within the routing layers. In the parameter
space ΘMoE =

⋃
m∈M Θm, the gradients from heterogeneous

modalities are applied to disjoint parameters, which substan-
tially reduces destructive interference compared with shared
projection layers. Notably, this parameter-level decoupling
does not imply full independence, as the modalities are aligned
in the downstream collaborative space. Instead, it establishes
a structural mechanism to alleviate cross-modal gradient con-
flicts prior to semantic fusion.

3.4 Dynamic temperature distillation

In the KD process of transferring refined knowledge from
the teacher model T to the lightweight student model S , the
temperature scalar τ plays a critical role in smoothing the

output probability distribution. However, standard KD typ-
ically relies on a fixed static temperature, which introduces
an inherent optimization dilemma in complex multimodal rec-
ommendation scenarios. Specifically, setting a fixed small τ

causes the softmax function to approximate a step characteris-
tic, which drastically increases the Hessian matrix norm early
in training, violating Lipschitz continuity and easily trigger-
ing gradient explosion. Conversely, setting a fixed large τ to
maintain early stability will excessively suppress the gradient
magnitude (‖∇‖ ∝ τ−2ε → 0) at the late training stage as the
alignment error shrinks. Here, ∇ denotes the gradient opera-
tor with respect to model parameters, and ε is a small positive
scalar representing the alignment error residue. This prevents
the student model from effectively capturing fine-grained top-
K ranking differences, leading to premature stagnation.

3.4.1 Dynamic temperature scheduling mechanism

To adapt temperature scaling for pairwise ranking opti-
mization, the dynamic temperature scheduling mechanism reg-
ulates distillation intensity over the training epoch t. Unlike
classification tasks relying on absolute logits, pairwise ranking
optimizes the relative margin between positive and negative
items. Let Δz = zu,i − zu,j denote the score margin, where
zu,i and zu,j denote the predicted preference scores for the
observed positive item i and unobserved negative item j, re-
spectively. The gradient of the temperature-scaled BPR loss
LBPR with respect to this margin is mathematically derived as

∂LBPR

∂Δz
= − 1

τ (t)

(
1− σ

(
Δz

τ (t)

))
, (18)

where σ(x) = 1/(1 + exp(−x)) is the standard sigmoid activa-
tion function.

In highly sparse implicit feedback graphs, the severe
positive–negative imbalance drives Δz to extensive ranges.
A naive time-decay or absolute-logit scaling fails under this
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gradient mechanism. As τ approaches zero, extreme mar-
gins trigger infinite multipliers leading to gradient explosion,
whereas an excessively large τ causes the gradient to aggres-
sively vanish.

Therefore, to buffer these gradient fluctuations, we de-
sign a sequential feedback loop governed by an adaptive error
scaling factor η(t). This factor stabilizes the decay amplitude
using the moving average of the preceding epoch’s decoupled
distillation loss LDKD(t− 1):

η(t) =
LDKD(t− 1)

LDKD(t− 1) + ε0
, (19)

where ε0 is a small constant that maintains numerical stability.
For the initial epoch t = 1, LDKD(0) is initialized to 1.0.
This feedback signal constructs a target temperature trajectory
τtgt(t) by integrating with a cosine annealing schedule:

τtgt(t) = τmin +
τmax − τmin

2
·
[
1 + cos

(
πt

Tmax

)]
· η(t), (20)

where τmin and τmax represent the lower and upper bounds
of the dynamic distillation temperature, and Tmax denotes the
maximum number of training epochs. To mitigate temperature
oscillations caused by sparse batch interactions, a momentum
term ρ updates the current temperature:

τ (t) = ρτ (t− 1) + (1− ρ)τtgt(t). (21)

This dynamic temperature τ (t) softens the output logit
vector z for the teacher and student models. For the ith

candidate item, the probability distribution pi(·, ·) is computed
as

pi(z, τ (t)) =
exp(zi/τ (t))∑C
j=1 exp(zj/τ (t))

, (22)

where C specifies the size of the sampled candidate set con-
taining the observed positive item and random unobserved
negatives. The dynamic KD loss LKD is formulated via the
Kullback–Leibler (KL) divergence between the teacher and
student distributions:

LKD(t) =
C∑

i=1

pi(z
t, τ (t)) ln

(
pi(z

t, τ (t))

pi(zs, τ (t))

)
, (23)

where zt and zs represent the teacher’s predicted preference
logit vector and student’s predicted preference logit vector,
respectively

3.4.2 Theoretical analysis of stable gradient dynamics

The theoretical advantage of the DTS mechanism lies in
its ability to maintain stable gradient dynamics throughout
the optimization cycle by reshaping the loss landscape in real
time. During the initial training stage, where t → 0, a large
τ (t) mathematically suppresses the Lipschitz constant, formu-
lated as Llip ∝ 1/τ 2, transforming the originally steep non-
convex KL divergence into a smoother approximation. This
ensures that the model can safely traverse regions of high local
curvature during random initialization. As training progresses
to the late stage, where t → Tmax, the student model’s output
gradually approaches that of the teacher model, driving the
output residual ‖zs − zt‖ toward zero. At this juncture, the
dynamic decay of τ (t) amplifies the local curvature, counter-
acting the gradient vanishing effect caused by alignment error

reduction. This mechanism enables the student model to learn
discriminative features near the minima, achieving a favorable
balance between optimization stability and transfer precision.

3.4.3 Decoupled KD and feature matching

Equipped with the dynamically scheduled temperature
τ (t), we reformulate the standard KD by decoupling it into
target class KD (TCKD) and non-target class KD (NCKD).
This structural decoupling prevents the gradient noise of neg-
ative samples from interfering with the alignment of positive
interactions.

Specifically, let pT =
∑

i∈P pi(z, τ (t)) and pN =∑
j∈N pj(z, τ (t)) denote the cumulative probabilities of the

positive target subset P and negative non-target subset N ,
respectively. The objective components are formally defined
as

LTCKD = KL
(
[pt

T, p
t
N] ‖ [ps

T, p
s
N]
)
, (24)

LNCKD =
∑

j∈N
p̂t
j ln

(
p̂t
j

p̂s
j

)
, (25)

where LTCKD focuses on transferring the teacher’s relative con-
fidence regarding the interacted positive items, LNCKD aligns
the latent rankings among the massive unobserved items, and
p̂j = pj/pN represents the normalized internal probability dis-
tribution among the non-target items. Finally, we aggregate
these decoupled components to formulate the overall dynamic
KD loss:

LDKD(t) = αKDLTCKD + βKDLNCKD, (26)

where αKD and βKD are the weighting parameters balancing
the target-class and non-target-class distillation objectives.

Furthermore, to ensure that the compact student model
structurally inherits the multimodal geometry, we enforce an
aggregated feature-level alignment. By minimizing the mean
squared error (MSE) between the student’s pure ID embedding
and the teacher’s multimodal representations, we implicitly
constrain the student to capture the semantic centroid of the
heterogeneous modalities:

Lfeat =
∑

i∈I

∑

m∈M
MSE(es

i
∗, ẽ(L)

m,i), (27)

where es
i
∗ denotes the pure ID representation learned by the

student model via light graph convolutional network (Light-
GCN) propagation, and ẽ

(L)
m,i denotes the teacher’s representa-

tions with gradients detached to ensure that only the student
model is updated during distillation.

3.5 Model optimization and two-phase training

To construct a unified learning paradigm, we implement
a strict two-phase training strategy that effectively isolates the
computational burden. The complete optimization procedure
is systematically summarized in Algorithm 1.

Phase 1: teacher optimization. The high-capacity teacher
model T is trained to generate precise prompts and high-
fidelity multimodal collaborative signals. Its overall loss is
defined as

LT = LBPR(z
t) + μ1LBPR(p)

+ μ2

∑

m∈M
LBPR(ẽm)

+ ωLaux + γ‖ΘT‖22,

(28)
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Algorithm 1 Two-phase training paradigm of ProMoE-DTS
Require: interaction graph G, multimodal feature set X, maximum

number of training epochs Tmax, hyperparameters ρ, τmin, and
τmax

Ensure: optimal ID embeddings ΘS for the student model
1: /* Phase 1: teacher optimization */
2: repeat
3: sample a mini-batch of user–item interactions from G
4: compute modality-specific soft prompt pm,v and global soft

prompt pv via ProMoE routing (Eqs. (7) and (9))
5: execute prompt-enhanced subspace GCN to obtain teacher

representations et
u
∗ and et

i
∗ (Eqs. (11)–(16))

6: calculate the teacher objective LT (Eq. (28)) and update
parameters ΘT via gradient descent

7: until convergence
8: strictly freeze all teacher parameters ΘT
9: /* Phase 2: student distillation */

10: initialize the dynamic temperature τ(0) and previous distillation
loss LDKD(0)

11: for epoch t = 1, 2, . . . , Tmax do
12: calculate adaptive error scale η(t) (Eq. (19)), target tra-

jectory (Eq. (20)), and update dynamic temperature τ(t)

(Eq. (21))
13: for each mini-batch do
14: read out pure ID embeddings es

u
∗ and es

i
∗ via compact

graph propagation
15: compute the decoupled dynamic distillation loss LDKD(t)

with softened probabilities (Eqs. (24)–(26))
16: compute the feature matching loss Lfeat against offline

multimodal semantics (Eq. (27))
17: calculate the overall student objective LS (Eq. (29)) and

update parameters ΘS
18: end for
19: end for
20: return ΘS

where LBPR(·) denotes the standard pairwise ranking loss com-
puted strictly over the inner-product scores derived from the
corresponding representation sets (i.e., the predicted logits zt,
soft prompt embeddings p, and projected multimodal features
ẽm), Laux acts as the ProMoE load-balancing penalty, and γ

governs the �2 regularization. ΘT denotes the complete train-
able parameter vector of the teacher model T . ω is the bal-
ancing hyperparameter governing the auxiliary load-balancing
loss Laux.

Phase 2: student distillation. Once the teacher model
converges, its parameters are strictly frozen. The compact
student model S is subsequently trained by combining the fun-
damental collaborative ranking task with decoupled dynamic
distillation:

LS = LBPR(z
s) + LDKD(t) + λ1Lfeat + γ‖ΘS‖22. (29)

During this phase, gradients are back-propagated exclu-
sively to update the student’s ID embeddings ΘS.

Online inference efficiency is paramount for industrial de-
ployability. Current graph-based multimodal recommenders
suffer from severe latency and memory bottlenecks during on-
line service due to real-time modality feature reduction, which
incurs a complexity of O

(∑
m∈M |I|×din,m×d

)
, and dynamic

GNN operations, bounded by O(L × |E| × d). To overcome
this, ProMoE-DTS adopts an asymmetric architecture that
strictly confines these intensive operations—including graph
convolutions and expert routing, characterized by a complex-
ity of O

(∑
m∈M |I| ×Km × din,m × d

)
—to the offline teacher

model. During online inference, the distilled student model
S completely discards the heavyweight multimodal layers and
deep graph structures. By caching the learned representations,
the student solely performs highly efficient inner products us-
ing pure ID embeddings, drastically reducing the online scor-
ing time complexity to O(d). This theoretically eliminates
the heavy computational dependencies of multimodal GNNs,
achieving deployment-friendly low-latency scoring while pre-
serving high-fidelity accuracy.

4 Experiments and analysis

4.1 Experimental settings

4.1.1 Datasets

Following existing protocols (Zhou et al., 2023; Liu YF
et al., 2024), we evaluate on three Amazon datasets (McAuley
et al., 2015): clothing, sports, and baby. After applying a 5-
core filter and excluding items with incomplete modalities, we
extract 4096-dimensional visual features and 1024-dimensional
textual embeddings via Sentence-BERT (BERT: bidirectional
encoder representations from Transformers) (Reimers and
Gurevych, 2019). To strictly prevent data leakage, interac-
tions are chronologically partitioned into training, validation,
and test sets at an 8:1:1 ratio. Dataset statistics are in Table 2.

4.1.2 Evaluation metrics

Following previous works (Wei YW et al., 2020, 2022),
we evaluate the top-K recommendation performance using
Recall@K and normalized discounted cumulative gain at K

(NDCG@K) for K ∈ {20, 50} (i.e., R@20, R@50, N@20, and
N@50). The evaluation adopts the all-ranking strategy by
ranking each ground-truth positive item against all unobserved
items rather than a sampled subset. To ensure reliability

Table 2 Statistics of the experimental datasets

Dataset Dimension Number of users Number of items Number of interactions Sparsity (%)

Clothing
4096

39 387 23 033 278 677 99.969
1024

Sports
4096

35 598 18 357 296 337 99.955
1024

Baby
4096

19 445 7050 160 792 99.883
1024

4096 denotes the 4096-dimensional visual features and 1024 denotes the 1024-dimensional textual embeddings
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against initialization variances, all main experiments are inde-
pendently executed across three specific random seeds, namely,
42, 2024, and 2026. We report the average metrics alongside
the corresponding standard deviations. Furthermore, we con-
duct paired t-tests over user-level metric differences to com-
pute the p-value (p stands for probability), thereby verifying
the statistical significance of the improvements.

4.1.3 Implementation details

The ProMoE-DTS framework is implemented via
PyTorch, with execution conducted on an NVIDIA GeForce
RTX 3090 graphics processing unit (GPU). The collabora-
tive embedding dimensionality is fixed at d = 64, whereas
raw visual and textual features maintain their original dimen-
sional boundaries and undergo transformation steps within the
teacher-side ProMoE module. The layer configurations for the
teacher and student GNNs are set to 3 and 1, respectively. The
ProMoE module operates with four expert networks alongside
a top-1 routing allocation strategy. To modulate the rep-
resentation compression bounds, the prompt dropout rate is
assigned a value of 0.6. During the decoupled KD stage, the
weighting parameters αKD and βKD are designated as 0.1 and
0.5, respectively, with the feature matching coefficient λ1 set
to 0.05. For the dynamic temperature scheduler, the boundary
parameters are configured to τmin = 0.5 and τmax = 5.0. Opti-
mization is performed using the AdamW optimizer (Loshchilov
and Hutter, 2019) under a batch size parameter of 1024.
The learning rate is evaluated within the numerical range
[10−4, 10−2] on the validation split, and the L2 regulariza-
tion coefficient γ is sampled from {10−4, 10−3, 10−2}. Baseline
models are deployed using their respective verified source code
configurations under equivalent environmental constraints.

4.1.4 Baselines

We compare ProMoE-DTS against nine state-of-the-art
baselines, broadly categorized into traditional CF models and
MMRS.

CF models:
1. BPR-MF (Rendle et al., 2009): a classic matrix factor-

ization method optimized by BPR loss.
2. Neural graph collaborative filtering (NGCF) (Wang X

et al., 2019): a graph-based CF framework that integrates
GNNs into a CF framework to explicitly model high-order
user–item connectivities.

3. LightGCN (He XN et al., 2020): a simplified GCN-
based model that streamlines graph convolutions by removing
feature transformations and nonlinear activations.

Multimodal recommender systems:
1. Visual Bayesian personalized ranking (VBPR) (He RN

and McAuley, 2016): an extension of traditional matrix fac-
torization that incorporates visual signals.

2. Multimodal graph convolution network (MMGCN)
(Wei YW et al., 2019): a multimodal graph neural architecture
that constructs modality-specific graphs to guide preference
representation learning.

3. Graph-refined convolutional network (GRCN)
(Wei YW et al., 2020): a graph-refinement model that adap-
tively prunes false-positive interaction edges using multimodal
features.

4. PromptMM (Wei W et al., 2024): a multimodal KD
framework that incorporates prompt-tuning mechanisms to
compress cross-modal multi-view representations.

5. DiffKD (Ma et al., 2025): a graph diffusion-based archi-
tecture designed to transfer high-order structural and semantic
knowledge into compact student networks.

6. HierarchyMD (Jian et al., 2026): a hierarchy-aware
multimodal distillation paradigm optimized for fine-grained
structural feature matching within collaborative spaces.

4.2 Performance comparisons

The overall recommendation performance is reported
in Table 3. From the results, we have the following key
observations:

1. ProMoE-DTS yields the highest empirical metrics com-
pared to the selected baselines across the evaluated datasets.
Specifically, compared to HierarchyMD (Jian et al., 2026), it
registers measured relative increments ranging from 2.24% to
3.96% for R@20 and from 3.12% to 3.95% for N@20. Baselines

Table 3 Overall performance comparison on three datasets

Baseline
Sports Clothing Baby

R@20 N@20 R@50 N@50 R@20 N@20 R@50 N@50 R@20 N@20 R@50 N@50

BPR-MF 0.0701 0.0315 0.1163 0.0407 0.0329 0.0146 0.0545 0.0189 0.0579 0.0242 0.1086 0.0343
NGCF 0.0648 0.0279 0.1092 0.0367 0.0354 0.0149 0.0612 0.0200 0.0526 0.0219 0.0989 0.0311

LightGCN 0.0814 0.0365 0.1320 0.0466 0.0463 0.0200 0.0751 0.0259 0.0714 0.0298 0.1276 0.0411

VBPR 0.0714 0.0315 0.1172 0.0407 0.0329 0.0147 0.0538 0.0189 0.0596 0.0250 0.1110 0.0353
MMGCN 0.0531 0.0237 0.0953 0.0325 0.0338 0.0147 0.0602 0.0200 0.0603 0.0271 0.1084 0.0377
GRCN 0.0822 0.0375 0.1376 0.0484 0.0623 0.0270 0.1038 0.0353 0.0746 0.0317 0.1310 0.0423

PromptMM 0.0854 0.0392 0.1405 0.0512 0.0645 0.0281 0.1051 0.0362 0.0762 0.0329 0.1331 0.0438
DiffKD 0.0881 0.0410 0.1432 0.0528 0.0662 0.0293 0.1068 0.0374 0.0781 0.0341 0.1350 0.0452

HierarchyMD† 0.0906 0.0423 0.1461 0.0539 0.0681 0.0304 0.1082 0.0385 0.0802 0.0353 0.1369 0.0469

Ours† 0.0931 0.0438 0.1488 0.0553 0.0708 0.0316 0.1095 0.0394 0.0820 0.0364 0.1388 0.0484

p-value 1.60×10−6 5.90×10−5 2.99×10−7 1.11×10−6 1.41×10−4 5.59×10−4 5.00×10−6 1.29×10−5 3.24×10−5 2.96×10−6 7.51×10−7 4.63×10−6
† Standard deviations across three random seeds are omitted from the main grid to maintain layout clarity. The maximum variance is
rigorously bounded within ±0.0012 for the proposed method and ±0.0015 for HierarchyMD across all reported metrics. The best results are
in bold. The p-values are computed between the proposed method and the strongest baseline
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such as PromptMM (Wei W et al., 2024) apply textual prompt
tuning on discrete views, and DiffKD (Ma et al., 2025) im-
plements graph diffusion to regulate knowledge transfer, but
their frameworks maintain static distillation temperatures dur-
ing training iterations. The integration of parameter-disjoint
expert routing and error-feedback temperature scheduling in
ProMoE-DTS scales the loss optimization trajectory, allowing
the student model to replicate structural and semantic patterns
with less representation truncation.

2. Multimodal recommendation architectures generally re-
port higher accuracy scores than CF baselines, such as BPR-
MF (Rendle et al., 2009) and NGCF (Wang X et al., 2019),
which derive representations solely from user–item historical
interaction graphs. These differences in metrics indicate that
using explicit user–item connection topologies alone is prone
to performance limitations under sparse interaction densities.
Incorporating supplementary pretrained visual and textual fea-
tures via collaborative feature mapping introduces additional
item properties that counteract graph-level data sparsity.

3. Among the multimodal baselines, a relative perfor-
mance stratification is observed between early unified linear
projection methods, such as VBPR (He RN and McAuley,
2016) and MMGCN (Wei YW et al., 2019), and subsequent
structure-refinement or distillation models, including GRCN
(Wei YW et al., 2020), PromptMM (Wei W et al., 2024), Dif-
fKD (Ma et al., 2025), and HierarchyMD (Jian et al., 2026).
This trend indicates that compressing high-dimensional se-
mantic matrices into collaborative subspaces via rigid linear
layers restricts representation capacity. Conversely, decou-
pling heterogeneous modality spaces and incorporating con-
tinuous gradient adjustments provide more structured cross-
modal alignment.

4.3 Ablation study

We conduct an ablation study to evaluate the effectiveness
of various components in our proposed framework. We design
the following variants:

1. Without (w/o)-Prompt: removes the prompt-guided
similarity enhancement and ID prompt injection, while keeping
the modality-specific expert projections.

2. w/o-MoE: replaces the expert routing mechanism with
a single shared modality-specific projection matrix, while pre-
serving the remaining distillation pipeline.

3. w/o-DTS: replaces the dynamic temperature scheduler
with a fixed static temperature τ = 1.0.

Table 4 reports the ablation results. From the table, we
observe that removing either the DTS or the prompt module
leads to the most severe performance degradation depending
on the dataset. Specifically, the absence of DTS causes the
largest drop in the sports and baby datasets, indicating that
dynamically reshaping the loss landscape is crucial for balanc-
ing early-stage convergence and late-stage discriminative trans-
fer. Meanwhile, excluding the prompt module substantially
decreases performance (especially on the clothing dataset),
highlighting its necessity in bridging the semantic gap and
mitigating representation bottlenecks. Furthermore, disabling
the MoE module decreases recommendation accuracy across
all scenarios, confirming that isolating optimization trajecto-

Table 4 Model performance of the ablation study

Dataset Metric R@20 N@20

Sports

w/o-Prompt 0.0801 0.0375
w/o-DTS 0.0763 0.0362
w/o-MoE 0.0871 0.0405
ProMoE-DTS 0.0931 0.0438

Clothing

w/o-Prompt 0.0549 0.0248
w/o-DTS 0.0569 0.0255
w/o-MoE 0.0643 0.0277
ProMoE-DTS 0.0708 0.0316

Baby

w/o-Prompt 0.0709 0.0309
w/o-DTS 0.0695 0.0301
w/o-MoE 0.0728 0.0314
ProMoE-DTS 0.0820 0.0364

The best results are in bold

ries via decoupled experts effectively alleviates cross-modal
collisions. Overall, each component contributes synergistically
to the superior performance of ProMoE-DTS.

4.4 Parameter sensitivity analysis

In this subsection, we investigate the impact of key archi-
tectural and optimization hyperparameters on the performance
of ProMoE-DTS. Specifically, we evaluate the depth of GNN
layers (LT and LS), the representation dimensionality (dT and
dS), the feature matching strength (λ1), the number of MoE
experts (n), and the prompt dropout rate (λ2).

4.4.1 Impact of the depth of GNN layers

Fig. 3a illustrates the recommendation performance with
varying GNN layer depths for the teacher (LT) and student
(LS). Optimal performance is achieved at LT = 3 and LS = 1.
The teacher’s performance improves as LT increases to 3, which
is essential for encoding high-order collaborative signals, but
degrades at LT = 4 due to the over-smoothing issue. Crucially,
the student network consistently peaks at a shallow depth of
LS = 1. This validates our asymmetric distillation strategy:
the lightweight student directly inherits highly refined high-
order knowledge, eliminating the need for deep graph convolu-
tions during deployment.

4.4.2 Impact of the representation dimensionality

Fig. 3b presents the sensitivity to the hidden representa-
tion dimensionality. As the teacher’s capacity (dT) increases to
128, the overall performance improves. More importantly, we
observe a distinct dimension decoupling phenomenon. While
the symmetric configuration of d = 64 yields highly compet-
itive results, the student achieves a marginally higher peak
performance at a significantly lower dimensionality of dS = 32

when supervised by a 128-dimensional teacher model. This
demonstrates that a low-dimensional student model can effec-
tively absorb condensed multimodal knowledge while naturally
resisting overfitting, maintaining robust performance with re-
duced computational overhead.

4.4.3 Impact of the feature matching strength

Regarding the sensitivity of the feature matching inten-
sity, Figs. 4a and 4b show that the performance on the sports
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Fig. 4 Performance with different feature matching strengths λ1 on the sports (a) and baby (b) datasets

and baby datasets reaches its peak at λ1 = 0.050, beyond
which the performance drops as λ1 further increases to 0.100.
This trajectory stems from the mathematical interaction be-
tween graph aggregation and the pairwise BPR optimization
loop. Because dense pretrained multimodal vectors possess
substantially higher absolute magnitudes than sparse collab-
orative embeddings, an excessive λ1 over-amplifies semantic
signals during graph propagation, thereby overshadowing col-
laborative structural preferences. Consequently, the inner-
product predictions become biased toward global semantic sim-
ilarities, which compresses the positive–negative score margin
(ŷui − ŷuj) and reduces gradient informativeness. Therefore,
λ1 = 0.05 functions as an optimal threshold that balances
high-dimensional feature matching with collaborative repre-
sentation learning.

4.4.4 Impact of the number of experts

Regarding expert configurations, Fig. 5a shows that the
performance on the sports dataset reaches its highest value at
n = 8 but suffers a performance drop when further scaling to
n = 16, indicating parameter redundancy on data with lower
semantic complexity. Fig. 5b illustrates metrics on the baby
dataset scaling continuously up to n = 16, where higher feature
diversity benefits from expanded capacity within multi-expert
subspaces.

However, expanding the expert pool amplifies computa-
tional overhead. Table 5 profiles the performance, training
cost, and routing distribution on the sports dataset. The con-
figuration with n = 1 represents a shared network baseline
without routing mechanisms. Scaling from n = 4 to n = 8

unedited



12 | ENGINEERING Inform Technol Electron Eng 260160

1 2 4 8 16
n

0.0870

0.0880

0.0890

0.0900

0.0910

0.0920

0.0930

0.0940

R
@

20

0.0405

0.0410

0.0415

0.0420

0.0425

0.0430

0.0435

0.0440

0.0445

N
@

20

1 2 4 8 16
n

0.0740

0.0760

0.0780

0.0800

0.0820

0.0840

R
@

20

0.0320

0.0330

0.0340

0.0350

0.0360

0.0370

0.0380

N
@

20

(a) (b)

Fig. 5 Performance with varying numbers of experts for the decoupled MoE on the sports (a) and baby (b) datasets

Table 5 Performance, computational cost, and routing en-
tropy with varying numbers of experts on the sports dataset

n R@20 Time (s) Memory (GB) Entropy

1 0.0871 8.5 1.62 –
4 0.0931 10.2 1.99 0.96
8 0.0942 18.5 3.85 0.92
16 0.0927 35.1 7.50 0.88

“–” indicates that the routing entropy is not applicable for the single-
network baseline (n = 1) because no routing or gating mechanism is
involved

roughly doubles the memory footprint and per-epoch train-
ing time while yielding merely marginal accuracy gains. Fur-
thermore, to address potential routing collapse, we evaluate
the expert utilization balance using normalized routing en-
tropy. An entropy value approaching 1.0 indicates a perfectly
uniform routing distribution across experts. Tracing the uti-
lization rates for n = 4 reveals a well-balanced allocation of
38.1%, 15.2%, 26.4%, and 20.3% across the experts, achieving
an entropy of 0.96. Notably, as the expert pool expands to
n = 16, the routing entropy degrades to 0.88 alongside a de-
cline in recommendation accuracy. This indicates an increased
risk of allocation imbalance and parameter redundancy. While
n = 8 marginally improves recommendation accuracy, a stan-
dardized selection of n = 4 secures the Pareto optimal trade-off
encompassing deployment efficiency, modeling capacity, and
routing robustness.

4.4.5 Impact of the prompt dropout rate

Regarding the parameter sensitivity of the prompt
dropout probability, Fig. 6a illustrates the evaluation met-
rics under varying dropout rates λ2 on the sports dataset,
where the measured performance tracks a stable distribution
across different allocations and peaks at λ2 = 0.6. Symmetri-
cally, Fig. 6b displays the corresponding evaluation profile on
the baby dataset, demonstrating an equivalent metric maxi-
mum at the λ2 = 0.6 threshold. This shared empirical trajec-
tory across distinct collaborative environments indicates that
a moderate dropout allocation operates as a regularization
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Fig. 6 Performance with different prompt dropout rates λ2

on the sports (a) and baby (b) datasets

component, restricting the teacher architecture from establish-
ing over-dependence on specific multimodal prompt matrices.
Consequently, this constraint bounds the risk of representation
overfitting under severe interaction sparsity and stabilizes the
generalization parameters of the distilled knowledge.
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4.4.6 Impact of temperature boundaries

The dynamic temperature scheduler relies on the bound-
ary parameters τmin and τmax to constrain the adaptation
range. Table 6 profiles the model performance under vary-
ing boundary combinations on the sports dataset to validate
the default configuration. Setting τmax to an excessively high
value of 10.0 over-smooths the early-stage logits, delaying
convergence and yielding suboptimal representation learning.
Conversely, configuring a restricted upper bound of 2.0 fails
to provide sufficient gradient stabilization during the initial
data-sparse phase. Furthermore, setting τmin bounded away
from zero is critical. Approaching zero with a τmin of 0.1
sharply amplifies local curvature, triggering late-stage gradi-
ent explosion as the output residual approaches zero. Conse-
quently, the combination of 0.5 and 5.0 establishes the most
robust optimization trajectory.

Table 6 Performance with varying temperature boundaries
on the sports dataset

τmin τmax R@20 N@20

0.1 5.0 0.0895 0.0418
0.5 2.0 0.0912 0.0425
0.5 10.0 0.0905 0.0420
0.5 5.0 0.0931 0.0438

The best results are in bold

4.5 Efficiency analysis

Table 7 quantifies the computational metrics of ProMoE-
DTS alongside the teacher architecture and HierarchyMD.
The measurements indicate that HierarchyMD introduces
higher runtime resource demands, producing an out-of-memory
(OOM) fault on the 24 GB hardware configuration during
the execution of its dense topology layers, whereas ProMoE-
DTS operates with a lower memory allocation of 2.38 GB.
Furthermore, ProMoE-DTS registers a restricted parameter
size, consuming between 3.28% and 3.55% of the teacher
model’s total parameter allocation (representing a scale of
3.470×106 to 4.010×106). These evaluated scores indicate that
the prompt-based distillation protocol compresses multimodal
representations with less computational resource consumption
than graph-dependent baselines that rely on explicit adjacent
matrix scaling.

4.6 In-depth component analysis

To evaluate temperature scaling in pairwise ranking, we
compare the proposed mechanism against a static temperature
baseline (τ = 1.0), cosine annealing omitting loss feedback,
and absolute loss-magnitude scaling (Islam et al., 2025) on the
sports dataset. As Table 8 indicates, the direct application of
absolute loss scaling degrades performance under the highly
sparse pairwise setting due to gradient instability. The pro-
posed feedback-driven mechanism overcomes this limitation by
maintaining optimization stability, thereby consistently out-
performing the baselines.

Table 8 Performance comparison of temperature schedul-
ing strategies

Dataset Strategy R@20 N@20

Sports

Static 0.0763 0.0362
Cosine annealing 0.0892 0.0416
Loss-magnitude 0.0875 0.0408
ProMoE-DTS 0.0931 0.0438

The best results are in bold

Furthermore, to investigate whether MSE causes seman-
tic averaging compared to fine-grained contrastive learning,
we substitute the alignment objective with an InfoNCE cross-
modal loss on the baby dataset. Table 9 demonstrates that the
contrastive variant decreases accuracy and amplifies computa-
tional latency. This performance degradation occurs because
randomly sampled non-target items frequently act as false neg-
atives. Pushing the student identifier embedding away from
these latent positive items damages the collaborative struc-
ture. Conversely, the proposed MSE strategy functions as a
parameter-free regularizer pulling the student toward the se-
mantic centroid, efficiently averting false-negative distortion.

Table 9 Performance comparison of alignment strategies
on the baby dataset

Alignment R@20 N@20 Relative time

InfoNCE 0.0805 0.0351 1.45×
MSE 0.0820 0.0364 1.00×

Better results are in bold

Table 7 Efficiency comparison of different models in terms of training time (per epoch), peak GPU memory usage, and
parameter size

Dataset Model Time (s) Memory (GB) Number of parameters Ratio (%)

Sports
Teacher 18.30 2.95 9.777× 107 –

HierarchyMD 61.00 18.24 2.406× 107 24.61
ProMoE-DTS 10.20 1.99 3.470× 106 3.55

Clothing
Teacher 24.88 3.42 1.223× 108 –

HierarchyMD† 45.10 37.69 9.839× 107 80.45
ProMoE-DTS 13.90 2.38 4.010× 106 3.28

† HierarchyMD encounters an OOM error on the default RTX 3090 GPU (24 GB); its results are obtained using an NVIDIA A100 (80 GB).
The ratio column denotes the parameter count of the corresponding model relative to the teacher model. “–” in the ratio column indicates
that the teacher model serves as the benchmark (100%), against which student parameter compression ratios are calculated

unedited
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5 Conclusions

This paper addresses the critical bottlenecks in multi-
modal recommendation, specifically, the representation rank
bottlenecks, destructive cross-modal interference, and the
optimization instability inherent in static distillation strate-
gies. To overcome these challenges, we propose ProMoE-DTS,
a novel asymmetric KD framework. Specifically, the ProMoE
module leverages modality-specific expert subspaces for ro-
bust union-of-subspaces approximation and independent ex-
pert libraries for the decoupled optimization of heterogeneous
features, thereby alleviating cross-modal conflicts. Concur-
rently, the DTS adaptively regulates the distillation intensity
via a sequential error-feedback loop to maintain stable gradi-
ent dynamics. Extensive empirical results demonstrate that
ProMoE-DTS significantly outperforms state-of-the-art base-
lines. By condensing heavy multimodal graph operations into
a highly compact ID-based architecture—using only 3.28%–
3.55% of the teacher’s parameters—our framework achieves a
favorable balance between high-fidelity recommendation accu-
racy and deployment efficiency in resource-constrained scenar-
ios. Future research will explore incorporating user-side multi-
modal features and mining higher-order latent structural rela-
tionships to generalize this asymmetric distillation paradigm.
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