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ABSTRACT: In multimodal recommendation, sparse implicit feedback can lead to noisy collaborative graphs, while
long-tail and cold-start items often lack reliable collaborative signals. Textual and visual features provide useful
item-side information, but they may also be incomplete or inconsistent across modalities. These issues make robust
user and item representation learning difficult. To address them, we propose Diffusion Denoising and Generative
Enhancement for Multimodal Recommendation (DDGEM). DDGEM first applies node-wise diffusion denoising in
the latent collaborative space to reduce unreliable user–item signals. It then uses relational diffusion to reconstruct
adaptive item–item relations instead of relying on fixed semantic similarity. For sparse and cold-start items, a
conditional variational autoencoder (CVAE)-based conditional generative module produces complementary item
representations from textual and visual features, followed by popularity-aware generation balance. Finally, behavior-
aware multimodal fusion dynamically combines collaborative, textual, and visual representations for each user–item
pair. Experiments on three public Amazon datasets show that DDGEM outperforms representative collaborative
filtering, generative recommendation, and multimodal recommendation baselines. Further significance tests, ablation
studies, efficiency comparison, graph-noise robustness analysis, strict cold-start evaluation, modality-conflict analysis,
and hyperparameter analysis verify the effectiveness and practical behavior of DDGEM.
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1 Introduction
Recommender systems have become a core component of modern online services, including

e-commerce, social media, and digital entertainment. Most recommendation models infer user preference
from historical user–item interactions [1,2]. This paradigm is effective when feedback is dense and reliable,
but it is fragile under sparse implicit interactions. A click, view, or purchase may reflect real preference, but
it may also result from accidental exposure, temporary interest, or popularity bias. Once such unreliable
signals are encoded into the collaborative graph, graph-based models may repeatedly propagate them and
degrade user and item representations.

Multimodal recommendation introduces item-side content, such as textual descriptions and visual
features, to alleviate sparsity and cold-start issues [3,4]. However, additional modalities are not always
reliable. Textual and visual features may be noisy, incomplete, or even inconsistent with each other. Existing
methods still leave three issues insufficiently addressed. First, matrix factorization methods [2,5], neural
collaborative filtering models [6], and graph-based methods [7] are often trained on imperfect feedback,
while recent contrastive learning and multimodal denoising methods [8–11] mainly reduce feature-level
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noise and rarely model the perturbation and recovery of collaborative embeddings. Second, explicit item–
item graphs [12,13] are usually constructed by fixed similarity measures before training, making them less
adaptive to uncertain semantic relations. Third, long-tail and cold-start items lack reliable collaborative
anchors, and existing content–collaboration fusion methods [14] often overlook sparse-item uncertainty and
the popularity-dependent balance between content and collaborative signals.

To improve representation reliability under these conditions, this paper proposes Diffusion Denoising
and Generative Enhancement for Multimodal Recommendation, termed DDGEM. Instead of loosely
combining several existing techniques, DDGEM follows a structured representation flow. It first applies
node-wise diffusion denoising to refine collaborative user and item embeddings. The denoised item repre-
sentations are then used for relational diffusion graph reconstruction, where candidate item–item relations
are adaptively refined rather than fixed by one-shot similarity calculation. For sparse and cold-start items, a
CVAE-based conditional generative module produces complementary item representations from textual and
visual semantics. Finally, a behavior-aware fusion module dynamically combines collaborative, textual, and
visual signals for each user–item pair, allowing unreliable modalities to be down-weighted when modality
quality is imbalanced or conflicting.

The main contributions of this paper are summarized as follows:

• A unified multimodal recommendation framework, DDGEM, is proposed to improve representation
robustness under sparse interactions, noisy collaborative structures, and modality imbalance.

• Node-wise and relation-level diffusion modules are designed to denoise collaborative embeddings and
adaptively reconstruct item–item relations.

• A CVAE-based conditional generative enhancement module with popularity-aware fusion is developed
to improve item representations for long-tail and cold-start scenarios.

• A behavior-aware multimodal fusion strategy is introduced to dynamically integrate collaborative,
textual, and visual signals. Experiments on three public datasets, together with ablation, significance,
efficiency, robustness, cold-start, and modality-conflict analyses, verify the effectiveness of DDGEM.

2 Related Work

2.1 Collaborative Filtering–Based and Graph Neural Network(GNN)–Based Recommendation
Collaborative filtering is a fundamental paradigm in recommender systems. Matrix factorization and

pairwise ranking methods infer user preference from historical interactions [15,16], while neural recommen-
dation models enhance representation learning through nonlinear user–item interaction functions [6]. These
methods are effective but depend heavily on the quality and density of observed feedback.

Graph neural networks further model high-order collaborative signals by propagating messages over
the user–item bipartite graph [17]. NGCF explicitly encodes high-order connectivity [7], and LightGCN
simplifies graph convolution by retaining only neighborhood aggregation [18]. Recent graph recom-
mendation methods also incorporate contrastive learning or structural motifs to improve representation
robustness [19,20]. A common limitation is that the observed interaction graph is usually treated as reliable.
When implicit feedback contains accidental clicks, weak preferences, or popularity bias, graph propagation
may also spread noise. This motivates denoising-oriented collaborative representation learning.

2.2 Multimodal Recommendation
Multimodal recommendation uses item-side content, such as images and textual descriptions, to

alleviate sparsity and cold-start problems. VBPR introduces visual features into Bayesian personalized
ranking [9]; MMGCN models modality-specific user preference through graph convolution [10]; LATTICE
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constructs modality-aware item–item graphs, and BM3 simplifies multimodal contrastive learning by
bootstrapping latent representations [11,14]. More recent studies investigate multimodal denoising, graph
structure learning, and adaptive modality fusion [21–25]. However, multimodal content is not always reliable.
Item images may contain background noise, style variation, or domain-specific visual bias, while textual
descriptions may emphasize attributes weakly related to user preference. Therefore, static modality fusion
may amplify unreliable content signals, while user–item-specific fusion is more suitable for multimodal
preference modeling.

2.3 Generative and Diffusion Models for Recommendation
Generative models have been used to improve recommendation under sparse and cold-start scenarios.

DropoutNet maps item content features to collaborative embeddings [26]. Variational autoencoders and
conditional variational autoencoders model latent preference distributions and content-conditioned item
representations [27–31]. GoRec further generates cold-start item representations from multimodal content
and collaborative anchors [32]. These methods improve content-based representation learning, but they pay
limited attention to noisy collaborative structures and adaptive item–item relations.

Diffusion models have recently been introduced into recommendation. DiffKG filters noisy knowledge
graph signals through diffusion-based denoising [33]. DiffRec models user–item interaction generation
with a denoising process [34]. Sequential diffusion methods refine user interaction sequences [35–37], and
CDiff4Rec uses reviews to guide collaborative diffusion [38]. DiffMM further applies multimodal diffusion
to recommendation representation learning [39]. These studies show the value of diffusion models, but most
of them focus on sequence generation, knowledge graph denoising, or modality-level enhancement. Jointly
modeling collaborative denoising, relation reconstruction, generative item enhancement, and behavior-
aware fusion remains underexplored.

Diffusion-based generative augmentation has also been studied in computer vision. GenMix performs
diffusion image editing for visual data augmentation [40], while DiffuseMix generates label-preserving
augmented images with diffusion models [41]. Architecturally, these methods place diffusion models before
the downstream task model and use them to synthesize or edit raw visual samples. DDGEM follows a
different design. It does not synthesize images or texts, nor does it use diffusion as an external augmentation
module. Instead, DDGEM embeds diffusion inside the recommendation architecture to denoise collabora-
tive embeddings and refine item relations, while the CVAE module generates latent item representations for
user–item ranking.

In addition, predictor-corrector aided discretized zeroing neural networks highlight the value of stable
iterative modeling in dynamic optimization [42]. Although this line of work is methodologically different
from recommendation, it provides a useful perspective on iterative refinement under noisy conditions.

3 Method

3.1 Overall Framework of DDGEM
Let U , I , and E ⊆ U × I denote the user set, item set, and implicit interaction set. Based on E , we

construct a user–item graph Gui . Each user u and item i has an identifier (ID) embedding eu and ei , while
each item is also associated with textual and visual features x(t)

i and x(v)i .
As shown in Fig. 1, DDGEM follows a sequential representation refinement flow. The graph represen-

tation layer first performs K-hop message passing on Gui to obtain preliminary collaborative embeddings
cu and ci . Textual and visual features are projected and propagated on modality-specific graphs to obtain
e(t)

i and e(v)i . Then, the node-wise diffusion denoiser reconstructs the noisy collaborative embedding cn and
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outputs zu and zi . The relational diffusion graph reconstructor uses the multimodal semantic representation
mi and zi to rebuild the item–item relation matrix A(re l) and obtain z̃i . The conditional generative
module further generates z(g)

i from z̃i and the masked semantic representation m̄i. Finally, the behavior-
aware multimodal fusion module combines collaborative, textual, and visual signals into zmm

u , i for bayesian
personalized ranking (BPR)-based ranking.

Figure 1: Overall framework of the Diffusion Denoising and Generative Enhancement for Multimodal Recommenda-
tion (DDGEM) model. ID, identifier; MLP, multilayer perceptron; CNN, convolutional neural network.

The core representation path of DDGEM is cn → zn → z̃i → z(g)
i → zmm

u , i . In this path, node-wise
diffusion refines the collaborative representation, relational diffusion reconstructs item–item structures
based on denoised and multimodal evidence, conditional generation enhances sparse item representations,
and behavior-aware fusion produces user–item-specific multimodal representations for ranking. This design
also differs from GenMix and DiffuseMix, which apply diffusion to raw image generation or editing before
downstream learning. DDGEM embeds diffusion inside the recommendation architecture and performs
denoising and generation in the latent recommendation space.

3.2 Node-Wise Diffusion Denoiser Module
The graph representation layer outputs the preliminary collaborative embedding cn for each user or

item node n ∈ U ∪ I . As shown in Fig. 2, DDGEM performs node-wise diffusion denoising on cn in the
latent collaborative space. A discrete Gaussian diffusion process with T steps is adopted, where the variance
schedule is linearly increased from βmin to βmax:

βτ = βmin +
τ − 1
T − 1

(βmax − βmin), ατ = 1 − βτ , ᾱτ =
τ
∏
s=1

αs . (1)

For diffusion step τ, the forward process generates the noisy embedding hn ,τ as

q(hn ,τ ∣cn) = N (
√

ᾱτcn , (1 − ᾱτ)I), hn ,τ =
√

ᾱτcn +
√

1 − ᾱτε, (2)

where ε ∼ N (0, I). The denoiser εϕ(⋅) follows the structure in Fig. 2 and is implemented as a three-layer
multilayer perceptron (MLP) with rectified linear unit (ReLU) activation:

εϕ(hn ,τ , τ) =W3σ(W2σ(W1[hn ,τ∥tτ] + b1) + b2) + b3, (3)
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where tτ = τ/T is the normalized time-step embedding and [⋅∥⋅] denotes concatenation. In our implementa-
tion, T = 50, βmin = 10−4, and βmax = 0.02. The node diffusion loss trains the denoiser to predict the injected
noise:

Lnod e = En ,τ ,ε [∥ε − εϕ(hn ,τ , τ)∥2
2] . (4)

After reverse denoising, the reconstructed embedding is denoted as c̃n , and the denoised user and
item representations are denoted as zu and zi . In implementation, the reconstructed item embedding is
injected by

ci ← 0.9ci + 0.1c̃i , (5)

which keeps the original collaborative signal while introducing a denoising prior for the subsequent relation
reconstruction and generative item enhancement.

Figure 2: Schematic diagram of the node-wise diffusion denoiser. ReLU, rectified linear unit.

3.3 Relational Diffusion Graph Reconstructor Module
The denoised item representation zi captures collaborative signals, but item–item semantic relations

are still needed to provide complementary structural evidence. As shown in Fig. 3, DDGEM reconstructs
an adaptive item–item graph from multimodal semantic representations. Here, mi denotes the multimodal
semantic representation obtained from the projected textual and visual features introduced in Section 3.1.
For each item i, candidate neighbors are selected by

N re l
i = TopK j∈I cos(mi , m j). (6)

For each candidate edge (i , j), the pair encoder gφ(⋅) generates the initial relation code

pi j = gφ([mi∥m j]), (7)

where [⋅∥⋅] denotes concatenation.
Relational diffusion is performed on pi j. At relation step ρ, the noisy relation ri j ,ρ is sampled as

q(ri j ,ρ ∣pi j) = N (
√

ᾱρ pi j , (1 − ᾱρ)I), ri j ,ρ =
√

ᾱρ pi j +
√

1 − ᾱρ εi j , (8)
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where εi j ∼ N (0, 1). Following Fig. 3, RelDenoise takes ri j ,ρ , [mi∥m j], and ρ as inputs, and is implemented
as a three-layer MLP with ReLU activation. The relation diffusion loss is

Lre l = E(i , j),ρ ,εi j [∥εi j − εψ(ri j ,ρ , [mi∥m j], ρ)∥2
2] . (9)

After reverse sampling, the denoised relation strength r̂ i j is used to update the candidate edge weight.
The reconstructed item–item matrix is row-normalized as

A(re l)
i j =

[r̂ i j]+
∑k∈N re l

i
[r̂ i k]+

, j ∈ N re l
i , (10)

where [⋅]+ denotes non-negative clipping. The relation-enhanced item representation is then computed by

z̃i = ∑
j∈N re l

i

A(re l)
i j z j . (11)

In implementation, K = 20 candidate neighbors are used, and the relation diffusion adopts T = 50,
βmin = 10−4, and βmax = 0.02.

Figure 3: Structure of the relational diffusion graph reconstruction module. ReLU, rectified linear unit.

3.4 Conditional Generative Item Enhancement Module
Sparse and cold-start items may have weak collaborative anchors even after relation-aware propagation.

As shown in Fig. 4, DDGEM uses a conditional generative module to generate item representations from
multimodal semantics. Given the multimodal semantic representation mi , the content projection and
masking operation produces the masked semantic representation

m̄i = di ⊙ fm(mi), di ∼ Bernoulli(1 − rm), (12)

where fm(⋅) is the content projection network and rm is the mask ratio.
For warm items, the posterior encoder and prior encoder are defined as

qϕ(li ∣z̃i , m̄i) = N (μϕ , i , diag(σ 2
ϕ , i)), pθ(li ∣m̄i) = N (μθ , i , diag(σ 2

θ , i)). (13)

The latent representation is sampled by reparameterization and decoded as

li = μϕ , i + σ ϕ , i ⊙ ε, ε ∼ N (0, I), ẑi = Gχ(m̄i , li). (14)

In implementation, the posterior encoder, prior encoder, and decoder are implemented as MLPs.
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The training objective of this module is

Lc g i e = Lrec + λKLLKL + λuniLuni , (15)

where

Lrec = ∥ẑi − z̃i∥2
2, LKL = DKL (qϕ(li ∣z̃i , m̄i)∥pθ(li ∣m̄i)) , (16)

and the prior uniformity loss over a mini-batch B is

Luni = log 1
∣B∣(∣B∣ − 1) ∑i≠ j

exp (−∥μθ , i − μθ , j∥
2
2) . (17)

In implementation, the semantic-cluster prior is obtained by applying K-means to the prior means
{μθ , i} of warm items. In the cold-start phase, z̃i is unavailable or unreliable. DDGEM samples li from the
semantic-conditioned prior with the nearest semantic-cluster prior as an anchor, and generates the cold-start
item representation by

z(g)
i = Gχ(m̄i , li), li ∼ pθ(li ∣m̄i). (18)

The generated representation z(g)
i is then fed into the behavior-aware multimodal fusion module.

Figure 4: Conditional generative item enhancement and cold-start generation.

3.5 Behavior-Aware Multimodal Fusion Module
Collaborative, textual, and visual signals may contribute differently to different user–item pairs. As

shown in Fig. 5, DDGEM uses a behavior-aware gating mechanism to assign pair-specific modality weights
before final ranking.

For item i, the generation-enhanced representation is projected as the collaborative modality embed-
ding, while textual and visual representations are mapped into the same latent space:

e(c)i =Wcz(g)
i , ê(t)

i =Wte(t)
i , ê(v)i =Wv e(v)i . (19)
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For each user–item pair (u, i), three gating MLPs take the denoised user representation zu and the
corresponding modality embedding as input:

g(c)u , i =MLPc([zu∥e(c)i ]), g(t)
u , i =MLPt([zu∥ê(t)

i ]), g(v)u , i =MLPv([zu∥ê(v)i ]). (20)

The modality weights are obtained by softmax normalization:

[ω(c)u , i , ω(t)
u , i , ω(v)u , i ] = softmax([g(c)u , i , g(t)

u , i , g(v)u , i ]). (21)

The fused representation is computed by weighted summation:

zmm
u , i = ω(c)u , i e(c)i + ω(t)

u , i ê(t)
i + ω(v)u , i ê(v)i . (22)

The ranking score is s(u, i) = z⊺uzmm
u , i .

The ranking objective is optimized by BPR:

LBPR = − ∑
(u , i , j)

log σ (s(u, i) − s(u, j)) , (23)

where i and j are positive and negative items, respectively. Following Fig. 5, DDGEM further uses contrastive
and alignment regularization:

Lcon = −
1
∣B∣ ∑(u , i)∈B

log
exp(sim(zu , zmm

u , i )/τc)
∑i′∈B exp(sim(zu , zmm

u , i′ )/τc)
, (24)

Lal i gn = ∑
i∈B
(∥e(c)i − ê(t)

i ∥
2
2 + ∥e

(c)
i − ê(v)i ∥

2
2) . (25)

Here, sim(⋅, ⋅) denotes cosine similarity, τc is the contrastive temperature, and B is a mini-batch. In
implementation, the projection layers are linear transformations, and each gating branch is implemented as
an MLP.

Figure 5: Structure of the behavior-aware multimodal fusion module. MLP, multilayer perceptron.

3.6 Joint Optimization and Complexity Analysis
Let Θ denote all trainable parameters in DDGEM. The final training objective is

LDDGE M = LBPR + λnod eLnod e + λre lLre l + λc g i eLc g i e + λconLcon + λal i gnLal i gn + λ2∥Θ∥2
2. (26)
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Here, LBPR optimizes ranking, Lnod e and Lre l train the two diffusion denoisers, Lc g i e optimizes
conditional item generation, and Lcon and Lal i gn regularize the fused multimodal representation. These
terms are jointly optimized by back-propagation.

DDGEM applies diffusion in the latent recommendation space rather than in the raw image or text
space. The forward processes perturb collaborative embeddings and relation codes with Gaussian noise, and
the denoisers learn to recover stable latent signals. This gives a denoising interpretation to the node-wise and
relational diffusion modules while keeping the generation process inside the recommendation architecture.

Let d be the embedding dimension, B the mini-batch size, Kg the number of graph propagation
layers, Kr the number of relation neighbors, and T the number of diffusion steps. The dominant training
complexity is

Otrain = O (Kg ∣E ∣d + TBd2 + ∣I ∣Krd + Bd2) , (27)

where the terms correspond to graph propagation, diffusion denoising, relation-enhanced aggregation, and
MLP-based generation/fusion. In implementation, Kr = 20 and T = 50. The semantic TopK graph can be
precomputed before training.

During inference, auxiliary training losses are not optimized, and item-side representations can be
precomputed. For a candidate set Cu , the online cost is mainly from the gating MLPs and dot-product scoring:

Oin f er(u) = O (∣Cu ∣(3d2 + d)) . (28)

4 Experiment
We evaluate DDGEM on three public Amazon datasets. The experiments address seven research

questions (RQs): RQ1: Does DDGEM outperform representative baselines, and are the gains over MIG-GT
statistically reliable across random seeds? RQ2: How much does each module and sub-design contribute?
RQ3: What are the training cost, inference cost, memory usage, and parameter size? RQ4: How robust
is DDGEM to noisy collaborative graphs? RQ5: How does DDGEM perform under strict item cold-start
settings? RQ6: How does DDGEM behave when textual and visual modalities conflict? RQ7: How sensitive
is DDGEM to key hyperparameters?

4.1 Experimental Settings
4.1.1 Datasets

We use three public Amazon Review datasets [43]: Baby, Sports, and Clothing. Each dataset contains
implicit user–item interactions and item-side textual and visual features. Following prior work [44], we use
the released 384-dimensional text features and 4096-dimensional visual features, which are fixed during
training. The dataset statistics are reported in Table 1.

Table 1: Statistics of the Baby, Sports, and Clothing datasets.

Dataset Users Items Interactions Sparsity
Baby 19,445 7050 160,792 99.88%

Sports 35,598 18,357 296,337 99.95%
Clothing 39,387 23,033 278,677 99.97%
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4.1.2 Evaluation Metrics
We evaluate top-K recommendation using Recall@K and normalized discounted cumulative gain

(NDCG)@K, where K ∈ {10, 20}. Recall@K measures the proportion of relevant items retrieved in the
top-K list, and NDCG@K further considers their ranking positions. During evaluation, items observed in the
training set are masked from the candidate list. To examine statistical reliability, DDGEM and the strongest
baseline are run with five random seeds, and significant improvements are marked in Table 2 using paired
t-tests.

4.1.3 Baseline Models for Comparison
We compare DDGEM with representative methods from three groups: collaborative filtering methods,

including MF [2], LightGCN [18], and DirectAU [45]; generative recommendation methods, including
GAR [46], GoRec [32], DGVAE [47], and DiffMM [39]; and multimodal recommendation methods,
including VBPR [9], MMGCN [10], LATTICE [11], BM3 [14], DGHNet [22], FREEDOM [23], DA-MRS [24],
AM2HRec [25], and MIG-GT [44].

4.1.4 Implementation Details
DDGEM is implemented in PyTorch and trained on a single NVIDIA GeForce RTX 3090 graphics

processing unit (GPU). The main recommendation parameters are optimized by AdamW, while the node-
wise and relation-level denoising networks are optimized by Adam. The batch size is set to 8000, and one
negative item is sampled for each positive interaction. The maximum number of training epochs is 600, with
early stopping based on validation Recall@20. The embedding size is 64. The learning rate is 10−2 for Baby and
Sports and 10−3 for Clothing. For both node-wise and relation-level diffusion, we use a linear noise schedule
with T = 50, βmin = 10−4, and βmax = 0.02. The number of candidate neighbors in relational diffusion is set
to 20. The hidden dimension and latent dimension of the CVAE are 256 and 64, respectively. For efficiency
comparison, all reproduced models are evaluated under the same hardware setting.

4.2 Overall Performance Comparison (RQ1)
Table 2 reports the overall performance on the three datasets. The best results are shown in bold, and

the second-best results are underlined. The rows “p-value” and “Improv.“ are computed between DDGEM
and MIG-GT over five random seeds.

DDGEM achieves the best results on all datasets and metrics. Compared with MIG-GT, it improves
Recall@20 by 1.95%, 0.53%, and 3.96% on Baby, Sports, and Clothing, respectively. The correspond-
ing NDCG@20 improvements are 2.43%, 0.98%, and 5.69%. The paired t-test results are below 0.05
(5.00 × 10−2), indicating that the gains are statistically reliable across five random seeds.

The improvements on Sports are smaller than those on Baby and Clothing. One possible reason is
that MIG-GT already captures strong multimodal signals on this dataset, leaving limited room for further
improvement. Nevertheless, DDGEM still gives consistent gains, which supports the usefulness of latent
collaborative denoising, relation reconstruction, generative item enhancement, and behavior-aware fusion
performance.
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4.3 Ablation Study (RQ2)
To examine the contribution of DDGEM’s main modules and internal sub-designs, we conduct module-

level and sub-design-level ablation studies. The module-level variants remove NDD, RDGR, CGIE, BMMF,
or both diffusion modules. The sub-design variants further remove the node diffusion loss, disable relation
diffusion refinement, remove the CVAE KL regularization, remove the popularity-aware gate, or replace
behavior-aware fusion with average fusion.

As shown in Table 3, all variants underperform DDGEM. Removing NDD and RDGR together causes
the largest decline, indicating that collaborative denoising and relation reconstruction are complementary.
The drops caused by w/o CGIE and w/o CVAE KL regularization show that content-conditioned generation
benefits from latent regularization. In addition, w/o BMMF, w/o popularity-aware gate, and Average
fusion reduce performance, confirming the need for adaptive generation balance and user–item-specific
multimodal fusion.

Table 3: Ablation results of DDGEM on the Baby, Sports, and Clothing datasets (best in bold).

Variants Baby Sports Clothing

R@20 N@20 R@20 N@20 R@20 N@20
w/o NDD 0.1019 0.0450 0.1123 0.0512 0.0950 0.0430

w/o RDGR 0.1030 0.0454 0.1126 0.0508 0.0956 0.0438
w/o CGIE 0.1023 0.0455 0.1124 0.0509 0.0951 0.0436

w/o BMMF 0.1035 0.0458 0.1130 0.0513 0.0959 0.0441
w/o NDD+RDGR 0.1018 0.0446 0.1120 0.0504 0.0941 0.0428

w/o node diffusion loss 0.1016 0.0451 0.1122 0.0499 0.0964 0.0440
w/o relation diffusion refinement 0.1022 0.0449 0.1120 0.0505 0.0949 0.0432

w/o CVAE KL regularization 0.1029 0.0454 0.1123 0.0503 0.0956 0.0439
w/o popularity-aware gate 0.1021 0.0452 0.1117 0.0500 0.0952 0.0436

Average fusion 0.1025 0.0456 0.1126 0.0510 0.0966 0.0442

DDGEM 0.1041 0.0463 0.1136 0.0516 0.0971 0.0446

Note: R@20, Recall@20; N@20, NDCG@20; w/o, without; NDD, node-wise diffusion denoiser; RDGR, relational
diffusion graph reconstructor; CGIE, conditional generative item enhancement; BMMF, behavior-aware multimodal
fusion; CVAE, conditional variational autoencoder; KL, Kullback–Leibler.

To further compare diffusion-based denoising with CVAE-based generation, we conduct an incremental
analysis. Here, base removes both designs from DDGEM; base-cvae and base-diff add only CVAE-based
generation and diffusion-based denoising, respectively. As shown in Fig. 6, the single-component variants
do not consistently outperform base, suggesting that either generation or denoising alone is insufficient and
may require coordination with the other component. In contrast, the full DDGEM achieves the best results
on all datasets, indicating that diffusion-based denoising and CVAE-based generation are complementary
rather than redundant.

4.4 Efficiency Analysis (RQ3)
Table 4 reports the training time, inference time, GPU memory usage, and parameter size under the

same hardware setting. DDGEM introduces extra memory and inference cost because it combines diffusion-
based denoising with CVAE-based generation. However, its parameter size remains close to GoRec and
MIG-GT and is much smaller than DiffMM. Its training time is also lower than DiffMM on all datasets.
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Overall, the main overhead of DDGEM comes from memory usage and inference, while its parameter scale
and training cost remain within an acceptable range.

Figure 6: Incremental contribution analysis of diffusion-based denoising and CVAE-based generation. base-cvae,
CVAE-based generation; base-diff, diffusion-based denoising.

Table 4: Efficiency comparison on the Baby, Sports, and Clothing datasets. Param., Train, Infer., and Mem. denote
parameter size (M), training time (s/epoch), inference time (s), and GPU memory usage (GB), respectively.

Model

Baby Sports Clothing

Param.
(M)

Train
(s/epoch)

Infer.
(s)

Mem.
(GB)

Param.
(M)

Train
(s/epoch)

Infer.
(s)

Mem.
(GB)

Param.
(M)

Train
(s/epoch)

Infer.
(s)

Mem.
(GB)

DiffMM 30.26 7.09 3.20 1.33 77.23 18.97 9.64 2.91 96.48 21.99 13.98 3.46
GoRec 2.87 1.28 1.03 1.45 4.63 1.72 1.19 2.01 5.17 2.78 2.11 3.25

MIG-GT 2.63 1.52 6.32 1.84 4.39 2.42 14.91 2.70 7.70 4.31 16.89 5.11
DDGEM 2.99 2.67 6.78 3.40 4.75 6.70 16.99 6.53 8.06 7.16 17.39 10.24

4.5 Graph Noise Robustness Analysis (RQ4)
To evaluate robustness to noisy collaborative graphs, we randomly remove user–item interactions from

the training graph with noise ratios of 5%, 10%, 15%, and 20%. As shown in Fig. 7, both models degrade as the
noise ratio increases. DDGEM consistently obtains higher Recall@20 and lower drop rates than MIG-GT on
all datasets. This indicates that node-wise denoising and relation-level reconstruction help DDGEM reduce
the effect of unreliable collaborative signals.

4.6 Strict Cold-Start Analysis (RQ5)
We further evaluate DDGEM under a strict item cold-start setting. In this setting, cold-start items

are defined as test items with no user–item interactions in the training graph; only textual and visual
features are available for these items. Fig. 8 reports Recall@20 and NDCG@20 on the three datasets.
DDGEM consistently outperforms MIG-GT, with the largest margin on Sports, suggesting that it can
provide more useful item representations when collaborative signals are unavailable. To further illustrate
this effect, Fig. 9 visualizes warm-item and cold-item embeddings on Baby using t-distributed stochastic
neighbor embedding (t-SNE). Compared with MIG-GT, DDGEM shows closer alignment between cold
and warm items, indicating that the generated cold-start representations are better integrated into the
latent space.
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Figure 7: Model performance with respect to graph noise ratio. Bars denote Recall@20, and lines denote the percentage
of performance degradation. R@20, Recall@20.

Figure 8: Performance under the strict item cold-start setting.

Figure 9: t-SNE visualization of warm-item and cold-item embeddings on Baby. Emb., embedding.

4.7 Modality Conflict Analysis (RQ6)
We further evaluate DDGEM under modality conflict settings. Here, Full denotes the original setting

with matched textual and visual features; Text Conflict mismatches textual features across items while keeping
visual features unchanged; and Image Conflict mismatches visual features across items while keeping textual
features unchanged. As shown in Fig. 10, both models degrade under modality conflict, but DDGEM keeps
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higher Recall@20 and NDCG@20 than MIG-GT on all datasets. The drop is larger under text conflict,
suggesting that textual inconsistency has a stronger effect on recommendation performance.

Figure 10: Performance under modality conflict settings.

4.8 Hyperparameter Sensitivity (RQ7)
We analyze the sensitivity of DDGEM to four key hyperparameters: diffusion_steps, cvae_weight, λmsi,

and λdiffcl. As shown in Fig. 11, DDGEM remains relatively stable within moderate ranges. The best results are
generally obtained when diffusion_steps is around 50, cvae_weight is around 0.8, and both λmsi and λdiffcl
are around 0.05. Very small values may provide insufficient denoising or regularization, whereas overly large
values may weaken useful collaborative signals.

Figure 11: Hyperparameter sensitivity of DDGEM on the Baby, Sports, and Clothing datasets. (a) Performance with
different numbers of diffusion steps; (b) performance with different CVAE weights; (c) performance with different
values of λmsi, the weight of the cosine-based representation consistency loss; (d) performance with different values of
λdiffcl, the weight of the diffusion-related contrastive loss. CVAE, conditional variational autoencoder.
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5 Conclusion
We proposed DDGEM, a diffusion denoising and generative enhancement framework for multimodal

recommendation. DDGEM refines collaborative representations through node-wise diffusion, reconstructs
adaptive item–item relations with relational diffusion, enhances sparse item representations through CVAE-
based generation, and integrates multimodal signals with behavior-aware fusion. Experiments on three
Amazon datasets show that DDGEM improves recommendation accuracy over representative baselines,
with statistically reliable gains over MIG-GT. Further ablation, efficiency, graph-noise robustness, strict cold-
start, modality-conflict, and hyperparameter analyses verify the contribution and practical behavior of the
main designs.

Although DDGEM improves robustness and cold-start recommendation, it introduces additional
memory and inference cost due to the diffusion and generative modules. Future work will focus on lighter
denoising architectures, more efficient inference, evaluation on industrial-scale recommendation scenarios,
and temporal preference modeling for dynamic recommendation.
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