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A Appendix
A.1 Fourier Transform

Discrete Fourier Transform. Discrete Fourier Transform (DFT)
is a fundamental tool in digital signal processing [10] that converts
a sequence from the time domain to the frequency domain. Given a
sequence {x;} with j € {0,1,...,n — 1}, the DFT transforms it into
the frequency domain according to:

X nZIx exp( 2mjk) 0<k<n-1 (1)

k= i -—jk|, <k<n-1,
=i "

where i is the imaginary unit, and X denotes the spectrum of the
sequence at frequency step wy = 27k /n. The DFT is a one-to-one
transformation, and the original sequence can be recovered from
its spectrum via the Inverse DFT (IDFT):

ln—1 2ri
xj:—ZJ?kexp(ﬂjk), 0<j<n-1. 2)
n & n

Fast Fourier Transform. The Fast Fourier Transform (FFT) is
an efficient algorithm for computing the DFT, which reduces the
time complexity from O(n?) in the naive DFT to O(nlogn) by
factorizing the DFT matrix into a product of sparse factors [1]. The
inverse DFT can likewise be efficiently computed via the Inverse
FFT (IFFT). Since FFT converts input signals into the frequency
domain where periodic characteristics are more easily captured, it
is widely adopted in sequential modeling to filter noise [13-15].

In this work, we apply FFT and IFFT to the multi-modal item
embedding sequence H € R™* for sequence-level denoising. Specif-
ically, FFT projects the sequence from the time domain into the
frequency domain, where a learnable complex-valued filter mod-
ulates the spectrum to suppress noise-induced components; IFFT
then reconstructs the purified sequence back to the time domain
for downstream preference modeling.

A.2 Details of Baselines

We compare our method with well-known SR baselines with two
categories:

ID-based Models:

o SASRec [4] employs a unidirectional self-attention mecha-
nism to capture sequential dependencies among items for
next-item prediction.

e BERT4Rec [7] adopts a bidirectional Transformer with
a masked item prediction task to learn richer sequential
representations.

o FEARec [2] augments self-attention with frequency-domain
components via a ramp structure to capture both low- and
high-frequency sequential signals.

e BSARec [6] leverages the Fourier transform to integrate
frequency information into self-attention, mitigating the
oversmoothing problem in sequential recommendation.

Multi-modal Models:

Table 1: Efficiency comparison with DMMD4SR. Time/E (s)
denotes the average training time per epoch, and MU (GB)
indicates GPU memory usage.

Datasets ‘ Model ‘ Recall@20 ‘ NDCG@20 ‘ Time/E ‘ MU
DMMD4SR 0.1129 0.0466 42s 18.13G
Beauty

DDMSR 0.1579 0.0671 14s 9.32G
Sports DMMD4SR 0.0672 0.0262 62s 18.48G
P DDMSR 0.0975 0.0417 26s 12.36G
Tovs DMMD4SR 0.1159 0.0488 36s 18.13G
b4 DDMSR 0.1660 0.0695 11s 8.56G
MicroLens DMMD4SR 0.1216 0.0490 136s 18.44G
DDMSR 0.1497 0.0637 53s 11.15G

e UniSRec [3] learns transferable universal sequence rep-
resentations from item textual descriptions via a paramet-
ric whitening and MoE-enhanced adaptor, enabling cross-
domain recommendation.

o MISSRec [8] designs an interest-aware Transformer encoder-
decoder that captures sequence-level multi-modal user in-
terests and adopts a dynamic fusion module for user-adaptive
item representations.

e MP4SR [11] proposes a multi-modal pre-training frame-
work that leverages contrastive learning to capture corre-
lations among different modality sequences of users and
items for enhanced sequential recommendation.

e TedRec [9] transforms textual and ID embeddings into the
frequency domain via Fourier transform, achieving effective
sequence-level text-ID semantic fusion through element-
wise multiplication.

e HMA4SR [12] proposes a hierarchical time-aware Mixture-
of-Experts framework that integrates explicit temporal in-
formation with multi-modal features to model dynamic
user interests.

e DMMDA4SR [5] introduces a diffusion model-based multi-
level denoising framework that progressively mitigates do-
main shift noise and interest-agnostic noise in multi-modal
representations for sequential recommendation.

For a fair comparison, we train UniSRec, MP4SR and MISSRec from
scratch without pre-training on additional datasets.

A.3 Efficiency Analysis

In this section, we comprehensively compare the training efficiency
of our proposed DDMSR against the generative diffusion-based
baseline, DMMDA4SR, from both theoretical complexity and empiri-
cal perspectives.

Let B denote the batch size, L the maximum sequence length, d
the hidden feature dimension, N the item vocabulary size, and k
the number of retained neighbors in the sparse similarity graph.
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Theoretical Training Complexity. The denoising module of
DMMDA4SR heavily relies on multiple generative diffusion networks.
During the training phase, for each batch, DMMD4SR not only
computes the reconstruction loss but also executes a T-step autore-
gressive reverse sampling across M independent diffusion networks
(e.g., text, image, and sequence SDNets) to obtain denoised repre-
sentations for subsequent sequence encoding. Since the single-step
prediction of each network is dominated by MLPs with a complex-
ity of O(B - L - d%), the total time complexity per training batch
reaches:

Opmvpasr = O(M -T - B- L -d?) ®3)
Furthermore, storing the multi-step computational graphs and gra-
dients for all modality experts incurs an extremely high memory
footprint.

In contrast, DDMSR introduces a highly efficient discrimina-
tive spatial-frequency denoising paradigm. For the Graph Feature
Denoiser, graph aggregation over the entire item vocabulary is per-
formed via sparse matrix multiplication, incurring a per-forward
cost of O(N-k-d). For the sequence Frequency Filter, high-frequency
noise is suppressed in a single one-shot operation: across F stacked
filter layers, the Fast Fourier Transform (FFT) and its inverse con-
tribute O(F - B-d - Llog L), while the sequential gating mechanism
contributes O(F - B - L - d?). The combined per-batch training com-
plexity of DDMSR is therefore:

Oppmsk =O(N -k+-d + F-B-L-d-(logL+d)). (4

It is worth noting that although Eq. (4) contains the term O(N -
k - d), this operation amounts to a single, highly optimized sparse
aggregation step whose practical wall-clock overhead is negligible
compared to the repeated multi-step MLP evaluations in diffusion-
based denoising. The training complexity of DDMSR can therefore
be effectively regarded as O(F - B- L -d - (logL + d)). Moreover,
during online inference, the item-level graph aggregation can be
pre-computed entirely offline, eliminating the O(N -k - d) term from
the online critical path and reducing its effective inference-time
cost to O(1).

Empirical Efficiency. The theoretical advantages are strongly
validated by the empirical training overhead presented in Table ??.
Across all evaluated datasets, DDMSR consistently achieves a 2.5x
to 3% speedup in training time per epoch (Time/e) compared to
DMMDA4SR (e.g., reducing the training time from 42s to 14s on
the Beauty dataset). Additionally, by completely circumventing the
cumbersome multi-step diffusion graphs, DDMSR reduces GPU
memory usage (MU) by roughly 30% to 50%. Most importantly,
while substantially reducing both computational and memory costs,
DDMSR still yields significant performance improvements in Re-
call@20 and NDCG@20. This firmly demonstrates the superiority,
scalability, and practical value of our proposed method in real-world
recommender systems.

A.4 More Hyperparameter Sensitivity Analysis
A.5 Hyperparameter Sensitivity Analysis

Due to space limitations in the main text, we present detailed hy-
perparameter sensitivity analyses in this section. Specifically, we
investigate the impact of the number of top-K neighbors in the
semantic graph, the number of frequency-domain denoising layers
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Figure 3: Effects of the contrastive learning weight A.

L¢, and the contrastive learning weight A on the overall recommen-
dation performance.

Impact of Top-K Neighbors. Figure 1 shows the impact of the
number of retained neighbors (K € {5,10,15,20}) during item
semantic graph construction. The optimal K varies across datasets:
Sports performs best at K = 10 and MicroLens at K = 20, while
Beauty and Toys achieve peak performance at K = 5. We attribute
this to differences in item vocabulary scale and interaction density.
For datasets with fewer items and sparse interactions (e.g., Beauty
and Toys), a smaller K better preserves the most relevant neighbors
and avoids introducing semantic noise. In contrast, datasets with
larger item sets or denser interactions (e.g., Sports and MicroLens)
benefit from a larger K to capture richer semantic relationships.
Overall, the performance remains relatively stable across different K
values, demonstrating the robustness of our graph-based denoising
module.
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Table 2: Robustness under Noise (Recall@20)

‘ Clean ‘ n, =0.1 ‘ n, =03 ‘
| R@20 | R@20 Drop | R@20

UniSRec 0.1265 | 0.1047 -17.2% | 0.0961 -24.0% | 0.0677 -46.5%
Beauty DMMD4SR | 0.1109 | 0.0958 -13.6% | 0.0902 -18.7% | 0.0640 -42.3%
DDMSR 0.1579 | 0.1405 -11.0% | 0.1337 -15.3% | 0.1039 -34.2%

n, =0.5
Drop ‘ R@20  Drop

Dataset ‘ Method

UniSRec 0.1374 | 0.1139  -17.1% | 0.1079 -21.4% | 0.0756 -45.0%
MicroLens | DMMD4SR | 0.1219 | 0.1012 -17.0% | 0.0962 -21.1% | 0.0661 -45.8%
DDMSR 0.1499 | 0.1337 -10.8% | 0.1302 -13.1% | 0.1011 -32.6%

Impact of Frequency-Domain Denoising Layers. Figure 2 il-
lustrates the influence of the number of frequency filter layers
(Ly € {1,2,3}). The optimal Ly is dataset-dependent: Beauty and
MicroLens achieve their best performance at Ly =2,ToysatLy =1,
and Sports at Ly = 3. Generally, performance improves when in-
creasing Ly from 1 to 2 on most datasets, but further deepening
the network to 3 layers yields marginal gains or even slight degra-
dation. This reveals a critical trade-off between noise suppression
and information preservation. Datasets with heavier interaction
noise (e.g., Sports) require deeper filtering, while relatively cleaner
datasets (e.g., Toys) may suffer from over-smoothing or information
loss when excessive filtering layers are applied.

Impact of Contrastive Learning Weight A. The hyperparameter
A controls the magnitude of the multi-modal contrastive alignment
objective, balancing the auxiliary cross-modal regularization with
the primary sequential recommendation task. We search for the
optimal A within {0.001,0.01,0.1,0.5,1.0}. As depicted in Figure 3,
performance steadily improves as A increases from 0.001, reaching a
consistent peak at A = 0.1. However, increasing A beyond 0.1 (e.g., to
0.5 or 1.0) leads to a sharp performance drop. This trend aligns with
our intuition: a moderate contrastive weight effectively bridges
the heterogeneity gap between modalities and enforces semantic
consistency. Conversely, an excessively large A causes the model to
over-focus on the alignment task, dominating the gradient updates
and inducing negative transfer to the main temporal preference
modeling. Hence, we set A = 0.1 across all main experiments.

A.6 Noise Robustness

As clarified, our feature denoising targets semantic artifacts, not
random numerical fluctuations. Injecting synthetic random noise
corrupts the representation manifold, causing graph aggregation
to inadvertently amplify unstructured interference. Furthermore,
realistically simulating multi-modal semantic noise (e.g., altering
backgrounds) is complex and introduces confounders. Therefore,
to strictly evaluate noise robustness, we conducted sequence-level
perturbations to simulate the common noise in recommendation
systems. Specifically, we replaced a proportion (n, € {0.1,0.3,0.5})
of actual user interactions with random items to mimic severe acci-
dental clicks. While all models degrade due to sequence corruption,
DDMSR exhibits the strongest resilience. As shown in Table 2, un-
der extreme 50% noise on MicroLens, DDMSR’s Recall@20 drops
by only 32.6%, significantly outperforming DMMD4SR (45.8% drop)
and UniSRec (45.0% drop). This rigorously proves that our frequency
filter actively attenuates anomalous signals rather than acting as a
standard transformation.
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7500 3% 20000 25%
g g
g 6000 a% § g 16000 9% &
2 @3 -4
E T E H
5 4500 0% 5. & 12000 13%5
- 2
8 38 ]
% 3000 —e s H
N % 3y 8000 ™ 3
£ E
1500 —12% 4000 e
ltq—n——x—w—x——x

105 (510)1015}15,20)70,25)55,3%) 30,35
Item Popularity
(a) Beauty

105 (5,39)10,35)15,29)50,25)5,3%) 30,35
Item Popularity
(b) MicroLens-100k

Figure 4: Performance improvement across different item
popularity (Long-tail) groups.

A.7 Long-Tail Analysis

Pure ID-based models (e.g., SASRec) inherently suffer from rep-
resentation collapse on data-sparse items. In Fig. 4, we establish
the pure ID model SASRec as the baseline to evaluate relative per-
formance improvements. While other multi-modal models exhibit
moderate robustness on infrequent items, DDMSR decisively dom-
inates. It achieves massive, unprecedented performance gains on
the least frequent items (e.g., the [0, 5) and [5, 10) bins). This di-
rectly confirms that our graph-based semantic denoising, coupled
with cross-modal alignment, successfully leverages neighborhood
aggregation and modality complementarity to enrich high-quality
multi-modal representations for long-tail items where interactions
are extremely scarce.
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