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Abstract—Sequential recommendation predicts users’ next in-
terests from historical interactions, while cross-domain recom-
mendation transfers this capability across domains but is often
hindered by data sparsity and temporal-rhythm discrepancy.
To address this, we propose FREQ, a frequency-domain en-
hancement module built on PREPREC. FREQ constructs multi-
scale item popularity windows and applies the discrete Fourier
transform to obtain spectral representations, enabling better
modeling of long- and short-term dynamics across domains.
It further introduces residual frequency-domain injection with
lightweight gating and a cross-scale consistency regularization to
improve representation stability and transferability. Experiments
show that FREQ typically outperforms strong baselines, with
larger gains when the source and target domains exhibit greater
periodic discrepancy.

I. INTRODUCTION

Sequential recommendation (SR) predicts users’ next in-
terests from historical interactions, while cross-domain rec-
ommendation (CDR) transfers this capability from a source
domain to a target domain. In practice, CDR is hindered by
two major challenges: sparse interactions, which limit reliable
preference learning and item representation learning [1], [2],
and domain discrepancy, where differences in user behavior
and item popularity degrade transfer performance [3].

Existing methods typically alleviate sparsity by transfer-
ring user/item knowledge from data-rich domains, often with
auxiliary information or target-domain interactions. To reduce
domain discrepancy, representative solutions include adversar-
ial alignment and federated aggregation, such as DAA and
PPCDR [4], [5], but they usually require additional target-
domain supervision, unstable optimization, or high commu-
nication overhead. PREPREC learns general representations
from timestamped popularity dynamics without side informa-
tion or target-domain fine-tuning [6]. However, it still has
three limitations: 1) it does not explicitly model cross-domain
differences in behavioral rhythms; 2) it does not clearly
separate long-term trends from short-term fluctuations; and
3) its multi-scale popularity signals are concatenated without
explicit consistency constraints.

To address these limitations, we propose FREQ, a
frequency-domain enhancement mechanism for cross-domain
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sequential recommendation. FREQ first constructs multi-scale
popularity windows and applies the discrete Fourier transform
(DFT) to obtain spectral representations, which make long-
and short-term dynamics more separable and improve compa-
rability across domains with different dominant periods. It then
injects frequency-domain features into the backbone through
residual connections and lightweight gating, enabling the
model to capture both the magnitude and rhythm of popularity
dynamics without modifying the backbone architecture. In
addition, we introduce cross-scale consistency regularization
in both spectral and prediction spaces to stabilize multi-scale
representations.

The main contributions are as follows:
• We propose FREQ, a plug-in frequency-domain enhance-

ment mechanism for zero-shot cross-domain sequential
recommendation.

• We combine multi-scale temporal windows with spectral
analysis to model long-term trends, short-term fluctua-
tions, and cross-domain rhythm differences.

• We design residual spectral injection with lightweight
gating and a cross-scale consistency regularization to
improve transfer robustness and representation stability.

Experiments on multiple public cross-domain datasets show
that FREQ typically outperforms strong baselines, especially
when the source and target domains exhibit substantially
different dominant periods. Code is available at: https://pa
n.baidu.com/s/10uBm5tPNfCSMr3eeAvLdEg?pwd=952t.

II. RELATED WORK

Sequential Recommendation Sequential recommendation
models users’ next-item preference from interaction his-
tories. Representative methods evolve from Markov-chain-
based models to deep sequential architectures such as RNNs,
LSTMs, and GRUs, and more recently to self-attention-
based models such as SASRec, BERT4Rec, and TiSASRec,
which improve long-range dependency modeling and temporal
awareness [7]–[11]. Self-supervised and contrastive methods
further enhance the robustness of sequence representations
[12], [13]. However, most existing SR methods are built on in-
domain ID representations and local temporal dependencies,
which limits their generalization in cross-domain and weakly
supervised settings.



Fig. 1. The overview of FREQ.

Cross-domain Recommendation Cross-domain recom-
mendation transfers knowledge from source domains to im-
prove recommendation in data-sparse target domains. Existing
methods mainly rely on shared features, latent-space mapping,
transfer learning, deep representation learning, or multimodal
fusion [14]–[19]. Although effective, these approaches focus
primarily on representation alignment across domains, while
paying limited attention to temporal-rhythm differences such
as domain-specific interaction frequency and behavioral cy-
cles. This limits their adaptability when the two domains
exhibit asynchronous temporal patterns.

III. METHOD

This section introduces the FREQ framework (Fig. 1),
including the PREPREC backbone, the frequency-domain
module, and the zero-shot inference process.

A. Base Model Structure

PREPREC models cross-domain sequential behavior
through item popularity dynamics at multiple temporal scales.
It contains three components: a popularity encoding layer, a
temporal–positional encoding layer, and a Transformer-based
sequential modeling layer.

For popularity encoding, PREPREC aggregates the inter-
actions of item vj into long- and short-period popularity
sequences, denoted by atj and btj , and converts them into
percentile-based representations P(atj) and P(btj). After pop-
ularity encoding, the long- and short-scale representations
are concatenated and linearly projected into a universal item
representation:

etj = Wp

[
Pt

j ∥Ht
j

]
, (1)

where Wp is a learnable projection matrix, and Pt
j and Ht

j

denote the long- and short-scale popularity representations
before time t.

In the temporal–positional encoding layer, PREPREC mod-
els both relative time intervals and sequence order. For user
u with interaction sequence Su, the interval between two
consecutive interactions is tu,j = t(vu,j+1) − t(vu,j), and its
rank within the user sequence is ru,j = rank(tu,j). The rank is
mapped to a sinusoidal embedding Tru,j

, while each position
l is associated with a positional encoding Pl.

In the sequential modeling layer, the Transformer input is
xu,l = eu,l +Tu,l +Pl. Stacked Transformer layers produce
the user representation qu. The prediction score for candidate
item vj is then computed by

ŷ(vj | Su) =
〈
qu, e

(curr)
j

〉
, (2)

and candidate items are ranked accordingly.

B. Frequency-Domain Modeling and Residual Signal Injection
Mechanism

1) Multi-Scale Time Window Design: PREPREC summa-
rizes popularity at the current step but does not preserve its
temporal evolution. To model such dynamics, FREQ treats
popularity as a time-evolving signal and constructs multi-scale
historical windows. Let pv(t) denote the interaction count of
item v at time step t. For item v at reference time t, the window
at scale s is

X
(s)
v,t =

[
pv(t−Ls), pv(t−Ls+1), . . . , pv(t−1)

]
, s ∈ {L, S},

(3)
where the long scale captures relatively stable low-frequency
trends and the short scale captures high-frequency local vari-
ations. The resulting windows X

(L)
v,t and X

(S)
v,t are then fed



into the frequency-domain module. For clarity, all frequency-
domain quantities are defined at the item–time level, while
recommendation scores are defined at the user–time–item
level.

2) Spectral Feature Extraction and Band-wise Aggregation:
Multi-scale windows capture popularity dynamics in the time
domain, but do not explicitly represent periodic strength.
FREQ therefore applies the discrete Fourier transform (DFT)
to each window. For item–time pair (v, t) and scale s ∈ {L, S},
let F

(s)
v,t (k) denote the DFT of X

(s)
v,t at frequency bin k.

We use the squared magnitude |F (s)
v,t (k)|2 as spectral energy,

which emphasizes periodic strength while discarding phase
information.

To reduce redundancy and noise, FREQ partitions the spec-
trum into geometric frequency bands and computes the root
mean square (RMS) energy for each band:

Z
(s)
v,t,b =

√√√√ 1

|B(s)
b |

∑
k∈B

(s)
b

|F (s)
v,t (k)|2, (4)

where b = 1, . . . , Bs and s ∈ {L, S}.
The long and short scales use different band numbers to

balance low- and high-frequency resolution. After compression
and normalization, we obtain spectral descriptors f (L)v,t and f

(S)
v,t .

They are concatenated and projected into a unified hidden
space:

h
(freq)
v,t = LayerNorm

(
Wf

[
f
(L)
v,t ∥ f (S)v,t

])
, (5)

where h
(freq)
v,t characterizes the multi-scale periodic energy

structure of item v at time t.
3) Frequency Domain Residual Injection Strategy: To in-

corporate spectral information without disturbing the backbone
representation, FREQ injects frequency-domain features into
the candidate item representation in a residual manner:

ẽ t
v = e t

v + αv,t h
(freq)
v,t , (6)

where e t
v is the base representation of item v at time t, h(freq)

v,t

is its frequency-domain representation, and αv,t ∈ [0, 1] is an
adaptive gating coefficient. Since the spectral branch charac-
terizes item-side periodic popularity, residual injection enables
effective matching with the user-side context representation
qu,t.

The gate αv,t is generated by a lightweight multilayer
perceptron:

αv,t = σ
(
W2 ReLU(W1h

(freq)
v,t )

)
, (7)

where σ(·) is the Sigmoid function. This allows the model to
adaptively control the amount of frequency-domain injection.

4) Cross-Scale Consistency Constraint: To stabilize multi-
scale frequency modeling, FREQ imposes consistency con-
straints in both the spectral and prediction spaces. For each
user–time pair (u, t), let Ωu,t = {vu,t+1} ∪ Nu,t denote the
candidate set, where vu,t+1 is the ground-truth next item and
Nu,t is the sampled negative set. Each candidate item v ∈ Ωu,t

is associated with two spectral descriptors, f (L)v,t and f
(S)
v,t .

In the spectral space, we align the directions of the two
descriptors by minimizing the cosine distance:

Lspec =
1

N

∑
u

∑
t

∑
v∈Ωu,t

[
1− cos

(
f
(L)
v,t , f

(S)
v,t

)]
, (8)

where N =
∑

u

∑
t |Ωu,t|. This term reduces cross-scale drift

in spectral structure.
In the prediction space, let ŷ

(L)
u,t,v and ŷ

(S)
u,t,v denote the

long- and short-scale scores. We center the scores within each
candidate set and constrain only their relative shapes:

Llogit =
1

N

∑
u

∑
t

∑
v∈Ωu,t

((
ŷ
(L)
u,t,v − ¯̂y

(L)
u,t

)
−

(
ŷ
(S)
u,t,v − ¯̂y

(S)
u,t

))2

,

(9)
where

¯̂y
(s)
u,t =

1

|Ωu,t|
∑

v∈Ωu,t

ŷ
(s)
u,t,v, s ∈ {L, S}.

This term encourages consistent relative scoring patterns
across scales. Together, Lspec and Llogit improve the stability
of cross-scale representations and outputs.

5) Training and Inference: The overall objective consists of
the main recommendation loss and the cross-scale consistency
regularization terms. For the main task, we adopt a binary
cross-entropy objective over the ground-truth next item and
sampled negative items. Specifically, for each user–time pair
(u, t), let vu,t+1 denote the ground-truth next item and let Nu,t

denote the set of sampled negative items. The supervised loss
is defined as

Lsup = − 1

M

∑
u

|Su|−1∑
t=1

[
log σ

(
ŷu,t,vu,t+1

)
+

∑
v−∈Nu,t

log σ
(
−ŷu,t,v−

)]
,

(10)
where M is the number of effective training instances. This
objective drives the model to distinguish the ground-truth next
item from less relevant candidates under the sequential context,
thereby capturing the dynamic evolution of user preferences.

On top of the supervised objective, the model jointly
minimizes the cross-scale consistency regularization, which
includes the spectral-structure consistency term Lspec and
the prediction-distribution consistency term Llogit. The final
training objective is

L = Lsup + λspecLspec + λlogitLlogit, (11)

where λspec and λlogit are weighting coefficients that control
the strengths of the two regularization terms.

During inference, no additional optimization is required.
Both in-domain and cross-domain tasks directly reuse the
model trained on the source domain. In-domain inference
follows the standard sequential recommendation pipeline. For
cross-domain inference, all model parameters are kept fixed,
while the frequency-domain features of target-domain items
are recomputed from their popularity time series. Based



TABLE I
IN-DOMAIN RECOMMENDATION PERFORMANCE. BOLDFACE INDICATES THE BEST PERFORMANCE, AND UNDERLINING INDICATES THE SECOND-BEST

PERFORMANCE.

Dataset Office Tool Movie Music Epinions
Metric N@10 R@10 N@10 R@10 N@10 R@10 N@10 R@10 N@10 R@10

MostPop 0.272 0.450 0.274 0.459 0.361 0.586 0.327 0.519 0.296 0.438
BPR 0.289 0.457 0.216 0.363 0.477 0.747 0.434 0.646 0.397 0.568
NCF 0.266 0.446 0.239 0.388 0.505 0.784 0.437 0.652 0.396 0.570

LightGCN 0.293 0.465 0.275 0.463 0.512 0.793 0.447 0.665 0.396 0.575
Caser 0.334 0.512 0.297 0.496 0.701 0.891 0.576 0.796 0.475 0.674

SasRec 0.354 0.539 0.337 0.536 0.749 0.918 0.599 0.816 0.501 0.705
BERT4Rec 0.358 0.541 0.350 0.544 0.728 0.900 0.602 0.816 0.512 0.702
TiSasRec 0.349 0.531 0.341 0.539 0.752 0.918 0.523 0.809 0.499 0.701
CL4SRec 0.358 0.550 0.352 0.548 0.725 0.899 0.597 0.813 0.481 0.662
PREPREC 0.335 0.530 0.339 0.544 0.740 0.903 0.570 0.770 0.542 0.732

FREQ 0.343 0.544 0.347 0.555 0.760 0.914 0.599 0.795 0.591 0.783

TABLE II
CROSS-DOMAIN RECOMMENDATION PERFORMANCE.

NDCG@10 HR@10 NDCG@5 HR@5 NDCG@1
Source→Target PREPREC FREQ PREPREC FREQ PREPREC FREQ PREPREC FREQ PREPREC FREQ

Office→Tool 0.309 0.321 0.483 0.509 0.275 0.282 0.378 0.389 0.164 0.167
Office→Movie 0.645 0.699 0.856 0.883 0.614 0.673 0.761 0.804 0.442 0.518
Office→Music 0.548 0.549 0.752 0.757 0.514 0.514 0.645 0.651 0.363 0.358

Office→Epinions 0.511 0.528 0.715 0.728 0.478 0.497 0.613 0.634 0.324 0.340
Tool→Office 0.313 0.309 0.494 0.495 0.276 0.269 0.378 0.372 0.165 0.159
Tool→Movie 0.675 0.720 0.873 0.900 0.648 0.696 0.790 0.825 0.478 0.541
Tool→Music 0.537 0.497 0.734 0.723 0.505 0.454 0.636 0.592 0.356 0.304

Tool→Epinions 0.492 0.472 0.691 0.693 0.459 0.431 0.589 0.566 0.311 0.283
Movie→Office 0.310 0.325 0.516 0.524 0.266 0.284 0.381 0.396 0.145 0.164
Movie→Tool 0.320 0.328 0.525 0.539 0.277 0.282 0.392 0.397 0.155 0.160

Movie→Music 0.518 0.538 0.762 0.745 0.481 0.506 0.650 0.649 0.292 0.342
Movie→Epinions 0.514 0.546 0.759 0.748 0.478 0.516 0.648 0.655 0.288 0.355

Music→Office 0.318 0.323 0.508 0.515 0.279 0.284 0.387 0.395 0.162 0.165
Music→Tool 0.287 0.295 0.465 0.485 0.250 0.254 0.349 0.357 0.144 0.144

Music→Movie 0.534 0.576 0.826 0.857 0.481 0.528 0.666 0.711 0.284 0.326
Music→Epinions 0.520 0.566 0.715 0.763 0.490 0.539 0.662 0.680 0.336 0.373
Epinions→Office 0.328 0.323 0.524 0.521 0.288 0.283 0.402 0.396 0.166 0.162
Epinions→Tool 0.330 0.322 0.538 0.527 0.286 0.278 0.402 0.392 0.163 0.158

Epinions→Movie 0.579 0.597 0.862 0.877 0.535 0.558 0.730 0.755 0.321 0.336
Epinions→Music 0.574 0.588 0.766 0.780 0.543 0.559 0.671 0.690 0.396 0.406

on these signals, the model constructs the corresponding
residual-enhanced candidate representations ẽ t

v , which are then
matched with the user-side context representation for forward
prediction. This procedure does not rely on interaction-based
training in the target domain, thereby enabling zero-shot cross-
domain transfer.

Overall, FREQ learns complementary representations in the
time and frequency domains without modifying the backbone
sequential modeling architecture.

IV. EXPERIMENTS

We conduct experiments to answer the following questions:
• RQ1: Does FREQ consistently improve performance in

both in-domain and cross-domain recommendation?
• RQ2: Which side benefits more from residual frequency-

domain injection?
• RQ3: Which temporal normalization scheme is more

suitable for zero-shot cross-domain inference?
• RQ4: How do source–target spectral differences relate to

the cross-domain gains of FREQ?
• RQ5: Are all components of FREQ effective?

A. Experimental setup

Datasets. We evaluate on five real-world datasets: Amazon
(Office, Tool) [20], Douban (Movie, Music) [21], and Epinions
[22], [23]. Following prior work [9], [10], we adopt leave-
one-out splitting for each user: the most recent interaction for
testing, the second most recent for validation, and the rest for
training.

Baselines. We compare FREQ with four groups of base-
lines: non-sequential recommenders (MostPop, BPR [24]),
collaborative filtering methods (NCF, LightGCN [25], [26]),
sequential recommenders (SASRec, BERT4Rec, TiSASRec,
CL4SRec, Caser [9]–[11], [13], [27]), and the zero-shot cross-
domain baseline PREPREC [6].

Implementation details. All models are implemented in
PyTorch under the same data split and evaluation protocol.
FREQ is built on the PREPREC backbone and shares the
same optimizer, learning rate, and early-stopping strategy; only
frequency-related hyperparameters are tuned separately. All
cross-domain experiments follow a strict zero-shot setting.
Each experiment is repeated five times with different random



TABLE III
CROSS-DOMAIN PERFORMANCE CHANGES WITH DIFFERENT

FREQUENCY-DOMAIN RESIDUAL INJECTION STRATEGIES. NOTE: ∆
REPRESENTS THE RELATIVE CHANGE (IN %) COMPARED TO THE

REFERENCE SETTING, WHERE 0 INDICATES THE REFERENCE SCHEME
ITSELF.

Source
→ Target

History-side
Injection

Candidate-side
Injection

Both-side
Injection

Office→Movie ∆NDCG = −0.8
∆HR = +0.3

∆NDCG = +0.8
∆HR = +0.7

0

Office→Epinions
∆HR= +0.1

∆NDCG = +0.6
∆HR = +0.2

0

Movie→Epinions 0 0
∆NDCG = −0.2
∆HR = −0.6

seeds, and average results are reported.
Evaluation metrics. We use NDCG@k and HR@k with

k ∈ {10, 5, 1}. For each test instance, the candidate set
contains the ground-truth item and 100 randomly sampled
unobserved items.

B. Overall Performance (RQ1)

As shown in Table I, FREQ consistently improves over
PREPREC in the in-domain setting, especially on Movie and
Epinions, while remaining competitive with strong sequential
baselines on Office, Tool, and Music. These results show
that frequency-domain enhancement does not harm backbone
performance and can further improve ranking quality in in-
domain recommendation.

Table II shows that FREQ also improves over PREPREC
in most cross-domain tasks. Smaller gains or slight drops
mainly occur when Tool is the source or target domain, likely
because Tool is the sparsest domain and exhibits weaker
transferable temporal rhythms. Overall, the results indicate that
the frequency-domain residual signals learned by FREQ are
generally effective and transferable across domains.

C. Residual Injection Strategy (RQ2)

To compare different injection locations, we evaluate three
heterogeneous source–target domain pairs, as shown in Ta-
ble III. FREQ performs best and most stably when the residual
signal is injected only on the candidate side. This is likely
because item-level popularity sequences are smoother and
exhibit clearer periodic patterns, whereas user histories are
shorter, sparser, and more variable. As a result, injecting
spectral residuals into user representations may disturb se-
quence modeling, while candidate-side injection more directly
improves matching between user preference and item temporal
rhythm.

D. Time Statistics Strategy (RQ3)

We compare FREQ and PREPREC under two target-side
time-statistics settings (Fig. 2): with week eval, which re-
estimates weekly popularity and time embeddings in the
target domain following PREPREC, and no week eval, which
directly uses raw target-domain counts with source-domain
time representations.

Fig. 2. Cross-Domain evaluation results under different time statistics
strategies.

Fig. 3. Relationship between inter-domain spectral discrepancy and the
relative gains of FREQ.

The results show that FREQ performs better under no
week eval, whereas PREPREC benefits more from with
week eval. This difference is likely due to their distinct de-
pendencies on temporal statistics: PREPREC relies mainly on
current-time popularity statistics, while FREQ models the full
temporal trajectory, for which additional weekly normalization
may distort the target-domain spectral structure. Therefore,
in RQ1 we adopt with week eval for PREPREC and no
week eval for FREQ.

E. Inter-Domain Spectral Discrepancy and Cross-Domain
Gains (RQ4)

To examine when FREQ is most beneficial, we compute
the Jensen–Shannon divergence (JS) between the normalized
popularity spectral energy distributions of the source and target
domains over a recent time window (Fig. 3). A larger JS
indicates greater discrepancy in periodic structure.

We observe a clear trend: larger inter-domain JS generally
corresponds to larger ∆NDCG. This suggests that when source
and target domains differ more in temporal rhythm, PREPREC
becomes less transferable, whereas FREQ is more robust
because its frequency-domain residuals provide additional
alignment of periodic structures across domains.

F. Ablation Study (RQ5)

Table IV shows that removing any non-residual core com-
ponent degrades performance to different extents. Removing



TABLE IV
THE IMPACT OF DIFFERENT COMPONENTS ON MODEL PERFORMANCE

(USING OFFICE → MOVIE AS AN EXAMPLE, COMPARED WITH THE FULL
FREQ MODEL)

Variant Configuration ∆NDCG@10 ∆HR@10
w/o Long Window -0.023 -0.009
w/o Short Window +0.004 -0.008

w/o Gating -0.001 +0.004
w/o Consistency Regularization -0.012 -0.003

the long window causes the largest drop, indicating that
low-frequency trend information is critical for cross-domain
transfer. Removing the short window has a smaller effect,
suggesting that it mainly complements the model by capturing
high-frequency local variations. Removing the gating module
leads to only minor changes, implying that the candidate-side
residual signal itself provides most of the gain, while the
gate mainly improves robustness. Removing the consistency
regularization consistently hurts performance, confirming its
importance in stabilizing multi-scale spectral representations.

Overall, FREQ benefits from the combination of multi-
scale spectral modeling and consistency regularization, which
together improve the stability and transferability of frequency-
domain representations.

V. CONCLUSION

This paper proposes FREQ, a frequency-domain en-
hancement module for zero-shot cross-domain sequential
recommendation. By combining multi-scale temporal win-
dows, spectral modeling, residual frequency-domain injection,
lightweight gating, and cross-scale consistency regularization,
FREQ improves the transferability of time-driven popularity
representations. Experimental results show that FREQ typi-
cally outperforms strong baselines, with larger gains when the
source and target domains exhibit greater periodic discrepancy.

Future work will explore more adaptive temporal windows
and finer-grained frequency decomposition for irregular and
highly heterogeneous cross-domain scenarios.
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