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Abstract

Existing sequential recommendation models are mostly based
on sequential models, which can be misled by inconsistent
items in the local sequence. This study proposes GlobalD-
iff, a plug-and-play framework to enhance the performance
of sequential models by utilizing a diffusion model to re-
store the global non-sequential data structure of the item uni-
verse and compensate for the local sequential context. Several
novel techniques are proposed, including training construc-
tion, guided reverse approximator, and inference ensemble,
to seamlessly integrate the diffusion model with the sequen-
tial model. Extensive experiments on various datasets demon-
strate that GlobalDiff can enhance advanced sequential mod-
els by an average improvement of 9.67%.

1 Introduction

Sequential Recommendation (SR) aims to predict the next
items a user prefers based on the interaction sequence.
By leveraging sequential patterns in historical interactions,
SR provides more accurate and timely recommendations
and enhances user satisfaction and engagement (Kang and
McAuley 2018; Sun et al. 2019; Yang et al. 2024).

Most existing SR methods rely on sequential models,
such as Markov Chain (Rendle, Freudenthaler, and Schmidt-
Thieme 2010), GRU (Tan, Xu, and Liu 2016), and Trans-
former (Kang and McAuley 2018), to capture the tempo-
ral dependencies in the interaction sequence. Recent stud-
ies point out the non-sequential item selection problem, i.e.,
items in an interaction sequence may not follow strict se-
quential assumptions (Wang et al. 2017, 2018; Sun et al.
2019). Thus, unidirectional models from left to right are in-
sufficient for learning the representation of an interaction se-
quence. Bidirectional Transformer encoder has become the
state-of-the-art, which fulfills a cloze task in the training
phase, i.e., masks a random item in the interaction sequence
and predicts the masked item based on the surrounding con-
text (Sun et al. 2019; Du et al. 2022).

Unfortunately, the sequential model is limited in han-
dling item selection inconsistent with personal interest due
to external factors (Schnabel and Bennett 2020; Zhang et al.
2021). For example, Figure 1(a) depicts Alice, who loves
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Figure 1: Illustration of Sequential Recommendation: (a) in-
consistent item selection in a sequence; (b) traditional as-
sumption that item selection solely relies on personal inter-
est, encoded by the sequential model; (c) our assumption
that item is generated based on personal interest and global
data structure, which naturally leads to a framework stack-
ing a diffusion model on the sequential model.

horror movies, selecting "Mad Max’ between 'Puppet Mas-
ter > and "Puppet Master III’. The selection of "Mad Max’ is
affected by external factors such as social media or movie
promotion and is not driven by Alice’s personal interest.
The presence of "Mad Max’ in the context window misleads
CBiT (Du et al. 2022) to predict 'Mad Max II” incorrectly’.

The illustration in Figure 1(b) reveals the limitation from
the model viewpoint, i.e., sequential models assume the item
selection is conditioned only on personal interest. Thus, they
encode personal interest from the context window by dis-
criminating an observed item with negative samples. How-
ever, from a generative perspective, we argue that there are
two types of priors: personal interest and external factors.
The external factors are not observable in the local inter-
action sequence, but they can be inferred from the non-
sequential, global data structure, e.g., which item is popular,
which items correlate with each other, etc.

As shown in Figure 1 (c), instead of purely relying on the
sequential models to encode personal interest in the interac-
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tion sequence, our goal is to use a separate diffusion model
to restore the global non-sequential data structure of the item
universe. There are two significant advantages to developing
such a paradigm. First, the diffusion model can be plugged
and played upon any pre-trained sequential models and en-
hance next-item prediction by balancing the influences of
personal interest with the global data structure. Second, the
generative nature of the diffusion model allows it to synthe-
size interaction sequences, mitigate the impact of negative
samples in the discriminating objective of sequential mod-
els, and increase the accuracy of long-term prediction.

Although diffusion models are successfully applied in im-
age generation (Sohl-Dickstein et al. 2015; Liang et al. 2018;
Ma et al. 2019), they are infeasible in integration with a se-
quential model unless they address the following three chal-
lenges. C1 Training sample construction. Diffusion mod-
els operate on continuous signals such as images. Adapting
diffusion models to discrete samples, such as items in the in-
teraction sequence, remains under-explored. Using the item
embedding (Yang et al. 2024) can not distinguish identical
items in different sequences and timestamps, which will re-
markably reduce the sample diversity and impede the train-
ing efficiency. C2 Training stability. Diffusion models of-
ten require extensive computational resources and encounter
mode collapse during training (Jin et al. 2020; Wang et al.
2017). C3 Inference ensemble. On the one hand, different
sequential models adopt various architectures. On the other
hand, diffusion models are not inherently designed for se-
quence generation tasks; the diffusion output can not be di-
rectly combined with the sequential model.

To address these challenges, we propose GlobalDiff, a
plug-and-play framework for sequential recommendation by
stacking a diffusion model upon a sequential model.

To address C1, GlobalDiff introduces a novel approach
that transforms a masked item within a sequence into a vec-
torized sample. This sample encapsulates both the item’s
global associations with other items and its position within
the sequence. The transformation scheme generates a diver-
sified training set, making it possible for GlobalDiff to learn
patterns beneficial for the SR task (Section 3.3).

To address C2, GlobalDiff includes a standard forward
process to add Gaussian noise gradually to the original sam-
ple, and a guided reverse approximator to reconstruct the
original sample in the reverse process. The reverse approx-
imator can accommodate any pre-trained sequential model
and utilize the semantic context information learned by the
sequential model. Thus, GlobalDiff can lead to more person-
alized items in the sequence and tackle the training instabil-
ity issues (Section 3.4).

To address C3, GlobalDiff proposes a novel inference en-
semble method. Despite the different architectures, all se-
quential models have the same form of output, i.e., a softmax
distribution, which estimates personal preference over items.
The diffusion model reconstructs the global preference over
items from the sequential model’s output. GlobalDiff adopts
a voting mechanism to combine personal and global prefer-
ences and reduces the risk of over-fitting to abnormal item
selection in a sequence (Section 3.5).

Experimental results on various datasets show that Glob-
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alDiff can improve the next item prediction of advanced SR
models by 9.67% across all datasets and evaluation metrics.
GlobalDiff improves the SOTA CBiT (Du et al. 2022) by an
average of 5.17% across all evaluation metrics, e.g., HR and
NDCG. GlobalDiff also improves the long-term prediction
accuracy, i.e., HR@20 for the next four items, by an average
improvement of 9.40% across three backbone models and
all datasets.
To sum up, the contributions of this work are as follows.

* We propose a plug-and-play framework GlobalDiff to
enhance the recommendation performance of sequen-
tial models by stacking a diffusion model without any
changes to the original sequential model.

We propose a series of novel techniques, including train-
ing construction, guided reverse approximator, and in-
ference ensemble, to seamlessly integrate the diffusion
model with the sequential model.

We conduct substantial experiments on three common
benchmark datasets to validate that GlobalDiff can im-
prove the next item prediction and long-term prediction
accuracy over advanced backbone sequential models.

2 Related Work

Sequential recommendation (SR). Conventional recom-
mendation (Rendle et al. 2012) ignores the order of actions
and assumes that all user-item historical interactions are
equally important. On the contrary, Sequential recommen-
dation (Boka, Niu, and Neupane 2024) and session-based
recommendation (Wang et al. 2021) analyze the temporal
dependencies of user-item interactions to improve the ac-
curacy of predictions and have received numerous attention
from both academia and industry (Kang and McAuley 2018;
Xie et al. 2022; Wang et al. 2020). To enhance the per-
formance of SR, various neural network architectures have
been integrated into the framework, including CNN (Tang
and Wang 2018), RNN (Liu and Singh 2016; Rath and
Sahu 2020) and the GRU variant (Hidasi et al. 2015), and
Transformer (de Souza Pereira Moreira et al. 2021; Sun
et al. 2019; Kang and McAuley 2018; Du et al. 2022).
Specifically, Unidirectional Transformers, which is used in
SASRec (Kang and McAuley 2018), model sequences in
a left-to-right manner, focusing on past interactions. Bidi-
rectional Transformers, such as those seen in BERT4Rec
and CBIiT (Sun et al. 2019; Du et al. 2022), consider both
past and future interactions, providing a more comprehen-
sive context window for understanding user behavior.
Diffusion Models (DM). The diffusion model is an
emerging research area in domains such as image genera-
tion (Ho, Jain, and Abbeel 2020; Song and Ermon 2020)
and Natural Language Processing (NLP) (Li et al. 2022;
Gong et al. 2022). Early applications of DM are concen-
trated on the conventional recommendation task, which di-
rectly implements the diffusion process on the user-item
implicit feedback matrix (Wang et al. 2023; Walker et al.
2022). These models are inferior for sequential recommen-
dation as they have difficulties handling sequence data. Dif-
fusion models for sequential recommendation mostly model
the interacted items in a sequence, i.e., the forward process



perturbs the representation of an interacted item by adding
Gaussian noise, and the reverse process reconstructs the item
representation (Li, Sun, and Li 2023; Lee and Kim 2024; Du
et al. 2023; Yang et al. 2024). Some recent studies also use
the diffusion model to generate pseudo interactions for data
augmentation (Ma et al. 2024; Liu et al. 2023).

Remarks. Our work (GlobalDiff) significantly differs
from the existing diffusion models for sequential recommen-
dations. First, instead of using the diffusion model as the
main predictor (Li, Sun, and Li 2023; Lee and Kim 2024;
Du et al. 2023; Yang et al. 2024), GlobalDiff integrates with
a backbone sequential model in a plug-and-play manner.
Therefore, GlobalDiff is more flexible and can achieve su-
perior performance with more advanced sequential models.
Second, unlike DiffuASR (Liu et al. 2023) and PDRec (Ma
et al. 2024), which claim themselves to be a plug-in module
on sequential models, GlobalDiff does not change the train-
ing of the backbone sequential model. Therefore, GlobalD-
iff is less intrusive and requires significantly less computa-
tional resources, as GlobalDiff can be directly built upon a
pre-trained backbone sequential model.

3 Methodology
3.1 Preliminaries

Given a set of users U/ and a set of items Z, where the
number of users is [/| = N and the number of items is
|Z| = M. Suppose the interaction history is a set of se-
quences s* € S where each user v has an interaction se-
quence s" = [s}, 84, ...,s} ], and L, < L is the length of
the sequence, with L bemg the maximal sequence length.
Most Sequential Recommendation (SR) methods forecast
the next item in the sequence sj ;. In this paper, we also
consider the long-term item prediction, i.e., s%u P P>1,
given the training set of interaction history S.

As shown in Fig.2, GlobalDiff stacks a diffusion model
upon a backbone sequential model. First, the backbone
model is trained prior to GlobalDiff with its own objec-
tives (Section 3.2). The parameters of the backbone model
are fixed in the training stage of GlobalDiff. Next, the train-
ing samples are transformed from S for the diffusion model
(Section 3.3). The diffusion model consists of a forward
(noising) process and a reverse (denoising) process, while
an approximator in the reverse process is trained to recover
a disrupted sample obtained by the forward process (Sec-
tion 3.4). Finally, after GlobalDiff has finished training, the
predictions of the diffusion model and sequential model are
combined in the inference stage (Section 3.5).

3.2 Backbone Model

Without loss of generality, the SR backbone model contains
an encoder and a projection module. The encoder reads a
sequence s* € S and derives the representation at each po-
sition h* = (hj,--- h} ). Assuming the target position
is ¢, the projection module maps the representation h* to a
distribution over the item universe:

y"' = softmaz(g(h")), )

where y** € RM is the probability distribution over pos-
sible items, g(-) is the projection function. The projection
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Figure 2: Framework of GlobalDiff: blue flow indicates the
training process, red flow indicates the inference process.

function is defined by the original design of the backbone
model. For instance, in CBiT (Du et al. 2022), a linear layer
is used for projection e.g., g(h*) = W - h¥ + b, where W
is the weight matrix and b is the bias term.

The most common objective a backbone model attempts
to minimize is the cross entropy loss of the prediction of
target item y“! versus the ground truth s¥. A unidirec-
tional model such as SASRec (Kang and McAuley 2018)
implements the next-item-prediction task, i.e., predicting
y*" based on [s},--- ,s® ,]. Bidirectional models such as
Bert4Rec and CBiT (Sun et al. 2019; Du et al. 2022) imple-
ment the cloze task, i.e., masking a random position ¢ and
predicting y** based on [s¥,--- , s%.]. We do not change
the training task and objective of the backbone model.

3.3 Training Sample Transformation

As shown in Figure 2, the workflow of training sample trans-
formation for GlobalDiff consists of two major steps.

Step 1: Aggregation. As introduced in Section 1, incon-
sistent item selection may disturb the learning of personal
interest from an individual sequence. We believe that intro-
ducing the global non-sequential item structure can mitigate
this issue.

To do so, we first aggregate historic interaction sequences
across users to obtain a binary user-item interaction matrix
O € RV*M 'where O,,; = 1 indicates item i has appeared
in the interaction sequence s*.

Then, we compute the item-item similarity matrix A €
RM*M based on the user-item interaction matrix O.
Each cell measures the item similarity, i.e., A;;
c0s(0. ;, 0. ;), where cos(-,-) is the cosine similarity, and
O. ; is the j—th column of the user-item interaction matrix.
Thus, items with similar user behaviors will have a higher
similarity in A.

Step 2: Generation. We derive the training samples based
on masking. We are motivated to adopt the masking scheme
for two reasons. First, masking and the cloze task are widely
adopted in advanced SR methods (Sun et al. 2019; Du et al.



2022). If the backbone model adopts the masking training
scheme, then the training set for the diffusion model aligns
with the backbone sequential model, which can help us to
control and balance the training of the two models. Second,
masking has shown superiority in enabling models to un-
derstand the context containing non-sequential item selec-
tion (Sun et al. 2019), i.e., item selections are not strictly
sequential. If the backbone model does not adopt the mask-
ing scheme, then the training set for the diffusion model can
compensate with the backbone model and reduce the non-
sequential item selection problem.

Formally, an item is randomly masked for each sequence
s* € S. Suppose the i—th item is masked, i.e., §wit =

(sY,---,[mask],---,s} ). The masking is repeated on
each sequence several times to construct a training dataset
S = {5}

Diffusion models can not be fed with discrete items di-
rectly. Thus, for each masked sequence 8% € S, the goal of
this step is to generate a vector §%* € RM which represents
the masked item s;’ by its globally alike items.

First, we obtain the corresponding row in the item-item

similarity matrix, i.e, A ., and initiate a vector "+ € RM
for each masked sequence 5.

an' = A, V1 <m < M, )

where g% is the m—th element in q**, which by definition
corresponds to the correlation between the masked item s;'
and item m.

As;g’: does not distinguish the same item in different se-
quences, i.e., if Ju,u’ 7,7 and the masked items are the
same sj' = 5}‘/, then we will have the same row extracted
from A. We take into account the temporal information
within a sequence to adjust some elements in q**.

+(S)'As§"q51}‘£71]7V1 S] SL“"S;/‘ ?ésy

3)
For any item s} contained in the sequence and s7 is not the
masked item, i.e., s} # s%, then the item-item similarity is
adjusted by the position difference between 7 and j. ¢ is a
scale factor controlling the influence of the relative position
on the similarity, with a default value of 1.5. ¢ is an addi-
tional constant term used to adjust the re-weighting, with a
default value of 1. We use the cut-off function min[-, 1] to
preserve that g% € [0, 1].

Since q%* can be interpreted as a probability function,
we use Bernoulli sampling on each cell of q** to generate
s ie., p(skt ) = q%". The sampling procedure is
designed for two reasons: (1) it can distinguish two different
sequences with the same item in the same position, and (2)

it can add randomness to increase the sample diversity.

U, .
q,e = min |(——
i [(IZ —Jl

3.4 Difussion Model

The training sample §“-*, which represents a masked item in
the context of a sequence based on globally associated items,
is fed into the diffusion model. The diffusion model contains
two processes: the forward process and the reverse process.

Let’s denote the initial sample as 2%*? = §%%, The for-
ward process progressively adds Gaussian noise to disrupt
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the initial sample. According to the original derivation of
diffusion model (Ho, Jain, and Abbeel 2020), we can di-

rectly derive 2%*7 at step T as:
20T = ara®® + V1 = are, “)

where € ~ N(0,Z) is Gaussian noise. Here, according to

the derivation from DDPM (Ho, Jain, and Abbeel 2020),
o = 1— B, ar = H;T:O oy and [By, fe, ...Ar] is a set of
variables that vary over time.

In the reverse process, the diffusion model restores the
initial sample by progressively deriving from the disrupted
sample at step 1" through intermediate states x*“%* ¢ < T.
The reverse process can be computed as follows:

_ Vor (1 — O_étfl)xu’i,t " Vau—1Bt L0
1— o 1— oy ’
(5)

w,t,t
)

xu,i,O)

pe—1(x

where p;_; is used to estimate the distribution mean.

An approximator, e.g., a deep neural network(U-Net), is
usually employed to estimate 2%, Previous study (Wang
et al. 2023) identifies that a straightforward application of
Equation 5 often results in non-personalized generated items
due to the lack of guidance from historical interactions.
Thus, as shown in Figure 2, GlobalDiff uses the backbone
model’s contextual information to enhance the diffusion
model’s ability to reconstruct the initial sample. Formally,

Ht—l(Iu’i’ty :ru,i,O) — V at(l _f)éti—l) zu,i,t
1-— Qt
Voir1Be ; ;
+ 1— ay f9 (muﬁlyta t7 Cuﬁl)a (6)
L’U,
u,
C =

u 1 u
hLZhJ}
Jj=1

where fy(-) is a U-Net to predict 2" based on ", ¢,
and c*. To fully exploit the semantic representation learned
by the sequential model, c** concatenates the representation
of the masked item hY, and the mean pooling of represen-
tation vectors for all items in the encoder’s output h*. It is
important to point out that although some diffusion mod-
els (Du et al. 2023; Yang et al. 2024) also use the contextual
information in a sequence to guide the reverse approximator,
their contextual information is co-learned with the approxi-
mator. On the contrary, we use a fixed sequential model, and
its extracted contextual information speeds up the learning
of the diffusion model and increases the learning stability.

The goal of the general diffusion model is to align the
posterior distribution in the forward process with the prior
distribution in the reverse process, which can be formulated
as a KL divergence. It can be resorted to the mean-squared
error loss as follows:

L= Eqllfoa™"" i, ™) — 2™ O3],

u,t,t

N

3.5 Inference Ensemble

As shown in Figure 2, in inference time, each testing se-
quence s* goes through the backbone sequential model, and



the output of the sequential model is y* L« *! by Equa-

tion 1. The output is a decision based on the local sequen-
tial information, and we are motivated to balance it with the
global non-sequential information. Ideally, the global infor-
mation can be represented by the sii/u/ 4+1’s globally alike
items. However, since in inference time, the item to be pre-
dicted is unknown, we can not fetch the corresponding row
in A to construct g% Fw 1,

As illustrated in Figure 1 (c), the personal interest is in-
fluenced by the global data structure. Thus, the output of
the sequential model denoted as y“"Lu’ +1 which intends to
capture personal interest, can be seen as a disrupted obser-
vation of q”,’Lu’“, i.e., an intermediate step in the forward
noising process. Our idea is to utilize diffusion model to re-
store % *Lu/ 1 from y*'-Lw 1, Specifically, for the predic-
tion distribution y* w1, let X7 = yu' Lu 1 T/ < T,
where T is the maximal diffusion model step in Section 3.4,
continue the forward process to obtain x”. Then, initiate a
reverse denoising process on X’ to obtain X°. %x° can be seen
as an estimated q“/’Lu’H, i.e., representation of an item in
the context of a sequence based on global non-sequential in-
formation.

To align with probability distribution y , We nor-
malize X°. Then, we adopt the Borda Count (Saari 2012),

.o, . . . ’ A~
known as a positional voting rule, to combine y* Fw 1 %9,

’u./,Lu/Jrl

uw', L,/ +1

score(i) = y-r(y; ")y

+(1—7)r(X7)-%7, (8)

where ¢ € Z and the score(i) is the final output score for
item ¢. The function r(-) represents the ranking. For exam-
ple, the highest ranked item in y*"Lu+1 receives a rank of
M, and the second item receives a rank of M — 1, and so
on. v is a weight parameter that balances the contribution
of both the backbone model and the diffusion model. In our
work, v is set to the default value of 0.5. We use a greedy
search method in inference, i.e., the item with the highest
score score(i) is selected as the prediction output.

4 Experiments

In this section, we study the following research questions:

RQ1: Can GlobalDiff improve the performance of the
backbone model in next-item prediction?

RQ2: Can GlobalDiff enhance the long-term prediction
accuracy of the backbone model?

RQ3: How does each component in GlobalDiff contribute
to its performance?

4.1 Experimental Setup

Datasets. We conduct experiments on three publicly avail-
able datasets: MovieLens 1M (ML-1M)?, Amazon-Beauty?,
and KuaiRec*. These datasets are commonly adopted to
evaluate sequential recommendations (Yang et al. 2024; Sun
et al. 2019; Kang and McAuley 2018). They cover differ-
ent domains and demonstrate various user behavior patterns.

Zhttps://grouplens.org/datasets/movielens/
3https://jmcauley.ucsd.edu/data/amazon/
*https://kuairec.com/

12313

For example, MovieLens 1M comprises ratings on movies,
Amazon-Beauty captures user interactions on beauty prod-
ucts in an E-commerce platform, and KuaiRec contains
interactions from a short-video platform. The statistics of
datasets are reported in Table 1.

Dataset #Users #ltems #Interations #Avg len #Sparsity

ML-IM 5,180 3,526 562,800 108.60 96.90%
Beauty 1,308 9,708 24,742 18.90  99.80%
KuaiRec 7,176 10,596 8,459,425 1,178.80 88.80%

Table 1: Statistics of datasets after pre-processing

Pre-processing. Following established methods (Sun
etal. 2019; Tan et al. 2021), we pre-process the data by treat-
ing all ratings as implicit feedback organized chronologi-
cally by their timestamps. Unpopular items and users with
few interactions are filtered out.

Implementation. We implement all models with Python
3.8 and PyTorch 2.0.1. As for the sequential recommenda-
tion model, we fix the maximum sequence length as 10 for
all three datasets. In the training stage, the number of diffu-
sion steps T' = 20. The scale factor ( = 1.5, re-weighting
term § = 1, and the score weighing coefficient v = 0.5. To
optimize GlobalDiff, we employ the Adam optimizer, set-
ting the batch size and learning rate to 256 and 0.001. Other
hyper-parameters of the three backbone models are set to
the default values as mentioned in their original paper. Our
codes are available online °.

Evaluation Metrics. We evaluate the Sequential recom-
mendation performance of all models on three datasets using
two widely-used metrics, NDCG@K and Recall @K, where
K=[10,20].

Backbones. We implement GlobalDiff on three advanced
backbone sequential models. (1) SRGNN (Wu et al. 2019)
leverages graph neural networks for capturing complex item
dependencies. (2) SASRec (Kang and McAuley 2018) uti-
lizes self-attention mechanisms. (3) CBiT (Du et al. 2022)
employs bidirectional Transformer architectures for con-
trastive learning in sequential recommendation tasks. (4)
BERT4Rec (Sun et al. 2019) adapts bidirectional Trans-
former models pre-trained on large-scale interaction data for
sequential recommendation tasks.

Competitors. We compare GlobalDiff to several recent
SR methods, including (1) Gru4Rec (Hidasi et al. 2015), a
GRU network is adopted as the encoder to capture temporal
dependencies in the interaction sequence. (2) Caser (Tang
and Wang 2018) uses convolutional neural networks to
capture user behavior dependencies. (3) LightSANS (Fan
et al. 2021) introduces low-rank decomposed self-attention
to condense historical items into latent interests for context-
aware representations (4) DuoRec (Qiu et al. 2022) tack-
les clustering issues in item embeddings using contrastive
regularization, model-level Dropout augmentation, and a
novel sampling strategy. (5) CL4Rec (Xie et al. 2022) inte-
grates next-item prediction with contrastive learning to en-
hance self-supervision from user behavior sequences. (6)

Shttps://github.com/XMUDM/GlobalDiff



AC_TSR (Zhou et al. 2023) improves attention weight ac-
curacy in transformer-based models by introducing calibra-
tors. (7) DiffuRec (Li, Sun, and Li 2023) , a pioneering use
of diffusion models in sequential recommendation.

4.2 Next-Item Prediction

To answer RQ1, we adopt a leave-one-out strategy for eval-
uation, the most recent interaction is used for testing, the
second-to-last for validation, and the rest for training. The
experimental results are summarized in Table 2. We have
the following observations.

(1) Compared with the vanilla backbone models, Glob-
alDiff consistently improves the backbone models in terms
of all evaluation metrics and across all datasets. The aver-
age improvement is 9.67%. The improvement indicates that
GlobalDiff effectively mitigates the influence of inconsistent
items and leads to more accurate recommendations.

(2) Across all backbone models, GlobalDiff shows the
greatest improvement on SasRec, with an average perfor-
mance gain of 17.06%. SasRec, being a unidirectional
model, struggles with contextual understanding, but Glob-
alDiff ’s use of cloze training samples helps mitigate this
issue. Furthermore, even though CBiT achieves state-of-the-
art (SOTA) performance compared with other baselines, in-
corporating GlobalDiff results in a 5.10% average perfor-
mance gain on CBiT across all datasets. This demonstrates
that leveraging global item associations with GlobalDiff en-
hances performance beyond the capabilities of sequence-
based learning.

(3) Among all datasets, GlobalDiff demonstrates the most
pronounced improvement on the Beauty dataset, with an av-
erage gain of 13.06%, while the gain on KuaiRec is more
modest at 5.53%. This variation is attributed to dataset spar-
sity. As shown in Table 1, the Beauty dataset is the spars-
est, and the interaction sequences are shorter. It is challeng-
ing for traditional models to capture strong patterns due to
insufficient signals and insufficient contextual information.
GlobalDiff addresses this by employing a diffusion process
that enhances item-item relationship modeling, effectively
mitigating the impact of dataset sparsity.

(4) Among the competitors, DiffuRec’s performance is
worse than that of the backbone models BERT4Rec and
CBiT. This observation indicates that using the diffusion
model as the main predictor is suboptimal, and it is neces-
sary to combine the diffusion model with an advanced se-
quential model.

4.3 Long-term Predictions

To address RQ2, we partition each sequence of length L,,
into three segments, the segment of positions 1,--- , L, — 5
for training, the last four items at positions L,, — 3, -+ , L,
for testing, and the one item at position L,, — 4 for valida-
tion. Because in long-term prediction, there is a larger search
space of item candidates, we report HR@20 and NDCG @20
results in predicting the item at position [+ P, P = 1,2, 3,4
in figure3, when [ is the length of the training sequence. We
have the following observations.

(1) In general, GlobalDiff enhances the backbone mod-
els across different time steps P, achieving an average im-
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provement of 9.40% in HR@20 and 8.09% in NDCG@20.
There is a trend of declining performance with increasing
P, which shows that sequential models are not proficient
in making long-term predictions. However, even at a longer
period, i.e., P = 4, GlobalDiff continues to deliver an av-
erage performance boost of 6.30% across three backbones.
This evidence underscores that non-sequential information
captured by GlobalDiff can correct the long-term sequential
prediction.

(2) Among the three backbones, GlobalDiff shows the
most consistent performance improvement for CBiT. From
step 1 to step 4, average gains in HR@20 increase from
12.39% to 12.45%, and in NDCG@20 from 9.52% to
13.20%. This stable enhancement can be attributed to
CBiT’s use of cloze tasks and contrastive learning on the
same sequence samples, which bolsters the robustness of
guide representations. As a result, GlobalDiff’s effectiveness
is significantly reinforced, leading to robust performance
gains.
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Figure 3: Long-term predictions on the three Datasets

4.4 Ablation Study

To answer RQ3, we conduct the following ablation experi-
ments. We experiment with the most competitive backbone
model CBiT on the most widely used dataset, ML-1M.

Ablation on different reverse approximators In Equa-
tion 6, the context representation c*? is incorporated to
guide the training of the reverse approximator. We imple-
ment variants of the reverse approximator, (1) with guided
representation, which is Equation 6, (2) with only tar-
geted representation, which removes the mean pooling of

Ll Z;;l h’ and keeping hy’, and (3) without guided repre-
sentation, which removes ¢ in Equation 6. We perform
next-item prediction to evaluate different approximations.

The results are shown in Figure 4.




MI-IM KuaiRec Beauty

Methods HR@10 HR@20 NDCG@10 NDCG@20 | HR@10 HR@20 NDCG@I0 NDCG@20 | HR@10 HR@20 NDCG@10 NDCG@20
Gru4Rec 0.0990  0.1689 0.0469 0.0644 0.1419  0.1941 0.0872 0.1004 0.0222  0.0306 0.0118 0.0140
Caser 0.0485  0.0944 0.0224 0.0340 0.1172  0.1714 0.0686 0.0823 0.0183  0.0252 0.0084 0.0102
LightSANS | 0.1023  0.1793 0.0477 0.0670 0.1378  0.1957 0.0804 0.0969 0.0245  0.0352 0.0134 0.0160
DuoRec 0.1276  0.1975 0.0587 0.0762 0.1265  0.1860 0.0731 0.0881 0.0237  0.0352 0.0125 0.0153
CL4Rec 0.0936  0.1523 0.0419 0.0567 0.1129  0.1639 0.0653 0.0781 0.0099  0.0206 0.0048 0.0075
AC_TSR 0.1295  0.2075 0.0667 0.0816 0.1482  0.1924 0.0868 0.1032 0.0222  0.0398 0.0107 0.0151
DiffuRec 0.1320  0.2028 0.0672 0.0851 0.1447  0.1957 0.0876 0.1004 0.0229  0.0321 0.0124 0.0147
SRGNN 0.1134  0.1882 0.0566 0.0754 0.1318  0.1852 0.0794 0.0928 0.0234  0.0367 0.0144 0.0177
+GlobalDiff | 0.1158  0.1869 0.0575 0.0754 0.1402  0.1886 0.0850 0.0972 0.0281 0.0390 0.0161 0.0188
Improv.(%) 2.12%  -0.69% 1.57% 0.00% 6.35% 1.81% 7.03% 4.79% 20.09%  6.27% 11.81% 6.21%
SASRec 0.1002  0.1761 0.0506 0.0696 0.1302  0.1844 0.0781 0.0918 0.0226  0.0375 0.0092 0.0129
+GlobalDiff | 0.1271 0.1976 0.0617 0.0794 0.1467  0.1981 0.0907 0.1035 0.0289  0.0437 0.0115 0.0152
Improv.(%) | 26.85% 12.21% 21.94% 14.08% 12.67%  1.43% 16.13% 12.75% 27.88% 16.53% 25.00% 17.83%
BERT4Rec | 0.1283  0.1888 0.0679 0.0831 0.1442  0.1911 0.0912 0.1029 0.0375  0.0476 0.0207 0.0233
+GlobalDiff | 0.1398  0.2171 0.0728 0.0923 0.1537  0.2017 0.0964 0.1085 0.0453  0.0578 0.0222 0.0253
Improv.(%) 8.90% 14.90% 7.22% 11.07% 6.59% 5.55% 5.70% 5.44% 20.80%  21.43% 7.25% 8.58%
CBiT 0.1542  0.2375 0.0824 0.1033 0.1590  0.2080 0.0982 0.1105 0.0476  0.0585 0.0284 0.0312
+GlobalDiff | 0.1638  0.2503 0.0870 0.1088 0.1672  0.2190 0.1029 0.1160 0.0510  0.0625 0.0292 0.0320
Improv.(%) 6.23% 5.39% 5.58% 5.32% 5.16% 5.29% 4.79% 4.98% 7.14% 6.84% 2.82% 2.56%

Table 2: Experimental results on the three datasets. The best results are in boldface, and the second-best underlined.

(1) Incorporating the contextual representation of back-
bone models to guide the reverse approximator enhances the
predictions of GlobalDiff. The removal of the guided rep-
resentation causes GlobalDiff to neglect sequential item de-
pendencies, resulting in the poorest performance. Compared
to using only the Target Representation, without guided rep-
resentation leads to an average performance decrease of
81%. The performance degradation is partially attributed to
the training instability of the diffusion model to recover the
item in a sequence with only global information.

(2) Incorporating the sequence’s representation can en-
hance GlobalDiff’s ability. As opposed to using only the
target item representation, adding the mean pooling of all
items yields a 30% average performance improvement. This
enhancement results from richer contextual information and
user behavior patterns, thereby significantly improving the
diffusion model’s training effectiveness.

005I

B w/ Guided Representation
w/ Only Target Representation
w/o Guided Representation

o
N

HR@20
©
e
NDCG@ZO

©
o
o

1

Figure 4: Performance w.r.t variants of reverse approximator

Ablation on inference ensemble To examine the impact
of voting in inference, we pause the training of the diffusion
model in GlobalDiff after every five training epochs and let
the sequential model, the diffusion model, and the ensem-
ble make predictions on the testing set in Section 4.2. The
HR @20 and NDCG @20 results are shown in Figure 5.
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Even when training is insufficient (i.e., with fewer
epochs), the diffusion model can complement the sequential
model. For example, after 10 epochs of early-stage training,
the diffusion model achieves an HR @20 of 0.168, which is
significantly lower than the HR @20 performance of the pre-
trained sequential model (0.237). However, after applying
voting integration, GlobalDiff” HR@20 is 0.247, increasing
the sequential model by 4.2%. This improvement is due to
the diffusion model’s ability to predict items that the sequen-
tial model fails to identify accurately. This observation val-
idates the necessity of integrating the diffusion model with
the sequential model, as the diffusion model, even at an early
stage, can be advantageous.

0.24 0.100
8
o
~0.18 ®0.075
S) Diffusion 3 Diffusion
T012 Base Model % 0.050 Base Model
0.06 Vote Integration 0.025 Vote Integration

20 40 60
Training Epoch

20 40 60
Training Epoch

Figure 5: Voting performance with different training epochs

Impact of diffusion steps The training overhead of Glob-
alDiff increases with the number of diffusion steps 7. To
assess the impact of 7', we report the HR @20 performance
of GlobalDiff with T" = 20, 100, 200 in Figure 6.

We observe that the influence of 7' is insignificant
throughout the training process. Regardless of the number
of training epochs, the variation in HR@20 with differ-
ent diffusion steps is less than 0.005. This observation in-
dicates that GlobalDiff achieves competitive performance
with fewer diffusion steps, leading to a substantial reduction
in both training and inference costs.

4.5 Discussion on Time Complexity

Finally, we analyze the time complexity of GlobalDiff.
GlobalDiff contains an aggregation process with a complex-



0
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Training Epoch

Figure 6: Impact of diffusion steps

ity of O(M?), where M is the number of items due to pair-
wise item-item similarity computation in Section 3.3. When
time complexity is a concern, exact pair-wise similarity
computation, though possible offline, is unnecessary as the
similarity is converted into a probability function for gener-
ating training samples. Thus, we can adopt a simple alterna-
tive by computing cluster-item similarity, drastically reduc-
ing the time complexity from O(M?) to O(KM), K < M,
where K is the number of clusters. Specifically, we first clus-
ter items into K clusters using K-means. Then, we compute
the item-cluster similarity matrix, i.e.,A; ; is the similarity
between item ¢ and cluster j. In the sample generation steps,
we use the item-cluster similarity to generate training sam-
ples.

We validate the alternative on CBiT using the Beauty
dataset. The results in Table 3 demonstrate that (1) when the
number of clusters reaches a certain value, e.g., K=1000,
we can achieve comparable performance to exact pair-wise
similarity. (2) When K is relatively small, e.g., K=500, the
aggregation CBiT+GlobalDiff still outperforms the vanilla
CBIT. These results indicate that cluster-item similarity of-
fers a scalable solution without sacrificing performance.

Clusters HR@10 HR@20 NDCG@10 NDCG@20
N/A (CBiT) 0.0476 0.0585 0.0284 0.0312
K=100 0.0480 0.0580 0.0283 0.0311
K=500 0.0492 0.0618 0.0286 0.0317
K=1000 0.0500 0.0625 0.0295 0.0328
Pair-wise (M=9708) | 0.0510 0.0625 0.0292 0.0320

Table 3: Performance comparison using cluster-item simi-
larity on the Beauty dataset. The best results are in boldface.

5 Conclusion

This paper addresses a major problem in sequential recom-
mendation, i.e., item selection is not only affected by per-
sonal interest but also global factors. A novel plug-and-play
framework GlobalDiff is presented to integrate a diffusion
model with a sequential model to enhance recommenda-
tion performance by introducing the global data structure.
GlobalDiff makes efforts in training construction, guided
reverse approximator, and inference ensemble to support
seamless integration. Experiments across various datasets
validate GlobalDiff’s ability to improve the performance of
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an advanced sequential model substantially. In the future,
we plan to explore more ways to reduce the complexity of

GlobalDiff.
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