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Abstract
In the era of information explosion, Recommender Systems (RS)
are essential for alleviating information overload and providing
personalized user experiences. Recent advances in diffusion-based
generative recommenders have shown promise in capturing the
dynamic nature of user preferences. These approaches explore a
broader range of user interests by progressively perturbing the
distribution of user-item interactions and recovering potential pref-
erences from noise, enabling nuanced behavioral understanding.
However, existing diffusion-based approaches predominantly op-
erate in continuous space through encoded graph-based historical
interactions, which may compromise potential information loss and
suffer from computational inefficiency. As such, we propose CDRec,
a novel Continuous-time Discrete-space Diffusion Recommenda-
tion framework, which models user behavior patterns through
discrete diffusion on historical interactions over continuous time.
The discrete diffusion algorithm operates via discrete element op-
erations (e.g., masking) while incorporating domain knowledge
through transition matrices, producing more meaningful diffusion
trajectories. Furthermore, the continuous-time formulation enables
flexible adaptive sampling. To better adapt discrete diffusion mod-
els to recommendations, CDRec introduces: (1) a novel popularity-
aware noise schedule that generates semantically meaningful diffu-
sion trajectories, and (2) an efficient training framework combining
consistency parameterization for fast sampling and a contrastive
learning objective guided by multi-hop collaborative signals for per-
sonalized recommendation. Extensive experiments on real-world
datasets demonstrate CDRec’s superior performance in both rec-
ommendation accuracy and computational efficiency. Our codes
are available at: https://github.com/ChengyiLIU-cs/CDRec.

CCS Concepts
• Information systems→ Collaborative filtering; Users and
interactive retrieval.
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1 Introduction
With the rapid growth of digital content, Recommender Systems
(RS) have become essential to alleviate information overload and
enhance user experience by providing personalised content across
diverse scenarios, such as e-commerce and social media [6, 27].
Technically, as one of the most representative RS techniques, Col-
laborative Filtering (CF) methods aim to infer user preferences from
user-item interaction behaviours in the history [36]. Graph Neural
Network (GNN)-based approaches in CF have achieved notable
success by leveraging their capability to model graph-structured
data [3, 5, 8, 28]. Thesemethods refine user and item representations
on historical interaction graphs, capturing high-order collaborative
signals within a discriminative recommendation paradigm [32]. Re-
cent studies have focused on generative models that learn user inter-
action distributions to directly generate preferred items, effectively
modeling the temporal dynamics of user preferences [20, 24, 25]. In
particular, diffusion-based generative recommender models frame
the recommendation task as simulating real-world interaction pro-
cesses from noise, offering a promising solution [4, 14, 26].

Diffusion-based recommendation methods exhibit notable po-
tential due to their ability to model complex data distributions and
generate samples with broad coverage [9, 22]. Grounded in a solid
theoretical foundation, the typical diffusion algorithm first perturbs
the original data distribution into a known prior and consequently
learns a parameterized reverse process to iteratively construct sam-
ples from noise. This diffusion mechanism aligns well with the ob-
jective of RS, which is to infer the distribution of potential user-item
interactions from inherently incomplete and noisy historical data.
To be specific, most existing methods directly apply continuous-
space diffusion models on discrete graph-structured data, which
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Figure 1: Comparison of diffusion-based RS across different
state-spaces. Continuous-space diffusion algorithms apply
isotropic Gaussian noise to either the collaborative graph’s
adjacency matrix or the representations, often compromis-
ing personalized information in the latent space. In contrast,
discrete-space diffusion models operate through item-level
operations toward a uniform distribution. Inspired by this
formulation, our proposed CDRec perturbs historical inter-
actions via masking operations in continuous time, enabling
state transitions to occur at arbitrary time steps.

can be broadly categorized into two types: applying diffusion al-
gorithms either on the user-item interaction matrix or on user/item
representations. For instance, DiffRec [26] models user preferences
by directly perturbing binary-encoded historical interactions and
reconstructing the collaborative graph’s adjacency matrix. In con-
trast, methods like DreamRec [32] initiate from Gaussian noise and
progressively generate user and item representations in continuous
space. By decomposing preference modeling into a multi-step de-
noising process, diffusion models enhance the capability to capture
complex user-item interactions [35].

Despite their demonstrated success, conventional diffusion mod-
els operating in continuous state-space face notable limitations
when directly applied to discrete CF data. These algorithms typi-
cally introduce isotropic Gaussian noise to perturb encoded graph
representations, resulting in undesirable information loss. As illus-
trated in Figure 1 (a), approaches that perturb the interaction matrix
apply uniform noise across all items, ignoring item dependencies
and disrupting the collaborative graph’s topological structure [37].
In Figure 1 (b), methods that corrupt user/item representations
with Gaussian noise risk degrading semantic consistency, leading
to uninformative diffusion trajectories that hinder effective training
and sampling [29].

To overcome these limitations, we investigate diffusionmodels in
discrete state-spaces1, which have demonstrated significant success
in discrete text generation yet remain unexplored in the context of
RS. These algorithms operate via state transitions, such as element
swapping or replacement, progressively transforming discrete data
toward a stationary distribution (Figure 1 (c)). More importantly,

1For brevity, “discrete-space diffusion” and “discrete diffusion” are interchangeable
terms for diffusion models in discrete state-spaces.

the discrete forward process facilitates direct integration of domain
knowledge through transition matrices, yielding more informative
diffusion trajectories for recommendation learning [1]. This for-
mulation fits the recommendation setting, as it directly models
interaction sequences, rather than treating them merely as condi-
tional information [29]. Despite its great potential, directly applying
discrete diffusion to recommendation tasks is highly challenging.
First, simply perturbing user interactions toward a uniform distribu-
tion remains semantically meaningless for recommendation tasks,
potentially degrading user preference information. Therefore, the
discrete diffusion algorithm requires careful design that incorpo-
rates domain-specific knowledge (e.g., item popularity) to preserve
personalized signals. Moreover, current theoretical foundations
for parameterizing the reverse process remain developing, neces-
sitating tailored adaptation for recommendation tasks to ensure
efficient training and generation [16]. Additionally, establishing ef-
fective collaborative signal guidance is essential to learn interaction
distributions for personalized recommendations.

In this work, we propose a novel Continuous-time Discrete-
space Diffusion Recommendation framework (CDRec) to address
the above challenges. The proposed CDRec employs an absorbing
state to perturb historical interactions via amasking operation,
and learns a parameterized reverse process for personalized recom-
mendation, as shown in Figure 1 (d). Compared to the discrete-time
algorithm, the continuous-time framework, formulated through a
stochastic differential equation (SDE), enables flexible state transi-
tions at arbitrary time intervals. This enhances modeling of user
behavior patterns while generalizing beyond conventional ancestral
sampling strategies [2]. Specifically, the proposed CDRec proposes
a novel popularity-aware noise schedule, where items with higher
interaction frequencies are assigned lower absorption probabilities
during the forward diffusion process. This schedule encourages the
diffusion model to simulate real-world interaction processes during
reverse diffusion, which starts interaction from popular items, and
thereby facilitates more accurate preference modeling. Instead of
estimating the reverse transition rate, CDRec parameterizes the
reverse diffusion process using a consistency function that models
user behavior patterns over masked historical interactions. This for-
mulation enables a balance between sampling quality and efficiency
by supporting both single-step and multi-step generation.

Our main contributions are summarized as follows:

• We propose a novel recommendation framework (CDRec) that
incorporates discrete diffusion processes to support efficient rec-
ommendation in continuous-time steps.
• To enhance training and sampling efficiency in the diffusion
process, we introduce a novel popularity-aware noise schedule
that generates informative diffusion trajectories by simulating
real-world interaction dynamics.
• We design a consistency function to parameterize the reverse
diffusion process, combined with a contrastive learning objective
that integrates collaborative signals to guide the diffusion process
for recommendation.
• Extensive experiments on three real-world datasets demonstrat-
ing our proposed CDRec’s superior performance over state-of-
the-art baselines, with ablation studies verifying each compo-
nent’s contribution.
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2 The Proposed Method
In this section, we first introduce the key notations and definitions
used throughout the paper. We then present an overview of the
proposed framework, CDRec, followed by a detailed description of
its components.

2.1 Notations and Definitions
In recommender systems, let U denote the set of 𝑛 users and V
indicate the set of𝑚 items. For each user𝑢 ∈ U, the historical inter-
actions are represented as x𝑢 = [v1, v2, . . . , v𝑙 ], where 𝑙 is the pre-
defined sequence length and each v𝑖 ∈ V is represented in one-hot
form. To model collaborative signals, we represent users and items
through learnable embeddings, where P = [p1, . . . , p𝑛]𝑇 ∈ R𝑛×𝑑

denotes the user embedding matrix and Q = [q1, . . . , q𝑚]𝑇 ∈ R𝑚×𝑑
represents the item embedding matrix. These embeddings can be
initialized using any arbitrary pre-trained GNN-based recommen-
dation model.

2.2 An Overview of the Proposed Framework
We propose a continuous-time framework that directly models the
distribution of historical interactions using the discrete-space diffu-
sion algorithm. Specifically, CDRec initiates the forward diffusion
process with a popularity-aware noise schedule that perturbs inter-
actions via masking operations, progressively transitioning toward
an absorbing state to simulate real-world interaction dynamics. In
the reverse generation phase, the framework parameterizes the
reverse process with a consistency function, enabling both effi-
cient one-step generation and high-quality iterative sampling. To
enhance the personalized recommendation, we incorporate con-
trastive learning with structural collaborative signals to guide the
sampling process. Recommendations are generated by propagating
synthesized items as user representations and selecting top-𝑘 items
based on user–item embedding similarity. This approach fully ex-
ploits the generative capacity of diffusion models over interaction
sequences, rather than treating them solely as conditional input.
The overall framework is demonstrated in Figure 2.

2.3 Popularity-Aware Discrete Diffusion
Algorithm

To mitigate information degradation in existing diffusion recom-
mender models, we introduce a novel popularity-aware noise sched-
ule to control the forward diffusion process, enabling the model to
learn item distributions across popularity levels at different diffu-
sion phases. This approach integrates prior knowledge to construct
informative diffusion trajectories, thereby enhancing both training
and sampling.

2.3.1 Forward Diffusion Process. The forward process constructs
a Continuous-Time Markov Chain to transform the original data
distribution 𝑝0 into a stationary distribution 𝑝𝑟𝑒 𝑓 . Formally, we
model the user 𝑢’s historical interactions x𝑢 ∼ 𝑝0 as the initial
state, with an absorbing state serving as the prior distribution [1].
During forward diffusion, each item v𝑖 is denoted as x0 ∈ R1×|V |

under the SDE framework, and undergoes progressive replacement
by a [MASK] token. The absorbing state distribution preserves
the real user-interacted data throughout the diffusion trajectory,

thereby providing more meaningful learning signals than corrupted
embeddings [29]. The transition between time points 𝑡 and 𝑡 + Δ𝑡
can be described by the following SDE:

𝑞(x𝑡+Δ𝑡 = 𝑦 |x𝑡 = 𝑥) = 𝛿𝑥,𝑦 + R𝑡 (𝑦, 𝑥)Δ𝑡 +𝑂 (Δ𝑡), (1)

where 𝑥 and 𝑦 represents the item state at time 𝑡 and 𝑡 + Δ𝑡 re-
spectively, 𝛿 refers to the Kronecker delta, R𝑡 ∈ R |V |× |V | denotes
the transition rate matrix, and 𝑂 (Δ𝑡) refers to the terms whose
magnitude becomes negligible relative to Δ𝑡 in the limit as Δ𝑡 → 0.
This absorbing behavior is determined by the transition rate matrix
R𝑡 assigned to each item, where higher transition rates correspond
to shorter absorption times.

According to the law of total probability, the marginal distribu-
tion 𝑝𝑡 (x) at time 𝑡 is given by [19]:

𝑝𝑡 (x) =
∫

𝑝0 (x0)𝑞𝑡 |0 (x𝑡 |x0)𝑑x0 . (2)

To derive an efficient transition kernel 𝑞𝑡 |0 (x𝑡 |x0), CDRec adopts
the standard formulation R𝑡 = 𝛽 (𝑡)R, where 𝛽 (𝑡) refers to the
noise schedule, and R denotes the manually defined fixed base rate.
Consequently, the analytical solution is derived as follows:

𝑞𝑡 |0 (x𝑡 = 𝑗 |x0 = 𝑖) =

(
Sexp(Λ𝛽 (𝑡))S−1

)
𝑖 𝑗
,

𝛽 (𝑡) =

∫ 𝑡

0
𝛽𝑡𝑑𝑡,

(3)

where R = SΛS−1 is the eigendecomposition of the base rate matrix
R, with S containing the eigenvectors of R and Λ being the diag-
onal matrix of eigenvalues. The exp(·) denotes the element-wise
exponential function, and 𝑖 , 𝑗 index distinct states.

2.3.2 Popularity-aware Noise Schedule. Existing approaches pre-
dominantly adopt linear or cosine schedules for 𝛽 (𝑡), which are sub-
optimal for recommendation tasks. These conventional schedules
typically assume uniform item contributions to preference model-
ing, thereby overlooking important inter-item correlations [23]. To
address this limitation and construct more informative diffusion tra-
jectories, we introduce a novel sequence-level noise schedule that
simulates real-world interaction patterns by prioritizing popular
items [10]. Since popular items typically reflect current trends and
better characterize user behavior, they provide particularly mean-
ingful information for interaction modeling [34]. Consequently,
our method retains high-frequency items for extended durations
during diffusion, thereby enabling more precise modeling of user
preferences.

We formulate a popularity deviation metric 𝐼 (·) that measures
the relative popularity of an item v within the user’s interaction
sequence x𝑢 :

𝐼 (v) = pop(v) −
∑𝑙
0 pop(v𝑖 )

𝑙
, (4)

where v𝑖 denotes 𝑖-th interacted item in the sequence x𝑢 , and
pop(v) ∈ [0, 1] denotes the frequency of item v, normalized within
the interaction sequence. Our design captures item correlations
with respect to popularity by assigning positive deviation values
to items with above-average interaction frequencies and negative
values otherwise. Then the absorbing probability of each item v𝑖 is
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Figure 2: The proposed CDRec framework comprises three main modules: popularity-aware noise schedule, consistency-driven
diffusion parameterization, and contrastive-guided diffusion. The left panel illustrates the forward diffusion process, where
state transitions are controlled by item popularity to simulate interaction dynamics. The right panel presents the reverse
generation modeling process, which leverages a consistency function for efficient parameterization and applies contrastive
learning to guide personalized recommendations with the structural collaborative signal.
defined as :

𝛽 (𝑡)v𝑖 =
𝑡

𝑇
− 𝜔 exp

(
−
𝑡 − 𝑇

2
2𝜎2

)
𝐼 (v𝑖 ), (5)

where 𝜔 and 𝜎 are hyperparameters to scale the noise schedule
at time step 𝑡 . The popularity deviation effect is adaptively scaled
according to a normal distribution, as illustrated in Figure 3. Com-
pared to linear schedules, this yields lower absorbing probabili-
ties for relatively popular items and higher probabilities for un-
popular ones. Our design guarantees that higher-frequency items
(𝐼 (v𝑖 ) > 𝐼 (v𝑗 )) experience lower corruption rates (𝛽 (𝑡)v𝑖 < 𝛽 (𝑡)v𝑗

)
during forward diffusion. This creates an easy-to-hard reverse pro-
cess, as popular items inherently exhibit more stable patterns [34].
This staged masking strategy adapts to popularity variations across
diffusion stages, allowing the model to progressively learn items of
varying popularity at different phases, thereby effectively capturing
the interaction distribution.

Moreover, our popularity-aware noise schedule satisfies the stan-
dard transition rate requirements [2]: (1) guaranteed convergence
of the data distribution to the terminal distribution, and (2) ef-
ficient computation of the transition kernel 𝑞𝑡 |0 (x𝑡 |x0) through
Equations 3 and 5, with the structured matrix R defined as:

R =



−1 0 · · · 0 0
0 −1 · · · 0 0
.
.
.

.

.

.
. . .

.

.

.
.
.
.

0 0 · · · −1 0
1 1 · · · 1 0


. (6)

2.3.3 Reverse Diffusion Process. The reverse SDE learns to generate
personalized item interactions through iterative denoising from
the absorbing state, effectively modeling the underlying dynamics
of real user preference evolution. The reverse-time SDE can be

formulated as:

𝑞(x𝑡 = 𝑥 |x𝑡+Δ𝑡 = 𝑦) = 𝛿𝑦,𝑥 + R̂𝑡 (𝑥,𝑦)Δ𝑡 +𝑂 (Δ𝑡), (7)

where R̂𝑡 ∈ R |V |× |V | represents the reverse transition rate matrix.
Considering both the forward and reverse diffusion processes are
Markovian, the R𝑡 and R̂𝑡 satisfy the following correlation:

R̂𝑡 (𝑥,𝑦) =
𝑞𝑡 (𝑦)
𝑞𝑡 (𝑥)

R𝑡 (𝑦, 𝑥), (8)

where 𝑞𝑡 (𝑦) and 𝑞𝑡 (𝑥) denote the marginal probabilities of state 𝑥
and 𝑦 at time 𝑡 , respectively. The ratio 𝑞𝑡 (𝑦)/𝑞𝑡 (𝑥) serves as a con-
crete score, analogous to the score function ∇x log 𝑝𝑡 in continuous-
state diffusion algorithms [23]. However, this concrete score is gen-
erally intractable and requires accurate parameterization to enable
the reverse diffusion generation process.

2.4 Consistency-Driven Diffusion
Parameterization

Current parameterization methods for discrete-space diffusion re-
main developing and can be broadly categorized into two classes:
modeling the reverse density 𝑝0 |𝑡 andmodeling the score𝑞𝑡 (𝑦)/𝑞𝑡 (𝑥),
both of which face inherent limitations in the recommendation
context [16]. Direct estimation of 𝑝0 |𝑡 often yields suboptimal per-
formance due to discrete distributions [2], while learning the score
typically requires substantial computational resources and strug-
gles to ensure positive transition rates during the training process,
potentially introducing undesired bias [17, 23].

To address these limitations, we explore an alternative consis-
tency function for parameterizing discrete diffusion processes, in-
spired by consistency models [21]. Our parameterization enables
efficient single-step generation while supporting iterative refine-
ment to balance sample quality and computational cost.

2.4.1 Consistency Function. The consistency function learns the
diffusive trajectory of the masked historical interaction {x𝑡 }𝑡 ∈[𝜀,𝑇 ] ,
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Figure 3: Absorbing probability versus diffusion time step
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bypassing explicit estimation of the reverse transition rate R̂𝑡 . It
directly outputs predicted user-item interactions by reconstructing
the original preference distribution conditioned on the collabora-
tive signal. Following the standard formulation [7], we define the
consistency function as follows:

𝑓 : (x𝑡 , 𝑡) ↦→ x𝜀 , (9)

where 𝜀 denotes a fixed small positive time point, prior to which
no state transitions occur.

This formulation naturally aligns with recommendation objec-
tives by recovering latent user-item interactions. However, the well-
established skip-connection architectures for consistency functions
are fundamentally incompatible with discrete-space diffusion, as su-
perposition operations on discrete states {x𝑡 }𝑡 ∈[𝜀,𝑇 ] lack semantic
validity and implementation feasibility [21]. Thus, we parameterize
the consistency model in a manner that aligns with the discrete
nature of CDRec as

𝑓𝜃 (x, 𝑡)
{

x, 𝑡 = 𝜀

𝐹𝜃 (x, 𝑡), 𝑡 ∈ (𝜀,𝑇 ]
(10)

where 𝐹𝜃 is a free-form deep neural network.

2.4.2 Consistency Training Strategy. The core of training the con-
sistency function lies in minimizing the difference between outputs
from data pairs at adjacent time points, (x̄𝑡−Δ𝑡 , x𝑡 ), where x̄𝑡𝑛−1 is
estimated from x𝑡𝑛 , enabling 𝑓𝜃 to estimate user preferences from
samples at arbitrary time steps [7]. In the context of discrete-space
diffusion, this strategy is inefficient, as state transitions may not oc-
cur within the infinitesimal interval Δ𝑡 . To address this, we denote
the current time step 𝑡 ∼ U(𝜀,𝑇 ) as 𝑡𝑛 , and we define 𝑡𝑛−1 = 𝑡𝑛−∇𝑡 ,
where ∇𝑡 represents the fixed time interval. The training objective
L𝐶𝑜𝑛 , tailored for discrete-space diffusion, is formulated as:

L𝐶𝑜𝑛 = min
𝜽

Ex0,𝑡𝑛 [𝛾 (𝑡𝑛)𝑑 (𝑓𝜃 (x𝑡𝑛 , 𝑡𝑛), 𝑓𝜃− (x̄𝑡𝑛−1 , 𝑡𝑛−1)], (11)

where 𝛾 (·) is a time-dependent weighing function, 𝑑 (·, ·) denotes
a distance metric between the outputs, and 𝜃− represents the ex-
ponential moving average of past values of 𝜃 , updated via 𝜃− ←
𝑠𝑡𝑜𝑝𝑔𝑟𝑎𝑑 (𝜇𝜃− + (1 − 𝜇)𝜃 ) to stabilize the training process. The
primary difficulty in applying this training objective lies in the
efficient estimation of x̄𝑡𝑛−1 . In the context of recommendation,
no pre-trained model exists to approximate the reverse transition

kernel 𝑝 (x̄𝑡𝑛−1 |x𝑡𝑛 ), and training a dedicated model would be com-
putationally expensive. Moreover, unlike continuous-state SDEs,
discrete-space diffusion algorithms lack an unbiased estimator for
the score 𝑞𝑡 (𝑦)/𝑞𝑡 (𝑥) [16, 17].

Since the discrete process operates through scheduled itemmask-
ing, the transition kernel 𝑝 (x̄𝑡𝑛−1 |x𝑡𝑛 ) can be simplified via masked
element recovery algorithms, bypassing complex mathematical
derivations. To enable efficient training of the consistency function
for the discrete-space diffusion, we propose two methods to con-
struct the data pair (x̄𝑡𝑛−1 , x𝑡𝑛 ) by transit masked items to original
state from sampled x𝑡𝑛 . The first method, termed one-step recov-
ery, aims to sample x̄𝑡𝑛−1 by recovering only one masked item for
simplicity. Given a sample x𝑡𝑛 drawn from the transition density
𝑞𝑡 |0 (x𝑡𝑛 |x0), we obtain the masking probabilities for each position

as
[
𝛽 (𝑡𝑛)v1 , 𝛽 (𝑡𝑛)v2 , . . . , 𝛽 (𝑡𝑛)v𝑙

]
. To construct x̄𝑡𝑛−1 , we simply re-

cover the masked item with the lowest masking probability. This
method is simple and efficient, but requires careful design of the
time interval ∇𝑡 to mitigate exposure bias [18], which refers to
the behavioral gap between training and sampling. Consequently,
recovering only one item may not accurately reflect the data distri-
bution at time step 𝑡𝑛−1. The second method adopts a pseudo-Euler
approach to adaptively estimate the unmasking probabilities of
items over the time interval ∇𝑡 [23]. The reverse transition proba-
bility for each item is defined as:

𝑝𝑡𝑛−1|𝑡𝑛 (x
v𝑖
𝑡𝑛−1 = 𝑥 |xv𝑖

𝑡𝑛
= 𝑦)


1 − (𝐵𝑡𝑛 − ∇𝑡𝑇 𝐵𝑡𝑛 ), if 𝑥 ≠ [𝑀 ], 𝑦 = [𝑀 ]
𝐵𝑡𝑛 − ∇𝑡𝑇 𝐵𝑡𝑛 , if 𝑥 = 𝑦 = [𝑀 ]
1 if 𝑥 = 𝑦 ≠ [𝑀 ],

(12)

where 𝐵𝑡𝑛 = 𝛽 (𝑡𝑛)v𝑖 for brevity, and [𝑀] represents the absorbing
state. This method recovers masked items with probabilities scaled
by the time interval and original masking rate, aligning well with
the forward diffusion process. Given the data pair (x̄𝑡−Δ𝑡 , x𝑡 ), we
can efficiently train the consistency function 𝑓𝜃 . This enables single-
step generation while maintaining iterative sampling capability, as
detailed in Algorithm 1.

The L𝐶𝑜𝑛 enforces identical predictions under data perturba-
tions to model the interaction distribution in a step-wise manner,
but it may over-emphasize popular items, as they tend to persist
longer in the diffusive trajectory. To mitigate this bias, we empir-
ically introduce a diffusion loss L𝐷𝑖𝑓 𝑓 as an auxiliary denoising
objective, directly modeling historical interactions through the fol-
lowing formulation:

L𝐷𝑖𝑓 𝑓 = −
𝑙∑︁

𝑖=1

(
x𝑖𝑢 log𝑝𝑖

𝜃
(x0 |x𝑡 )

)
, (13)

where 𝑝𝑖
𝜃
represents the predicted categorical probability for 𝑖-th

element generated by the consistency model 𝐹𝜃 , x𝑖𝑢 denotes the
ground-truth value of 𝑖-th element. The experiments demonstrate
that this loss function stabilizes the training process while enhanc-
ing the model’s capacity, consistent with previous studies [1, 9].

2.4.3 Practical Implementation. In practice, the consistency model
𝐹𝜃 is instantiated as a Transformer encoder. For a user 𝑢 with
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perturbed interactions x𝑡 at time step 𝑡 , the encoded interaction se-
quence is prefixed with a collaborative user embedding to preserve
personalized information: ⟨p𝑢 , q𝑣1 , . . . , q𝑣𝑙 ⟩. We adopt a layer-wise
time embedding strategy, where the embedding of time step 𝑡 is
added to the user representation p𝑢 . The output x̂0, formulated
as ⟨p̂𝑢 , q̂𝑣1 , . . . , q̂𝑣𝑙 ⟩, is projected back to the discrete item space
using cosine similarity with the item embedding matrix Q. The
𝑖-th generated item is represented as a one-hot vector x̂v𝑖 . Addi-
tionally, the distance metric 𝑑 (·) is defined using Kullback–Leibler
divergence to encourage 𝐹𝜃 to produce consistent outputs across
different partially masked historical interactions of users.

Algorithm 1 Multistep Sampling Process
Require: 𝐹𝜃 : Consistency function, x𝑇 : Absorbing state initial-
ization, 𝑇 : Total diffusion step, [𝛿1, 𝛿2 . . . 𝛿𝑁 = 𝑇 ]: Discretized
diffusion steps, 𝑁 : Sampling steps.
x̂← 𝐹𝜃 (x𝑇 ,𝑇 )
for 𝑛 = 𝑁 − 1 to 0 do

x𝛿𝑛 ∼ 𝑞𝑡 |0 (·|x̂v𝑖 ) = exp(𝛽 (𝛿𝑛)R)x̂v𝑖 ·
x̂← 𝐹𝜃 (x𝛿𝑛 , 𝛿𝑛)

end for
Output: x̂: Prediction of user-item interaction

2.5 Contrastive Guided Diffusion
Although discrete-space diffusion algorithms demonstrate strong
capability in modeling data distributions, these methods primar-
ily focus on learning direct historical interactions (i.e., one-hop
neighbors in collaborative graphs) while neglecting valuable multi-
hop relational information. To bridge this gap, CDRec incorporates
contrastive learning to guide the diffusion process with structural
information encoded in the user representations P.

2.5.1 Contrastive Learning. Given the generated interaction se-
quence, ⟨v̂1, v̂2, . . . , v̂𝑙 ⟩, we aggregate the corresponding collabora-
tive embeddings to construct the user representation e𝑢 , simulating
the propagation behavior of a single GNN layer [11, 33]. To effec-
tively transfer domain knowledge from the collaborative graph,
we utilize the pre-trained user embedding p𝑢 as a positive sample
while employing a randomly sampled non-interacted item setV−𝑢
as negative samples for contrastive learning. The CDRec employs
the InfoNCE loss as our self-supervised learning objective to guide
the diffusion generation, which can be defined as:

L𝑐𝑙 =
∑︁
𝑢∈U
− log 𝜍 (e𝑢 , p𝑢 )

𝜍 (e𝑢 , p𝑢 ) +
∑

𝑣∈V−𝑢
𝜍 (e𝑢 , q𝑣))

, (14)

where the similarity function is defined as 𝜍 (ê𝑢 , p∗) = exp (cos(ê𝑢 , p∗)/𝜏)
to compute the cosine similarity between embeddings, and 𝜏 is the
temperature parameter.

2.5.2 Joint Training Mechanism. The joint optimization objective
for CDRec combines multiple learning objectives through the fol-
lowing weighted formulation:

L = 𝜆1L𝐶𝑜𝑛 + (1 − 𝜆1)L𝐷𝑖𝑓 𝑓 + 𝜆2L𝑐𝑙 , (15)

where 𝜆1 balances two complementary objectives: the consistency
loss, which emphasizes pattern consistency by producing identical

predictions for interactions with varying masking levels, and the
diffusion loss, which performs behavior reconstruction by directly
recovering the original user–item interactions; while 𝜆2 balances
the guidance from the structural information of the collaborative
graph with the modeling of direct one-hop relations. The training
procedure for the denoising model is presented in Algorithm 2.

Algorithm 2 Training Algorithm of CDRec

Require: 𝑓𝜃 (x, 𝑡): Consistency function, ∇𝑡 represents the fixed
time interval, RecEnc(·): Pre-trained GNN-based recommenda-
tion model.
repeat

Sample the historical interaction x𝑢 = [v1, v2, . . . , v𝑙 ] of user
𝑢 as x0.
𝑡𝑛 ← 𝑡 ∼ U(𝜀,𝑇 )
x𝑡𝑛 ∼ 𝑞𝑡𝑛 |0 (·|x

v𝑖
0 ) = exp(𝛽 (𝑡𝑛)R)xv𝑖

0 ·
𝑡𝑛−1 ← 𝑡𝑛 − ∇𝑡
if Using One-step Recovery then

Sample x̄𝑡𝑛−1 by recovering only one masked item with
the lowest absorbing probability.

else if Using Pseudo-Euler then
Sample x̄𝑡𝑛−1 via Equation 12.

end if
Encode the x𝑡𝑛 and x̄𝑡𝑛−1 with RecEnc(·).
Compute the L𝐶𝑜𝑛 via Equation 11.
Compute the L𝐷𝑖𝑓 𝑓 via Equation 13.
Sample non-interacted item setV−𝑢 .
Compute the L𝑐𝑙 via Equation 14.
Update the parameters 𝜃 via gradient descent.

until converged
Output: 𝑓𝜃 : Optimized consistency function

3 Experiment
In this section, we conduct comprehensive experiments to assess
the performance of our proposed CDRec framework.

3.1 Experiment Settings
3.1.1 Datasets. Experiments are conducted on three real-world
datasets: Ciao 2, MovieLens-1M 3, and Dianping 4, where user-item
ratings follow a [1 − 5] scale. Following a widely adopted setting,
we treat ratings of 3 and above as implicit interactions. Each dataset
is partitioned into training, validation, and testing sets with an
8 : 1 : 1 ratio. Dataset statistics are summarized in Table 2.

3.1.2 Evaluation Metrics. We evaluate top-𝐾 recommendation per-
formance using two standard ranking metrics: Recall@𝐾 (R@𝐾)
and Normalized Discounted Cumulative Gain (N@𝐾), with 𝐾 ∈
{5, 10} under the full-ranking setting. All results are averaged over
five independent runs to ensure reliability.

3.1.3 Baselines. We evaluate the performance of CDRec against
state-of-the-art baselines from three categories: GNN-based recom-
menders (NGCF [27], LightGCN [8], SGL [28]), VAE-based mod-
els (Mult-VAE [12], VGCL [31]), and diffusion-based approaches
2Ciao: https://www.cse.msu.edu/~tangjili/trust.html
3MovieLens-1M: https://grouplens.org/datasets/movielens/1m/
4Dianping: https://grouplens.org/datasets/movielens/1m/
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Table 1: Comparison of overall performance on three recommendation datasets. The best performance is highlighted in bold,
and the second best is underlined. %Improve denotes the relative improvement of CDRec over the strongest baseline.

Dataset Ciao MovieLens-1M Dianping

Method R@10 R@5 N@10 N@5 R@10 R@5 N@10 N@5 R@10 R@5 N@10 N@5
NGCF 0.0483 0.0266 0.0396 0.0321 0.1201 0.0724 0.1212 0.1136 0.0531 0.0316 0.0381 0.0317

LightGCN 0.0525 0.0312 0.0441 0.0370 0.1297 0.0783 0.1231 0.1193 0.0543 0.0333 0.0421 0.0339
SGL 0.0553 0.0364 0.0493 0.0438 0.1319 0.0852 0.1277 0.1207 0.0546 0.0339 0.0433 0.0365

Muti-VAE 0.0517 0.0361 0.0409 0.0341 0.1337 0.0863 0.1193 0.1152 0.0547 0.0341 0.0415 0.0345
VGCL 0.0568 0.0346 0.0477 0.0422 0.1339 0.0846 0.1315 0.1273 0.0551 0.0336 0.0431 0.0353
DiffRec 0.0436 0.0289 0.0397 0.0361 0.1351 0.0839 0.1379 0.1309 0.0556 0.0345 0.0439 0.0367
L-DiffRec 0.0458 0.0293 0.0417 0.0371 0.1326 0.0799 0.1351 0.1169 0.0539 0.0327 0.0435 0.0371
BSPM 0.0590 0.0363 0.0518 0.0447 0.1399 0.0871 0.01347 0.1301 0.0557 0.0329 0.0441 0.0359
GiffCF 0.0584 0.0372 0.0473 0.0396 0.1426 0.0857 0.1395 0.1293 0.0505 0.0339 0.0412 0.0361
CDRec 0.0617 0.0390 0.0539 0.0473 0.1486 0.0931 0.1469 0.1384 0.0586 0.0355 0.0471 0.0394

%Improve 4.58% 4.84% 4.06% 5.81% 4.21% 6.88% 5.30% 5.72% 5.21% 2.90% 6.80% 6.19%

Table 2: Statistics of the datasets

Dataset Ciao MovieLens-1M Dianping
#Users 7,373 6,038 131,629
#Items 91,091 3,533 10,932

#Interactions 227,392 575,281 1,412,544
Interaction Density 0.0338% 2.6967% 0.0981%

(DiffRec [26], DiffRec-L [26], BSPM [4], GiffCF [37]). Descriptions
of these baselines are provided below:
• NGCF [27]: NGCF employs graph convolutional networks to
model collaborative signals through embedding propagation.
• LightGCN [8]: LightGCN simplifies NGCF by eliminating fea-
ture transformation and nonlinear activation layers, focusing
specifically on collaborative filtering tasks.
• SGL [28]: SGL introduces multiple auxiliary tasks to capture
structural relatedness across different views, leveraging this in-
formation to enhance the supervision signals.
• Mult-VAE [12]: Mult-VAE produces interaction vectors via varia-
tional inference based on a multinomial distribution.
• VGCL [31]: VGCL integrates VAE with contrastive learning by
employing variational graph reconstruction to generate multiple
views for collaborative filtering.
• DiffRec [26]: DiffRec introduces the diffusion algorithm by per-
turbing the user’s historical interactions across the item vector.
• L-DiffRec [26]: L-DiffRec encodes collaborative data using a VAE
framework and performs the diffusion process in the latent space.
• BSPM [4]: BSPM leverages score-based generative models for
collaborative filtering by incorporating a blurring and sharpening
process on the interaction matrix.
• GiffCF [37]: GiffCF applies a diffusion algorithm, grounded in
the heat equation, to the item–item similarity graph.

3.1.4 Parameter Settings. The proposed CDRec framework is im-
plemented in PyTorch. We set the batch size to 1024 for all three
datasets, with the sequence length 𝑙 set to 20. CDRec is optimized
using the Adam optimizer, and the learning rate is tuned from
{0.001, 0.0001, 0.0001}. The number of sampling steps 𝑁 is selected
from {1, 3, 5, 10, 30, 50, 100}, with𝑇 is evaluated in the range {𝑁, 2𝑁 }

and the corresponding step size adjustedwithin∇𝑡 within {1, 5, 10, 20}.
The hyperparameter 𝜆1 is searched in the range [0.1, 1] while the
𝜆2 is selected from {1.0, .01, 0.001, 0.0001}. We empirically set the
𝜔 = 0.5, and 𝜎 = 𝑇 /10. In this work, user and item representations
are initialized using a pre-trained 3-layer LightGCN model.

3.2 Overall Performance
We conduct a comprehensive evaluation of recommendation per-
formance by comparing the proposed CDRec framework against
existing baselines. As shown in Table 1, we report Recall and NDCG
metrics across three benchmark datasets: Ciao, MovieLens-1M, and
Dianping. Our main findings include:
• Generative recommender systems outperform GNN-based ap-
proaches, particularly on large-scale sparse datasets, by directly
modeling user interaction distributions rather than learning low-
rank embeddings from high-dimensional interaction matrices.
• While diffusion models outperform baseline approaches by cap-
turing complex data distributions more effectively, their perfor-
mance improvements remain modest, likely due to information
loss during discrete-to-continuous data transformation.
• CDRec demonstrates consistent superiority over all baseline
methods across all evaluated datasets. The performance gains
can be attributed to three key components. Our popularity-aware
noise scheduler effectively simulates real-world interaction pat-
terns through an easy-to-hard sampling process. The proposed
consistency function accurately captures interaction distributions
conditioned on the collaborative signals, leading to substantially
improved recommendation accuracy. Moreover, the contrastive
component bridges one-hop and multi-hop neighborhood repre-
sentations, enhancing personalized sampling.

3.3 Ablation Study
To systematically evaluate the core components of CDRec, we de-
sign four architectural variants:
• w/o pop: Ablates the popularity-aware component, implementing
standard uniform masking with linear noise schedule.
• w/o con: Removes the consistency loss L𝑐𝑜𝑛 , forcing the model
to estimate reverse densities 𝑝0 |𝑡 in the discrete state space.
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Figure 4: Ablation study of CDRec and its variants on three
datasets with evaluation metrics Recall@10 and NDCG@10.
• w/o diff : Eliminate the diffusion loss L𝑑𝑖 𝑓 𝑓 , relying solely on the
consistency loss for interaction distribution learning.
• w/o ssl: Ablates the contrastive learning objective L𝑐𝑙 , resulting
in a denoising process that is solely conditioned on the user
representation prefix.
Figure 4 presents our ablation study results. The popularity-

aware noise scheduler proves significantly more effective than
linear scheduling, demonstrating its ability to capture real-world
interaction patterns while improving training stability and sam-
pling quality. Performance suffers most severely when removing
either the consistency or diffusion losses, confirming their funda-
mental role in modeling interaction distributions. Additionally, the
contrastive learning component contributes measurably to perfor-
mance, verifying its effectiveness in exploiting multi-hop relational
patterns for personalized recommendation generation.

3.4 Parameter Sensitivity Study
In this section, we examine the impact of CDRec’s key parameters.

3.4.1 Diffusion Steps. We evaluate the sampling steps 𝑁 , with cor-
responding diffusion steps 𝑇 ∈ {𝑇 = 𝑁,𝑇 = 2𝑁 }. As shown in
Figure 5, optimal performance occurs at 30 sampling steps with
𝑇 = 60 across all datasets. After this point, performance degrades
with additional steps, likely due to noise accumulation from exces-
sive sampling iterations. Moreover, experimental results indicate
that larger 𝑇 values generally improve performance with the same
sampling step, suggesting that an extended step 𝑇 better simu-
lates the continuous-time diffusion trajectory and encourages the
model to learn the interaction distribution. Importantly, the one-
step recommendation of CDRec achieves performance comparable to
diffusion-based baselines, demonstrating the efficiency of the consis-
tency parameterization.
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Figure 5: Effect of sampling steps 𝑁 on Recall@10 and
NDCG@10.
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Figure 6: Effect of 𝜆1 on Recall@10 and NDCG@10.
3.4.2 Loss Weights. We conduct the sensitivity study on 𝜆1 to ex-
amine CDRec’s training dynamics, with results shown in Figure 6.
The best performance is achieved at 𝜆1 = 0.4, with a decline ob-
served as 𝜆1 deviates in either direction. These results suggest that
incorporating L𝐷𝑖𝑓 𝑓 effectively enhances the modeling of interac-
tion distributions in the recommendation context while mitigating
undesired bias.

3.4.3 Construction of (x̄𝑡𝑛−1 , x𝑡𝑛 ). Weevaluate twomethods, pseudo-
Euler and one-step recovery, for constructing the data pair (x̄𝑡𝑛−1 , x𝑡𝑛 )
to train the consistency model 𝐹𝜃 . The results, shown in Figure 7,
indicate that pseudo-Euler consistently outperforms one-step recov-
ery across all three datasets. This advantage likely arises because
Equation 12 adaptively demasks items based on time intervals ∇𝑡 ,
thereby more accurately simulating the diffusion process.
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Figure 7: Effect of methods to construct (x̄𝑡𝑛−1 , x𝑡𝑛 ) on Re-
call@10 and NDCG@10.

3.5 Model Investigation
This section presents a comprehensive evaluation of CDRec, includ-
ing its time efficiency and case study analyses.

3.5.1 Time Analysis. We systematically evaluate the sampling ef-
ficiency of CDRec under varying parameter settings and conduct
comparative analysis with the baseline DiffRec model. Figure 8(a)
illustrates the time cost with respect to two key parameters: se-
quence length and sampling steps. The results show that time cost
increases sharply with the number of sampling steps, underscoring
the importance of achieving the single-step recommendation while
maintaining comparable performance. Figure 8(b) demonstrates the
comparison of sampling time of CDRec and DiffRec on the Dian-
ping dataset under the same settings (test batch size is 1024). CDRec
outperforms DiffRec as its discrete diffusion algorithm perturbs
data through masking operations rather than applying Gaussian
noise to the entire item vector.

3.5.2 Case Study. We illustrate the forward masking diffusion
process for a specific user in the MovieLens-1M dataset across
the diffusion steps. The observations are as follows: (1) The user’s
preferences span action films, comedies, and dramas, with relatively
popular films in these categories typically watched first, aligning
with our assumption of user behavior. (2) The proposed popularity
deviation metric guides the forward diffusion process, allowing
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Figure 8: Time Analysis

more popular movies to be retained longer. However, the diffusion
mechanism introduces randomness, so the masking order does not
strictly follow interaction frequency. This randomness gives the
model a greater opportunity to model less popular items, helping
to mitigate potential bias.
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Figure 9: Case study of the forward diffusion process for user
ID 98 in MovieLens-1M with 𝜔 = 0.5. Movies are initially
ordered by interaction timestamps for illustration only.

4 Related Work
This section reviews the related work in diffusion models for rec-
ommender systems and discrete-space diffusion algorithms.

4.1 Diffusion Recommender Model
Diffusion models have emerged as a powerful generative approach
for RS, achieving remarkable performance by modeling complex
data distributions. In collaborative filtering, DiffRec [26] pioneered
diffusion-based recommendation by applying DDPM [9] to binary
interaction vectors to model user–item interactions in latent space.
Building on this, GiffCF [37] integrates graph-level diffusion to cap-
ture higher-order relations, while BSPM [4] employs a continuous-
time diffusion framework on the adjacency matrix. On the other
hand, DreamRec [32] adopts the learn-to-generate paradigm, ap-
plying diffusion processes to target representations conditioned
on historical interactions. PreferDiff [15] introduces negative sam-
ples during training for sequential recommendation, potentially
aligning with the Direct Preference Optimization (DPO) framework.
Despite their advancements, these methods require encoding dis-
crete collaborative graph data into continuous space, which poses
a risk of collaborative information loss.

DCDR [13] introduced discrete-state diffusion into recommen-
dation for reranking, marking an early exploration in this direction.

However, discrete diffusion in DCDR [13] only perturbs item po-
sitions within interactions, without fully exploiting the modeling
capacity of discrete diffusion frameworks. This highlights the ne-
cessity of developing a discrete diffusion algorithm that directly
models the distribution of user preferences while enabling an effi-
cient sampling process.

4.2 Discrete Diffusion Model
Discrete diffusion models have attracted growing attention for their
capacity to model complex distributions in discrete data spaces [30].
D3PM [1] proposed the first discrete-state diffusion framework for
categorical random variables in discrete time. Instead of Gaussian
noise, D3PM introduces several stationary distributions, such as
the uniform distribution (where the transition probability to any
other state is uniform) and the absorbing state (where perturbation
is applied by masking the token). Campbell et al. [2] first formu-
lated discrete-state diffusion using stochastic differential equations
(SDEs) in continuous time to enhance sampling flexibility. However,
its discrete parameterization of the reverse process constrains em-
pirical performance. Sun et al. [23] introduced the ratio matching
algorithm to model marginal probabilities via maximum likelihood
training, followed by methods such as CSM [17] and SEDD [16],
which proposed alternative score matching approaches. However,
the parameterization methods remain underdeveloped, hindered by
requirements for specialized architectures, constraints on positive
probabilities, and high computational cost.

5 Conclusion
In this paper, we propose CDRec, a framework that employs a
discrete-state diffusion algorithm in continuous time to model the
distribution of user–item interactions. CDRec leverages an absorb-
ing state to perturb historical interactions via masking operations
and learns a parameterized reverse process to generate personalized
recommendations. To better capture real-world interaction gener-
ation, we propose a popularity-aware noise schedule that assigns
lower absorption probabilities to items with higher interaction fre-
quencies, enabling an easy-to-hard generation strategy for more
accurate preference modeling. In the reverse process, we parameter-
ize it with a consistency function that models user behavior patterns
over masked historical interactions, thereby mitigating the limi-
tations of existing parameterization methods in recommendation
contexts. This framework balances sampling quality and efficiency
by supporting both single-step andmulti-step generation. Extensive
experiments on real-world datasets show that CDRec consistently
outperforms existing methods, validating its effectiveness.
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7 Ethical Considerations
In this section, we discuss potential ethical issues associated with
the proposed CDRec framework. Although designed to enhance
recommendation accuracy and efficiency, CDRec may also pose
risks related to data privacy, fairness, and bias.

Data Privacy. Recommendation systems inherently process user
behavioral data, which may contain sensitive personal information.
Although our framework does not require explicit personal identi-
fiers, improper data handling or insufficient anonymization could
still expose users to privacy risks, including re-identification and
unauthorized data misuse. To address these concerns, we adhere to
strict data usage policies, such as enforcing access controls and en-
cryption, to ensure compliancewith privacy regulations (e.g., GDPR,
CCPA). Furthermore, robust anonymization techniques, such as
k-anonymity and tokenization, are applied to safeguard sensitive
attributes. These measures collectively mitigate privacy risks and
protect user information throughout the training process.

Fairness and Bias. Since the model is trained on historical
user–item interaction data, it may inherently encode societal biases
or skewed popularity distributions. Without appropriate interven-
tion, these biases could be perpetuated or even amplified, leading to
unequal item exposure or unfair treatment of certain user groups.
To mitigate such risks, regular bias audits should be performed to
monitor disparate impacts using established fairness metrics. These
audits, combined with fairness-aware model adjustments, can help
ensure equitable outcomes while preserving recommendation per-
formance.
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