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Abstract

Recommender systems are increasingly prevalent to provide
personalized suggestions and enhance user satisfaction. Typi-
cal recommendation models encode users and items as em-
beddings, and generate recommendations by assessing the
similarity between these embeddings. Despite their effective-
ness, these embedding-based models struggle with model-
ing user uncertainty and capturing diverse user interests us-
ing a single fixed user embedding. Recent studies have be-
gun to explore a user-distribution paradigm to learn distribu-
tions for users. However, this approach employs a single dis-
tribution per user, which fails to effectively delineate seman-
tic boundaries, resulting in sub-optimal recommendations. To
this end, we propose GCDR, a Guided Conditional Diffusion
Recommender model, to learn multiple distributions for each
user in this paper. Specifically, GCDR addresses two ma-
jor challenges: 1) learning disentangled distributions, and
2) learning personalized distributions. GCDR captures inter-
user and intra-user distribution properties through conditional
and guided diffusion, respectively. It maintains user-specific
embeddings to encode long-term interests for conditional dif-
fusion, while for guided diffusion, it incorporates short-term
interests encoded from recent interactions with category pref-
erences. To align the diffusion model with the recommenda-
tion task, we train GCDR with three losses, included the user
loss, the recommendation loss and the diffusion loss. Exten-
sive experiments on four real-world datasets show that GCDR
is able to learn effective user distributions and is superior to
thirteen state-of-the-art baseline methods.

Code — https://github.com/NoMultiply/GCDR

1 Introduction
Nowadays, recommender systems have become ubiquitous
across a wide range of applications (Altenburger and Ho
2019; Gu et al. 2020; Chang et al. 2021; Liu et al. 2022).
They incorporate recommendation models to provide per-
sonalized suggestions, thus enhancing user experience and
satisfaction. Various recommendation models have been
proposed, evolving from traditional Matrix Factorization
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Figure 1: Illustration of different user modeling approaches.
(a) Without uncertainty modeling, the learned user embed-
ding tends to be closest to the interacted items. This proxim-
ity makes it challenging to distinguish between target items
and negative items. (b) When modeling the user as a distri-
bution, we can sample good embeddings that are close to the
target items. However, it is possible to sample bad embed-
dings that are near to negative items. (c) By modeling a user
as multiple distributions, such as learning a separate distri-
bution for each category of interacted items, it becomes easy
to obtain embeddings close to the target items and far from
the negative items.

(MF) (He et al. 2016) to innovative Deep Neural Network
(DNN) (Sedhain et al. 2015; Wang et al. 2019). These mod-
els represent users and items as embeddings (i.e., vectors),
and make recommendations based on the similarity (e.g., co-
sine similarity) between these embeddings.

While embedding-based recommendation models have
shown impressive performance on recommendation effec-
tiveness and efficiency (He et al. 2020; Gu et al. 2022;
Wu et al. 2023a,b; Xu et al. 2023), the user-embedding
paradigm, i.e., learning a single and fixed user embedding,
encounters difficulties in user uncertainty modeling, and
fails to represent the diverse interest of users well (Li, Sun,
and Li 2023; Wu et al. 2024). For example, in Figure 1(a),
it is hard to discern whether the learned user embedding is
closer to the target items from categories “Computers” and
“Games”, or to the negative items from categories “Shoes”
and “Cars”. To address this issue, several latest research ef-
forts (Wu et al. 2024; Yang et al. 2024) shift towards a user-
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distribution paradigm. These approaches involve learning
a distribution for a user, and modeling user uncertainty by
sampling different embeddings from this distribution. As il-
lustrated in Figure 1(b), the good user embedding samples
(i.e., green circles) enable us to recommend target items
rather than negative items.

Nevertheless, existing methods with user-distribution
paradigm mostly characterize user uncertainty with a single
distribution, which obscures the semantic boundaries (such
as category boundaries) of user embeddings, and can re-
sult in bad user embedding samples (i.e., red circles in Fig-
ure 1(b)). In this regard, we propose to learn multiple dis-
tributions for each user. As shown in Figure 1(c), by learn-
ing two distributions within the embedding sub-spaces of
both the “Computer” category and the “Game” category, in-
tentional and guided embedding sampling can be achieved,
which helps to generate high quality user embeddings that
are close to the target items.

However, modeling user uncertainty with multiple distri-
butions is non-trivial, and there are two major challenges:

How to learn disentangled distributions. Disentangling
the distributions of a user into different embedding sub-
spaces is challenging. On the one hand, simply learning
multiple distribution with multiple existing generative rec-
ommender models (such as GAN-based (Guo et al. 2020)
and VAE-based (Ma et al. 2019) models) cannot guarantee
the distinguishability of the learned distributions due to the
lack of guidance. On the other hand, learning a distribution
for every category weakens the connections of the learned
distributions, and thus fails to capture the long-term consis-
tency of a user. Therefore, it is necessary to explore a new
approach that simultaneously considers both the individual
distinctiveness and overall interdependence of distributions.

How to learn personalized distributions. Capturing user
personality, such as long-term and short-term interest as well
as category preference, is critical for recommendation mod-
els. Long-term interests often reflect stable, enduring pref-
erences that can be integral to understanding overall user
behavior, while short-term interests capture more transient,
immediate needs and desires. Additionally, users may have
distinct preferences across different categories. The chal-
lenge lies in effectively integrating these diverse dimensions
of user behavior into multiple distributions that are capa-
ble of balancing the stability of long-term patterns with the
dynamism of short-term fluctuations, all while maintaining
sensitivity to categorical preferences.

To tackle the above challenges, we propose GCDR,
a Guided Conditional Diffusion Recommender model, to
learn user uncertainty with multiple distributions. Specif-
ically, GCDR captures the intra-user and inter-user dis-
tribution properties via guided diffusion and conditional
diffusion, respectively. To learn disentangled distributions,
GCDR performs diffusion conditioning on users to ensure
the overall consistency of distributions for each user, and
meanwhile guides the diffusion with different user charac-
teristics to generate different distributions for each user. To
learn personalized distributions, a user-specific embedding
is maintained to encode long-term interest and serve as the
condition for GCDR to distinguish different users, while the

historical interaction sequence and the category preference
are depicted as the guidance to enable intentional embedding
sampling. Furthermore, we design three losses, namely the
user loss, the recommendation loss, and the diffusion loss,
to align the diffusion model with the recommendation task,
and to train GCDR effectively.

The main contributions of this paper are as follows:
• We point out the limitations of the user-distribution para-

digm, and first propose to model user uncertainty with
multiple distributions for each user. (Sections 2 and 3).

• We develop GCDR, a novel diffusion recommender model
that leverages guided conditional diffusion to learn disen-
tangled and personalized user distributions. (Section 4).

• We conduct comprehensive experiments to evaluate the
GCDR model with thirteen state-of-the-art baseline meth-
ods. The experimental results show that GCDR is superior
to other methods, and is able to perform effective recom-
mendation with the help of guided conditional diffusion.
(Section 5).

2 Related Work
In this section, we review the related work relevant to this
study, including Generative Recommendation and Diffusion
Recommendation.

2.1 Generative Recommendation
Generative recommendation (Li, Kawale, and Fu 2015; Li
and She 2017; Yu et al. 2019; Ren et al. 2020; Shenbin et al.
2020) has become a pivotal approach in recommendation
systems, offering enhanced capabilities to model intricate
user-item interactions. The landscape of classical generative
recommendation is divided mainly into GAN-based (Guo
et al. 2020; Jin et al. 2020; Gao et al. 2021; Xu et al. 2022;
Chen et al. 2022) and VAE-based methods (Zhang, Yao,
and Xu 2017; Ma et al. 2019; Liu et al. 2021). GAN-based
techniques employ adversarial training frameworks where
a generator predicts user interactions while a discrimina-
tor evaluates these predictions, iteratively refining the accu-
racy (Wang et al. 2017; He et al. 2018; Wu et al. 2019; Wang
et al. 2022b). VAE-based methods, on the other hand, focus
on encoding user data into a latent space and then decoding it
to reconstruct interaction probabilities (Higgins et al. 2017;
Liang et al. 2018; Shenbin et al. 2020; Truong, Salah, and
Lauw 2021; Xie et al. 2021; Salah, Tran, and Lauw 2021;
Ren et al. 2022; Wang et al. 2022a; Zhang et al. 2023).

However, GAN-based and VAE-based models have some
model issues (Wang et al. 2023). The adversarial training in
GAN-based models is typically unstable, while VAE-based
models suffer from the trade-off between tractability and
representation ability. Most recently, some studies have be-
gun utilizing Large Language Models (LLMs) for generative
recommendation (Du et al. 2024; Zhang et al. 2024; Ji et al.
2024). However, these approaches still have a long way to
go in terms of recommendation efficiency and throughput.

2.2 Diffusion Recommendation
Diffusion models have emerged as a new paradigm of gen-
erative models, and have shown high-quality generation ca-

12846



pabilities (Croitoru et al. 2023; Popov et al. 2021), in both
conditional (Chao et al. 2021; Ho, Jain, and Abbeel 2020;
Liu et al. 2023b; Rombach et al. 2022) and unconditional
generation (Austin et al. 2021). Recent studies explore their
integration into recommendation.

CODIGEM (Walker et al. 2022) is the first collabo-
rative filtering approach based on DDPM, which gener-
ates robust collaborative signals and latent representations.
DiffRec (Wang et al. 2023) uses diffusion models to capture
user interactions, reducing noise and incorporating temporal
information for better accuracy. DiffuRec (Li, Sun, and Li
2023) leverages diffusion models for sequential recommen-
dation, representing items as distributions to capture diverse
user preferences. DiffuASR (Liu et al. 2023a) addresses
data sparsity and long-tail user problems with a diffusion-
based pseudo sequence generation framework, enhancing
the quality of generated interactions for better model train-
ing. DreamRec (Yang et al. 2024) redefines sequential rec-
ommendation using a guided diffusion model, generating
oracle items from historical interactions for precise user
preference depiction. However, these studies ignore learning
multiple distributions for each user, resulting in sub-optimal
recommendation performance.

3 Preliminaries
In this section, we give a brief introduction to diffusion mod-
els, exemplified by Denoising Diffusion Probabilistic Mod-
els (DDPM) (Ho, Jain, and Abbeel 2020). DDPM can be
divided into two main processes: 1) Forward Process that
gradually adds noise to the data over several steps, and 2)
Reverse Process that reconstructs the original data from the
noisy version.

In the forward process, we start with a data point x0 ∈
R1×d drawn from the data distribution q(x0) with dimension
d. We then add Gaussian noise in small increments across T
timesteps, resulting in a sequence of latent variables {xt}Tt=1

(xt ∈ R1×d). Mathematically, the forward diffusion process
can be described as:

q(xt|xt−1) = N (xt;
√

1− βtxt−1, βtI), (1)
where βt is a noise schedule parameter that controls the
amount of noise added at each step. In DDPM, a reparam-
eterization trick is used to obtain the closed form of out-
put: xt =

√
ᾱtx0 +

√
1− ᾱtϵ, where αt = 1 − βt, ᾱt =∏t

i=1 αi, and ϵ ∼ N (0, I).
The reverse process aims to denoise xT back to the orig-

inal data point x0 by learning the reverse conditional distri-
butions pθ(xt−1|xt). This process can be formulated as:

pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)), (2)
where µθ and Σθ are neural networks parameterized by θ
that predict the mean and variance, respectively.

Training DDPM involves optimizing the parameters θ to
minimize the difference between the true reverse process
and the learned reverse process, which is achieved by max-
imizing the log-likelihood of the data or equivalently mini-
mizing a variational bound on the negative log-likelihood:

L(θ) =
T∑

t=1

DKL(q(xt−1|xt,x0)||pθ(xt−1|xt)) + C, (3)

where DKL(·∥·) is the Kullback-Leibler (KL) divergence,
and C is a constant and is independent of the model pa-
rameters θ. The posterior distribution q(xt−1|xt,x0) can be
solved using Bayes’ theorem as:

q(xt−1|xt,x0) = N (xt−1; µ̃(xt,x0), β̃tI), (4)

where

µ̃(xt,x0) =

√
ᾱt−1βt

1− ᾱt
x0 +

√
αt(1− ᾱt−1)

1− ᾱt
xt, (5)

β̃t =
1− ᾱt−1

1− ᾱt
βt. (6)

To solve pθ(xt−1|xt), DDPM (Ho, Jain, and Abbeel
2020) sets Σθ(xt, t) = β̃tI to match Eq. (4), and repa-
rameterizes µθ(xt, t) by predicting ϵ from xt. However,
DiffRec (Wang et al. 2023) highlights that predicting x0

rather than ϵ aligns more closely with the objective of rank-
ing items in recommendation. Thus, they factorize µθ(xt, t)
as:

µθ(xt, t) =

√
ᾱt−1βt

1− ᾱt
fθ(xt, t) +

√
αt(1− ᾱt−1)

1− ᾱt
xt, (7)

where fθ is a function approximating x0 given xt and t. In
this case, Eq. (3) is transformed into:

L(θ) =
T∑

t=1

Ex0,ϵ

[
1

2

(
ᾱt−1

1− ᾱt−1
−

ᾱt

1− ᾱt

)
|x0 − fθ(xt, t)∥2

]
+ C. (8)

4 Methods
In this section, we first present the overview of the proposed
GCDR model (see Figure 2), and then delve into the details
of its approximator fθ, followed by the training and infer-
ence procedure of GCDR.

4.1 Overview
Formally, we follow the standard setting where there exist a
set of users U , a set of items I, a set of categories C, and
the interaction records H between U and I. Each item i ∈ I
is tagged with a subset of categories Ci ⊆ C. The objective
of the recommendation is to generate a set of items Ru ⊆
I (typically the top-k items ranked by a recommendation
model) for each user u.

GCDR learns multiple user distributions to sample user
embedding for item ranking. Specifically, the user distribu-
tions are characterized as the distribution of the historically
interacted items. As shown in Figure 2(a), this characteriza-
tion conditions on the long-term interest encoded by user-
specific embedding, and is guided by the short-term inter-
est derived from recent interaction sequences, as well as the
user category preference encoded by the category distribu-
tion in historically interacted items. Then, GCDR follows
the DDPM framework, and leverages a forward process and
a reverse process for model training and model inference, re-
spectively (see Figures 2(b) and 2(c)). Note that in addition
to the diffusion loss, GCDR is simultaneously optimized by
the user loss and the recommendation loss, for better align-
ment with the objectives of the recommendation task.
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Figure 2: The architecture of GCDR. Figure 2(a) shows the details of the approximator, which encodes the long-term interest,
the short-term interest and the category preference of a user for target item reconstruction. Figure 2(b) illustrates the training
phase of GCDR, which is optimized via the user loss, the recommendation loss, and the diffusion loss. Figure 2(c) depicts the
inference phase of GCDR, reconstructing the target item from a sampled Gaussian noise.

4.2 Approximator
The objective of GCDR’s approximator is to predict x0 for
diffusion. However, applying the approximator fθ directly
from Eq. (7) cannot facilitate personalized and guided dif-
fusion. Therefore, as shown in Figure 2(a), given user u,
GCDR employs an approximator formulated as:

x̂0 = fθ(hu,Su,Cu,xt, t). (9)

where hu represents user-specific embedding, Su denotes
the user’s recent interaction sequence, and Cu corresponds
to the category distribution of the user’s historical interac-
tions. GCDR integrates these terms into the approximator
through Condition Encoding and Guidance Encoding, and
then outputs x̂0 by the Fusing Layer.

Condition Encoding. The purpose of condition encoding
is to enable inter-user distribution learning for personalized
diffusion generation, providing the diffusion process with
user-specific information and ensuring the overall consis-
tency of distributions for each user. In this regard, GCDR
randomly initializes a user-specific embedding hu ∈ R1×d

for user u to distinguish between different users. This em-
bedding is further encoded into the user’s long-term inter-
ests cl ∈ R1×d (u is omitted for simplicity) via an MLP
(Multi-Layer Perceptron) as follows:

cl = MLP(hu). (10)

Note that in Section 4.3, we design a user loss to ensure
that the user-specific embedding hu captures the historical
interactions of user u, which guarantees that cl accurately
represents the user’s long-term interests.

Guidance Encoding. Unlike condition encoding, guid-
ance encoding is designed for intra-user distribution learn-
ing, which is used to guide the model towards the appro-
priate sub-distribution given a user’s specific distribution.
There are two kinds of guidance in GCDR, namely Short-
term Interest and Category preference.

The short-term interests of users are captured based on
their recent interaction sequences. More precisely, given

user u, we arrange her/his historical interactions in chrono-
logical order, and take the last M items to form the re-
cent interaction sequence Su = {s1u, s2u, . . . , sMu }, where
smu ∈ R1×d denotes the embedding of the m-th item in the
sequence. Then, we utilize a Transformer encoder to encode
Su and obtain the short-term interest gs (u is omitted for
simplicity) as:

gs = Transformer(Su). (11)
The category preferences of users are calculated based on

the categories of historically interacted items. Note that the
categories of the target item are not included here to ensure
that GCDR relies only on the users’ historical interactions
to infer their next interactions. Specifically, given user u and
the corresponding historical interaction sequence Iu ⊆ I,
the category distribution of the user’s historically interacted
items, denoted as Cu, is defined as a |C|-dimensional vector:

Cu = {p(c1)u , p(c2)u , . . . , p
(c|C|)
u }, (12)

p(ck)u =
f
(ck)
u∑

c′∈C f
(c′)
u

, (13)

f (c)
u =

∑
i∈Iu

∑
c′∈Ci

X (c = c′), (14)

where X (·) is the indicator function, and p
(ck)
u is the fre-

quency of category ck appearing in the historical interac-
tions. The category preference gc (u is omitted for simplic-
ity) is then derived as:

gc = MLP(Dropout(Cu)), (15)
where the Dropout layer is employed to randomly deactivate
certain dimensions within the category distribution. This
technique prevents GCDR from overly relying on frequently
occurring categories, allowing it to capture the user distribu-
tions across different categories, thereby enabling the learn-
ing of disentangled preferences.

According to ADM (Dhariwal and Nichol 2021), guided
diffusion requires the assistance of an unconditional ver-
sion. To achieve this, we adopt a classifier-free guidance
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scheme (Ho and Salimans 2021). Specifically, we ran-
domly replace the guidance gs and gc with dummy to-
kens with probability us and uc, respectively. Formally, we
set two random variable ms ∼ Bernoulli(us) and mc ∼
Bernoulli(uc), and use them for Unconditional Mask:

g′
s = (1−ms) · gs +ms ·ψs, (16)

g′
c = (1−mc) · gc +mc ·ψc, (17)

where ψs,ψc ∈ R1×d are the dummy tokens for uncondi-
tional diffusion.

Fusing Layer. The condition encoding cl and guidance
encodings g′

s and g′
c are used in the fusing layer to estimate

x̂0, formally defined as follows:

x̂0 = MLP(cl ⊕ g′
s ⊕ g′

c ⊕ (δ · xt)⊕ et), (18)

where ⊕ denotes vector concatenation, and et ∈ R1×d is
the timestep embedding at time t. δ is a hyper-parameter
that controls the influence of xt. A smaller δ implies greater
personalization, while a larger δ signifies more randomness.
In this manner, the approximator of GCDR can predict x̂0

by not only being conditioned on a specific user u, but also
taking into account the user’s long-term and short-term in-
terests as well as category preferences, thereby enhancing
the diffusion generation effect.

4.3 Model Training
As illustrated in Figure 2(b), the overall training process of
GCDR adheres to that of DDPM in Section 3. The data point
to be diffused here is the embedding of the target item (i.e.,
x0 = hi, where hi is randomly initialized) since the user
distributions are captured as the distribution of the interacted
items. To train GCDR, we incorporate the User Loss and the
Recommendation Loss in addition to the Diffusion Loss.

The user loss is employed to train the user-specific em-
bedding hu, enabling it to encode the user’s historical in-
teraction sequence. More precisely, given user u and item
i she/he has interacted with, we first randomly sample N
negative samples. We then maximize the similarity between
u and i while minimizing the similarity between u and the
negative samples. Formally, the user loss is defined as:

Luser = − log σ(h⊤
u hi)−

N∑
n=1

log σ(−h⊤
u h̃n). (19)

where hi represents the embedding of item i, h̃n denotes the
embedding of the n-th negative sample, and σ(x) = 1

1+e−x

is the sigmoid function. We use the cosine similarity to mea-
sure the similarity between users and items as many recom-
mendation models do.

The recommendation loss is used to optimize the approx-
imator so that its output x̂0 = fθ(hu,Su,Cu,xt, t) can ap-
proximate the embedding of the target item x0 within the
recommendation context. Similar to user loss, the recom-
mendation loss is defined based on cosine similarity and
negative sampling:

Lrec = − log σ(x̂⊤
0 x0)−

N∑
n=1

log σ(−x̂⊤
0 h̃n). (20)

Datasets |U| |I| # Interactions |C|
MovieLens 6,028 3,422 575,056 18
KuaiRec 7,176 10,722 1,514,281 31
Yelp 146,949 125,879 2,397,886 100
Books 712,802 1,874,004 9,838,152 100

Table 1: The statistics of datasets.

Note that we compute Lrec only when t ≤ τ , and the intu-
ition is that when t is relatively large, xt progressively ap-
proaches Gaussian noise, making it challenging for the com-
puted x̂0 to recover the original x0. Consequently, calculat-
ing the recommendation loss in such situations might lead to
performance degradation.

The diffusion loss of GCDR follows the form of Eq. (8)
and is used to optimize the approximator so that its output x̂0

can be effectively utilized for diffusion generation during the
inference phase. The diffusion loss is formally defined as:

Ldiff =
1

2

(
ᾱt−1

1− ᾱt−1
− ᾱt

1− ᾱt

)
∥x0 − x̂0∥2. (21)

It is important to note that although both the recommenda-
tion loss and the diffusion loss are computed based on x0

and x̂0, they have different focuses. The former is designed
to adapt to the recommendation task, while the latter aims to
train the diffusion model.

Finally, the global training loss is the combination of the
above three losses:

L = Lrec + λuser · Luser + λdiff · Ldiff , (22)

where λuser and λdiff are hyper-parameters to control the
influences of Luser and Ldiff , respectively.

4.4 Model Inference
During the inference phase, given user u, GCDR recon-
structs the target item’s embedding by iteratively denois-
ing from Gaussian noise (i.e., xT ∼ N (0, I)) based on the
trained approximator. Combining Eqs. (2) and (7), the re-
verse transition formula from time step t to t − 1 is as fol-
lows:

xt−1 =

(√
ᾱt−1βt

1− ᾱt
x̂0 +

√
αt(1− ᾱt−1)

1− ᾱt
xt

)
+

√
β̃tϵ. (23)

To better leverage the multiple user distributions learned
by GCDR, we made two adjustments to the approximator
during the inference phase. The first adjustment involves re-
moving the Unconditional Mask step as:

x̂ϕ
0 = MLP(cl ⊕ gs ⊕ gc ⊕ (δ · xt)⊕ et). (24)

The second adjustment aims to achieve intentional and
guided embedding sampling, i.e., to generate target item em-
bedding based on the user’s distribution w.r.t. a specific cat-
egory. Specifically, we select the top-L categories from the
user’s category distribution to construct one-hot category
distribution vectors {O1

u, . . . ,O
L
u}. These vectors replace

Cu in Eq. (15) to obtain {g1
c , . . . ,g

L
c }, leading to category-

specific estimates x̂l
0:

x̂l
0 = MLP(cl ⊕ gs ⊕ gl

c ⊕ (δ · xt)⊕ et). (25)
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Dataset MovieLens KuaiRec Yelp Books
Metric Recall HR NDCG Recall HR NDCG Recall HR NDCG Recall HR NDCG

MF 0.0750 0.5037 0.0745 0.0518 0.9235 0.1312 0.0445 0.0991 0.0227 0.0939 0.1585 0.0467
NCF 0.0741 0.5032 0.0773 0.0501 0.9440 0.1360 0.0417 0.0951 0.0210 0.0860 0.1499 0.0441

NGCF 0.0788 0.5231 0.0793 0.0499 0.9320 0.1358 0.0248 0.0677 0.0115 0.0348 0.0674 0.0152
LightGCN 0.0795 0.5212 0.0801 0.0507 0.9348 0.1362 0.0881 0.1887 0.0463 0.1165 0.1966 0.0602

GRU4REC 0.0622 0.4621 0.0576 0.0434 0.8724 0.1351 0.0311 0.0762 0.0166 0.0449 0.0835 0.0241
SASRec 0.0762 0.5019 0.0803 0.0589 0.9539 0.1388 0.0394 0.0926 0.0207 0.0718 0.1307 0.0378
STOSA 0.1131 0.5509 0.0911 0.0506 0.9405 0.1399 0.1013 0.2357 0.0534 0.0551 0.1040 0.0287

HCUR 0.0622 0.4621 0.0576 0.0617 0.9369 0.1552 0.0359 0.0854 0.0179 0.0797 0.1399 0.0413
CBox4CR 0.0714 0.4910 0.0633 0.0372 0.8356 0.1198 0.0303 0.0741 0.0150 0.0958 0.1582 0.0477
LCD-UC 0.0817 0.5228 0.0819 0.0557 0.9461 0.1695 0.0959 0.2092 0.0498 0.1104 0.1900 0.0569

DiffRec 0.0987 0.5568 0.0932 0.0594 0.9448 0.1508 0.0452 0.0997 0.0232 0.0936 0.1583 0.0490
DiffuRec 0.1265 0.5299 0.0976 0.0563 0.9497 0.1671 0.1371 0.2772 0.0711 0.1273 0.2097 0.0665

DreamRec 0.0645 0.5011 0.0711 0.0220 0.7123 0.0820 0.0387 0.0901 0.0198 0.0867 0.1383 0.0436

GCDR 0.1319 0.6025 0.1076 0.0733 0.9681 0.1778 0.1552 0.3086 0.0809 0.1363 0.2244 0.0711

Table 2: Overall Performance. The best result is in bold, and the runner-up is underlined. Note that GCDR achieves statistically
significant improvements under t-test compared to other baselines with p < 0.01 on MovieLens, p < 0.05 on KuaiRec,
p < 0.0001 on Yelp, and p < 0.00001 on Books.

By substituting {x̂ϕ
0 , x̂

1
0, . . . , x̂

L
0 } into x̂0 in Eq. (23), we can

reconstruct X0 = {xϕ
0 ,x

1
0, . . . ,x

L
0 }. Then, the similarity

between each candidate item i and the user u is calculated
as follows:

s(u, i) = max
x0∈X0

x⊤
0 hi. (26)

The recommendation list Ru for the user comprises the top-
K items from the candidate set that have the highest simi-
larity scores with the user.

Note that the overall complexity for each training epoch
in GCDR is O((M2 + N) · d + M · d2), while the time
complexity of the inference phase is O(L · T · (M2 · d +
M ·d2)). Appendix 1 presents the details of time complexity
analysis, as well as the training and inference algorithm.

5 Experiments
In this section, we conduct extensive experiments to evaluate
our proposed GCDR.

5.1 Experimental Settings
Datasets. The performance of GCDR is evaluated us-
ing four real-world datasets of varying scales and sce-
narios, including MovieLens (Harper and Konstan 2015),
KuaiRec (Gao et al. 2022), Yelp (Wang et al. 2023) and
Books (Wang et al. 2023). The statistics of these datasets
are summarized in Table 1, and the details can be found in
Appendix 2.1.

Baseline Methods. We evaluate GCDR with thirteen
state-of-the-art methods, categorized into the following four
groups: 1) Non-sequential Methods, including MF (Ko-
ren, Bell, and Volinsky 2009), NCF (He et al. 2017),
NGCF (Wang et al. 2019), LightGCN (He et al. 2020),
2) Sequential Methods, including GRU4REC (Hidasi et al.
2015), SASRec (Kang and McAuley 2018), STOSA (Kang
and McAuley 2018), 3) Box-embedding Methods, including

HCUR (Zhang et al. 2021), CBox4CR (Liang et al. 2023),
LCD-UC (Wu et al. 2024), and 4) Diffusion Methods, in-
cluding DiffRec (Wang et al. 2023), DiffuRec (Li, Sun, and
Li 2023), DreamRec (Yang et al. 2024). The details of the
baseline methods can be found in Appendix 2.2, while the
parameter settings of all models are listed in Appendix 2.3.

Metrics. We adopt three popular evaluation measures
namely Recall@k, HitRate@k (HR@K), and Normalized
Discounted Cumulative Gain (NDCG@k) for performance
comparison (Shani and Gunawardana 2011). Note that we
report k = 20 and similar results are observed when k = 3,
k = 5, and k = 10.

5.2 Overall Performance
We present the performance of GCDR and the baseline
methods in Table 2. We can observed that: 1) GCDR
achieves the best performance across all metrics on all
datasets, owing to the usage of conditional guided diffusion
for multiple user distributions learning. 2) GCDR outper-
forms sequential methods and box-embedding methods, in-
dicating that diffusion models have a superior capability in
capturing sequential information and learning distributions.
3) GCDR excels over other diffusion methods because it
captures both inter-user and intra-user distributions.

5.3 Ablation Study
In this subsection, we evaluate the effectiveness of different
components of GCDR with three groups of variants: 1) w/o
cl, w/o gs, and w/o gc where the long-term interest cl, the
short-term interest gs, and the category preference gc are not
included in the fusing layer, respectively; 2) w/o Luser, w/o
Lrec and w/o Ldiff where the user loss Luser, the recom-
mendation loss Lrec, and the diffusion loss Ldiff are not em-
ployed in the training phase, respectively. 3) w/o xl

0 which
only uses xϕ

0 to measure the similarity between user u and
item i by s(u, i) = (xϕ

0 )
⊤hi, i.e., the variant employing only
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Dataset MovieLens KuaiRec
Metric Recall NDCG Recall NDCG

w/o cl 0.1209 0.0988 0.0731 0.1778
w/o gs 0.1019 0.0980 0.0729 0.1773
w/o gc 0.1252 0.1033 0.0726 0.1768

w/o Luser 0.1242 0.1019 0.0561 0.1470
w/o Lrec 0.0049 0.0067 0.0023 0.0133
w/o Ldiff 0.0581 0.0531 0.0568 0.1488

w/o xl
0 0.1265 0.1049 0.0718 0.1751

GCDR 0.1319 0.1076 0.0733 0.1778

Table 3: Ablation Studies. The best result is in bold, and the
runner-up is underlined.
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Figure 3: The experimental results of parameter sensitivity.

a single user distribution without category-specific distribu-
tions.

We report the experimental results on MovieLens and
KuaiRec with Recall and NDCG in Table 3. It is observed
that: 1) Both the conditional encoding cl and the guid-
ance encodings gs as well as gc enhance the performance
of GCDR, demonstrating the advantage of learning disen-
tangled and personalized distribution. 2) The three losses
Luser, Lrec, and Ldiff all play crucial roles in model train-
ing. In particular, Lrec is especially important as it di-
rectly relates to the recommendation task. 3) Utilizing xl

0
for category-specific guidance can improve model perfor-
mance, thereby validating the effectiveness of the intentional
and guided embedding sampling in GCDR.

5.4 Parameter Sensitivity
We analyze the sensitivity of hyper-parameters in GCDR
w.r.t. the NDCG metric on MovieLens. According to Fig-
ure 3(a), GCDR is not very sensitive to the user loss coeffi-
cient λuser, with an optimal setting of λuser = 0.001. How-
ever, GCDR requires a relatively large diffusion loss coef-
ficient (λdiff = 1) and a small xt coefficient (δ = 0.001).
Figure 3(b) illustrates that the threshold τ for calculating the
recommendation loss should not be too small, as excessively
high values may also have negative effects due to the noise
xt. Setting τ = 8 is found to be optimal, Additionally, a
longer length M of recent interaction sequences tends to
yield better results, with M = 8 striking a good balance
between performance and computational overhead. When
providing category-specific guidances, using too many cat-
egories may introduce noise. Thus, setting L ∈ {3, 4, 5} is
most appropriate. The influence of other hyper-parameters
such as d, T , N , us, and uc can be found in Appendix 2.4.

MovieLensYelp KuaiRec Books
Dataset
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1
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Figure 4: The effectiveness
of category guidance.
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Figure 5: Distributions visu-
alization of user u = 463.

5.5 Effectiveness of Category Guidance
We further investigate how category guidance takes effect
in GCDR. Specifically, we analyze the proportion of items
that share the same category as the guiding category with
maximum similarity. Figure 4 presents the experimental re-
sults, where “Cat i” represents the i-th frequently inter-
acted category of each user. As observed, the proportion of
category-consistent items is higher when using frequently
interacted categories as guidances. This result aligns with in-
tuition, as less frequently interacted categories imply greater
uncertainty. It is noteworthy that although we do not use
the knowledge about target item’s categories during training
(which is reserved for future work), GCDR still achieves a
satisfactory precision performance, especially on Yelp and
Books. This outcome validates the effectiveness of inten-
tional embedding sampling.

5.6 Distributions Visualization
We visually illustrate the multiple user distributions learned
by GCDR. Specifically, we randomly sample a user from
MovieLens. Then, for each x̂0 ∈ {x̂ϕ

0 , x̂
1
0, . . . , x̂

L
0 }, we

draw 1,000 samples from N (0, I) and use Eq. (23) to gen-
erate 1,000 user embeddings through the reverse denoising
steps. These embeddings are reduced in dimensionality us-
ing t-SNE (Van der Maaten and Hinton 2008) and plotted.
Figure 5 displays the distributions where “Base” refers to
the distribution generated using x̂ϕ

0 . The user embeddings
generated with the same guidance are closely clustered in
the space. Additionally, the distributions of different cate-
gories are clearly separated, while the “Base” distribution is
in the middle as it represents an average distribution. This
result aligns with our motivation and demonstrates the ef-
fectiveness of GCDR in learning multiple user distributions.
We provide another user visualization in Appendix 2.5.

6 Conclusion
In this paper, we presented GCDR, a guided conditional rec-
ommendation model to represent each user with multiple
distributions. The long-term interest was encoded using a
user-specific embedding, while the short-term interest was
incorporated via depicting the recent interaction sequence as
guidance. We also leveraged the category preference to en-
able category-aware embedding sampling. Then, GCDR was
trained by three losses, aiming to align the diffusion model
with the recommendation task. The comprehensive experi-
mental results empirically showed that GCDR can generate
high-quality and effective user embeddings to improve rec-
ommendation performances.
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