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Abstract

Predicting Click-Through Rates is a crucial function within
recommendation and advertising platforms, as the output of
CTR prediction determines the order of items shown to users.
The Embedding and MLP paradigm has become a stan-
dard approach for industrial recommendation systems and
has been widely deployed. However, this paradigm suffers
from cold-start problems, where there is either no or only
limited user action data available, leading to poorly learned
ID embeddings. The cold-start problem hampers the perfor-
mance of new items. To address this problem, we design a
novel diffusion model to generate a warmed-up embedding
for new items. Specifically, we define a novel diffusion pro-
cess between the ID embedding space and the side informa-
tion space. In addition, we can derive a sub-sequence from the
diffusion steps to expedite training, given that our diffusion
model is non-Markovian. Our diffusion model is supervised
by both the variational inference and binary cross-entropy ob-
jectives, enabling it to generate warmed-up embeddings for
items in both the cold-start and warm-up phases. Addition-
ally, we have conducted extensive experiments on three rec-
ommendation datasets. The results confirmed the effective-
ness of our approach.

Code — https://github.com/WNQzhu/CSDM

Introduction

Recommendation systems are crucial components of numer-
ous commercial platforms, addressing the challenge of in-
formation overload prevalent in the digital age. A primary
goal of many such systems often involves predicting Click-
Through Rates (CTR). Embedding & MLP (Multilayer Per-
ceptron) methods (Guo et al. 2017, 2021; Zhou et al. 2019)
have been widely utilized for this purpose. However, the
Embedding & MLP approach faces the cold-start problem,
which arises from the long-tail distribution of candidate
items and the dynamic nature of real-world recommendation
systems. New items in recommendation systems often have
no or very limited user interactions. Consequently, the em-
beddings for these items are not adequately learned, leading
to sub-optimal performance in predicting their CTRs. Fur-
thermore, the embedding layer makes up a substantial part
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of the model’s parameters and determines the input for the
feature interaction and MLP modules. Thus, it is imperative
to improve the embedding layer to mitigate the cold-start
problem in CTR prediction tasks.

To address the challenge of the cold-start problem, sev-
eral approaches have been proposed that leverage either the
limited available samples or the side information associated
with new items. Approaches that make use of the limited
available samples often employ a meta-learning framework,
such as MAML (Finn, Abbeel, and Levine 2017), to derive
robust representations for new items through an optimized
training procedure (Pan et al. 2019; Lee et al. 2019; Lu,
Fang, and Shi 2020; Ouyang et al. 2021; Zhu et al. 2021).
On the other hand, methods that leverage side information
generally learn a transformation from user/item attributes to
robust embeddings (Mo et al. 2015; Roy and Guntuku 2016;
Saveski and Mantrach 2014; Schein et al. 2002; Seroussi,
Bohnert, and Zukerman 2011; Wei et al. 2021; Zhu et al.
2020).

The aforementioned approaches learn representations as
fixed points in the embedding space. However, due to the
limited data available in cold-start scenarios, it is highly
challenging to learn a reliable representation (Zhang et al.
2019). To achieve reliable embedding learning for cold-start
items, some variational approaches have been proposed (Xu
et al. 2022; Zhao et al. 2022). These approaches treat em-
bedding learning as a distribution estimation problem and
have shown effectiveness in tackling the cold-start problem.
However, these approaches struggle with the trade-off be-
tween traceability and flexibility (Kingma et al. 2016; Sohl-
Dickstein et al. 2015; Wang et al. 2023), and they also suf-
fer from the model collapse problem (Shi et al. 2020). To
address the limitations of existing methods and further im-
prove the performance of cold-start in CTR prediction, we
propose a diffusion model named CSDM, which constructs
the transition between embeddings and side information in
a denoising manner. While diffusion models (Ho, Jain, and
Abbeel 2020; Sohl-Dickstein et al. 2015) have achieved re-
markable results in image synthesis tasks (Teng et al. 2024)
and can address the limitations in variational auto-encoder
methods, it is not straightforward to adopt diffusion models
to tackle the cold-start problem directly due to the following
reasons: (1) Standard diffusion models construct transitions
between the data distribution and standard Gaussian distri-



bution; in the context of the cold-start problem, we need to
construct transitions between embeddings and side informa-
tion. (2) Diffusion models require more training and infer-
ence time due to the lengthy denoising steps.

We propose a novel diffusion model to overcome the
aforementioned obstacles in addressing the cold-start prob-
lem. Specifically, in addition to gradually adding noise dur-
ing the forward process of diffusion steps, we also pro-
gressively incorporate portions of side information. This
approach enables us to construct a transition between ID
embeddings and side information. We consider our model
as a non-Markovian model, which permits us to extract a
sub-sequence during the generation process to expedite the
training speed. We update the original embeddings with the
newly generated ones, ensuring no additional inference cost
is incurred during the inference phase. We perform extensive
experiments on three CTR prediction benchmark datasets to
validate the effectiveness of our proposed method.

In a nutshell, the contributions of this work include:

* We propose a diffusion model to address the cold-start
problem in CTR prediction tasks while considering both
training and inference costs. To the best of our knowl-
edge, we are the first to employ diffusion models for
cold-start problems in CTR predictions.

We design a new diffusion process that allows us to con-
struct transitions between ID embeddings and side in-
formation. Furthermore, our model is non-Markovian,
which enables us to extract sub-sequences to reduce
training costs.

Extensive experiments are conducted on three public
benchmark datasets, and the results show that CSDM
outperforms existing cold-start methods in CTR predic-
tions.

Preliminary: Diffusion Models

Diffusion models represent a class of generative models that
leverage the diffusion process to remove noise from latent
samples incrementally, resulting in the generation of new
samples. DDPM (Ho, Jain, and Abbeel 2020) is one of the
most representative diffusion models, comprising both a for-
ward process and a reverse process.

Forward Process gradually adds noises to the given orig-
inal data zy € R? over a sequence of T steps, creating a
Markov chain zg, 21, - - - ,z7. In this chain, zr is assumed
to be an approximation of Gaussian noise. Each forward step

is defined as:
))-

DDPM incorporates a pre-established, constant noise sched-
ule a1.7 € (0,1]T, which controls the quantity of noise in-
troduced at each step. It admits a closed form of z; at any
timestep t: q(z¢|zo) = N (2¢; \/arZo, (1 — a)I).

Reverse Process sequentially eliminates the noise from
z; to recover z;_; in a recursive manner, continuing
this process until it reaches the initial step 0. A sin-
gle transition step parameterized by p,(z:—1|2¢)
N(Zt—l; Hew (Zt7 t)a Ew (Ztv t)) is leaIned, where Hw (Zt7 t)

Qg

Q1
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and ¥, (z;, t) are learned mean and variance. A U-net (Ron-
neberger, Fischer, and Brox 2015) architecture is employed
to model these parameters.

Optimization. Given the definition of the forward and re-
verse process, DDPM optimizes the Evidence Lower Bound
(ELBO) objective function. It calculates the KL-divergence
between p,, and ¢ plus an entropy term:

Laitt = Eq | Drer.(q(2¢|20|p(27))
Lr

+E, Z Drr(q(zi-1|2¢, 20)||pw (2:-1]2t))

t>1

L1

-E (1)

q 1ngu.z(Z0|Z1)
—_——

Lo
An inherent limitation of DDPM is its dependence on a
Markovian process, which leads to a computationally in-
tensive reverse process. To address this limitation, DDIM
(Song, Meng, and Ermon 2020) adopts a non-Markovian
method, markedly accelerating the reverse process. The ob-
jective function of DDIM is equivalent to Equation (1), up
to a constant difference.

Method
Problem Definition

The objective of Click-Through Rate (CTR) prediction is to
forecast the likelihood that a user will click on a specific pre-
sented item. The outcome of this prediction will determine
the final ordering of items shown to users. A CTR prediction
task is typically structured as a supervised binary classifica-
tion problem and is trained using an i.i.d (independent and
identically distributed) dataset D from users’ historical in-
teractions. Each instance (x,y) € D includes a collection of
features x and a target label y € {0, 1}, indicating the user’s
reaction to the presented item. Generally, the input feature x
can be decomposed into several components:

x = [u, Xy, i, X;, context]

2)
Here, w is a unique identifier for each user within the rec-
ommendation system. Similarly, 7 is a unique identifier for
each item. X, represents the set of features associated with
users, while X; represents the set of features with items. The
context refers to environmental features such as time and lo-
cation.

The Embedding & MLP paradigm first employs embed-
ding technology to convert the IDs and features into unique
embeddings. We designate the embeddings for the item ID,
use ID, item features, user features, and context features as
e; € Rl e, € R ex, € R¥I%l ey, € RIXIXul,
e. € R4l respectively. Here, d is the dimension of
the embeddings. The CTR model estimates the probability
g = Pry 1|x) by applying a discriminative function
fE):

3)

U= flei,eu,ex,,ex,,ec:0,0)
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Figure 1: The proposed CSDM framework for cold-start problems in CTR prediction.

where 6 denotes the parameters of the backbone deep model
f(-) and ¢ denotes the parameters of the embedding lay-
ers. The Binary Cross Entropy is often employed as the loss
function for binary classification:

ﬁctr(ev ¢) =Y logg - (1 - y) IOg(l - g) (4)

Since the parameters are trained by users’ historical behav-
ior data, the embedding e; for recently emerged items (%, X;)
with limited user interactions are not well learned. As a re-
sult, the backbone model f(-) struggles to make an accurate
estimation of the probability for these items. This issue is
known as the item cold-start problem, which includes two
stages: (1) The cold-start phase, during which there are no
user interactions with the item, and (2) the warm-up phase,
where there are a limited number of user interactions. In this
work, we tackle both of these stages, focusing exclusively
on the item cold-start problem. Specifically, a subset of item
features X, C &; are employed with our diffusion model to
address the cold-start problem in CTR prediction.

Supervised Diffusion Model

To address the cold-start problem, we utilize a subset of item
features X, referred to as side information, to enrich the
item ID embeddings. To achieve this, we employ a diffusion
model to enable the flow of semantic information between
the side information embeddings and the ID embeddings.
However, since the standard diffusion process transforms an
embedding into Gaussian noise, it is not directly applicable
in this context. Therefore, we design a new diffusion process
to learn warm-up ID embeddings for items, as illustrated in
Figure 1.

We first pre-train a backbone model to provide the ini-
tial item ID embeddings. Then, we conduct the diffusion
process to generate warmed-up embeddings. Following (Li
et al. 2022; Cui et al. 2024), we convert the discrete side
information to a continuous space using an embedding map
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and project the initial item ID embeddings into hidden states.
Let h and z( denote the hidden state of the side information
and the initial embedding, respectively. We gradually trans-
form zg into h using a forward diffusion process:

Zo > 21— - —2Zp =h+e (5)
where € ~ N(0, I). Since our diffusion process depends on
both zy and h, it is no longer Markovian. Inspired by DDIM

(Song, Meng, and Ermon 2020), we define a family Q of
inference distributions, indexed by a real vector o € R;O:

T
qg(zl:T|ZOa h) = qg(ZT|Z07 h) H 4o (Zt_1|Zt, ha ZO)
t=2
where
4o (27|20, h) = N (\Varzo + /erh, (1 —ar)I)  (6)

The forward process is governed by a decreasing sequence
a; € (0,1]7 and an increasing sequence ¢; € (0,1]7. In
ideal case, when oy — 0 and ¢; — 1, we have zp ~
N (h,T). In the recommendation scenario, since z; contains
collaborative filtering information and h contains feature in-
formation, it is not necessary to fully zero out zy or h. Fur-
thermore, we choose the mean function as

Qo (Z—1|2¢,20,10) = N(z4_1|ke2s + MizZo + vih, 07T)
in order to guarantee that the following equation
4o (zt|z0, h) = N'(y/azzo + /cih, (1 — ay)I)

holds true for all . The parameters are set as:

o 1— a1 —o?
= — t
].—Oét

(7

1—op_q atz
At = VOat—1 — /Oy
1—0615
1—oy_q — o2
- t
Vi = \/Ct—1 — Gt
l—at



This posterior function can be derived from Bayes’ rule, we
show the proof in the supplementary materials.

In the reverse process, given z;, we can predict the de-
noised observation of the hidden state of ID embeddings:

9(z4) = (7 — Veth — VI —ouel (z0)) /v/ar — (8)

where {e((j ) M., is a set of T functions to predict noise
from z, and w contains the learnable parameters of diffusion
model. Therefore, we can define the reserve step as:

) if ¢ = 1;
pc(ut)(ztfllzt) = { (=) ' ’

P

4o (z¢t—1|2¢, gu(f)(zt), h) otherwise
Optimization. The parameters of diffusion models are opti-
mized by a combination of the L and the variational infer-
ence objective Lg;g:

L = Lex + pLaitr, )]
where p is a hyper-parameter. By combining L, and Ly,
the generative process of the diffusion model takes into ac-
count both the collaborative filtering information derived
from user action data and the side information obtained from
item features. Consequently, our method is applicable in
both the cold-start and warm-up stages of the CTR predic-
tion task. In our implementation, we utilize the simplified
version of L, as proposed in DDPM (Ho, Jain, and Abbeel
2020).

Generating Warmed-up Embeddings. Given the re-
verse step provided above, we can generate the warmed-up
embeddings from h by repeating the following step:

. — /m (zt—dcth—\/l—atet(j)(zt)
t—1 = /Ot-1
VOt

predicted hidden state of initial ID embedding

+ \/ 1 — QOt—1 — O'tzé((j)(zt)

direction pointing to z

+/ci—1 h +

~—~

side information

Ot€¢ (10)
~—

random noise

From Equation (10), we can observe that the generating pro-
cess consists of two key components: (1) predicting the rel-
evant ID embedding, and (2) leveraging side information
to improve the generation quality. In this process, we set
or = 0 for all £ to ensure that the reverse process is deter-
ministic. Upon obtaining the estimated warmed-up embed-
ding z, we project it back into the ID embedding space via
a linear function. Following the approach taken by CVAR
(Zhao et al. 2022), we incorporate the frequency of items
into this linear function. The original ID embeddings are
subsequently replaced with the newly generated ones. As a
result, our method does not modify the backbone structures
and incurs no extra computational overhead during the in-
ference phase.

Sub-sequence. Our approach is non-Markovian. Therefore,
we can consider a sub-sequence of the latent variables z;.7
to accelerate the generative process. We uniformly sample a
sub-sequence from z;.7 using a step parameter s. A larger
s results in a smaller sub-sequence, which in turn enables a
faster generative process.
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Experiment
Dataset

We evaluate our method on three publicly available datasets:
MovieLens-1M ', Taobao Display Ad Click 2, and CIKM
2019 EComm Al 3. The details of these datasets are de-
scribed in the supplementary material.

Baselines

We compare our method with two groups of Click-Through
Rate (CTR) prediction methods. The first group encom-
passes a variety of common feature-crossing techniques tai-
lored specifically for CTR prediction. Methods within this
group also serve as the foundational model for numer-
ous cold-start algorithms. (1) DeepFM (Guo et al. 2017)
is a method that combines low-order feature interactions
through Factorization Machines (FM) (Rendle 2010) and
high-order feature interactions through a deep neural net-
work. (2) Wide & Deep (Cheng et al. 2016) contains a lin-
ear model and a deep neural network to effectively han-
dle both simple and complex relationships in the data. (3)
DCN (Wang et al. 2017) explicitly models the interactions
between features using a deep network.

The other group comprises state-of-the-art methods aimed
at addressing the cold-start problem in CTR prediction
tasks. We compare our method with the following meth-
ods: DropoutNet (Volkovs, Yu, and Poutanen 2017), MWUF
(Zhu et al. 2021), Meta-E (Pan et al. 2019), VELF (Xu et al.
2022), and CVAR (Zhao et al. 2022).

Experimental Settings

Dataset Splits. We divided the datasets into several groups
following (Zhu et al. 2021) to assess the performance of
our proposed method in both the cold-start and warm-up
phases. First, we divide the items into two groups based on
their frequency using a threshold V. Items with a frequency
greater than N are classified as old items, while those with
a lower frequency are considered new items. The threshold
N is set to 200 for MovieLens-1M, 2000 for TaobaoAD,
and 200 for CIKM 2019, ensuring the ratio of new items
to old items is approximately 8:2, which mirrors a long-tail
distribution as described in (Chen et al. 2020). We further
divide the new item instances, sorted by timestamps, into
four groups: warm-a, warm-b, warm-c, and a test set. The
first 3 x K instances are distributed evenly among warm-
a, warm-b, and warm-c, with the remainder allocated to the
test set. The value of K is set to 20 for MovieLens-1M, 500
for TaobaoAD, and 50 for CIKM 2019, respectively.

Implementation Details. We apply consistent experimen-
tal settings across all methods for each dataset to ensure fair
comparisons. The embedding size for all features is set to 16
for compared methods. Additionally, the MLPs in the back-
bone models utilize two dense layers, each with 16 units. We
set the learning rate to 0.001 for all methods, and the mini-
batch size is set to 2048 for MovieLens-1M and TaobaoAD,

"http://www.grouplens.org/datasets/movielens/
“https://tianchi.aliyun.com/dataset/dataDetail ?datald=56
*https://tianchi.aliyun.com/competition/entrance/231721



Methods Cold Warm-a Warm-b Warm-c
AUC Relalmpr || AUC Relalmpr || AUC Relalmpr || AUC Relalmpr
DeepFM 0.7313 0.00% || 0.7464 0.00% || 0.7588 0.00% || 0.7692 0.00%
E DropoutNet(DeepFM) || 0.7410 4.19% || 0.7506 1.70% || 0.7593 0.19% || 0.7671 -0.78%
& MWUF(DeepFM) 0.7324 0.47% || 0.7466 0.08% || 0.7590 0.07% || 0.7694 0.07%
3 Meta-E(DeepFM) 0.7397 3.63% || 0.7513 1.98% || 0.7614 1.00% || 0.7690 -0.07%
-g VELF(DeepFM) 0.7244 -2.98% || 0.7695 9.37% || 0.7382 -7.95% || 0.7741 1.82%
EO CVAR(DeepFM) 0.7349 1.55% || 0.7910 18.10% || 0.8009 16.27% || 0.8044 13.07%
CSDM(DeepFM) 0.7443 5.62% || 0.7982 21.02% || 0.8058 18.16% || 0.8089 14.74%
Methods Cold Warm-a Warm-b Warm-c
AUC Relalmpr || AUC Relalmpr || AUC Relalmpr || AUC Relalmpr
DeepFM 0.5958 0.00% || 0.6089 0.00% || 0.6204 0.00% || 0.6306 0.00%
A DropoutNet(DeepFM) || 0.5970 1.25% || 0.6097 0.73% || 0.6207 0.25% || 0.6305 -0.7%
< MWUF(DeepFM) 0.5967 0.94% || 0.6101 1.10% || 0.6207 0.25% || 0.6303 -0.23%
g Meta-E(DeepFM) 0.5975 1.77% || 0.6119 2.75% || 0.6226 1.83% || 0.6323 1.30%
'§ VELF(DeepFM) 0.5967 0.93% || 0.6176 7.98% || 0.6258 4.49% || 0.6335 2.22%
= CVAR(DeepFM) 0.5998 4.17% || 0.6194 9.64% || 0.6295 7.56% || 0.6370 4.90%
CSDM(DeepFM) 0.6004 4.80% | 0.6290 18.45% || 0.6324 9.97% || 0.6382 5.82%
Methods Cold Warm-a Warm-b Warm-c
AUC Relalmpr || AUC Relalmpr || AUC Relalmpr || AUC Relalmpr
DeepFM 0.7376 0.00% || 0.7522 0.00% || 0.7605 0.00% || 0.7671 0.00%
o DropoutNet(DeepFM) || 0.7367 -0.38% || 0.7487 -1.39% || 0.7569 -1.38% || 0.7636 -1.31%
§ MWUEF(DeepFM) 0.7372 -0.17% || 0.7501 -0.83% || 0.7598 -0.27% || 0.7674 0.11%
= Meta-E(DeepFM) 0.7367 -0.38% || 0.7483 -1.55% || 0.7574 -1.19% || 0.7651 -0.75%
p VELF(DeepFM) 0.7403 1.13% || 0.7393 -5.11% || 0.7390 -8.25% || 0.7317  -13.25%
@) CVAR(DeepFM) 0.7405 1.22% || 0.7588 2.62% || 0.7649 1.69% || 0.7687 0.60%
CSDM(DeepFM) 0.7418 1.77% || 0.7624 4.04% | 0.7686 3.10% || 0.7710 1.46 %

Table 1: Model comparison on three datasets. DeepFM is utilized as the backbone. Ten runs are conducted for each method.
The best and second-best improvements are highlighted in bold and underlined, respectively.

1

p -3 -2 -1
M 1073 1072 10

Cold | 0.5861 0.5875 0.5933 0.6001
Warm-a | 0.6305 0.6307 0.6305 0.6296
Warm-b | 0.6329 0.6331 0.6329 0.6325
Warm-c | 0.6379 0.6384 0.6383  0.6380

Table 2: Performance evaluation using AUC metric on the
TaobaoAD dataset split using DeepFM as the backbone
model across a range of p values, mean of three runs.

and 4096 for CIKM 2019. All methods are optimized us-
ing the Adam optimizer (Kingma and Ba 2015) on shuffled
samples. We set 7' = 100 for the total number of forward
steps. The parameters p and s are searched from the sets
{0.001,0.01,0.1,1} and {5, 10}, respectively. We define the
sequences { o } and {c;} using a hyper-parameter 3 = 10~°
for all experiments:

ar = (1-p5)" an
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O O
) ) e
Clearly, {a:} is a decreasing sequence and {c;} is an in-
creasing sequence. We employ position encoding, as de-
scribed in (Vaswani et al. 2017), integrated into the U-Net
to identify the generation steps. Furthermore, to avoid over-
fitting in the diffusion model, we adopt dropout with p = 0.5
in the U-Net. Specifically, we have

z: = Jouzo + /cedrop(h,p = 0.5) + V1 — oye

in the forward process, where € € A/(0,I). It’s worth noting
that the dropout utilized here differs from DropoutNet in that
Dropout affects the backbone model, whereas ours impacts
the diffusion model only.

Evaluation Metrics. We use the Area Under the Curve
(AUC) (Ling, Huang, and Zhang 2003) as the metric to eval-
uate performance. This is a widely used metric in both rec-
ommendation systems (Tang et al. 2020) and computational
advertising (Zhou et al. 2018; Pan et al. 2019). An AUC
value of 0.5 corresponds to random guessing. (Yan and Li
2014) proposed a relative improvement (Relalmpr) metric
to assess the performance improvement, which is calculated

13)
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Figure 2: AUC scores evaluated across various stages for different backbone models, conducted over three datasets with 10 runs

per model.
as follows:
AUC(model) — 0.5
Relal = -1 100 14
crampr (AUC(baseline) ~05 ) x 100% (14

We use this metric to compare the relative improvement in
performance across all methods.

Experiment Results

Comparison with State-of-the-Arts. Our approach refines
the embeddings of cold item IDs through a diffusion pro-
cess, all without altering the underlying model architecture.
Consequently, we compare our CSDM method against a
range of state-of-the-art cold-start solutions from an em-
bedding learning perspective, encompassing DropoutNet,
MWUEF, Meta-E, VELF, and CVAR. Simultaneously, we se-
lect DeepFM, a well-known method for CTR prediction, as
the base model. We assess the average outcomes across ten
runs on three distinct datasets and present these results in
Table 1.

We can notice that CSDM outperforms other comparative
baselines across all datasets. The results indicate that our su-
pervised diffusion model is capable of learning high-quality
initial embeddings. Apart from learning better initial embed-
dings, our approach also demonstrates enhanced utilization
of user action data during the warm-up phase. This is cor-
roborated by the noticeable performance gains observed in
the warm-up stage, as shown in Table 1.

In addition to the aforementioned observations, we have
noticed a decline in the relative improvement as items reach
maturity. This trend can be attributed to the growing influ-
ence of user action data as items garner more interactions.
The progressive increase in AUC scores from Warm-a to
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Warm-b, and Warm-c stages underscores this trend. In later
stages, the backbone model is also capable of learning more
refined embeddings, given that these items have been inter-
acted with by a larger user base.

Generalization Experiments. Our approach refines the ID
embeddings to tackle the cold-start challenge in CTR pre-
diction, making it model-agnostic. We demonstrate its ver-
satility by performing experiments on a range of backbone
models beyond DeepFM, including Wide & Deep and DCN.
More experiments are provided in the supplementary mate-
rial. For each model variant, we execute 10 trials to obtain
the average AUC across three datasets, with the results re-
ported in Figure 2.

Upon analyzing the results in Table 1 and Figure 2, we

note the following: (1) Our method generally outperforms
the baseline model, demonstrating its effectiveness. (2) Fur-
thermore, our method typically exceeds CVAR in most
cases, highlighting the advantage of the diffusion method
over the variational approach for cold-start CTR prediction
tasks.
Ablation Study. We conduct ablation tests on our CSDM
to determine the impact of its parameters on performance.
First, we evaluate the performance of CSDM across differ-
ent warm-up phases with varying p. The experiments are
conducted over the TaobaoAD dataset using DeepFM as the
backbone model. The results are presented in Table 2.

It is observable that the CSDM’s performance in relation
to p varies between the cold phase and the warm-up phase.
In the cold phase, an increase in p generally leads to im-
proved performance. Conversely, in the warm-up stage, an
excessively large p results in a notable decrease in perfor-
mance. The reason is that in the cold phase, the cold items



Dropout| Dataset | Cold | Warm-a

Warm-b | Warm-c

w ML-1IM [0.7456 | 0.7980 | 0.8059 | 0.8091
w/o ML-1IM |0.7456 | 0.7980 | 0.8059 | 0.8090
w TaobaoAD | 0.6002 | 0.6296 | 0.6324 | 0.6383
w/o | TaobaoAD | 0.5859 | 0.6306 | 0.6329 | 0.6379
w CIKM |0.7418 | 0.7622 | 0.7687 | 0.7711
w/o CIKM |0.7402| 0.7587 | 0.7677 | 0.7705

Table 3: An ablation test on the dropout function of diffu-
sion models: ”w” indicates that dropout is enabled, whereas
”w/0” signifies that dropout is disabled. ML-1M stands for

MovieLens-1M.
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Figure 3: The time cost for training one batch using various
methods, with CSDM tested using both s = 5 and s = 10.

have only the side information and L., only contributes to
the hot items. Increasing p can emphasize the contribution
of the diffusion model in this setting. Additionally, this find-
ing demonstrates the effectiveness of the CSDM approach
in the cold-start problem. Meanwhile, in the warm-up stage,
new items also have some user interaction. Enlarging p ex-
cessively can harm the contribution of user action data.

We conduct an ablation analysis on the diffusion model
concerning the dropout mechanism across three datasets.
The results are shown in Table 3. It can be observed
that the effect of dropout varies across the datasets. On
the MovieLens-1M dataset, the inclusion of dropout pro-
vides minimal improvement. In contrast, on the CIKM 2019
dataset, incorporating dropout into the diffusion process
positively impacts and enhances the model’s performance.
Complexity. Our method requires more forward passes than
the CVAR method due to the diffusion process. The num-
ber of forward passes is proportional to the length of the
sampled sequence. However, thanks to the non-Markovian
characteristic, we can sample a sub-sequence to accelerate
the generative process. We measure the time cost for train-
ing one batch on the MovieLens-1M dataset and report the
results in Figure 3. The tests were conducted on a single
A800 GPU with a batch size set to 2048. DeepFM is used
as the backbone model. Since the warm-up embeddings are
written back to the original ID embeddings, there is no ad-
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ditional computational overhead during inference.

Related Work

Cold-Start Recommendation. Many approaches have been
proposed to improve the recommendation of new users or
items. Some of these are model-dependent, for example,
Heater (Zhu et al. 2020) and CLCRec (Wei et al. 2021) take
CF-based models as their backbone. While some other meth-
ods are model-agnostic. For instance, DropoutNet (Volkovs,
Yu, and Poutanen 2017) enhances the representation of user-
s/items by applying dropout to exploit the average represen-
tations of users/items. MWUF (Zhu et al. 2021) introduces a
Meta Scaling and Shifting Network to enhance the cold ID
embeddings. Meta-E (Pan et al. 2019) recasts the CTR pre-
diction task as a Meta-learning (Finn, Abbeel, and Levine
2017) problem and proposes a Meta-Embedding generator
to initialize the cold ID embeddings. VELF (Xu et al. 2022)
and CVAR (Zhao et al. 2022) learn probabilistic embeddings
to alleviate the cold-start problem in CTR prediction. Simi-
lar to these methods, our method is also model-agnostic.
Diffusion Model in Recommendation. Since the success
of DDPM (Ho, Jain, and Abbeel 2020) in image synthesis
tasks, many researchers have attempted to leverage diffusion
models in recommendation systems. DiffRec (Wang et al.
2023) employs diffusion models for generative recommen-
dation. Diffusion models are also employed in (Zigiang Cui
2024) for sequential recommendation, where they are used
for the semantic generation of augmented views for con-
trastive learning (den Oord, Li, and Vinyals 2018). (Du et al.
2023) utilizes diffusion models to address the model col-
lapse problems of variational auto-encoders in the sequential
recommendation. (Wu et al. 2023) demonstrates that com-
bining diffusion models with curriculum learning is benefi-
cial for sequential recommendation.

Although some methods have explored the use of diffu-
sion models for recommendations, to the best of our knowl-
edge, employing diffusion models for cold-start in CTR pre-
diction remains underdeveloped. This may be due to the
challenges in cold-start scenarios, where we must construct
a transition between ID embeddings and side information,
whereas diffusion models are not directly applicable.

Conclusion

In this paper, we introduce a novel diffusion model to ad-
dress the cold-start challenges in CTR prediction. It treats
the embedding learning as a diffusion process. We design a
non-Markovian diffusion process that enables the construc-
tion of an information flow between the side information of
items and the pre-trained new item ID embeddings. Further-
more, our method can utilize both the collaborative filtering
information from user action data and the side information
in item features, making it applicable in both the cold-start
and warm-up stages. Experiments conducted across three
distinct recommendation datasets demonstrate that the pro-
posed method is effective in addressing the cold-start prob-
lem in CTR prediction.
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