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Abstract

Recommendation systems often rely on implicit feedback,
where only positive user-item interactions can be observed.
Negative sampling is therefore crucial to provide proper neg-
ative training signals. However, existing methods tend to mis-
label potentially positive but unobserved items as negatives
and lack precise control over negative sample selection. We
aim to address these by generating controllable negative sam-
ples, rather than sampling from the existing item pool. In this
context, we propose Adaptive Diffusion-based Augmentation
for Recommendation (ADAR), a novel and model-agnostic
module that leverages diffusion to synthesize informative
negatives. Inspired by the progressive corruption process in
diffusion, ADAR simulates a continuous transition from posi-
tive to negative, allowing for fine-grained control over sample
hardness. To mine suitable negative samples, we theoretically
identify the transition point at which a positive sample turns
negative and derive a score-aware function to adaptively de-
termine the optimal sampling timestep. By identifying this
transition point, ADAR generates challenging negative sam-
ples that effectively refine the model’s decision boundary.
Experiments confirm that ADAR is broadly compatible and
boosts the performance of existing recommendation models
substantially, including collaborative filtering and sequential
recommendation, without architectural modifications.

1 Introduction

In modern recommendation systems, implicit feedback
(Ding et al. 2020) has become the predominant signal for
learning user preferences, due to its ubiquitous availability
in real-world applications. Such feedback typically includes
user behaviors like clicks, views, or purchases, which are
treated as positive samples. However, explicit negative sig-
nals are usually absent, making it challenging to identify
items that users truly dislike. Yet the learning process crit-
ically depends on the ability to distinguish preferred items
from non-preferred ones. In this context, the construction of
high-quality negative samples is essential for guiding rec-
ommendation models (Rendle and Freudenthaler 2014).

To construct negative samples from implicit feedback,
most existing models adopt sampling methods that pick neg-
ative samples from unobserved user-item interactions. A
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common method is to perform static random sampling over
these unobserved interactions due to its simplicity and ef-
ficiency (Rendle et al. 2012). However, this approach can-
not provide enough negative signal, limiting model’s ability
to learn accurate user preferences. To address this, recent
studies in collaborative filtering have explored hard negative
sampling strategies (Zhang et al. 2013), which leverage un-
observed items that are incorrectly ranked highly, thereby
providing more challenging supervision signals. Building
on this, more sophisticated sampling strategies such as
MixGCF (Huang et al. 2021) and AHNS (Lai et al. 2024)
have been proposed to find hard negative samples by mix-
ing or scoring. In sequential recommendation, sampling is
further challenged by temporal and contextual dynamics of
user behavior. GNNO (Fan et al. 2023) enhances sampling
by identifying hard ones based on global transitions, while
recent context-aware method (Seol and Choi 2025) adapts
sampling to varying distributions across time.

However, these strategies are suboptimal and suffer from
several limitations. First, they tend to introduce false-
negative signals, as some unobserved items may actually
align with user interests but remain unseen due to limited
exposure. Incorrectly treating potentially relevant items as
negatives may introduces misleading signals during training,
thereby hindering the learning of user preferences. Second,
existing methods lack fine-grained control in the negative
sampling process. Although dynamic strategies (Zhang et al.
2013; Zhao et al. 2023) improve upon static heuristics by
ranking candidates based on their scores, they lack flexibil-
ity in obtaining negative samples with controllable hardness.
Specifically, the current approaches are unable to precisely
regulate the true gap between positive and negative samples,
resulting in suboptimal ranking performance.

Instead of relying on negative samples drawn from the
existing item pool, we aim to model a continuous transition
from positive to negative samples to address these limita-
tions. To achieve this, we adopt a generative approach based
on diffusion processes, which naturally simulate the grad-
ual transformation. Diffusion models (Ho, Jain, and Abbeel
2020; Dhariwal and Nichol 2021a), originally designed for
high-fidelity image synthesis (Zhou et al. 2025), gradually
transform structured input into noise and learn to reverse
this process. We observe that, during the forward noising
process, a positive sample progressively loses its informa-



tive characteristics and eventually becomes indistinguish-
able from a negative sample. The continuous degradation
offers a natural lens for identifying the transition point at
which a sample crosses from positive to negative.

In this paper, we propose Adaptive Diffusion-based
Augmentation for Recommendation (ADAR), a novel and
model-agnostic augmentation module that employs diffu-
sion to adaptively synthesize informative negative exam-
ples. Our core idea is to model the degradation of positive
samples through a diffusion process. During this process,
positive samples are progressively corrupted, and a critical
transition occurs when their identity shifts from positive to
negative. So we can treat the outputs at each timestep as
a candidate pool of negative samples. Then we provide a
theoretical characterization of the transition and introduce
a score-aware function to adaptively determine the optimal
sampling timestep. Leveraging this well-defined transition
point, ADAR is able to adaptively generate informative and
challenging negative samples. These generated samples can
then be used as a plug-and-play augmentation to enhance
existing various recommendation models.

Our main contributions are summarized as follows:

* We propose ADAR, a novel and model-agnostic aug-
mentation module that utilizes diffusion to generate high-
quality negative samples, addressing the limits of false-
negative signals and controllability in existing methods.

¢ We theoretically define a transition point within the diffu-
sion process that marks when a positive sample becomes
negative, thereby enabling the adaptively choose of in-
formative negative samples.

ADAR is compatible with a wide range of models, in-
cluding collaborative filtering and sequential recommen-
dation, demonstrating strong generalizability without any
model-specific modifications.

2 Related Work
2.1 Negative Sampling

In recommendation, negative sampling plays a crucial role
in constructing training pairs that guide the model to dis-
tinguish between preferred and non-preferred items. The ef-
fectiveness of learning heavily depends on the quality and
hardness of these negative samples. Simple uniform sam-
pling over unobserved interactions (Rendle et al. 2012) of-
ten yields trivial negatives and weak supervision. For bet-
ter discriminative user/item representations, hard negative
sampling selects challenging negatives ranked highly by the
model (Zhang et al. 2013). MixGCF (Huang et al. 2021) and
DropMix (Ma, Chen, and Li 2023) obtain negative samples
through a dimensional mixing mechanism. Going a step fur-
ther, DINS (Wu et al. 2023) and TriSampler (Yang et al.
2024) expand the sampling area to spatial and triangular
areas. AHNS (Lai et al. 2024) can select existing negative
samples of different hardness.

In sequential recommendation, negative sampling must
handle temporal and contextual dynamics. GNNO (Fan et al.
2023) mines hard negatives based on global item transitions,
while context-aware methods (Seol and Choi 2025) adapt

15118

sampling to context-dependent item distributions, improv-
ing recommendation quality under dynamic user behaviors.

However, these methods lack a principled way to model
the continuous transition between positive and negative sam-
ples, leading to suboptimal model performance.

2.2 Diffusion Model

Diffusion model (Ho, Jain, and Abbeel 2020; Dhariwal and
Nichol 2021b; Ho et al. 2022) is a generative modeling
method that progressively adds noise to data and learns to re-
verse this process, which can effectively capture data distri-
bution for tasks such as images (Yi et al. 2024), text (Arriola
et al. 2025), or molecular generation (Wang et al. 2024). In
recommendation domain, diffusion models are commonly
used to model user preferences. For instance, DiffuRec (Li,
Sun, and Li 2023) employs denoising diffusion to model se-
quential recommendation with item information. DiQDiff
(Mao et al. 2025) guides diffusion model through seman-
tic codebook. CCDRec (Yang et al. 2025) proposes a condi-
tioned diffusion for multi-model recommendation with cur-
riculum learning. Moreover, potential of diffusion models
for negative sampling has gained attention across different
domains. DMNS (Nguyen and Fang 2024) formulates multi-
level sampling via conditional diffusion for link prediction,
and MMKGC (Niu and Zhang 2025) extends this to knowl-
edge graph by incorporating multi-model semantics.

However, existing diffusion-based samplers typically rely
on fixed timesteps and are often tailored to specific domains.
In contrast, our method introduces a transition-point-driven
sampling, which can adaptively select negative samples and
serve as a plug-and-play module to enhance models.

3 Preliminary
3.1 Problem Formulation

We denote the set of historical user-item interactions by
Dt = {(u,i)|lu € U,i € T}, where U and T are the set
of users and the set of items, respectively. We consider all
unobserved interactions D~ = {(u,j)|lu € U,j ¢ D}
as candidates for negative samples. Standard recommenda-
tion models optimize a pairwise loss by training on triplets
(u,i,7), where ¢ is a positive item and j is a negative
item sampled from D~. Our goal is to enhance model per-
formance by introducing extra negative samples generated
through diffusion-based perturbation of positive sample <.
These samples can simulate hard negatives, thus encourag-
ing model to learn more discriminative representations.

3.2 Diffusion Model

Diffusion model (Ho, Jain, and Abbeel 2020; Dhariwal and
Nichol 2021a) runs a forward process to add Gaussian noise
to the input, and then performs a reverse process to denoise
and reconstruct the original input in an iterative manner.
Given an input xg ~ ¢(xg) and total number of diffusion
steps T to get subsequent state xi,Xo, ..., X7, the forward
process of the diffusion model can be defined as

q(x¢|x0) = N (x5 Varxo, (1 — ay)I), (D
Xt = Varxo + /(1 — ay)er, )
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Figure 1: Overview of the proposed ADAR: ADAR leverages the generative dynamics of diffusion models to produce mean-
ingful negatives with controllable hardness. First, we apply a diffusion model to generate negative candidates by gradually
corrupting positive samples. Then, we determine the transition point ¢* through a score-aware function to adaptively choose the
augmented negative. ADAR can serve as a plug-and-play module to enhance diverse recommendation models.

where cumulative signal retention &; = Hizl g, O
1—0;,and 31, B2, ..., B controls the amount of added noise.
t € [0, T'] represents the index of timesteps. ¢; represents the
noise sampled form N(0, I). Typically, 8; increases mono-
tonically over time according to a predefined schedule (e.g.,
linear, cosine or sigmoid), resulting in a gradual increase in
noise level.

And the reverse process uses a neural network with pa-
rameter 6 to predict the noise added in the forward process.
The reverse transformations can be formulated as:

p@(xt—l|xt) :N(Xt—1§M0(Xtat)7Zg(xnt))- (3)
In order to model py(x;_1|x;), DDPM (Ho, Jain, and
Abbeel 2020) usually fixes ), (x;,t) in advance, and use
a reparameterization trick to derive ug(x¢,t):

1 1*0[1;
Xt — — €9
v/ Ot ¢ ,/O[tx/l—Oét

where €9 (x¢, t) is the predicted target, which should be sim-

ilar to Gaussian noise. In actual operation, we start from
x7 ~ N(0,I), and then restore xg step by step.

4 Method

We propose Adaptive Diffusion-based Augmentation for
Recommendation (ADAR), a model-agnostic module for
generating high-quality negative samples. ADAR simulates
a gradual degradation of positive samples through a diffu-
sion process and we detail the formulation of this process.
ADAR’s main architecture is shown in Figure 1.

1o (Xt7 t) = (Xt7 t)v (4)
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4.1 Diffusion-based Sample Generation

In this section, we describe how ADAR generates candi-
date negative samples. ADAR learns the progressive noising
and denoising process, enabling controllable negative sam-
ple generation for recommendation.

Let i in (u,i) € DT be a positive sample. The corre-
sponding embedding e; € R? is first obtained from an en-
coder ¢(7), which may be derived from any different model
according to the specific recommendation tasks. The user
representation e,, is similarly obtained from ¢(u).

Forward Process. We apply the forward diffusion pro-
cess according to Eq.2, producing a sequence of progres-
sively noised embeddings. Specifically, we set xq equal to
e;, perform the forward diffusion process, and obtain noisy
sample set X = {x;}]_,. This process gradually removes
positive information from the original interaction, pushing
x; toward a standard Gaussian distribution.

Noise Prediction Model. To generate candidate negative
samples, we need to approximate the noise added at each
time step, which can be formulated as

&)

where e; = PE(¢) is the time embedding, and 7 is the noise
prediction model with learnable parameter 6. Meanwhile, in
order to make full use of the user embedding e,,, we use the
conditional diffusion model (Dhariwal and Nichol 2021b;
Ho et al. 2022) to input the user embedding as label infor-
mation to guide the generation.

€t,0 = T(Xt7 €, €y 9)7



We adopt sine and cosine coding to construct a contin-
uous, periodic time embedding, following the approach in
(Ho, Jain, and Abbeel 2020). The timestep embedding is for-
mulated as:

PE(t) = {

where ¢ € [0,d — 1] is the dimension index. This encoding
method facilitates the model’s learning of relative timestep
relationships.

To better adapt to recommendation tasks, we implement
7 using feature-wise linear modulation (FiLM) (Perez et al.
2018), which dynamically modulates intermediate feature
representations based on timestep and label embeddings.
This approach enables efficient noise prediction while en-
suring a lightweight adaptation to structured recommenda-
tion data. Specifically, 7 is formulated as:

sin(t - 10000 ), if i is even

2l (6)
cos(t - 10000~ 4 ),if ¢ is old

€t.0 =7(et,eu;97) O xy +n(etaeu§6‘n)a @)

where v and 7 are interpreted as scale and offset, respec-
tively, and ® represents element-wise multiplication. In our
model, these components are implemented as a simple mul-
tilayer perceptron with multiple fully connected layers.
Diffusion Loss. Following the standard formulation of
diffusion models (Dhariwal and Nichol 2021a), we employ a
mean squared error (MSE) loss to minimize the discrepancy
between the predicted noise in the reverse process and the
Gaussian noise injected during forward diffusion. However,
in recommendation settings, recovering the noise alone does
not ensure that the final generated samples retain the seman-
tic essence of the original positive instances (Li, Sun, and Li
2023). To address this, we incorporate an additional loss that
enforces consistency between the final generated output and
its corresponding positive sample. Specifically, for a given
timestep ¢, the diffusion loss function is defined as:

%

®)

Reverse Process. After the noise prediction model 7 is
trained, we employ it to generate candidate samples via the
reverse diffusion process, where each timestep output serves
as a potential negative sample. Specifically, we start from
a Gaussian noise sampled from the standard normal distri-
bution, representing a maximally corrupted version in the
latent space:

\2 + ||x0 — X4,0

Lairs = lle — €t

xa,r ~ N(0,1), ©))
and progressively apply the reverse update rule:
1 1— Ot
1= - , 10
Xd,t—1 \/OTth,t \/OTt\/l—iO_étEw (10)

fort =T,7T —1,...,1. Each denoising step incrementally
restores information, resulting in the denoised sample set
X, = {xa.}L . These outputs are novel, plausible can-
didates resembling corrupted versions of positive items.

4.2 Transition Point Detection

However, not all generated samples in Xy are equally infor-
mative for training. Samples that are too similar to the origi-
nal positives may reinforce redundancy, while those that are
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too noisy may introduce harmful signals. To address this,
we propose an adaptive mechanism to identify the transi-
tion point, the moment when a generated sample shifts from
being positive to negative in terms of user preference. We
select the generated sample at the transition point as the aug-
mented negative sample, which lies near the decision bound-
ary, and thus offer maximum utility for training.

Theorem 1. Let pt be the positive item score. Then the
cumulative signal retention &t~ value at the transition point
t* is negatively correlated with .

Proof. We begin by modeling the user preference score as
a function f(u,x), where u and x denote the user and item
representations, respectively (with u = e, ). As we agreed
before, xo denote a positive sample, and x; its noised ver-
sion at diffusion step ¢. Under the assumption that the scor-
ing function f(u, x) is approximately linear in x (e.g., inner
product models), the expected preference score of the noised
item x; becomes:

E[f(u,x¢)] = E[f(u, Varxo + /(1 — ar)er)]
=Va- f(ll,Xo)
= 3\ /@t . ’qu’
where 4 = f(u,xg) is the score of the original positive
item, which is assumed to be greater than zero to reflect user
preference. We define the transition point t* as the first diffu-

sion step at which the expected user score for x; falls below
a predefined negative threshold p~. That is,
> 2

Elf(wxe)] =5~ = an = (Z+
Taking derivative w.r.t. pu:
2
_ o~ 1
-=2(5) e <o

demonstrating that &+ is strictly decreasing in p.

da-
du+t

O

Since &; value is a strictly decreasing function of ¢, it fol-
lows that t* must increase with . That is, positive samples
with higher scores retain their information identity longer
during diffusion, and undergo transition at later steps.

While this formulation provides theoretical guidance,
practical datasets lack explicit negative interactions, mak-
ing p~ unobservable. To circumvent this, we adopt a pa-
rameterized heuristic based on the observed positive score
ps = f(u,xq) to approximate t*. Specifically, we define a
score-aware function:

t* = sigmoid(w - exp(k - ps)) - T, (11)

where w > 0 and k£ > 0 are tunable hyperparameters that
control the shape and scale of the transition function. In
practice, we can set w 1 and k£ = 1, which consistently
lead to performance improvements across most datasets, as
verified by extensive experiments.

This score-aware function aligns with our theoretical re-
sult, capturing the negative correlation between the posi-
tive score and the cumulative signal retention &y« value. By



adaptively mapping higher p, to deeper diffusion step t*, it
dynamically adjusts the distance of generated samples ac-
cording to the observed positive score.

After determining the transition point ¢*, we then select
the sample x4 ¢~ at timestep ¢* from the denoised sample set
Xy as the final augmented negative.

4.3 Optimization Objectives

To optimize the recommendation model, we adopt BPR
(Rendle et al. 2012), a widely established objective for pair-
wise learning from implicit feedback. Given that ADAR op-
erates as a model-agnostic augmentation module, it can be
seamlessly integrated into existing recommendation models
without modifying their core structure.

In our formulation, let e; denote the item embedding se-
lected via the baseline negative sampling method, and e de-
note the embedding of the sample generated through ADAR.
To fully exploit the information of generated negatives, we
integrate them into the learning objectives as a supplement.
Specifically, the total loss is given by

La—vpr = — Z In U(eIei —

u,i,5,d

(eje; + e eq)), (12)

where the weighting factor A € [0,1] is a hyperparame-
ter that regulates the contribution of the generated samples.
ADAR introduces negative samples with controlled hard-
ness, which encourages the model to construct more dis-
criminative representations. We adopt an alternating training
strategy between the diffusion model and the encoder. For
a comprehensive understanding of the training procedure of
ADAR, the training pseudo-code is provided in Algorithm 1.

Algorithm 1: ADAR

1: Input: Set of Implicit Feedback Dt = {(u,i)lu €
U,i € T}, predefined hyperparameters T and \.

2: Output: Encoder model, Diffusion model.
3: Initialization
4: while not converged do
5. for each mini-batch B sampled from D+ do
6: Get embeddings of user v and positive item %
7: // Diffusion-based sample generation
8: Xt = \/EXO + \/ (1 - dt)ﬁt, €t ~~ N(O,I)
9: e = PE(t)
10: Optimization Diffusion by minimizing Lg; ¢ s
11: Iteratively compute the reverse diffusion step fol-
lowing X4t—1 = \/%Xd,t - ﬁ%a
12: Obtain candidate samples set Xy = {x]_,}
13: // Transition point detection
14: t* = sigmoid(w - exp(k - ps)) - T
15: Obtain embedding of transition point x4 ¢
16: €4 = Xd,t*
17: // Train Encoder model
18: Get triples (u, 4, j) from existing method
19: Optimization Encoder by minimizing £4—ppy
20:  end for

21: end while
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Dataset #Users #ltems jclgt:; L?th'h Density

Beauty 22,363 12,101 0.2m 8.9 0.05%
Toys 19,412 11,924 0.17m 8.6 0.07%
Sport 35,598 18,357 0.3m 8.3 0.05%
Yelp 30,431 20,033 0.3m 8.3 0.05%

Table 1: Statistics of the datasets.

5 Experiments
5.1 Experimental Settings

Datasets. We conduct experiments on four benchmark
datasets: Beauty, Toys, Sport, and Yelp, which are com-
monly used in both collaborative filtering (CF) and se-
quential recommendation (SR) tasks. All datasets are de-
rived from the Amazon Review dataset and the Yelp Review
dataset. The detailed statistics of the four datasets are sum-
marized in Table 1. For CF task, we follow standard prepro-
cessing procedures (Lai et al. 2024) by converting user be-
havior logs into user-item interaction matrices. Each user’s
interactions are randomly split into 80% for training and
20% for testing. For SR task, user interactions are first sorted
chronologically into sequences, and we filter out users with
fewer than five interactions to ensure modeling stability.

Evaluation Metrics. To assess recommendation perfor-
mance, we adopt two widely used ranking metrics: Re-
call@10, 20 and NDCG@10, 20. Recall measures the pro-
portion of relevant items successfully retrieved in the top-k
recommendations, while NDCG accounts for the position of
the hit items, giving higher weight to correctly ranked items
appearing earlier in the list.

Integrated Methods. To evaluate the effectiveness of our
proposed ADAR, we conduct experiments under two major
recommendation paradigms: collaborative filtering (CF) and
sequential recommendation (SR).

For CF, we adopt the following models: NGCF (Wang
et al. 2019), LightGCN (He et al. 2020), MixGCF (Huang
et al. 2021) and AHNS (Lai et al. 2024). For SR, we con-
sider three representative sequential models with datasets
augmented by DR4SR (Yin et al. 2024): GRU4Rec (Hi-
dasi et al. 2015), SASRec (Kang and McAuley 2018) and
CL4SRec (Xie et al. 2022). See Appendix for a more de-
tailed description of the baselines.

For each model, we incorporate our ADAR without modi-
fying their core architectures, ensuring a fair and direct com-
parison with the original baselines.

Implementation Details. The embedding dimension is
fixed to 64, and the embedding parameters are initialized
with the Xavier initialization (Glorot and Bengio 2010). We
optimize all parameters with Adam optimizer (Kingma and
Ba 2014) and use the default learning rate of 0.001. For CF,
we use the default mini-batch size of 2,048. For SR, we use
the default mini-batch size of 256, with the maximum se-
quence length IV set to 50. For ADAR, we fix w = 1 and
k = 1, and search ) in the range [0, 1]. We set the maximum
diffusion step 7" to 50 for CF and 20 for SR.



Task  Methods Amazon-Beauty Amzon-Toys Amazon-Sport Yelp
R@10 R@20 N@10 | R@10 R@20 N@10 | R@10 R@20 N@10|R@10 R@20 N@10
NGCF 6.37 950 411 | 594 850 392 | 392 621 250 | 427 692 273
+ADAR | 813 11.76 5.21 | 7.82 1139 508 | 529 811 335 | 5.06 819 3.24
RelImp |27.6% 23.8% 26.8% |31.6% 34.0% 29.6% |34.9% 30.6% 34.0% |18.5% 18.3% 18.7%
LightGCN | 8.69 1240 577 | 822 11.50 555 | 596 862 382 | 527 833 3.39
+ADAR | 899 1288 6.05 | 846 1193 584 | 632 9.08 4.11 | 555 881 3.58
CF RelImp |3.45% 3.55% 4.85% |2.92% 3.74% 5.23% |6.04% 5.34% 7.59% |5.31% 5.76% 5.60%
MixGCF | 9.82 1367 6.63 | 9.05 1282 6.19 | 625 898 421 580 9.01 372
+ADAR | 10.01 14.10 690 | 925 13.09 6.39 | 631 913 432 | 595 931 3.86
RelImp |1.93% 3.15% 4.07% |2.21% 2.11% 3.23% |0.96% 1.67% 2.61% |2.59% 3.33% 3.76%
AHNS 9.66 13.50 6.51 88 1255 6.06 | 6.69 970 439 | 553 888 3.60
+ADAR | 10.05 14.04 6.89 | 915 1291 6.21 | 684 985 452 | 582 919 3.80
RelImp |4.04% 4.00% 5.84% |2.92% 2.87% 2.48% |2.24% 1.55% 2.96% |5.24% 3.49% 5.56%
GRU4Rec | 2.79 487 137 | 224 371 1.08 1.81 317 090 | 230 388 1.14
+ADAR | 434 696 217 | 378 584 189 | 255 4.09 139 | 321 517 1.59
RelImp |55.6% 429% 58.4% |68.8% 57.4% 73.4% |40.9% 29.0% 54.4% |39.6% 33.2% 39.5%
SASRec | 599 882 320 | 7.27 995 413 | 297 472 158 | 299 499 1.50
SR +ADAR | 632 969 327 | 7.72 1052 450 | 362 571 189 | 3.30 558 1.66
RelImp |5.51% 9.87% 2.19% | 6.19% 5.73% 8.96% |21.9% 21.0% 19.6% |10.4% 11.8% 10.7%
CL4SRec | 7.24 1026 420 | 780 1059 454 | 433 6.19 237 | 327 558 1.60
+ADAR | 744 1065 431 | 812 1113 473 | 446 635 250 | 3.69 586 1.82
RelImp |2.76% 3.80% 2.62% |4.10% 5.10% 4.19% |3.00% 2.58% 5.49% |12.8% 5.02% 13.8%

Table 2: Performance on four datasets. Re1 Imp: Relative Improvement. We have conducted the paired t-test to verify that the
difference between each base model and our proposed method is statistically significant for p < 0.05.

5.2 Result Analysis

In this section, we compare the performance of each tar-
get model with our ADAR to verify the efficacy of the pro-
posed module. The evaluation results for recommendations
are summarized in Table 2 (more details in Appendix), and
we can draw the following conclusions:

¢ Effectiveness. ADAR consistently improves perfor-
mance across multiple datasets and baseline models. For
example, AHNS enhanced by ADAR leads to a rela-
tive improvement of 3.13% in Recall@10 and 4.58% in
NDCG@10 on Amazon-Beauty. Similar trends are ob-
served across remaining methods, confirming its effec-
tiveness in improving ranking quality.

* Generality. ADAR exhibits strong compatibility with di-
verse model architectures, including CF and SR mod-
els. ADAR can be compatible with models such as
GRU4Rec (RNN-based), SASRec (attention-based), and
CL4SRec (contrastive-based), achieving performance
improvements without modifying the underlying model
architecture.

* Complementarity. Beyond general applicability, ADAR
also complements strong existing training objectives. For
instance, ADAR improves CL4SRec’s NDCG@10 by
13.8% on Yelp, indicating that it introduces additional
beneficial training signals beyond those captured by con-
trastive learning alone.

Method Version R@10 R@20 N@10 N@20
base 637 950 411 5.10
random  7.81 1159 513  6.29

NGCE  4xed 779 1150 506 622
mixed 791 1163 511  6.30
ADAR 813 1176 521 634
base 279 487 137 190
random  4.00 6.31 1.99 2.45

GRU4Rec 404 337 559  1.66 222
mixed 351 576 177 233
ADAR 434 696 217 282

Table 3: Performance comparison of different t* selection
strategies on Amazon-beauty.

5.3 Variant Study

In this section, we investigate the impact of different strate-
gies for selecting ¢*. Recall that ¢t* denotes the diffusion
step of the final augmented negative, at which the gener-
ative sample translate from positive to negative. We com-
pare five variants: (1) base, where no augmentation is ap-
plied; (2) random, where t* is randomly sampled; (3) fixed,
where t* is fixed at a predefined midpoint ( we set it as 7/2);
(4) mixed, where model mixes representations from multiple
fixedt (e.g.,7/2,T/4,T/8 and T//10), motivated by DMNS
(Nguyen and Fang 2024) on link prediction; (5) ADAR, the
proposed method, which adaptively identifies ¢* based on
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Figure 2: Performance comparison of ADAR w.zt. three dif-
ferent hyperparameter.

theoretical criteria.

The experiments are conducted on Amazon-Beauty, eval-
uating two representative recommendation models: NGCF
and GRU4Rec. We report the results in Table 3, and make
the following observations: First, ADAR consistently out-
performs all variants on both models, confirming that adap-
tive selection of ¢* yields more informative negatives than
other variants. Second, while effective in link prediction, the
mixed variant is less suited to recommendation, performing
worse than ADAR and even worse than the random variant.
This indicates that adaptive, theory-driven transition point is
crucial for choosing high-quality negatives.

5.4 Hyperparameter

To further investigate robustness and stability of ADAR, we
conduct a hyperparameter analysis on the diffusion step T’
and weighting factor A. The analysis of the hyperparame-
ters w and k can be found in Appendix. In this analysis,
we fix the other hyperparameters to their default values to
isolate the effect of each individual variable. The experi-
ments are conducted on Amazon-beauty using two repre-
sentative backbone models: NGCF for collaborative filtering
and GRU4Rec for sequential recommendation. As shown in
Figure 2(a) and 2(b), the performance initially improves as
T increases, but eventually saturates, suggesting that only
a moderate number of diffusion steps is sufficient to cap-
ture the semantic transition. In contrast, Figure 2(c) and 2(d)
show that \ exhibits a clear trade-off behavior, where moder-
ate values consistently lead to better performance. This sug-
gests that incorporating diffusion signal moderately can ef-
fectively guide negative sample selection.

5.5 Visualization

In this section, we delve into the visualization analysis
to further examine the effectiveness of ADAR in captur-
ing meaningful user preferences. Specifically, we randomly
sample 2,000 users from Amazon-Beauty and project their
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Figure 3: Distribution of user representations learned from
Amazon-beauty dataset.

learned user embeddings into a two-dimensional space. This
is achieved by normalizing each representation onto the
unit hypersphere and applying t-SNE (Maaten and Hinton
2008) for dimensionality reduction. As shown in Figure 3,
user representations learned by baseline models (NGCF and
SASRec) tend to exhibit uneven and clustered patterns. In
contrast, their ADAR-augmented counterparts (NGCF with
ADAR and SASRec with ADAR) yield embeddings that
are more uniformly distributed across the space. This sug-
gests that incorporating diffusion-based augmentation en-
courages a more informative and disentangled user represen-
tation space, potentially leading to improved generalization.

6 Conclusion

To solve the challenge of unreliable negative signals and
limited control over negative sampling in implicit feedback
recommendation, we propose ADAR, a diffusion-based aug-
mentation module. ADAR leverages the progressive corrup-
tion process of diffusion models to generate high-quality
negative samples. By theoretically identifying the transi-
tion point from positive to negative, ADAR adaptively se-
lects optimal sampling steps with informative and challeng-
ing negatives. Extensive experiments on various backbone
models and recommendation tasks demonstrate that ADAR
is both effective and broadly applicable, offering a ro-
bust solution for enhancing recommendation performance.
Our code is publically available at https://github.com/LN-
Nlaine/ADAR.
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