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Abstract

Sequential recommendation (SR) aims to predict users’ next
action based on their historical behavior, and is widely
adopted by a number of platforms. The performance of SR
models relies on rich interaction data. However, in real-world
scenarios, many users only have a few historical interac-
tions, leading to the problem of data sparsity. Data sparsity
not only leads to model overfitting on sparse sequences, but
also hinders the model’s ability to capture the underlying hi-
erarchy of user intents. This results in misinterpreting the
user’s true intents and recommending irrelevant items. Ex-
isting data augmentation methods attempt to mitigate over-
fitting by generating relevant and varied data. However, they
overlook the problem of reconstructing the user’s intent hi-
erarchy, which is lost in sparse data. Consequently, the aug-
mented data often fails to align with the user’s true intents,
potentially leading to misguided recommendations. To ad-
dress this, we propose the Adaptive Diffusion Augmentation
for Recommendation (ADARec) framework. Critically, in-
stead of using a diffusion model as a black-box generator, we
use its entire step-wise denoising trajectory to reconstruct a
user’s intent hierarchy from a single sparse sequence. To en-
sure both efficiency and effectiveness, our framework adap-
tively determines the required augmentation depth for each
sequence and employs a specialized mixture-of-experts archi-
tecture to decouple coarse- and fine-grained intents. Exper-
iments show ADARec outperforms state-of-the-art methods
on standard benchmarks and on sparse sequences, demon-
strating its ability to reconstruct hierarchical intent represen-
tations from sparse data.

Code — https://github.com/ZhaoChao52/ADARec

Introduction
Sequential recommendation (SR) aims to predict users’ next
action based on their historical behavior, which is widely
adopted by many platforms in e-commerce, media stream-
ing, and other online services. However, the quality of se-
quential recommendation relies on rich, high-quality in-
teraction data. In reality, user activity in recommendation
systems typically follows a long-tail distribution (Park and
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Figure 1: An illustration of how data sparsity hinders hierar-
chical intent modeling.

Tuzhilin 2008). This means many users have only a few
historical interactions, leading to the data sparsity problem,
which severely undermines the model’s learning process,
leading to the model overfitting on sparse interactions within
user historical sequences (Wu et al. 2023; Wang et al. 2024).

Data sparsity poses a challenge to modeling users’ hier-
archical intentions. As shown in Fig 1, the top part shows
a user’s short history of interactions. For example, the user
only interacted with an energy bar and a hiking boot. These
few interactions might imply that the user has a coarse-
grained intent: hiking, and a more fine-grained intent: to buy
a water bottle for that trip. However, as further illustrated
in the lower section of Fig 1, existing intent-based recom-
mendation methods, such as ELCRec (Liu et al. 2024), tend
to overfit on these sparse items. They might simply catego-
rize an energy bar as snacks and hiking boots as shoes. Con-
sequently, the model could erroneously conclude the user’s
interests are limited to these broad categories, leading to ir-
relevant recommendations like other shoes or snacks.

Existing data augmentation methods (Dang et al. 2025;
Ma et al. 2024; Luo, Li, and Lin 2025) attempt to mitigate
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Figure 2: t-SNE visualization of user embeddings on sparse
data. (a) With rich data, users form clear semantic clusters.
(b) On sparse data (Sequence length < 5), clustering failure.
(c) Even with a strong augmentation baseline like DiffDiv,
failing to construct the hierarchy.

overfitting by generating both relevant and varied data. As
shown in Fig 1, to maintain relevance, they might generate
similar items, such as a different brand of shoes. To increase
variety, they might generate items with low relevance, such
as a soccer ball. Therefore, the model might wrongly infer
that the user’s intention is to purchase football shoes based
on the shoes and the football.

We further validate the limited performance of exist-
ing intent-based models and data augmentation methods on
sparse data through visualization experiments. As shown in
Fig 2 (a) and (b), the user embedding clustering effect of the
intent-based recommendation model on sparse datasets is
worse than that on full datasets. This indicates that on sparse
datasets, the model cannot effectively form clear semantic
clusters, which makes it difficult for the model to effectively
distinguish the intentions of different users. In addition, the
existing data augmentation methods mainly rely on adding
similar data and diverse data for augmentation. Specifically,
addition of similar data will make the newly added data too
close to the original data, resulting in limited discrimination
of semantic clustering (as shown in Fig 2 (c)). Meanwhile,
without the guidance of a user’s high-level intent, the newly
introduced data might deviate from the user’s true intent, po-
tentially leading to misguided recommendations.

Based on the above analysis, we argue that the key to data
augmentation does not lie in blindly trading off similarity
and diversity, but in constructing the hierarchy of users’ in-
tentions. Specifically, the deeper the level of a user’s intent
(e.g., from ’buying water bottles’ to ’preparing for a hik-
ing trip’), the wider the range of item categories covered by
that intent, and the greater the diversity of the correspond-
ing items. To realize this idea, we draw inspiration from the
Information Bottleneck (IB) principle (Tishby, Pereira, and
Bialek 2000). The core idea of the IB principle is that adding
noise creates a bottleneck for information. To get the essen-
tial message through this bottleneck, the model must discard
the less important, specific details and keep only the most
fundamental and general pattern.

Based on this, we propose the Adaptive Diffusion Aug-
mentation for Recommendation (ADARec) framework. Dis-
tinct from existing methods that only generate single data
points (Dang et al. 2025; Ma et al. 2024; Luo, Li, and
Lin 2025), ADARec leverages a diffusion model (Sohl-
Dickstein et al. 2015; Ho, Jain, and Abbeel 2020) forward

(noising) process to gradually remove fine-grained details
from a user’s sequence. Correspondingly, each step of the
reverse (denoising) process compels the model to infer the
user’s intent at a progressively higher level of abstraction.
The full denoising trajectory yields a rich intent hierarchy,
spanning from fine-grained to coarse-grained intents. Cap-
turing this hierarchy enables the reconstruction of a com-
plete intent hierarchy, even from a single sparse sequence.

However, due to the high computational cost of diffusion
models, applying this enhancement to every user sequence is
not practical. To address this, our ADARec framework intro-
duces three key innovations. First, an Adaptive Depth Con-
troller (ADC) intelligently determines the optimal diffusion
depth for each user sequence. Second, we introduce the Hi-
erarchical Diffusion Augmentation (HDA) module, which
leverages a diffusion process to generate a rich, hierarchical
intent hierarchy for each user sequence. Finally, the intent
hierarchy contains both coarse-grained, fine-grained intent
representations. A single processing module would struggle
to optimally handle both. Therefore, we design a specialized
Hierarchical Parsing Mixture-of-Experts (HP-MoE) module
to process representations at different levels of intent hier-
archy. Ultimately, ADARec can effectively and efficiently
capture a user’s hierarchical intent representation, even from
sparse sequences. Our main contributions are:

1. We propose the Adaptive Diffusion Augmentation for
Recommendation (ADARec) framework to construct the
intent hierarchy from sparse user sequences.

2. We introduce the Hierarchical Diffusion Augmentation
(HDA) module, which leverages a diffusion process to
generate a rich hierarchy of user intents, ranging from
fine-grained to coarse-grained.

3. We propose two specialized modules, an Adaptive Depth
Controller (ADC) and a Hierarchical Parsing Mixture-of-
Experts (HP-MoE) module, to collaboratively enhance
the framework’s efficiency and effectiveness.

4. Extensive experiments on real-world datasets demon-
strate that ADARec outperforms state-of-the-art base-
lines, validating the effectiveness of ADARec.

Related Work
SR has rapidly advanced from early methods like Markov
Chains (He and McAuley 2016; Rendle, Freudenthaler, and
Schmidt-Thieme 2010) to a variety of deep architectures, in-
cluding those based on RNNs (Hidasi et al. 2015), Trans-
formers (Kang and McAuley 2018; Sun et al. 2019; Zhou
et al. 2024), GNNs (Chang et al. 2021; Li et al. 2023b), and
MLPs (Li et al. 2022; Zhou et al. 2022). The self-supervised
learning has also been widely adopted (Xie et al. 2022; Liu
et al. 2021; Qiu et al. 2022; Yang et al. 2023). The intent
learning in recommendation aims to capture multiple user
intents by employing techniques such as multi-interest mod-
eling (Li et al. 2019; Cen et al. 2020), disentanglement (Ma
et al. 2020; Li et al. 2024), and more recently, end-to-end
clustering (Chen et al. 2022; Liu et al. 2024).

To mitigate data sparsity, augmentation strategies have
evolved from simple heuristics like masking and cropping
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Figure 3: The overall architecture of the proposed ADARec framework. For a user sequence, (1) the ADC module determines
the required augmentation depth Tu. (2) the HDA module process generates an intent hierarchy Au. (3) The HP-MoE module
parses the hierarchy, and its expert outputs are fused to produce the final user representation for recommendation.

(Xie et al. 2022; Liu et al. 2021) to more sophisticated
approaches. These include leveraging diffusion models to
generate generalized preferences (Ma et al. 2024; Luo, Li,
and Lin 2025) or to denoise feature representations from
sparse interactions (Cui et al. 2025a,b), and employing
representation-level mixup to balance relevance and diver-
sity (Dang et al. 2025).

However, their core strategy is to enrich the training set by
generating a greater diversity of items. This designed diver-
sity often lacks guidance from the user’s high-level intent,
causing the augmented data to potentially deviate from the
user’s true intents. This approach, by focusing on generat-
ing more data rather than modeling the structure of intent,
ultimately fails to tackle the fundamental issue of the in-
complete intent hierarchy representation which is a direct
consequence of data sparsity.

Adaptive Diffusion Augmentation for
Recommendation (ADARec) Framework

To construct a hierarchical user intent from sparse behav-
ioral data, we propose a novel framework: Adaptive Dif-
fusion Augmentation for Recommendation (ADARec). The
framework operates through a sequential pipeline: (1) an
Adaptive Depth Controller (ADC) first adaptively deter-
mines the optimal diffusion depth. (2) a Hierarchical Diffu-
sion Augmentation (HDA) process then generates an intent
hierarchy of the diffusion depth; and (3) finally, a Hierarchi-
cal Parsing Mixture-of-Experts (HP-MoE) network parses
this hierarchy by dynamically routing representations to spe-
cialized experts. The overall architecture is shown in Fig 3.

Sequence Embedding

We first embed the user’s historical sequence Su using EL-
CRec (Liu et al. 2024) as our backbone encoder to obtain
the sequence embedding Eu. We also encode the sequence
length via an MLP. Both embeddings serve as input for our
adaptive augmentation framework.

Adaptive Depth Controller (ADC)
To provide customized enhancement tailored to each user’s
needs, we introduce the Adaptive Depth Controller (ADC).
The purpose is to determine the optimal enhancement depth
Tufor the user sequence Su.

The ADC takes the user’s original sequence embedding
E0

u ∈ RL×D and an embedding vector of the normalized
sequence length vlu as input. Due to GRU’s proven effec-
tiveness in capturing temporal dependencies within sequen-
tial data, these are concatenated and fed into a GRU network
to generate a vector of logits over possible depths, ranging
from 0 to a predefined maximum depth Tmax:

hc = Pool(GRU([E0
u;vlu ])) (1)

logitsu = Wσhc + bσ (2)

where Wσ and bσ are learnable parameters, and Pool is an
aggregation function like mean pooling. The dimension of
logitsu is Tmax + 1.

To select a discrete depth Tu in a differentiable manner,
we use the Gumbel-Softmax estimator over the Tmax + 1
discrete choices.

pu = Softmax((logitsu + g)/τgs) (3)

where g are i.i.d. samples from a Gumbel(0,1) distribution,
and τgs is the softmax temperature. During the forward pass,
we take the ‘argmax‘ to get the one-hot vector representing
the chosen depth Tu, while the Gumbel-Softmax probabili-
ties pu are used for the backward pass.

To prevent the ADC from collapsing to only selecting
safe, shallow depths during training, especially in the early
stages, we introduce an auxiliary exploration loss. This loss
encourages the ADC to maintain a level of uncertainty in
its choices, thereby promoting exploration across the full
range of possible depths. We use the negative entropy of
the ADC’s probability distribution as the loss: Lexpl =

−
∑Tmax

i=0 pu,i log pu,i. This ensures that the downstream
HDA and HP-MoE modules receive inputs from diverse
depths, facilitating more robust training.
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Hierarchical Diffusion Augmentation (HDA)
To generate a user intent hierarchy, we propose the Hierar-
chical Diffusion Augmentation (HDA) process. Unlike ex-
isting diffusion-based augmentation methods (e.g., DiffDiv,
GlobalDiff) that utilize only the final diffusion output for
data augmentation, the core idea of the HDA module is to
construct a hierarchy of user intents by leveraging the nat-
ural evolution of information granularity, from high to low,
within the denoising trajectory of a diffusion model.

The Intuition behind Constructing Hierarchical Intent
via Denoising Trajectory. During the diffusion model’s
denoising process (Ek =

√
αkEu +

√
1− αkϵk), at high

noise levels (k approaching Tu), the denoising network
ϵθ(Ek, k) is compelled to extract abstract information from
the highly incomplete signal, forming a coarse-grained in-
tent. The original information is significantly compressed
(I(Êk;Eu) ≪ H(Eu), where H(Eu) denotes the infor-
mation uncertainty of the original user sequence embed-
ding Eu), yet predictive relevance is maintained (maximiz-
ing I(Êk;Ynext), achieved by the Lrec in Eq. (13)).Here,
I(X;Y ) represents the mutual information, quantifying how
much knowing variable X reduces the uncertainty about
variable Y . Therefore, I(Êk;Eu) quantifies how much in-
formation the denoised representation Êk retains from the
original user sequence Eu. At low noise levels (k approach-
ing 0), the network recovers more specific behavioral details,
forming a fine-grained intent (Ifine), where information is al-
most fully preserved (I(Êk;Eu) ≈ H(Eu)). The entire de-
noising trajectory {Ê0, Ê1, . . . , ÊTu

} naturally forms a user
intent hierarchy.

The process of HDA. Given a user u’s sequence embed-
ding E0

u and ADC-predicted depth Tu, the diffusion’s for-
ward process progressively adds Gaussian noise to generate
noisy representations {Ek

u}
Tu

k=0 for the denoising network.

Ek
u =

√
ᾱkE

0
u +

√
1− ᾱkϵk, ϵk ∼ N (0, I) (4)

Here, ᾱk is a predefined noise schedule parameter. We adopt
the linear variance schedule from DDPM (Ho, Jain, and
Abbeel 2020). The core of HDA lies in the reverse process
executed by our trainable denoising network Dθ.

Êk
u =

Ek
u −

√
1− ᾱkϵθ(E

k
u, k)√

ᾱk
(5)

To drive the recovery of information from coarse to fine
granularity, the denoising network Dθ is optimized using a
standard mean squared error (MSE) loss between the pre-
dicted and true noise: Ldeno = ||ϵθ(Ek

u, k) − ϵk||2. For
simplicity and efficiency, the denoising network Dθ is im-
plemented as a simple Multi-Layer Perceptron (MLP).

This iterative process, from ETu
u down to E0

u, yields a
high-quality intent hierarchy Au = {ÊTu

u , ÊTu−1
u , . . . , Ê0

u}.
In this hierarchy, high-k elements represent coarse-grained
intents, while low-k elements capture fine-grained intents.
The final output of our HDA module is not a single vector,
but this entire structured set Au.

Hierarchical Parsing MoE (HP-MoE)
To efficiently parse the generated intent hierarchy Au, we
design the Hierarchical Parsing Mixture-of-Experts (HP-
MoE) module. This module is to intelligently decouple and
process the fine-grained and coarse-grained intents.

Functionally Decoupled Experts. To functionally decou-
ple the processing of different intent hierarchy, we employ
two specialized experts: a fine-grained expert (Efin) and
a coarse-grained expert (Ecoar). The fine-grained expert,
Efin, utilizes a Transformer (Vaswani et al. 2017) driven
solely by the recommendation loss Lrec to capture fine-
grained intents. The standard recommendation loss, Lrec,
which directly optimizes for next-item prediction, provides
a sufficient and precise supervisory signal for this purpose.
It naturally encourages Efin to focus on the subtle, tran-
sient details within the user’s sequence, thus fulfilling its role
without the need for additional regularization. Conversely,
the coarse-grained expert, Ecoar, is designed to extract the
user’s coarse-grained intent. We apply an exclusive con-
trastive loss, Lcont, to Ecoar. This InfoNCE-based loss com-
pels the expert to learn the user’s invariant essence by pulling
together representations from their coarse-grained hierarchy
while pushing them apart from other users’ intents:

Lcont =

Tu−1∑
k=⌊Tu/2⌋

− log
exp(sim(zu,k, zu,k+1)/τ)∑
zj∈Bk

exp(sim(zu,k, zj)/τ)

(6)
where zu,k+1 is the positive sample, and Bk contains zu,k+1

and a set of negative samples consisting of coarse-grained
representations from other users in the same batch.

Content-Aware Routing and Gated Fusion To synthe-
size a unified representation from the intent hierarchy, we
design a two-level gated fusion mechanism.

First, at each hierarchy level k, we employ a content-
aware routing to dynamically weigh the expert outputs. This
gate’s probability, gk, considers both the noise level embed-
ding emb(k) and the content representation Pool(Êk

u):

gk = Sigmoid(MLP([Pool(Êk
u); emb(k)])) (7)

Next, we aggregate the outputs from each expert across
the entire hierarchy, weighted by their respective gate prob-
abilities, to form a consolidated fine-grained representation
zfin and coarse-grained representation zcoar:

zfin =

∑Tu

k=0 gk · Efin(Ê
k
u)∑Tu

k=0 gk + ϵ
(8)

zcoar =

∑Tu

k=0(1− gk) · Ecoar(Ê
k
u)∑Tu

k=0(1− gk) + ϵ
(9)

Finally, to balance stable long-term themes against tran-
sient specifics, a final gating vector gateu is computed from
the aggregated coarse representation zcoar. This gate adap-
tively combines the two aggregated representations to pro-
duce the final user representation hu:

gateu = Sigmoid(Wgzcoar + bg) (10)
hu = gateu ⊙ zfin + (1− gateu)⊙ zcoar (11)

where ⊙ denotes element-wise multiplication.
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Prediction Layer. Finally, the fused user representation
hu is fed into a prediction layer to generate the final rec-
ommendation scores. It takes hu as input and computes the
probability scores yu for all candidate items.

Training Objective
The ADARec framework is trained end-to-end with a com-
posite objective function that synergistically combines the
primary recommendation task with several auxiliary losses.
The total loss is defined as:

Ltot = Lrec+λdenoLdeno+λcontLcont+λexplLexpl (12)

Here, The primary recommendation loss, Lrec, is computed
using the standard cross-entropy loss. For a given user u, the
loss is calculated over all items in the item set I, based on
the predicted probability scores yu:

Lrec = −
∑
i∈I

p(i) log(yu,i) (13)

. To structure the hierarchical learning, the denoising loss
Ldeno trains the generator for the intent hierarchy, while
the contrastive loss Lcont acts as a key regularizer to en-
force functional decoupling between the experts. Second, to
ensure stability, the exploration loss Lexpl uses an entropy-
based regularizer to prevent the ADC from prematurely con-
verging to shallow depths. The λ terms are hyperparameters
that balance the contribution of each component.

Experiments
We conduct extensive experiments to evaluate our proposed
ADARec framework, aiming to answer the following re-
search questions:

• RQ1: Does ADARec outperform state-of-the-art SR
models and can it effectively enhance the performance
of various intent-based backbone models?

• RQ2: How effective are the key components of
ADARec: the ADC, HDA, and HP-MoE?

• RQ3: How computationally efficient is ADARec?

• RQ4: How sensitive is ADARec’s performance to its
main hyperparameters?

• RQ5: Can ADARec effectively construct hierarchical
user intents from sparse data?

Experimental Settings
Datasets We conduct our experiments on four public
benchmark datasets: Beauty, Sports, Toys, and Yelp. To
ensure fairness and reproducibility, we strictly adhere to
the datasets and pipelines released by ELCRec (Liu et al.
2024) and utilizing ELCRec’s publicly available datasets1.
All datasets match those in ELCRec (Liu et al. 2024).

1https://github.com/yueliu1999/Awesome-Deep-Group-
Recommendation

Baselines. We benchmark ADARec against eleven diverse
baselines. Performance data for the initial nine models are
adopted from ELCRec (Liu et al. 2024) for consistent com-
parison. These baselines cover the evolution of sequen-
tial recommendation, including early deep learning models
(e.g., Caser (Tang and Wang 2018)), state-of-the-art Trans-
former architectures (e.g., SASRec (Kang and McAuley
2018), BERT4Rec (Sun et al. 2019)), recent self-supervised
methods (e.g., intent-learning methods (IOCRec (Li et al.
2023a), ICLRec (Chen et al. 2022), ELCRec (Liu et al.
2024)), and powerful data augmentation frameworks, no-
tably diffusion-based models like BASRec (Dang et al.
2025), PDRec (Ma et al. 2024), GlobalDiff (Luo, Li, and
Lin 2025), and DiffDiv (Cai et al. 2025).

Implementation Details. We use the Adam optimizer
with a weight decay of 1 × 10−4. The maximum user se-
quence length is capped at 50, the Gumbel-Softmax tem-
perature (τgs) is fixed at 0.5, and the InfoNCE temperature
(τ ) is set to 0.07. We tuned key model-specific hyperparam-
eters via grid search. The maximum diffusion depth Tmax

is searched over {4, 6, 8, 10, 12}. Loss weights λdeno and
λcont are selected from {0.01, 0.03, 0.05, 0.1, 0.15}, while
λexpl ia searched in {0.001, 0.003, 0.01, 0.03, 0.1}. For fair
comparison, BASRec, PDRec, GlobalDiff, and DiffDiv are
implemented uniformly within our framework’s pipeline.
Our method is implemented on a server equipped with 20GB
NVIDIA RTX 3090 GPUs.

Overall Performance (RQ1)
The main experimental results, presented in Table 1, demon-
strate ADARec’s consistent and significant outperformance
across a comprehensive suite of baselines. This advantage
is even more apparent when we focus on the most chal-
lenging cases: extremely short sequences (length ≤ 5), with
results detailed in Table 2. On sparse datasets like Beauty
and Sports, its relative improvement over the strongest com-
petitor reaches over 15%. This demonstrates that ADARec’s
ability to generate a coarse-grained intent representation
from only a few items prevents it from being misled by
noise, enabling it to make far more accurate and generalized
recommendations. We observed relatively modest perfor-
mance improvements on the Yelp dataset. This is a common
phenomenon in intent-based recommendation (Liu et al.
2024), largely because Yelp is a comprehensive dataset,
making the clear disentanglement of user intents into distinct
units more challenging. As shown in Table 3, we integrate
our augmentation framework with several advanced intent-
aware models. The results show that all baseline models
achieve consistent performance improvements. This demon-
strates that our method can effectively generate hierarchical
user representations, which in turn provide richer semantic
information for various intent-based models.

Ablation Study of Key Components (RQ2)
To show the contribution of each component, we conducted
a thorough ablation study (Table 4), which confirms that
all parts of ADARec are indispensable. (1) Removing the
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Caser SASRec BERT4Rec IOCRec ICLRec ELCRec PDRec BASRec GDiff DDiv ADARecDataset Metric (2018) (2018) (2019) (2023) (2022) (2024) (2024) (2025) (2025) (2025) (Ours) Improv.

H@5 0.0251 0.0374 0.0360 0.0408 0.0495 0.0529 0.0569 0.0551 0.0563 0.0575 0.0600* +4.35%
N@5 0.0145 0.0241 0.0216 0.0245 0.0326 0.0355 0.0380 0.0385 0.0382 0.0375 0.0403* +4.68%
H@20 0.0643 0.0901 0.0984 0.0916 0.1072 0.1079 0.1145 0.1135 0.1129 0.1152 0.1187* +3.04%Beauty

N@20 0.0298 0.0387 0.0391 0.0444 0.0491 0.0509 0.0541 0.0539 0.0531 0.0548 0.0568* +3.65%

H@5 0.0154 0.0206 0.0217 0.0246 0.0263 0.0286 0.0325 0.0328 0.0321 0.0315 0.0341* +3.96%
N@5 0.0114 0.0135 0.0143 0.0162 0.0173 0.0185 0.0218 0.0220 0.0215 0.0211 0.0228* +3.64%
H@20 0.0399 0.0497 0.0604 0.0641 0.0630 0.0648 0.0701 0.0728 0.0719 0.0714 0.0745* +2.33%Sports

N@20 0.0178 0.0216 0.0251 0.0280 0.0276 0.0286 0.0328 0.0331 0.0325 0.0318 0.0341* +3.02%

H@5 0.0166 0.0463 0.0274 0.0311 0.0586 0.0585 0.0635 0.0648 0.0642 0.0645 0.0691* +6.64%
N@5 0.0107 0.0306 0.0174 0.0197 0.0397 0.0403 0.0433 0.0431 0.0435 0.0428 0.0474* +9.08%
H@20 0.0420 0.0941 0.0688 0.0781 0.1130 0.1138 0.1230 0.1245 0.1219 0.1225 0.1298* +4.26%Toys

N@20 0.0179 0.0441 0.0291 0.0330 0.0550 0.0560 0.0615 0.0618 0.0613 0.0605 0.0646* +4.53%

H@5 0.0142 0.0160 0.0196 0.0222 0.0233 0.0248 0.0253 0.0255 0.0251 0.0258 0.0264* +2.33%
N@5 0.0080 0.0101 0.0121 0.0137 0.0146 0.0153 0.0159 0.0153 0.0161 0.0155 0.0167* +3.73%
H@20 0.0406 0.0443 0.0564 0.0640 0.0645 0.0667 0.0688 0.0681 0.0685 0.0691 0.0712* +3.04%Yelp

N@20 0.0156 0.0179 0.0223 0.0263 0.0261 0.0275 0.0280 0.0275 0.0278 0.0283 0.0291* +2.83%

Table 1: Main experimental results on four datasets. The best results are in bold, and the second-best results are underlined.

BASRec GlobalDiff DiffDiv ADARecDataset Metric (2025) (2025) (2025) (Ours) Improv.

H@5 0.0441 0.0428 0.0455 0.0531* +16.70%
N@5 0.0285 0.0272 0.0295 0.0353* +19.66%
H@20 0.0910 0.0897 0.0925 0.1066* +15.24%Beauty

N@20 0.0421 0.0409 0.0427 0.0504* +17.48%

H@5 0.0261 0.0256 0.0265 0.0305* +15.09%
N@5 0.0180 0.0174 0.0179 0.0199* +10.56%
H@20 0.0592 0.0585 0.0590 0.0659* +11.32%Sports

N@20 0.0270 0.0266 0.0269 0.0298* +10.37%

H@5 0.0557 0.0550 0.0560 0.0618* +10.36%
N@5 0.0389 0.0387 0.0392 0.0431* +9.95%
H@20 0.1051 0.1043 0.1050 0.1169* +11.23%Toys

N@20 0.0530 0.0518 0.0522 0.0586* +10.57%

H@5 0.0194 0.0189 0.0190 0.0200* +3.09%
N@5 0.0121 0.0112 0.0119 0.0124* +2.48%
H@20 0.0528 0.0506 0.0522 0.0559* +5.87%Yelp

N@20 0.0217 0.0204 0.0209 0.0225* +3.69%

Table 2: Performance comparison on extremely sparse se-
quences (user history length ≤ 5).

HDA module causes the most severe performance degrada-
tion, highlighting its foundational role in our framework. (2)
Removing the ADC or the HP-MoE also leads to significant
performance drops. This validates the necessity of both dy-
namically allocating augmentation resources (ADC) and us-
ing a specialized architecture for hierarchical parsing (HP-
MoE). Notably, the variant with only ADC and HDA still
outperforms strong baselines like ELCRec, demonstrating
the strength of our augmentation strategy. (3) Furthermore,
the variant using only HP-MoE performs comparably to EL-
CRec. This critically shows that our parser’s effectiveness
is contingent on the structured input provided by the HDA.
(4) Finally, removing the Content-Aware Router or the con-

Beauty Toys

Model HR@20 NDCG@20 HR@20 NDCG@20

IOCRec (2023) 0.0916 0.0444 0.0781 0.0330
ADARec w/ IOCRec 0.1053 0.0501 0.1098 0.0515

ICLRec (2022) 0.1072 0.0491 0.1130 0.0550
ADARec w/ ICLRec 0.1165 0.0558 0.1271 0.0628

ELCRec (2024) 0.1079 0.0509 0.1138 0.0560
ADARec w/ ELCRec 0.1187 0.0568 0.1298 0.0646

Table 3: Performance of combining ADARec’s augmenta-
tion with different intent-aware prediction layers.

trastive loss (Lcont) results in smaller but consistent perfor-
mance drops, confirming their vital roles in nuanced routing
and expert decoupling, respectively.

Efficiency Analysis (RQ3)
We analyze the efficiency of ADARec in Table 5. While
the training time is higher than the non-diffusion baselines
(SASRec, ELCRec), this is a justifiable one-time offline cost
that is overwhelmingly compensated by the significant im-
provements in recommendation quality. Notably, our model
is more efficient than other diffusion-based methods like
DiffDiv and GlobalDiff, due to our lightweight architecture.

Hyperparameter Sensitivity (RQ4)
Analysis of λexpl and λdeno: As shown in Figure 4, the
model generally performs best when λexpl = 0.01, and
λdeno = 0.1. We also observe that the performance curves
for these auxiliary weights are relatively flat around their op-
timal points. This indicates that while optimal values exist,
the model is robust to minor deviations, confirming its sta-
bility and ease of application.
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ADC HDA HP-MoE C-A Router Lcont
Beauty Sports Toys Yelp

HR@20 NDCG@20 HR@20 NDCG@20 HR@20 NDCG@20 HR@20 NDCG@20

✓ ✓ ✓ ✓ ✓ 0.1187 0.0568 0.0745 0.0341 0.1298 0.0646 0.0712 0.0291
✗ ✓ ✓ ✓ ✓ 0.1141 0.0545 0.0715 0.0328 0.1246 0.0621 0.0690 0.0281
✓ ✗ ✓ ✓ ✓ 0.1105 0.0528 0.0681 0.0310 0.1189 0.0592 0.0672 0.0276
✗ ✗ ✓ ✓ ✓ 0.1075 0.0505 0.0645 0.0283 0.1132 0.0557 0.0661 0.0273
✓ ✓ ✗ ✗ ✓ 0.1128 0.0539 0.0702 0.0321 0.1225 0.0610 0.0683 0.0279
✓ ✓ ✓ ✗ ✓ 0.1172 0.0561 0.0736 0.0337 0.1281 0.0638 0.0705 0.0288
✓ ✓ ✓ ✓ ✗ 0.1158 0.0553 0.0725 0.0332 0.1260 0.0627 0.0697 0.0284

Table 4: Ablation study results. We report HR@20 and NDCG@20. C-A Router: Content-Aware Router.

Units: Train (s), Infer (ms)

Beauty Sports Toys Yelp
Model Train Infer Train Infer Train Infer Train Infer

SASRec 2.15 3.1 6.51 9.5 4.32 6.8 5.25 7.9
ELCRec 3.81 5.9 11.28 16.1 7.88 11.5 9.00 13.2
DiffDiv 7.55 14.8 20.10 31.5 15.60 22.4 18.23 26.1
GlobalDiff 8.90 21.2 23.50 45.8 18.95 33.6 21.75 38.5
Ours 6.21 10.5 17.95 24.9 13.52 18.7 15.88 19.3

Table 5: Efficiency comparison. We report training time (s/e-
poch) and inference latency (ms/user).

Figure 4: Stability analysis for auxiliary loss weights.

Analysis of Number of Experts in HP-MoE As Fig. 5
illustrates, expanding HP-MoE to 3 or 4 experts brings only
marginal HR@20 gains but significantly increases training
time. This result strongly supports ADARec’s design choice
of employing only two experts. This is primarily because
the Adaptive Depth Controller (ADC) typically selects a rel-
atively small actual diffusion depth Tu for sparse sequences,
thereby limiting the number of potential intent hierarchies.
Additional experts cannot uncover more independent intent
levels from the the limited input information, resulting in
redundancy and increased computational overhead without
tangible benefits. The two-expert configuration optimally
balances efficiency and effectiveness.

Visualization of Intent Representations (RO5)
We visualize the learned user intent representations on the
sparse (sequence length ≤ 5) Yelp dataset using t-SNE (Fig-

Figure 5: Analysis of Performance (HR@20) and Training
Time Cost vs. Number of Experts.

(a) Yelp(DiffDiv) (b) Yelp(ADARec)

Figure 6: t-SNE visualization of the learned user intent rep-
resentations on the Yelp dataset. (a) A strong baseline like
DiffDiv struggles to form distinct clusters. (b) Our method,
ADARec, successfully learns well-separated intent clusters.

ure 6). As shown in Figure 6(a), the strong baseline DiffDiv
fails to form distinct clusters, with most intents collapsing
into an indistinguishable central mass. In contrast, ADARec
(Figure 6(b)) learns the clear, well-separated intent clusters.
This shows that ADARec successfully identifies and recon-
structs a user intent hierarchy even from sparse data.

Conclusion
To tackle data sparsity in hierarchical user intent learning,
we propose ADARec. It leverages adaptive hierarchical dif-
fusion for intent generation and a specialized MoE for pars-
ing. By dynamically controlling augmentation depth and de-
coupling experts via an asymmetric contrastive objective,
ADARec achieves SOTA performance.
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