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Abstract—Personalized outfit recommendation requires mod-
eling both item compatibility and user preferences. However,
given a specific context, multiple valid completion options often
exist, and traditional point estimation models struggle to capture
this “one-to-many” multimodal uncertainty. Existing diffusion
models typically rely on static conditional guidance, overlook-
ing noise variations during the denoising process and lacking
domain-specific knowledge constraints. This paper proposes the
Personalized Diffusion-based Outfit Recommendation (PDOR)
framework, which formulates outfit completion as conditional
probability distribution learning within a latent space. PDOR in-
jects dynamic perturbations via a diffusion-aware stochastic per-
turbation mechanism during denoising to learn robust semantic
dependencies. It utilizes compatibility reward guidance to provide
explicit stylistic constraints during training and employs adaptive
uncertainty regularization to prevent feature convergence. The
framework integrates a “generation-retrieval” paradigm, which
achieves a balance between recommendation precision and infer-
ence efficiency by generating an “ideal prototype” in a continuous
latent space followed by nearest neighbor retrieval. Experimental
results demonstrate that PDOR significantly outperforms existing
methods in compatibility prediction (CP AUC: 0.9074), outfit
completion (FITB: 0.7117), and retrieval (HR@10: 0.3264) tasks
on the iFashion and Polyvore-630 datasets. Ablation studies
confirm the necessity of each module and the critical role of
the perturbation mechanism.

Index Terms—Personalized Recommendation; Fashion Outfit;
Diffusion Model; Uncertainty Modeling; Stochastic Perturbation;
Multimodal Learning

I. INTRODUCTION

With the rapid development of online fashion e-commerce
platforms, personalized outfit recommendation has become a
key technology for enhancing user experience and commercial
conversion. Unlike traditional single-item recommendation,
outfit recommendation faces a complex dual challenge: the
system must understand the objective visual and stylistic
compatibility between items (e.g., the conflict between striped
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tops and plaid pants) while simultaneously capturing a user’s
unique fashion preferences (e.g., a preference for minimalist
or vibrant styles). This interleaving of compatibility modeling
and personalization makes outfit recommendation a highly
challenging problem in multimodal recommendation systems.

The fundamental difficulty of personalized outfit recommen-
dation lies in its inherent multimodal uncertainty. Given the
same user history and partial outfit context, there are usually
multiple reasonable completion schemes. For example, if a
user’s history shows a dual preference for minimalist and
vintage styles, the same pair of jeans could be paired with
either a white T-shirt or a plaid shirt. In the feature space,
this manifests as a complex multimodal distribution, which
traditional deterministic point estimation methods struggle to
handle effectively.

Existing mainstream methods are primarily divided into two
categories. The first category is based on Graph Neural Net-
works or Transformer architectures [1]–[3], but their point es-
timation paradigm cannot quantify predictive uncertainty. The
second category attempts to introduce generative frameworks
such as Variational Autoencoders (VAEs) or Generative Adver-
sarial Networks (GANs). However, VAEs are often limited by
overly simplistic prior assumptions (such as a single Gaussian
distribution), making it difficult to fit complex probability
density variations in the fashion semantic space. GANs, while
capturing diverse distributions, often face training instability
and severe mode collapse. In contrast, diffusion probabilistic
models [4] can refine simple Gaussian noise into highly di-
verse distributions by simulating a gradual denoising process,
which naturally aligns with the mathematical requirements
for capturing multimodal distributions and representing outfit
uncertainty. However, most existing diffusion models employ
a “static” conditional injection mechanism [5], [6], where
contextual information is introduced in a fixed form throughout
the generation process. This ignores the differences in noise



states at different time steps, making it difficult for the model
to learn semantic dependencies that are robust to contextual
variations. Furthermore, most generative models focus only
on reconstruction accuracy and lack explicit guidance from
domain knowledge, such as compatibility constraints.

To overcome these challenges, we propose the Personalized
Diffusion-based Outfit Recommendation (PDOR) framework.
As shown in Fig. 1, the framework reformulates the outfit
completion task as conditional probability distribution learning
in a latent space. Within this framework, we design a diffusion-
aware stochastic perturbation mechanism that achieves con-
tinuous data augmentation by injecting dynamic perturbations
during denoising. This forces the generator to learn semantic-
level dependencies that are insensitive to minor contextual
changes, thereby enhancing the robustness of the generation
process. Simultaneously, PDOR introduces an adaptive uncer-
tainty regularization strategy, utilizing a dynamically balanced
loss scheduler to ensure that generated embeddings satisfy
both geometric accuracy and semantic distinctiveness, effec-
tively preventing feature convergence. Additionally, we adopt a
two-stage training paradigm guided by compatibility rewards,
utilizing a frozen discriminator to provide explicit stylistic
constraints and ensure high consistency in the generated
prototypes. Finally, the framework combines a “generation-
retrieval” paradigm [7], which elegantly sidesteps the compu-
tational bottleneck of direct sampling in large-scale discrete
spaces by locating the ideal prototype in a continuous space
and performing similarity retrieval.

Fig. 1. Comparison between traditional point estimation and the PDOR
framework. (Left) Existing models suffer from semantic collapse due to their
deterministic nature. (Right) PDOR captures the multimodal distribution by
injecting stochastic perturbations (λi) and utilizing compatibility rewards,
sampling diverse and style-consistent ideal prototypes from the latent space.

The main contributions of this paper are summarized as
follows:

• We apply a diffusion probabilistic model to the per-
sonalized outfit completion task, effectively capturing
multimodal uncertainty in fashion outfits by learning
conditional probability distributions.

• We design a diffusion-aware stochastic perturbation
mechanism that breaks through the limitations of static
conditional guidance in existing diffusion models, signifi-

cantly improving the robustness of the generation process
to contextual changes.

• We propose a two-stage training paradigm guided by
compatibility rewards, explicitly injecting discriminative
compatibility knowledge into the generation process to
ensure stylistic consistency while maintaining diversity.

• Extensive experiments on two large-scale benchmark
datasets, iFashion and Polyvore-630, demonstrate that
PDOR significantly outperforms existing mainstream
models in core tasks such as compatibility prediction,
outfit completion, and personalized retrieval.

II. RELATED WORK

A. Fashion Recommendation and Compatibility Modeling

Fashion recommendation research primarily involves gen-
eral preference modeling and domain-specific compatibility
learning. Early works such as BPR [8] capture implicit user-
item interactions through matrix factorization, LightGCN [9]
simplifies graph convolution operations to improve large-
scale recommendation efficiency, and methods like VBPR [10]
explicitly incorporate visual features for multimodal modeling.

Regarding compatibility modeling, early methods like
SiameseNet [11] focused on pairwise metrics but ignored
the overall outfit cohesion. Han et al. [12] used bidirec-
tional LSTMs to model sequences, but introduced sequential
assumptions that contradict the unordered nature of fashion
outfits. SetNN [13] emphasized global consistency through
multi-instance pooling, while OutfitTransformer [3] leveraged
self-attention mechanisms [14] to capture complex interac-
tions, becoming a mainstream framework. Recent works have
explored history-aware transformers for personalized outfit
recommendation [15] and hybrid-hierarchical graph attention
networks that jointly model compatibility and user preferences
[16]. However, these deterministic models lack uncertainty
quantification mechanisms; a single point estimation struggles
to handle blurred style boundaries and labeling noise, limiting
their robustness in complex scenarios.

B. Diffusion Models in Recommender Systems

Diffusion models provide a probabilistic perspective for
modeling complex user interests and alleviating data sparsity
by recovering data distributions through gradual denoising
[4], [17], [18]. DiffuRec [6] first modeled sequential rec-
ommendation as a denoising process in latent space, and
DiffAug [5], [19] mitigated sparsity by generating synthetic
interactions. In the fashion domain, POG [20] combined VAEs
with adversarial learning, DiFashion [21] explored pixel-space
synthesis, and recent work FashionDPO [22] proposed fine-
tuning fashion outfit generation models using direct prefer-
ence optimization, but efficient latent-space personalized outfit
completion remains an open challenge.

A core limitation of current diffusion-based recommenda-
tion is “static” conditional guidance. Most works inject condi-
tions through simple concatenation or fixed cross-attention [5],
[6]. However, at different time steps t, the noise intensity of
the latent variable xt fluctuates drastically, and fixed injection



leads to “semantic disconnect.” The diffusion-aware pertur-
bation mechanism proposed in this paper learns more robust
semantic dependencies by dynamically modulating conditional
signals. Recent work on personalized preference fine-tuning
of diffusion models [23] has shown promise in aligning
generation with individual user preferences through multi-
reward optimization.

Furthermore, existing models mostly focus on geometric
reconstruction and lack explicit domain knowledge guidance.
While Hg-PDC [24] utilizes hypergraphs to capture high-order
correlations, deterministic message passing limits retrieval re-
call. This paper models outfit completion as conditional prob-
ability distribution learning and designs a two-stage training
strategy using a compatibility discriminator as a reward func-
tion to guide generation. We employ a “generation-retrieval”
paradigm [7] to bypass discrete sampling bottlenecks, ensuring
personalized accuracy and stylistic compatibility.

C. Multimodal Learning in the Fashion Domain

The dual visual and textual attributes of fashion data deter-
mine the importance of multimodal representation [25], [26].
CLIP [27] learns a unified semantic space by aligning image-
text pairs, and FashionCLIP [28] optimizes for fine-grained
fashion concepts. Sevegnani et al. [29] utilized supervised
contrastive loss to optimize feature distributions, but exist-
ing work often treats contrastive learning as an independent
discriminative objective, with less exploration of its dynamic
utilization during the generation process. Deeply fusing per-
sonalized preferences with multimodal compatibility within a
diffusion framework remains a key challenge [30].

III. METHODOLOGY

We propose the Personalized Diffusion-based Outfit Recom-
mendation (PDOR) framework, as illustrated in Fig. 2. This
framework aims to overcome the limitations of deterministic
models in capturing multimodal uncertainty and consists of
three core components: a multimodal feature encoding layer,
a Compatibility Discriminator (CD), and a Latent Diffusion
Generator (LDG). The framework adopts a two-stage joint
training strategy that integrates adaptive uncertainty regular-
ization with CP-reward guidance.

Let U and I denote the sets of users and items, respectively.
The historical interaction sequence for each user u ∈ U is de-
noted as Hu = {i1, i2, ..., iL}. An outfit O is a set of N items,
i.e., O = {o1, o2, ..., oN}. The goal of the recommendation
task is: given the user history Hu and a partially observed
outfit (context) Opartial, predict and complete the missing
target item to form a complete and personalized outfit.

A. Multimodal Encoding and Compatibility Discriminator

To construct a unified multimodal latent space, we first
utilize the pre-trained CLIP model [27] to extract image
features vi and text features ti for each item i. These are
concatenated and mapped to a unified item embedding ei ∈ Rd

via a projection layer fϕ. This embedding serves as the shared
input for the subsequent CD and LDG modules.

Based on the generated unified multimodal embeddings, the
CD module focuses on assessing personalized compatibility.
We posit that an ideal outfit recommendation depends not only
on the objective visual coordination between items but also
on the consistency between the outfit scheme and the user’s
individual style preferences. To capture both dimensions, we
design differentiated modeling strategies and multi-level opti-
mization objectives for the user history sequence and the outfit
set.

1) Sequence and Set Encoding: For the user history Hu,
we concatenate the corresponding item embedding sequence
EHu

with a learnable user token utoken and feed it into a
Transformer encoder [14]. The output at the utoken position is
taken as the user preference representation hu. For the outfit O,
we concatenate the outfit item embeddings EO with a classifi-
cation token cls and feed it into another Transformer encoder,
taking the output at cls as the overall outfit representation
ho. Finally, hu and ho are concatenated and passed through
a Multi-Layer Perceptron (MLP) to output the compatibility
score pcp = MLP([hu;ho]).

2) Discriminative Optimization and Multi-view Con-
straints: We employ Focal Loss [31] as the primary classifica-
tion objective Lfocal, which effectively mitigates the problem
of positive-negative sample imbalance by dynamically adjust-
ing sample weights. To obtain a more robust feature space
under sparse data, we design the following auxiliary losses to
regularize representation learning.

First, the outfit-level contrastive loss Loutfit aims to pull
apart different compatibility categories. We adopt a supervised
contrastive learning strategy [32], [33], where outfits with
compatible labels within the same batch are treated as positive
pairs, while incompatible outfits are treated as negative pairs.
This loss significantly enhances the separability of the feature
space by optimizing the global manifold structure of outfits.

Second, the item-level diversity regularization loss Litem

aims to prevent feature smoothing. During self-attention in-
teractions in the Transformer, item features within an outfit
often suffer from over-smoothing. To address this, we first L2-
normalize the item embeddings, then calculate their average
variance within the outfit and introduce a threshold penalty:

Litem = ReLU(ν − Var(EO)) (1)

where ν is a preset threshold. This regularization term aims to
maintain the diversity of item features and prevent the loss of
fine-grained information. Although these three objectives act
on different semantic levels, they are complementary: Lfocal

focuses on direct discriminative accuracy, Loutfit optimizes
the global manifold structure, and Litem maintains underlying
feature diversity. The total loss for the CD module is:

LCD = Lfocal + λ1Loutfit + λ2Litem (2)

where λ1 and λ2 are hyper-parameters to balance the loss
terms. This optimization objective ensures that the model
learns more discriminative and diverse feature representations
while achieving accurate classification.



Fig. 2. Overall architecture of the PDOR framework. The system consists of three core components: (1) multimodal Feature Encoding Layer, which leverages
CLIP to extract semantic representations of user history Hu and partial outfit Opartial; (2) Compatibility Discriminator (CD), which models personalized
compatibility scores pcp and provides reward guidance; (3) Latent Diffusion Generator (LDG), generating the ideal prototype embedding x̂0 in the continuous
latent space through diffusion-aware stochastic perturbations and adaptive uncertainty regularization. The final recommendation is obtained via similarity
search from the candidate pool.

B. Latent Diffusion Generator

The LDG module models the outfit completion task as a
conditional generation problem in the latent space. Unlike
methods that perform diffusion directly in pixel space, we
draw inspiration from latent diffusion models [34] and execute
the diffusion process in the latent space of a pre-trained
encoder, significantly reducing computational overhead. The
goal is to learn the conditional distribution of the true target
item embedding x0 given the partial outfit context Opartial

and user history Hu. To enhance the model’s robustness to
contextual features, we introduce a diffusion-aware stochastic
perturbation mechanism during the reverse denoising process.

1) Diffusion Process: The forward process gradually adds
Gaussian noise to x0 according to a variance schedule {βt}Tt=1

[4], eventually transforming it into xT ∼ N (0, I). The noise
state at any time step t is:

xt =
√
ᾱtx0 +

√
1− ᾱtϵ (3)

where ᾱt is the cumulative noise schedule parameter. We adopt
a cosine scheduling strategy [35], which, compared to linear
scheduling, maintains a more uniform signal-to-noise ratio
distribution on low-resolution features, avoiding information
loss caused by excessive noise in early time steps.

2) Reverse Denoising and Diffusion-aware Stochastic Per-
turbation: The reverse process is executed by a denoising

network Φθ, which adopts a U-Net-like [36] encoder-decoder
architecture designed to recover x0 from xT . Regarding con-
ditional processing, we treat user history Hu as a relatively
stable global prior, encoded as a static vector hu. For the local
context represented by the partial outfit Opartial, we design the
Diffusion-aware Stochastic Perturbation mechanism for deep
interaction.

Specifically, for each item embedding ei in Opartial, we
do not input it directly into the network. Instead, we inject a
stochastic perturbation related to the current diffusion state:

e′i = ei + λi(xt + et) (4)

where et is the time-step encoding. The weight λi ∼
N (µλ, σλ) is a random variable sampled from a small-scale
fixed Gaussian distribution. The physical intuition behind
this mechanism is that by injecting the current noise state
xt into the context with random intensity, we implement
continuous data augmentation in the feature space. This forces
the generator to learn semantic-level dependencies that are in-
sensitive to minor contextual variations, preventing the model
from overfitting to fixed contextual feature values and signif-
icantly improving the robustness of the generation process.
The modulated embeddings E′

Opartial
are then encoded via a

Transformer to obtain the conditional representation hmod
o .



3) Generation and Inference: The denoising network Φθ

takes hmod
o , the user representation hu, and the time-step

embedding et as inputs to predict the target clean embedding:

x̂0 = Φθ(h
mod
o , hu, et) (5)

During the inference phase, we recover x̂gen
0 from noise

xT . We treat the generated x̂gen
0 as the “ideal prototype”

of the target item in the continuous latent space. Finally,
recommendation results are obtained by calculating the cosine
similarity between this prototype and all item embeddings in
the candidate pool for retrieval and ranking. This “generation-
retrieval” paradigm [7] effectively sidesteps the computational
bottleneck of direct sampling in large-scale discrete spaces.

C. Adaptive Uncertainty Regularization

To balance geometric reconstruction accuracy with semantic
distinctiveness, we introduce an adaptive regularization strat-
egy in LDG training.

1) Statistical Moment Augmentation: To simulate distribu-
tion shifts, we perform statistical moment-based augmentation
on the target embedding x0. By randomly scaling and shifting
the feature mean and standard deviation within the batch, we
construct an augmented view x̃0:

x̃0 = s · Norm
(
αaug ⊙

x0 − µ

σ
+ βaug

)
(6)

This augmentation forces the model to maintain generation
consistency under minor feature distribution changes, smooth-
ing the feature manifold.

2) Dynamic Loss Balancing: The training of LDG involves
two complementary objectives. The first is the uncertainty
reconstruction loss (Lu), used to constrain the generated
embedding x̂0 to simultaneously approach the true embedding
x0 and its augmented view. This ensures accuracy from a
geometric perspective:

Lu =
1

2
(∥x̂0 − x0∥2 + ∥x̂0 − x̃0∥2) (7)

The second is the InfoNCE contrastive loss (Linfo) [37],
[38], where we treat (x̂0, x0) as a positive pair and other
items in the batch as negative samples. This enhances the
instance discriminativeness of the generated embeddings from
a semantic perspective, preventing the model from generating
converged, average features. Since the scales of the two losses
may differ, we design an adaptive balancing scheduler. It con-
tinuously monitors the ratio of the two losses r = Lu/Linfo

and dynamically updates the balance weight γbal using an
exponential moving average. The final generator loss is:

LLDG = γbalLu + (1− γbal)Linfo (8)

This dynamic balancing mechanism ensures the stability and
effectiveness of the training process.

D. Compatibility Reward Guided Generation

To ensure that the generated items are not only accurately
reconstructed but also semantically and stylistically compatible
with the context, we adopt a two-stage training strategy. After
the CD module converges in the first stage, we freeze it and
use it as a fixed reward function to guide the LDG training.

In the second stage, we combine the embedding x̂0 pre-
dicted by the LDG with the context Opartial, feed them
into the frozen CD module to calculate the compatibility
probability pcp, and construct the CP-reward loss:

Lreward = − log(pcp) (9)

By minimizing Lreward, gradient information is backpropa-
gated to the LDG’s generation network Φθ, guiding it to search
for item embedding regions in the latent space that yield high
compatibility scores.

Ultimately, the total training objective of the LDG is com-
posed of the generation loss and the reward loss:

Ltotal = LLDG + λrewardLreward (10)

where λreward is a hyper-parameter controlling the strength
of the reward signal. This mechanism effectively guides the
generator to search for high-scoring regions in the latent space
by introducing explicit feedback signals, ensuring that the final
recommended outfits possess higher stylistic consistency and
compatibility while maintaining diversity.

IV. EXPERIMENTS

This section details the experimental setup and provides a
comprehensive performance comparison with baseline models,
followed by ablation studies and parameter sensitivity analysis
to explore the model’s internal mechanisms.

A. Experimental Setup

1) Datasets: To comprehensively evaluate the performance
of the PDOR framework in personalized recommendation and
compatibility modeling tasks, we conducted experiments on
two widely used fashion benchmark datasets:

• iFashion (POG) [20]: A large-scale real-world e-
commerce dataset from Alibaba. It contains massive
user interaction records and rich multimodal information,
reflecting implicit outfit preferences in actual consump-
tion scenarios, making it highly suitable for evaluating
personalized outfit generation.

• Polyvore-630 [39]: A high-quality subset from the
Polyvore community, where outfits were manually cre-
ated by 630 fashionistas or experts [12], [39]. To build
personalized user interaction models, we treat outfits
created by the same user as that user’s purchase history.

2) Evaluation Metrics: For different subtasks within the
framework, we employ two sets of complementary metrics.
For compatibility and completion tasks, we use AUC to
evaluate the model’s ability to distinguish between compatible
and incompatible outfits, and Accuracy (FITB) to evaluate the
Fill-In-The-Blank task (the proportion of correctly selected



TABLE I
STATISTICS OF THE DATASETS

Dataset #Users #Outfits #Items

iFashion 3,569,112 1,013,136 583,464
Polyvore-630 630 150,380 205,234

missing items from candidates). For personalized retrieval, we
simulate a candidate pool retrieval scenario using Top-K Hit
Rate (HR@K) and Normalized Discounted Cumulative Gain
(NDCG@K) (with K = 10) to measure recommendation
accuracy and ranking quality.

3) Baselines: We selected representative mainstream mod-
els in the fashion recommendation field as baselines. These
cover metric learning, sequence modeling, graph neural net-
works, Transformers, and diffusion probabilistic models.

Compatibility & Completion: These baselines are utilized
to evaluate the model’s performance in outfit compatibility
prediction and outfit completion on both the iFashion and
Polyvore-630 datasets.

• SiameseNet [11]: A classic visual metric learning method
using shared-weight CNNs and Euclidean distance for
compatibility.

• F-LSTM / Bi-LSTM [12] (RNN-based): RNN-based
temporal modeling; standard sequence recommendation
baselines.

• SetNN [13]: Set-based neural network using multi-
instance pooling to emphasize unordered outfit consis-
tency.

• POG [20]: An early fashion generative model combining
VAEs with adversarial learning.

• OutfitTransformer [3]: The current mainstream baseline
using Transformer encoders and self-attention for com-
plex interactions.

Personalized Recommendation: These baselines are com-
pared on the iFashion dataset to evaluate the model’s capability
for personalized outfit recommendation in large-scale real-
world e-commerce scenarios.

• BPR-MF [8]: A classic collaborative filtering baseline
optimizing Bayesian Personalized Ranking loss.

• LightGCN [9]: A lightweight graph convolutional net-
work performing message passing on the user-item bi-
partite graph.

• VBPR [10]: A visual-augmented BPR method incorpo-
rating CNN-extracted visual features.

• HFGN [2]: A hierarchical fashion graph network mod-
eling preferences through item-outfit-user heterogeneous
graphs.

• Hg-PDC [24]: A hypergraph-based personalized diffusion
framework capturing high-order correlations.

4) Implementation Details: The PDOR framework is im-
plemented in PyTorch. The multimodal encoder uses a pre-
trained CLIP model [27] with frozen parameters. Experiments
were conducted on four NVIDIA RTX A6000 GPUs using the
AdamW optimizer [40], [41] with an initial learning rate of

10−4. Data were split into training, validation, and test sets
at an 8:1:1 ratio. We employed a mixed curriculum negative
sampling strategy during training, sampling both random items
for global differences and hard items of the same category for
fine-grained style differences.

B. Overall Performance Analysis

1) Compatibility Prediction and Outfit Completion: We
compared the ability to understand compatible outfits on
iFashion and Polyvore-630. Table II reports CP AUC and FITB
Accuracy.

TABLE II
PERFORMANCE COMPARISON ON COMPATIBILITY (CP) AND

COMPLETION (FITB)

Model iFashion Polyvore-630

CP AUC FITB ACC CP AUC FITB ACC

SetNN 0.5831 0.5016 0.5642 0.4842
SiameseNet 0.7087 0.5039 0.7703 0.5103
F-LSTM 0.6504 0.5807 0.6289 0.4619
Bi-LSTM 0.6861 0.6022 0.7840 0.5328
POG 0.8609 0.6871 - -
OutfitTransformer 0.8864 0.6924 0.8413 0.5948
PDOR (Ours) 0.9074 0.7117 0.8527 0.6165

As shown in Table II, PDOR performs excellently across
all metrics, particularly on iFashion with a CP AUC of 0.9074
and FITB accuracy of 0.7117. Compared to OutfitTransformer,
PDOR improved the core completion task by approximately
1.93%. This advantage stems from the fundamental shift in
the modeling paradigm: deterministic models map context to
a single point, while PDOR uses latent diffusion to learn
conditional probability distributions, more flexibly modeling
complex non-linear relationships.

2) Personalized Recommendation: We compared recom-
mendation baselines on iFashion. Table III reports HR@10
and NDCG@10.

TABLE III
PERFORMANCE COMPARISON ON RETRIEVAL TASK (IFASHION)

Model HR@10 NDCG@10

BPR-MF 0.2121 0.0872
LightGCN 0.2632 0.2882
VBPR 0.2201 0.0949
HFGN 0.2833 0.1241
Hg-PDC 0.1402 0.3532
PDOR (Ours) 0.3264 0.3356

In personalized retrieval (Table III), PDOR demonstrated
superior performance with an HR@10 of 0.3264, a 15.2%
improvement over HFGN (0.2833). This is attributed to the
“generation-retrieval” paradigm, which anchors user intent in
continuous space rather than performing hard matching in
discrete space. Although Hg-PDC had a higher NDCG@10
(0.3532) due to its hypergraph structure, its low recall
(HR@10: 0.1402) limits its utility. PDOR maintains compet-
itive ranking quality while achieving much higher recall.



C. Ablation Studies

To verify core components, we designed four variants:
removing stochastic perturbation, removing CP reward, re-
moving adaptive uncertainty, and a variant removing both
contrastive CP and item diversity losses.

TABLE IV
ABLATION STUDY OF KEY COMPONENTS

Method FITB Accuracy CP AUC

Full Model 0.7117 0.9074
w/o Stochastic Perturbation 0.6623 -
w/o CP Reward 0.6938 -
w/o Adaptive Uncertainty 0.6886 -
w/o Contrastive CP - 0.8486

All components are indispensable (Table IV). Removing
stochastic perturbation caused the largest drop in FITB (to
0.6623), confirming its role in enhancing robustness and
preventing overfitting. Removing adaptive uncertainty regu-
larization (FITB: 0.6886) and CP reward guidance (FITB:
0.6938) validated their roles in preventing feature collapse and
providing stylistic feedback, respectively.

D. Parameter Sensitivity Analysis

We analyzed the influence of diffusion steps T and reward
weight λreward on performance (Fig. 3).

Fig. 3. Impact of diffusion steps T (top) and compatibility reward weight
λreward (bottom) on model performance.

Regarding the number of diffusion steps (Fig. 3, top), the
model exhibits a Rapid Convergence characteristic, attributed
to the strong semantic anchoring provided by the conditional
guidance mechanism. Even at an extremely low number of
steps (T = 5), the model maintains competitive accuracy while
achieving minimal inference latency; overall performance
peaks at T = 50, where the inference time remains within an
acceptable range. However, an excessive number of steps (T >
50) leads to fluctuations in FITB accuracy and performance

saturation, while linearly increasing computational overhead.
This is primarily attributed to the fact that unnecessary itera-
tions in the late denoising stages tend to introduce stochastic
perturbations, causing trajectory drift of the generated embed-
dings in the latent space and leading the final prototypes to
deviate from the semantic center of the ground-truth items.
Regarding the compatibility reward weight (Fig. 3, bottom),
moderate guidance (λreward = 0.2) significantly improves all
metrics, confirming the necessity of explicit stylistic feedback
in rectifying the generation trajectory and enhancing semantic
compatibility. However, an excessively strong reward signal
(λreward > 0.5) disrupts the balance of multi-task learning,
resulting in Manifold Deviation; that is, the generator sacrifices
the geometric reconstruction fidelity of the target item to cater
to the discriminator’s high scores, thereby impairing retrieval
performance. Based on the above analysis, we set T = 50 and
λreward = 0.2 as the default configuration in our experiments
to achieve the optimal performance balance.

V. CONCLUSION

This paper proposes the PDOR framework, which effec-
tively addresses the ”one-to-many” multimodal uncertainty in
fashion recommendation by reformulating personalized outfit
completion as latent-space conditional probability distribution
learning. PDOR integrates three core innovations: diffusion-
aware stochastic perturbation to enhance contextual robust-
ness, compatibility reward guidance to balance stylistic con-
sistency and diversity, and adaptive uncertainty regularization
to ensure prototype accuracy. Experiments demonstrate that
PDOR significantly outperforms existing deterministic mod-
els across multiple benchmarks. Future work will focus on
modeling dynamic aesthetic evolution and incorporating fine-
grained metadata to improve generalization and interpretability
in sparse scenarios.
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