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Figure 1. Given an input image containing reflections, our method separates it into distinct transmission and reflection layers.
By effectively leveraging generative diffusion priors, our method delivers strong and reliable separation performance even in challenging
scenarios, including scenes with strong reflections (first and forth columns) by hallucinating missing details, as well as scenes with subtle
reflections, accurately extracting meaningful reflection information.

Abstract

Single-image reflection separation is highly challenging un-
der extreme conditions like glare or weak reflections. Exist-
ing methods often struggle to recover both layers in glare
or weak-reflection scenarios because of insufficient infor-
mation. This paper presents a diffusion model explicitly
fine-tuned for this task, leveraging generative diffusion pri-
ors for robust separation. Our method simultaneously gen-
erates transmission and reflection layers through a uni-
fied diffusion model, incorporating a novel cross-layer self-
attention mechanism for better feature disentanglement. We
further introduce a disjoint sampling strategy to iteratively
reduce interference between the layers during diffusion and
a latent optimization step with a learned composition func-
tion for improved results in complex real-world scenar-
ios. Extensive experiments demonstrate that our approach
surpasses state-of-the-art methods on multiple real-world
benchmarks. Project page: https://brian90709.
github.io/diff-reflection-separation/

* Corresponding author.

1. Introduction

Images captured through semi-reflective media often ex-
hibit a complex superposition of transmission (the intended
scene) and reflection (the undesired or secondary scene)
layers. This layered mixture not only diminishes visual clar-
ity but can also severely degrade the performance of down-
stream computer vision tasks by obscuring important image
content or introducing misleading visual cues that can con-
found computational analysis [2, 39, 52]. Despite extensive
research, single-image reflection separation remains a sig-
nificant and challenging problem in computer vision due to
its inherently ill-posed nature.

To mitigate this ill-posedness, numerous approaches
have incorporated additional cues, such as flash illumina-
tion [3, 22], extra frames [4, 34, 58], and language [13, 69]
to address the issue. However, the requirement for ad-
ditional data limits their practical applicability. Mean-
while, deep learning-based single-image reflection separa-
tion methods [17, 18] struggle to recover images in glare
and to separate reflections when the reflection signal is
weak.

https://brian90709.github.io/diff-reflection-separation/
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Figure 2. Motivation. Existing state-of-the-art methods, such as (b) DSIT [18] and (g) DSRNet [17], struggle with challenging scenarios
like strong reflections or complex overlapping content, resulting in residual reflections or distorted outputs. (c, h) Naı̈vely adapting diffusion
models for single-layer prediction can hallucinate some missing information but often introduces unrealistic artifacts and inaccuracies. (d,
i) In contrast, our method leverages generative priors to jointly model transmission and reflection layers, significantly improving focus on
relevant features (right).

Motivated by the limitations observed in previous ap-
proaches (see Fig. 2), we propose an approach that explic-
itly fine-tunes diffusion models for the reflection separa-
tion task. Our method leverages powerful generative priors
from the pre-trained diffusion model, effectively address-
ing challenging cases encountered by previous methods.
In high-reflection scenarios, our model adeptly hallucinates
missing details, while in subtle or low-light reflection sce-
narios, it accurately captures meaningful reflection content
(see Fig. 1).

We extract noise predictions explicitly associated with
transmission and reflection layers, enabling effective re-
flection reconstruction. To further enhance separation, we
introduce a diffusion sampling strategy where predicted
noises from each layer mutually constrain each other, re-
ducing joint artifacts and facilitating clear layer disentan-
glement. Furthermore, to improve performance in chal-
lenging “in-the-wild” scenarios, we integrate latent opti-
mization with a composition loss in the latent space. This
strategy substantially reduces computational overhead and
GPU memory requirements by optimizing a composition
function in the latent space while simultaneously boosting
separation quality by preserving information and improving
layer disentanglement. Our key contributions include:

• Introducing a diffusion-model-based reflection separation
method simultaneously fine-tuned for transmission and
reflection layers, effectively exploiting generative priors.

• Proposing cross-layer self-attention and disjoint sampling
to enhance the diffusion model’s reflection separation ca-
pability by improving information interaction across lay-
ers and optimizing the sampling strategy.

• Incorporating latent optimization with a composition
loss, enabling robust reflection separation under challeng-
ing conditions while greatly reducing computational re-
sources.

2. Related Work

Diffusion Models for Image Processing. Diffusion
models [11, 37, 40, 46] have shown remarkable capabili-
ties in generating high-quality images, with growing inter-
est in adaptation for image processing tasks and zero-shot
video restoration [64]. Recent theoretical work [38] unifies
various diffusion formulations through Tweedie’s formula,
while comprehensive surveys [30] categorize their applica-
tions in restoration tasks. Current approaches fall into two
main categories.

On the one hand, training-based methods adapt pre-
trained diffusion models by fine-tuning them to accept
image conditions. Key implementations include Control-
Net [66], which introduces condition modules for flexible
control, with recent advances like ControlNet++ [29] im-
proving conditional consistency through efficient feedback
mechanisms and InnerControl [21] enforcing spatial con-
sistency across all diffusion steps. Direct input concate-
nation methods [19, 56, 65] and high-fidelity guided syn-
thesis approaches [45] have also shown success. Special-
ized adaptations have further extended these capabilities to
specific restoration tasks, such as lens flare removal [48]
and reference-based face restoration [14]. Recent work on
cross-attention mechanisms [33, 44, 61] demonstrates their
effectiveness for feature disentanglement, which motivates
our cross-layer attention design.

On the other hand, training-free methods leverage inher-
ent model priors during inference without additional train-
ing. Beyond early approaches [5, 55], recent advances in-
clude sophisticated inverse problem solvers using second-
order Tweedie approximations [43], optimal control formu-
lations [28], plug-in methods robust to unknown noise [53],
and moment-projected diffusions with theoretical guaran-
tees [1]. Test-time optimization has evolved through SMC-
based alignment [20], multi-objective Pareto-guided gener-
ation [63], and noise trajectory search [36]. However, these



methods still rely on accurately modeling the imaging for-
mulation and struggle with complex scenarios like re�ec-
tion separation.

Our approach combines both strategies: �ne-tuning for
better condition integration and initial stable results, fol-
lowed by test-time optimization to re�ne outputs using the
model's implicit knowledge. This hybrid strategy, sup-
ported by recent latent-space optimization techniques [12],
reduces sensitivity to initial values while improving conver-
gence stability and result quality.

Single-image Re�ection Separation. Single-image re-
�ection separation extracts transmission and re�ection lay-
ers from mixed images challenged by signal overlap and
complex lighting conditions. Recent surveys [60] identify
data scarcity and generative model integration as key re-
maining challenges. Methods for re�ection removal can be
broadly classi�ed into three categories:

(i) Traditional methods. Early approaches relied on
physical models or hand-crafted priors (e.g., edge spar-
sity, relative smoothness) to constrain the problem [24–
26, 31, 62]. Although intuitive, these assumptions restrict
applicability and often lead to unstable results in complex
scenarios, struggling with both global structures and local
details.

(ii) Deep learning methods. Recent advances harness
large-scale datasets to learn the underlying distributions
of transmission and re�ection layers [7–9, 15, 17, 18, 23,
27, 32, 47, 51, 57, 59, 67, 69, 70]. CEILNet [8] intro-
duced edge detection with relative smoothness assumptions,
while [67] and ERRNet [57] used perceptual losses and
non-aligned training data. BDN [59], CoRRN [51], and
the recent RRW [70] with its Maximum Re�ection Fil-
ter (MaxRF) explored various architectures and loss func-
tions. Dual-stream interactive architectures have further
enhanced separation quality: IBCLN [27] employed con-
volutional LSTM networks, YTMT [15] introduced inter-
active feature exchange, and DSRNet [17] advanced the
approach with an ef�cient MuGI module. Recent meth-
ods have introduced learnable residue terms for non-linear
formulations [16], language-guided separation with cross-
attention [69], and neural spline �elds for multi-frame sce-
narios [4], extending earlier motion-based layered decom-
position frameworks [35]. Additionally, methods such as
RAGNet [32], DMGN [9], RobustSIRR [47], DSIT [18],
and RDNet [68] have tackled speci�c challenges via spe-
cialized designs. Despite these advances, deep learning ap-
proaches still struggle signi�cantly in challenging scenes
with strong or complex re�ections, as evidenced by recent
benchmarks [70].

(iii) Generative methods. Recently, some approaches
have employed generative frameworks for re�ection re-
moval. Beyond initial attempts [42, 54], recent work ex-
plores multi-layer decomposition [49] and addresses noisy

data through consistent diffusion formulations [6]. How-
ever, most of these works only focus on recovering the
transmission layer. In contrast, we �nd that generative pri-
ors are also very helpful for extracting meaningful re�ec-
tion information, not only providing additional scene con-
text but also further enhancing the recovery of the transmis-
sion layer.

The most relevant paper to our work is L-DiffER [13],
which �ne-tunes a Stable Diffusion model and leverages
textual descriptions of each layer to obtain only a clean
transmission. In contrast, our approach jointly separates the
transmission and re�ection layers. Furthermore, L-DiffER
relies on precise and comprehensive language annotations,
which are not always available or suf�ciently accurate. This
reliance may lead to partial information loss and increased
annotation costs. Our method instead uses simple �xed
prompts (“Transmission” and “Re�ection”) combined with
cross-layer attention and disjoint sampling to achieve supe-
rior separation without complex linguistic guidance.

3. Method

Given an input image I, re�ection separation aims to de-
compose it into a transmission layer (T ) and a re�ection
layer (R). Fig. 3 illustrates the proposed framework.

3.1. Preliminaries

Our method leverages the pre-trained Latent Diffusion
Model (LDM). Below, we brie�y introduce its structure.

Latent Representation. LDM uses a pre-trained VAE
encoder E(�) to compress the data into a compact latent:
z0 = E(I) for further processing. The decoder of the pre-
trained VAE converts the latent into pixels D(z0).

Diffusion Process. A diffusion process gradually cor-
rupts z0 by injecting Gaussian noises over T steps: zt =p
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p

� t � t�1 =
p
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t=1 , with latent zT is fully noised.
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Q t
s=1 (1 � � s).

Denoising Sampling. The diffusion model then
learns to invert this noising process through a noise-
prediction network �� (�), trained by minimizing
E��N (0;1);t;z 0
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2 ; where c denotes
the text condition used for text-to-image genera-
tion. After training, one can iteratively denoise zT

back to a clean latent code through numerical solvers
[11, 46]. To avoid the tedious sampling process,
Tweedie's formula enables one-step approximation:
E[z0jzt ] := z 0jt =

�
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p
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�
=
p
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Attention. The noise predictor in LDM is a modi�ed
U-Net [41] with self-attention for long-range dependencies
and cross-attention for text-based conditioning, enabling ef-
�cient denoising and high-quality image synthesis. The
attention mechanism follows H = softmax(Q K=

p
d) V;



Figure 3. Overview of our framework. Given an input image, we �rst encode it into a latent representation and then leverage a �ne-tuned
diffusion model guided by distinct prompts (Transmission” and Re�ection”) to separate the transmission and re�ection layers. We introduce
a cross-layer self-attention mechanism that allows effective interaction between the two layers. Our disjoint sampling strategy further
reduces layer interference by guiding the diffusion trajectory. Finally, latent optimization via a learned latent composition function and
composition loss re�nes the latent representations, signi�cantly improving separation �delity while maintaining computational ef�ciency.

where Q, K and V are projected feature tokens in the U-
Net. Speci�cally, for self-attention, they correspond to spa-
tial feature embeddings, while for cross-attention, K and V
are text tokens.

3.2. Feedforward Generative Seperation

Conditional Fine-tuning. Given a pre-trained LDM, we
can follow prior practices on different tasks [19, 56] to �ne-
tune it to predict one of the layers conditioned on a real
input image I. Speci�cally, we take the VAE encoding zI

of the input image and concatenate it with the noisy latent
zt along the channel dimension, then feed them into the U-
Net. The model is �ne-tuned using a combined loss for the
re�ection and transmission layers, each following the same
objective as Sec. 3.1, where zt in the original objective is
replaced by the concatenated tensor. To harness a single
diffusion model for both layers, we introduce textual clues,
that is, “Transmission” and “Re�ection” prompts, to guide
the model to predict the corresponding layer.

While �ne-tuning LDM to estimate transmission and
re�ection layers achieves reasonable results, challenging
cases still exhibit mutual artifacts, with re�ections contam-
inating the transmission layer and vice versa. To address
this, we introduce two enhancements to re�ne the feedfor-
ward separation: (i) interaction-driven self-attention for ro-
bust feature disentanglement and (ii) disjoint sampling to
further suppress residual overlaps.

Cross-Layer Self-Attention. We modify the diffusion U-
Net's self-attention modules to enable explicit cross-layer
interactions. Speci�cally, each attention block jointly pro-
cesses transmission and re�ection features, allowing queries

from one layer to attend to keys from both. As illustrated
in Fig. 4, queries associated with transmission queries dy-
namically interact with re�ection keys and vice versa. For-
mally, the new attention mechanism is de�ned as: Hi =

softmax
�

Q i
�

K T ;K R
� >

p
d

� �
V T ; V R

�
; where i 2 fT ; Rg,

and Qi ; K i ; V i are the query, key, and value projections
activated by the corresponding prompt. The symbol [�; �]
denotes concatenation along the spatial dimension.

By promoting explicit cross-layer interaction, our mod-
ule encourages each branch to amplify layer-consistent fea-
tures while, under supervision from ground-truth transmis-
sion and re�ection, suppressing irrelevant interference. As
shown in Fig. 2, this yields more layer-speci�c attention in
feature space, and Fig. 7 further con�rms that it produces
cleaner transmission and more meaningful re�ection layers,
even when the re�ection signal is weak in the input. This
provides a foundation for subsequent method design.

Disjoint Sampling. To mitigate residual overlap between
transmission and re�ection layers, we introduce disjoint
sampling, inspired by Classi�er-Free Guidance [10], to ex-
plicitly push their latent representations apart (see Fig. 5).
Formally, let �Tt and �Rt denote the predicted noise at step t
for the transmission and re�ection layers, respectively. For
transmission generation, disjoint sampling aims to maxi-
mize p(z t jT )

p(z t jR) k . Fine-tuning allows �Tt and �Rt to model
r z log p(zt jT ) and r z log p(zt jR), respectively, enabling
noise updates �̂T

t = � T
t +k(� T

t � � R
t ). The denoised latent is

then computed by zTt�1 = 1p
1�� t

�
zT

t � � tp
1�� t

�̂ T
t

�
; with an

analogous update applied to �R
t to ensure mutual separation.



Figure 4. Cross-layer self-attention mechanism. Queries from
each layer (Transmission or Re�ection) attend to keys from both
layers, guided by prompts, enabling effective information ex-
change and clearer separation of transmission and re�ection.

This sampling strategy effectively maximizes the desired
probability ratio, and iterating such steps throughout the dif-
fusion process signi�cantly reduces cross-contamination.

However, such updates might cause undesirable color
drifts. To counteract this, we propose a Fidelity-Guided
Feature Modulation (FGFM) module, which references
multi-scale features from the original mixture image.
FGFM introduces a parameter w to balance separation qual-
ity with original image integrity. The modulated decoding
feature is computed as: ŷdec = y dec +w�f ([y enc j ydec]);
where yenc denotes encoded features from the original mix-
ture image, ydec denotes decoded features from the current
diffusion step, f (�) represents a stack of convolutional lay-
ers, [� j �] denotes concatenation along the channel dimen-
sion, and w controls the modulation strength. FGFM train-
ing utilizes combined pixel-level losses, with details in the
supplementary.

3.3. Separation Optimization by Composition

A single forward pass often cannot fully satisfy the compo-
sition constraints. We therefore introduce a test-time latent
optimization stage to further re�ne the initially separated
layers. Unlike previous methods that assume a pixel-space
relationship (I = T + R), we learn a latent composition
function in the latent space. This formulation more accu-
rately models the composition and achieves better results,
while also alleviating non-linear mismatches and signi�-
cantly reducing both computation time and GPU memory
requirements by avoiding backpropagation through the de-
coder and large feature maps.

Latent Composition Function. Since real-world im-
age formation deviates from the strict additive assumption
I = T + R and is not faithfully captured by a single para-
metric rule, we train the composition network C on a syn-
thetic dataset with known ground-truth layers. Each sample

Figure 5. Disjoint sampling strategy. Due to latent overlap, naive
sampling often causes joint artifacts. Our method explicitly lever-
ages predicted noise differences �T

t �� R
t as mutual negative guid-

ance, iteratively modifying the diffusion trajectories of transmis-
sion and re�ection layers, effectively promoting their clear and
accurate separation.

contains latents (zT; zR ) of the transmission and re�ection
layers, plus the latent code zI of the mixture image. The
composition network C is implemented as a compact con-
volutional neural network designed for cross-layer interac-
tions. We optimize the parameters of the composition net-
work by minimizing Lcomp =




 ẑI � z I
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2:

Test-time Latent Optimization. At inference time, we
obtain the initial latents (zTt ; zR

t ) through our diffusion
model. Following Sec. 3.1, we �rst obtain (zT

0jt ; zR
0jt ) from

(zT
t ; zR

t ). Subsequently, we generate the pseudo composed
latent at time step 0 as ẑI = C(zT

0jt ; zR
0jt ). These latents are

then iteratively re�ned to align better with the input. By
minimizing Lcomp, each update progressively encourages
zT and zR to reconstruct the mixture in a way consistent
with the learned composition model. The optimization is
given by ẑT

t = z T
t � 
 i jjz T

t jjr zT
t

L comp; where 
i is the
weight to control the update. We derive ẑR

t using the same
formulation. The complete algorithm is provided in the sup-
plementary material.

4. Experiments

4.1. Implementation Details

Experiment Setting. We evaluate our method using three
real-world datasets, including Real20 [67], Nature [27], and
SIR2 dataset [50]. Unlike previous works, we also evaluate
the re�ection results. Since only the SIR2 dataset includes
ground truth for re�ections, the quantitative comparison for
the re�ection layer is conducted solely on this dataset. We
select PSNR, SSIM, LPIPS, and DISTS as the evaluation
metrics. We use a resolution of 960 � 960 during inference
with the FGFM parameter w = 0:8 and the strength of dis-
joint sampling k = 0:2. We use Stable Diffusion v2.1 as
the pretrained model.

4.2. Comparison to State­of­the­art Methods

On Rigor of Evaluation. We compare our method with six
state-of-the-art approaches: YTMT [15], RobustSIRR [47],




	Introduction
	Related Work
	Method
	Preliminaries
	Feedforward Generative Seperation
	Separation Optimization by Composition

	Experiments
	Implementation Details
	Comparison to State-of-the-art Methods
	Ablation Study

	Conclusion

