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Abstract. Reflection removal aims to recover clean images from pho-
tographs degraded by glass, a crucial problem in mobile photography.
Single-image methods suffer from the fundamental ill-posedness of de-
composition and often rely on specialized hardware to enhance robust-
ness. We propose a user-friendly dual-view diffusion framework that ef-
fectively leverages complementary viewpoint information for ubiquitous
dual-camera devices. Our approach introduces frame-aware spatial at-
tention to capture implicit cross-view correlations and integrates camera
pose as conditional embeddings for geometric guidance. We contribute
DuaLREF, a dataset for reflection removal comprising semi-synthetic
pairs and real-world dual-camera sequences with ground truth. Exper-
iments demonstrate over 10% PSNR improvement on real-world data,
significantly outperforming state-of-the-art methods.
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1 Introduction

Reflection removal aims to recover clean transmission layers from images de-
graded by unwanted reflections through glass surfaces [62,/63]. This problem
is ubiquitous in everyday photography scenarios [5,/50,/61]—from museum ex-
hibits and vehicle windows to architectural facades—significantly impacting im-
age quality in mobile photography applications. Among various capture setups,
single-image reflection removal (SIRR) is the most user-friendly, requiring mini-
mal operational constraints. However, SIRR is inherently ill-posed: decomposing
a single mixture image M into transmission T and reflection R [62,/63] com-
ponents admits infinite valid solutions, highlighting the difficulty of achieving
robust reflection removal from a single image [9}/15}25,[27}28.|31,|37}/83,/86}88].
As shown in the view 1 input image in Figure[I} even human observers may find
it challenging to distinguish between reflection and transmission, especially with
structurally complex or high-intensity reflections.

To mitigate this ill-posedness, researchers have explored various auxiliary
constraints with varying levels of operational complexity. Hardware-based meth-
ods utilize polarization filters [42], near-infrared imaging [20}/21|, flash/no-flash
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Fig. 1: Dual-view reflection removal with camera pose guidance. Left: Problem setup
showing sequential capture of two viewpoints with camera poses tracked via device
gyroscope. Right: Comparison of reflection removal results on challenging real-world
data with overexposed reflections. The upper and bottom rows display views 1 and
2, respectively. While state-of-the-art single-image methods, such as RDNet and
DAI , fail to remove intense reflections when processing each view independently,
our dual-view diffusion approach jointly processes both views to achieve effective re-
flection removal while preserving background fidelity.

pairs , or panoramic capture to provide reliable physical cues,
albeit at the cost of specialized equipment and complex user operations, which
limits their practical deployment. Recent approaches incorporate language guid-
ance to offer greater flexibility while still requiring user input to describe
desired outputs. Another branch of research lies in multi-view reflection removal,
which leverages image sequence input based on deliberate camera move-
ments, yet requiring capturing and processing multiple frames, significantly in-
creasing both computational complexity and user effort. Modern smartphones
equipped with dual-camera systems and Live Photo capabilities |2| can capture
image pairs seamlessly, often without the user’s awareness. Hence, we simplify
the multi-frame setting to a user-friendly dual-view reflection removal.

However, transitioning to a dual-view setup drastically reduces the redun-
dancy in observations across multi-frame sequences. To compensate, a model
must fully exploit cross-view correspondences. Previous multi-view methods typ-
ically build upon explicit optical flow estimation [44] or 3D reconstruction .
Yet, these explicit techniques are highly susceptible to severe reflection interfer-
ence and frequently fail in a constrained dual-view setting. Furthermore, because
the physical transmission and virtual reflection layers reside at different depths,
both exhibit distinct depth-induced parallax shifts. A robust framework must
learn to disentangle these overlapping motion patterns while adapting to the
varying viewpoint baselines inherent to mobile capture systems.

To address these challenges, we present an end-to-end dual-view diffusion
framework that effectively separates reflections from transmissions without re-
lying on fragile explicit correspondence matching or rigid 3D constraints. First,
we propose a frame-aware spatial attention mechanism that implicitly captures
cross-view correlations. Unlike naive joint attention, which indiscriminately mixes
features and amplifies mutual noise across views, our design enforces a directed
attention pattern: noisy transmission queries attend exclusively to clean mixture
conditions. This elegantly bypasses error-prone optical flow and strictly prevents
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cross-view noise leakage, all while seamlessly reusing powerful pre-trained gen-
erative priors. Second, inspired by how human observers shift their viewpoint
to distinguish physical depth from re ections, we introduce a camera pose en-
coding. Rather than enforcing computationally expensive and brittle 3D hard
constraints, we inject the relative camera pose as a soft conditional embedding.
This lightweight global prior guides the network to disentangle depth-induced
parallax motion, while exhibiting strong robustness against the inherent drift and
noise of ubiquitous smartphone IMU/gyroscope sensors, as shown in FiguE:,l 1.

To enable training and evaluation of our approach, we construct DualRef,
a comprehensive dataset addressing the scarcity of dual-view re ection removal
data. DualRef comprises semi-synthetic image pairs for training and testing,
along with real-captured dual-view videos with re ections, which feature ground
truth captured with a dual-camera dolly system and synchronized pose tracking,
providing both training data and real-world evaluation benchmarks.

Our principal contributions are:

A diusion-based re ection removal method designed speci cally for the
dual-view setting by proposing:
- a frame-aware attention mechanism for e ective implicit cross-view fea-
ture correlation that prevents cross-view noise leakage and
- a robust camera pose integration scheme through learned embeddings
that disentangles depth-induced parallax motion.
DualRef dataset comprising semi-synthetic image pairs and real-world
evaluation sequences with ground truth.

Extensive experiments demonstrate that our dual-view approach achieves
remarkable results, surpassing single-image methods by over 10% in PSNR and
comparable to complex multi-frame sequence methods.

2 Related work

Re ection removal. Deep learning approaches have substantially advanced
SIRR [9,/10,15| 2528 31, 3], 58, 62, 63, 71, [72,[78,83, 35| 86]. Recently, di usion-
based methods|[11, 24, 25, 31, 68, 83] that leverage powerful generative priors to
handle ambiguous decomposition problems have emerged, with DAI [25] achiev-
ing single-step generation and L-Di ER [24] incorporating language guidance.
However, because SIRR is fundamentally ill-posed, these methods still struggle
with complex real-world re ections. Researchers also leveraged auxiliary infor-
mation to address this ambiguity at the cost of requiring specialized hardware:
polarization [32/35,41,42], NIR imaging|[20,211], ash/no- ash pairs [19,33,36,69],
dual-pixel cues [49, 81, 82], and wide eld-of-view capture] [17, 22, 23, 46].
Multi-view strategies exploit geometric cues from viewpoint variation. Early
methods [14, 16, 77] demonstrated layer separation through motion analysis.
Burst photography [7,48] demands less capture e ort but provides limited paral-
lax. Image sequence methods using deliberate camera motion [1,44,56] increase
parallax but introduce computational complexity during inference. Dual-view
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Fig. 2: Overview of the DualRef dataset. Left: Examples from DualRef-R show-

ing semi-synthetic dual-view pairs with realistic and often structurally complex or
high-intensity re ections generated through video-based synthesis and physics-based
rendering. Center: Representative examples from DualRef-V demonstrating chal-
lenging real-world sequences with diverse scenes, strong re ection intensities, and com-
plex re ection attributes. Right: Distribution of frame displacement between views

in DualRef-R, centered around 50 pixels but spanning from near-zero (burst-like) to
large displacements, providing diverse parallax patterns for enhanced generalization.

setups o er a balance; however, existing methods still face challenges: optical
ow accumulates alignment errors, while 3D reconstruction [50, 82] requires ad-
ditional depth sensing. By contrast, our method implicitly builds cross-frame
correspondence via the proposed frame-aware spatial attention mechanism.

Di usion models for image restoration. Di usion models [8, 18, 57] excel

at learning complex data distributions through progressive denoising, demon-
strating remarkable capabilities in addressing under-constrained inverse prob-
lems [29,53]. Applications span diverse restoration tasks: motion deblurring [73],
resolution enhancement [51, 66, 70], content completion [40, 76], and quality im-
provement [67, 75]. Their ability to preserve ne details while resolving struc-
tural ambiguities makes them suited for re ection removal. Within a di usion
framework, we propose a novel cross-view attention mechanism that prevents
cross-view noise leakage while e ectively reusing powerful generative priors.

3 Dataset

Existing re ection removal datasets [4,11,37,63,79,85] primarily focus on single-
view images. Furthermore, current dual-view datasets [44] are not fully open-
source, and multi-view datasets [7] lack su cient scale, signi cantly limiting
the development of multi-view approaches. To bridge this gap, we propose Du-
alRef, a comprehensive dual-view re ection removal dataset comprising: (1)
DualRef-R: 16,000 semi-synthetic pairs with diverse motion patterns and re-
ection intensities for training and evaluation; and (2) DualRef-V: 195 real-
world sequences captured using smartphones for evaluation. DualRef compre-
hensively covers diverse re ection scenarios featuring various intensities, blurs,
and geometric distortions.
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3.1 Semi-synthetic data generation

We develop comprehensive synthesis methods that faithfully model real-world re-
ection physics. Our DualRef-R dataset comprises 16,000 semi-synthetic pairs
generated through two complementary approaches, with example images dis-
played in Figure 2 (left panel). The distribution of frame displacement (right
panel) spans from near-zero to signi cant shifts, providing diverse parallax pat-
terns for enhanced generalization.

Video-based synthesis: We leverage dense video sequences with camera tra-
jectories, sampling frame pairs with controlled separation to ensure su cient
baseline while maintaining scene overlap. The synthesis process models realis-
tic re ection-transmission mixing using the standard optical model with gamma
correction, Gaussian blur, and ghosting masks. We collect 4,000 high-quality,
pure-re ection images as re ection sources. The re ection layer exhibits view-
dependent motion through homography warping with stochastic perturbation.
Physics-based rendering: We generate 4,000 dual-view pairs with precise
ground truth through physically-based rendering. Our setup models realistic
glass re ection scenarios (50% indoor-to-outdoor, 30% outdoor-to-indoor, 20%
uniform environments) with realistic optical properties (IOR = 1:43) and 2-4cm
baseline distances plus random perturbations to simulate handheld capture.

3.2 Real-world evaluation data

Evaluating real-world performance is

critical, but is hindered by the lack of

dual-view and video datasets with re-

ection ground truth, mainly because

ensuring trajectory reproducibility is

di cult. To address this, we introduce  Fig.3: Trajectory-aligned video capture

DualRef-V, comprising 195 chal- system for DualRef-V. A programmable

lenging real-world sequences (1200 dolly ensures reproducible camera trajec-

650 resolution, 150 frames at 30fps, tories. It captures paired mixture and

with synchronized 10Hz IMU & Gyro- _transmlssmn_-only grou_nd truth by repeat-

scope data). To obtain precise ground ing paths with ‘%”d without a removable

truth, we develop a trajectory-aligned glass panel, while an IMU"& Gyroscope
’ . module records motion data.

capture system (Figure 3).

Our system has a programmable camera dolly equipped with a steerable
wheel and high-precision IMU & Gyroscope, starting from a xed docking sta-
tion to ensure exact trajectory reproducibility. The collection protocol involves
executing a programmed path to record the mixture sequence through a remov-
able glass panel, and subsequently repeating the identical trajectory without the
glass to capture the transmission-only ground truth. Finally, frame and pose data
adjustments are applied to align the pairs and compensate for minor trajectory
deviations.

The center panel of Figure 2 showcases representative examples from Dual-
Ref-V, demonstrating diverse scenes, strong re ection intensities, and complex
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re ection attributes. These challenging real-world sequences span diverse envi-
ronments, including outdoor natural settings, vehicles, and architectural scenes
with varying lighting conditions and re ection complexity. This setup enables the
accurate quantitative evaluation of dual-view methods on real data with ground
truth a capability previously unavailable and can be extended to support the
evaluation of multi-view re ection removal methods, as well as Live Photo set-
tings, through its continuous trajectory recording.

4 Method

As is shown in Figure 4, given a pair of mixture images M; M » and their corre-
sponding camera poses {1 p2, our goal is to recover the clean transmission layers
T 1; T 2 governed by the physical model M =T ; +R ;. Building upon the Stable
Di usion v2.1 [51] architecture, we map the images into the latent space using
a frozen VAE. Our modi ed U-Net then processes a uni ed joint representa-
tion, constructed by concatenating the noisy transmission latents and the clean
mixture conditions from both views, and denoises both views simultaneously.
We introduce our proposed frame-aware attention mechanism in Section 4.1 and
camera pose integration scheme in Section 4.2.

4.1 Frame-aware spatial attention

Transitioning from multi-frame sequences to a dual-view setup inherently reduces
the available redundancy in observations. To separate re ections from transmis-
sions e ectively, it is crucial to maximize the utility of cross-view motion corre-
lations (i.e., parallax). Previous multi-view re ection removal methods [44, 77]
typically rely on explicit optical ow to align frames. However, ow estimation
is highly susceptible to errors when corrupted by severe re ection interference.
Within a diusion framework, a natural alternative to explicit ow esti-
mation is leveraging self-attention mechanisms to implicitly capture cross-view
correspondences. Yet, directly adapting existing multi-view attention designs
presents signi cant drawbacks. Naively extending standard self-attention to joint
cross-view attention [12,54] introduces an unrestricted bidirectional ow. In our
dual-view setup, this inherently allows noisy latents to inappropriately attend
to each other across views, mutually amplifying noise and disrupting the denois-
ing process. Besides, adopting ResNet 3D layers [43] alters the inherent feature
dimensions, which prevents the reuse of powerful pre-trained generative priors.
To overcome these limitations, we propose a frame-aware spatial attention
mechanism that enables robust cross-view reasoning while strictly preventing
noise propagation. As shown in Figure 4 (bottom right), our frame-aware spatial
attention is applied to the 16 16 and 32 32 upsampling layers of the U-Net [52].
At these layers, the hidden features have been processed into 4 components
corresponding to 2 views, each containing noisy and clean paths. Given the
feature tensor | 2 RB4C °HW  where CPis the feature dimension at this layer,



Di usion-based Dual-view Re ection Removal 7

Fig. 4: Training pipeline of our dual-view di usion framework. Left: Mixture and
transmission images are encoded via frozen VAE. Transmission latents are noised while
mixture latents remain clean, then concatenated channel-wise to form a 16-channel
input to the modi ed U-Net [52]. Camera poses are converted to relative poses and
encoded via an MLP, then combined with a timestep embedding for conditioning.
Bottom right: Frame-aware spatial attention at 16 16 and 32 32 layers enables
each noisy patch to attend to all mixture patches from both views, achieving cross-view
exchange while reusing pretrained weights.

we rst separate it into query and condition components:
lg=1[5:2C %0 1o =1[2C %55 1)

where |, 2 RB2C °HW  contains features from noisy transmission paths of
both views, and | 2 RB2¢ °HW  contains features from clean mixture paths.
We then reshape these into a sequence format for attention computation:

B2HW C

lq ! reshape !'s *lclreshape!s 2RB2HWC ° (9

We concatenate query and condition sequences along the sequence dimension
and apply the pretrained projection matrices Pq, Py, Py from SD v2.1 [51]:

0
Sconcat = [S s sc]2R BaHW C ; (3)

[Qan;Kai;Var]l =[P q;Pk;Pv] Sconcat; (4)

where each of Q;Kai;Var 2 RB4WC ° Then we extract queries only from
positions corresponding to noisy features, while keys and values come only from
positions corresponding to clean conditions:

Q=Q an[:;: 2HW; K=K 4 [;2HW 5 [ V=V g[;2HW 3 )
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This creates a directed attention pattern where each element in the query se-
quence (from noisy transmissions) attends to all elements in the key/value se-
quence (from clean mixtures):

Attn(s q; sc) = Softmax %de V. (6)
k

The resulting attention output is added to the query features via a residual
connection, reshaped back to the spatial image format, and concatenated with
the unchanged condition features.

4.2 Camera pose encoding

When a human observer struggles to separate re ections from transmissions
in a complex scene, they naturally shift their viewpoint. By comparing their
own movement against the apparent motion of objects in the scene, they can
e ortlessly distinguish the real background (transmission) from virtual images
(re ection) through depth-induced parallax.

Inspired by this, we introduce relative camera pose encoding into our dual-
view framework. This encoding serves as a global geometric prior, informing the
network of the exact camera motion and guiding spatial attention to features
that adhere to the transmission parallax, while suppressing re ection features
whose apparent motion violates this transformation.

Given poses p = [t 1;0:]7 and p2 = [t 2;02], where t; 2 R® represents
translation and g; 2 R* is the unit quaternion for rotation, we compute the
relative pose:

to t
2 1KJQZ q 11 . (7)
1

Prel = kt27t

We normalize the translation vector to a unit direction because IMU-derived
translations su er from magnitude drift, whereas rotations and translation di-
rections remain highly reliable.

To integrate this 7-dimensional relative pose, we process it through a lightweight
2-layer MLP (hidden dimension 256) to produce the pose embedding £ =
MLP(p re1)- This is then fused with the time embedding & to form the combined
conditioning signal e; = e + e ,. We empirically set the scaling factor =0:15
to prevent the pose information from overwhelming the temporal di usion signal
while maintaining su cient geometric guidance.

Our approach fundamentally di ers from prior burst-based methods [7] that
rely on explicit 3D projections during test-time optimization. Because they en-
force strict geometric constraints, these methods are computationally expensive,
highly sensitive to noise, and require high-precision IMUs. In contrast, we in-
ject camera pose as a soft conditional embedding within an end-to-end di usion
pipeline (Figure 4). This formulation provides robust geometric guidance that
e ectively tolerates the inherent drift and noise of common smartphone sensors.



Di usion-based Dual-view Re ection Removal 9

4.3 Training strategy

We discover that training exclusively on simple re ection scenarios produces
models unable to handle strong re ections, such as overexposed or structurally
intense re ections. Conversely, directly training on challenging cases prevents
the model from learning to leverage parallax information for understanding the
physical principles underlying re ection-transmission decomposition. We there-
fore adopt two-stage curriculum learning that progressively increases di culty.
Stage 1: Foundation training. We begin with semi-synthetic data at 768 768
resolution with moderate re ection intensity | U(0:3;0:7). Crucially, we ap-
ply stochastic augmentations to enhance model robustness: with 15% probability,
we replace view 2 with view 1's content, and with another 15% probability, we
replace view 1 with view 2's content. In both cases, the relative pose is set to
the identity (zero) since the views become identical. Additionally, when both
views are distinct (in 70% of cases), we apply pose dropout with a 25% con-
ditional probability, removing pose information to encourage the model to rely
on visual features as a fallback. These augmentations enable the model to han-
dle both single-view and dual-view scenarios gracefully while establishing core
capabilities for re ection-transmission decomposition.

Stage 2: Robustness enhancement. We increase re ection intensity r

N (0:8;0:2) clipped to [0:4;1:2] and introduce diverse augmentations including
motion blur, chromatic aberration, and ghosting e ects. This stage ne-tunes the
model for challenging scenarios where re ections may dominate transmissions.
The training objective is the standard DDPM loss [18] with conditional dropout:

L=Etzo;m,m, K (ZFitmy © MiMp Epose)k3 ; (8)

where m, 2 f0; 192 and m, 2 f0; 1g are dropout masks for views and poses.

5 Experiments

5.1 Experimental setup

Datasets. We evaluate our method quantitatively on three datasets, namely
(1) our DualRef-V: 195 real-world sequences featuring challenging scenarios,
including museums, storefronts, and vehicles; (2) DualRef-R test split: 2819
semi-synthetic pairs (2014 video-based synthesis, 805 physics-based rendering)
with precise ground truth; (3) Niklaus dataset [44] test split: 20 real-captured
dual-view pairs. Our model is trained on the DualRef-R training split com-
prising 13,181 pairs. During evaluation, we sample 500 dual-view pairs from 195
captured sequences to approximately form a Gaussian distribution with a mean
view shift of 50 pixels and a variance of 40, in accordance with the view distance
of common dual-camera systems. Furthermore, we evaluate our method on im-
ages from various sources (the Chugunov dataset [7], in-the-wild Internet data,
and real-captured photos) with diverse viewpoint distances.

Baselines. We compare against state-of-the-art single-image re ection removal
methods including ZF24 [88], DSIT [28], RDNet [86], DAI [25], WSeat [83], and



10 T. Xu et al.

Fig. 5: We compare with RDNet [86], DAI [25], Niklaus [44] and Weat [83] on chal-
lenging real-world scenarios in our DualRef-V dataset. For each scene divided by
dashed lines, the upper row shows view 1, and the bottom row shows view 2. Readers
are encouraged to zoom in for best viewing.

multi-view methods TF15 [77], Niklaus [44]. For a fair comparison, we also evalu-
ate ne-tuned versions (marked with *) of methods on our training dataset (both
views are separately used during netuning of SIRR methods). L-Di ER [24],
Kee et al. [31], and Prasad et al. [48] are not open-source, yet we compare
with Adobe Photoshop 2026, which is linked to Kee et al. [31], along with other
general-purpose image-editing models [13,45] in our supplementary materials.
Metrics. We employ ve metrics: SSIM and PSNR for structural similarity and
signal quality; LPIPS [84] for perceptual distance; CLIPIQA [65] and MUSIQ [30]
for no-reference image quality assessment. These metrics collectively evaluate
pixel accuracy and perceptual quality.

5.2 Comparison to state-of-the-arts

As shown in Table 1, our method achieves superior performance across most eval-
uation metrics, especially on real-world data (DualRef-V and the Niklaus [44]
dataset), demonstrating the e ectiveness of leveraging dual-view information
through our di usion framework.

As shown in Figure 5 and Figure 6, single-image methods [25, 28, 83, 86] of-
ten fail when confronted with overexposed or structurally complex re ections,
sometimes even misidentifying re ections as transmission and enhancing them
rather than removing them. Di usion-based SIRR approaches like DAI [25] and
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