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Fig. 1. (Top) Challenges in Generative Specular Reflection Synthesis. State-of-the-art open-source models (Stable Diffusion 3.5 [Stability AI 2024],
Flux [Black Forest Labs 2024]) and commercial models (GPT-5, Gemini Pro 3.1) consistently produce physically implausible mirror reflections with geometric
and perceptual inconsistencies. (Bottom) Comparison with existing methods and commercial models. The green mask overlaid on each example indicates
the geometrically correct in-mirror object location dictated by the reflection geometry, providing a reference against which the positional and shape deviations
of the generated reflections become directly apparent. Our PhysReflect generates reflections that are superior in geometric orientation, spatial positioning,
and semantic alignment with the source objects.

Diffusion models generate high-quality images, yet often violate the phys-
ical laws governing mirror reflections. Reflections often suffer from geo-
metric aberrations, including positional offsets, directional misalignment,
proportional imbalance, and structural distortion. These failures remain
evident even in contemporary state-of-the-art generative systems. Existing
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methods mitigate this problem through synthetic data scaling or auxiliary
depth conditioning, yet their reliance on latent-space denoising objectives
leaves reflection-specific geometric and perceptual constraints only indi-
rectly enforced. To bridge this gap, we present PhysReflect, a geometry-
and perception-guided diffusion framework that decodes the predicted clean
latent into image space at each training step, where two complementary
mirror-specific objectives are applied under a reliability-aware annealed
supervision scheme.

TheGeometric Loss enforcesmirror-induced spatial consistency through
sparse epipolar correspondence and dense boundary projection alignment,
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where a SAM2-based TwinTrack mechanism provides stable in-mirror local-
ization for boundary-aware supervision. The Perceptual Loss preserves
reflected appearance by combining Semantic Consistency Loss, which
maintains reflected identity and appearance via DINOv2 features, and Light-
ing Consistency Loss, which regularizes depth, surface-normal, and illu-
mination coherence under monocular geometry priors. Experiments on syn-
thetic and real-world benchmarks show that PhysReflect outperforms prior
mirror-reflection methods in geometric, perceptual, and physical-plausibility
metrics, as well as qualitative visual results.

CCS Concepts: • Computing methodologies→ Computer vision.

Additional KeyWords and Phrases: Image synthesis, diffusionmodels, Mirror
Reflections, Geometry and Optics

1 Introduction
Diffusion-based generative models have become a standard founda-
tion for visual synthesis and editing, supported by strong progress
in image generation [Ho et al. 2020; Podell et al. 2024; Rombach et al.
2022], controllable generation [Mo et al. 2024; Parihar et al. 2024a,b;
Zhang et al. 2023], and image inpainting [Ju et al. 2024]. Despite their
strong visual realism, prior studies have reported systematic failures
in shadows [Sarkar et al. 2024], perspective geometry [Upadhyay
et al. 2023], and specular effects [Winter et al. 2024]. Mirror reflec-
tion presents a particularly challenging case because a plausible
reflected scene must satisfy coupled geometric and perceptual con-
straints. The reflected content must appear at geometrically correct
locations while preserving the identity and appearance of the source
object and maintaining coherent illumination with the surrounding
scene. As shown in Figure 1, although recent open-source mod-
els such as Stable Diffusion 3.5 [Stability AI 2024] and Flux [Black
Forest Labs 2024], as well as commercial systems such as GPT-5
and Gemini Pro, can synthesize high-fidelity visual content, their
reflections still exhibit positional offsets, directional misalignment,
proportional imbalance, and structural distortion.
To mitigate these reflection inconsistencies, recent methods for-

mulate mirror reflection synthesis as a conditional image inpaint-
ing task, relying on large-scale synthetic data, auxiliary geometric
conditions, and curriculum-based training strategies to improve
reflection realism. MirrorFusion [Dhiman et al. 2025b] constructs a
large-scale synthetic dataset with depth, normal, and segmentation
annotations, and introduces outside-mirror depth maps as condi-
tional inputs to provide stronger geometric cues, encouraging the
model to learn reflection regularities. Building upon this direction,
MirrorVerse [Dhiman et al. 2025a] further builds a larger and higher-
quality synthetic dataset, and proposes a three-stage curriculum
from single-object scenes to multi-object scenes and then to real-
world scenes, improving the ability of the model to handle complex
reflection scenarios.

Despite these advances, these methods still share a common limi-
tation: they lack explicit physical supervision and rely primarily on
latent-space denoising objectives, where reflection geometry and
perceptual consistency are only indirectly learned from paired data.

We therefore propose PhysReflect, a geometry- and perception-
guided diffusion training framework for mirror reflection gener-
ation. During training, PhysReflect decodes the predicted clean

latent into image space and applies two complementary mirror-
specific objectives for geometric and perceptual consistency under
reliability-aware annealed supervision.

PhysReflect organizes this supervision into two complementary
objectives: Geometric Loss (L𝑔𝑒𝑜 ) and Perceptual Loss (L𝑝𝑒𝑟𝑐 ).
The Geometric Loss constrains mirror-induced spatial consistency
through sparse epipolar correspondence and dense boundary pro-
jection alignment. Within this geometric objective, TwinTrack, a
SAM2-based dual-frame propagation mechanism, provides stable
in-mirror localization for boundary-aware supervision under gener-
ated positional drift and shape deformation. The Perceptual Loss
preserves reflected appearance by combining semantic consistency
for source identity and appearance preservation with lighting con-
sistency for depth, surface-normal, and illumination coherence.

We validate PhysReflect on both synthetic MirrorBenchV2 [Dhi-
man et al. 2025a] and real-world MSD [Yang et al. 2019] mirror
datasets against the state-of-the-art mirror reflection baseline Mir-
rorVerse. To better evaluate whether generated reflections satisfy
geometric and perceptual reflection constraints, we extend the stan-
dard image-quality metrics with additional evaluation protocols,
including DINO Similarity for perceptual consistency, Object IoU
and Boundary F1 for geometric alignment, and SH Err for illumina-
tion coherence. Quantitative and qualitative results show that, com-
pared with existing methods, PhysReflect substantially improves
the physical plausibility of generated mirror reflections while pre-
serving image quality. Since all geometric and perceptual losses and
auxiliary models are used only during training, PhysReflect does
not introduce additional inference-time cost.

Our contributions are summarized as follows:

• WepresentPhysReflect, a geometry- and perception-guided
training framework for physically plausible mirror reflec-
tion generation. Building on established decoded-output
supervision, PhysReflect formulates and integrates mirror-
specific geometric and perceptual objectives while leaving
the baseline inference pipeline unchanged.

• We introduce aGeometric Loss that enforcesmirror-induced
spatial consistency through sparse epipolar correspondence
and dense boundary projection alignment. A SAM2-based
TwinTrack mechanism is integrated into this geometric ob-
jective to provide stable in-mirror localization for boundary-
aware supervision.

• We adapt pretrained-feature perceptual supervision to mir-
ror reflection using global and mirror-local DINOv2 features
to regularize source-to-reflection appearance and semantic
consistency, together with geometry-aware low-frequency
illumination regularization for illumination coherence.

• Experiments on synthetic and real-world mirror datasets
show that PhysReflect improves geometric accuracy, percep-
tual fidelity, illumination coherence, and physical plausibil-
ity over existing mirror-reflection generation methods.

2 Related Work

2.1 Diffusion Inpainting and Conditional Control
Diffusion models and their latent variants have become the dom-
inant backbone for image synthesis and editing [Ho et al. 2020;
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Rombach et al. 2022]. For inpainting, prior work either modifies
the sampling process of pre-trained models [Avrahami et al. 2023;
Lugmayr et al. 2022] or trains task-specific architectures that condi-
tion on masks, masked images, text, or spatial cues [Ju et al. 2024;
Zhang et al. 2023]. These approaches are effective at improving
visual fidelity and controllability, but their constraints are usually
injected as inputs or architectural conditions. Such conditioning can
guide where and what to generate, yet it does not enforce whether
the completed content satisfies task-specific physical relations.

This distinction is central to mirror reflection generation: condi-
tioning provides structural hints, whereas reflection-specific geo-
metric and perceptual consistencymust be assessed on the generated
pixels. PhysReflect therefore complements conditional control with
output-space losses for the decoded prediction.

2.2 Mirror Reflection Generation
Mirror reflection is a long-standing challenge in visual perception
and scene understanding. Prior work has mainly studied it from the
perspectives of reflective-surface understanding, including mirror
or glass region detection and segmentation [Lin et al. 2020; Mei
et al. 2022; Yang et al. 2019], and 3D scene reconstruction, where
mirror-like effects are modeled with specialized NeRF or 3D Gauss-
ian representations [Liu et al. 2024; Meng et al. 2024; Yin et al. 2023].
These reconstruction-oriented methods are designed for scene-level
3D modeling and usually require multi-view observations, camera
poses, and iterative optimization. Recently, with the development
of generative models, mirror reflection synthesis has emerged as a
challenging setting for studying whether visual generation models
can follow physical regularities from lightweight image-level inputs.

MirrorFusion [Dhiman et al. 2025b] formulates mirror reflection
synthesis as a conditional inpainting problem, introducing Syn-
Mirror and a depth-conditioned BrushNet baseline for paired-data
reflection generation. MirrorVerse [Dhiman et al. 2025a] extends this
direction with SynMirrorV2, diverse layouts, multi-object scenes,
and a curriculum for improved generalization to multi-object and
real-world scenes. However, these methods still rely primarily on
data-driven reconstruction objectives. Depth conditioning and in-
paintingmasks provide structural cues, but under the standard latent
denoising objective, geometric constraints such as source-reflection
correspondence and boundary alignment, as well as perceptual con-
straints such as semantic and illumination consistency remain only
indirectly constrained. PhysReflect targets this gap by converting
these reflection-specific consistency requirements into differentiable
training losses, while keeping the inference-time inputs unchanged.

2.3 Differentiable Supervision and Geometric Priors
Recent studies show that visually realistic generative models can
still violate physical and geometric regularities such as shadows,
perspective, and specular effects [Sarkar et al. 2024; Upadhyay et al.
2023; Winter et al. 2024]. Since these properties are directly reflected
in the generated image, prior work has explored differentiable image-
and feature-level supervision beyond the standard latent denoising
objective. ReFL [Xu et al. 2023] evaluates a one-step clean-image
estimate with a learned reward, while AlignProp [Prabhudesai et al.
2023] and DRaFT [Clark et al. 2024] backpropagate differentiable

rewards through the denoising or sampling process. REPA [Yu et al.
2025] aligns denoiser representationswith pretrained visual features,
and PixelGen [Ma et al. 2026] applies perceptual and DINO-based
losses to clean-image predictions. These works establish decoded-
output and pretrained-feature supervision as general techniques;
PhysReflect specializes them to mirror reflection through source–
reflection geometric constraints and mirror-local appearance and
illumination priors.
Physical and geometric priors have also been explored in task-

specific generation. Relightingmethods incorporate estimated geom-
etry and illumination to improve physical consistency [Liang et al.
2026; Liu et al. 2026], while novel-view synthesis methods exploit
camera geometry. Zero-1-to-3 [Liu et al. 2023] conditions generation
on a source image and relative camera pose, whereas EpiDiff [Huang
et al. 2024] introduces epipolar-constrained interaction for cross-
view feature exchange. Mirror reflection generation, in contrast,
requires source-to-reflection correspondence, reflected-boundary
alignment, appearance preservation, and illumination coherence
within a single image. PhysReflect organizes these requirements into
geometric guidance for correspondence and boundary alignment,
together with perceptual guidance for semantic and illumination
consistency.

3 Preliminaries and Problem Formulation
Following MirrorFusion [Dhiman et al. 2025b], we formulate mirror
reflection synthesis as conditional image inpainting, where the mir-
ror mask defines the generation region and the model fills it with
plausible reflection content. We adopt a depth-conditioned Brush-
Net [Ju et al. 2024] backbone, whose Generation Net is a latent
diffusion model [Rombach et al. 2022] and whose Conditioning Net
injects multi-scale features from the masked image, mirror mask,
and outside-mirror depthmap through zero-convolution layers. Dur-
ing training, the VAE encoder maps the ground-truth image X0 to
z0 = E(X0), and the model learns the standard noise-prediction
objective L𝑀𝑆𝐸 defined in Appendix. The task input is therefore
the noised latent z𝑡 , masked image X, mirror maskM𝑚𝑖𝑟𝑟𝑜𝑟 , outside-
mirror depth D, and text prompt; the model predicts the completed
image X̂0, which is supervised by the ground-truth image X0.

4 Method

4.1 PhysReflect Overview
As shown in Fig. 2, PhysReflect introduces explicit mirror-specific
physical supervision, applied to the decoded prediction in pixel
space during training. Unlike conventional latent-space denoising
objectives, which only indirectly encourage physical consistency
through paired training data, PhysReflect evaluates whether gen-
erated reflections satisfy geometric and perceptual constraints
directly in image space.
To evaluate the proposed mirror-specific supervision on gener-

ated content, we decode the predicted clean latent into image space
during training, where reflection geometry, object correspondence,
boundary alignment, appearance consistency, and lighting coher-
ence become directly measurable.
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Fig. 2. Overview of PhysReflect. PhysReflect builds on a depth-conditioned diffusion inpainting backbone and adds mirror-specific physical supervision
applied to the decoded prediction in pixel space during training. Given a noised latent, the model predicts the clean latent, decodes it into image space, and
computes two complementary objectives: Geometric Loss and Perceptual Loss. Geometric Loss enforces mirror-induced spatial consistency, while Perceptual
Loss preserves reflected appearance through semantic and lighting consistency. Auxiliary priors and frozen models construct supervision only during training,
while inference uses the original Baseline inputs and sampling graph.

Given the predicted clean latent representation ẑ0, we obtain the
decoded image prediction as:

X̂0 = D(ẑ0), (1)

where D denotes the pretrained VAE decoder. PhysReflect then
applies mirror-specific physical supervision to X̂0 in pixel space
through two complementary objectives: Geometric Loss and Per-
ceptual Loss. The Geometric Loss combines sparse epipolar cor-
respondence and dense boundary projection alignment, while the
Perceptual Loss combines semantic consistency and lighting consis-
tency.

4.2 Geometric Loss
Mirror reflection generation must place reflected content at phys-
ically valid in-mirror locations while preserving geometric sym-
metry. Existing data-driven objectives provide only implicit spatial
supervision, leaving common artifacts such as positional drift and
orientation errors. We therefore introduce the Geometric Loss L𝑔𝑒𝑜 ,
which combines sparse epipolar correspondence supervision with
dense boundary projection alignment.

The mirror plane is defined in the camera coordinate system by a
unit normal n and signed distance 𝑑 , with n𝑇 p + 𝑑 = 0 for any 3D
point p on the plane. The virtual point of a real point p is:

p𝑣𝑖𝑟𝑡 = p − 2(n𝑇 p + 𝑑)n. (2)

This displacement is parallel to n. For homogeneous image coordi-
nates p̃𝑜𝑢𝑡 and p̃𝑖𝑛 of a real point and its reflected virtual point, the
two camera rays and n lie in one epipolar plane, yielding:

p̃𝑇𝑖𝑛Fp̃𝑜𝑢𝑡 = 0, F = K−𝑇 [n]×K−1 . (3)

Here [n]× is the skew-symmetric matrix of n and K is the camera
intrinsic matrix. The distance 𝑑 is absent from Eq. 3 because epipolar
geometry depends only on the mirror-normal direction, but it is
still used for metric projection in Eq. 2 when constructing target
boundaries. The derivation is given in Appendix.
The above geometry provides two complementary ways to su-

pervise generated reflections. First, the epipolar relation in Eq. (3)
supervises sparse source-to-reflection correspondences. Second, the
metric reflection projection in Eq. (2) provides dense boundary-level
alignment by projecting object contours across the mirror plane.
We first describe the sparse epipolar constraint, followed by the
boundary projection alignment term.

4.2.1 Epipolar Symmetry Constraint. Epipolar Symmetry enforces
sparse real-to-reflected correspondences under the mirror-induced
geometry. As shown in Fig. 2, we sample 𝑁 points {p(𝑖 )𝑜𝑢𝑡 }𝑁𝑖=1 outside
the mirror, find reflected correspondences p(𝑖 )

𝑖𝑛
by DINOv2-based

soft matching, and penalize their epipolar distance and reflection-
direction inconsistency. The reflection-direction term uses themirror-
normal vanishing pointV as its geometric reference. DINOv2 [Oquab
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et al. 2023] patch features are used because mirror reflection weak-
ens hand-crafted descriptors such as SIFT [Lowe 2004] andORB [Rublee
et al. 2011], while DINOv2 provides spatially localized semantic fea-
tures that are more suitable for dense correspondence than global
CLIP embeddings.

To keep retained correspondences differentiable, we replace hard
argmaxmatchingwith a soft expected position over candidate points
{c𝑗 } sampled from an epipolar-line band inside the mirror. For each
p(𝑖 )𝑜𝑢𝑡 , we extract 𝐿2-normalized DINOv2 ViT-S/14 features f (𝑖 )𝑜𝑢𝑡 from
the real input image and f𝑖𝑛,𝑗 from X̂0 at candidate position c𝑗 . With
temperature 𝜏 = 0.05, the matched position is:

p(𝑖 )
𝑖𝑛

=
∑︁
𝑗

𝑝𝑖 𝑗 c𝑗 , 𝑝𝑖 𝑗 =
exp(f (𝑖 )𝑜𝑢𝑡 · f𝑖𝑛,𝑗/𝜏)∑
𝑘 exp(f

(𝑖 )
𝑜𝑢𝑡 · f𝑖𝑛,𝑘/𝜏)

(4)

Gradients pass through this soft expectation and the frozen DINOv2
forward pass to X̂0. Detached confidence and reciprocal filters retain
only reliable matches; samples with too few retained matches skip
this term. For each retained match, the epipolar loss combines a
normalized point-to-line distance ℓ (𝑖 )

𝑑𝑖𝑠𝑡
and a cosine direction penalty

ℓ
(𝑖 )
𝑑𝑖𝑟

:

L𝑒𝑝𝑖 =

∑𝑁
𝑖=1𝑤

(𝑖 )
𝑐

(
𝜆𝑑𝑖𝑠𝑡 ℓ

(𝑖 )
𝑑𝑖𝑠𝑡

+ 𝜆𝑑𝑖𝑟 ℓ
(𝑖 )
𝑑𝑖𝑟

)
∑𝑁

𝑖=1𝑤
(𝑖 )
𝑐 + 𝜖

. (5)

4.2.2 Boundary Projection Alignment with TwinTrack. The epipo-
lar term constrains sparse point correspondences, but it does not
fully determine the spatial extent or contour shape of the reflected
object. To provide dense geometric supervision, we introduce bound-
ary projection alignment, which compares the predicted reflection
boundary with an expected boundary obtained by projecting the
outside-mirror object through the mirror geometry.
Given the outside-mirror object mask M𝑜𝑏 𝑗 , we sample fore-

ground pixels and lift them to 3D using the available depth and
camera intrinsics. These points are reflected across the mirror plane
using Eq. (2) and then reprojected into the image plane. The pro-
jected support inside the mirror is rasterized and softly dilated
to obtain the expected reflection support. We then extract its soft
contour as the projected target boundary B𝑝𝑟𝑜 𝑗 ∈ [0, 1]. The pre-
dicted boundary is extracted from the decoded image prediction X̂0.
Directly segmenting the generated in-mirror object is unreliable
during diffusion training, because the reflection may exhibit posi-
tional drift, shape distortion, or incomplete appearance. As shown
in Fig. 3, to obtain a stable supervision region, we introduce Twin-
Track, which treats the ground-truth image X0 and the decoded
prediction X̂0 as a two-frame pseudo video. A frozen SAM2 [Ravi
et al. 2025] propagates the ground-truth contour prompt from X0 to
X̂0, producing an in-mirror maskM𝑠𝑎𝑚2 that localizes the generated
reflection.

Importantly, TwinTrack is used only as a detached spatial selector
rather than as a shape target. We compute a differentiable edge map
from the generated image:

Ê =

√︃
(𝑆𝑥 ∗ X̂0,𝑔𝑟𝑎𝑦)2 + (𝑆𝑦 ∗ X̂0,𝑔𝑟𝑎𝑦)2, (6)

where 𝑆𝑥 and 𝑆𝑦 denote Sobel kernels. The TwinTrack mask is con-
verted into a detached soft weight W𝑠𝑎𝑚 ∈ [0, 1], and the predicted

Fig. 3. TwinTrack for source-boundary extraction. The ground-truth
image X0 and decoded prediction X̂0 form a two-frame pseudo video. A
frozen SAM2 propagates the ground-truth contour prompt to the prediction
frame, producing a detached maskM𝑠𝑎𝑚2 that gates Sobel edges from X̂0
and yields the differentiable source boundary B̂.

boundary is obtained as:

B̂ = Ê ⊙ W𝑠𝑎𝑚 . (7)

Thus, gradients flow through the image-derived edge map Ê, while
W𝑠𝑎𝑚 only determines where the boundary loss is evaluated.

We align the predicted boundary B̂ with the projected target
boundary B𝑝𝑟𝑜 𝑗 inside the mirror region. The loss combines a BCE
term for local boundary activation and a Soft-Dice term for sparse
contour overlap:

L𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 = 𝜆𝑏𝑐𝑒L𝑏𝑐𝑒 + 𝜆𝑑𝑖𝑐𝑒L𝑑𝑖𝑐𝑒 . (8)

Combining sparse epipolar correspondence and dense boundary
projection alignment, the final geometric loss is defined as:

L𝑔𝑒𝑜 = 𝜆𝑒𝑝𝑖L𝑒𝑝𝑖 + 𝜆𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦L𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 . (9)

4.3 Perceptual Loss
Geometric supervision constrains where the reflection appears and
how its contour aligns with the mirror-induced projection, but it
does not guarantee that the reflected content remains perceptually
faithful. A reflection may be geometrically well aligned while still
suffering from identity drift, color shifts, texture changes, or incon-
sistent illumination. At the same time, exact pixel-level matching can
be overly restrictive because reflected appearance may differ locally
in shading, contrast, and texture while remaining perceptually con-
sistent with the source. We therefore introduce a Perceptual Loss
L𝑝𝑒𝑟𝑐 that combines semantic consistency and lighting consistency
to regularize the identity and appearance of generated reflections.
These terms serve as perceptual and low-frequency illumination
priors rather than exact optical constraints.
For semantic consistency, we use frozen DINOv2 [Oquab et al.

2023] patch features to preserve the identity and appearance of
reflected content. Let Φ(·) denote the DINOv2 feature extractor. We
compute semantic consistency at two scales: the mirror-local term
L𝑙𝑜𝑐𝑎𝑙 compares normalized patch features within the mirror region
and provides the main constraint for reflected-content fidelity, while
the global term L𝑔𝑙𝑜𝑏𝑎𝑙 compares full-image features and acts as a
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scene-level regularizer. The semantic consistency loss is:

L𝑠𝑒𝑚 = 𝜆𝑔𝑙𝑜𝑏𝑎𝑙L𝑔𝑙𝑜𝑏𝑎𝑙 + 𝜆𝑙𝑜𝑐𝑎𝑙L𝑙𝑜𝑐𝑎𝑙 . (10)

For lighting consistency, we regularize geometry-aware photo-
metric coherence in the reflected region. A frozen dense predic-
tion model, Lotus [He et al. 2025], estimates depth and surface
normals from the decoded prediction X̂0. The depth-normal term
L𝑑𝑛 encourages geometry-compatible local structure, while the
spherical-harmonics term L𝑠ℎ captures low-frequency illumination
consistency under the estimated normals. Specifically, we fit second-
order spherical harmonics in the mirror region and use the resulting
normal-conditioned shading representation to define L𝑠ℎ , without
requiring exact pixel-level lighting reproduction. Here, spherical
harmonics are used as a compact descriptor of low-frequency scene
illumination rather than as a reflectance model of the mirror surface.
The lighting consistency loss is:

L𝑙𝑖𝑔ℎ𝑡 = 𝜆𝑑𝑛L𝑑𝑛 + 𝜆𝑠ℎL𝑠ℎ . (11)

The final perceptual loss combines semantic and lighting consis-
tency:

L𝑝𝑒𝑟𝑐 = 𝜆𝑠𝑒𝑚L𝑠𝑒𝑚 + 𝜆𝑙𝑖𝑔ℎ𝑡L𝑙𝑖𝑔ℎ𝑡 . (12)

4.4 Training Strategy
PhysReflect augments the standard diffusion denoising objective
with training-time physical supervision. The overall training loss is:

L𝑡𝑜𝑡𝑎𝑙 = L𝑀𝑆𝐸 +𝑤 (𝑡)
(
𝜆𝑔𝑒𝑜L𝑔𝑒𝑜 + 𝜆𝑝𝑒𝑟𝑐L𝑝𝑒𝑟𝑐

)
, (13)

where L𝑀𝑆𝐸 denotes the standard noise-prediction loss, and𝑤 (𝑡) is
a timestep-dependent weight for pixel-space physical supervision.
We follow the three-stage training protocol of MirrorVerse [Dhiman
et al. 2025a] and apply these losses on top of this base training
procedure.
Both geometric and perceptual losses are computed on the de-

coded prediction X̂0 or structures derived from it. Their reliability
therefore depends on the quality of the decoded image prediction
at each diffusion timestep. At high-noise timesteps, X̂0 may con-
tain unstable structures and inaccurate photometric cues, making
geometric matching, boundary extraction, semantic feature com-
parison, and lighting estimation unreliable. We therefore introduce
an annealed supervision scheme, where𝑤 (𝑡) down-weights losses
at unreliable high-noise timesteps and emphasizes low-noise pre-
dictions where pixel-space physical measurements are more stable.
All auxiliary estimators, matchers, and cached targets are used

only during training. At inference time, PhysReflect keeps the origi-
nal BrushNet inputs and sampling procedure unchanged, introduc-
ing no additional inference overhead. Details of 𝑤 (𝑡), single-step
decoding, and caching are provided in Appendix.

5 Experiments

5.1 Experimental Setup
5.1.1 Datasets and Evaluation Metrics. We evaluate PhysReflect
on the synthetic MirrorBenchV2 benchmark derived from SynMir-
rorV2 [Dhiman et al. 2025a] and the real-world MSD dataset [Yang
et al. 2019]. SynMirrorV2 contains 201,610 Blender-rendered mirror-
scene samples built from 66,062 target objects, and MirrorBenchV2
is the evaluation split derived from SynMirrorV2. We report results

on its single-object and multi-object splits. MSD contains 4,018 real
indoor mirror images with cluttered layouts, diverse mirror shapes,
and natural illumination, and is used to test real-world generaliza-
tion.

We evaluate mirror reflections using three categories of metrics:
• Visual Quality: Measures pixel-level fidelity within the

mirror region using PSNR ↑, SSIM ↑, and LPIPS ↓ [Zhang
et al. 2018].

• Semantic Consistency: Assesses perceptual preservation
of object identity and appearance via CLIP Similarity ↑ [Rad-
ford et al. 2021] and DINO Similarity ↑ [Oquab et al. 2023].

• Physical Plausibility: Evaluates geometry and illumina-
tion consistency. IoU ↑ and Boundary F1 ↑ measure mask
and contour alignment, m_IoU ↑ and m_BF1 ↑ average multi-
object results, and SH_Err ↓measures low-frequency illumi-
nation consistency using second-order spherical harmonics.

5.1.2 Implementation Details. For a fair comparison, we follow the
method settings of prior work and fine-tune the pretrained Stable
Diffusion v1.5 [Rombach et al. 2022] model with the Adam optimizer,
using a learning rate of 1 × 10−5 and a batch size of 4. Training is
conducted in FP32 precision on four NVIDIA H100 GPUs, with
60,000, 30,000, and 20,000 steps for the single-object, multi-object,
and real-world data stages, respectively. All methods are evaluated
at 512 × 512 resolution using the same sampling strategy, prompt
inputs, four random seeds per sample, and the best unmasked-region
SSIM selection protocol of MirrorVerse [Dhiman et al. 2025a]. All
ablation experiments are run on twoNVIDIAH100GPUs. Additional
experimental Setup details are provided in Appendix.

5.2 Main Results on Synthetic Benchmarks
Wefirst evaluate PhysReflect on the syntheticMirrorBenchV2 bench-
mark, where paired ground truth reflections and geometric annota-
tions are available. This setting allows us to jointly measure image
fidelity, semantic preservation, and physical plausibility under con-
trolled reflection geometry. We report results separately on the
single-object split (Table 1) and the more challenging multi-object
split (Table 2) to expose how each method behaves as geometric
complexity increases.

5.2.1 Single-Object Scenes. Table 1 shows that physical supervision
improves reflection correctness without sacrificing image fidelity.
The gains over MirrorVerse are modest on reconstruction metrics
but much larger on IoU, Boundary F1, and SH_Err, which are the
metrics most directly tied to our geometry and lighting losses. To-
gether with the improvements in reconstruction and perceptual
metrics and the human evaluation in Section 5.5, these results pro-
vide complementary evidence of improved reflection quality.

5.2.2 Multi-Object Scenes. The multi-object split in Table 2 stresses
the method with occlusion, depth variation, and multiple reflected
instances. The advantage of PhysReflect becomes stronger in this
setting, especially on per-object geometry metrics. This supports
the role of explicit physical constraints: when several objects com-
pete for plausible mirror content, a data-only objective can pro-
duce locally convincing textures but loses instance-level placement,
whereas our losses keep each reflection tied to its corresponding
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Table 1. Single-object results on MirrorBenchV2. Best results are in bold, second best in underlined.

Method Reflection Gen. Quality Semantic Consist. Physical Plausibility
PSNR ↑ SSIM ↑ LPIPS ↓ CLIP Sim ↑ DINO Sim ↑ IoU ↑ Bound. F1 ↑ SH_Err ↓

BrushNet-FT [Ju et al. 2024] 18.44 0.76 0.121 25.75 0.64 0.474 0.207 107.42
MirrorFusion [Dhiman et al. 2025b] 18.38 0.76 0.122 25.89 0.63 0.409 0.182 51.48
MirrorVerse [Dhiman et al. 2025a] 18.74 0.77 0.108 25.69 0.64 0.598 0.316 49.93
PhysReflect (Ours) 19.14 0.78 0.103 25.87 0.68 0.671 0.406 15.33

Table 2. Multi-object results on MirrorBenchV2. This split includes larger depth variation, occlusion, and complex layouts. Best results are in bold, second
best in underlined.

Method Reflection Gen. Quality Semantic Consist. Physical Plausibility
PSNR ↑ SSIM ↑ LPIPS ↓ CLIP Sim ↑ DINO Sim ↑ IoU ↑ Bound. F1 ↑ m_IoU ↑ m_BF1 ↑ SH_Err ↓

BrushNet-FT [Ju et al. 2024] 17.37 0.752 0.143 27.22 0.63 0.534 0.223 0.442 0.198 8.19
MirrorFusion [Dhiman et al. 2025b] 17.15 0.734 0.144 26.64 0.59 0.541 0.249 0.457 0.225 5.28
MirrorVerse [Dhiman et al. 2025a] 17.90 0.745 0.119 26.04 0.61 0.638 0.324 0.534 0.289 5.04
PhysReflect (Ours) 18.44 0.764 0.113 26.76 0.64 0.734 0.467 0.621 0.417 4.51

Fig. 4. Single-object qualitative comparison on MirrorBenchV2. PhysReflect improves projected-target alignment, identity preservation, and boundary
quality. The final column is rendered GT.

projected geometry. The high CLIP score of BrushNet-FT further
illustrates that text-image alignment alone is not a reliable proxy
for physically correct reflection layout.

5.3 Generalization to Real-World Scenes
We next evaluate on MSD to test whether the learned physical
constraints transfer to real mirror scenes with natural illumination,
clutter, diverse mirror shapes, and capture noise. Since MSD is a
real-world dataset, depth maps and camera intrinsics are estimated
rather than rendered, andmetrics are computed against the captured

target image within the mirror region. We therefore treat this image
as a reference target, not as deterministic rendered GT. We compare
direct evaluation and MSD-adapted settings for both PhysReflect
and MirrorVerse.
Table 3 shows the same trend on real scenes. PhysReflect does

not maximize CLIP similarity, but it improves image fidelity, DINO-
based visual consistency, and SH_Err, indicating better preservation
of object appearance and lighting structure. The non-finetuned
PhysReflect row already approaches or exceeds the MSD-finetuned
MirrorVerse baseline on several metrics, which suggests that the
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Fig. 5. Multi-object qualitative comparison on MirrorBenchV2. PhysReflect reduces missing, duplicated, or misplaced reflected objects under occlusion
and depth variation. The final column is rendered GT.

Table 3. Real-world generalization on MSD. “FT” denotes MSD fine-
tuning; methods without “FT” are evaluated directly on MSD. Best results
are in bold, second best in underlined.

Method PSNR ↑ SSIM ↑ LPIPS ↓ CLIP ↑ DINO ↑ SH_Err ↓
MirrorVerse 16.76 0.843 0.132 26.90 0.48 128.74
MirrorVerse-FT 16.61 0.850 0.119 27.67 0.51 96.47
PhysReflect 16.84 0.851 0.129 26.41 0.52 75.95
PhysReflect-FT 17.11 0.860 0.114 26.72 0.58 65.69

proposed supervision transfers beyond the synthetic distribution
rather than only memorizing dataset-specific reflection patterns.

5.4 Qualitative Results
The synthetic comparisons in Figures 4 and 5 show that PhysReflect
reduces spatial drift, missing or duplicated reflected objects, and
boundary mismatch in both single-object and multi-object scenes.
The MSD visualization in Figure 6 further illustrates the same behav-
ior on real images, where the final column is denoted as Reference
because real captured reflections are used for visual comparison
rather than deterministic rendered ground truth. Fig. 6. Qualitative comparison on MSD. Reference denotes the captured

target image used for visual comparison; MSD depth and camera intrinsics
are estimated, so this target is not deterministic rendered GT.

5.5 User Study
To complement the automated metrics, we conducted a blind human
perceptual study with nine evaluators. For each evaluated sample
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Fig. 7. User study. Distribution of recorded preferences (%) among consen-
sus samples in a four-way comparison by nine evaluators. Higher is better.

and criterion, participants performed a four-way forced-choice com-
parison among PhysReflect, MirrorVerse [Dhiman et al. 2025a], Mir-
rorFusion [Dhiman et al. 2025b], and BrushNet-FT [Ju et al. 2024]. A
strict-majority preference was recorded when one method received
at least five of the nine votes. Strict-majority consensus was reached
for 58.5%, 55.5%, and 84.0% of the 200 samples for visual quality,
image–text semantic alignment, and perceived physical plausibil-
ity, respectively, with corresponding no-consensus rates of 41.5%,
44.5%, and 16.0%. Figure 7 reports the preference distribution among
consensus samples, while sample-level and individual-vote statis-
tics are provided in the supplementary material. Among consensus
samples, PhysReflect receives the largest preference share across
all three criteria, supporting that its improvements are perceptually
observable rather than limited to automated metrics.

5.6 Ablation Study
We distinguish between components, which control where and when
supervision is applied, and supervisions, which define what physical
signal is enforced. The components are TwinTrack and Annealed
Supervision; the supervisions are epipolar supervision L𝑒𝑝𝑖 , bound-
ary supervision L𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 , semantic supervision L𝑠𝑒𝑚 , and lighting
supervision L𝑙𝑖𝑔ℎ𝑡 . Alternative Annealed Supervision variants are
reported in the appendix.

Table 4 separates the effect of supervision scheduling from that of
supervision content. Annealed Supervision improves the balance be-
tween feature consistency, reconstruction, and geometry, indicating
that pixel-space supervision is most effective at reliable denoising
stages. TwinTrack further strengthens boundary supervision by
providing a cleaner detached selector for the generated reflection
contour.
The supervision terms are complementary: epipolar and bound-

ary losses improve geometric plausibility, semantic supervision
preserves reflected content, and lighting supervision regularizes
shading coherence. No single term dominates every metric, whereas
the full model provides the strongest overall balance between phys-
ical plausibility and visual quality.

The ablation visualizations in Figures 8 and 9 provide complemen-
tary evidence for the design choices. The geometry and semantic

comparison shows that geometry supervision mainly anchors re-
flected content to the projected support, while semantic supervision
improves object identity and texture preservation. As shown in the
lighting ablation, the lighting loss improves highlights and the tran-
sition of reflection shading without changing the inference-time
input.

Fig. 8. Geometry and semantic ablation. Columns are Input, Baseline,
w/ Geo, w/ Sem, Full, and GT, where w/ Geo and w/ Sem denote adding
L𝑒𝑝𝑖 + L𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 and L𝑠𝑒𝑚 to the Baseline, respectively. Full denotes the
complete model with all proposed components and losses.

Fig. 9. Lighting ablation. The w/o lighting result denotes the Full model
without the lighting loss, while the Full model uses all proposed losses. The
lighting loss improves highlights, shading transitions, and mirror-region
illumination coherence.

5.7 Efficiency
PhysReflect is designed to shift additional cost to training rather
than inference. Table 5 confirms this behavior: because TwinTrack,
DINOv2, and Lotus are frozen training-time modules, the deployed
model keeps the same inputs and nearly the same computation graph
as the BrushNet-based generator. Themeasured latency andmemory
remain essentially unchanged under both DDIM and UniPC sam-
pling, so the physical gains above do not come from extra inference-
time computation.
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Table 4. Ablation of components and supervisions on the single-object split of MirrorBenchV2. Checkmarks indicate enabled components or losses.
Annealed Supervision denotes the final inverse-timestep reweighting strategy. Best results are in bold.

Method Metric
Component Supervision Reflection Gen. Quality Semantic Consist. Physical Plausibility

Annealed Supervision TwinTrack L𝑒𝑝𝑖 L𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 L𝑠𝑒𝑚 L𝑙𝑖𝑔ℎ𝑡 PSNR ↑ SSIM ↑ LPIPS ↓ CLIP Sim ↑ DINO Sim ↑ IoU ↑ Bound. F1 ↑ SH_Err ↓
18.33 0.76 0.109 25.68 0.61 0.554 0.296 58.41

✓ ✓ 18.24 0.77 0.112 25.47 0.65 0.581 0.347 59.36
✓ ✓ 18.44 0.77 0.110 25.82 0.62 0.541 0.237 49.24
✓ ✓ ✓ 18.41 0.78 0.108 25.83 0.66 0.607 0.351 58.03
✓ ✓ ✓ ✓ 18.27 0.81 0.111 25.47 0.67 0.611 0.357 56.33

✓ ✓ ✓ 15.28 0.69 0.153 24.66 0.51 0.352 0.189 114.42
✓ ✓ 19.04 0.78 0.108 25.91 0.68 0.593 0.318 20.51
✓ ✓ 18.85 0.78 0.109 25.76 0.66 0.599 0.316 16.84
✓ ✓ ✓ 18.97 0.78 0.108 25.88 0.68 0.604 0.322 16.97

✓ ✓ 18.21 0.74 0.114 25.85 0.69 0.515 0.289 87.24
✓ ✓ ✓ ✓ ✓ ✓ 18.93 0.78 0.107 25.89 0.67 0.621 0.351 17.25

Table 5. Inference cost comparison. Average time over 100 images and
peak memory for one 512 × 512 image on a single H100 GPU using FP32
precision. Lower is better.

Method DDIM 50 UniPC 15
S-Time ↓ M-Time ↓ Mem. ↓ S-Time ↓ M-Time ↓ Mem. ↓

BrushNet-FT 7.12 7.06 9.76 1.28 1.25 9.97
MirrorVerse 7.31 7.29 9.89 1.45 1.42 10.21
PhysReflect 7.31 7.23 9.82 1.45 1.38 10.03

6 Conclusion
We presented PhysReflect, a geometry- and perception-guided dif-
fusion framework that applies mirror-specific physical supervision
to decoded clean-image predictions in pixel space during training.
Through complementary geometric and perceptual objectives with
reliability-aware annealed supervision, PhysReflect improves physi-
cal plausibility on synthetic and real-world benchmarks while leav-
ing the inference procedure unchanged and preserving perceptual
quality and efficiency.

Limitations. Our method is currently designed for predominantly
planar-mirror scenes and relies on estimated geometric priors, whose
errors may weaken supervision in challenging real-world cases. The
synthetic-to-real domain gap also remains a limitation. The frozen
training-time priors introduce additional training cost but do not
affect inference efficiency. Representative failure cases are provided
in the Appendix.
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