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Abstract. High-fidelity removal of eyeglasses from video is a major chal-
lenge in facial attribute editing, as the underlying facial geometry is often
obscured by complex refractive distortions and view-dependent specular
reflections. While large-scale generative priors have shown promise in eye-
glasses removal via static image inpainting, they often lack the structural
constraints necessary to maintain identity, expression, and pose, leading
to visible “identity drift” in both static images and dynamic sequences.
In this paper, we propose a novel transfer framework that addresses the
stochastic nature of generative priors. Our pipeline first extracts high-
fidelity synthetic face images from a commercial-grade generative model
(Nano Banana, Gemini 3 Pro Image), regularizes them via a three-stage
structural filtering process to preserve identity, expression, and pose, and
finally applies physically-based simulation of lens optics during training
to provide diverse, paired data. This process transfers Nano Banana’s
photo-realistic, multi-view knowledge into a specialized restoration ar-
chitecture, JFSnet (Joint Feature-Spatial network). JFSnet integrates
DINOv2-based semantic features with a convolutional decoder for spa-
tial reconstruction, leveraging translation equivariance constraints to im-
prove temporal consistency and high-frequency detail preservation. Eval-
uations on the curated Flickr-Faces-HQ (FFHQ) subset (12,163 images)
show that our approach achieves high fidelity and structural accuracy,
while maintaining inference speed of 27.68 FPS. In perceptual studies
on CelebV-Text video sequences, our results are consistently preferred
over diffusion and GAN-based baselines for ocular consistency, temporal
stability, and overall restoration quality.
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1 Introduction

The growth of high-resolution video content has increased the demand for so-
phisticated facial attribute editing. While significant progress has been made
in global style transfer and large-scale object manipulation [2, 11, 25], precise
local editing remains a difficult task. Eyeglasses, specifically, are not just block-
ing layers; they are complex optical elements that introduce depth-dependent
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Fig. 1: Joint Feature-Spatial network removes glasses in videos producing results that
are both temporally consistent and structurally faithful. Given an input video frame (a),
our approach (b) effectively erases the glasses while preserving facial identity. In com-
parison, the commercial video editing model Runway Gen-4.5 [30] alters the subject’s
expression and introduces blurriness (c). Similarly, the image-based editor Nano Ba-
nana [10] fails to preserve the expression when applied to video frames (d). The video
inpainting method ProPainter [44] faces different limitations, resulting in incomplete
glasses removal (e). In contrast, our method (b) ensures coherent removal and maintains
high-fidelity structural integrity throughout the sequence. Source: CelebV-Text [37].

refractive distortions and view-dependent specular reflections. Standard gener-
ative inpainting models [29, 38] tend to struggle to separate these rare optical
effects from the underlying facial geometry, which can lead to “identity drift”
and structural inconsistencies in both static images and videos.

Existing approaches to glasses removal [19, 32] primarily rely on stochastic
generative priors to hallucinate the occluded regions. However, in the presence
of strong refractive lenses, the human visual system relies on stable geometric
cues, such as the continuity of the head contour and the undistorted shape
of the eyes, to maintain identity. When a model relies on black-box priors to
reconstruct the eye area, it often produces results that look realistic in isolation
but can fail to preserve the subject’s unique structural features, such as the exact
expression, pose, and identity. Furthermore, applying these methods frame-by-
frame in a naive manner leads to temporal flickering, as the generative process
is unconstrained across the temporal domain.

In this work, we propose a novel transfer framework that addresses the
stochastic nature of these generative priors. Our approach leverages large-scale
models like Nano Banana (Gemini 3 Pro Image) [10], which provide photo-
realistic results with multi-view consistency, but often struggle to preserve fine-
grained identity, expression, and pose. To address these limitations, we propose
improvements to both data curation and model architecture. On the side of data
generation, we introduce a structured curation and augmentation pipeline: (i) we
perform multi-view generative synthesis of eyeglass-free (“clean”) and glasses-
wearing identities in sets of 13 poses and expressions using Nano Banana, (ii) we
apply a structural filtering process — first identifying pose shifts via background
L1 error, then filtering gaze and identity drift via localized structural consistency
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analysis, and finally utilizing a learned reconstruction threshold — to ensure
a high-fidelity curated source, and (iii) we finally apply physically-based sub-
stitution of lens optics during training to provide diverse and realistic pairs.
This process allows us to transfer the knowledge of large-scale generative models
into a restoration architecture, JFSnet, to achieve inference speeds suitable for
real-time video applications.

In contrast to latent diffusion approaches that are constrained by the man-
ifold of a fixed pre-trained autoencoder, our method operates directly in pixel
space. This allows JFSnet to preserve facial details that might be lost during
latent reconstruction. By leveraging a self-supervised DINOv2-based encoder,
we capture stable semantic priors that are invariant to local distortions, while
a precision-focused convolutional decoder reconstructs fine facial features. To ad-
dress the challenge of temporal instability without the high computational cost of
multi-frame propagation or flow estimation, we enforce translation equivariance
with a training constraint. By encouraging the network to commute with spatial
shifts, we improve the coherence of restored features across frames, helping to
suppress temporal flickering.

In summary, our contributions are as follows. We
(i) formulate video glasses removal as the offline transfer of a generative prior

into a deterministic, feed-forward model, and introduce a pipeline that com-
bines curated generative face sets with physically-based augmentation of lens
optics during training;

(ii) present a framework utilizing JFSnet, a ViT-CNN architecture enabling iden-
tity preservation and temporal consistency;

(iii) evaluate on the curated FFHQ subset, outperforming state-of-the-art gener-
ative and video inpainting baselines with inference speed of 27.68 FPS;

(iv) demonstrate through perceptual studies that our approach is preferred across
gaze preservation, temporal stability, removal quality, identity preservation,
and sharpness.

Source code and dataset available at radimspetlik.github.io/unwarpingthelens/.

2 Related Work

2.1 Eyeglasses Removal

Early work in glasses removal primarily focused on static portrait editing using
Generative Adversarial Networks (GANs). ByeglassesGAN [19] and subsequent
work [23] leveraged GAN-based architectures to synthesize eyeglass-free ocular
regions, with the latter utilizing 3D synthetic data to improve the restoration of
cast shadows. More recently, video-specific approaches have emerged to address
temporal consistency. V-LASIK [32] introduces identity-preserving constraints
and color normalization to align restored regions with the rest of the face. Sim-
ilarly, IP-FaceDiff [1] utilizes diffusion priors to handle the removal of eyewear
in dynamic sequences. While these methods show promise, they often exhibit
identity drift and local blurring because they rely on stochastic generative priors
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that lack explicit geometric constraints. Our work differs by utilizing a physics-
based simulation of lens optics during training, allowing the model to learn to
invert the specific refractive distortions introduced by eyewear.

2.2 Generative Image and Video Editing

Advances in diffusion models have enabled broad image editing capabilities [5,
12,35]. InstructPix2Pix [5] and LEDITS [35] allow for instruction-based and se-
mantic editing, while video-to-video translation models [8,15,27] propagate edits
across frames to maintain coherence. However, many of these methods operate in
the latent space of pre-trained autoencoders, which introduce a bottleneck that
inevitably sacrifices fine-grained spatial details like skin texture and eye geom-
etry. Furthermore, while general-purpose models excel at global style transfer,
they often struggle with precise local attribute removal, frequently failing to
preserve the underlying facial structure.

Video inpainting and object removal methods [39, 42, 44] address occlusions
by propagating information from adjacent frames. However, in the context of
glasses removal, the “background” is the subject’s own eyes — critical features
for identity that are often refracted or partially occluded rather than entirely
missing. Generic inpainting approaches lack the specialized facial priors needed
to accurately reconstruct these details, often leading to hallucinatory results that
do not meet the bar of perceived geometric fidelity.

2.3 Identity Preservation and 3D-Aware Editing

Preserving identity is a core challenge in facial editing. Recent works utilize pre-
trained Vision Transformers (ViTs) as semantic identity priors [26, 34], while
3D-aware methods leveraging Morphable Models (3DMMs) [3] or Neural Radi-
ance Fields (NeRFs) [24] maintain consistency under varying viewpoints. Recent
methods integrate physical optical transport — refraction, shadows, and spec-
ularities — into 3D morphable models and neural radiance fields to accurately
model eyewear [20,21,40]. Similarly, 3D Gaussian Splatting enables high-fidelity
dynamic avatars [22, 28, 31, 41], though these representations rarely support re-
moval or refraction. While some explicitly regress 3D facial topology to handle
occlusion [43], these representations often demand multi-view calibration or ex-
pensive optimization. Our approach bridges the gap between 2D translation and
3D geometric reasoning by incorporating physics-based refraction models, en-
suring identity preservation without the need for per-scene 3D reconstruction or
expensive overhead.

3 Method

We propose a novel transfer framework for consistent glasses removal that ad-
dresses the tendency of generative priors toward identity divergence and the
introduction of structural inconsistencies (see Fig. 1). Our approach utilizes
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Fig. 2: Dataset creation pipeline. Raw multi-pose face sets are generated from
the Nano Banana prior and enriched with segmentation masks, monocular depth,
and parametric face model fits. These sets undergo multi-stage filtering (joint back-
ground/ocular L1 Filtering, followed by U-Net reconstruction) and an As-Rigid-As-
Possible (ARAP) warp to align clean and glasses-wearing pairs, giving the final dataset.

a restoration network, JFSnet, which learns to invert complex optical effects
while preserving identity, expression, and pose.

3.1 Generative Data Creation and Filtering

To support our training pipeline, we constructed a dataset of eyeglass-free (“clean”)
and glasses-wearing face pairs using a generative workflow powered by Nano Ba-
nana (Gemini 3 Pro Image) [10] shown in Fig. 2. For each synthetic identity, we
prompted the model to generate a set of 13 high-fidelity clean images capturing
a diverse range of head poses and facial expressions. We further generated a stan-
dalone image of eyeglasses and a corresponding set of composed images where
the subject wears the glasses in each pose, along with precise segmentation masks
for the left lens, right lens, and the frames for every sample in the sequence. See
prompts in Supplementary Sec. S1.2. This provided us with a comprehensive set
of multi-pose and multi-expression pairs with ground-truth frame textures and
pixel-accurate lens regions. A challenge in generative data synthesis is maintain-
ing spatial alignment between the eyeglass-free and glasses-wearing pairs due to
a number of effects, mainly the propensity of ViTs to overcompress spatial infor-
mation and stochasticity in latent generative models. To address this, we used
the composed Nano Banana images and their associated masks to define the pre-
cise geometric boundaries of the frames and lenses in each pose. Furthermore, we
employ an As-Rigid-As-Possible (ARAP) [13] deformation mesh optimized with
landmark constraints and a multi-scale photometric loss to align the clean face
to the exact pose and facial configuration found in the glasses-wearing image
(see Supplementary Sec. S1.9).

To ensure high data quality, we performed a three-stage hard-sampling-based
filtering process. In the first two stages, we perform background and ocular L1

filtering (L1 Filtering in Fig. 2) to filter out identities with significant shifts in
head pose, gaze, or eye identity. This process effectively eliminates samples where
the generative model introduced unwanted expression drift; such expression drift
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−6 −4 −2 +1

Fig. 3: Refraction simulation. Physics-based lens distortion for −6,−4,−2, and
+1 diopters on a sample from our dataset. Our refraction model captures realistic
magnification and minification while preserving facial identity and structure.

is exemplified by Nano Banana in Fig. 1 (d). This stage remains crucial because
we down-weight the physics-based lens substitution for extreme head poses —
specifically rotations approaching a profile view (beyond roughly three-quarters
of the way from frontal to full profile) — where monocular depth-based simula-
tion becomes less reliable and we rely on the generative model’s native outputs.
In the third stage, we trained a lightweight U-Net on the remaining pairs to per-
form a preliminary restoration task, which serves as a quality proxy; identities
with high reconstruction error were discarded as they typically exhibited residual
misalignments or generative artifacts. This elaborate filtering resulted in a final
training dataset of 1,860 identities exhibiting high structural and photometric
consistency across the 13-image sets (see the Supplementary Sec. S1.1).

3.2 Physically-Grounded Training Augmentation

Although this dataset is rich in identities, the optical effects represented in gen-
erated data are far more constrained, likely following the generative model’s
simplicity bias. To address the lack of large-scale paired data, we introduce
a physics-based augmentation pipeline that simulates the optical properties of
lenses on the curated generative face sets (see Fig. 3). This pipeline operates
during training to provide a source of consistent and diverse training pairs.

Refraction Simulation (Fig. 3). To ensure realistic placement and distortion, we
first identify the lens boundaries using precise segmentation masks provided by
Nano Banana. The relative 3D pose of the head is estimated by fitting a 3D face
parametric model [7] to the input frame to extract the global rotation R and
translation t relative to the camera. We define the optical center of each lens by
back-projecting the detected pupil landmarks using the depth map from a single-
frame depth estimation model [36]. To resolve the scale ambiguity inherent in
monocular depth estimation, we assume a standard adult head width to anchor
the metric scale. The lenses are then positioned by projecting these metric 3D
pupil coordinates 15mm along the head pose direction (the normal vector derived
from R). We assume a standard perspective camera model with a typical portrait
focal length to initialize the 3D projection. The corrective lens is represented as
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a physical 3D object defined by two spherical surfaces with radii R1 and R2,
positioned relative to the eye centers. These radii are derived from the target
diopter strength D using Vogel’s Rule [4]: D1 = D/2 + 6.0 and D2 = D −D1,
where D = (n−1)(1/R1−1/R2). For each pixel within the lens boundary, a ray
is cast and intersected with these surfaces. At each interface, the ray direction
is updated via Snell’s law (n ≈ 1.5). The resulting intersection with the facial
surface defines the source coordinates for the dense warp field W, simulating the
depth-dependent magnification of prescription eyewear. Our rendering pipeline
operates on high-resolution grids to preserve detail.

Reflection Simulation. Specular reflections R are simulated by leveraging Nano
Banana to generate an inverse-view environment map, conditioned on the sub-
ject’s portrait, that approximates the scene behind the camera, sampled along
the reflected view ray r = i− 2(n⊤i)n (i: incident view direction, n: lens-surface
normal). To achieve realistic highlights, we simulate reflections in High Dynamic
Range (HDR), allowing for strong specularities of glass surfaces. We further
augment these reflections by simulating a variable reflection tint and opacity,
accounting for the diverse range of lens coatings and lighting conditions.

Training Input Formation. To provide a physically grounded yet photo-realistic
training source, we define the observed image I ∈ RH×W×3 as a composition
of generative templates and optical simulations. Let Gclean and Gglasses be the
multi-pose, multi-expression sets from our curated dataset. During training, we
synthesize the final input I by selecting a pose-expression pair and substituting
the lens regions of Gglasses with a physically simulated rendering of the corre-
sponding clean face Gclean:

I = (1−Mlens) ·Gglasses +Mlens · (W(Gclean) +R) + ϵ (1)

where Mlens is a binary mask for the lens regions (provided by the left and right
lens masks from the generative model), W(·) represents the refractive warping
operator, and R is the additive HDR specular reflection layer. This formulation
ensures that the network learns to invert the refractive transformation W and
handle additive reflections R while benefiting from the realistic frame textures
and global illumination present in the generative model Gglasses. The network’s
goal is to map this input I back to the original clean identity Gclean.

3.3 JFSnet Architecture

We utilize a restoration network (fθ), referred to as JFSnet, designed to map
the input image to the clean RGB face. As detailed in Fig. S2, JFSnet is a com-
bination of standard architectural blocks: a pre-trained DINOv2 (ViT-L/14)
encoder [26] and a ResNet-based convolutional decoder. To preserve representa-
tional power while adapting to the restoration task, we selectively fine-tune the
deeper layers of the ViT backbone and fuse multi-level features into the decoder.
Crucially, by incorporating a direct skip connection from the input image, we
bypass the information bottleneck typical of latent models. This design allows
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JFSnet to reconstruct high-frequency details that might fall outside standard
generative manifolds, ensuring that the restored facial features remain faithful
to the original input. As discussed in Sec. 4.9, this configuration was found to
significantly outperform alternative architectures.

3.4 Training Objectives

The network fθ is trained using a weighted combination of reconstruction and
perceptual losses. Let fθ(I) be the predicted clean face and Gclean be the ground
truth clean face. The total loss L is defined as:

L = λpixLpix + λpercLperc + λeye−pixLeye−pix

+ λeye−percLeye−perc + λadvLadv + λtempLtemp

(2)

Global Reconstruction and Perceptual. Lpix is the global L1 distance between
the predicted output and the ground truth. Lperc ensures high-level texture
consistency across the full image, defined by the distance between Gram matrices
of VGG-19 features.

Eye-specific Objectives. To restore features behind lenses, we utilize localized
objectives centered on the center of gravity (CoG) of each lens mask within 64×
64 pixel blocks. Leye−pix is the localized L1 reconstruction loss, while Leye−perc

is the corresponding Gram-matrix based perceptual loss.
Adversarial Loss. Ladv incorporates feedback from a PatchGAN-based critic [14]

to ensure realistic texture generation, encouraging the network to produce sharp,
high-frequency details. The critic is trained in the standard GAN min-max set-
ting [9], though we omit this formulation for brevity.

Temporal Consistency. To ensure temporally stable results on video data, we
enforce translation equivariance during training. For each training sample, we
simulate motion by applying a random spatial shift ∆s to the input image I.
The temporal consistency loss Ltemp is defined as:

Ltemp = ∥fθ(T∆s(I))− T∆s(fθ(I))∥1 (3)

where T∆s(·) represents a translation by ∆s. By forcing fθ to commute with
small spatial translations, we ensure that high-frequency artifacts and identity-
defining features move coherently with the subject’s motion. This constraint
encourages the model to learn a mapping that is robust to spatial misalignments
and resists flickering across frames.

4 Experiments

In order to assess the efficacy of our proposed approach, we evaluate the task
of glasses removal from images and consistent removal from videos. Our exper-
iments are designed to validate the effectiveness of the physics-based synthesis
pipeline and the JFSnet architecture in handling optical distortions and main-
taining temporal stability.
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4.1 Experimental Setup

Implementation Details. We implement our framework using JAX/Flax, train-
ing the models on high-resolution images resized to 518 × 518 pixels. We use
the AdamW optimizer with a base learning rate of 3× 10−4 for the JFSnet and
Adversarial Critic. The pre-trained DINOv2 encoder is fine-tuned with a lower
learning rate of 1 × 10−5 for its last four layers, while the rest of the backbone
is kept frozen. Training is performed on TPU/GPU accelerators for approxi-
mately 400,000 batch iterations. For the physics-based augmentation, we sample
diopter powers ranging from −6.0 to +1.0 with an assumed refractive index of
n ≈ 1.5. Since negative diopters (minification) introduce visible background ar-
tifacts into the eye area while positive diopters (magnification) are harder to
distinguish, we focus on minification in our qualitative analysis (see Fig. 4) and
simulation. Specular reflections are simulated via sphere mapping with high-
dynamic-range (HDR) emulation and randomized anti-reflective (AR) coating
effects. To mitigate aliasing, we compute a Level of Detail (LOD) map based on
the Jacobian of the ray divergence, enabling interpolation between sharp and
pre-blurred background images.

Data Augmentation Pipeline. We use our curated dataset of 1,860 synthetic
identities (24,180 image pairs) with on-the-fly augmentation applied during train-
ing. By randomizing specular reflection intensity and tint to simulate diverse
lens coatings, the model encounters a wide variety of optical distortions while
remaining anchored to the eyeglass-free ground truth.

4.2 Dataset Generation

We constructed our training dataset using the generative workflow and filtering
process detailed in Sec. 3.1. This process ensures high structural and photomet-
ric consistency across the multi-view generative face sets, providing a robust
foundation for the subsequent physics-based augmentation. See Supplementary
Sec. S1.1 for a qualitative sample of a single face set.

4.3 Datasets

We utilize the following datasets exclusively for qualitative and quantitative
evaluation; neither dataset was used during the training phase of our models.
Flickr-Faces-HQ (FFHQ) [16] consists of 70,000 high-resolution portrait im-
ages with significant variation in demographic factors and backgrounds. For our
evaluation, we manually curated images containing eyewear from this dataset,
classifying them into two distinct categories based on ocular visibility: (i) indi-
viduals wearing corrective glasses with visible eye regions, and (ii) individuals
wearing sunglasses or eyewear with significant darkening and specular reflec-
tions. This process yielded a refined evaluation set containing 12,163 images
with clear glasses and 2,176 images in the sunglasses category. The remaining
images in the dataset (≈ 55,000) are utilized as the “without eyewear” reference
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category. CelebV-Text [37] is a large-scale video dataset capturing dynamic fa-
cial expressions. For our qualitative evaluation and perceptual study (Sec. 4.7),
we manually curated a subset of 60 video clips featuring subjects with clearly
visible eyeglasses.

4.4 Baselines

We evaluate our method against representative approaches across three cate-
gories. For general video editing, we compare against TokenFlow [8], RAVE [15],
and IP-FaceDiff [1]. In the domain of video inpainting, we include ProPainter [44],
Flow-Guided Transformer (FGT) [42], Inpaint Anything [38], and STTN [39]. We
also evaluate image-based facial editing methods including Take-Off-Eyeglasses
(TOE) [23], LEDITS [35], and InstructPix2Pix [5].

Additionally, Runway Gen-4.5 is a private, commercial video generation model
with significant inference costs, leading us to restrict its evaluation to the hu-
man preference study. For diffusion-based methods such as TokenFlow, RAVE,
LEDITS, and IP-FaceDiff, achieving high-fidelity results is often sensitive to pa-
rameter tuning and the stability of the underlying inversion process (e.g., DDIM
inversion [33]). As finding viable configurations exceeded the practical scope of
our evaluation, we focused our human preference study on the examples where
baseline methods achieved competitive scores on the FFHQ dataset.

4.5 Flickr-Faces-HQ Qualitative Results

We present a qualitative comparison on the FFHQ dataset in Fig. S4. The gen-
erative models, such as Nano Banana [10], often reconstruct the eye region with
plausible but inaccurate details, leading to subtle identity shifts or gaze changes.

LEDITS [35] struggles to fully remove frame artifacts, whereas our method
preserves facial textures and gaze and compensates for the spatial minification of
strong refractive lenses (see Fig. 3). See the Supplementary Sec. S1.11 for more
results and Sec. S1.12 for failure cases.

4.6 CelebV-Text Qualitative Results

The qualitative results for video sequences are shown in Fig. 5. Large-scale video-
to-video model Runway Gen-4.5 [30] removes reflections, but often fails to pre-
serve the subject’s gaze and eye identity. Video inpainting methods ProPainter [44]
and FGT [42] are primarily designed for object removal and lack the facial priors
needed to handle the complex shadows and reflections cast by eyeglasses. These
methods often leave behind ghosting artifacts. By contrast, our method leverages
its physics-based training, providing temporally stable results that maintain the
geometric integrity of the face. Full videos are available in the supplement.
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Fig. 4: Qualitative comparison on high-refraction samples from FFHQ [17].
Close-up eye regions are shown for each subject. While Nano Banana [10] removes
reflections, it alters structural details (e.g., gaze shift in row 1, eye closure in row 2).
Diffusion-based LEDITS [35] exhibits identity drift or fails to remove glasses (row 1).
Video inpainting methods [39, 42, 44] often fail to recover underlying facial structures.
Our method effectively removes reflections and corrects refraction while preserving fine
facial details and maintaining high structural integrity. See Sec. 4.5 for more details.

4.7 Perceptual Study

To further evaluate our method, we conducted a perceptual study consisting of
two surveys focused on video and image glasses removal. For the video survey, we
utilized 60 clips from the CelebV-Text dataset, while the image survey used 60
high-resolution portraits from the FFHQ dataset. We invited 37 participants to
compare our results against 4 other representative methods, resulting in a total
of 5 methods per question. In each survey, participants were asked to rank the
methods based on specific criteria derived from the qualitative characteristics
of the task. For the video survey, the evaluation axes included gaze consistency,
temporal stability, and overall restoration quality. The image survey focused on
gaze preservation, removal completeness, identity preservation, sharpness, and
overall removal quality. These criteria allow for a granular assessment of how
well each method handles both the physical restoration of ocular details and the
generative consistency of the face. The collected preferences are visualized in the
heatmap of Fig. 6. Our method is consistently preferred across both temporal and
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Fig. 5: Qualitative comparison on CelebV-Text [37]. Runway Gen-4.5 removes
reflections but changes the gaze and eye identity. V-LASIK causes blur and changes
eye shape. TOE struggles with strong reflections. ProPainter, FGT, and STTN only
perform inpainting, leaving behind shadows, reflections, or parts of the glasses. Our
Joint Feature-Spatial network preserves gaze and fine facial details. See Sec. 4.6.

spatial dimensions. While Nano Banana achieves high scores for completeness
due to its powerful generative prior, it is consistently outperformed in gaze and
identity preservation where its unconstrained outputs diverge from the subject’s
original features. Temporal metrics are in the Supplementary Sec. S1.4.

4.8 Quantitative Evaluation

We assess the performance of the methods across several dimensions — gaze
preservation (head pose, pupil position, and ocular structure), visual realism,
structural fidelity, and computational efficiency.

Gaze preservation is quantified via the Pupil Displacement error (in px),
which measures the spatial shift of iris centers between the input and restored
output. To avoid evaluation bias, we detect pupils using the MediaPipe FaceMesh
model [18], which is distinct from the models used in our data curation pipeline.
We calculate the Euclidean distance in normalized coordinates and scale the
average displacement by 512 for readability. Note that while physical refraction
correction necessitates a minor spatial shift of the ocular features, a low dis-
placement indicates that the model avoids the significant gaze drift common in
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Video Survey Image Survey
Our method is preferred in Our method is preferred in

Nano Banana [10] 97% 100% 100% 81% 42% 75% 55% 74%

LEDITS [35] 100% 100% 96% 90% 85% 98% 90% 96%

FGT [42] 83% 96% 100% 80% 92% 82% 98% 97%

TOE [23] 91% 97% 98% 85% 96% 89% 100% 99%

V-LASIK [32] 88% 88% 100% N/A N/A N/A N/A N/A

STTN [39] 83% 87% 100% 81% 100% 77% 92% 98%

ProPainter [44] 76% 76% 96% 84% 93% 84% 96% 98%

Runway Gen-4.5 [30] 74% 59% 75% N/A N/A N/A N/A N/A
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Fig. 6: Preference study on CelebV-Text [37] and FFHQ [17]. Our approach
is consistently preferred across both video and image surveys. The heatmap shows the
percentage of participants who preferred our result over the baseline for each evaluation
criterion. See Sec. 4.7 for more details.

generative baselines. Inpaint Anything [38] achieves a competitive pupil error as
it ideally avoids ocular modification, but is prone to generating artifacts when
segmentation fails. Conversely, Nano Banana [10] suffers from significant gaze
drift despite serving as our primary data source.

To evaluate the visual realism and quality of the generated results, we em-
ploy the Fréchet Inception Distance (FID), which measures the statistical dis-
tance between the feature distributions of real and synthesized images to capture
distribution-level fidelity.

Structural and geometric stability is measured by the Landmark L2 Error
(L2), the Euclidean distance between facial landmarks in the input images (with
glasses) and the corresponding landmarks in the restored outputs. This metric
ensures that the restoration process does not introduce unwanted spatial dis-
tortions or identity-altering pose shifts. We empirically found that ArcFace [6]
does not perform well for identity preservation analysis in our case (see Supp.
Sec. S1.6). Finally, we report the Inference Speed in frames per second (FPS) to
evaluate the practical utility of each method for video applications. We use the
results of our perceptual study (Sec. 4.7) to measure temporal stability.

Results on FFHQ. We evaluate our method on the curated FFHQ evaluation
set, primarily focusing on the clear glasses category where ocular details remain
partially visible. As shown in Table 1, our approach achieves an FID of 0.379
and a landmark L2 error of 0.632. For the FID evaluation, we take the real
images from the curated FFHQ “clear glasses” subset (12,163 images), resize

†Authors of V-LASIK [32] do not provide code and did not respond to our queries for evaluation;
our comparison with their method is limited to the videos available on their project website.
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Table 1: Quantitative evaluation on the Flickr-Faces-HQ (FFHQ)
dataset [16]. We compare our proposed approach against several state-of-the-art
image-based, video editing, and video inpainting methods using the Fréchet Incep-
tion Distance (FID) ↓, Pupil Displacement ↓, landmark L2 error (L2) ↓, and inference
speed (FPS) ↑. Best results in bold. †

Method FID ↓ Pupil (px) ↓ L2 (px) ↓ FPS ↑

Nano Banana [10] 0.389 2.854± 2.387 0.699± 0.462 1.29
Inpaint Anything [38] 0.391 2.259± 2.295 0.664± 0.902 1.84
InstructPix2Pix [5] 1.089 5.541± 6.522 8.038± 18.293 0.05
LEDITS [35] 1.953 3.905± 2.999 1.527± 2.437 0.08
Take-Off-Eyeglasses [23] 3.256 2.593± 1.696 0.877± 0.773 13.31

IP-FaceDiff [1] 3.832 17.607± 8.718 21.257± 27.171 0.04
RAVE [15] 11.559 3.577± 2.373 2.356± 2.773 0.16
TokenFlow [8] 2.430 3.689± 2.812 1.905± 1.678 0.04

Flow-Guided Transformer [42] 0.569 3.078± 2.714 0.965± 0.952 1.28
ProPainter [44] 0.408 2.684± 2.838 0.947± 1.095 8.77

Ours 0.379 2.249±1.957 0.632±0.271 27.68

them to 518 × 518, run our removal pipeline, and compare the resulting distri-
bution of restored images against a size-matched subset of the FFHQ “without
eyewear” category. This distribution-level comparison validates that our method
correctly restores facial regions to a state statistically indistinguishable from nat-
ural portraits without eyewear. The sunglasses category is in the Supplementary
Sec. S1.3. Paired metrics and retrained baselines in the Supplementary Sec. S1.5.

4.9 Architectural Ablation

We compare the JFSnet configuration against standard baseline architectures
to validate our choice of combining semantic and spatial blocks. Our evaluation
includes a pure Vision Transformer (ViT-L/14), a standard U-Net with a ResNet-
34 backbone, and the proposed JFSnet (see the Supplementary Sec. S1.7).

4.10 Ablation Study

To validate our design choices, we investigate the impact of the core components
of our pipeline, as summarized in the Supplementary Table S8.

Our results demonstrate that both reflection and refraction simulations are
critical for achieving low FID scores; removing either component leads to a degra-
dation. While the temporal consistency loss (λtemp) yields the same FID score for
static images, it is included for its role in temporal stability; the combination of
λtemp, rigorous dataset filtering, and ARAP warping results in an FID of 0.379.
The dataset filtering process—which includes L1 thresholding and hard-sample
mining—ensures the quality of the generative pairs, while the ARAP warping
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(see Supplementary Sec. S1.9) accounts for residual pose shifts to maintain pixel-
perfect alignment. Unfreezing the last four layers of the DINOv2 encoder pro-
vides a measurable boost in performance. Finally, the localized eye-specific losses
(λeye-pix and λeye-perc) enforce recovering details in the eye region.

5 Conclusion

In this paper, we presented a physics-grounded generative-to-deterministic trans-
fer framework for consistent eyeglasses removal from video, bridging the gap
between large-scale generative priors and physical restoration. By training our
JFSnet architecture on a generative-to-physical synthesis pipeline, we achieved
state-of-the-art visual fidelity (FID 0.379) while maintaining real-time perfor-
mance at 27.68 FPS. Our approach leverages multi-level feature fusion and en-
forced translation equivariance to preserve gaze and identity across dynamic
sequences, significantly outperforming existing baselines in perceptual studies.
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