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TransNormal: Dense Visual Semantics
for Diffusion-based Transparent Object Normal Estimation
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Abstract
Monocular normal estimation for transparent ob-
jects is critical for laboratory automation, yet it
remains challenging due to complex light refrac-
tion and reflection. These optical properties often
lead to catastrophic failures in conventional depth
and normal sensors, hindering the deployment
of embodied AI in scientific environments. We
propose TransNormal, a novel framework that
adapts pre-trained diffusion priors for single-step
normal regression. To handle the lack of texture
in transparent surfaces, TransNormal integrates
dense visual semantics from DINOv3 via a cross-
attention mechanism, providing strong geometric
cues. Furthermore, we employ a multi-task learn-
ing objective and wavelet-based regularization
to ensure the preservation of fine-grained struc-
tural details. To support this task, we introduce
TransNormal-Synthetic, a physics-based dataset
with high-fidelity normal maps for transparent
labware. Extensive experiments demonstrate that
TransNormal significantly outperforms state-of-
the-art methods: on the ClearGrasp benchmark,
it reduces mean error by 24.4% and improves
11.25◦ accuracy by 22.8%; on ClearPose, it
achieves a 15.2% reduction in mean error. The
code and dataset will be made publicly available.

1. Introduction
Motivation. Embodied AI agents hold the potential to
significantly accelerate scientific discovery in autonomous
laboratory environments (Tao et al., 2025; Fang et al., 2023;
Wen et al., 2024). However, a primary barrier to their practi-
cal deployment is the perceptual instability caused by vari-
able illumination (Tobin et al., 2017; James et al., 2019;
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<anon.email@domain.com>.
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Lind et al., 2024): variations in lighting and shadows can
induce significant appearance shifts, leading to unstable de-
tection and degraded manipulation performance. Unlike
intensity-based features, surface normal maps provide a
lighting-invariant geometric representation, offering a stable
cue for perception and manipulation in real-world laborato-
ries where lighting is often uncontrolled.

Despite the maturity of normal estimation for opaque ob-
jects, transparent labware—such as beakers, pipettes, and
culture dishes—presents a unique and formidable challenge.
The difficulty of estimating normals for these objects is
three-fold: ① Geometrically, transparent surfaces often
lack discriminative textures and exhibit indistinct bound-
aries. Furthermore, multi-layered interfaces (e.g., glass-air-
liquid) introduce significant structural ambiguities that are
absent in opaque surfaces. ② Optically, the dominance
of refraction and reflection makes the visual appearance of
labware highly dependent on the surrounding environment,
often rendering the objects nearly invisible to standard sen-
sors. ③ Perceptually, accurate reconstruction requires high-
level reasoning, including object-level shape priors (e.g.,
the canonical geometry of a beaker) and contextual infer-
ence to distinguish between transparent and opaque material
regions. Consequently, traditional geometric cues such as
shading, texture gradients, and edge detection, which are the
cornerstones of normal estimation for opaque objects, be-
come unreliable or entirely absent. This necessitates a more
robust approach that can leverage deep priors to resolve the
inherent ambiguities of transparent surfaces.

Given the physical complexities of light transport, monoc-
ular normal estimation for transparent objects necessitates
high-level reasoning about materials and global shapes.
However, most existing frameworks (Bae & Davison, 2024)
predominantly treat this as a localized regression task, rely-
ing on local image or photometric cues. While effective for
textured opaque surfaces, these inductive biases are funda-
mentally ill-suited for transparent labware, where refraction
and reflection decouple local appearance from underlying
geometry. Furthermore, current research in the transparent
domain has focused largely on 3D shape estimation, depth
completion or 6D pose estimation (Sajjan et al., 2020; Chen
et al., 2022; Fang et al., 2022; Kim et al., 2024), leaving
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TransNormal: Dense Visual Semantics for Diffusion-based Transparent Object Normal Estimation

Input MoGe-2 E2E-FT Marigold GeoWizard Lotus-D Ours

Figure 1. In-the-wild qualitative results: TransNormal achieves accurate surface normal estimation for transparent objects. Row 1
(Safety goggles): The vent holes in the upper-left corner lie behind the lens and should not affect surface normals; the lens itself should
appear flat. Only our method correctly recovers the flat lens without being misled by background textures visible through refraction.
Row 2 (Prism): Under extreme lighting with complex refraction and caustics, only our method recovers the correct triangular geometry
without being distracted by background colored light. Row 3 (Double-walled glass): Other methods produce artifacts from the inner
glass layer, while ours correctly estimates the outer surface normals.

the estimation of dense surface normals, which is a criti-
cal representation for fine-grained robotic manipulation and
liquid handling, relatively under-explored. The lack of high-
quality benchmarks with dense normal annotations further
hinders progress.

Our key insight is that the inherent ambiguities of transpar-
ent surfaces can be resolved by leveraging high-level scene
understanding and physical priors encoded in large-scale
vision models. Unlike local discriminative kernels, genera-
tive models trained on diverse web-scale data may already
capture the “canonical” geometry and material properties
of objects. This motivates the use of model families whose
conditioning pathways allow for task-specific guidance to
bridge the gap between low-level appearance and high-level
geometric structure. Diffusion-based dense prediction pro-
vides such a model family. Recent advances (Ke et al., 2024;
Fu et al., 2024) demonstrate that pre-trained text-to-image
models, such as Stable Diffusion, possess rich geometric
and material priors. However, we observe a significant gap
in current practice: many methods (He et al., 2025; Ke
et al., 2024; Zhao et al., 2025) utilize these models with
empty or generic text prompts, leaving the cross-attention
conditioning pathway, which is originally designed for com-
plex semantic alignment, largely underutilized for geometric
tasks.

We propose TransNormal, a framework that repurposes Sta-
ble Diffusion’s conditioning mechanism for dense semantic
injection. Rather than relying on sparse text, we inject dense
visual semantics from DINOv3 (Siméoni et al., 2025) into
the diffusion backbone. By transforming cross-attention

into a semantic-geometric guidance channel, TransNormal
effectively resolves the geometric ambiguities of transpar-
ent labware using global context. To facilitate robust train-
ing and evaluation, we introduce TransNormal-Synthetic,
a physics-based dataset with high-fidelity normal maps for
transparent labware. Despite being trained on only ∼122K
synthetic samples, TransNormal achieves state-of-the-art
performance on ClearGrasp (Sajjan et al., 2020) and Clear-
Pose (Chen et al., 2022) (Tab. 1), reducing mean error on
real-world data by significant margins. Our key contribu-
tions are as follows:

• Semantic-Geometric Conditioning: We identify a
critical underutilization in diffusion-based dense pre-
diction and propose to replace sparse text condition-
ing with dense DINOv3 visual semantics to provide
material-aware geometric guidance.

• TransNormal Framework: We present a novel ar-
chitecture that adapts Stable Diffusion for single-step
normal regression. TransNormal achieves superior gen-
eralization to transparent surfaces with significantly
fewer training samples than traditional Transformer-
based discriminative baselines.

• Physics-Based Dataset: We introduce TransNormal-
Synthetic, a high-quality benchmark providing physi-
cally accurate normal maps rendered from 3D labware
meshes, enabling controlled and systematic evaluation
of transparent object perception.

• State-of-the-Art Performance: Our method sets new
performance standards across multiple benchmarks.
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On ClearGrasp, TransNormal reduces mean angular er-
ror by 24.4% and improves 11.25◦ accuracy by 22.8%;
on the real-world ClearPose dataset, it achieves a 15.2%
error reduction. These results demonstrate robust zero-
shot transfer from synthetic training to complex, real-
world laboratory environments.

2. Related Work
2.1. Geometric Dense Prediction and Generative Priors

Recovering geometric properties such as depth and sur-
face normals has evolved through three paradigms. Early
physics-based methods relied on Structure from Motion
(SfM) (Tomasi & Kanade, 1992), photometric stereo (Wood-
ham, 1980), and multi-view geometry (Scharstein &
Szeliski, 2002), but were brittle under real-world condi-
tions. The discriminative learning paradigm (Eigen et al.,
2014; Eftekhar et al., 2021; Ranftl et al., 2020) and recent
large-scale models like MoGe (Wang et al., 2025a;b) and
Depth Anything (Yang et al., 2024a;b) achieved remarkable
success, yet struggle with out-of-distribution scenarios such
as transparent or reflective surfaces.

Most recently, a generative paradigm has emerged, re-
framing dense prediction as conditional generation. Models
like Marigold (Ke et al., 2024) and GeoWizard (Fu et al.,
2024) leverage world priors from large-scale diffusion mod-
els (Rombach et al., 2022) for strong zero-shot generaliza-
tion. The adaptation of these priors follows three trajec-
tories: (a) stochastic generative methods (e.g., Marigold,
DepthFM (Gui et al., 2025)) use multi-step diffusion but
suffer from inference inefficiency and structural variance;
(b) deterministic feed-forward approaches (e.g., Diffusion-
E2E-FT (Martin Garcia et al., 2025), Lotus (He et al., 2025))
fine-tune backbones for speed but often lose fine-grained
details; (c) coarse-to-fine strategies (e.g., StableNormal (Ye
et al., 2024)) bridge this gap but often reintroduce stochastic-
ity in refinement. A critical limitation across these methods
is their underutilization of semantic conditioning—they typ-
ically use empty text prompts or simple category labels,
leaving rich semantic priors largely unexploited. This over-
looks the potential of dense visual semantics: recent self-
supervised encoders like DINOv2 (Oquab et al., 2023) and
DINOv3 (Siméoni et al., 2025) capture robust object-centric
representations that persist even under refractive distortions,
offering a more suitable guidance signal for geometry es-
timation. Our work builds upon this generative paradigm,
integrating such dense semantic guidance to address the
challenges of transparent materials.

2.2. Geometry Estimation for Transparent Objects

Perception of transparent objects is uniquely challenging
due to refraction and reflections that cause commodity depth

sensors to produce large holes or distortions. Related tasks
include transparent object segmentation (Xie et al., 2020;
2021; Sun et al., 2023) and 6D pose estimation (Zhang et al.,
2022; Jiang et al., 2024), which share similar optical chal-
lenges. Early methods like ClearGrasp (Sajjan et al., 2020)
and DREDS (Dai et al., 2022) pioneered learning-based
depth completion, while subsequent work (Zhu et al., 2021;
Xu et al., 2022; Hong et al., 2022; Cai et al., 2023) recov-
ered true depth from corrupted RGB-D inputs, enabled by
benchmarks like ClearPose (Chen et al., 2022) and Tran-
sCG (Fang et al., 2022). Physics-based approaches have
also explored monocular shape from refraction (Sulc et al.,
2021) and refractive flow for normal estimation (Tang et al.,
2024), while polarization cameras offer complementary nor-
mal cues (Shao et al., 2023). When multi-view RGB is
accessible, neural implicit representations enable full geom-
etry recovery (Ichnowski et al., 2021; Li et al., 2023; Zhou
et al., 2023; Deng et al., 2024; Sun et al., 2024; Li et al.,
2025), though requiring dense viewpoints. Very recently,
video diffusion models (Hu et al., 2025) have been adapted
for geometry estimation, with DKT (Xu et al., 2025b) ex-
tending this paradigm to transparent object depth; however,
these methods require temporal sequences as input, limit-
ing their applicability to single-image scenarios. Accurate
geometry also underpins robotic manipulation (Bai et al.,
2023; 2025b;a). Training data has evolved from Physics-
Based Rendering (PBR) (Sajjan et al., 2020) to generative
synthesis (Zhang & Agrawala, 2024; Agrawal et al., 2024).
Our approach fine-tunes a generative backbone on a curated
synthetic dataset that disentangles geometry from material
appearance, internalizing a rich prior of transparent phenom-
ena.

3. Preliminaries
Latent Diffusion Models. Our framework is built upon Sta-
ble Diffusion (Rombach et al., 2022), which performs the
diffusion process in a compressed latent space for computa-
tional efficiency. This is enabled by a pre-trained Variational
Auto-Encoder (VAE) consisting of an encoder E(·) and a
decoder D(·), which maps between RGB space and latent
space, i.e., E(x) = zx, D(zx) ≈ x. Following recent dense
prediction works (Ke et al., 2024; Fu et al., 2024; Xu et al.,
2025a; Ye et al., 2024), we also map dense annotations into
this latent space: E(y) = zy , D(zy) ≈ y.

Diffusion Process. Stable Diffusion establishes a probabilis-
tic model through a forward noising process and a reversal
denoising process. In the forward process, Gaussian noise is
gradually added to the latent zy over time steps t ∈ [1, T ] to
obtain the noisy sample zy

t =
√
αtz

y +
√
1− αtϵ, where

ϵ ∼ N (0, I), αt :=
∏t

s=1(1 − βs), and {β1, β2, . . . , βT }
is the noise schedule. At time-step T , the sample zy

T ap-
proximates pure Gaussian noise. In the reversal process, a
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Figure 2. Overview of the TransNormal framework. (a) Dual-Stream Encoding: the frozen VAE encoder Evae extracts RGB latent
zrgb, while a frozen DINOv3 encoder Evis with a trainable linear projector produces semantic conditioning csem; (b) Single-Step Direct
Prediction: the fine-tuned SD2 U-Net fθ directly regresses the normal latent ẑn from zrgb at a fixed timestep T , where the spatial
feature h(l) at each layer l provides queries Q, and csem provides keys K and values V for cross-attention; (c) Decoding & Wavelet
Regularization: the frozen VAE decoder Dvae reconstructs the predicted normal map N̂ , supervised by latent-space losses (Lrgb, Lnormal)
and wavelet-domain losses (LHF, LLL) that separately penalize high-frequency details and low-frequency structure. (§ 4)

U-Net fθ (Ronneberger et al., 2015) is trained to iteratively
remove noise from zy

t to recover the clean sample zy .

Single-Step Regression for Dense Prediction. While the
standard diffusion formulation relies on iterative sampling
for stochastic generation, dense prediction tasks (e.g., nor-
mal estimation) are inherently deterministic. Recent stud-
ies (Ke et al., 2024; He et al., 2025; Xu et al., 2025a) demon-
strate that the pre-trained U-Net can be effectively repur-
posed for direct regression. Adopting this strategy, we sim-
plify the inference process: instead of multi-step denoising,
we fix the timestep at T and train the network to directly
predict the clean annotation latent zy from the input image
latent zx in a single forward pass:

ẑy = fθ(z
x, T ). (1)

This approach leverages the strong priors of Stable Diffusion
while ensuring deterministic and efficient prediction.

Notation. For clarity in the subsequent method description
(§ 4), we adopt more descriptive subscripts: zx ≡ zrgb
denotes the RGB image latent and zy ≡ zn denotes the
normal map latent.

4. Method
Method Overview. Given an input RGB image I ∈
RH×W×3, our goal is to predict the surface normal map
N ∈ RH×W×3. We build TransNormal by repurposing
Stable Diffusion 2 (SD2) as a single-step normal predictor
with semantic conditioning. This section follows SD2’s data
flow: (a) encoders and semantic conditioning; (b) the U-

Net prediction module; and (c) VAE decoding and training
objectives.

4.1. Dual-Stream Encoding

Semantic Guidance via Visual Prompting. Previous
diffusion-based methods often rely on CLIP (Radford et al.,
2021) text encoders with generic or empty prompts, leaving
the powerful cross-attention mechanism underutilized. For
transparent objects, where refraction corrupts local textures,
such sparse conditioning is insufficient. We therefore re-
place the text encoder with a frozen DINOv3 visual encoder
Evis to extract dense, object-level semantic features:

Fsem = Evis(I) ∈ RNp×ddino , (2)

where Np = ⌊H/p⌋×⌊W/p⌋ is the number of patch tokens
with patch size p and feature dimension ddino. These features
are then projected into the U-Net’s cross-attention dimen-
sion via a trainable linear projector Wproj ∈ Rddino×dunet :

csem = FsemWproj ∈ RNp×dunet . (3)

This stream effectively acts as a dense “visual prompt”,
injecting robust semantic priors that persist even under re-
fractive distortions. The DINOv3 encoder is kept frozen
and only the lightweight projector Wproj is trained.

Latent Content Encoding. To leverage the generative
priors of Stable Diffusion, the second stream maps the input
image into the model’s native latent space using the frozen
VAE encoder Evae:

zrgb = Evae(I) ∈ Rh×w×4, (4)

4
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where (h,w) = (⌊H/8⌋, ⌊W/8⌋). This latent representa-
tion zrgb serves as the direct input to the U-Net, preserving
spatial structure and fine-grained details for the regression
task. Similarly, during training, the ground truth normal
map N is also encoded into the latent space:

zn = Evae(N) ∈ Rh×w×4. (5)

4.2. Single-Step Prediction with Semantic Injection

Detail Preserver via Dual-Task Learning. To avoid
catastrophic forgetting when fine-tuning a pre-trained diffu-
sion model (Zhai et al., 2023), we follow He et al. (2025)
and adopt their task switcher with two fixed task embed-
dings s ∈ {sn, srgb}, added to the time embedding as class-
label conditions. The same U-Net fθ serves both tasks: sn
triggers normal prediction and srgb triggers RGB reconstruc-
tion. These embeddings are kept fixed during training. This
switch preserves fine detail while adapting the model to
geometry.

Single-Step Normal Prediction. Unlike prior diffusion-
based methods that inject noise and recover clean latents
through iterative denoising, we directly input clean RGB
latents and predict normal latents in a single forward pass.
We initialize the predictor fθ from the SD2 U-Net and fully
fine-tune it for single-step normal regression. The model
predicts the clean normal latent conditioned on the RGB
latent, semantic features, and the normal task embedding
sn:

ẑn = fθ(zrgb, T, csem, sn), (6)

where T is a fixed timestep embedding. Similarly, the RGB
reconstruction task predicts ẑrgb = fθ(zrgb, T, csem, srgb).
As illustrated in Fig. 2, the U-Net follows a standard
encoder-decoder structure with skip connections. At each
layer l, we flatten the spatial feature map into tokens
h(l) ∈ Rn×dl , where n is the number of spatial tokens
and dl is the feature channel dimension at layer l. We then
apply cross-attention with csem as keys and values:

Q = h(l)WQ, K = csemWK , V = csemWV ,

CrossAttn(h(l), csem) = Softmax
(
QK⊤
√
dk

)
V ,

(7)

where dk is the attention head dimension. This design allows
spatial features to query high-level semantics for geometry
inference under ambiguous transparency cues.

4.3. Decoding & Wavelet Regularization

Decoding. The predicted latent is decoded to the pixel
space in a single step:

N̂ = Dvae(ẑn). (8)

Pred Normal

Wavelet 
Transform 

Wavelet 
Transform 

Normal GT

(LH, HL,
HH)=HF

(LH, HL,
HH)=HF

Figure 3. Illustration of our Wavelet Edge-Aware Regulariza-
tion. We decompose both predicted and ground truth normals
using the Haar wavelet transform into low-frequency (LL) and
high-frequency (LH, HL, HH) sub-bands. An edge mask Medge
derived from GT normals enables spatially selective supervision:
① LL fidelity ensures correct overall shape; ② edge-aligned HF
supervision preserves sharp boundaries only at true edges. (§ 4.3)

Training Losses. We use three losses: Lnormal, Lrgb, and
Lwavelet. We define the latent reconstruction losses as:

Lnormal = ∥ẑn − zn∥22, Lrgb = ∥ẑrgb − zrgb∥22. (9)

Wavelet Edge-Aware Regularization. Laboratory glass-
ware exhibits a distinctive geometric prior: sharp normal
discontinuities occur primarily at object boundaries and
structural edges (e.g., rims, bases, and liquid-glass inter-
faces), while interior regions exhibit smooth, continuous
surfaces. Standard pixel-wise losses treat all regions uni-
formly, often over-smoothing edges to minimize global error.
We address this through a wavelet-based regularization that
provides edge-selective frequency supervision (Fig. 3).

Using the 2D Haar wavelet transform W , we decompose
both the predicted normal N̂ and ground truth N :

W(N̂) = {L̂L, L̂H, ĤL, ĤH},
W(N) = {LL,LH,HL,HH},

(10)

where LL ∈ R3×H
2 ×W

2 is the low-frequency approxima-
tion and HF = [LH;HL;HH] ∈ R9×H

2 ×W
2 denotes the

channel-wise concatenation of the three high-frequency sub-
bands; predicted sub-bands use a hat, e.g., L̂L and ĤF . We
define the edge mask Medge = 1

2 (∥∇xN∥2 + ∥∇yN∥2),
normalized to [0, 1] and downsampled to match the sub-
band resolution, where ∇x and ∇y denote finite differences.
The wavelet loss is then:

LLL = ∥L̂L− LL∥1,
LHF = ∥Medge ⊙ (ĤF −HF )∥1,

Lwavelet = LLL + LHF.

(11)
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Table 1. Quantitative comparison on transparent object normal estimation. We evaluate on ClearGrasp, our proposed TransNormal-
Synthetic, and ClearPose datasets. Metrics: mean angular error (Mean↓, lower is better) and percentage of pixels within 11.25◦ and 30◦

thresholds (↑, higher is better). TransNormal achieves the best results across all three datasets. The best , second best , and third best
results are highlighted. ⋆: diffusion-based; †: transformer-based. SA: SIGGRAPH Asia. (§ 5.4)

Method Venue ClearGrasp (Synthetic) TransNormal-Synthetic ClearPose (Real-World) Avg.
Mean↓ 11.25◦ ↑ 30◦ ↑ Mean↓ 11.25◦ ↑ 30◦ ↑ Mean↓ 11.25◦ ↑ 30◦ ↑ Rank

Omnidata (Eftekhar et al.) ICCV 21 36.9 15.1 49.1 11.3 80.9 89.3 48.3 10.8 33.8 12.3
Omnidata V2† (Kar et al.) CVPR 22 33.8 18.3 55.9 8.2 87.0 92.6 51.7 13.8 33.2 10.9
GeoWizard⋆ (Fu et al.) ECCV 24 31.3 20.8 59.5 9.4 78.9 95.0 36.8 14.2 49.7 10.1
StableNormal⋆ (Ye et al.) SA 24 32.0 17.5 65.3 7.6 86.8 96.3 37.1 14.1 57.5 8.9
Marigold⋆ (Ke et al.) CVPR 24 27.6 31.0 65.3 6.2 90.4 96.3 33.0 25.5 57.5 6.3
DSINE (Bae & Davison) CVPR 24 25.7 26.4 68.6 13.2 70.3 90.7 40.2 15.9 46.3 9.6
Diff-E2E-FT⋆ (Martin Garcia et al.) WACV 25 22.6 42.1 73.3 5.2 91.9 97.0 32.0 32.5 59.4 3.3
GenPercept⋆ (Xu et al.) ICLR 25 25.8 30.3 70.9 6.9 87.6 97.0 31.6 31.2 63.0 4.2
Lotus-G⋆ (He et al.) ICLR 25 21.7 39.7 75.4 8.2 82.3 96.7 31.8 28.8 60.4 5.2
Lotus-D⋆ (He et al.) ICLR 25 21.9 37.0 75.7 9.0 80.9 97.1 31.3 23.2 59.5 5.3
MoGe-2† (Wang et al.) NeurIPS 25 26.6 17.0 64.2 6.2 90.1 96.8 36.2 14.3 48.3 7.8
Diception⋆ (Zhao et al.) NeurIPS 25 29.5 25.8 65.3 7.1 88.3 97.3 31.0 33.8 63.5 5.0

TransNormal (Ours) - 16.4 51.7 85.0 4.1 93.5 98.2 26.3 35.9 69.8 1.0

Table 2. Ablation on loss functions. We
evaluate different wavelet loss configura-
tions: without wavelet, LL only, LL + inte-
rior HF, and our LL + edge HF. Our configu-
ration achieves the best performance. (§ 5.4)

Loss Configuration ClearPose
Mean↓ 11.25◦ ↑ 30◦ ↑

w/o Lwavelet 29.1 30.0 64.1
LL only 29.4 29.4 64.1
LL + interior HF 27.6 33.5 67.1
LL + edge HF (Ours) 26.3 35.9 69.8

Table 3. Ablation on semantic en-
coder. We compare DINOv2, SigLIP2,
SAM2, and DINOv3 as semantic guid-
ance sources. DINOv3 (Ours) yields
the best results. (§ 5.4)

Encoder ClearPose
Mean↓ 11.25◦ ↑ 30◦ ↑

DINOv2 28.5 30.9 66.1
SigLIP2 27.2 34.5 67.8
SAM2 28.5 31.1 66.1
DINOv3 (Ours) 26.3 35.9 69.8

Table 4. Ablation on fine-tuning strategies. We
compare: removing DINOv3 guidance entirely,
applying LoRA to U-Net or DINOv3, versus our
full U-Net fine-tuning with frozen DINOv3. Our
strategy achieves the best performance. (§ 5.4)

Method Fine-tuning ClearPose
DINOv3 U-Net Mean↓ 11.25◦ ↑ 30◦ ↑

w/o DINOv3 – Full FT 27.7 33.4 67.2
U-Net LoRA Frozen LoRA 29.8 26.2 63.4
DINOv3 LoRA LoRA Full FT 27.5 34.7 67.5
Ours Frozen Full FT 26.3 35.9 69.8

The two terms target complementary geometric aspects:
① Low-frequency fidelity: supervises the LL sub-band to
ensure correct overall shape and smooth curvature alignment
with the ground truth. ② Edge-selective high-frequency
alignment: enforces HF fidelity only at edges (weighted by
Medge), preserving sharp boundary reconstruction without
introducing constraints on interior regions.

Total Loss. The final objective combines the normal/RGB
losses with the wavelet regularization:

Ltotal = Lnormal + λrgbLrgb + λwvLwavelet. (12)

5. Experiments
5.1. Implementation Details

We implement the proposed TransNormal by fine-tuning
Stable Diffusion 2 (Rombach et al., 2022). During training,
the VAE encoder and decoder are kept frozen, while the
U-Net parameters and the linear projector are updated. The
task embeddings sn and srgb remain fixed. For the DINOv3
encoder, we use patch size p = 16. For optimization, we use
the AdamW (Loshchilov & Hutter, 2019) optimizer with
a learning rate of 3 × 10−5. We apply random horizontal
flipping for data augmentation during training. All models
are trained on 8 NVIDIA A100 GPUs (80G) with a total

batch size of 32 for 15,000 steps. During inference, we
directly predict the normal map in a single inference step.
For loss weights, we set λrgb = 1.0 and λwv = 0.1, with
equal weights for the LL and edge high-frequency terms in
the wavelet regularization.

5.2. Environment Setup

Training Data. This work aims to achieve strong perfor-
mance using relatively limited supervised data. The nor-
mal estimation task is trained solely on a collection of syn-
thetic data. During training, we sample from the following
datasets with a ratio of 35:15:45:5: ① ClearGrasp (Sajjan
et al., 2020) (35%): a dataset for transparent objects con-
taining 45,454 synthetic normal images; ② TransNormal-
Synthetic (15%): a Blender-rendered dataset of laboratory
scenes with transparent glassware introduced in this work,
providing 3,555 training and 395 testing samples with pixel-
accurate normals, depth, and segmentation masks (details in
Appendix A); ③ Hypersim (Roberts et al., 2021) (45%): a
photorealistic synthetic dataset of 461 indoor scenes, from
which we utilize the official training split retaining 39,648
samples after filtering, resized to 576 × 768; ④ Virtual
KITTI (Cabon et al., 2020) (5%): a synthetic street-scene
dataset covering five urban scenes, from which we use four
scenes comprising 33,580 samples, cropped to 352×1216.
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Figure 4. Qualitative comparison on transparent object normal estimation. We compare our method against state-of-the-art approaches
across TransNormal-Synthetic, ClearGrasp, and ClearPose datasets. For each dataset, the top row shows predicted normals and the bottom
row shows angular error maps (blue: low, red: high). Notably, even on ClearPose, an extremely challenging real-world dataset with
diverse transparent objects under cluttered scenes, our method achieves superior zero-shot performance compared to other approaches.
Existing methods produce blurry or incorrect normals on transparent regions due to refraction, while our method recovers sharp and
accurate surface geometry. Please zoom in Û for details. (§ 5.3)

Evaluation Data. We evaluate TransNormal on transpar-
ent object normal estimation using: the synthetic test split
of ClearGrasp (Sajjan et al., 2020) (408 samples), the held-
out test set of TransNormal-Synthetic (395 samples), and
ClearPose (Chen et al., 2022) (120 samples). ClearPose
is a challenging real-world dataset with diverse transpar-
ent objects under varying lighting conditions; we use it for
zero-shot evaluation (not included in training) to assess gen-
eralization. For ClearPose, we use the subset with available
meshes and recompute normals by reprojecting the ground-
truth mesh, evaluating only within the transparent object
mask. We apply this protocol to all compared methods.

Baselines. We compare TransNormal against representa-
tive normal estimation methods on the task of transparent
object normal reconstruction. The baselines include models
trained on opaque or general scenes (Omnidata (Eftekhar
et al., 2021), Omnidata V2 (Kar et al., 2022), DSINE (Bae
& Davison, 2024)) and diffusion-based dense prediction
methods (GeoWizard (Fu et al., 2024), StableNormal (Ye

et al., 2024), Marigold (Ke et al., 2024), Lotus (He et al.,
2025), Diffusion-E2E-FT (Martin Garcia et al., 2025), Gen-
Percept (Xu et al., 2025a), MoGe-2 (Wang et al., 2025b),
Diception (Zhao et al., 2025)).

5.3. Qualitative Results

Comparison with Baselines. Fig. 4 presents qualita-
tive comparisons between TransNormal and state-of-the-art
methods across three transparent object benchmarks. For
each dataset, the first row shows predicted normal maps, and
the second row displays error maps within the transparent
object mask (blue: low error, red: high error). Existing meth-
ods produce severely distorted normal predictions in trans-
parent regions, as they are misled by refracted background
textures. In contrast, TransNormal leverages DINOv3 se-
mantic guidance to provide high-level shape understanding,
enabling accurate geometry recovery even under challeng-
ing refractive conditions. Additional qualitative results are
provided in Appendix C.1, and in-the-wild generalization
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examples are shown in Appendix C.3.

5.4. Quantitative Results

Metrics. Following prior works (Bae & Davison, 2024;
Ye et al., 2024; He et al., 2025), we measure the mean
angular error (Mean↓) and the percentage of pixels within
11.25◦ and 30◦ thresholds (↑). The Avg. Rank is computed
by ranking each method on every metric across all three
datasets, then averaging all nine per-metric ranks.

Results on ClearGrasp. On the synthetic ClearGrasp
benchmark, TransNormal achieves a mean angular error
of 16.4°, outperforming the previous best method Lotus-
G (21.7°) by 24.4% relative improvement. Our method
achieves 51.7% accuracy at the strict 11.25° threshold and
85.0% at 30°, indicating better fine-grained geometric accu-
racy. These results suggest that DINOv3 semantic guidance
helps reduce ambiguities caused by refraction in transparent
objects, where discriminative methods like DSINE (25.7°)
and recent diffusion-based methods like Marigold (27.6°)
struggle due to misleading local texture cues.

Results on TransNormal-Synthetic. Our proposed syn-
thetic benchmark provides controlled evaluation of transpar-
ent object understanding. TransNormal achieves the best
performance with 4.1° mean error and 93.5% accuracy at
11.25°, surpassing the strong baseline Diffusion-E2E-FT
(5.2°, 91.9%). The consistent gains across metrics sug-
gest that our semantic-guided architecture helps disentangle
geometry from optical appearance, which is a key design
principle of the TransNormal-Synthetic dataset.

Results on ClearPose. On the large-scale ClearPose dataset,
TransNormal achieves the best results among the compared
methods with 26.3° mean error and 69.8% accuracy at 30°,
outperforming Diception (31.0°, 63.5%) and Lotus-D (31.3°,
59.5%). The 15.2% relative improvement in mean error
suggests good generalization to diverse transparent object
categories and poses. Traditional methods trained on opaque
objects show large degradation (Omnidata V2: 51.7°), while
our approach maintains best performance by leveraging
semantic understanding to infer plausible geometry under
challenging refractive conditions.

Ablation Studies. We conduct comprehensive ablation
experiments on the ClearPose dataset to validate the effec-
tiveness of our key design choices (Tab. 2, Tab. 3, Tab. 4,
and Fig. 5).

① Loss function design (Tab. 2, details in Appendix B.2).
Our wavelet-based loss design is important for transpar-
ent objects. Removing the wavelet regularization increases
mean error from 26.3° to 29.1°, a 10.6% relative degrada-
tion. The spatially-selective frequency supervision is key:
supervising only the LL sub-band lacks edge sharpness. The
“LL + interior HF” configuration improves upon LL-only

(a) Input (b) w/o DINO (c) w/o Wavelet (d) Ours (Full)

Figure 5. Qualitative ablation study on in-the-wild objects. (a)
In-the-wild input RGB image, a transparent cup with a flower
inside. (b) Without DINOv3 semantic guidance, the model fails
to recognize that the cup is transparent, incorrectly predicting the
internal flower as surface geometry. (c) Without wavelet loss, the
output exhibits discontinuous artifacts on smooth surfaces. (d) Our
full model achieves both correct transparency understanding and
smooth, continuous predictions. (§ 5.4)

by suppressing spurious gradients in smooth regions, but
still underperforms our full design that emphasizes edge-
selective HF alignment.

② Semantic encoder choice (Tab. 3, details in Appendix B.3).
We compare four vision encoders for semantic guid-
ance. DINOv3 achieves the best results across all met-
rics, outperforming DINOv2 (Oquab et al., 2023) (28.5°),
SigLIP2 (Tschannen et al., 2025) (27.2°), and Segment Any-
thing Model 2 (SAM2) (Ravi et al., 2024) (28.5°). The
superior performance of DINOv3 can be attributed to its
stronger object-level semantic understanding, which is criti-
cal for inferring geometry from misleading optical cues.

③ Fine-tuning strategies (Tab. 4, details in Appendix B.4).
Full fine-tuning (Full FT) of the U-Net with frozen DI-
NOv3 encoder achieves the best performance (26.3° mean
error). Removing DINOv3 guidance degrades performance
to 27.7°, confirming the importance of semantic features.
LoRA-based adaptation hurts performance for both U-Net
and DINOv3, suggesting that bridging the domain gap re-
quires sufficient model capacity and that fine-tuning the
encoder on limited data risks overfitting.

6. Conclusion
We present TransNormal, a framework for transparent ob-
ject normal estimation that elevates the task from low-level
feature extraction to high-level scene understanding. By
replacing the underutilized text conditioning in Stable Dif-
fusion with dense DINOv3 visual semantics, we transform
the cross-attention mechanism into a powerful semantic-
injection channel that resolves geometric ambiguities caused
by refraction and reflection. TransNormal achieves the best
results among the compared methods across three transpar-
ent object benchmarks with an average rank of 1.0, using
only ∼122K synthetic training samples (∼1.4% of MoGe-
2’s 8.9M). This supports the effectiveness of adapting gener-
ative priors with semantic guidance for specialized geomet-
ric tasks, and suggests a path toward more reliable embodied
AI systems in laboratory automation.
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Impact Statement
This paper advances geometric perception for transparent
objects, with applications in laboratory automation that may
accelerate scientific discovery. Our work does not involve
human subjects or personal data, and the synthetic dataset
is generated from 3D models without privacy concerns. We
do not foresee negative societal consequences beyond those
common to general advances in computer vision.
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Figure 6. Scene gallery of TransNormal-Synthetic. Representative RGB renderings from different laboratory scenes, showcasing the
diversity of transparent glassware configurations, lighting conditions, and background setups. (§ A)

A. The TransNormal-Synthetic Dataset
To address the scarcity of high-quality surface normal annotations for transparent objects, we introduce TransNormal-
Synthetic, a curated synthetic dataset specifically designed for robust geometric perception. Leveraging the advanced
physics-based rendering capabilities of Blender, we generate a diverse set of laboratory-style scenes containing ubiquitous
transparent glassware such as beakers, test tubes, and pipettes. We will release the Blender scripts and .blend files
(including various material presets), enabling users to construct custom datasets through simple scene composition.

A.1. Data Generation and Composition

TransNormal-Synthetic provides comprehensive multi-modal labels across 10 scenes, with 3,950 images in total. Each
sample consists of the following components:

• RGB Image Sequences: To encourage invariance to optical appearance, each viewpoint includes three versions:
(1) RGB, the standard rendering containing transparent objects; (2) RGB with randomized material, rendered by
randomizing the transparent material parameters while keeping geometry fixed; and (3) RGB background-only,
rendered by removing transparent objects to provide a clean reference.

• Diverse Material Presets: We provide multiple material options including translucent, fully transparent, and specu-
lar/glossy materials, enabling systematic evaluation under varying optical properties.

• High-Precision Ground Truth: We export pixel-accurate surface normal maps and 16-bit depth maps directly from
the rendering engine. The depth maps are normalized following a 10m maximum distance protocol, consistent with
laboratory-scale sensing.

• Comprehensive Masks: Each sample includes detailed segmentation masks, specifically identifying all objects
(foreground mask) and specifically isolating transparent surfaces (mask transparent).

• Camera Parameters: Full intrinsic matrices and 6D camera poses are provided to support potential downstream
geometric reasoning tasks.

A.2. Material-Decoupled Design for Future Research

Beyond standard RGB-normal pairs, TransNormal-Synthetic provides a material-decoupled structure that enables future
research on appearance-invariant geometry learning. By providing paired renderings that randomize transparent material
parameters while keeping geometry fixed, this design can force a model to recognize that while the RGB appearance changes
drastically with material variations, the underlying surface normal remains constant.
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The inclusion of RGB background-only reference images further enables auxiliary tasks such as background inpainting,
potentially leading to deeper understanding of light transport in refractive and scattering regions. While our current
method uses only the standard RGB renderings, we release these additional modalities to support future exploration of
material-invariant training strategies.

B. More Quantitative Results
B.1. Inference Efficiency

We benchmark TransNormal on a single NVIDIA A100 GPU, reporting average latency, FPS, and memory usage over 10
runs (Tab. 5). Mixed precision (BF16/FP16) yields ∼2.5× speedup over FP32, achieving 4.03 FPS. Peak memory is ∼11
GB, fitting within 16GB consumer GPUs.

Table 5. Inference efficiency of TransNormal (averaged over runs). Incremental memory is peak minus model load. (§ B.1)

Precision Time (ms) FPS Peak Mem (MB) Delta Mem (MB) Model Load (MB)

BF16 247.98 4.03 11098.4 3642.2 7447.0
FP16 247.63 4.03 11098.0 3642.0 7447.0
FP32 615.43 1.63 10467.6 2200.1 8255.8

B.2. Loss Function Ablation Across Datasets

Tab. 6 evaluates our loss design across all benchmarks. We compare: (1) removing RGB reconstruction loss, (2) removing
wavelet loss entirely, (3) supervising only LL sub-band, (4) LL + interior HF suppression, and (5) our full design with LL +
edge-selective HF. Interior regions are defined as (1−Medge), where Medge is the normalized GT normal gradient.

Table 6. Extended ablation on loss function design across three datasets. We evaluate the contribution of each wavelet regularization
component. The edge-selective high-frequency supervision (LL + edge HF) consistently outperforms alternatives. (§ B.2)

Loss Configuration ClearGrasp TransNormal-Synthetic ClearPose
Mean↓ 5◦ ↑ 7.5◦ ↑ 11.25◦ ↑ 22.5◦ ↑ 30◦ ↑ Mean↓ 5◦ ↑ 7.5◦ ↑ 11.25◦ ↑ 22.5◦ ↑ 30◦ ↑ Mean↓ 5◦ ↑ 7.5◦ ↑ 11.25◦ ↑ 22.5◦ ↑ 30◦ ↑

w/o Lrgb 16.7 17.9 32.2 50.2 77.2 85.1 4.7 76.2 88.9 93.2 97.0 98.1 26.7 10.1 19.1 32.5 59.4 69.1
w/o Lwavelet 17.3 17.0 30.8 48.3 75.4 83.9 5.3 75.9 88.2 92.9 96.9 98.0 29.1 9.2 17.6 30.0 54.6 64.1
LL only 16.5 18.9 33.5 50.9 77.3 85.3 4.4 80.9 89.3 93.4 97.2 98.2 29.4 9.0 17.2 29.4 54.5 64.1
LL + interior HF 16.6 18.4 33.0 50.8 77.4 85.3 4.5 80.8 89.4 93.4 97.2 98.2 27.6 11.1 20.6 33.5 57.6 67.1
LL + edge HF (Ours) 16.4 19.7 34.4 51.7 77.2 85.0 4.1 84.1 90.3 93.5 97.1 98.2 26.3 11.0 21.6 35.9 61.0 69.8

B.3. Semantic Encoder Ablation Across Datasets

Tab. 8 compares four visual encoders, DINOv2, SigLIP2, SAM2, and DINOv3, across all three benchmarks, extending the
analysis from Tab. 3. Tab. 7 lists the specific model variants and their specifications, including parameter counts, patch sizes,
and feature dimensions.

Table 7. Visual encoder specifications. Model variants, parameter counts, patch sizes, and feature dimensions for the four encoders
compared in the semantic encoder ablation (§ B.3).

Encoder Model Params Patch Size Feature Dim

DINOv2 dinov2-vitl14 304M 14 1024
SigLIP2 siglip2-large-patch16-384 304M 16 1024
SAM2 sam2-hiera-large 224M 16 256
DINOv3 (Ours) dinov3-vith16plus 840M 16 1280

B.4. Fine-Tuning Strategy Ablation Across Datasets

Tab. 9 extends the fine-tuning strategy ablation from the main paper (Tab. 4) to all three benchmarks. We evaluate five
configurations: (1) removing DINOv3 guidance entirely (using empty text prompt), (2) replacing DINOv3 with text prompt
encoding (e.g., “normal map”), (3) applying LoRA to the U-Net, (4) applying LoRA to DINOv3, and (5) our full model
with frozen DINOv3 and fully fine-tuned U-Net.

14



770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812
813
814
815
816
817
818
819
820
821
822
823
824

TransNormal: Dense Visual Semantics for Diffusion-based Transparent Object Normal Estimation

Table 8. Extended ablation on semantic encoder choice across three datasets. We evaluate DINOv2, SigLIP2, SAM2, and DINOv3
(ours) as visual semantic guidance. DINOv3 consistently outperforms alternatives across both synthetic and real-world benchmarks.
(§ B.3)

Encoder ClearGrasp TransNormal-Synthetic ClearPose
Mean↓ 5◦ ↑ 7.5◦ ↑ 11.25◦ ↑ 22.5◦ ↑ 30◦ ↑ Mean↓ 5◦ ↑ 7.5◦ ↑ 11.25◦ ↑ 22.5◦ ↑ 30◦ ↑ Mean↓ 5◦ ↑ 7.5◦ ↑ 11.25◦ ↑ 22.5◦ ↑ 30◦ ↑

DINOv2 16.5 17.2 31.3 48.9 77.2 85.9 3.9 83.4 90.0 93.7 97.2 98.2 28.5 8.9 17.8 30.9 56.7 66.1
SigLIP2 16.7 18.0 31.8 49.2 76.9 85.3 4.7 74.0 90.3 93.8 97.3 98.3 27.2 11.0 21.3 34.5 58.7 67.8
SAM2 16.6 17.0 31.1 49.0 77.6 86.0 5.0 77.3 88.7 93.3 97.1 98.1 28.5 9.7 18.4 31.1 56.3 66.1
DINOv3 (Ours) 16.4 19.7 34.4 51.7 77.2 85.0 4.1 84.1 90.3 93.5 97.1 98.2 26.3 11.0 21.6 35.9 61.0 69.8

Table 9. Extended ablation on fine-tuning strategies across three datasets. We report mean angular error (Mean↓) and percentage of
pixels within various angular thresholds (↑). Results demonstrate consistent trends across synthetic (ClearGrasp, TransNormal-Synthetic)
and real-world (ClearPose) benchmarks. (§ B.4)

Method Fine-tuning ClearGrasp TransNormal-Synthetic ClearPose
DINOv3 U-Net Mean↓ 5◦ ↑ 7.5◦ ↑ 11.25◦ ↑ 22.5◦ ↑ 30◦ ↑ Mean↓ 5◦ ↑ 7.5◦ ↑ 11.25◦ ↑ 22.5◦ ↑ 30◦ ↑ Mean↓ 5◦ ↑ 7.5◦ ↑ 11.25◦ ↑ 22.5◦ ↑ 30◦ ↑

w/o DINOv3 – Full FT 16.6 16.8 31.2 49.2 77.2 85.7 4.5 78.8 90.3 93.8 97.3 98.2 27.7 10.8 20.1 33.4 58.1 67.2
Text Prompt Text Full FT 16.3 17.7 32.2 50.8 77.9 85.9 5.5 66.0 83.1 92.8 97.2 98.2 27.5 11.1 20.7 33.7 58.5 67.6
U-Net LoRA Frozen LoRA 16.3 17.4 32.0 50.2 78.5 86.4 5.7 61.4 83.7 92.3 96.8 97.8 29.8 6.6 14.0 26.2 53.0 63.4
DINOv3 LoRA LoRA Full FT 16.9 18.3 32.9 51.2 76.9 84.6 4.6 78.6 88.7 93.4 97.2 98.2 27.5 11.0 21.0 34.7 59.0 67.5
Full model (Ours) Frozen Full FT 16.4 19.7 34.4 51.7 77.2 85.0 4.1 84.1 90.3 93.5 97.1 98.2 26.3 11.0 21.6 35.9 61.0 69.8

B.5. Training Data Ratio Ablation

Our training combines ClearGrasp (CG) and TransNormal-Synthetic (TN)—both synthetic transparent object datasets with
different object diversity and rendering characteristics. We ablate the CG:TN sampling ratio while keeping other data
sources (Hypersim, Virtual-KITTI) fixed, evaluating five configurations from CG-dominant (45:5) to TN-dominant (20:30).
Tab. 10 shows that our default 35:15 ratio achieves strong overall performance, particularly on ClearPose—a zero-shot
evaluation benchmark—indicating better generalization to unseen real-world scenarios.

Table 10. Ablation on training data sampling ratio. We vary the balance between ClearGrasp (CG) and TransNormal-Synthetic
(TN)—both synthetic transparent object datasets—while keeping other data sources fixed. Results show that our default ratio (35:15)
achieves strong performance, while the sensitivity to exact ratios is relatively low. (§ B.5)

CG:TN ClearGrasp TransNormal-Synthetic ClearPose
Mean↓ 5◦ ↑ 7.5◦ ↑ 11.25◦ ↑ 22.5◦ ↑ 30◦ ↑ Mean↓ 5◦ ↑ 7.5◦ ↑ 11.25◦ ↑ 22.5◦ ↑ 30◦ ↑ Mean↓ 5◦ ↑ 7.5◦ ↑ 11.25◦ ↑ 22.5◦ ↑ 30◦ ↑

40:10 16.4 18.1 32.3 50.5 77.8 85.6 4.4 81.6 89.1 93.2 97.0 98.1 26.8 10.8 20.9 34.5 59.7 68.6
25:25 16.5 18.4 33.0 51.4 77.9 85.4 4.2 82.2 89.8 93.7 97.3 98.3 26.7 11.0 20.6 33.9 59.2 68.5
20:30 16.9 18.2 33.3 51.3 77.1 84.6 5.0 73.0 88.4 93.4 97.2 98.2 28.5 10.5 19.5 32.5 57.0 66.2
45:5 16.9 19.1 33.2 49.9 76.0 84.4 4.5 80.1 90.1 93.6 97.2 98.1 27.1 11.1 20.7 34.0 58.7 67.9
35:15 (Ours) 16.4 19.7 34.4 51.7 77.2 85.0 4.1 84.1 90.3 93.5 97.1 98.2 26.3 11.0 21.6 35.9 61.0 69.8

C. More Qualitative Results
C.1. Extended Baseline Comparisons

Analysis. Fig. 10 and Fig. 11 present additional comparisons with 9 baseline methods on TransNormal-Synthetic and
ClearGrasp. Across all examples, we observe consistent trends: ① baseline methods tend to over-smooth edges due to the
lack of semantic guidance for distinguishing object boundaries from refracted backgrounds; ② methods without wavelet
regularization produce blurred predictions on interior surfaces; ③ TransNormal maintains sharp edge reconstruction while
preserving smooth interior surfaces, validating our design choices.

C.2. DINOv3 Semantic Feature Visualization

A core claim of TransNormal is that DINOv3 semantic features help resolve the appearance-geometry decoupling problem in
transparent objects: refraction and transmission cause local RGB appearance to be dominated by background imagery rather
than the object’s intrinsic geometry. To validate this, we visualize the dense patch tokens extracted from DINOv3’s final layer
using Principal Component Analysis (PCA). The first three principal components are mapped to RGB channels, producing
a colorized representation where similar colors indicate semantically similar regions. As shown in Fig. 12(b), DINOv3
features cluster by object structure—the eyewear forms coherent semantic groups distinct from the background—despite
the transparent material causing the background to be visible through the lenses. This object-level semantic understanding
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enables our method to correctly infer surface geometry.

C.3. Additional In-the-Wild Results

To evaluate whether TransNormal generalizes beyond laboratory glassware, we conduct zero-shot inference on in-the-wild
transparent objects. Since ground truth is unavailable for these images, we perform qualitative comparison against 6
baselines: Lotus-D, DSINE, Diception, GeoWizard, Marigold, and MoGe-2 (Fig. 13).

D. Limitations and Future Work
While TransNormal significantly advances transparent object normal estimation, several directions warrant further explo-
ration:

Multi-view and Temporal Consistency. Our current framework focuses on single-view estimation. Incorporating multi-
view consistency constraints or temporal coherence for video sequences could further improve robustness and enable
applications in dynamic manipulation scenarios.

Generalization to Other Dense Prediction Tasks. The semantic-guided architecture demonstrates strong performance
on normal estimation. Exploring its generalization to other dense prediction tasks such as depth estimation, optical flow, or
material property prediction represents a promising avenue for future research.
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RGB Normal Depth Mask RGB w/o trans Normal w/o trans

Figure 7. Multi-modal annotations in TransNormal-Synthetic. Each row shows a different scene with six annotation types. The
material-decoupled design (with/without transparent objects) enables the model to learn geometry invariant to optical appearance. (§ A.1)
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RGB Normal Depth

Foreground Mask Transparent Mask RGB (randomized material)

RGB w/o Transparent Objects Normal w/o Transparent Objects Depth w/o Transparent Objects

Figure 8. Annotation detail visualization. (Row 1) Standard rendering with transparent objects; (Row 2) Foreground mask, transparent
mask, and RGB with randomized transparent material; (Row 3) Reference rendering without transparent objects. This triplet structure
enables geometry-appearance disentanglement. (§ A.1)
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RGB Normal Depth RGB Normal Depth

Figure 9. Comprehensive scene coverage in TransNormal-Synthetic. RGB images, surface normals, and depth maps across 10
representative scenes, demonstrating the dataset’s coverage of diverse transparent object arrangements, viewpoints, and lighting conditions.
(§ A)
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Figure 10. Extended qualitative comparison with baseline methods. We compare against 9 baselines. Top rows show predicted
normals; bottom rows show angular error maps (blue: low, red: high). Our method consistently produces sharper edges and lower error on
transparent regions. Please zoom in Û for details. (§ C.1)
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Figure 11. Extended qualitative comparison with baseline methods. We compare against 9 baselines. Top rows show predicted
normals; bottom rows show angular error maps (blue: low, red: high). Our method produces sharper edges and lower error on transparent
regions. Please zoom in Û for details. (§ C.1)

(a) Input (b) DINOv3 (PCA) (c) Lotus-D (d) Ours

Figure 12. DINOv3 semantic features capture object-level geometry priors. (a) Input RGB image of transparent safety glasses
exhibiting refraction and transmission; (b) DINOv3 patch tokens visualized via PCA—semantic features cluster by object structure rather
than local texture, encoding canonical shape priors that distinguish the eyewear from refracted background textures and transmission
artifacts; (c) Lotus-D struggles with transparent surfaces, producing noisy predictions affected by shadows and transmitted background
imagery; (d) Our method leverages DINOv3 semantics to correctly recover smooth surface geometry. (§ C.2)
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Input Ours Lotus-D (He et al., 2025) DSINE (Bae & Davison, 2024)

Diception (Zhao et al., 2025) GeoWizard (Fu et al., 2024) Marigold (Ke et al., 2024) MoGe-2 (Wang et al., 2025b)

Input Ours Lotus-D (He et al., 2025) DSINE (Bae & Davison, 2024)

Diception (Zhao et al., 2025) GeoWizard (Fu et al., 2024) Marigold (Ke et al., 2024) MoGe-2 (Wang et al., 2025b)

Figure 13. Additional qualitative results on in-the-wild images. We evaluate TransNormal on in-the-wild transparent objects and
compare with 6 baselines. TransNormal produces more coherent surface normals on transparent regions, while baselines tend to be misled
by refracted background textures or produce over-smoothed predictions. (§ C.3)
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