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1. Synthetic Data Generation

We constructed a large-scale synthetic multi-layer dataset comprising approximately 500k stereo RGB pairs. This dataset
includes aligned per-layer depth and disparity maps, instance and semantic masks for transmissive objects, and corresponding
camera intrinsics and extrinsics.

1.1. Data Generation Pipeline

Our data generation pipeline is implemented using Blender and its Python API, leveraging high-quality 3D assets sourced
from BlenderKit [1]. The pipeline consists of three primary stages: (1) scene setup, (2) material and geometry variation, and
(3) rendering. Figure 1 illustrates the overall workflow.
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Figure 1. Synthetic data generation pipeline.

In the first stage, we prepare the base scene for rendering. To ensure diversity, we developed two distinct scene configura-
tion protocols: a realistic setting and a randomized setting. In both settings, camera paths are procedurally generated using
various primitives, including lines, circles, ellipses, and splines. In the realistic setting, objects are arranged to mimic real-
world multi-layered environments. We applied manual modifications, such as object addition, removal, and repositioning, to
base scenes provided by BlenderKit, while adjusting materials to fit our requirements. The scene composition includes both
opaque objects and see-through entities, ranging from transparent items (e.g., windows, glass containers, acrylic tables) to
porous structures (e.g., fabric-mesh chairs). Additionally, to introduce inter-frame variation, rigging animation was applied
to human and vehicle assets. In the randomized setting, we employ a domain randomization strategy where canonically
scaled objects are procedurally instantiated in arbitrary 3D poses within free space. This setup facilitates data acquisition
from unconventional viewing angles and scale ratios rarely observed in realistic layouts, thereby enhancing the model’s
robustness.

Stage 2, the material and camera variation stage, perturbs object materials and camera properties to expand dataset diver-
sity efficiently. As shown in Figure 1, the pipeline iterates through Stages 2 and 3 for each base scene created in Stage 1. The
randomized parameters and their typical ranges are:

* Camera properties: Path scale and angle, inter-frame displacement (0.01-0.3m), baseline (0.02—0.25m), and Field of View

(FOV) (40-100°).

* Light properties: Color temperature, direction, and intensity.
* See-through material properties: Base color, Index of Refraction (IoR) (1.0-1.5), metallic (0.05-0.2), and roughness (0.0-
0.01).



In the final stage, the pipeline renders stereo RGB images, segmentation masks, and per-layer depth maps as the camera
traverses the predefined path. Since standard render passes do not natively support per-layer depth maps, we implemented
a multi-pass ray-depth peeling technique utilizing Blender’s Light Path information. This method leverages the ray trans-
mission counter (Transparent Depth) to selectively render surfaces based on their layer order. By iteratively adjusting a
transparency threshold, we sequentially peel away foreground transparent layers to capture the depth of subsequent layers.
For instance, a threshold of O captures the nearest surface, whether opaque or transparent, while a threshold of 2 penetrates
the first transparent layer to capture the geometry behind it (accounting for both entry and exit surfaces). This approach
allows us to systematically obtain comprehensive multi-layer depth information.

1.2. Dataset Diversity

Our dataset spans both indoor and outdoor environments to ensure broad coverage of real-world scenarios. Indoor scenes in-
clude bedrooms, bathrooms, living rooms, kitchens, cafes, shops, offices, warehouses, and sports areas, while outdoor scenes
comprise roads and building exteriors. We prepared 263 distinct base scenes in Stage 1 and generated 3,577 unique config-
urations in Stage 2. To ensure object diversity, the dataset incorporates an extensive collection of 3D models, comprising
over 2,000 opaque objects and more than 700 see-through objects. The see-through objects exhibit a wide range of geometric
properties, including flat surfaces (e.g., windows, tables) and curved surfaces (e.g., cups, bottles, lamps). For transparent
materials, we carefully controlled optical properties to achieve realistic rendering. To further enhance realism, we utilized
specialized glass materials beyond the default Glass BSDF, such as scratched, smudged, and frosty glass. The training set
consists of approximately 500k stereo pairs at resolutions of 1280 x 720 and 2448 x 2048. Each image was rendered with
high sampling rates (64 to 512 samples per pixel) to minimize noise and ensure high-fidelity transmission effects. Table |
presents a comparison of synthetic datasets developed for training depth estimation models in see-through scenes, including
our dataset and those from previous studies. As shown, our dataset contains a larger amount and greater diversity of data.

For a more detailed visual exploration of our synthetic dataset and rendering quality, we refer readers to the accompanying
supplementary video.

Table 1. Synthetic datasets for training depth estimation models in see-through scenes. Our dataset exhibits substantially greater diversity
and volume.

DepthFocus (Ours) [19] [7] [20]
Multi-layer o o X o
Camera type stereo stereo | stereo | monocular
# Scenes in total 263 30 10 -
# Images in total 500k 60k 10k 15.3k

1.3. Test Set

The synthetic test set comprises five distinct scenes (bedroom, office, cafe, gallery, and outdoor), covering both indoor and
outdoor environments. Each scene contains 85 to 140 frames, resulting in a total of 535 frames. All frames were rendered at
a resolution of 2448 x 2048 with 512 samples per pixel to ensure high-fidelity image quality. To facilitate a comprehensive
evaluation, we strategically placed a variety of challenging objects, including windows, display cases, glassware, and mesh
chairs, within these scenes. This diverse composition enables a thorough assessment of the model’s performance across
varying material properties, lighting conditions, and scene complexities.


https://drive.google.com/file/d/1EPBE8XUk9SGVie1_4rRKdqXVdprsdg-0/view?usp=sharing
https://drive.google.com/file/d/1EPBE8XUk9SGVie1_4rRKdqXVdprsdg-0/view?usp=sharing

Figure 2. Configurations of our synthetic test dataset. The test set spans five diverse environments: bedroom, office, cafe, gallery, and
outdoor urban areas. These scenes are designed to comprehensively cover various multi-layered real-world scenarios.

2. Real-World Data Generation

In this section, we detail our data acquisition system designed to generate a high-quality dataset for multi-layered depth
estimation. To simulate real-world see-through scenarios in a controlled laboratory environment, we physically constructed
a multi-layered scene by positioning a translucent acrylic plate in mid-air between the camera and the background objects.
This setup allows us to capture precise ground truth (GT) data for both the foreground translucent surface (via geometric
modeling) and the background geometry (via high-precision sensors).

2.1. System Configuration

To begin, Figure 3 illustrates our experimental setup for data acquisition, featuring two 6-DoF industrial robot manipulators.
This dual-robot configuration is specifically designed to capture the scene from diverse viewpoints while precisely positioning
a translucent object within the environment.

robot 1

translucent

s robot 2

Figure 3. Real-world data acquisition setup

Specifically, for robotl in Figure 3, we attach a multi-camera system to its end-effector, as shown in Figure 4. This setup
allows robotl to generate multiple camera views of the tabletop scene. The poses of robotl are carefully designed to optimize
point cloud measurements from the Photoneo PhoXi 3D Scanner M', considering its depth measurement range.

While robotl controls the 6D poses of the cameras, robot2 is equipped with a translucent plate on its end-effector and
adjusts the plate’s 6D pose to capture various translucent object measurements. As discussed in Figure 6 of the main paper,
we employ two distinct levels of plate transmittance for these measurements.

Ihttps://www.photoneo.com/ko/products/phoxi-scan-m/



2.2. Camera Configuration

As shown in Figure 4, our camera system attached to the end-effector of robot! (Figure 3) consists of two primary compo-
nents: (1) a Photoneo PhoXi 3D Scanner M and (2) a stereo RGB camera system comprising two Baumer SMP industrial
RGB sensors” equipped with 4.5mm fixed focal length lenses®. The PhoXi scanner serves to provide accurate depth measure-
ments for non-transparent objects, while the stereo camera system is employed to acquire the synchronized stereo imagery
required for the dataset.

P} Photoneo camera origin

TR {L} Baumer stereo left origin

{R}

Figure 4. Multi-camera system configuration

To ensure pixel-level correspondence between the depth sensor and the RGB images, we perform precise spatial alignment.
We calculate the sensor-to-sensor transformation Ty, € SE(3) from the Photoneo frame { P} to the left stereo camera frame
{L} following the calibration procedure described in [9]. Additionally, for disparity computation, we calibrate the stereo
system between {L} and { R} to obtain the intrinsic matrix K € R®**3 and the baseline transformation Tp,p € R3*3 using
standard stereo rectification.

2.3. Sensor-to-Sensor Calibration and Background GT Alignment

The generation of our ground truth relies on a hybrid approach tailored to the material properties of the scene. In this
subsection, we focus on acquiring GT for the opaque background regions (i.e., the environment beneath the transparent
object), where the Photoneo structured light sensor provides reliable measurements.

We align the point cloud measurement Pp from the Photoneo sensor with the left RGB image I, using the pre-calibrated
transformation Tpr,. Subsequently, the transformed point cloud is projected onto the image plane of { L} using the intrinsic
matrix K. This process yields a dense depth map serving as the ground truth for the non-transparent environmental geometry.

Photoneo pointcloud Pp Baumer left RGB [, GT depth (left) D,

align w/ Tpy,
project w/ K

Figure 5. Pipeline for creating sensor-based ground-truth depth for opaque background regions, aligned with left stereo Ir,.

2.4. Geometric Disparity Projection for Translucent Foreground Region

While the Photoneo sensor captures the background, it cannot reliably measure the surface depth of the transparent (translu-
cent) plate due to the limitations of structured light on specular and transmissive surfaces. Therefore, to obtain accurate GT
for the translucent foreground region, we exploit the known physical properties of the plate (i.e., a flat rectangular surface)
and employ a plane fitting approach facilitated by manual annotation.

Zhttps://www.baumer.com/kr/ko/product-overview/industrial-cameras-image-processing/industrial-cameras/cx-series/vcx-i-cameras/cameras-for-
demanding-image-processing-tasks/vexg-i/vexg-2-57¢-i/p/47343

3https://www.edmundoptics.com/p/45mm-c-series-fixed-focal-length-lens/29328/2srsltid=AfmBOoqXd-hVcZ74rglaQRLCYinaEMdA XheoSOg5glxsxTt4s-
LogjMN
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Figure 6. Geometric disparity map generation and integration. (a—c) Since sensors fail on transparency, the ground truth for the translu-
cent plate is analytically derived via manual annotation of corner points and plane fitting. (d) This geometric disparity map (foreground) is
then integrated with the sensor-based disparity map (background) to form the final multi-layered ground truth.

(d)

The generation process consists of four main steps designed to fuse the analytic foreground with the sensor-based back-
ground:
1. Manual annotation: Users manually select exactly three corresponding points on the plate corners in each stereo pair
image.
2. Triangulation: Convert the selected 2D image points to 3D world coordinates using stereo geometry.



3. Plane fitting: Fit a mathematical plane to the 3D points using an SVD-based least squares method to model the plate
surface.
4. Integration: Generate depth maps for the fitted plane and composite them over the sensor-based background measure-
ments.
3D point triangulation. As shown in Figure 6a, the user first manually selects three corresponding points in both the
left and right images: pj = (u},v}) and p. = (ul,v’) for i = 1,2,3. We then perform triangulation on these three point
pairs. The objective is to find the 3D point X = [X,Y, Z, 1]T that projects to each corresponding image plane point pair,
represented in homogeneous coordinates as (pli, pl).
Given the projection matrices P, = K[I|0] and P, = K[Ryg|tLr], the triangulation is formulated as solving the linear
system:

p; X (PX) =0, p; x (PX) =0. (1)

Expanding Eq. 1 yields a system AX = 0, where A is a 4 x 4 matrix. To solve this, we employ Singular Value Decom-
position (SVD). Since user-specified points may contain minor inaccuracies, we seek the best approximation by minimizing
| AX||2 subject to || X||2 = 1. The solution corresponds to the last column vector of V' (from A = UXVT).

Plane fitting. Given three triangulated 3D points, we fit an infinite plane as shown in Figure 6b. The plane’s normal vector
n is computed via the cross product of the edge vectors derived from the points. The offset d is then computed by evaluating
the dot productd = —n - X;.

Generating geometric disparity map. Using vector geometry (parallelogram law), we compute the fourth 3D corner
point X, and reproject all four corners onto the left camera image plane. Using a ray-casting algorithm, we identify pixels
within this projected quadrilateral. This process generates geometric depth and disparity maps specifically for the translucent
plate region, as demonstrated in Figure 6c.

Disparity plane refinement. Given the initial plane fitting result, we perform additional plane pose refinement based on

user-specified
target points on edges (blue)

l projective ICP on UV space

initial plane - optimized plane
Figure 7. Disparity plane refinement using 2D-projective ICP.
iterative closest point (ICP). As shown in Figure 7, we first uniformly sample N source 3D points {P$} € RY*3 along
the contours of the fitted plane. Next, we apply Canny-edge dector to the input image, and query the user to draw four
contour lines of the target plane via GUI. We then sample M target 2D points of interest as {p!} € RM*2, which is the set

of points within the 5 pixels encompassing the user-specified 1 pixel-thickness lines. Finally, we perform ICP between the
UV-projected initial 3D points {K - P} € RV*2 and {p!} € RM*2 to refine the source 3D points.



Final depth map integration. Finally, we integrate the analytically derived plate disparity with the sensor-based back-
ground disparity maps generated in Sec. 2.3. The geometric disparity map (foreground) is overlaid onto the Photoneo-based
GT map (background). Since the Photoneo camera’s measurement range extends only up to the tabletop, we apply a region-
of-interest (Rol) mask to the integrated depth map to produce the final clean ground truth, as illustrated in Figure 6d.

2.5. Real-World Data Samples

We perform the aforementioned data acquisition procedure across five distinct scenes: {Wrenches, Plants, Car, Toys 1, Toys
2}, as illustrated in Figure 8. As detailed in the main paper, we employ two distinct levels of plate transmittance to vary the
difficulty. Notably, the high-transmittance case (approx. 80%) poses a significant challenge; as shown in Figure 9, the plate
becomes nearly invisible in standard RGB imagery, making it extremely difficult to detect based on visual cues alone. For
real-world evaluation, we provide two layers of ground truth disparity corresponding to these transmissivity levels, enabling
a rigorous assessment of performance under varying optical visibility.

wrenches

Figure 8. Real-world dataset samples
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Figure 9. Transmissivity of translucent plates and corresponding GT disparity labels



3. Loss Function Details

Our total loss extends the baseline S2M? [ 10] formulation by introducing a weighted disparity loss, an auxiliary segmentation
loss, and a Mixture-of-Experts (MoE) balancing loss. The final objective Ly is a weighted sum of these components:

Liotal = ApLp + Ao Lo + AcLe + ApmcLpmc + AsegLseg + ABalLBal 2

For the components shared with the baseline, we follow the original formulations for occlusion loss (L), confidence loss
(L¢), and PMC loss (Lpnic) [10], as their roles remain unchanged. We provide details on our proposed weighted disparity
loss Lp and the new auxiliary losses (Lseq, LBa1) below. We empirically set the weights as follows:

Ap=1, dpmc=1, Ac=0.1, Ao=01, Ageg=05 Aga=10"2%

This weighting strategy emphasizes disparity estimation and PMC consistency as primary objectives, while auxiliary terms
provide regularization and training stability.

3.1. Weighted Disparity Loss

We employ a weighted L1 loss to supervise the disparity estimation. While standard disparity loss treats all pixels equally, we
introduce a regional weighting mask to emphasize critical regions such as edges and transmissive areas, which are particularly
challenging in see-through scenes. The total disparity loss L£p is computed as the sum over the initial estimate and 7'
refinement stages:

T
Lp=Lm+3 L) 3)
t=1
For each stage, the loss is defined as the weighted L1 distance between the predicted disparity D) and the ground truth
D#t:

w_ 1 ® ‘
Ly = T < W > M;;-|D;Y — D|. “4)
(4,9)
Here, M;; denotes the pixel-wise weighting mask designed to focus the model on structurally important and ambiguous
areas. It is formulated as:

M;; = (14 0.5Wedge) - (1 4 0.5Wnonoce) - (1 + 0.5Wirans ), 5)

where the weights are defined as follows:
* Wedge = 1 for pixels on disparity edges (identified where gradient magnitude > 5 via a Sobel filter).
® Wpenoce = 1 for non-occluded pixels.
* Wyans = 1 for pixels located within transmissive regions.
This masking strategy ensures that the model prioritizes fine geometric details and correctly resolves depth in transparent
regions, rather than being dominated by large homogeneous areas.

3.2. Auxiliary Segmentation Loss

To explicitly guide the network in distinguishing between different material properties, we introduce an auxiliary segmenta-
tion loss, Lgee. This loss supervises distinct segmentation heads to identify reflection and transmissive regions compared to
the opaque background. We employ a combination of Binary Cross-Entropy (BCE) and Dice losses to handle class imbalance
effectively. The loss is defined as:

ESeg = EBCE(Spred; Sgt) + EDice(Sprem Sgt)7 (6)

where Spreq and Sy represent the predicted and ground truth segmentation maps, respectively. This supervision enables the
network to learn the distinct visual characteristics of see-through materials, thereby reducing ambiguity in depth estimation.



3.3. MoE Load Balancing Loss

Our architecture incorporates a Mixture-of-Experts (MoE) layer to conditionally route features. To ensure efficient utilization
of all experts and prevent the ”collapse” problem where the router favors only a few specific experts, we incorporate a load
balancing loss Lp,]-

Our router network produces soft routing weights {wy, }#_; for each input token. We aim to balance the expert usage
across the entire batch, rather than for individual tokens. Let P, be the average routing probability assigned to expert k
across a batch of B tokens: P, = % Zle w,(:). To encourage a uniform distribution of expert usage, we minimize the
squared difference between the average probability and the uniform target %:

K 1\2
Lpa = akz_l (Pk - K) , ™)
where K is the number of experts and « is a scaling hyperparameter. Minimizing this objective discourages the router
from dropping specific experts, promoting balanced load distribution across the batch while allowing specialized routing for
individual tokens.

4. Implementation Details

4.1. Model Configurations

To evaluate the impact of model capacity on performance, we define two variants of our architecture: the Ablation Model

and the Final Benchmark Model. The specific hyperparameter configurations are summarized as follows:

* Ablation Model: Designed for computational efficiency during controlled experiments, this version utilizes a feature
channel dimension of C' = 192, a single Multi-res Transformer (MRT) block per scale, and a Mixture of Experts (MoE)
module with N = 2 experts.

* Final Benchmark Model: For our primary evaluations and challenge submissions, we scale the architecture to maximize
representation power. This version employs a feature channel dimension of C' = 384, two MRT blocks to enhance
long-range dependency modeling, and N = 3 MoE experts to provide finer-grained control over multi-layered feature
disentanglement.

4.2. Training Strategy

We train our model on a combined dataset consisting of 2M public single-disparity stereo pairs and our 0.5M synthetic multi-
layered stereo pairs. The public datasets include SceneFlow [8], TartanAir [17], CREStereo [4], FoundationStereo [18],
IRS [16], Falling Things [15], Virtual KITTI 2 [2], DrivingStereo [22], SMD-Net [14], and other real-world datasets [9, |1,

, 13]. Since the synthetic dataset provides complete multi-layer annotations essential for conditional disparity learning, it is
oversampled by a factor of 10 relative to the public data. This strategy ensures that the primary training signal is derived from
high-quality multi-layer supervision, while the large-scale public datasets serve as auxiliary data to enhance scene diversity
and generalization.

The models are trained for 1M iterations on 768 x 512 patches with a total batch size of 8 on HI00 GPUs. Upon conver-
gence, we perform a multi-resolution fine-tuning stage for an additional 500k iterations using the same dataset composition
but with larger crop sizes (1024 x 768 and 2048 x 1536) and a batch size of 24. This two-stage approach significantly
improves detail fidelity and robustness across varying scales.

4.3. Data Curation for Single-Disparity Datasets

A core challenge in our framework is adapting large-scale public stereo datasets (approx. 2M pairs), which provide only
single-disparity annotations, for our conditional model. To address this, we map the condition parameter ¢ € [0, 1] linearly
to a global reference disparity:

dref(c) = (1 - C) dmax-

Here, ¢ = 0 corresponds to the near bound (dy,,x) and ¢ = 1 to the far bound (0). Given a scene with a disparity range

[dscene dscene] we sample ¢ near the endpoints with a margin such that di.r lies outside the scene-specific range. This

enables conditional learning from single-annotation datasets by treating them as limit cases:

* Type 1: Opaque/Near-Surface. Standard datasets typically represent the first visible surface. We treat these as the
“opaque” limit. Conditioning: We sample c near 0 such that d,.s > d32¢, aligning the model’s “nearest surface” state

max °
with the dataset’s ground truth.
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* Type 2: Transparent/Background. For datasets representing background layers (or when treating the single disparity as
the farthest layer), we treat them as the “transparent” limit. Conditioning: We sample c near 1 such that d..r < d35¢,
aligning the model’s background” state with the dataset’s ground truth.

This curated utilization of single-disparity datasets complements our 0.5M synthetic multi-layered dataset, significantly
increasing the diversity and efficiency of the training corpus.

4.4. Condition Sampling

Our multi-layered synthetic dataset allows for explicit sampling across the entire range of ¢ € [0, 1] because multiple disparity

layers are available. To ensure the model masters both the endpoints (first visible surface vs. background) and the intermediate

transitions, we adopt a mixed sampling strategy:

* 25% Endpoint Sampling: We set ¢ = 0 or ¢ = 1 to reinforce the nearest-surface and farthest-background estimation
capabilities.

* 50% Boundary-Aware Sampling: We sample ¢ from distributions concentrated around the disparity values of annotated
multi-layer boundaries, encouraging precise discrimination in complex transition regions.

* 25% Uniform Sampling: We sample ¢ uniformly from [0, 1] to ensure robust interpolation capability for arbitrary user
mputs.

4.5. Data Augmentation

We employ targeted augmentations to improve robustness against photometric and geometric variability common in real-
world stereo captures:

* Photometric transformations: Random blur/sharpen, gamma adjustments, and additive noise are applied to model varia-
tions in image quality, lighting conditions, and sensor noise.

* Geometric transformations: Small random rotations are applied to account for minor camera tilts or rectification mis-
alignments.

* Disparity perturbations: We introduce controlled vertical offsets ([—12, +12] pixels) and horizontal offsets ([—5, +5]
pixels) to simulate imperfect rectification, thereby improving the model’s tolerance to alignment errors.

4.6. Auxiliary Segmentation Data

To supervise the auxiliary segmentation loss (Lgeg), we utilized a combination of existing public datasets for glass and
mirror segmentation [3, 5, 6, 21] and a custom-collected dataset. Our custom dataset comprises 5,000 images captured
with a standard commercial camera, explicitly curated to cover a broad spectrum of challenging see-through modalities. As
illustrated in Figure 10, the dataset includes not only typical transparent objects (e.g., glass windows, plastic containers) but
also complex semi-transparent structures with mesh-like textures (e.g., fabrics, insect screens) and highly reflective surfaces
like mirrors. This diverse composition allows the segmentation head to learn robust features for distinguishing between
refractive transmission, geometric permeability, and opaque surfaces.

4.7. Layer-wise Discretization via Mean Shift Clustering

To facilitate a direct quantitative comparison with discrete multi-layer baselines as described in our evaluation protocol, we
implement a post-processing pipeline that transforms the continuous steerable output into a structured layer-wise represen-
tation. This process identifies the dominant depth modes that the model naturally locks onto during a focus sweep. For
each stereo pair, we first perform initial inference passes at the extreme intent bounds (¢ = 0 for the foremost surface and
¢ = 1 for the background) to identify the specific intent parameters cn;, and cpax corresponding to the actual observed
disparity range. Based on these bounds, we define a scene-adaptive sampling interval [cpin — €, Cmax + €] and uniformly
sample N = 30 additional control parameters within this range. Including the two initial passes, this yields a total of N + 2
disparity maps {D(c;) fV:J{Q tailored to the scene’s effective depth distribution. We then apply Mean Shift clustering to the
set of sampled disparities at each pixel coordinate (u, v) with a bandwidth of h = 3.0 pixels. Critically, a cluster is identified
as a valid depth mode only if it consists of at least two consecutive samples within the bandwidth, a condition that filters out
transient transitions and ensures only stable, intent-aligned depth layers are preserved. This refinement allows us to extract up
to 4 dominant depth layers per pixel, successfully disentangling complex transmissive and reflective surfaces into a discrete
format for rigorous benchmarking against fixed-layer frameworks.
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Figure 10. Samples from our auxiliary segmentation dataset. The dataset captures a wide variety of real-world see-through materials to
supervise the segmentation branch. Examples include typical transparent objects (e.g., glass, plastic), semi-transparent porous structures
(e.g., mesh, nets), and reflective surfaces.

5. Experiments

5.1. Auxiliary Segmentation Loss Effect on Real Datasets

This section serves as a supplementary experiment to the ablation study presented in the main paper. In our previous anal-
ysis on synthetic benchmarks, the auxiliary segmentation loss showed marginal improvements, primarily due to the limited
distribution shift between training and testing sets in the synthetic domain. However, we observe that this loss plays a crucial
role when generalizing to real-world scenes, specifically in aiding the network to recognize transparent surfaces.

Table 2 presents the quantitative comparison. It is important to note that a lightweight version of our model was used for
this ablation to isolate the loss effect, resulting in a performance gap compared to the full model used in the main benchmark.
Nevertheless, the relative impact of the segmentation loss is evident. The model trained without the segmentation loss fails
almost completely in detecting transparent surfaces (see Transmissive First), exhibiting a Bad-4 error rate of over 95%. In
contrast, the base model trained with the segmentation loss demonstrates improved recognition capabilities, recovering ap-
proximately 50% of valid pixels in these challenging transparent regions (reducing Bad-4 from 96.48 to 53.72). This confirms
that explicit segmentation guidance is essential for handling material-based depth ambiguity in real-world environments.

Table 2. Ablation study on our real benchmark. We evaluate the impact of the auxiliary segmentation loss using a lightweight model.
While the loss has minimal effect on opaque regions, it significantly improves the detection of transparent surfaces (Transmissive First),
reducing the error rate by roughly 50% compared to the model without the loss. Values in parentheses indicate the performance degradation
(positive value) or improvement (negative value) relative to the Base Model.

No Plate Plate (Transmittance 60%)
Ablation All Opaque . Transmissive
(c=0) (c=1) (c=0) (c=1) First (c=0) Last (c=1)
Bad-4 Bad-8 Bad-4 Bad-8
Base Model 1.54 2.33 5.07 3.08 53.72 44.17 6.58 3.89
(-) Seg Loss | 1.48 005y 1.73 060y | 3.04 (203  2.29 (079) | 96.48 14276  95.12 (+5095) | 6.93 (+025)  4.52 (+0.63)

5.2. Steerable & Continuous Depth Transitions across Diverse Real-world Environments

In this section, we provide an extensive analysis of the continuous behavior of depth estimation across 10 diverse scenes,
encompassing both indoor and outdoor environments at varying resolutions. These scenes are curated from multiple sources
to ensure broad generalization: 6 custom-captured scenes, 2 from the Booster dataset [11], and 2 from the LayeredFlow
dataset [19]. Figures 11 and 12 illustrate the depth evolution alongside the corresponding latent feature dynamics, demon-
strating the robust steerability of our intent-driven approach.
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5.2.1. Robust Performance across Resolutions and Environments

Our steerable multi-layer framework is engineered to maintain high fidelity across diverse resolutions and real-world environ-
ments. By sweeping the focus distance in metric units, we observe that the model exhibits clear, step-like transitions, meaning
the model locks onto a specific, valid depth layer based on the focusing distance. This mechanism ensures robust performance
across varying input scales, as the steering is performed deep within the feature space via conditional modulation, preserving
sharp boundaries and metric accuracy in both controlled and unstructured settings.

5.2.2. Interpretability via Feature Space Modulation

The Principal Component Analysis (PCA) of the final features, extracted immediately after the conditional feature fusion
module at 1/4 resolution, provides visual confirmation of the underlying mechanism. As the focus sweeps, the network
selectively modulates feature transmittance within the latent representation. Features from out-of-focus layers are suppressed,
effectively acting as an internal adaptive opacity filter, while the targeted depth is actively emphasized. This confirms that
steerability is not a superficial post-processing effect but is fundamentally integrated into the feature extraction process,
ensuring that the model’s outputs are both metrically consistent and physically interpretable.
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Figure 11. Steerable Depth Transitions and Feature Dynamics (Scenes 1-5). For each scene, we plot the estimated metric depth (meters) for
three representative points (Red, Blue, Green) in multi-layered regions against the input focus distance (meters). The transition plots exhibit
a clear step-like behavior: the depth estimate remains stable on the foremost surface until the user intent crosses a decisive threshold, after
which it transitions decisively to the background layer. This confirms that our steerable architecture handles optical ambiguities—such as
reflections on glass or complex mesh structures—by satisfying user intent rather than simply averaging depth signals. The accompanying

PCA visualizations (at 1/4 resolution, extracted immediately after the conditional feature fusion module) provide latent-space evidence of
the network dynamically adjusting feature transmittance to emphasize targeted depth layers.
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Figure 12. Steerable Depth Transitions and Feature Dynamics (Scenes 6—10). Evaluation across diverse unstructured settings, including
wire fences, car windshield reflections, and cluttered office environments. The consistent metric depth transitions and corresponding PCA
feature shifts prove the model’s ability to maintain physical consistency and interpretability across diverse datasets. The sharp transitions
and absence of averaging artifacts demonstrate that the model robustly disentangles multi-layered structures and generalizes well to real-
world everyday settings, strictly adhering to the intent parameter regardless of the scene’s semantic complexity or input resolution.
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