










Table 3. Evaluation of different methods based on depth quality
influenced by material types using 3Davg metric (higher is better).

Materials Object RGBD Methods Stereo Methods
SGPA [2] Second [5] StereoPose [3] Ours

Depth-Friendly

Bowl 70.5 93.3 72.3 87.6
Cup 68.3 91.3 74.1 86.9

Spoon 38.4 72.6 51.6 73.7
Bottle 41.5 89.4 52.3 84.9

Depth-Challenging

Mug 11.5 26.3 62.6 81.2
Plate 14.7 35.1 37.2 82.6
Box 15.7 32.1 41.3 67.7

Knife 13.4 31.6 40.2 66.4

Independent X-Translation Decoder Due to the cou-
pling of λ = s

z , scale ambiguity is not fully resolved. As a
result, when the scale remains incorrect, the x-axis transla-
tion cannot be globally accurate. To address this, we esti-
mate independent x-axis offsets for the left and right views
as preparation for further refinement. Decoderx composed
of MLPs is employed to estimate these offsets, representing
the left and right views, respectively. The inputs are fleft and
fright, with separate, unshared weights for each decoder:

dxleft = Decoderx(fleft), dxright = Decoderx(fright)

These equations define the outputs for each decoder, cap-
turing the independent x-axis offsets for the left and right
views.

Merge offsets With the offsets from the shared and in-
dependent decoders, we integrate the results to determine
scale and depth. Using the stereo disparity d = x(pixel)

left −
x(pixel)

right and the known baseline B, we calculate depth as
z = f ·B

d , where f is the focal length. Given z, the scale s is
computed as s = λ · z, with λ from the shared decoder. The
independent x-axis offsets dxleft and dxright refine alignment
in each view, serving as final adjustments without replacing
the stereo disparity for depth. This approach ensures accu-
rate global alignment by consistently determining z and s.
The corrected estimations (R′, t′, s′) for each view are then
iteratively calculated by applying these offsets or update.

If additional correction is needed, the offsets of the cur-
rent result can be further estimated.

3.5. Loss Function

We employ a three-stage training approach for the model.
First, we pre-train the Shape Head; then, we expand training
to include the Category Alignment Head. In the final stage,
we introduce the GSF-Net to complete the training process.

For shape head loss Lshape, we adopt 3D occupancy loss
from [13]. The Laglin for category alignment head follows
CODERS [56] and MSE loss respectively. The GSF-Net
loss LGSF and the training method are similar to Mega-
pose [19]. The overall loss function is defined as:

(a) (b) (c)

Figure 5. Schematic of S-RGBD dataset collection. (a) Parallel-
mounted RGB-D cameras. (b) and (c) are selected objects.

L = α1Lshape + α2Laglin + α3LGSF

where α1, α2 and α3 are balancing coefficients that control
the influence of each loss term on the total loss L.

4. Stereo-RGBD(S-RGBD) Dataset

The stereo category-level pose estimation benchmark
TOD [29] primarily includes transparent objects. How-
ever, this dataset alone does not address the question we
raised 1. To this end, we collected the Stereo-RGBD (S-
RGBD) Dataset using two parallel-mounted RGBD cam-
eras, as shown in Table 5 (a). This dataset encompasses 10
object categories across 50 scenes, with parts of it shown in
Table 5 (b) and (c), featuring various material types—such
as transparent, reflective, dark, and commonly textured sur-
faces—that result in a range of depth imaging qualities.
This diversity provides a robust foundation for evaluating
both stereo and RGBD methods. The target model is ac-
quired through scanning and aligned according to category
division. We use scattered AprilTag [33] to determine cam-
era poses, employ the visual foundation model Segment
Anything Model 2 (SAM 2) [37] to generate masks, and
optimize object poses in the video using PyTorch3D’s dif-
ferentiable rendering, aligning projected 3D model masks
with SAM 2 masks while considering occlusion. Manual
adjustments are performed every 20 frames, with differen-
tiable rendering aiding further refinement.

5. Experiment

5.1. Experimental Setup

Datasets We train and test our method on the TOD [29]
and our new S-RGBD dataset. The TOD dataset includes
36,000 stereo image pairs of 12 transparent object instances
(bottles, mugs, and cups) across 10 backgrounds. Our S-
RGBD dataset has been described in detail in Sec 4. The
provided stereo images and their corresponding depth maps
allow for a fair evaluation of stereo and RGBD methods.
All test sets explicitly separate objects from training in-
stances of the same category, covering evaluation, ablation,

1Which approach, stereo or RGBD methods, is better suited for han-
dling a wide variety of material types that impact depth measurement qual-
ity?
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