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Abstract

Stereo-based category-level shape and 6D pose estima-
tion methods have the potential to generalize to a wider
range of materials than RGBD methods, which often suf-
fer from depth measurement errors. However, without ex-
plicit depth from two views, parameters to be estimated can
become inherently entangled, negatively impacting perfor-
mance. To address this, we propose a method that leverages
global stereo consistency to constrain optimization direc-
tions and mitigate parameter entanglement. We first esti-
mate an intra-category occupancy field to represent a uni-
fied shape across views, ensuring consistency and prevent-
ing shape ambiguity. Through a divide-and-conquer ap-
proach within global shape fitting, we fit this shape to stereo
images to obtain the pose, iteratively rendering normalized
depth maps and exchanging information across views. This
approach improves convergence toward the correct pose
and scale. We validated our method on both depth-friendly
and depth-challenging materials using our S-RGBD dataset
and the TOD benchmark. Our method surpasses RGBD
methods on challenging objects and performs comparably
on depth-friendly ones. Ablation studies confirm the effec-
tiveness of each component.

1. Introduction
Category-level shape and 6D pose estimation involves esti-
mating 6D pose, scale and shape for unseen objects within
a known set of categories. This research area has attracted
extensive attention due to its crucial importance in multiple
fields such as AR/VR [30, 46], robotics [55], and 3D scene
understanding [7]. Different from traditional instance-level
6D pose estimation [12, 15, 18, 24, 35, 50], category-
level 6D pose estimation [20, 27, 45, 56] is more chal-
lenging as it breaks away from the reliance on a specific
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(a) (b) (c)

Figure 1. Schematic diagram of how our method optimizes pose
and size after the shape has been estimated. (a) Coarse estimate
results. (b) The optimization allows fitting shapes to the image in
both left and right eye views. Note that λ = s

z
is related to the 2D

image projection. (c) Introduce baseline relationship to remove
ambiguity and make global fitting.

3D CAD model for each object. To address the aforemen-
tioned challenges, Wang et al. [45] pioneered the use of
Normalized Object Coordinate Space (NOCS) to describe
intra-category shape, predicting NOCS and utilizing depth
information with the Umeyama algorithm [40] to estimate
scale and 6D pose. Subsequently, a wave of RGBD methods
emerged. Some of these continued to use NOCS or its vari-
ants [2, 9, 25, 27, 39, 42], while some directly regressed 6D
pose and scale to improve efficiency [4, 6, 26, 28, 58, 59].
Others explored alternative approaches such as [5, 22].

Although RGBD methods have shown promising results,
most of them heavily rely on depth sensors [3, 56, 60],
which hinders their applicability to a wide range of objects.
Consequently, methods that do not require depth input have
garnered attention. Challengingly, the lack of depth infor-
mation not only complicates shape estimation, but also in-
troduces scale ambiguity [60]. To address these issues, most
monocular RGB methods [8, 20, 47] use NOCS to describe
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category-level shapes and then use estimated metric depth
or normals to eliminate scale ambiguity. In contrast, state-
of-the-art methods based on stereo image [3, 56] utilize an
additional view with a known transformation to establish
stereo image matching and perceptually capture 3D infor-
mation, either explicitly [3] or implicitly [56], for estimat-
ing category-level 6D pose.

However, without explicit depth information from the
two views, the parameters to be estimated may become en-
tangled, causing the optimization process to get stuck in lo-
cal optima easily and limiting the direct use of optimization
methods like the Umeyama algorithm [40], which are fea-
sible in RGBD approaches. To address this, we propose
a novel method that leverages the fundamental constraint
of global stereo consistency to mitigate parameter entan-
glement to estimate category-level shape and 6D pose, as
shown in Figure 1. For shape representation, we use a
shared intra-category occupancy field, based on the inher-
ent consistency between the left and right views preventing
shape ambiguity, with priors from a category embedding.
For pose and scale estimation, our Global Shape Fitting
Network (GSF-Net) employs a coarse-to-fine strategy, us-
ing the high-efficiency Adaptive Occupancy Query to itera-
tively render a normalized depth map of the current pose as
guidance for estimating correction offsets. GSF-Net lever-
ages global stereo consistency and cross-view referencing
to estimate each parameter in a divide-and-conquer man-
ner, constraining optimization directions to improve con-
vergence toward accurate pose and scale.

Existing stereo methods mainly outperform RGBD
methods in the TOD [29] benchmark, which primarily
includes glass objects, but lack a dataset for broader
material evaluation. This raises an important question:
Which approach, stereo or RGBD methods, is better suited
for handling a wide variety of material types that im-
pact depth measurement quality? To investigate, we col-
lected the Stereo-RGBD (S-RGBD) dataset using two
parallel-mounted RGBD cameras, covering 10 object cate-
gories with depth-friendly and depth-challenging materials
across 50 scenes, to evaluate stereo and RGBD methods.
Our method achieves state-of-the-art (SOTA) performance
among stereo approaches, excelling on depth-challenging
objects where RGBD methods struggle, and performing
comparably to RGBD on depth-friendly objects. These re-
sults underscore our method’s strengths and the versatility
of stereo methods across diverse material types. Ablation
studies confirm the effectiveness of our components. The
main contribution of this paper is as follows:
1. We leverage global stereo consistency to propose a novel

method for category-level shape and 6D pose estimation
from stereo images, constraining optimization directions
to mitigate parameter entanglement.

2. We propose two key designs: Intra-Category Occupancy

Field to achieve consistent shape representation across
views, and GSF-Net to obtain accurate 6D pose and scale
by iterative global shape fitting.

3. We collected the S-RGBD dataset to more comprehen-
sively evaluate stereo and RGBD category-level 6D pose
estimation methods. Experiments on the S-RGBD and
TOD benchmarks validate the effectiveness of our ap-
proach and demonstrate the potential of stereo methods
to generalize across diverse object materials.

2. Related Work
2.1. Deep Learning Based on Stereo Camera

Stereo cameras estimate depth by computing object dispar-
ity, akin to human vision, and are used in autonomous driv-
ing, robotics, and 3D scene reconstruction [14, 23, 38, 43].
Given that disparity can be derived by matching the left and
right views of a calibrated stereo camera, stereo matching
has emerged as a significant and enduring research focus.
Stereo matching models can be broadly divided into CNN-
based and Transformer-based frameworks. Historically, the
majority of research has concentrated on CNN-based mod-
els, which construct a 3D cost volume [11, 31, 49] to com-
pute the disparity between corresponding pixels in stereo
images. Another approach involves concatenating features
from both images to create a 4D cost volume [1, 16], fol-
lowed by cost aggregation to refine the volume. In con-
trast, Transformer-based models [38, 48] adopt a different
strategy. These models leverage cross-attention layers to
facilitate information transfer between different views [52],
thereby eliminating the need to generate a correlation vol-
ume. Different from the above idea of perceiving 3D infor-
mation by matching, we restore the scale and pose by fitting
the estimated intra-category shape to stereo images.

2.2. Category-Level 6D Pose Estimation

Category-level pose estimation aims to determine the pose
of previously unseen object instances without relying on
their 3D models. Currently, representing intra-category
shape variation and resolving scale ambiguity remain sig-
nificant challenges in this field. The concept of Normal-
ized Object Coordinate Space (NOCS) [45] provides a com-
mon coordinate framework for instances within the same
category, mitigating the shape variation encountered dur-
ing pose estimation. Some subsequent methods [2, 9, 25,
27, 39, 42] predict NOCS or its variants to establish 3D-3D
correspondences, which can be used to estimate the pose.
Alternatively, other approaches [4, 6, 26, 28, 58, 59] aim
to enhance efficiency by directly regressing the 9D pose.
While these approaches have demonstrated promising out-
comes, their applicability is constrained by a heavy reliance
on depth observations. Therefore, some efforts have turned
to methods that do not require deep data input, such as
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Figure 2. The pipeline of our method. First, Hybrid Feature Encoder is used to obtain features, then Intra-Category Occupancy is predicted
by Shape Head to represent the consistent shape across left and right views. Category Alignment Head estimates initial coarse pose and
size. Finally, GSF-Net obtains the pose and scale through global shape fitting, and uses global stereo consistency to limit meaningless
optimization directions.

monocular RGB. Methods like MSOS[20] and OLDNet [8]
estimate poses using the Umeyama algorithm [40], lever-
aging 3D-3D correspondences derived from NOCS coordi-
nate predictions and metric depth estimation. Additionally,
DMSR [47] utilizes object normals and relative depth in-
formation obtained from a pretrained DPT model [36] as
supplementary inputs, estimating poses through 2D-3D cor-
respondences via the PnP algorithm [21].

Additionally, stereo images are an option where depth
is not required. As one of the representative works, Stere-
opose [3] predicts NOCS maps [45] in the left and right
views to represent intra-category shape variation and then
resolve scale ambiguity by pixel-level NOCS maps match-
ing. CODERS [56] proposes an Implicit Stereo Matching
module that implicitly encodes the 3D depth information for
downstream heads. Different from previous methods, we
leverage the fundamental constraint of global stereo consis-
tency to achieve accurate category-level shape and 6D pose
estimation from stereo images.

3. Methodology

3.1. Overview

Given a pair of stereo images Ileft, Iright acquired through
a calibrated stereo camera with known baseline length
and intrinsic parameters, along with corresponding masks
Mleft,Mright, our goal is to estimate the 3D rotation R ∈

SO(3), 3D translation t ∈ R3, and scale of the normalized
shape s ∈ R+ of the target object, which belongs to known
categories. The shape is implicitly represented by an occu-
pancy field.

To achieve our goal, we propose a novel method leverag-
ing global stereo consistency. We first use Hybrid Feature
Encoder to extract semantic and geometric features from
stereo images and fuse them into a hybrid embedding for
subsequent use. We then estimate Intra-Category Occu-
pancy Field shared by the left and right views. Finally,
GSF-Net estimates the 6D pose and scale by globally fit-
ting the occupancy field to the stereo images. An overview
of our method is shown in Figure 2 and will be explained
in detail in the following sections.

3.2. Hybrid Feature Encoder

3.2.1 Semantic Embedding

To capture rich semantic information, we leverage DI-
NOv2 [34], a foundation model proven to extract ro-
bust features that support zero-shot semantic correspon-
dences [5, 57]. To effectively utilize DINOv2’s features,
we introduce a disparity attention mechanism, where fea-
tures from left and right views, F L

DINO and FR
DINO, estab-

lish attention [41] relationships only within matching pixel
rows, following principles similar to stereoscopic disparity
mechanisms. Specifically, using a disparity attention mask,
attention is restricted to the same object mask regions in
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Figure 3. Diagram of the querying in Intra-Category Occupancy
Field. Shape, positional, and category embeddings enter a cross-
attention mechanism, followed by an MLP to yield the query
point’s occupancy value.

the left and right views for semantic features, ensuring that
feature interactions occur only within corresponding object
regions. For geometric features, attention is constrained to
the entire object crop region, maintaining structural consis-
tency. In both cases, attention is limited to the same row
of the feature map within their respective regions, preserv-
ing the fundamental disparity characteristics of stereoscopic
vision. These fused features are then processed through
adaptive pooling with varying receptive field sizes to cap-
ture both local and global information, producing the final
embedding F g

DINO.

3.2.2 Geometry Embedding

To capture geometry information, we use normalized depth
predict transformer (NPT) based on DPT [36, 53] to esti-
mate the normalized depth map on the object surface. To
maintain the structure of stereo images, a cropping strategy
similar to KeyPose [29] is applied, with CNNs extracting
left and right view features separately. Similar to the pool-
ing method in Section 3.2.1, we yield the geometry embed-
ding F g

Geo.
At this stage, we have obtained semantic and geomet-

ric embeddings from the stereoscopic view. We integrate
them using an attention mechanism [41], resulting in the
final global hybrid embedding F g

H that captures comprehen-
sive object information. Specifically, cross-attention is em-
ployed, where the semantic embedding serves as the Query
and the geometric embedding as the Key and Value to ex-
tract relevant geometric information. The roles are then re-
versed to extract relevant semantic information. Finally, the
extracted features from both steps are concatenated to pro-
duce global hybrid embedding.

3.3. Intra-Category Occupancy Field

To avoid the optimization difficulties caused by shape am-
biguity, we propose the Intra-Category Occupancy Field,
which implicitly represents object occupancy [32] as a con-
sistent shape in a category-aligned, normalized coordinate
system in the shared space of left and right views. Specif-
ically, we pass the global hybrid feature embedding F g

H

Figure 4. Schematic diagram about Adaptive Occupancy Query.
First, confirm the boundary at a coarse resolution, then subdivide
the grid to refine query resolution around the boundary, and finally
render the depth map.

through the Shape Head, which consists of MLPs, to obtain
the global shape embedding:

F g
S = Shape Head(F g

H) (1)

Let x = (x1, x2, x3) be a vector, where each component xi

is within the range
[
−Lnl

2 , Lnl

2

]
, for i = 1, 2, 3.

We apply cross-attention similar in ZeroShape [13] as
shown in Figure 3, where the positional embedding of x,
denoted as PosEmb(x), is used as the query, FS as the key,
and the category embedding CatEmb(c) as the value, with
c representing the object category:

z = CrossAttn(PosEmb(x), F g
S ,CatEmb(c)) (2)

The final fused feature z is then passed through a MLP to
predict the occupancy value for each x:

O(x) = σ(MLP(z)) (3)

where σ denotes the sigmoid function, producing occu-
pancy prediction between 0 and 1 for each spatial location.

In order to better preserve the intra-category shape fea-
ture, we use a simple addition to supplement the shape fea-
tures:

F g′
H = F g

H + F g
S

To obtain a coarse category-level pose and scale as ini-
tial values, we propose the use of a Category Alignment
Head composed of MLPs. Following the 6D rotation rep-
resentation approach from [44, 56], a 6-dimensional vector
R6d = [r1 | r2] ∈ R6 is predicted and converted into an
initial rotation matrix R(0) ∈ R3×3 through vector normal-
ization.

In this approach, the initial estimates for 6D pose and
scale are obtained for a reference view, typically the left
eye. The estimations are as follows:

R(0), t(0), s(0) = Category Alignment Head(F g′
H )
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Table 1. Experimental Results on the TOD Dataset (higher is better).

Method Input Bottle Mug

3D25 3D50 3D75
5◦

2cm
10◦

5cm
10◦

10cm 3D25 3D50 3D75
5◦

2cm
10◦

5cm
10◦

10cm
SPD RGBD 44.5 7.4 - - 11.5 17.8 63.6 19.7 - - 2.3 4.2

SGPA 46.9 9.6 - - 13.3 22.5 64.6 19.6 - - 2.8 5.1
KeyPose

Stereo

- - - - 52.7 62.3 - - - - 24.6 25.1
StereoPose 85.4 22.2 - - 57.8 70.3 97.9 77.4 - - 34.4 38.2
CODERS 100 99.5 31.5 73.4 99.8 99.8 100 100 92.8 56.2 81.9 81.9

Ours 100 99.8 64.1 84.2 99.9 100 100 100 95.9 79.6 90.8 95.2

Table 2. Evaluation of 3Davg performance (higher is better) on the S-RGBD dataset, assessing objects with diverse material types.

Method Input Bowl Box Can Cup Mug Bottle Knife Spoon Plate Wine Glass
SPD [39]

RGBD
56.5 41.3 59.2 48.6 54.2 41.5 22.3 16.3 59.1 21.8

SGPA [2] 63.7 57.4 58.6 65.2 57.9 56.3 32.4 26.4 63.4 22.5
Second [5] 86.2 91.2 84.7 83.8 78.8 87.8 49.1 54.3 84.1 24.1

KeyPose [29]
Stereo

45.4 40.3 39.1 34.8 32.9 44.3 47.5 41.2 40.3 40.4
StereoPose [3] 54.2 47.3 59.1 58.5 64.8 63.3 58.1 52.8 41.9 53.4

Ours 82.9 89.7 84.9 85.3 80.2 86.2 67.9 63.5 81.2 74.1

where R(0) ∈ R3×3 is the initial rotation matrix, and t(0) =
[t
(0)
x , t

(0)
y , t

(0)
z ] ∈ R3 is the initial translation vector, both

estimated for the reference view (left eye). The scale s(0) ∈
R is shared across views, representing the object’s initial
scale.

3.4. Global Shape Fitting Network(GSF-Net)

GSF-Net renders the occupancy field to represent the cur-
rent estimation result, iteratively fits the shape globally to
correct the pose and scale, and uses global stereo consis-
tency to constrain optimization.

Adaptive Occupancy Query To balance the computa-
tional cost of high query resolution and the silhouette blur-
ring caused by low resolution, we employ adaptive occu-
pancy query for rendering normalized depth as shown in
Figure 4. Define the rendering function Render with inputs
as the object’s pose R, scale s, the grid set X , and the corre-
sponding occupancy set O(X), where each grid cell’s cen-
ter coordinates are queried to obtain O(X). The implemen-
tation calculates each pixel’s silhouette value by applying a
sigmoid function to a coarsely rendered depth map. First,
we render a base depth map

Dbase = Render(R, t, s,Xbase, O(Xbase))

over the base grid Xbase, which is divided at a relatively
coarse resolution. By applying a sigmoid function to Dbase,
we obtain the initial silhouette Sbase. Then, the regions
within Xbase that contribute to the silhouette boundary are

further subdivided to form a refined grid Xrefined, captur-
ing finer details within those areas. Next, we only need to
query O(Xrefined) for these additional points. By merging
these into the original set, we obtain the adaptively refined
normalized depth map:

D = Render(R, t, s,Xbase∪Xrefined, O(Xbase)∪O(Xrefined))

View Encoder To enhance the model’s awareness of de-
viations in the current estimation with all view, we use
the ’lookat’ operation [19, 44] and follow the cropping
method in Megapose [19] to crop {Iview, Dview, D

lookat
view }

where ”view” can represent either the left or right view-
point. These cropped images and masks are then concate-
nated to form I ′view with dimensions RH′×W ′×6. On this
basis, CNNs are used to extract features, which are then in-
tegrated with the embedding F g′

H through an attention mech-
anism [41] to obtain fleft and fright.

Shared Rotation, Y-Translation, and λ Decoder To re-
duce unnecessary optimization directions, we share the op-
timization of rotation, y-axis translation, and λ across the
left and right views, as these components should remain
consistent. Here, λ = s

z , which, through simple deriva-
tion, can be shown to influence the scale of the 3D-to-2D
projection pattern, as similarly discussed in [44]. By in-
putting feature maps from the left and right views, fleft and
fright, into the Shared DecoderRyL composed of MLPs, we
estimate the offsets for these three components:

dR, dy, dλ = DecoderRyL(fleft, fright) (4)
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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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Table 4. Ablation studies on different settings using 3DIoU Met-
rics (higher is better) on the S-RGBD dataset.

Row Method 3D25 3D50 3D75

AS-1

w/ MonoVersion 45.7 30.5 7.6
w/o global fitting 42.4 32.4 9.6

w/o shape constraint 94.1 78.1 49.2
w/o R constraint 93.4 76.5 49.8
w/o y constraint 94.1 77.5 51.3
w/o λ constraint 90.4 71.1 44.2

AS-2 w/ Semantic Only 93.1 74.6 46.4
w/ Geometric Only 94.4 77.7 49.3

AS-3 w/ Low-resolution 80.2 65.3 23.8
w/ High-resolution 90.4 74.2 38.6

AS-4 w/ Joint Training 60.4 40.6 5.7
w/ Separate Training 94.2 75.3 46.3

Ours (baseline) 95.6 83.7 60.5

and robotics experiments, aiming for fair category-level as-
sessment.

Evaluation Metrics We quantitatively evaluated the per-
formance of category-level object pose estimation using
widely adopted metrics from [2, 3, 6, 45, 51, 54, 56]. We
measured 3D Intersection over Union (3DIoU) to evaluate
the overlap between predicted and ground truth 3D bound-
ing boxes, reporting mean precision at thresholds 3D25,
3D50, and 3D75, corresponding to 25%, 50%, and 75%
overlap, respectively. Additionally, 3Davg denotes the av-
erage precision across these thresholds. To evaluate pre-
diction accuracy, we measure rotation error within thresh-
olds of {5◦, 10◦} and translation error within thresholds of
{2 cm, 5 cm, 10 cm}. A prediction is deemed accurate only
if it meets the specified thresholds for both rotation and
translation errors.

Implement Details We froze the ViT-B version of DI-
NOv2 [34] and pre-trained DPT [36, 53] throughout the
training process, using Adam [17] as the optimizer with an
initial learning rate of 1.0 × 10−4 decayed by cosine an-
nealing. The training was divided into three stages. In the
first stage, only Lshape with α1 = 1 was used. In the second
stage, Lalign with α2 = 100 was added. In the third stage,
LGSF with α3 = 10 was introduced. These setups effec-
tively avoid the instability of multitask training and bene-
fit from end-to-end training. All models are trained for 30
epochs on four RTX8000 GPUs with a batch size of 8 and
tested on one RTX3090 GPU. All results were obtained af-
ter 5 iterations of GSF-Net.

5.2. Performance on Benchmark TOD

Experiments are conducted on the ”cup” and ”bottle” cate-
gories, following [3, 29, 56]. Our method outperforms all
other methods on all metrics (see Tab 1), demonstrating its
effectiveness. Notably, it outperforms the RGBD methods
SPD [39] and SGPA [2] on transparent objects, even though

they use deep refinement [10]. Compared to other stereo
methods, we exploit global stereo consistency to make the
optimization very effective, achieving good results on ob-
jects of any material.

5.3. Performance on S-RGBD Dataset

Experiments on the S-RGBD dataset show that our method
achieves state-of-the-art performance on 10 object cate-
gories with various materials. The visualization results are
shown in Figure 7. We used TransCG [10] for depth re-
finement in RGBD methods on S-RGBD, as in TOD, since
without correction, depth-challenging cases are nearly inef-
fective—similar to [3]. Unlike RGBD methods that rely on
high-quality depth data, our method exhibits higher robust-
ness and outperforms other stereo methods, as shown in Ta-
ble 2. This highlights its potential to generalize to objects
with different depth qualities. In addition, this shows that
leveraging global consistency can effectively help stereo
images complete the optimization from normalized shape
to pose and size.

Figure 6. Comparison of convergence speed of different strategies.
Reasonable use of global stereo consistency can help the estimated
parameters converge quickly globally.

5.4. Ablation Study

[AS-1] Effectiveness of global stereo consistency for
constraint To evaluate the effectiveness of global stereo
consistency for constraint, we tested six variants. MonoVer-
sion refers to the monocular version of our method shown
in Table 4 row AS-1. Without global fitting, making it dif-
ficult for the left and right views to accurately recover scale
through shared information; without shape constraint, the
shape is prone to ambiguity; without R and y constraint,
a single view can easily fall into local optima. Lack of
λ constraint complicates optimization and makes it harder
to leverage image information for fitting. Furthermore, we
demonstrate that adding constraints can lead to faster itera-
tion convergence, as shown in Figure 6.

[AS-2] Embeddings from Different Sources in The
Encoder To verify the necessity of these two embeddings,
we trained the proposed model in two variants: (i) with only
semantic features and (ii) with only geometric features. Re-
sults, shown in Table 4 row AS-2, indicate that removing
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Stereopose [3] Second [5] Ours GT

Figure 7. Visual comparison with other methods on the S-RGBD dataset. Note that stereopose [3] is a stereo-based method, which is less
affected by the material but not accurate enough. Second [5] is based on RGBD, which is very difficult to deal with depth-challenging
objects due to lower-quality depth map. Our method can perform well on a wide range of materials.

(a) (b) (c) (d) (e) (f)

Figure 8. Illustrations of failure cases: (a) to (d) represent common
error cases, while (e) and (f) correspond to errors related to masks.

either embedding significantly decreases performance.
[AS-3] Query Approach for Render To validate our

Adaptive Occupancy Query, we tested (i) low-resolution
and (ii) high-resolution settings. Results in Table 4 row AS-
3 show that low-resolution severely hampers pose estima-
tion, while our method surpasses high-resolution rendering
by adaptively focusing on critical areas.

[AS-4] Multi-stage Learning Strategy As shown in Ta-
ble 4 row AS-4, we tested (i) direct joint training and (ii)
separate training. Results indicate that direct training strug-
gles with certain objects due to instability in shape esti-
mation, leading to incorrect pose predictions. While sep-
arate training converges successfully, the lack of end-to-end
learning limits the model’s ability to fully capture the rela-
tionship between shape and pose estimation.

[AS-5] Material Robustness Evaluation on Objects of
the Same Category We experimented on same-category
objects with different materials in the S-RGBD dataset
(Table 3) to address footnote 1. When materials sup-
port high-quality depth measurements (e.g., opaque plas-
tic), RGBD methods perform well. However, performance
drops sharply with low-quality depth measurements (e.g.,
transparent glass). In contrast, stereo methods show notable
robustness to material variations, indicating their potential
for generalization across diverse material properties.

5.5. Analysis of Failure Cases

Figure 8 analyzes failure cases: (a) transparent objects re-
flecting their surroundings, (b) perspective leading to height
estimation errors, (c) cross-occlusion resulting in invisibil-
ity ambiguity, and (d) self-occlusion causing uncertainty in
the shape and pose of objects and their components, e.g., a
cup handle’s shape and position having multiple possibili-
ties. Lower-quality masks still yield reliable results, while

Table 5. Robot grasping experiments in real-world. DF: Depth-
Friendly, DC: Depth-Challenging.

Material Success Rate (%)
Bowl Bottle Mug Can Spoon Cup

DF 100% 100% 97% 93% 88% 99%
DC 97% 95% 95% 90% 84% 95%

only very poor-quality masks(e) cause failure(f).

5.6. Real Robot Experiment

The experiments are conducted on an ABB robot arm
equipped with a stereo camera and an INSPIRE-ROBOTS
dexterous hand. We perform real-world grasping experi-
ments on objects of different materials using our method.
Each scene contains 3-5 randomly placed objects from the
S-RGBD dataset, which are sequentially grasped until all
are completed. The success rate, defined as successful
grasps over attempts, is reported in Table 5, demonstrating
our method’s effectiveness across various materials.

6. Conclusion

In this paper, we leverage global stereo consistency to miti-
gate parameter entanglement by constraining optimization
directions for category-level shape and 6D pose estima-
tion. To address shape ambiguity and its impact on opti-
mization, we estimate an intra-category occupancy field as
a unified representation. We then iteratively fit this shape
to stereo images to obtain pose and scale, predicting each
parameter using a divide-and-conquer approach guided by
consistency constraints. Additionally, we introduce the S-
RGBD dataset, encompassing a variety of object categories
and materials, to benchmark stereo-based and RGBD meth-
ods. Extensive experiments on the TOD benchmark, the
S-RGBD dataset, and in real-world robotic applications
demonstrate that our approach achieves state-of-the-art per-
formance on complex objects with diverse materials, high-
lighting the robust generalization potential of stereo meth-
ods.
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[36] René Ranftl, Alexey Bochkovskiy, and Vladlen Koltun. Vi-
sion transformers for dense prediction. In Proceedings of
the IEEE/CVF international conference on computer vision,
pages 12179–12188, 2021. 3, 4, 7

[37] Nikhila Ravi, Valentin Gabeur, Yuan-Ting Hu, Ronghang
Hu, Chaitanya Ryali, Tengyu Ma, Haitham Khedr, Roman
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