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for Monocular RGB Category-level 9D Multi-Object Pose Estimation
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Abstract— Accurately recovering the full 9-DoF pose of
unseen instances within specific categories from a single RGB
image remains a core challenge for robotics and automation.
Most existing solutions still rely on pseudo-depth, CAD mod-
els, or multi-stage cascades that separate 2D detection from
pose estimation. Motivated by the need for a simpler, RGB-
only alternative that learns directly at the category level, we
revisit a longstanding question: Can object detection and 9-DoF
pose estimation be unified with high performance, without any
additional data? We show that they can be achieved with our
method, YOPO, a single-stage, query-based framework that
treats category-level 9-DoF estimation as a natural extension of
2D detection. YOPO augments a transformer detector with a
lightweight pose head, a bounding-box—conditioned translation
module, and a 6D-aware Hungarian matching cost. The model
is trained end-to-end only with RGB images and category-level
pose labels. Despite its minimalist design, YOPO sets a new state
of the art on three benchmarks. On the REAL275 dataset, it
achieves 79.6% IoUso and 54.1% under the 10°10cm metric,
surpassing all prior RGB-only methods and closing much of
the gap to RGB-D systems. The code, models, and additional
qualitative results can be found on our project page'.

I. INTRODUCTION

The ability to determine an object’s three-dimensional
position and orientation, known as 6D pose estimation,
is a cornerstone of robotic intelligence, enabling critical
applications in robotic manipulation [1], [2], [3], augmented
reality [4], [5], and autonomous driving [6], [7]. While early
research focused on estimating the pose of specific, known
object instances [8], [9], [10], the practical need to handle
novel objects has driven a shift towards category-level pose
estimation [11], [12], [13]. This more challenging task aims
to generalize to previously unseen objects within a given
category rather than to only those seen during training.

This work focuses on the particularly challenging and
practical setting of monocular RGB, category-level, multi-
object pose estimation. Relying on a single RGB image
makes this approach highly accessible and cost-effective
compared with methods that require active depth sen-
sors [14], [15]. However, the lack of explicit 3D information
introduces significant ambiguity in both object depth and
scale. Consequently, the task expands to estimating a 9-
Degree-of-Freedom (9-DoF) pose, comprising not only the
3D rotation R € SO(3) and 3D translation t € R3 but
also the object’s metric 3D size s € R3 to account for
intra-class shape variations [16], [17]. The ultimate goal of
this task is to develop a model and pipeline that, given an
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Fig. 1: Main contribution of this paper. Unlike prevailing
category-level pose estimation methods that rely on external
geometric priors such as 3D CAD models, instance segmen-
tation masks, or pseudo-depth maps (top), our framework is
end-to-end and requires none of these (bottom). Using only a
raw RGB image as input, YOPO delivers state-of-the-art joint
detection and 9D pose estimation for all objects in a single
forward pass, with no intermediate steps or post-processing.

RGB image I; € RT*WX3 can detect and estimate the
pose of all objects present, outputting a set of predictions
{Cj,R]',tj,Sj};V[:il, where ¢; is the object class and M; is
the number of observed objects.

Despite significant progress, most leading approaches are
not truly end-to-end. Instead, they rely on complex, mul-
tistage pipelines. Furthermore, these methods often require
auxiliary data. The data usually include category-specific
shape priors from 3D CAD models [15], [21], [19], instance
segmentation masks for initial object localization [14], [1],
[16], or estimated pseudo-depth maps to simplify 3D reason-
ing [14], [18]. Such dependencies hinder end-to-end training,
increase computational overhead, and create performance
bottlenecks that depend on these external modules.

This paper questions the necessity of such complex
pipelines. We draw inspiration from the success of the mod-
ern query-based detection transformer (DETR) [22], [23],
which has demonstrated the power of formulating detection
as a direct set prediction problem. We investigate whether
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this end-to-end paradigm can be extended from 2D detection
to the challenging 9-DoF 3D pose estimation domain. To this
end, we introduce YOPO: a new framework for monocular,
category-level 9D pose estimation that operates in a truly
end-to-end fashion. YOPO is built upon a transformer-based
object detector and learns to directly predict an object’s
bounding box, class, 3D rotation, 3D translation, and 3D
scale in a single forward pass. It is trained jointly using only
raw RGB images and their corresponding category-level 9D
pose annotations. Crucially, YOPO dispenses with the need
for 3D CAD models, shape priors, instance segmentation
masks, pseudo-depth maps, or even explicit 2D bounding
boxes during the training and inference stages. Our experi-
ments show that this simpler, more direct approach not only
streamlines the process but also establishes a new state of
the art on standard benchmarks.

As shown in Fig. 1, our main contributions are as follows:

o We propose YOPO, a novel single-stage, query-based
framework for monocular category-level 9D object pose
estimation that is fully end-to-end trainable and requires
only RGB images and 9D pose labels.

e We present a minimalist yet effective design that
augments a detection transformer with bounding
box—conditioned 2D center and depth regression for
stable 3D translation recovery, and a 6D-aware bipartite
matching cost.

e Through extensive experiments on the REAL27S,
CAMERA25, and HouseCat6D benchmarks, we
demonstrate that YOPO significantly outperforms
previous, more complex methods and sets a new state
of the art in monocular category-level pose estimation.

II. RELATED WORK

A. Data Requirements for RGB 9D Object Pose Estimation

A closer inspection of existing research in monocular RGB
category-level pose estimation reveals that few methods rely
strictly on RGB images and their corresponding 9D pose
annotations for both training and inference. Many state-of-
the-art pipelines incorporate additional data and assumptions
to achieve high performance.

A common requirement is the use of 3D CAD models
of objects within the training categories, even if they are
not required at inference time. These models are often
used either to construct a canonical representation (e.g.,
NOCS [11]) [17], [19], [16] or to generate category-level
shape priors that guide the learning process [15], [18].
Another prevalent dependency is the use of instance seg-
mentation masks. Methods such as MSOS [17], DMSR [18],
LaPose [16], MonoDiff9D [1], and DA-Pose [14] typically
employ an off-the-shelf instance segmentation model (e.g.,
Mask R-CNN [24]) to isolate objects from the background.
These masks are essential for cropping input images or
feature maps to the object’s region of interest. Some methods
incorporate pseudo-depth information by leveraging pre-
trained monocular depth estimators (e.g., ZoeDepth [25] or
DepthAnything [26]). This allows them to recover metric

TABLE I: Comparison of methods in terms of additional
data requirements. v denotes required, and X denotes not re-
quired. We compare the RGB-only versions of Synthesis [20]
and CenterSnap [30].

Method CAD Model Seg. Mask Psudo-depth

Synthesis (ECCV ‘20) [20] v v X
MSOS (RA-L ‘21) [17] v v X
CenterSnap (ICRA 22) [30] v X X
OLD-Net (ECCV 22) [15] v v v
DMSR (ICRA ‘24) [18] v v v
LaPose (ECCV 24) [16] v v X
MonoDiff9D (ICRA ‘25) [1] X v v
DA-Pose (RA-L ‘25) [14] X v v
GIVEPose (CVPR 25) [19] v v X
YOPO (Ours) | X X X

depth [17], [15], [14] or relative depth [18], effectively
converting the monocular problem into a pseudo-RGB-D one
to simplify 3D reasoning.

In contrast, our approach operates without any of these
additional data dependencies. To the best of our knowledge,
the only notable prior work with similarly minimal data
assumptions is CenterPose [27]. However, the performance
of this keypoint-based approach has been surpassed by the
aforementioned more complex pipelines that leverage addi-
tional data [28], [29]. This highlights a gap in the literature
for a method that can achieve state-of-the-art performance
while adhering to a strict monocular RGB formulation. Our
work aims to fill this gap, demonstrating that it is possible to
surpass the performance of recent methods without resorting
to external data sources such as CAD models, segmentation
masks, or pseudo-depth maps (as shown in Table I and
Table II).

B. Query-based Oriented Object Detection

Our research is motivated by the significant success of
oriented object detection [31], [32] in the broader computer
vision field. This 2D task aims to extract each object’s class
¢, 2D location ¢t € R?, in-plane rotation R € SO(2), and size
s € R%, from a single RGB image. Recently, query-based
architectures, pioneered by DETR [22], [23], have shown
strong competitiveness by formulating the task as a direct
set prediction problem [33], [34].

A key advantage of these query-based 2D detectors is
their ability to operate in a clean, end-to-end fashion, re-
quiring no additional data or priors beyond the input im-
age and corresponding annotations. This contrasts with the
complex pipelines commonly seen in 9D pose estimation.
From this perspective, a central question motivating our
work is whether the success of this streamlined, query-
based paradigm can be transferred from 2D object detection
to the more challenging domain of RGB, category-level
9D pose estimation. Notably, while such minimalist end-
to-end detection approaches are more common in related
domains like RGB-D [30], [35] or model-level [36], [37],
[38], [39] pose estimation, they remain particularly scarce in
the challenging RGB-only, category-level setting.
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Fig. 2: Overview of our method. (a) The model predicts object properties from transformer-decoder outputs using task-
specific heads. (b) The translation and depth head estimates 2D center locations as offsets from bounding-box centers,
enabling 3D translation and depth recovery via back-projection. Predicted bounding boxes are concatenated with the input
query to provide spatial information for accurate 2D center and depth estimation.

III. METHOD
A. Overall Architecture

Given an input RGB image I € R”*Wx3 and the camera
intrinsic matrix K € R3*3, our goal is to estimate, in a
single forward pass, the category and 9D pose of all object
instances:

9i = (ci, Ry, ti,8:),

i=1,...,N, )

where ¢; denotes the object category, R; € SO(3) the 3D
rotation, t; € R? the translation, and s; € R? the anisotropic
scale.

Existing methods [1], [18], [19] typically decompose this
task into two stages. In the first stage, they predict 2D
object detections (c;, b;), where b; € R* denotes the 2D
bounding box parameterized by (z,y,w,h). In the second
stage, pose estimation is performed on cropped image regions
that contain individual object instances. To isolate objects
from the background, these methods often employ separately
trained instance segmentation models. Moreover, during
training, collections of CAD models are commonly used to
provide shape priors, enabling the pose estimation network
to leverage existing geometric information. While effective,
these dependencies on segmentation masks and CAD priors
increase annotation costs and hinder generalization to novel
object categories.

In contrast, our approach follows the design principles of
DETR, which eliminate handcrafted priors. Our model di-
rectly predicts (¢;, R;, t;,s;) from RGB images, end to end,
using only object-category, pose, and size annotations. This
design simplifies training and improves scalability across
diverse object categories, without requiring instance masks
or CAD models.

Specifically, our model builds on the transformer-based
detector DINO [23], which extends DETR [22] with a two-
stage refinement mechanism. As illustrated in Fig. 2a, the
architecture comprises: (1) a multi-scale feature backbone
for image feature extraction, (2) a transformer encoder that
processes the feature maps, (3) a transformer decoder that

refines object queries, and (4) task-specific prediction heads
applied at both the proposal and refinement stages.

In the first stage, the transformer encoder takes the flat-
tened multi-scale backbone features as input and outputs
memory features enriched with global context. A detection
head then predicts a set of reference points with associated
objectness scores. The top-K proposals are selected based on
these scores and are used as spatial anchors (2D reference
points) with learnable object queries q. In the second stage,
the transformer decoder takes these queries and iteratively
updates them through cross-attention with the encoder’s
memory features to produce enriched embeddings p. These
refined queries are subsequently fed into parallel prediction
heads to explicitly derive the 9-DoF parameters: rotation
(R,), translation (t;), and scale (s;).

B. Parallel Prediction Heads

At both the proposal and refinement stages, our architec-
ture employs two parallel heads: a detection head and a pose-
estimation head.

Detection Head. The detection head predicts object cate-
gories ¢; and 2D bounding boxes b,. In the proposal stage,
it generates coarse localization cues and selects the top-K
object queries . During the refinement stage, it provides
auxiliary supervision on categories and boxes; however, its
predictions are not used at inference.

Although we optimize the detection head with a 2D
bounding-box loss, these boxes require no manual annota-
tion, as they can be automatically derived by projecting the
annotated 3D cuboids onto the image plane (Table VI).

Pose Estimation Head. The pose estimation head takes the
object queries and predicts the 9-DoF parameters (R;, t;,s;)
via four specialized multi-layer perceptron (MLP) branches:
(1) 2D center offset, (2) depth, (3) rotation, and (4)
scale. Specifically, the scale head directly regresses the 3D
anisotropic scale s;. By leveraging the global context en-
coded in the query, it predicts absolute scale without relying
on categorical shape priors. To alleviate monocular ambigu-
ity, both the center and depth heads predict their values by
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explicitly conditioning the query on the 2D bounding box
(detailed in the following subsection). Rotation is predicted
via a continuous 6D representation. The 3D translation t; is
reconstructed by back-projecting the predicted 2D center and
depth using the camera intrinsics /. This head is supervised
at both the proposal and refinement stages, ensuring queries
are geometry-aware early on.

By sharing object queries, our parallel architecture jointly
optimizes 2D localization and 3D reasoning, enabling the
two tasks to mutually reinforce each other.

C. 2D Bounding Box-Conditioned 3D Prediction

For 3D translation, we employ a disentangled parameteri-
zation following Simonelli et al. [40], wherein the image-
plane projected center (u;,v;) and physical depth z; are
predicted separately. This decoupled approach significantly
enhances training stability in monocular settings.

Bounding Box-Conditioned Center Prediction. Follow-
ing the disentangled translation formulation of Simonelli et
al. [40], we predict the image-plane center as an offset from
the center of the predicted 2D bounding box. Let p; € R”
denote the refined embedding of the i-th object from the
transformer decoder, and b; € R* the predicted bounding
box parameterized as b, = (cy,i, ¢y,i, Wi, h;). The first two
components b; 1.2 € R? correspond to the box center.

Instead of regressing the center solely from the object
query, we condition the prediction on the bounding box by
concatenating p; and b;:

MLP, : RP+* — R,

(2

The predicted residual is combined with the box center
and converted to a normalized center coordinate via

Craw,i = MLPC ( Concat(pi, bz))7

0.5
Cnorm,i = U(Craw,i) +bi,1:2 - |:O5:| ) Cnorm,i € R27 (3)

where o(-) denotes the element-wise sigmoid. Crucially, the
model is supervised directly on these normalized coordinates
Cnorm,i € [0,1]% during training, which ensures stability
across varying image resolutions.

During inference, the normalized center is scaled by the
image width W and height H to recover the absolute pixel
coordinates:

Ui = clamp(W * Cnorm,i,1, 0, W), (4)
v; = clamp(H - Cporm.i2, 0, H).

Finally, the 3D translation is recovered by perspective

back-projection using the predicted depth z;:

Ug
ti:ZiKil Vil . (5)
1

Conditioning the center prediction on the bounding box
provides explicit geometric guidance, allowing the model to
exploit spatial cues encoded in the detection head while pre-
serving the structural benefits of the disentangled translation
formulation.

Bounding Box-Conditioned Depth Prediction. Similar to
the center prediction head, we condition the depth predictor
by concatenating the object query with the 2D bounding-box
parameters. This explicit geometric conditioning provides
complementary spatial cues, which stabilizes depth regres-
sion, reduces scale ambiguities, and ultimately improves 3D
translation accuracy.

D. 3D Matching Costs for Bipartite Matching

We follow DETR [22] and use one-to-one bipartite match-
ing to assign predictions to ground-truth instances. The
base matching cost includes classification, 2D bounding-box
regression, and intersection-over-union (IoU) terms:

Cmatch = Agls : Ccls + )‘gbox : Cbbox + /\ICOU : CIan (6)

where C. is the classification cost, Cppox 1S the L1 distance
between the predicted and ground-truth 2D bounding boxes,
Crou is the negative ToU, and A denotes the corresponding
weights.

While standard DETR relies solely on 2D proximity,
we explicitly regularize 3D structure by adding translation
and rotation terms: Cyans 1S the Euclidean distance between
3D translations, and C, is the geodesic distance between
rotation matrices (accounting for object symmetries). The
final 6D-aware matching cost is

Cmatch = /\Cclb . Ccls + )‘gbox . Cbbox -+ )‘ﬁ)U . CIOU
+ )‘gans ' Ctrans + )\rcot . Crot- (7)

We use the following default weights: \§,=2.0, A, =5.0,

cls

A 5=2.0, AC,=5.0, \§,=2.0. We omit 3D scale from
Cratch- The base cost (Cphox and Cioy) already provides a
strong proxy for apparent object size. Furthermore, explicit
3D scale prediction from a monocular image is inherently
ambiguous, especially early in training. Including it in the
cost matrix can introduce noisy query assignments. Thus,
we decouple scale from the matching process and optimize

it purely via the loss function post-assignment.
E. Implementation Details

Architecture. Our framework is built on top of the
transformer-based DINO detector [23]. We largely follow
DINO’s default settings, including the multi-scale backbone,
encoder-decoder transformer structure, and a two-stage re-
finement with denoising training. Specifically, we adopt the
same number of encoder and decoder layers, attention heads,
hidden dimensions, and feed-forward network settings as
DINO. Each task-specific component in the pose estimation
head also follows the MLP structure of the detection head,
except for the output dimension (or the input dimension when
bounding-box information is concatenated with the object
queries). Unlike DINO, we reduce the number of object
queries to 100.

Pose Estimation Head. We represent rotations using the
continuous 6D parameterization [41], mapped to SO(3) via
Gram-Schmidt-like orthonormalization, and supervise them
with a geodesic loss. Both the depth z; and the anisotropic
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3D scale s; € R? are regressed directly in linear space. Un-
less otherwise stated, we adopt class-wise (CW) rotation and
scale prediction heads: the output dimensions are expanded
by the number of categories, and the final predictions are
selected according to the highest class confidence.

Losses and Training. We jointly optimize detection and pose
using

Clotal = )\clsﬁcls + /\bboxﬁbbox + )\IOU‘CIOU

+ AcenlerZDﬁcenteQD + )\depthﬁdeplh
+ >\rot£'rot + )\scaleﬁscale~ (8)

We use focal loss [42] for classification L, L1 for box
Libox and center prediction Leenerop, GloU [43] for IoU loss
Loy, and L2 for depth Lgepm and scale Lgcqe. Based on our
ablation experiments, we adopt the following optimal weight
configuration for the pose terms: Ao = 5.0, Acenterp = 5.0,
Adepn = 50.0, and Agcae = 5.0, alongside standard DETR
weights (Ags = 1.0, Appox = 5.0, Ay = 2.0). We use
AdamW [44] with learning rate 1x10~* for batch size 16
on 4xA6000 GPUs. All models are initialized from DINO
pretrained on COCO to leverage strong object detection
performance.

IV. EXPERIMENTS
A. Datasets and Metrics

Datasets. We evaluate YOPO on three widely used bench-
marks for category-level 9D pose estimation: CAMERA2S,
REAL275 [11], and HouseCat6D [46]. CAMERAZ2S is a
synthetic dataset containing 275K training images and 25K
test images across six object categories. REAL27S5 is a real-
world dataset with the same categories as CAMERA25. It
consists of 4.3K training images from 7 scenes and 2.75K
test images from 6 scenes, with three unseen object instances
per category in the test split. HouseCat6D features 194 high-
fidelity 3D object models across 10 household categories,
with 20K training, 1.4K validation, and 3K test images
captured in 41 real scenes.

Evaluation Metrics. We follow standard protocols [11], [12]
and report two main metrics:

e 3D IoU: We report mean Average Precision (mAP) at
3D bounding-box IoU thresholds of 50% and 75%. This
metric jointly reflects the accuracy of pose and 3D scale
estimation.

e n° mem: We also report the mAP of predictions in
which the rotation error is below n° and the translation
error is under m cm. This directly evaluates geometric
accuracy and is commonly used for 6D pose estimation.

Following DMSR [18], we adopt 50% and 75% as the thresh-
olds for 3D IoU evaluation, and we report pose accuracy
under the 10°, 10 cm, and 10°-10 cm criteria for assessing
rotation and translation errors.

Experimental Settings. Unless otherwise specified, we train
YOPO for 12 epochs on the combined CAMERA25 and
REALZ275 datasets using 9D pose annotations and 2D bound-
ing boxes, and evaluate using a single model. YOPO* is

MonoDiffaD

MaonoDiffan

Fig. 3: Qualitative comparison of pose estimation results
on the REAL275 dataset. We compare our model with
MonoDiff9D [1]. Predicted poses are shown in red, while
ground-truth annotations are shown in green.

obtained by fine-tuning YOPO on REAL275 for 12 epochs.
For HouseCat6D, we adopt the same training schedule and
hyperparameters, but set the learning rate to 2 x 1074,
which is twice that used for CAMERA25 and REAL275.
We apply random pixel translations and horizontal flips for
data augmentation.

B. Comparison with Previous Methods

Table II compares YOPO with existing state-of-the-art
methods on the CAMERA25 and REAL275 datasets. YOPO
consistently outperforms all prior RGB-only approaches on
both datasets. On CAMERA25, YOPO with a Swin-L back-
bone [47] achieves 46.6% IoUsg, 11.8% loU~5, and 38.7%
under the 10°10cm criterion. On REAL275, YOPO achieves
71.6% IoUsy and 52.8% 10°10cm, outperforming prior
RGB-only methods across all metrics. With additional fine-
tuning on the REAL275 training split (denoted as YOPO™*),
our method further improves to 79.6% loUsy and 54.1%
10°10cm. YOPO with the lighter ResNet-50 backbone [48]
also maintains this overall superiority.

Figure 3 presents qualitative results comparing our method
with the previous state-of-the-art MonoDiff9D [1] on the
REALZ275 dataset. The top two rows illustrate the advantages
of our end-to-end framework for joint object detection and
pose estimation. Unlike MonoDiff9D, which relies on a
separately trained instance segmentation model and suffers
from missed detections and false positives, YOPO directly
detects objects and estimates their poses in a unified pipeline,
thereby reducing error propagation. The bottom two rows
demonstrate the accuracy of our method in estimating 3D
translation, rotation, and scale. YOPO’s predictions consis-
tently align more closely with the ground-truth cuboids than
those of MonoDiff9D, especially in cluttered scenes with
varying object scales.
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TABLE II: Comparison on the CAMERA25 and REAL275 datasets. For each result, bold is used to indicate the top-
performing method among all methodologies. An underline highlights the best performing method when our proposed

method is excluded.

CAMERA25 REAL275

Method ToUso IoUrss 10cm 10° 10°10cm | IoUsy IoUzs 10cm  10° 10°10cm
Synthesis (ECCV 2020) [20] - - - - - - - 340 142 4.8
MSOS (RA-L 2021) [17] 24 51 297 608 192 234 30 395 292 9.6
CenterSnap-RGB (ICRA 2022) [30] | - - - . . 315 . . . 30.1
OLD-Net (ECCV 2022) [15] 321 54 301 740 234 254 19 389 370 9.8
FAP-Net (ICRA 2024) [45] 392 67 360 804 298 368 52 497 496 245
DMSR (ICRA 2024) [18] 346 65 323 814 274 283 61 373 595 236
LaPose (ECCV 2024) [16] . . . - . 175 26 444 - 305
MonoDiff9D (ICRA 2025) [1] 352 67 336 801 282 315 63 410 563 257
DA-Pose (RA-L 2025) [14] 414 61 405 608 246 281 36 458 275 134
GIVEPose (CVPR 2025) [19] - - - . - 20.1 - 459 - 342
YOPO R50 (Ours) 414 79 363 782  30.1 671 166 756 540 407
YOPO Swin-L (Ours) 466 118 431 887 387 716 164 718 696 528
YOPO Swin-L* (Ours) - - - - - 796 19.6 844 660  54.1

TABLE III: Ablation on REAL275. v': component enabled,
X: disabled. The shaded rows indicate the selection for our
final model, corresponding to the main table (Table II).

BC Aug CW WS RFT ‘ IoUsg IoUys 10cm 10° 10°10cm
X X X X X 51.2 109 58.0 468 26.1
center X X X X 59.8 109 657 333 21.8
center v X X X 59.1 11.0 662 55.7 34.1
RS0 center v v X X 55.7 106 59.7 59.2 335
center v X v X 66.6 11.8 767 549 424
center v v v X 64.2 16.7  70.0 54.1 37.4
center, z v v v X 67.1 16.6 75.6 54.0 40.7
center, z v v v v 71.1 17.7 77.6 60.5 46.6
Swin.L, Center z v v v X 71.6 164 778 69.6 52.8
center, z v v Y v 79.6 19.6 844 66.0 54.1

TABLE IV: Ablation on REAL275 with respect to 3D-aware
matching cost and weights for the loss.

BC MC Aot Adepth  Ascale ‘ ToUsp IoU7s 10cm 10° 10°10cm
center X 5.0 5.0 5.0 55.7 10.6 59.7 59.2 335
center v 5.0 5.0 5.0 55.8 8.9 64.0 56.7 37.8
center X 5.0 50.0 50.0 67.3 151 719 500 35.0
center v 5.0 50.0 5.0 62.2 13.7 67.6 60.5 40.5
center v 5.0 50.0 50.0 64.2 16.7 70.0 54.1 374

C. Ablation Study and Discussion

We conduct comprehensive ablation studies on the
REAL275 dataset to assess the contribution of each key
design component of YOPO. Unless otherwise noted, all
ablations use direct 2D bounding-box supervision rather than
projected cuboids.

a) Component-wise Ablation: Table III details the con-
tribution of each component. The baseline yields modest
results. Bounding-box conditioning on the center head (BC
{center}) improves overlap, while data augmentation (Aug)
recovers geometric accuracy. Applying proper weight scaling
(WS) without class-wise (CW) heads significantly boosts
performance. Subsequently, enabling CW heads and extend-
ing conditioning to the depth head (BC {center, z}) achieves
an optimal balance and consistent overlap gains. Finally, fine-

TABLE V: Ablation study on bounding box-conditioned
prediction.

Center Rotation Size Z ‘ ToUsp IoUzs 10cm 10° 10°10cm
X X X X | 66.0 125 744 52.1 39.5
v X X X | 642 16.7 700 54.1 37.4
v v X X | 643 14.0 748 477 36.3
v X v X | 650 119 750 521 39.2
v X X v | 671 16.6 756 54.0 40.7
v v X v | 709 13.8  79.0 484 39.1
v X v V| 654 142 73.6 492 36.0
v v v V| 67.6 126 75.8 59.6 47.2

TABLE VI: Comparison of direct 2D bounding box su-
pervision (v') vs. projected 3D cuboid supervision (X) on
REALZ275. All other settings are held constant.

Backbone BC  Box \ IoUsg IoU7s 10cm 10° 10°10cm

R50 center Vv 64.2 16.7 70.0 54.1 374
center X 62.1 152 672 574 38.7

Swin-L center Vv 69.3 147 769 65.6 49.3
center X 67.1 158 78.0 67.9 533

tuning on REAL275 (RFT) pushes performance to its peak,
yielding our final configuration (shaded rows).

b) Effect of 3D-aware Matching Costs and Loss-Weight
Scaling: Table IV shows that 3D-aware matching costs mod-
estly improve pose accuracy, but their impact is amplified
when combined with proper loss-weight scaling. Without
3D-aware matching costs and with uniform loss weights, the
model achieves 55.7 on IoUsg and 33.5 on 10°10cm. En-
abling 3D-aware matching costs at the same weights leaves
the overlap essentially unchanged (55.8 IoUj5() but improves
the 10°10 cm metric to 37.8 (+4.3). Reweighting Ageptr, and
Ascale to 50 without matching costs increases the overlap
to 67.3 IoUsq (+11.6) while yielding a modest 10°10 cm of
35.0. Combining 3D-aware matching with targeted reweight-
ing produces the strongest performance: specifically, setting
Arot = 5, Adepth = 50, and Ageqre = 5 achieves 37.4 on
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TABLE VII: Comparison with state-of-the-art RGB and
RGB-D methods on REAL275 and HouseCat6D.

REAL275
Method IoUsop IoUzs | 5°5cm  10° 5cm | 10° 10 cm
NOCS [11] 780 301 100 252
GPV-Pose [49] R 64.4 429 733
RGB-D )\ G-Pose [50] 837 795 617 83.1
SpotPose [51] 841 812 64.8 88.2
MonoDiffoD [1] | 315 63 44 9.6 257
RGB  GIVEPose [19] | 20.1 - - : 342
YOPO (Ours) 796 196 59 267 54.1
HouseCat6D
Method IoUgs IoUso | 5°5cm  10°5cm | 10° 10 cm
NOCS [11] 500 212 - -
GPV-Posc [49] | 749 507 46 27
RGB-D G pose [50] 818 625 12.0 3538
SpotPose [51] 8.1 770 25 548
RGB  YOPO Ours) | 713 348 | 53 21 | 333

10°10 cm and 64.2 on IoUsg. Consequently, introducing 3D-
aware matching costs together with appropriate loss-weight
scaling substantially improves performance. This loss-weight
configuration was adopted for our final model.

c) Effect of Bounding Box-Conditioned Prediction:
Table V shows the effect of conditioning different prediction
heads on the 2D box. Without any conditioning, the model
attains 66.0 on IoUsp and 39.5 on 10°10cm. Conditioning
only the center slightly degrades the main metrics (64.2
on IoUsy / 37.4 on 10°10cm), and adding conditioning to
rotation or size (on top of the center) yields limited or
inconsistent gains. In contrast, conditioning depth together
with the center produces a clear joint improvement: 67.1 on
TIoUsp and 40.7 on 10°10cm. While extending conditioning
further can improve a single metric, it comes with trade-
offs on the complementary objective. Therefore, we adopt
conditioning only the center and depth heads as the default,
as this choice offers the best balance between overlap and
geometric accuracy.

d) Is exact 2D box supervision necessary?: Table VI
compares training with directly annotated 2D boxes (v')
against weaker boxes derived from projected 3D cuboids (X).
On ResNet-50, precise boxes slightly improve overlap (+1.2
on IoUz5) and translation (+2.8 on 10 cm), whereas projected
boxes yield better rotation (+3.3 on 10°). With Swin-L, both
strategies perform similarly. This indicates YOPO is robust
to weaker box supervision and does not strictly rely on
highly accurate 2D annotations, which can effectively reduce
annotation costs in practice.

e) Comparison with RGB-D and RGB Methods: Ta-
ble VII compares YOPO against RGB and RGB-D methods.
On REAL275, YOPO significantly outperforms all RGB-
only baselines and approaches RGB-D overlap performance,
though it trails on stricter metrics (e.g., loUzs, 10°5cm).
On HouseCat6D, YOPO achieves 34.8 on IoUsy and 5.3
on 5°5cm, outperforming NOCS and rivaling GPV-Pose.
Notably, YOPO achieves this without the ground-truth seg-
mentation masks required by the RGB-D baselines. Overall,
our method establishes a clear state-of-the-art for RGB-only
approaches and substantially narrows the gap to RGB-D
systems.

f) Inference Time & Bottleneck Analysis: Our model
performs joint object detection and 9D pose estimation in
a single forward pass. On an RTX A6000 GPU, it achieves
~20 FPS (49.7 ms/img) with ResNet-50 and ~8 FPS (124.5
ms/img) with Swin-Large. Breaking down the latency, our
proposed pose head is highly lightweight, consuming only
~9.1 ms regardless of the backbone. For ResNet-50, the
remaining runtime consists of feature extraction (7.4 ms) and
transformer processing (33.1 ms), making the transformer
the primary bottleneck (67% of total latency). When scaling
up to Swin-Large, heavy feature extraction (49.1 ms, 39%)
and transformer processing (66.1 ms, 53%) become the main
computational bottlenecks.

V. CONCLUSION

We introduced YOPO, a single-stage, transformer-based
framework for monocular, category-level 9D pose estima-
tion that operates truly end to end—without CAD models,
shape priors, pseudo-depth, or instance-mask supervision.
Built on DINO, YOPO adds a parallel pose head and a
bounding-box—conditioned 3D module, enabling strong di-
rect estimation of rotation, translation, and anisotropic scale
from RGB alone in a single forward pass. Across standard
benchmarks, including REAL275 and HouseCat6D, YOPO
establishes a new state of the art among RGB-only methods
and substantially narrows the gap to RGB-D systems, while
maintaining a cost-effective and scalable design suitable for
real-world deployment. Looking ahead, we see YOPO as a
simple, strong baseline for RGB-only 9D perception, and an
extensible platform for exploring robustness to occlusion and
domain shift, broader category coverage, and the integration
of temporal cues.
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