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Figure 1. 3PT achieves state-of-the-art zero-shot 3D object perception, including detection, segmentation, and 6DoF pose
estimation. Unlike previous methods, 3PT successfully reconstructs poses in complex industrial scenes, such as the bracket house-

of-cards structure shown above.

Abstract

Current approaches to zero-shot 3D-object perception
typically rely on ensembles of frozen foundation models.
This limits deep object understanding and cross-domain
generalization, making performance inadequate for real-
world deployment. The 3D-Object Perception Transformer
(3PT) addresses this limitation by unifying detection, seg-
mentation, and 6DoF pose estimation in a single frame-
work, directly trained for 3D-object perception. Based
on two large-scale trained transformers that specialize in
2D and 3D object-centric scene understanding respectively,
3PT continuously refines its object representations without
depth input, enhancing 3D understanding by incorporat-
ing multi-view information. 3PT surpasses task-specialized
models for detection and pose estimation, often achieving
double-digit percentage improvements on the diverse BOP-
benchmarks, and in some cases outperforming non zero-
shot methods. It also ranked first in 7 of 11 tracks at the
BOP Challenge 2025. 3PT’s high-accuracy and reliability
is well-suited for practical industrial robotics applications
such as bin picking and precise insertion.

*Equal contribution T Work performed at Intrinsic with Intrinsic resources

Project Page can be found at https ://www.
intrinsic.ai/publications/3pt—-cvpr2026

1. Introduction

Spatial understanding of 3D object instances in a scene is
a fundamental challenge in computer vision. This under-
standing is typically demonstrated through tasks like ob-
ject detection, segmentation, and pose estimation. These
tasks become particularly challenging when geometric and
visual descriptions of objects (3D-models) are only avail-
able at inference time or when per-object training is imprac-
tical due to continuously changing target objects and high-
cost. This “zero-shot” object perception problem, where the
model must reason about previously unseen objects from a
reference representation, is critical for applications across
multiple domains such as augmented reality, logistics, and
industrial automation. 6DoF Pose estimation represents the
most comprehensive task in object understanding, gener-
ating rich geometric and spatial understanding about ob-
jects in a scene. The conventional approach to pose es-
timation employs a two-stage pipeline: a detection stage
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Figure 2. 3PT generalizes zero-shot 3D-object perception across camera types (fisheye, industrial, consumer), object types (household,

industrial, dark), and environments (clutter, hand-held, and outdoor).

which localizes objects in the 2D image, followed by a re-
finement stage that estimates their 3D properties. This ar-
chitecture reflects a hierarchical structure, where progres-
sively more detailed, higher-dimensional representations
are built upon the fundamental object understanding estab-
lished at earlier stages aligned within the measurement ev-
idence from the sensor(s). Existing detectors bypass gen-
uine 3D geometric understanding by relying on frozen foun-
dation models tailored for other vision tasks (SAM [34],
GroundingDINO [39] etc.) to perform detection via vi-
sual similarity matching [10, 37, 45]. By operating on ap-
pearance similarity without fundamental understanding of
the 3D object, these methods produce unreliable predic-
tions when test objects diverge from their training distri-
butions, for instance, when models pretrained on everyday
web images encounter industrial objects. To mitigate this
noise, state-of-the-art (SotA) approaches resort to multi-
model ensembles within multi-stage pipelines [5, 59]. How-
ever, these heuristic-based, decoupled architectures funda-
mentally limit generalization due to their rigid inter-model
interfaces and lack of task-specific finetuning. This lim-
itation is evident in the continued superiority of per-object
trained models over pipelined zero-shot approaches that use
multiple frozen models [59].

The second significant limitation of existing zero-shot
pipelines is their reliance on depth data for accurate pose
refinement. This limitation requires depth to be estimated
from multi-view correspondence matching, either between
multiple cameras or for industrial datasets [18, 30, 64], be-
tween a camera and a projector. Errors in these correspon-
dences are easily introduced by occlusions, harsh lighting,
or reflective surfaces and further propagate directly to the
quality of the estimated pose. Eliminating this dependency
on processed evidence by relying solely on raw multi-view
RGB data is essential to prevent avoidable degradation.

Addressing these limitations, we introduce the 3D-
Object Perception Transformer (3PT), a multi-stage frame-

work for deep visual object understanding. Unlike existing
approaches that rely on frozen foundation models for detec-
tion and similarity matching, 3PT’s detection stage (3PT-
D) is trained at scale, directly conditioned on 3D object
models. This “early-fusion” design allows the model to
jointly learn object representations and leverage this under-
standing to localize objects within images through a unified
process, rather than separately embedding objects and im-
age before “late-fusing” them through similarity matching.
Consequently, 3PT exceeds the performance of prior meth-
ods on 12/13 detection datasets, with 68.8% and 31.8%
relative improvements on BOP-Industrial and BOP-H3 re-
spectively (Fig. 3). 3PT’s refinememt stage (3PT-R) re-
quires only a single RGB image and does not rely on depth
data; but, when available, natively incorporates multiview
images to further improve 6DoF pose estimation. On the T-
LESS [25] dataset, our zero-shot multi-view RGB method
outperforms all prior supervised RGB methods, without
training on the test objects. 3PT also achieves substantial
improvements over prior methods across datasets spanning
diverse object types: It achieves a 56.5% relative improve-
ment on BOP-Industrial and a 26.5% relative improvement
on the everyday-objects of BOP-H3. Beyond benchmarks,
we demonstrate 3PT’s industrial-grade accuracy and robust-
ness in practical applications, including DIMM-insertion
and sheet metal bin picking, with over 100 successful and
repeatable real-world attempts in dense clutter Fig. 4b. We
present comprehensive ablation studies and analysis to un-
derstand which design choices impact 3PT’s performance.

2. Background and Related Work

Zero-Shot 2D-Detection SotA approaches for zero-shot
3D-object conditioned detection have converged on a two-
stage propose-and-match workflow leveraging generic vi-
sion transformers.

In the proposal stage, methods generate class-agnostic
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Figure 3. 3PT (blue) outperforms prior zero-shot methods across tasks, objects, and environments achieving SotA in all three BOP-
benchmarks for detection and single/multi-view RGB 6DoF pose estimation.

proposals using segmenters like FastSAM [65] (used by
CNOS [45], SAM-6D [37]) or open-vocabulary detec-
tors like GroundingDINO [39] (used by MUSE [10],
F2D3D [9], NIDS-Net [40]). In the subsequent match stage,
proposals are classified by comparing their features against
template renders with complex heuristics. Most approaches
(CNOS, MUSE, NIDS-Net) rely on frozen DINOv2 [48]
features with heuristic matching, while SAM-6D [37] trains
a lightweight custom matcher. Unlike these ensemble-based
approaches, which depend on the understanding of generic
foundation models trained for different tasks, we introduce
a native vision transformer directly trained on 3D-object-
conditioned detection.

Zero-Shot 6D-Pose Estimation The standard zero-
shot pipeline follows a sequential Initialize-Refine-Score
paradigm. Current SotA methods typically treat these
stages as disjointed tasks, often requiring a combination of
custom heuristics and specialized models.

Initialize: Most methods rely on depth [61] or bound-
ing box priors [44, 46] for translation initialization. For
rotation initialization, some methods perform dense rota-
tion sampling [61] and postpone the decision of which sam-
ple to take to the scoring stage. Others utilize template
matching [20, 46, 54, 66], or correspondence-based meth-
ods [29, 37, 44]. In contrast, our method receives the orien-
tation information directly from the detection stage 3PT-D.

Refine: FoundationPose [61] employs a direct-update re-
gression network. MegaPose [36] established the iterative
render-and-compare paradigm for zero-shot objects, which
GigaPose [46] and PicoPose [38] further accelerated using
dense pixel-correspondence, and Co-op [44] using optical
flow. FreeZe [5] and MatchU [29] perform point cloud
based 3D matching augmented by learned visual and geo-
metric features. Some RGB-D methods apply some variant
of ICP [2] as a final refinement step [5, 29].

Score: Scoring is often utilized to filter hypotheses after
refinement. Some methods use handcrafted scoring func-

tions (geometric distance [5] or feature similarities [37])
while others require a separate network [61]. In contrast,
we introduce a unified approach 3PT-R that jointly pre-
dicts (1) edge-based reciprocal correspondences for pose
updates, (2) segmentation masks, and (3) hypothesis con-
fidence scores in a single forward pass.

High-Precision Pose Ahead of all published methods,
the current SotA submission on the online BOP-Industrial
leaderboard [47] for high-precision pose is FRTPose-
WAPRV2 [59]. It ensembles 4 detection approaches and
3 refinement approaches on high resolution RGB with > 2
minute runtime to achieve maximum possible accuracy. For
pose initialization, it trains a new model per object for 5
minutes, making it non zero-shot. We include it for com-
pleteness due to its high performance on the BOP-Industrial
leaderboard.

AP vs. AR While many classical pose estimators [36, 66],
and recent Diffusion [20, 31, 58], Gaussian-Splatting [3],
and model-free [23, 56] methods report Average Recall
(AR), this metric implicitly assumes known object counts
and ignores false positives. In contrast, we evaluate on Av-
erage Precision (AP). This is a stricter metric that penal-
izes hallucinations and measures the reliability of the full
pipeline (detection and pose estimation) in the wild, rather
than just the pose accuracy of a pre-selected object crop.
Multi-View Pose While multi-view RGB methods ex-
ist [35, 49], they require per-object training rather than zero-
shot. Model-free approaches [23, 56] use multi-view for
novel object onboarding, but single-view scene-level infer-
ence. 3PT is focused on zero-shot multi-view RGB 6DoF
pose in real scenes.

3. 3D Object Perception

3D object perception is decomposed into three sequential
stages: Detection (instance identification from RGB im-
ages), Object Generation (proposal creation), and Refine-
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Figure 4. 3PT generalizes to challenging real-world applications in industrial robotics and augmented reality. Demonstration videos

are provided as supplementary materials.

ment (iterative optimization, selection of the best proposal
based on image evidence, and generation of final segmenta-
tion maps and 6D poses).

3.1. Detection Stage

We introduce 3PT-D, a two-tower Vision Transformer
(ViT [15]) architecture adapted from recent encoder-only
dense object detection methods [41, 42, 52]. Unlike prior
works which process text embeddings, we introduce a 3D-
object conditioned architecture that ingests rendered CAD
views to perform detection and coarse orientation estima-
tion. This two-tower architecture consists of an Object

Encoder (Tower 1) and an Image Encoder (Tower 2) (see

Fig. 5).

Object Encoder (Tower 1) The object encoder processes

the 3D-model to generate two distinct sets of embeddings,

which can be pre-computed and cached:

1. Prior Embeddings (Condition): We render the object in
12 pre-specified rotations. These are forwarded through
the backbone and the resulting embeddings are pooled
and concatenated to form the context embeddings used
to condition the image encoder.

2. Query Embeddings (Templates): We generate N; ren-
ders (IV; = 5140) densely covering the rotation space.
These are encoded into a cache of template vectors used
for orientation matching.

Image Encoder (Tower 2) The image encoder receives the

input image tokens concatenated with the object Prior Em-

beddings (Early Fusion). This conditions the ViT to trans-
form image patches into object-specific hypothesis embed-
dings. Each hypothesis is decoded by regression heads to
predict a 2D bounding box and a confidence score indicat-
ing the presence of the object. We estimate the orienta-
tion of an object hypothesis by computing the cosine dis-
tance between the predicted hypothesis embedding and the
cached Query Embeddings as a single matrix-multiply. The
detection score is defined as the maximum similarity score
over all orientation templates. This leads to three outputs:
Bounding Boxes, Detection Scores, and Orientation Distri-

bution.

In the case of multiple query objects, we run the model
once per object, and then perform non-maximum suppres-
sion across boxes.

Scale-Range Prior To address the trade-off between reso-
lution and computational cost, we employ a dynamic pan-
and-scan strategy, where we tile the image into overlapping
512 x 512 patches. During training, we randomly crop and
resize regions to ensure target objects fall within a specific
pixel range (128-350px). This embeds a scale prior in the
model. At inference time, we assume a defined depth range,
enabling us to resize images such that the target objects fall
within this specified size range.

While this prior is practical for real industrial applica-
tions, BOP benchmarks do not support the assumption of a
fixed depth range. In that case, we run the model S times
where S = 3 to cover a sufficiently large depth range. We
ablate this in Tab. 3e.

Training The model is trained contrastively on ~1B image-
render pairs to align hypothesis embeddings with their cor-
responding rendered orientation templates using the sig-
moid focal cross-entropy loss. Bounding box grounding is
optimized by reducing both L/ and GiOU [51] losses.

Soft-Scaled Matching Loss Standard matching-based
losses [6, 41, 42] use a winner-takes-all approach, treat-
ing non-best matches as hard negatives regardless of their
spatial overlap, leading to noisy gradients. 3PT-D in-
stead down-weights the penalty for near-miss hypotheses
inversely to their bounding box matching score (IoU). This
stabilizes training by focusing the model on distinguishing
hard negatives from true positives.

3.2. Object Generation Stage

This stage inputs bounding boxes and rotation distributions,
and groups them by object identity. Each group is called
object. Object i contains boxes belonging to the same
instance (at most one per view) and K pose hypotheses
PﬂP”PlK
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Figure 5. Architecture overview of 3PT. Details are given in Sec. 3.

When only a single RGB image is available, we asso-
ciate each bounding box to an object. The z coordinate is
estimated from the ratio of the bounding box diagonal and
the CAD diagonal. The z,y coordinates are estimated by
projecting the centroid to the estimated object z. The rota-
tions are estimated by sampling the top K rotations that are
at least 45° apart.

In the multi-view case, we use epipolar matching to con-
vert 2D object detections from multiple images into 3D hy-
potheses and filter out outliers. We match along rays cast
through the centers of the detected bounding boxes by tri-
angulating the object’s position in 3D space. An object is
considered valid and is kept if it is successfully matched in
v > 3 views.

For a single object, each estimated 3D position has vV,
associated orientation proposals. These can be noisy be-
cause a single camera view may have visual ambiguities.
We fuse and filter the proposals from all available views
as follows. We model the continuous distribution of orien-
tations using a Kernel Density Estimation (KDE) over the
rotation group SO(3). The kernel function used for this es-
timation is an isotropic von Mises-Fisher distribution [19].
To speed it up, we only use the top 500 rotations from each
view. We re-weight the scores of all per-object orientation
proposals using the KDE distribution. From these, we select
the top K highest-scoring proposals, ensuring they maintain
a minimum distance from each other. This yields K fused
SE(3) pose hypotheses for each object.

3.3. Refinement Stage

The Refinement stage (3PT-R) generates outputs towards
object-centric tasks, specifically segmentation, pose estima-
tion, and scoring.

The input to this stage consists of V' calibrated images
and M object instances, where each instance represents a
detected object of interest with K initial pose hypotheses.
For each object instance, 3PT-R processes these inputs to
produce V' segmentation maps (one per image), a single re-
fined 6DoF pose, and a single pose confidence score. Al-

though the primary goal is pose estimation, segmentation
outputs are retained for downstream tasks like bin-picking
(e.g., determining top-layer parts).

Refinement Methodology and Inference We formulate
pose refinement as an iterative render-and-compare 1oop.
During inference, this loop typically runs for 3 iterations to
converge on a single best pose hypothesis. Each iteration
consists of the following steps for every object and active
hypothesis:

1. Forward Pass: We generate image-render pairs for cur-
rent pose hypotheses and pass them through the 3PT-R
network described below. This yields hypotheses confi-
dence scores, segmentation masks, and dense real image
feature map F' and the rendered image feature map Z.

2. Reciprocal Matching: To estimate correspondences be-
tween the real and rendered images, we employ recipro-
cal matching. This technique finds pairs of pixels (4, j)
in F and (z,y) in Z that are mutual nearest neighbors
in feature space (based on cosine similarity). To reduce
the computational load of high-resolution dense match-
ing, we restrict this matching to the edges of the rendered
image.

3. Pose Update: Sparse 2D-3D correspondences are ob-
tained from the matched features (as every rendered
pixel has a known 3D location). We then apply multi-
view Perspective-n-Point (MV-PnP) [1 1] to minimize re-
projection error and calculate the pose update for the
next iteration.

4. Hypothesis Selection: Unlike methods that only output
a final pose, our model estimates a confidence score for
every hypothesis at each iteration. We use this score to
filter out the bottom 50% of hypotheses after each iter-
ation, progressively narrowing down to the best candi-
date.

Architecture

Encoding: The original images are cropped around the ob-
ject using detection bounding boxes and resized to fixed di-
mensions. The object CAD model is rendered at each of
the K pose hypotheses onto each of the V' cropped views.



Both the real image crops and the rendered views are inde-
pendently embedded using the same DINOv2 [48] encoder,
resulting in two sets of embeddings.

Cross-Attention: To register object hypotheses with visual
image evidence, we cross-attend the embeddings from each
real view (query) with all render embeddings (key/value)
similar to Co-Op [44].

Decoding: The resulting token sequences are processed
by a DPT [50] decoder to predict dense outputs, specifi-
cally per-pixel descriptors (feature maps) and segmentation
masks. The DINOv2 [48] register token is used to predict
the scalar classification score for each hypothesis.
Training The network is trained on synthetic data where
ground truth poses are known. Training hypotheses are
generated by perturbing these poses. The training objec-
tive comprises three components: a segmentation loss, a
classification loss, and a matching loss. The matching loss
enforces high cosine similarity between feature maps for
ground truth correspondence pairs while minimizing simi-
larity for non-corresponding pairs.

Matching Loss: Let P € SE(3) be the current hypothesis.
Mapping f : (z,y|P) — (i, 7) projects a 3D point from the
rendered feature map Z at pixel (x,y) to its corresponding
pixel (i, ) in the real image feature map F using the ground
truth pose. The matching loss

Ln(0|P) = Z

(z,y)€Seg[Z]

—10g Py (z,y|P) )]

where 0 are trainable parameters, p;; is the softmax of the
dot product Z,, - Fj;.

Classification Loss: 3PT-R outputs confidence scores per
render-image pair. During training, we sample 5 randomly
jittered initial poses and generate render-image pairs for
each. We then run one step of refinement, and train the
scorer to estimate the render-image pair with the lower er-
ror using softmax and crossentropy loss.

Segmentation Loss: For segmentation, we use a standard
binary cross entropy per-pixel.

3.4. Data Curation

We train both networks on 900,000 unique synthetic
images, created using a Blender-based data generation
pipeline. In the dataset, we used over 100,000 mesh files
[12, 14, 17, 62], arranging them to simulate real challenges
the networks would have to solve. On average, there are
110 annotated instances in each image, i.e. the dataset has
approximately 100 million unique object instances before
data augmentation. The synthetic scenes in the dataset are
object-based and most are similar to NVIDIA’s Synthetica
[55], with meshes dropped onto a surface with a random
background. In addition, some scenes showed either ob-
jects floating in the air or tightly packed together. More
information about the dataset is in the supplement.

FreeZe.v2 (prev. best one-shot)

3PT (Ours)

) Ground Truth Pose v Predicted Pose ]

Figure 6. 3PT achieves accurate 6D pose estimation in densely
cluttered scenes under challenging lighting conditions where ex-
isting RGB-D methods fail.

4. Experiments

We evaluate 3PT extensively across 13 datasets from the

Benchmark on 6DoF Object Pose (BOP) [26]. While prior

work focuses primarily on the saturated BOP-Classic suite

(LM [24], YCB-V [63], etc.), we jointly present results on

the recently introduced BOP-H3 [1, 21, 57] and BOP-

Industrial [18, 30, 32] benchmarks. These datasets rep-

resent the frontier of 3D object perception, where existing

zero-shot approaches typically struggle with performance

drops of 10 — 30%.

* BOP-H3 (e.g., HOPE, HOT3D) targets Augmented Re-
ality challenges: lack of depth sensors, fisheye distortion,
and hand occlusions.

¢ BOP-Industrial (e.g., ITODD, CNOS-Fast) targets
robotic bin-picking: featuring severe clutter, metallic re-
flections, and harsh lighting.

Crucially, these modern suites utilize fully hidden test sets

and high-fidelity ground truth, preventing overfitting and

enabling precise evaluation. We evaluate exclusively on Av-
erage Precision (AP) and AP-mm (AP at 2 — 20mm thresh-
olds), excluding methods only evaluated on Average Recall

(AR) [31, 38, 43, 66] as they assume known object counts,

which conceals false positives.

We focus on BOP-benchmarks due to wide adoption and

hidden ground truth compared to other datasets [7, 8, 60].

4.1. Main Results

Our method establishes new state-of-the-art detection re-
sults on 12/13 benchmarks, RGB pose on 9/10 benchmarks,
and industrial mm-level pose on 3/3 benchmarks, with sig-
nificant improvements on BOP-H3 (+13.3 detection AP,
+12.3 pose AP) and BOP-Industrial (+23.6 detection AP
and 4-29.1 pose AP-mm).



Table 1. Main results: Comprehensive detection and pose results across BOP benchmarks. Baseline numbers were taken from BOP
Online Leaderboard [27]. (A) represents per-column improvement over the best competitor.

(a) Detection AP: Our detection demonstrates superior performance generalization, especially on industrial datasets, with an average 23.6 AP improvement
over the previous SotA in BOP-Industrial and 13.3 AP improvement in BOP-H3.

Method BOP-H3 BOP-Industrial BOP-Classic

HOT-3D[1] HOPEv2[57] HANDAL[2I] Avg IPD[32] XYZ[30] ITODD-MV[I8] Avg LMO[4] T-LESS[25] TUD-L[28] IC-BIN[I6] ITODD[I8] HB[33] YCB-V[63] Avg
CNOS [45] 35.0 31.3 24.6 30.3 20.8 275 313 26.5 433 39.5 534 22.6 325 51.7 56.8 42.8
SAM-6D [37] - - - 31.7 29.6 394 33.6 46.3 458 57.3 245 419 55.1 58.9 47.1
MUSE [10] 438 46.0 35.7 41.8 21.6 323 49.0 343 51.1 49.4 60.1 33.7 49.0 61.6 68.4 53.3
3PT-D 48.4 63.4 53.6 55.1 63.4 57.5 52.8 57.9 56.8 54.5 63.6 38.9 52.8 71.3 67.2 57.9
A +4.6 +17.4 +17.9 +13.3 +317 +25.2 +3.8 +23.6 +5.7 +5.1 +3.5 +5.2 +3.8 +9.7 -1.2 +4.6

(b) Single-View RGB 6DoF Pose on BOP-H3 and BOP-Classic: 3PT is SotA on 9/10 datasets

and shows substantial gains on BOP-H3 (412.3 average AP).

(c) 6DoF Pose on BOP-Industrial (AP-mm): Our depth-
free pose estimation achieves a 29.1 AP-mm improve-
ment over the previous best.

Method BOP-H3 (AP) BOP-Classic (AP) Method 0-Shot  Modality  IPD[32] XYZ[30] IT-MV[I§] Av.
H3D[I] Hv2(57] HDL[2]] Avg. LMO[4] T-L[25] TUDL[28] ICB[I6] IT[I8] HB[33] YCBV[63] Avg. FRTPose [59] X MV-RGB-D 744 645 659 683

GigaPose [46]  26.8 411 256 312 597 56.5 68.8 439 425 707 60.7 57.5 FoundationPose [61] v/ RGB-D 304 483 45.5 414
Co-Op [44] 40.1 514 477 46.4 63.7 61.6 65.8 46.7 50.4 732 62.6 60.6 SAM-6D [37] v RGB-D 316 528 54.4 46.3
3PT (D+R) 553 55.1 65.7 587 642 715 7.8 37.1 644 796 67.5 66.0 MatchU [29] v RGB-D 340 40.9 434 39.5
FreeZeV2.2 [5] v RGB-D 321 51.9 70.5 51.5

A +152 437 +180  +123 405 +159 +3.0 96  +140 464 +4.9 454 3PT (D+R) v MV.RGB 923 720 775 80.6
A +58.3 +19.2 +7.0 +29.1

Table 2. Our zero-shot MV-RGB method outperforms prior
supervised/seen MV-RGB(D) methods on AR for T-Less.

Method Modality # Views Zero-Shot T-LESS (AR)
CenDerNet [13] MV-RGB 5 X 71.3
DPODV2 [53] MV-RGB 4 X 742
Haugaard et al. [22] MV-RGB-D 4 X 85.8
3PT (D+R) MV-RGB 4 v 90.0
A +4.2

2D Detection: We compare 3PT-D against the leading
zero-shot detection approaches CNOS[45], SAM-6D[37],
and MUSE[10] in Tab. 1a. 3PT-D significantly outperforms
all priors, achieving AP gains of +13.3 (BOP-H3), +23.6
(BOP-Industrial), and +4.6 (BOP-Classic [4, 16, 18, 25,
28, 33, 63]). These results substantiate the enhanced gen-
eralization capability of 3PT’s 3D-object conditioned train-
ing relative to ensemble-based approaches. 3PT-D currently
ranks first for 2D detection of unseen objects on BOP-H3,
BOP-Classic, and BOP-Industrial leaderboards.

RGB-Only 6DoF Pose: In Tab. 1b, we compare -D + -
R against SotA methods Co-op [44] and GigaPose [46].
yields substantial gains in the generalized setting (unknown
object counts), improving relative AP by +12.3 on BOP-H3
and +5.4 on BOP-Classic. 3PT-D currently ranks first for
6D detection of unseen objects on BOP-H3. It also ranks
first on BOP-Classic against all RGB-only methods.

mm-level 6DoF Pose: Tab. Ic benchmarks our multi-
view pose estimation against strong zero-shot RGB-D base-
lines (FoundationPose [61], SAM-6D [37], FreeZeV2 [5])
and the prior best non-zero-shot method FRTPose-
WAPRV2 [59]. Remarkably, using only RGB images, 3PT
outperforms all zero-shot RGB-D approaches by an av-
erage of 29.1 AP-mm, even per-object-fine-tuned RGB-D
methods by 12.3 AP-mm. 3PT-D currently ranks first for
6D detection of unseen objects and seen objects on BOP-
Industrial, even though it is zero-shot.

Supervised MV-RGB: We include a comparison on T-
LESS [23] to supervised MV-RGB methods in Tab. 2.
Even though they are supervised/seen methods that train
directly on the test objects, our zero-shot method outper-
forms them by +4.2 AR.

Additional Challenges: We achieve SotA on zero-shot
segmentation (53.6 AP) for BOP-Classic and model-free
detection (48.2 AP) on BOP-H3 and currently rank first on
both leaderboards. Details are provided in the supplement.

4.2. Analysis and Discussion

We analyze our methods on BOP-H3 [1, 21, 57] and BOP-
Industrial [18, 30, 32], as these datasets offer the most reli-
able ground truth annotations for evaluation.

2D Detection: Native 3D-conditioning at scale > generic
ensembles of ViTs. Previous zero-shot approaches lever-
age ensembles of generic ViTs (e.g., MUSE ensembles Di-
noV2, GroundingDINO, and SAM). Tab. 3b demonstrates
that while powerful, these models are suboptimal at every
component of 3D-object conditioned detection. Adding our
classification, scoring, and regression separately to MUSE’s
predictions each improve performance. However, just as
training a robust text-conditioned detector (e.g., OWL-ViT)
requires massive vocabulary exposure, 3D-conditioned de-
tection requires similar scale. We train on 76.8M images
and 110k unique 3D object models, creating the first native
3D-model conditioned detector. Tab. 3e shows that increas-
ing the 3D model “vocabulary” from 35k to 110k results
in a substantial 5.1 AP improvement. This scale yields the
improvements of 13.3 AP (BOP-H3) and 23.6 AP (BOP-
Industrial) over MUSE in Tab. 1a.

Single-View RGB-Pose: In Tab. 3c, we analyze the source
of our improvements upon prior methods on single-view
pose estimation. Applying our refinement to Co-Op’s [44]
predictions yields a 1.4 AP gain, demonstrating the added



Table 3. Ablations: Top row (a—c): ablations show which parts of our approach, when added to prior SotA, explain our performance gains.
Bottom row (d—e): hyperparameter ablations reveal that scaling 3D-model vocabulary and using multiple hypotheses drive performance.

(b) Each detection component helps; end-to-end

(c) Refinement adds single-view im-

(a) Multi-view refinement accounts for most mm- training surpasses MUSE on HANDAL[21]. provements on RGB 6D Pose; AP re-
level gains, added on top of FRTPose. 6DoF Pose AP- Method AP APsy AP;; AR, AAP ported.
mm reported. .
Method / Ablation ITODD[I8] XYZ[30] IPD[32] Average A MUSE[10] 357 451 384 43.0 » Method K _porms 4
~ - — + class id 40.1 499 436 525 +44 Co-Op [44] 1 46.4 _
fﬁm:;g;gnem ;;: 22 ggg 222 100 + scoring 423 529 462 523 +6.6 + Our refinement 1 47.8 +1.4
Ours Full 775 720 923 80.6  +123 +regression  43.7 53.1 50.0 552 +8.0 Ours 1 55.1 +8.7
OursFull 536 662 612 649 +179 Ours - Full S0 S8T 4123

(d) Refinement Ablations (AP-mm): Our final solution uses S = 3, K =
8, and 3 Iters. It doesn’t use known object classes O.

HPPs BOP-Industrial
O K Tters S ITODD[18] XYZ[30] IPD[32] Avg. A
vl 3 3 66.8 63.9 82.7 7.1 —
v 4 3 3 76.3 70.9 90.9 79.4 483
v 8 1 3 75.4 67.5 88.7 712 +6.1
v 8 2 3 714 72.6 92.2 80.7 +9.6
v 8 3 1 75.2 70.7 92.0 79.3 +8.2
v 8 3 3 77.6 72.7 92.3 80.9 +9.8
x 8 3 3 71.5 72.0 92.3 80.6 +9.5

value of our refinement stage, even in single-view. How-
ever, using 3PT-D initial poses with K = 1 yields an 8.7
AP gain, confirming that superior detection & pose initial-
ization is a key driver for single-view performance. Finally,
K = 5 orientation hypotheses give additional 3.6 AP im-
provement, showing that scoring with the refined 3-D object
understanding 3PT-R is superior to 3PT-D’s coarse scoring.

Precise Industrial Pose: Multi-View RGB Refinement
> High-Res RGB-D Refinement In the main result,
3PT achieves an 80.6 AP-mm on Industrial datasets, a
56.5% relative improvement over the RGB-D baseline
FreeZeV2 [5] and a 29.1 AP-mm. Tab. 3a, shows that
10.0 of the 12.3 AP-mm improvement is achieved by ap-
plying our RGB-only multi-view refinement + scoring to
FRTPose [59] predictions. Our full pipeline (3PT-D + 3PT-
R) adds another 2.3 AP. Remarkably, our multi-view RGB
refinement achieves mm-level pose accuracy that exceeds
FRTPose, an ensemble of the best RGB-D refinement meth-
ods with high-end depth sensors on industrial data.

Dataset Size: We retrained with 3PT trained on a Mega-
Pose [36] sized subset of our dataset. This only leads to a
slight (—1.9 AP) drop across the BOP benchmarks and still
maintains SoTA performance. Full details in supplement.

While most hyperparameter changes (Tab. 3d) yield
modest shifts (~ 2% AP-mm), generating multiple 3PT-D
rotation hypotheses (K = 8 vs K = 1) and filtering them
via 3PT-R’s fine-grained object understanding contributes
a substantial gain of 9.8 AP, similar to single-view RGB.
Knowing object classes a-priori (O = v' vs O = X) only
leads to a 0.3 AP-mm gain.

Runtime Limitations: 3PT averages 30.5s on BOP-
Industrial (H100), compared to 16.8s for FreeZeV2 [5]

(e) Scaling 3D-model vocabulary and training iterations is key: 110k
CADs and 300k iters (S = 3) yield best mean AP across BOP-H3[1, 21, 57]
and BOP-Industrial[ 18, 30, 32].

HPPs Average Precision
S Train CADs Train Iters BOP-H3 BOP-Ind. Mean A
3 35k 100k 44.2 55.1 49.7 —
3 110k 100k 52.6 56.9 54.8  +5.1
1 110k 300k 52.0 58.6 553  +5.6
3 110k 300k 54.8 57.9 564 +6.7

(L40) and 162s for FRTPose [59] (RTX 5090). The primary
computational bottleneck for scenes containing numerous
diverse objects is the per-object forward pass through the
3PT-D image tower, which we hope to address in future
work. In our bin-picking application where the object class
is known a priori (O = V'), our method averages 11.5s for
50 object instances and 1.6s for 5. Further discussion on
runtime and other limitations in supplement.

4.3. Applications

3PT enables multiple challenging real-world robotics tasks.
Videos are provided in supplementary materials.
Bin-Picking: Precise 3D-poses enable bin picking with 3
cameras at 2m distances, with the robot fully clearing a bin
with 100 densely cluttered parts (see Fig. 4b).
Precise-Insertion: We demonstrate 96/96 successful at-
tempts of vision-only precision insertion of a DIMM into
a PCB slot using 6D-pose (see Fig. 4c). This insertion has
a 0.5mm and 2 degree pose tolerance.

Tracking: For AR glasses, where depth may not avail-
able [1], our approach performs multi-view tracking by re-
peatedly running 3PT-R Sec. 3.3 (see Fig. 4a).

5. Conclusion

We introduce the 3D-Object Perception Transformer (3PT),
a unified, depth-free framework featuring a novel 3D-
conditioned detection stage and a multi-view RGB refine-
ment loop for robust 3D-object perception. This approach
achieves state-of-the-art performance on BOP benchmarks,
notably securing gains of +23.6 detection AP and +29.1
pose AP-mm on BOP-Industrial. Finally, 3PT achieves
industrial-grade accuracy and reliability, demonstrated in
real-world tasks like bin-picking and DIMM-insertion.
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