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Abstract

3D object detection is fundamental for spatial understand-
ing. Real-world environments demand models capable of
recognizing diverse, previously unseen objects, which re-
mains a major limitation of closed-set methods. Exist-
ing open-vocabulary 3D detectors relax annotation require-
ments but still depend on training scenes as point clouds or
images. We take this further with Zoo3D, the first training-
free 3D object detection framework. QOur method con-
structs 3D bounding boxes via graph clustering of 2D in-
stance masks and assigns semantic labels using a novel
open-vocabulary module with best-view selection and view-
consensus mask generation. Zoo3D operates in two modes:
the zero-shot Zoo3Dy, which requires no training, and the
self-supervised Zoo3D;, which refines 3D box prediction
by training a class-agnostic detector on Zoo3Dy-generated
pseudo labels. We further extend Zoo3D beyond point
clouds to operate directly on posed or even unposed images.
Across ScanNet200 and ARKitScenes, both Zoo3D, and
Zoo3D; achieve state-of-the-art results in open-vocabulary
3D object detection, with zero-shot Zoo3Dy outperforming
all existing self-supervised methods. Code is available at
https://github.com/coll4m/zoo3d.

1. Introduction

3D object detection aims to predict category labels and ori-
ented 3D bounding boxes for objects within a scene. Adapt-
ing existing detection methods to real-world scenarios is
often challenging and resource-intensive: collecting train-
ing data and fine-tuning models require significant time and
computational effort. Consequently, self-contained, off-the-
shelf approaches with minimal supervision are desirable.
Fully supervised methods [11, 17, 23, 25, 26], including
recent LLM-based [15, 18, 41, 42, 44], achieve impressive
accuracy in closed-set 3D object detection but fail to gener-
alize beyond training categories, being limited by the diver-
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Figure 1. Open-vocabulary 3D object detection aims to localize
3D bounding boxes from textual descriptions. We demonstrate
this task can be solved in zero-shot mode (Zoo3Dy). Our self-
supervised image-based approach Zoo3D; performs on par with
point cloud-based methods trained with 3D box supervision.

sity, size, and quality of annotated datasets. Self-supervised
approaches [7, 14, 32, 34] alleviate the need for manual an-
notations, yet their detection quality lags behind fully su-
pervised methods. Zero-shot detection represents the next
frontier toward supervision-free 3D understanding. While
zero-shot techniques have been proposed for related tasks
such as 3D instance segmentation [27, 33, 40] and monoc-
ular 3D detection [36, 37], multi-view 3D object detection
has never been addressed in a truly zero-shot setting. Mean-
while, generalist vision—language models (VLMs) [1, 6] ex-
cel at single-view prediction and visual question answering
from images or videos, but they still struggle to perform
spatial reasoning at the scene level.

In 2D vision, zero-shot approaches [12, 21] leverage
foundation models such as SAM [20] for segmentation and
CLIP [19] for visual-textual alignment. These same models
have been repurposed for 3D understanding; for example,
self-supervised 3D object detectors [7, 34] use CLIP and
SAM to generate pseudo-labels during training. However,
we ask a more ambitious question: can we develop a com-
pletely training-free 3D object detector? In this work, we
harness the potential of foundation models for training-free
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3D understanding and present Zoo3Dy, the first-in-class
zero-shot 3D object detection framework that outperforms
existing self-supervised approaches. Moreover, we further
improve prediction quality with a self-supervised Zoo3D;.

Beyond training supervision, inference requirements
also pose challenges. Point clouds—commonly required
by 3D understanding methods—are not always available in
practice. We overcome this limitation by employing another
foundation model, DUSt3R [31], to bridge the gap between
2D and 3D representations. This way, we enable 3D ob-
ject detection directly from images, which is a step toward
democratizing spatial intelligence.

In summary, we investigate how far the requirements
for 3D object detection can be relaxed. Starting from
point clouds and ground-truth annotations, we progres-
sively reduce supervision and input modality requirements,
ultimately introducing a training-free approach that oper-
ates directly on unposed images. Even in this most con-
strained setting, our method performs on par with existing
approaches that rely on extensive training and point cloud
inputs at inference time. Our contributions are as follows:

* We define a novel task: zero-shot indoor 3D object detec-
tion at the scene level.

* We propose novel methods for open-vocabulary 3D ob-
ject detection in zero-shot and self-supervised settings.

e Our methods achieve state-of-the-art results on four

ScanNet-based benchmarks across three input modalities:

point clouds, posed images, and unposed images.

2. Related Work

3D Object Detection from Point Clouds. Existing meth-
ods for 3D object detection from point clouds can be cate-
gorized by the level of supervision involved.

Supervised methods, such as FCAF3D [23], TR3D [25],
UniDet3D [11], and V-DETR [26], rely on fully anno-
tated 3D bounding boxes. More recently, LLM-based ap-
proaches like Video-3D LLM [41], LSceneLLM [42], and
Chat-Scene [9] have leveraged multimodal reasoning to en-
hance semantic understanding, but still are fundamentally
constrained by the limited size and diversity of annotated
3D datasets, and cannot generalize beyond seen classes.

Semi-supervised approaches, e.g., OV-Uni3DETR [32],
CoDa [3], OV-3DETIC [13], Object2Scene [43],
INHA [10], and FM-OV3D [39], are trained on a
subset of labeled 3D bounding boxes and evaluated on
both seen and unseen categories in an open-vocabulary
mode. These models bridge the gap between closed-set and
open-world detection but still rely on training scenes with
ground truth boxes.

Self-supervised methods, including OV-3DET [14],
ImOV3D [34], and GLIS [16], eliminate the need for ex-
plicit 3D labels by generating pseudo-annotations or dis-
tilling 2D supervision. Despite reduced supervision, they

still require exposure to 3D scenes and rely on subopti-
mal pseudo-box generation or text-visual alignment strate-
gies. Our method improves this stage via a simplified and
training-free pipeline using only CLIP [19] and SAM [20].

Zero-shot approaches do not require any data from train-
ing scenes. Outdoor-focused methods such as SAM3D [38]
operate on BEV projections but do not generalize to in-
door scenes. MaskClustering [33], OnlineAnySeg [27], and
SAM20Object [40] address open-vocabulary 3D instance
segmentation, yet not 3D object detection. To our knowl-
edge, we are the first to formulate and tackle indoor 3D ob-
ject detection in the zero-shot regime.

3D Object Detection from Posed Multi-view Im-
ages. Supervised methods such as ImVoxelNet [24],
ImGeoNet [29], and NeRF-Det++ [8] derive closed-
vocabulary 3D scene representation with 3D objects from
collections of images with corresponding poses. Re-
cent LLM-powered models like LLaVA-3D [44] and
GPT4Scene [18] introduce large-scale vision-language un-
derstanding but still require labeled training data.

In the open-vocabulary mode, OV-Uni3DETR [32] uni-
fies training across images and point clouds. The most re-
lated method to ours, OpenM3D [7], combines CLIP fea-
tures with voxelized 3D representations. Yet, it uses depth
supervision and finetunes CLIP, whereas we remain entirely
training-free and use frozen CLIP features only at inference,
yielding stronger performance. No prior methods address
zero-shot 3D object detection directly from posed images;
Z003Dy is the first-in-class method tackling this task.

3D Object Detection from Unposed Multi-view Images.
The most unconstrained setting, unposed multi-view im-
ages, has only recently been explored by LLM-based ap-
proaches such as VLM-3R [5] and SpatialLM [15], which
require full supervision. No prior work has attempted open-
vocabulary, self-supervised, or zero-shot 3D object detec-
tion in this modality. Our method fills this gap by lever-
aging DUSt3R [31] for pose-free reconstruction, enabling
both self-supervised and zero-shot detection.

3. Open-vocabulary 3D Object Detection from
Point Clouds

Our work targets open-vocabulary 3D object detection,
where the model must localize and recognize arbitrary ob-
jects. The open-vocabulary setting implies the absence
of ground-truth 3D bounding box annotations. Recent
annotation-free approaches exploit alternative supervision
such as point clouds, RGB images, and camera trajectories,
often leveraging powerful foundation models (e.g., CLIP,
SAM) to align visual and text modalities. While these meth-
ods reduce dependence on manual labels, they still require
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Figure 2. Inference pipeline of Zoo3D given point cloud inputs. Zoo3Dy leverages MaskClustering to predict class-agnostic 3D bounding
boxes from a point cloud and images (top-left), while Zoo3D; infers 3D bounding boxes from point clouds with TR3D (bottom-left).
Both Zoo3Dy and Zoo3D, assign semantic labels to 3D bounding boxes with the same Open-vocabulary Module (right). Given images,
a full point cloud, and a 3D bounding box of an object, it crops the point cloud using the 3D bounding box, selects top k views based
on the visibility, and projects visible points of the object onto these views. Object masks are obtained with SAM, CLIP embeddings are
aggregated across views, and the text label with the most similar embedding is assigned.

access to training data.

To the best of our knowledge, no existing method can
perform open-vocabulary 3D object detection entirely in a
training-free manner, without using any form of training
data. We are the first to address this challenge in a zero-shot
setting. Below, we formalize the problem in Sec. 3.1, and
present our zero-shot framework, Zoo3Dy, in Sec. 3.2. Fur-
thermore, we extend these ideas to a self-supervised variant,
Z003Dy, in Sec. 3.3, which leverages unlabeled data to en-
hance detection performance.

3.1. Problem Formulation

3D object detection implies estimating 3D bounding boxes
of individual objects, given inputs in a form of a point cloud,
images, depths, camera poses, camera intrinsics, or any
combination of them. Particularly, Zoo3D model awaits
a point cloud P = {p;}¥; C R3, where each point
pi = (x4, i, ;) is described with its coordinates in the 3D
space, color images Z = {I, Is, ..., IT}, their correspond-
ing depths D = {Dy, Ds, ..., Dr}, camera extrinsics R =

{R1,Ra,...,Rr} and intrinsic K. 3D objects are param-
eterized as O = {(by,ly)}5_,, where I, € {1,..., L} de-

notes object open-vocabulary labels and b, stands for the
spatial parameters of a 3D bounding box. b, = (¢4, 84),
where ¢, € R3 is the center of a 3D bounding box and
54 € Ri are sizes along the z, y, z-axes.

3.2. Zero-shot 3D Object Detection: Zoo3D,

In Zoo3D, we decompose open-vocabulary 3D object de-
tection into class-agnostic 3D object detection and open-
vocabulary label assignment. First, we predict class-
agnostic 3D bounding boxes {bg}?:y Then, each box
gets assigned with a semantic label [, in our novel open-
vocabulary module.

Class-agnostic 3D object detection is built upon zero-
shot 3D instance segmentation method, namely, state-of-
the-art MaskClustering [33]. The original approach oper-
ates on color images Z, depths D, camera extrinsics R and
a reconstructed point cloud P and returns points with in-
stance labels. We extend this approach so that it outputs
3D bounding boxes, thereby serving as a class-agnostic 3D
object detection method.

The pipeline is organized as follows. First, a class-
agnostic mask predictor produces 2D masks {m;; } for each
frame. These masks are used as nodes in a mask graph,
with edges connecting masks belonging to the same in-
stance. This graph is built iteratively by adding edges be-
tween highly conformed masks. For mask my ; in the frame
t" and mask my~ ; in the frame ¢, we calculate view con-
sensus rate cr(my ;, my ;) as a measure of conformity. To
this end, we find all observer frames F,, where both masks
my ; and my ; are visible. Among those views, we find
supporter frames F € F,: a view ¢ is a supporter if it con-
tains a mask 1 ;, whose point cloud P, j includes the visi-
ble portions from point clouds P/, ;, P/, ; of both m;: ; and
my ;. The consensus rate is the supporter-observer ratio:

[{t €V |3k, P, Pl C Pyl
| Fo|

cr(mt/ R ’j) =

An edge is created if cr(my ;, my ;) > Trate = 0.9. For
each mask my ;, denoting the set of all masks that contain
it across views as M (my ;), and its set of visible frames
F(my ;), the consensus rate can be rewritten as:

_ [M(my i) 0 M(me ;)
Cr(mt',umt”d) - |F(mt’,i) mF(mt”,j)l .

Masks are merged iteratively. In each iteration k, we
remove edges with less than nj, observers, and merge con-
nected components into new nodes. The final 3D instance
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Table 1. Data used for training Zoo3D models.

modalities are derived using DUSt3R.

masks are turned into 3D bounding boxes. Since we con-
sider only axis-aligned boxes without rotation, the task boils
down to getting minimum and maximum coordinates of 3D
points belonging to each mask.

Open-vocabulary module assigns class-agnostic 3D
bounding boxes with open-vocabulary semantic labels to
each bounding box. First, we crop a point cloud P with
a bounding box by:

S S
Pg:{pi€P|cg—Eg§pi§cg+Eg}.

Using the camera intrinsic and extrinsics, we project the 3D
points from P, onto the 2D images. The projection of a 3D
point p; onto frame ¢ is given by:

ut,i - W(KRt[x’“ Yiys Ziy ]']T)

where 7 is the perspective projection operation
T
W([x,y,w] ) = [%7 %]
Next, we backproject points and filter out significantly
displaced points to avoid occlusions:

ari = (K™ [ui, 1]7) - Di(ue ),

u; = {ut,i | lpi — (Rt_l[at,ia I]T)%%ZH < TOCC} .
where Z/{; — filtered points of bounding box b, projected on
image Iy, Tocc is the occlusion threshold.

We then select the top five images with the largest num-
ber of projected points. Since the predicted bounding boxes
have some inherent error, the projection of the mask Z/l;
may not align perfectly with the object in the image. To
solve this problem, we frame the projected points with a 2D
bounding box using a min/max operation:

bbyg = [min(Z/l;z),min(l/{;y),max(l/{;m

), maX(Z/{;y)]‘

This 2D bounding box serves as an initial prompt for SAM,
which returns a refined segmentation mask. This mask is
then processed at three different scales, as in MaskCluster-
ing, and fed into CLIP to obtain a feature vector. Finally, the
average feature vector across five images and three scales is
used to compute the cosine similarity with the feature vec-
tors of the class names, thus yielding the labels and confi-
dences for an arbitrary set of classes.

3.3. Self-supervised 3D Object Detection: Zoo3D,

Our training-free solution already sets a state-of-the-art
even compared with self-supervised methods. Next, we ex-
plore how the accuracy can be pushed even higher utilizing
our zero-shot model as a basis. Specifically, we run Zoo3Dg
to generate class-agnostic 3D bounding boxes for training
scenes, and train a class-agnostic 3D object detection model
on the obtained labeled dataset in a self-supervised mode.

Class-agnostic 3D object detection model We build
upon 3D object detection TR3D [25] and introduce modifi-
cations to adapt it to open vocabulary scenario. input point
clouds are voxelized into 2 cm voxels and processed with a
3D sparse ResNet [23] that transforms the voxel space into
8 cm, 16 cm, 32 cm, and 64 cm-sized spatial grids. Neck
aggregates 3D voxel features from four residual levels of
the backbone. at levels of 64 cm and 32 cm, generative con-
volutional layers are added in order to prevent information
loss and preserve the visibility field.

The detection head consists of two stacked linear lay-
ers. TR3D splits objects of interest into "large” and “small”
based on their category, and predicts objects of each size
with a dedicated head: “large” objects are predicted at 32-
cm level, while ”small” objects are inferred at 16-cm level.
since we operate in open vocabulary mode, we cannot pre-
define any category-based routing. Accordingly, we use
only the 16 cm-level.

Besides, we do not need to predict the object category
but just estimate probability of object’s presence, we omit
classification-related part of the original model. In our
class-agnostic model, the head returns a set of 3D loca-
tions V = {d;}/_,. for each location o; € V, it re-
turns an objectness logit Z; € R!, an offset of the center
of an object Ac; € R3, and log-sizes of its 3D bound-
ing box §; € R3. The canonical representation of the
predicted 3D bounding box is derived as ¢; = 0; + Ac;,
s; = exp(3;) € R3, while the resulting class probabilities
are calculated as p; = o(Z;).

Training procedure The assigner is used to couple the
3D locations v; with the ground truth objects Og. Each
ground truth object is assigned to the six nearest locations
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to its center. The loss function is bi-component, with com-
ponents corresponding to head outputs. Namely, objectness
prediction in the 3D object detection head is guided with a
focal loss Lsocal and regression of 3D bounding box param-
eters is being trained with DIoU loss Lpj,y:

L= Cfocal + »CDIoU~

Iterative training Zoo3D; is trained with class-agnostic
3D bounding boxes generated by Zoo3Dy. Experiments
show that the first iteration of this procedure improves the
quality, so we perform the second iteration of the procedure.
Specifically, we re-generate annotations now using Zoo3Dy,
and reproduce the training procedure with the same model
and the same hyperparameters as Zoo3D,, but with updated
annotations. this iteration of labeling and training gives
Z003D,. in Tab. 1, we overview data involved in the train-
ing process of Zoo3Dy, Zoo3D, Zoo3D,.

4. Open-vocabulary 3D Object Detection from
Multi-view Images

4.1. Posed Images

In the pose-aware scenario, our method accepts a set of im-
ages Z along with camera extrinsics R and camera intrinsic
K. In real applications, camera poses may be obtained from
IMU or integrated tracking software.

Since we are able to handle point clouds, all we need is
to transform images into a point cloud. For this purpose,
we employ DUSt3R [31]. It can either infer camera poses
or take them as auxiliary inputs, making it a universal solu-
tion for both pose-aware and pose-agnostic inference. Last
but not least, opting for DUSt3R allows keeping the whole
pipeline zero-shot and prevent data leakage, since contrary
to some latest methods [30] it was not trained on ScanNet.

For input images, DUSt3R returns dense depth maps,
that are fused into a TSDF volume using ground truth cam-
era poses. The final step of this pipeline is the point cloud
extraction, and the task is thus reduced to the point cloud-
based 3D object detection.

4.2. Unposed Images

In the third scenario, our model is given images Z with-
out known camera intrinsic K and extrinsics R, which is
the typical scenario for smartphone applications or captur-
ing with consumer cameras. DUSt3R shines in this most
challenging setting, inferring depth maps and camera poses
within a single end-to-end framework. Same as in the previ-
ous case, the predicted depth maps are fused, and the point
cloud is extracted from the TSDF volume.

5. Experiments

Datasets ScanNet [4] is a widely used dataset contain-
ing 1201 training and 312 validation scans. Following [17],

Zo03D; predictions from
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Figure 4. Qualitative results of Zoo3D; on ScanNet200.

we estimate axis-aligned 3D bounding boxes from semantic
per-point labels. We report results obtained in four bench-
marks based on ScanNet: ScanNet10 [13], ScanNet20 [14],
ScanNet60 [32] and ScanNet200 [22], containing 10, 20,
60, and 200 classes, respectively. In the ScanNet60 bench-
mark, models are trained with ground truth 3D bound-
ing boxes of objects from the first 10 classes in a class-
agnostic regime, and evaluated on all 60 classes in the
open-vocabulary mode. In other benchmarks, annotated
3D bounding boxes are not seen during training. For all
ScanNet-based benchmarks, we don’t use ground truth 3D
bounding boxes and report mean average precision (mAP)
under IoU thresholds of 0.25 and 0.5.

ARK:itScenes [2] is an RGB-D dataset of 4493 training
scans and 549 validation scans. These scans contain RGB-
D frames along with 3D object bounding box annotations of
17 categories. We use ARKitScenes for class-agnostic eval-
uation, following the protocol proposed by OpenM3D [7],
and report standard precision and recall.

Implementation details Zero-shot Zoo3Dy is training-
free and uses the same hyperparameters as the orig-
inal MaskClustering [33] during the inference.  Self-
supervised Zoo3D; inherits the training hyperparameters of
TR3D [25]. To control the size of input scenes, we sam-
ple a maximum of 100,000 points per scene during both
training and inference. During inference, candidate de-
tections are filtered using NMS with an IoU threshold of
0.5. Architecture-wise, we modify TR3D as described in
Sec. 3.3, keeping the rest of architecture the same as in
the original TR3D. Our open-vocabulary module uses CLIP
ViT-H/14 [19] and SAM 2.1 (Hiera-L) [20]. For each scene,
we sample 45 images uniformly. Images are resized into
480 x 640 in all experiments.
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Method Venue Zero- ScanNet20 ScanNet60 ScanNet200
shot mAP,s mAPsy mAP;s mAPsg mAP;s mAPs,
Point cloud + posed images
Det-PointCLIPv2" [45] ICCV’23 X - - 0.2 - - -
3D-CLIP' [19] ICML’21 X - - 3.9 - - -
OV-3DET [14] CVPR’23 X 18.0 - - - - -
CoDa' [3] NIPS’23 X 19.3 - 9.0 - - -
INHAT [10] ECCV'24 X - - 10.7 - - -
GLIS [16] ECCV’24 X 20.8 - - - - -
ImOV3D [34] NIPS’24 X 21.5 - - - - -
OV-Uni3DETR' [32] ECCV’24 X 25.3 - 19.4 - - -
Z003Dy - v 34.7 23.9 27.1 18.7 21.1 14.1
Z003D; - X 37.2 26.3 32.0 20.8 23.5 15.2
Posed images
OV-Uni3DETR' [32] ECCV’24 X - - 11.2 - - -
SAM3D [35] — OpenM3D [7] ICCV’25 X 16.7 5.2 - - 3.9 -
OV-3DET [14] — OpenM3D [7] ICCV’25 X 17.7 2.9 - - 3.1 -
OpenM3D [7] ICCV’25 X 19.8 7.3 - - 4.2 -
DUSt3R [31] — Zoo3Dg - v 30.5 17.3 22.0 10.4 14.3 6.2
DUSt3R [31] — Zoo3D; - X 32.8 15.5 23.9 10.8 16.5 6.3
Unposed images
DUSt3R [31] — Zoo3Dg - v 24.2 8.8 13.3 4.1 8.3 2.9
DUSt3R [31] — Zoo3D; - X 27.9 10.4 15.3 5.6 10.7 3.8

Table 2. Results of open-vocabulary 3D object detection on the ScanNet dataset across three benchmarks (with 20, 60, and 200 classes), and
three input modalities (points cloud, posed and unposed multi-view images). Methods with ™ utilize 3D bounding box annotations during
training. Our Zoo3D significantly outperforms prior work even in the zero-shot setting. Self-supervised Zoo3D; using only unposed

images performs on par with point cloud- based methods.

5.1. Comparison with Prior Work

Open-vocabulary 3D object detection from point clouds
We benchmark the proposed approach in the most common
scenario with ground truth point clouds as inputs and report
scores on multiple benchmark on ScanNet with 10, 20, 60,
and 200 classes. As reported in Tab. 2, our method demon-
strates significant performance gains w.r.t. prior state-of-
the-art open-vocabulary 3D object detection approaches
(4+11.9 mAP,5 on ScanNet20, +12.6 mAP,5 on ScanNet60
w.r.t. OV-Uni3DETR). Overall, with consistent improve-
ment over all existing methods, Zoo3D sets a new state-of-
the-art in 3D open-vocabulary object detection. According
to Tab. 3 presenting the results on the ScanNet10 bench-
mark, we achieve competitive results even in a zero-shot
setting, while our self-supervised model outperforms the
closest competitor, OV-Uni3Detr, by +10.4 mAP25.

Open-vocabulary 3D object detection from posed im-
ages is a more challenging task gaining attention recently,
so in this competitive track we test against approaches
leveraging state-of-the-art techniques. Still, Zoo3D shines,
with +10.1 mAP,s ScanNet200 w.r.t. OpenM3D and +12.7

Method mAP,5 mAPs5,
OV-3DETIC' [13] 12.7 -
FM-OV3D [39] 17.0 -
FM-OV3D' [39] 21.5 -
ObjethSceneT [43] 24.6 -
INHAT [10] 30.1 -
GLIS [16] 30.9 -
OV-Uni3DETR' [32]  34.1 -
Z003D, 42.1 28.7
Z003D; 44.5 31.5

Table 3. Results of open-vocabulary 3D object detection from
point clouds on the ScanNet10 benchmark. Methods with T uti-
lize 3D bounding box annotations during training.

mAP,5 ScanNet60 w.r.t. OV-Uni3DETR achieved in self-
supervised mode. Surprisingly, even without access to
ground truth point clouds, Zoo3D outperforms point cloud-
based approaches in both zero-shot and self-supervised sce-
nario. This is a strong evidence that with a thoughtfully de-
signed pipeline, we can beat state-of-the-art without train-
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Method Zero-shot ScanNet20 ScanNet60 ScanNet200
mAP25 mAP50 II’IAP25 IIlAPS() IIlAP25 mAP50

Point cloud + posed images

Z003Dy v 36.0 21.9 29.6 16.5 32.1 17.6

Z003D, X 46.1 30.9 48.5 29.6 51.0 31.0
Posed images

OV-3DET [14] — OpenM3D [7] X - - - - 19.5 -

SAM3D [35] — OpenM3D [7] X - - - - 23.8 -

OpenM3D [7] X - - - - 26.9 -

DUSt3R [31] — Zoo3Dy v 31.3 12.4 22.0 7.3 22.4 6.8

DUSt3R [31] — Zoo3D, X 40.1 18.9 35.0 14.0 36.1 13.9
Unposed images

DUSt3R [31] — Zoo3Dy v 16.4 2.5 10.1 1.5 10.3 1.5

DUSt3R [31] — Zoo3D, X 22.7 5.7 18.3 4.0 19.0 39

Table 4. Results of class-agnostic 3D object detection on the ScanNet dataset across three benchmarks (with 20, 60, and 200 classes), and
three input modalities (points cloud, posed and unposed multi-view images).

ing and having less data on inference.

Open-vocabulary 3D object detection from unposed im-
ages In the third track, there are no predecessors report-
ing 3D open-vocabulary object detection results. Respec-
tively, we also obtain reference numbers with a combi-
nation of DUSt3R — Zoo3Dy and DUSt3R — Zoo3D;.
As could be expected, DUSt3R — Zoo3D; outperforms
DUSt3R — Zoo3Dy. What is more exciting is that the per-
formance of our self-supervised Zoo3D; is close to the one
of OV-Uni3DETR using point clouds. In other words, be-
ing exposed to the same training data, but with neither point
clouds nor even camera poses on inference, our method can
deliver competitive accuracy to point cloud-based solutions.

Class-agnostic 3D object detection is less studied, with
existing methods only using posed images as inputs and
reporting quality on ScanNet200. Still, we report metrics
across all three input modalities and three benchmarks to es-
tablish the baseline for future research. Our zero-shot model
is inferior to OpenM3D, while self-supervised Zoo3D; sur-
passes it by a large margin, achieving +9 mAP,s.

5.2. Ablation Experiments

Class-agnostic 3D object detection (OpenM3D proto-
col) implies calculating precision and recall for class-
agnostic 3D bounding boxes on ScanNet200 and ARK-
itScenes. This alternative evaluation protocol is more co-
herent with how those boxes are used in our pipeline: we
omit low-confidence boxes and only pass reliable detec-
tions to the open-vocabulary module, so the predictions are
turned binary rather than probabilistic. As seen from Tab. 5,
Z003Dy only slightly outperforms previous state-of-the-art
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Method ScanNet200 ARKitScenes

Ps  Ras  Psp Rsp Pas Rys Psp Ry
OV-3DET [14] 11.6 213 44 8.0 37 324 09 179
SAM3D [35] 145 577 9.0 36.1 60 438 15 109
OpenM3D [7] 32.0 583 18.1 33.0 59 519 16 137
Z003D, 359 58.7 279 456 84 520 43 282

Table 5. Results of class-agnostic 3D object detection on Scan-
Net200 and ARKitScenes, OpenM3D evaluation protocol. P —
precision, R —recall.

in precision and recall calculated at the threshold of 0.25.
When limiting the evaluation scope to more accurate detec-
tions with a threshold of 0.5, the superiority of Zoo3D be-
comes more prominent, i.e., metrics on ARKitScenes dou-
ble, while the ScanNet scores rise by approx 50%.

Inference time Up to a certain degree, the superior qual-
ity of our approach should be attributed to the significantly
longer processing time. In Tab. 6, we report inference time
of Zoo3Dy and Zoo3D; in comparison to the OpenM3D, an
efficient single-stage feed-forward method. OpenM3D does
not require a separate open-vocabulary module with CLIP,
achieving impressive performance that comes at the cost of
accuracy. Still, the most time-expensive component of our
pipeline is point cloud reconstruction, which is performed
with DUSt3R. The latency of Zoo3Dg and Zoo3D; also dif-
fers due to distinct class-agnostic 3D object detection strate-
gies applied. While Zoo3D, builds a mask graph, which
can be slow, the self-supervised method uses a lightweight
sparse-convolutional model. However, mask clustering pro-
cedure assigns instance labels unambiguously by design,
while detection model produces numerous duplicates. Re-



Method Reconst.  Detect. Open-vocab.
OpenM3D [7] - 0.3 0.01
DUSt3R [31] — Zo03Dy 294.3 56.3 12.6
DUSt3R [31] — Zoo03D; 294.3 0.04 84.0
Table 6. Inference time (sec) of 3D object detection from

posed images on ScanNet200, component-wise: reconstruc-
tion (DUSt3R), class-agnostic 3D object detection, and open-
vocabulary module.

# Tmages Posed Unposed
mAst IIlAPS() mAP25 II’IAP50
15 9.6 39 5.8 1.9
25 12.5 52 7.1 2.6
35 14.0 5.7 8.1 2.7
45 14.3 6.2 8.3 2.9

Table 7. Results of open-vocabulary 3D object detection from
posed and unposed images on ScanNet200 with varying number
of images.

Method mAP25 mAP 50
DROID-SLAM [28] — Zoo3D; 24 0.6
DUSt3R [31] — Zoo3D; 19.0 3.9

Table 8. Results of self-supervised method from unposed images
in class-agnostic mode on ScanNet200 with different pose estima-
tion methods.

spectively, more detections should be processed at the open-
vocabulary stage, leading to 7x increase of inference time.

Number of images per scene is ablated in Tab. 7. Our
model hits the peak with 45 frames, and performs on par
with OpenM3D and OV-Uni3DETR with 20 frames. On
ScanNet200, Zoo3Dy outperforms OpenM3D with as few
as 15 images.

DUSt3R vs DROID-SLAM As an alternative to DUSt3R
for point cloud reconstruction, we use DROID-SLAM, a
well-known reconstruction method based on entirely differ-
ent working principles. According to Tab. 8, quality drops
dramatically when switching to DROID-SLAM: apparently,
DROID-SLAM fails to produce reconstructions of quality
that allows localizing and recognizing 3D objects reliably.

Iterative training is ablated in Tab. 9. Zoo3D, denotes
the self-supervised model trained with annotations gener-
ated by Zoo3D;. Evidently, the iterative training process
results in an improvement between steps 0 and 1, and be-
tween 1 and 2. However, performance gradually saturates,

Method mAP>5 mAPs,

DUStR [31] =+ Zoo3Dy 224 6.8
DUSt3R [31] = Zoo3D; 36.1 13.9
DUSt3R [31] — Zoo3D,  37.6 14.8

Table 9. Results of class-agnostic 3D object detection from posed
images on ScanNet200 with iterative training.

Module mAP>s mAPs5
base 14.7 5.7
+ occlusion filter 14.8 5.7
+ SAM mask refinement 154 5.7
+ multi-scale 16.5 6.3

Table 10. Results of open-vocabulary 3D object detection from
posed images on ScanNet200, with different configurations of the
open-vocabulary module.

and by the third iteration, the metrics cease to improve.

Open-vocabulary module consists of three components,
namely, occlusion filter, SAM-based mask refinement and
multi-scale processing. We evaluate the contribution of
each component by switching if off and measuring quality
degradation. Instead of SAM mask refinement, we simply
project all the object’s points onto the image and approxi-
mate mask with a bounding-box tightly enclosing the pro-
jected points. As can be observed in Tab. 10, multi-scale
processing improves mAPsy, while SAM mask refinement
contributes to mAP;s.

6. Conclusion

We proposed a first-in-class zero-shot Zoo3Dy and a self-
supervised Zoo3D; open-vocabulary 3D object detection
methods. Besides, we adapted Zoo3D to work directly with
posed and even unposed images, so that point clouds are not
required. Across multiple benchmarks, both Zoo3D, and
Z003D; achieve state-of-the-art results in open-vocabulary
3D detection. As a possible future research direction, we
consider speeding up the pipeline with elaborate procedures
of harvesting spatial information from 2D foundation mod-
els: a faster reconstruction method, a better segmentation
model, a more efficient open-vocabulary label assignment,
and extensive use of large language models.

This work was supported by the The Ministry of Eco-
nomic Development of the Russian Federation in accor-
dance with the subsidy agreement (agreement identifier
000000C313925P4H0002; grant No 139-15-2025-012).
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