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OmniNOCS: Appendix
This appendix provides additional qualitative results, including results on in-the-wild

internet image collections. Detailed OmniNOCS statistics and more information about
the annotation process are provided in Section B. Section C contains more details on
NOCSformer architecture and training.

Fig. 1: NOCSformer trained on OmniNOCS dataset generalizes to web stock images that are
outside the training dataset. The predicted NOCS and 3D bounding boxes are shown on right for
each input image and 2D query. These results demonstrate the capability of NOCSformer trained
on OmniNOCS for 3D object reconstruction of in-the-wild images.

1 Qualitative results of NOCSformer

We present additional qualitative results for NOCSformer trained in different settings –
outdoor scenes (Fig. 3) and indoor scenes, (Fig. 4). We also provide results on in-the-wild
images from the web (Fig. 1) and some images from the COCO dataset (Fig. 2).
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Fig. 2: Results of NOCSformer (trained on OmniNOCS dataset) on images from the COCO
dataset. For each image pair, the left image shows the input 2D bounding box, and the right image
shows the predicted NOCS and 3D bounding box. Note that COCO is not part of OmniNOCS.
However, the model generalizes to the challenging COCO images, predicting NOCS and 3D
bounding boxes from 2D queries. The model is also able to generalize to unseen (though related)
classes – for example generalizing to park benches when only trained on sofas and chairs.
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Fig. 3: Qualitative results of NOCSformer model for various outdoor datasets. Left column
shows the input images and query 2D bounding boxes. The center image shows the predicted per
object NOCS, segmentation, and 3D oriented bounding box from our model corresponding to each
input query overlaid on the input image. The right image shows the object coordinates lifted to 3D
using the predicted 6DoF pose.
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Fig. 4: Qualitative results of NOCSformer model for various indoor datasets. Left column shows
the input images and query 2D bounding boxes. The center image shows the predicted per object
NOCS, segmentation, and 3D oriented bounding box from our model corresponding to each input
query overlaid on the input image. The right image shows the object coordinates lifted to 3D using
the predicted 6DoF pose.
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1.1 Generalization to in-the-wild images

Fig. 1 shows NOCS predictions on online stock images, highlighting the model’s ability
to generalize beyond the training contexts. Additionally, we run our model on the
COCO dataset [7], and show results in Fig. 2. The results confirm these findings on the
model’s generalization capabilities. Since our model does not contain any class specific
parameters, it can also be queried on classes it is not trained on. In such cases, it tends to
perform reliably for classes that are closely related to the training classes. For example,
it performs well on park benches in Fig. 2 despite only being trained on couches, sofas
and chairs.

1.2 Additional results on OmniNOCS

Fig. 3 shows results from KITTI [6], Cityscapes [5], Waymo [12], and nuScenes [3]
for different object classes including cars, bikes, pedestrians, and trucks. Our method is
able to predict NOCS and 3D bounding boxes reliably even under occlusions, during
the night time, or in severe rainy conditions. We use the NOCS and 3D bounding box
to lift the object to a 3D pointcloud. The rightmost 3D column shows that the obtained
pointcloud respects relative 3D distances and orientations. Fig. 4 shows results from
Objectron [1], Hypersim [10] and SUN-RGBD [11] in indoor environments, taken from
different types of cameras. This also includes results on some less frequent classes such
as bookshelves, curtains, and mirrors.

2 OmniNOCS dataset details

2.1 Data statistics

OmniNOCS has more than 2.2M object instances spanning the train, val and test splits
(not counting repeated instances). A histogram of the number of instances in the top and
bottom 50 categories is shown in Fig. 5.

Fig. 6 provides more insights into the constitution of OmniNOCS. We use images
from 10 other 3D detection datasets, which vary in terms of the number of instances,
number of categories, and the scene complexity (measured by number of instances per
image). While Hypersim provides the greatset number of objects, SUN-RGBD con-
tributes the largest number of categories. The most complex scenes are from Hypersim
(indoors) or KITTI and Waymo (outdoors). We show more examples for diverse object
categories from the OmniNOCS dataset in Fig. 8.

2.2 Canonical orientation labeling

To produce NOCS that are consistent across a category in OmniNOCS, it is required
to have bounding boxes with consistently oriented axes. For example, all chairs in
OmniNOCS have the Z-axis pointing upwards, and X axis pointing forwards. The
definition of the canonical orientation is class-dependent. For some classes this is fully
defined by geometry and the direction of gravity. For example, we use the longest edge
of a book as its Z axis, and the shortest edge as the X axis. For windows, we use the



6

bo
ok

s

ch
ai

r

ca
r

la
m

p

ta
bl

e
pe

rs
on

ca
bi

ne
t

pi
llo

w
pe

de
st

ri
an

pi
ct

ur
e

so
fa

sh
oe

s
w

in
do

w
ba

rr
ie

r

cu
p

tr
uc

k
cl
ot

he
s

ce
re

al
 b

ox
bo

tt
le

bl
in

ds

si
nk

sh
el

ve
s

de
sk

ca
m

er
a

bo
x

la
pt

op
tr
af

fic
co

ne

do
or

te
le

vi
si
on

flo
or

 m
at

bo
ok

ca
se

pa
pe

r

be
d

co
un

te
r

ca
n

bu
s

va
n

m
ir
ro

r
ov

en
bi

cy
cl
e

re
fr
ig

er
at

or

bo
w

l
tr
ai

le
r

to
w

el
to

ile
t

m
ac

hi
ne

fir
ep

la
ce

cy
cl
is
t

st
ov

e

0

50k

100k

150k

200k

250k

300k

350k

400k

450k

Categories

#
 I

n
st

an
ce

s

ni
gh

t 
st

an
d

m
ot

or
cy

cl
e

bi
n

cu
rt

ai
n

m
on

ito
r

dr
es

se
r

co
m

pu
te

r

tr
am

bo
ar

d
dr

aw
er

s
pa

in
tin

g
el

ec
tr

on
ic
s

ke
yb

oa
rd

pr
in

te
r

po
tt
ed

 p
la

nt
ki

tc
he

n 
pa

n
m

ic
ro

w
av

e

ra
ck

bi
ke

to
ys

tr
ay

ph
on

e

ca
rt

m
ou

se
pl

at
es

m
ot

or
cy

cl
is
t

so
un

ds
ys

te
m

w
hi

te
bo

ar
d

va
se

po
di

um
pr

oj
ec

to
r

to
ile

t 
pa

pe
r

fa
n

co
ff
ee

 m
ak

er
gl

as
s

ai
r 
co

nd
iti

on
er

cl
oc

k
re

m
ot

e
to

as
te

r
fir

e 
ex

tin
gu

is
he

r
fa

uc
et

fu
m

e 
ho

od
sh

ow
er

 c
ur

ta
in

la
dd

er
cl
os

et

pe
n

ca
ra

va
n

tr
af

fic
 li

gh
t

0

500

1000

1500

2000

2500

3000

Categories

#
 I

n
st

an
ce

s

Fig. 5: A histogram of the number of instances for each category in OmniNOCS: (top) most
frequent categories (bottom) least frequent categories.

upward direction as the Z axis and the shortest edge as the X axis, facing the direction
of the camera. For other categories, such as chairs, desks, vehicles, pedestrians, these
are defined based on the object semantics, and these need to be manually labeled. For
example, most people would agree on what the front of a chair is, even though this might
not be clear from the bounding box dimensions alone. We choose to label this front
direction as the X axis of the chair, and make sure to do so consistently across the entire
dataset.

For the constituent datasets of Omni3D, the existing bounding box labelling is
typically inconsistent between datasets (inter-dataset inconsistency). It can also be
inconsistent within a dataset (intra-dataset inconsistency). We explain how we resolve
this in each case below:

Intra-dataset Inconsistency: This means that orientations for different instances
of the same category can be inconsistent, within a single dataset. This happens in the
case of Hypersim – the orientation axes for a bounding box are chosen based on instance
geometry, and can vary across instances of the same category (see Fig. 7). For each
instance, we manually choose an offset rotation that makes the resulting orientation
consistent across the category, and with the rest of OmniNOCS.

Inter-dataset Inconsistency: In this more common case, orientations for all in-
stances of a category are consistent, but only within the smaller dataset. For example, all
chairs in Objectron and SUN-RGBD are oriented consistently within each dataset, but
they are not consistent with each other. In this case, we apply the same offset rotation to
all instances from a particular dataset to ensure that they are consistent with the rest of
OmniNOCS.
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Fig. 6: Statistics for the datasets that are used in OmniNOCS. These datasets span different
domains and classes. They also also differ significantly in the number of instances per image.

Fig. 7: Instance-level orientation canonicalization for Hypersim: Each chair instance in Hyper-
sim has its X (red) and Y (green) axes chosen differently. To produce consistent NOCS coordinates,
we apply an offset rotation to the original orientations such that the resulting orientations are
consistent across all instances of the class. We find this offset by manually inspecting all Hypersim
objects.
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Fig. 8: Example annotations from our OmniNOCS dataset: Each frame contains multiple
objects, with each object having a 3D bounding box with canonical orientations, NOCS coordinates
and instance mask.
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3 Model details

We discuss the details of our implementation of NOCSformer and Cubeformer, including
the data processing, augmentation, model architecture details, and training regime in the
following sections.

3.1 Data augmentation

We augment our training data with resizing by scaling the images randomly in the range
[0.5, 1.5]. We also scale the camera intrinsics accordingly to ensure the 3D ground truth
remains correct after augmentation.

3.2 Model architecture

Backbone: We use the DINOv2 B-14 [8] transformer as our image backbone, with a
higher input image resolution of 896×896. We also use DPT layers [9] that fuse features
from every third DINOv2 self-attention block, and upsamples the final features by a
factor of 8 with a feature dimension of 512.
Cubeformer: While NOCSformer regresses object coordinates, models like Cube R-
CNN [2] directly regress bounding box parameters: the projected 3D centroid, 3D size,
3DoF orientation, and depth. While a direct comparison of the localization accuracy of
NOCSformer to Cube R-CNN is provided in Table 4, this is not a fair comparison because
Cube R-CNN uses a different convolutional backbone that is trained from scratch on the
target dataset for both 2D region proposal and 3D localization. In contrast, NOCSformer
is a localization model that accepts 2D bounding box inputs. We therefore design a
baseline we term Cubeformer, that uses the same image backbone as NOCSformer,
input 2D bounding boxes, and predicts 3D bounding boxes using a self-attention based
cube head unlike the convolutional head of [2]. While Cubeformer can be supervised
using Chamfer losses like Cube R-CNN [2], this causes the predicted orientations to be
inconsistent. We therefore use direct L1 or L2 losses in the output parameter space (6D
orientation vector, 2D projected centroid, scalar depth, and 3D size) as supervision. Our
Cubeformer baseline therefore has a much better mAOE compared to Cube R-CNN in
Table 4. However, our NOCSformer’s orientations are better than both Cube R-CNN and
Cubeformer.

3.3 Self-supervised reprojection error

As explained in Section 4.3, we use the NOCS reprojection error as self-supervision
for training NOCSformer. The loss is inspired from [4] but unlike them, we do not
require the uncertainty modelling / KL divergence step. We consider a 3D NOCS
prediction n corresponding to a 2D pixel with image coordinates p. The ground truth
orientation is cRogt , translation ctogt and scale sgt. We obtain 3D object coordinates,
first in object frame, ox, then in camera frame cx, and then project to the image to obtain
the reprojected NOCS point pproj
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ox = sgt.n
cx = cRogt

ox+ ctogt

p̃proj = Kc
cx

where . denotes element-wise scalar multiplication, Kc is the camera intrinsic matrix
and p̃proj is the homogeneous form of the projected point pproj . The self-supervised
loss is given by:

Lss =

{
||p− pproj ||2, maskp = 1

0, otherwise

where maskp is the predicted instance mask at p. Note that we do not use gradients from
this loss to supervise the predicted mask. The loss is termed self-supervised, as it does
not need a ground truth NOCS map, but it requires the ground truth pose and size labels.

3.4 Training

We train our models using the Adam optimizer with a base learning rate of 1e-4 for 200k
steps. We use a linear warmup of the learning rate over the first 1000 steps. We use a
weight decay of 1e-6 for the weights of the convolutional layers and 1e-4 for the MLP
layers. We use a dropout of 20 % for the MLPs. We clip the global gradient norm to
10.0. We use a batch size of 128, divided amongst 16 TPU cores (or 16 A100 GPUs).
The models take approximately 40 hours to train.

3.5 Per-category NOCS quality

Section 5.1 in the paper quantitatively evaluate the quality of NOCS produced by the
model using the mAE, mPSNR and mIoU metrics. The numbers for these metrics in
Table 3 are averaged over 75 classes in OmniNOCS that have high quality NOCS ground
truth. Here, we provide the per-class numbers in Table 1 to analyze the variability of
predictions among classes. In general, we see that categories that are either rare or very
diverse have higher NOCS errors compared to other categories. For example, toys and
projectors have PSNR of 17.92 and 12.21 respectively, whereas cars have a PSNR of
27.45.

4 Temporal consistency of predictions

We provide videos of NOCSformer’s independent predictions on each frame for se-
quences from Objectron [1] at https://omninocs.github.io. The per-frame
NOCS and pose estimates are consistent temporally, without use of any smoothing/filtering
techniques.

https://omninocs.github.io
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Class pedestrian car cyclist van truck tram person traffic cone barrier motorcycle bicycle bus trailer books bottle camera cereal box chair cup
MAE 0.047 0.052 0.066 0.141 0.063 0.133 0.049 0.059 0.095 0.08 0.078 0.043 0.118 0.104 0.072 0.073 0.048 0.076 0.125
PSNR 25.43 25.06 21.76 15.36 23.83 14.62 25.08 23.93 19.51 20.73 20.22 25.89 17.94 20.79 23.1 21.82 26.1 21.77 17.15
IoU 0.705 0.743 0.856 0.525 0.805 0.797 0.754 0.702 0.759 0.707 0.652 0.884 0.72 0.774 0.909 0.888 0.872 0.655 0.88

Class can laptop shoes towel blinds window lamp shelves mirror sink cabinet bathtub door toilet desk box bookcase picture table
MAE 0.112 0.064 0.195 0.127 0.084 0.105 0.116 0.083 0.073 0.09 0.085 0.119 0.07 0.064 0.132 0.148 0.071 0.068 0.129
PSNR 17.21 25.5 12.87 17.57 22.0 20.48 18.36 21.37 22.3 20.29 21.87 18.99 24.8 23.32 17.33 15.94 22.42 24.59 17.38
IoU 0.912 0.871 0.674 0.799 0.795 0.685 0.701 0.625 0.75 0.613 0.721 0.763 0.867 0.76 0.729 0.799 0.732 0.866 0.653

Class counter bed night stand dresser pillow sofa television floor mat curtain clothes refrigerator board kitchen pan bin stove microwave plates bowl oven
MAE 0.101 0.092 0.075 0.059 0.144 0.09 0.045 0.179 0.063 0.172 0.085 0.061 0.098 0.095 0.115 0.075 0.116 0.167 0.097
PSNR 20.7 20.82 21.82 24.55 15.38 21.09 28.86 12.64 24.04 13.67 21.38 24.69 18.63 19.42 19.52 20.93 17.82 14.16 20.39
IoU 0.768 0.708 0.88 0.898 0.801 0.746 0.817 0.821 0.884 0.442 0.727 0.892 0.823 0.899 0.626 0.936 0.768 0.933 0.499

Class vase faucet machine printer monitor podium cart projector electronics computer air conditioner drawers coffee maker toaster potted plant painting tray keyboard rack
MAE 0.098 0.106 0.091 0.068 0.073 0.141 0.123 0.114 0.121 0.085 0.075 0.081 0.087 0.076 0.095 0.049 0.104 0.089 0.09
PSNR 19.02 18.63 20.77 22.22 22.18 16.84 16.76 17.5 17.43 20.51 21.07 21.45 19.17 20.58 19.22 25.91 18.32 20.58 20.32
IoU 0.883 0.772 0.53 0.903 0.891 0.941 0.756 0.659 0.884 0.888 0.942 0.905 0.855 0.946 0.777 0.938 0.797 0.863 0.674

Class phone mouse fire extinguisher toys ladder fan glass clock toilet paper closet fume hood soundsystem shower curtain remote fireplace paper whiteboard bike
MAE 0.116 0.137 0.066 0.105 0.089 0.077 0.108 0.083 0.091 0.058 0.114 0.091 0.102 0.143 0.076 0.176 0.043 0.081
PSNR 17.65 16.12 22.34 17.85 19.42 21.17 18.84 20.29 19.63 23.33 17.66 19.79 18.11 15.33 22.43 14.62 26.41 20.67
IoU 0.819 0.85 0.875 0.836 0.724 0.829 0.851 0.906 0.834 0.607 0.784 0.893 0.968 0.873 0.666 0.228 0.894 0.841

Table 1: Quality of NOCS predictions per class: As discussed in Section 5.1 of the paper, we
adopt the use of mAE, mPSNR, and mIoU to measure the quality of object NOCS produced by a
model on OmniNOCS test set. We provide the split for these numbers per class here. The mIoU
for some categories are not available as these do not have ground truth mask annotations in the
test set.

5 Discussion and limitations

NOCSformer predicts 3D object coordinates aligned to 2D pixel values, yielding 3D-2D
correspondences that can be used to estimate the 6DoF object pose. It shows that models
that predict 3D-2D correspondences can be scaled to larger datasets and diverse classes,
enabling widespread adoptability. This is an alternative to directly regressing the object
pose from an image. NOCSformer exhibits both pros and cons compared to methods
that directly regress object poses.

More flexible representation: Predicting NOCS allows for different methods to be
used for estimating the object pose, based on the application. The options are 1) using
learned network heads to predict pose from NOCS (as in NOCSformer) 2) using PnP
variants to estimate pose from 3D-2D correspondences 3) using 3D-3D alignment to
estimate pose, if a depth sensor is available.

More interpretable: Predicting pose from 3D-2D correspondences is more inter-
pretable than using an end-to-end trained model.

Less accurate at longer ranges: For small objects at very long ranges (such as those
in outdoor self-driving scenes), the accuracy of NOCSformer deteriorates. Since the RoI
resolution is higher than the size of these objects, the input to the RoI heads is itself
coarse and less informative, producing more noisy masks, NOCS and size predictions.
The depth estimates at longer ranges are more sensitive to errors in object coordinate
predictions, causing higher depth errors. For long ranges, particularly in single-camera
applications, it may be more accurate to regress pose directly from an end-to-end model
as they rely on dataset biases.
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