DINO in the Room: Leveraging 2D Foundation Models for 3D Segmentation

Supplementary Material

1. Implementation Details

Our implementation builds upon PTv3 [10]. As such,
we use the same hyperparameter settings wherever possi-
ble. However, unlike PTv3, DITR also utilizes images, for
which we add image-specific augmentations. Below, we
provide detailed implementation settings for each dataset.

Indoor Semantic Segmentation. Following PTv3, we
train the model with a batch size of 12 for 800 epochs on
ScanNet [4] and ScanNet200 [7], and for 3000 epochs on
the smaller S3DIS [1] dataset. For ScanNet++ [11], we
again follow PTv3, dividing the large point clouds into over-
lapping 6 m by 6 m tiles with a stride of 3m, and train-
ing for 400 epochs. Optimization is performed using the
AdamW [5] optimizer, with a 1cycle [8] learning rate sched-
ule. The maximum learning rate is set to 6 x 10~2 with
the learning rate peaking at 5% of the training process.
Point cloud augmentations include random rotation, ran-
dom dropout of points, random scaling, random flipping,
elastic distortion, and color jittering. Grid sampling is ap-
plied with a grid size of 2 cm.

Before being fed into DINOv2 [6], ScanNet images are
resized to 420 x 560 pixels while S3DIS images are resized
to 518 x 518 pixels, preserving the aspect ratio and ensuring
a comparable number of image tokens to those used during
DINOV?2 training. Images undergo augmentation with ran-
dom horizontal flipping and color jittering. During training,
10 images are randomly selected per 3D scene, while dur-
ing validation, 10 temporally equidistant images are chosen
for consistent evaluation.

We only inject features for points that are visible in the
selected images. To prevent injecting features for occluded
points, we compare the depth of each projected point with
the raw depth value from the RGB-D sensor and exclude
points where the depth difference exceeds a small margin
of error (20cm). Additionally, to ensure that image fea-
tures are consistently assigned to points at similar distances,
points that are closer than 1 m or farther than 4 m are filtered
out. Given that the 3D scene is captured from multiple cam-
era angles with overlapping regions, most points fall in this
range in at least one image.

When distilling DINOv2 [6] features into the 3D model,
the ScanNet [4] and Structured3D [12] datasets are used for
joint training. Each batch consists of samples from only
one dataset, with half of the batches derived from ScanNet
and the other half from Structured3D. We train the model
for a total of 160k steps with a batch size of 12. After dis-
tillation, the pretrained model is fine-tuned separately on

the ScanNet, ScanNet200, and S3DIS datasets. For Scan-
Net and S3DIS, the model is fine-tuned for 10 % of the de-
fault number of epochs, and, except for the segmentation
head, the learning rate is set to 10 % of its original value.
For ScanNet200, fine-tuning is performed using the default
training setup described earlier. This approach reflects dif-
ferences in dataset complexity: ScanNet and S3DIS, with
fewer classes, achieve strong performance with minimal
fine-tuning, while ScanNet200, which has a larger and more
challenging class set, benefits from longer training to fully
utilize the model’s capacity.

QOutdoor Semantic Segmentation. Following PTv3, the
model is trained with a batch size of 12 for 50 epochs on
nuScenes [3], SemanticKITTI [2] and Waymo [9]. Again,
optimization is performed using the AdamW optimizer,
with a 1cycle learning rate schedule. The maximum learn-
ing rate is set to 2 x 10~2 with the learning rate peaking
at 4 % of the training process. Point cloud augmentations
include random rotation, random scaling, and random flip-
ping. Grid sampling is performed with a grid size of 5 cm.

To obtain DINOv?2 features, nuScenes [3] images are re-
sized to 378 x 672 pixels, SemanticKITTI [2] to 378 x 1246,
and Waymo [9] to 308 x 672. This keeps the original as-
pect ratios while also yielding a number of image tokens
similar to what was used during DINOv2’s training. We
make an exception for the wide-aspect-ratio images in Se-
manticKITTI, using a higher resolution to avoid excessively
reducing the vertical resolution. As with the indoor datasets,
images undergo random horizontal flipping and color jitter-
ing augmentations.

For distillation, we jointly train the model on the
nuScenes, SemanticKITTI, and Waymo datasets. Each
batch consists of samples of one dataset and batches are
equally distributed across the datasets. We train the model
for a total of 350k steps with a batch size of 12. After
distillation, the pretrained model is fine-tuned separately
on nuScenes, SemanticKITTI, and Waymo. For the Se-
manticKITTI dataset, the model is fine-tuned for 10 % of
the default number of epochs and, except for the segmen-
tation head, the learning rate is set to 10 % of its original
value. For nuScenes and Waymo, fine-tuning is performed
using the default training setup described earlier.

2. Impact of Image Selection Strategy

In Tab. 1, we analyze the impact of varying the number of
images and the image selection strategy during inference
while using the same trained model. For ScanNet200, we



Image selection ScanNet200 nuScenes
#Images Method mloUg mloUjy % Vis. mloU % Vis.
0 eq.dist. 32.8 31.8 0.0 37.5 0.0
1 eq.dist. 36.5 35.7 9.8 50.9 11.2
3 eq.dist. 38.2 38.0 24.6 72.7 40.5
6 eq.dist. 39.2 40.1 41.7 83.1 77.0

10 eq.dist. 39.9 41.2 56.7 — —

6 random 38.6 38.4 37.0 — —
10 random 39.2 40.5 49.5 — —

Table 1. Impact of image selection strategy during inference.
We compare two inference-time image selection methods: random
selection and temporally-equidistant frame selection (eq.dist.).
For ScanNet200, we compare models trained on 6 (mloUs) or 10
random images (mloUjo). For nuScenes, the model is trained us-
ing all six camera views. During inference, we use different sub-
sets of cameras: no camera; the front camera alone; the front, rear-
left, and rear-right cameras; all six cameras.

evaluate two models, one trained with 6 images per scene
(mIoUg) and another with 10 (mloU;g) to evaluate the im-
pact of the number of training images. For nuScenes, we
only evaluate a model trained on all available images. We
find that, on ScanNet200, the model trained with 6 images
benefits from seeing more images during inference than
during training, and performs better than the one trained
with 10 images when fewer images are used during in-
ference. Furthermore, both models demonstrate robust-
ness to seeing fewer images during inference, with perfor-
mance degrading gracefully as they are trained with ran-
domly selected images. However, on nuScenes, the model
always receives the full surrounding visual context during
training. As a result, the performance degrades signifi-
cantly when frames are missing during inference. Finally,
on ScanNet200, we also show the effectiveness of using
temporally-equidistant images during inference, resulting in
higher point coverage and consistently outperforming the
alternative of selecting frames randomly.

3. Qualitative Results

Distillation. We apply Principal Component Analysis
(PCA) to the point features generated by the distilled
D-DITR model and visualize the first three principal com-
ponents as RGB colors. This provides a qualitative view of
the semantic information captured during distillation pre-
training. Note that this model operates without image input
during inference.

Figs. 1 to 5 highlight the rich semantic features distilled
from DINOV2. Points belonging to the same semantic class
exhibit similar colors, reflecting alignment along the first
three principal axes. For instance, in Figs. | and 2, ob-
jects such as tables, chairs, books, and walls consistently
map to distinct colors across the scene. These results show
that the model captures fine-grained semantic representa-

tions of 3D scenes without requiring semantic labels during
training. Furthermore, Figs. 1 and 2 reveal that objects like
chairs and tables are segmented into finer subparts in feature
space, surpassing the granularity of the datasets’ annota-
tions, which this model does not use. This semantically rich
feature representation significantly enhances the model’s
performance when used as initialization before fine-tuning
for semantic segmentation, as is evident by the quantitative
results in the main paper.

Semantic Segmentation. Figs. 6 to 8§ compare the pre-
dictions of DITR and PTv3, with a focus on points where
DITR benefits from DINOv2 features.

In Fig. 6, we observe that PTv3 misclassifies a ‘cart’
as a ‘shelf’ due to the structural similarities between these
classes in the 3D point cloud. In contrast, DITR accurately
identifies the carts by incorporating visual cues from 2D im-
ages via DINOv2 feature injection.

In Fig. 7 we show another perspective of the same scene.
Here, PTv3 misclassifies a ‘cabinet’ as a ‘wall’, as the cab-
inet appears as a flat surface that is flush with the wall and
has a similar color, making it almost impossible to iden-
tify it as a cabinet based on the point cloud only. However,
DITR correctly classifies the cabinet, as it is clearly visible
in one of the image views. This highlights how leveraging
strong image features can complement and enhance geo-
metric features, enabling the model to differentiate between
structurally similar classes.

Finally, in Fig. 8, we present an example from the
nuScenes dataset. PTv3 misclassifies a pedestrian crossing
the street as a car, overlooks several pedestrians on the side-
walk, and confuses a bus with a building. These errors oc-
cur in areas distant from the ego vehicle, where LiDAR data
is sparse, and objects are represented by only a few points.
In contrast, DITR accurately predicts these instances, lever-
aging contextual information from the respective image for
disambiguation.
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Figure 1. PCA visualization of distilled D-DITR features for ScanNet [4]. We visualize the first three principal components of the point
features learned by the D-DITR model. PCA projections are computed per scene and hence there is no correspondence of colors between
figures.



Figure 2. (Cont.) PCA visualization of distilled D-DITR features for ScanNet [4]. We visualize the first three principal components of
the point features learned by the D-DITR model. PCA projections are computed per scene and hence there is no correspondence of colors
between figures.



Figure 3. PCA visualization of distilled D-DITR features for SemanticKITTI [2]. We visualize the first three principal components of
the point features learned by the D-DITR model (left), as well as the corresponding 2D projections (right).
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Figure 4. PCA visualization of distilled D-DITR features for nuScenes [3]. We visualize the first three principal components of the
point features learned by the D-DITR model.



Figure 5. PCA visualization of distilled D-DITR features for nuScenes [3]. We visualize the first three principal components of the
point features learned by the D-DITR model.
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3D point cloud input Difference between PTv3 and DITR predictions

Figure 6. DITR and PTv3 [10] segmentation for ScanNet [4]. The wheels of the cart are barely visible in the 3D point cloud, likely
causing PTv3 to misclassify it as a shelf. By contrast, DITR can leverage semantically rich image features to correctly identify this cart.
The bottom-right visualization illustrates the differences between PTv3 and DITR predictions. Points where both methods are correct or
both are incorrect are shown in black. Points correctly predicted by only one method are color-coded: green for DITR and red for PTv3.
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3D point cloud input Difference between PTv3 and DITR predictions

Figure 7. DITR and PTv3 [10] semantic segmentation for ScanNet [4]. In the 3D point cloud, the cabinet at the back appears as a flat
surface flush with the wall, leading PTv3 to misclassify it as part of the wall. However, in the corresponding image, this region is clearly
identifiable as a cabinet. The bottom-right visualization illustrates the differences between PTv3 and DITR predictions. Points where both
methods are correct or both are incorrect are shown in black. Points correctly predicted by only one method are color-coded: green for
DITR and red for PTv3. 10



0 g Y o = 1 o

Front view 3D ground truth

e+
[T —
o .

e o o S

2D projected PTv3 predictions Front view 3D PTv3 predictions

s T e ¢ @0 0 o o Se————

e — s -~ -

Lot D et © e g L

- prspe— . L S IR -

- - TEIE. S

== ® o e 43

= T T .

AT G
Difference between PTv3 and DITR predictions

Figure 8. DITR and PTv3 [10] semantic segmentation for nuScenes [3]. PTv3 misclassifies the pedestrian crossing the street as a car,
overlooks the pedestrians on the left sidewalk and the pedestrian on the right, and mistakes the bus in front of the car for a building. These
errors occur in areas distant from the ego vehicle, where LiDAR data is sparse, and objects are represented by only a few points. In contrast,
DITR can leverage the corresponding image, where the bus and pedestrian on the street are clearly visible, allowing it to make the correct
predictions despite the objects being represented by only a few points. The bottom-right visualization illustrates the differences between
PTv3 and DITR predictions. Points where both methods are correct or both are incorrect are shown in black. Points correctly predicted by
only one method are color-coded: green for DITR and red for PTv3.
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