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I Task: 3D Scene Understanding

RGB-D Point Clouds (ScanNet++) LiDAR Point Clouds (nuScenes)
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I Current Paradigm: 3D U-Nets
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I Current Paradigm: 3D U-Nets
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I Everyone Else: Transformers

Computer Vision Natural Lang. Proc. Reinf. Learning

Slide is taken by “Transformer Tutorial” of Lucas Beyer
Transformer image is taken by "Attention Is All You Need" paper
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I Everyone Else: Transformers

Computer Vision Natural Lang. Proc. Reinf. Learning
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Slide is taken by “Transformer Tutorial” of Lucas Beyer
Transformer image is taken by "Attention Is All You Need" paper
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I Downsides of 3D-Specific Architectures

* Inductive biases can be limiting romaiiics

» Convolutions and hand-designed local attention layers are
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I Bridging the Gap: Volume Transformer (Volt)
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I Bridging the Gap: Volume Transformer (Volt)
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I Bridging the Gap: Volume Transformer (Volt)
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I Bridging the Gap: Volume Transformer (Volt)
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I Isn’t Global Attention Expensive?
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I Naive Training of Volt

Scaling Behaviour of 3D Backbones
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—PTv3-B (124.8M)
—PTv3-S (46.1M)
—Naive Volt-S (23.7M)

—MinkUNet (39.2M)
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I Naive Training of Volt

Scaling Behaviour of 3D Backbones
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Scannet200 (100%)

Volume Transformer (\Volt)

Scannet200 +
ArkitScenes +
ScanNet++

—PTv3-B (124.8M)
—PTv3-S (46.1M)
—Naive Volt-S (23.7M)

—MinkUNet (39.2M)
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I Training Recipe

June 3, 2026

Volt

Baseline on ScanNet200
PTv3 config with Volt

B Baseline
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I Training Recipe

June 3, 2026

Stronger Augmentations
Mix3D, Random crop, Rotate, shift and scale objects

35.5(+0.3)
32.9(+1.9)

Volt PTv3
® Baseline = Stronger Aug.
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I Training Recipe

B Baseline

June 3, 2026

Stronger Regularization
DropPath, Weight Decay, Label Smoothing

34.1(+1.2)

Volt
= Stronger Aug.

Volume Transformer (\Volt)

35.5(+0.0)

PTv3

B Stronger Reg.
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I Training Recipe

CNN Distillation

Use segmentation predictions of a pre-trained MinkUNet as auxiliary targets
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I Training Recipe

CNN Distillation

Not a typical distillation setup. MinkUNet “Teacher” is worse than

student.
40
36.2 (+2.1) 35.8 (+0.3)

35
X
g 30 CNN Teacher (29.1)
S

25

20

Volt PTv3
B Baseline ® Stronger Aug. B Stronger Reg. B CNN distillation

June 3, 2026 Volume Transformer (\Volt)

21



I Training Recipe

20

B Baseline

June 3, 2026

Scaling Data
ScanNet200 - ScanNet200 + ArkitScenes + ScanNet++
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I Training Recipe

Scaling Model
VolIt-S (23.7M) > Volt-B (94.3M)  PTv3-S (46.1M) > PTv3-B (124.8M)
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I Volt Scales Better with Data

Scaling Behaviour of 3D Backbones
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I Volt Achieves New Best Scores

Table 1: Indoor semantic segmentation results (mlIoU).

ScanNet++ ScanNet200 ScanNet
Method #Params
Test Val Test Val Test

ST [22] 18.8M — — — 74.3 73.7

PTvl [18] 11.4M — 27.8 — 70.6 —

PointNeXt [74] 41.6M — — — 71.5 71.2

MinkUNet [13] 39.2M 45.6 25.0 25.3 72.2 73.6

OctFormer [54] 44 .0M 46.0 32.6 32.6 75.7 76.6

Swin3D [21] 23.6M — — — 76.4 —

PTv2 [19] 12.8M 44.5 30.2 — 75.4 74.2
OA-CNN[75]  SLSM . 470 323 333 761 756
{ PTv3 [20] 46.1M 48.8 35.2 37.8 71.5 779
._Volt-S 23.M 49.3 36.2 - 77.2 -

4 Jointly trained on multiple datasets
g'—PTv3/PPT [72,71] 124.8M — 37.5 41.4 79.1 79.8
| Volt-S 23.7M - 38.1 - 80.2 -
\Volt-B____ 81.TM . 95 400 416 805 805
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Instance Segmentation (SPFormer)
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Volt as Backbone for Instance Segmentation
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I Instance Segmentation Results

Table 3: Indoor instance segmentation results (mAP50).

ScanNet++ ScanNet200 ScanNet
Method Backbone
Test Val Test Val Test
—SPFormer [65] MinkUNet 43.5 — 33.8— =. 73.9 77.0—
Mask3D [15] MinkUNet — 37.0 '\38.8‘, 73.7 78.0
OneFormer3D [16] MinkUNet 43.3 40.8 Rl 78.1 80.1
MAFT [85] MinkUNet — 38.2 - 76.5 78.6
QueryFormer [86] MinkUNet — 37.1 — 74.2 78.7
SphericalMask [87] MinkUNet — - — 79.9 81.2
Relation3D [88] MinkUNet = 41.2 - 80.2 81.6
SGIFormer [89] MinkUNet '\-'-\15.7) 304 - 81.2 79.9
—SPFormer [65] Volt-B 54.9 — 48.4 — 47.5 78.3 82.7 —
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SceneFUN3D Challenge

Image taken from SceneFUN3D paper
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I SceneFUN3D Results

Functionality Segmentation (test split)

Team/Method AP 1 AP_501 AP_251
Volt 22.72 — 34.47 42.63 —
servette 7.75 <« 13.19 19.30 «—
pico-mr 6.54 13.97 27.82

Z. Zhou, S. Wei, Z. Wang, C. Wang, X. Yan, X. Liu. "OpenTrack3D: Towards Accurate and Generalizable Open-Vocabulary 3D Instance Segmentation". CVPR 2026 Findings

curiosAl 4.83 9.67 16.21
RPL 2.91 6.46 16.91
Night's Watch 2.39 4.76 7.88

MaNET 0.76 3.76 13.92
SegFunCT 0.00 0.00 10.69
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VIT moment for 3D Scene Understanding

New ViT-style backbone for 3D scenes

« Fast and memory efficient even with global attention

» Use the training recipe for training from scratch

« Better scaling with more data

« Better scaling with new hardware/software

« Enables transfer of research from the general scientific community
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