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Figure 5: Qualitative visualization. Concerto performs well across different point cloud inputs: a
complete scene (top two rows) and an incomplete scene (bottom two rows).

Appendix

Concerto is a superior spatial representation point encoder capable of handling a wide range of scene
types, including those with varying completeness in Fig. 5, video-lifted point clouds in Fig. 6, and
the large scene in Fig. 7. Here, we further present the detailed implementation and results.

A Additional Implementation

We adopt the detailed parameters from Sonata [47] for intra-modal self-distillation and refer readers
to the original Sonata paper for an in-depth description of its implementation. In this section, we
provide a thorough explanation of the implementation for cross-modal joint embedding prediction.

A.1 Combination of Intra-Modal and Cross-Modal Learning

As in Sonata, we use 4 local views, 2 masked views, and 2 global views, with the first global
view serving as the principal view. For cross-modal joint embedding prediction, we utilize the
representations from the first masked view (based on the principal view) to predict the corresponding
image representations. The cross-modal cosine similarity loss is computed at upcast level 3, while
the online clustering cross-entropy loss for intra-modal self-distillation is calculated at upcast level 2.

A.2 Correspondence Between Pixels and Points

To establish reliable 3D point to 2D pixel correspondences across camera views, we employ a two-step
approach: 3D-to-2D projection followed by depth-based visibility verification.

Letp = (X,Y, Z)T denote a 3D point in world coordinates. Each camera c is defined by intrinsic
matrix K and extrinsic matrix [R|¢]. The standard pinhole camera model projects the 3D point p to
2D pixel coordinates (z,y) and a projected depth dpyo;:

(M

. X
Y

dproj |}J] = K[R|t] 7
1 1

To account for occlusions, we perform a visibility check comparing d,.0; with the depth value
d. = D.(z,y) retrieved from camera ¢’s depth map D.,. at the projected pixel coordinate (x,y). The
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Dataset Source Train Val Test All
ScanNet [15] real 25,472 7,092 2,802 35,366
ScanNet++ [50] real 48,493 1,534 1,161 51,188
S3DIS [1] real 10,977 3,668 0 14,645
ARKitScenes [7] real 68,991 9,350 0 78,341
HM3D [31] real 32,272 4,116 0 36,388
Structured3D [57] synthesis 63,905 6,083 6,391 76,979
REI10K [58] real 171,356 0 18,932 190,288
Concerto (ours) \ mixed\ 421,466 32,443 29,286 483,195
Table 6: Image Data Source Collection.
Dataset ‘ Source ‘ Train Val Test All
ScanNet [15] real 1,201 312 100 1,613
ScanNet++ [50] real 856 50 50 956
S3DIS [1] real 204 68 0 272
ARKitScenes [7] real 4,498 549 0 5,047
HM3D [31] real 8,881 1,119 0 10,000
Structured3D [57] synthesis 18,348 1,776 1,697 21,821
RE10K [58] real 42,839 0 4,733 47,572
Concerto (ours) | mixed| 76,827 3,874 6,580 87,281

Table 7: Point Cloud Data Source Collection.

point is considered visible if:
‘dc - dproj| < €depth, (2)

where €gepen 18 set to 0.01 in our experiments. Additionally, the correspondence is rejected if (z, y)
falls outside image bounds or D, (z,y) contains invalid depth. This visibility check establishes a
mapping between 3D points and corresponding 2D pixels, enabling direct correspondence between
3D points and ViT patches for cross-model joint embedding prediction mechanisms. Depending on
the dataset, the depth map D, is obtained in different ways:

* RGBD datasets. Depth maps are directly available as the depth channel of RGBD images, such
as Structured3D [57].

¢ Known ground truth mesh. For datasets like ScanNet [15], ScanNet++ [50], S3DIS [1],
and ARKitScenes [7], depth maps are rendered from the ground truth 3D mesh using camera
parameters.

* Pixel-aligned point clouds. For video-lifted point clouds (e.g., using VGGT [41] on
RealEstate10K [58]), per-view depth maps D; are generated alongside point clouds P;. A
point p € P; from camera 7 can be visible from camera j if it passes the visibility check.

For HM3D [31], which does not provide the raw images, we leverage Habitat-Sim [29] to simulate
the scenes. For each navigatable room, we capture four images around the room with random initial
camera orientations. The angular difference between consecutive images is 90 degrees. We record the
camera parameters to compute the correspondence between points and pixels, as described previously.
The total collections of our training data are shown in Tab. 6 and Tab. 7.

A.3 Image Augmentations

We implement the same point cloud augmentations as Sonata. For image augmentations, we initially
adopt the process from DINOvV2 [26], excluding geometric augmentations to simplify the alignment
between pixels and points. Specifically, we apply color jittering, random grayscale, and Gaussian blur
to the images, consistent with the settings used in DINOv2. This results in a slight drop in the mIoU
on ScanNet semantic segmentation to 75.27%, compared to using the original images. Consequently,
we continue to explore more suitable image augmentations. In the ablation study, we apply random
color jittering, with the same intensity as the point cloud augmentations, along with Gaussian blur.
This weaker augmentation improves Concerto’s performance, which is expected since the image
encoder is currently frozen. Stronger augmentations may yield better results once both the image
and point branches are unlocked for joint learning. Given the variability in image augmentation
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Figure 6: Video perception. Concerto can be applied to single-view (top row) and multi-view
video-lifted data (bottom three rows). We visualize the PCA of one video in RE10K [58]. In the
multi-view setting, the representations from all the frames are computed together for consistency.

combinations, we currently refrain from applying additional image augmentations to our pipeline,
but this remains under investigation and may be updated in future iterations.

A.4 Experimental Setting

Software and hardware environment.

* CUDA version: 12.4

» PyTorch version: 2.4.1

* Python version: 3.10.15

* GPU: Nvidia H20 x 16 for pretraining; Nvidia H20 x 8 for evaluation.

* CPU: x 360 for pretraining; x 180 for evaluation.

* Memory: 3600GB for pretraining; 1800GB for evaluation.

* Time: 97h for pretraining; evaluation time is based on datasets and evaluation protocols.

Data license. We use the open-source datasets ScanNet [15], ScanNet++ [50], S3DIS [1], Struc-
tured3D [57], ARKitScenes [7], Habitat Matterport3D [31] and RealEstate 10K [58] in latest versions.
S3DIS, Structured3D, ScanNet, and ScanNet++ have custom licenses. RealEstate10K is licensed
by Google LLC under a Creative Commons Attribution 4.0 International License. ARKitScenes is
licensed by Apple Inc. HM3D is licensed by Matterport.

Training details. For pretraining, we leverage all train, val, and test splits to train the self-supervised
model. For evaluation with linear probing, decoder probing, and full fine-tuning, we train on the train
split and test on the val split of ScanNet, ScanNet++, ScanNet200, and Area 5 of S3DIS. We use
AdamW as the optimizer, and cosine annealing policy as the scheduler. The learning rate is adjusted
with the encoder depth and the max one is 0.004. The pertaining epoch is 100. For cross-modal
joint embedding prediction, we set DINOv2 image encoder input resolution 518 x518 and leverage
DINOV2 L version currently. In the future, we will update to DINOv2.5 G version.

B Additional Results

B.1 Concerto with Video-Lifted Point Clouds

We utilize the current feed-forward reconstruction model VGGT [41] to lift RealEstate 10K [58] video
data to point cloud. Based on the camera poses, we heuristically select video clips with larger camera
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Figure 7: Language locate. We visualize the PCA of a large house scene from HM3D [31] along
with the heatmap of zero-shot language-based object localization results. The upper-left part of the
scene shows detailed local information. Given specific words, Concerto with text-aligned linear
probing successfully locates objects in a zero-shot setting.

Model ScanNet Val ScanNet200 Val ScanNet++ Val S3DIS Area 5

img. enc. mloU mAcc allAcc mloU mAcc allAcc mloU mAcc allAcc mloU mAcc allAcc

DINOV2 (lin.) 773  86.6 91.7 374 495 833 457 605 865 735 813 90.9
SigLIP2 (lin.) 763  86.0 91.4 367 489 827 458 614 868 723 794 91.0
RADIO (lin.) 735  84.0 90.3 310 423 81.8 427 572 853 729 805 90.9

DINOV2 (dec.) 79.5 87.6 926 378 505 841 483 623 87.7 755 842 92.3
SigLIP2 (dec.) 78.8  87.0 924 375 477 83.7 468  58.1 870 736 798 91.3
RADIO (dec.) 719 857 923 339 446 834 449 565 862 748 812 92.2

DINOvV2 (full.) 80.7 874 931 392 50.2 85.0 50.7 633 879 774  85.0 93.2
SigLIP2 (full.) 797 869 927 384 499 839 500 620 882 750 80.2 92.5
RADIO (full.) 79.6  86.6 927 36.1 469 83.8 484  60.6 882 751 80.5 92.8

Table 8: Segmentic segmentation of Concerto with different image encoders. Concerto with
DINOV2 based on self-distillation has the best performance in general.

pose transforms in comparison and abandon those with smaller camera pose transforms. With these
video clips, we can build a video dataset with more completed scenes. In Fig. 6, we utilize Concerto
to deal with single-view lifted data and multi-view lifted data. The visualizations show that Concerto
adapts well to these two situations, suggesting that Concerto cannot only be applied to the offline
video reconstruction but also the single view forward situation.

B.2 Concerto with Language Probing

We leverage a simple linear layer to translate the representations from Concerto to CLIP’s text space.
During training, we force the linear probing output to align with the LSeg [25] image encoder’s
output, which does not need the ground truth labels to supervise. In the aligning process, we do not
use masks and crop augmentations. The visualization results are shown in Fig. 7.
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Data Efficiency Params Limited Scenes (Pct.) Limited Annotation (Pts.)

Methods Learn. Pct. 1% 5% 10% 20% 100% 20 50 100 200  Full
Concerto (lin.) 0.02M  0.02% 482 69.1 736 750 773 739 752 762 763 773
Concerto (dec.) 163M  13.1% 446 679 737 746 795 726 746 767 7T11.6 795
Concerto (full.) 1248M  100.0% 46.5 69.0 753 76.1 80.7 733 767 776 784 80.7
Concerto (lora) 0.3M 02% 484 702 749 768 798 751 772 783 787 798

Table 9: Parameter Efficiency with LoRA. Concerto with LoRA significantly improves the per-
formance with a minimal number of learnable parameters, highlighting the reliability of pretrained
Concerto representations and the effectiveness of LoRA fine-tuning.

LoRA Params ScanNet Val ScanNet200 Val ScanNet++ Val S3DIS Area 5

Methods Learn. Pct. mloU mAcc allAcc mloU mAcc allAcc mloU mAcc allAcc mloU mAcc allAcc

Concerto (lin.) <02M <02% 773 86.6 91.7 374 495 833 456 605 865 735 813 909
Concerto (dec.) 16.3M 13.1% 79.5 87.6 92.6 37.8 505 84.1 483 623 877 755 842 923
Concerto (full.) 124.8M 100.0% 80.7 874 931 39.2 502 85.0 50.7 633 879 774 850 932
Concerto (lora) <0.5M <0.5% 79.8 87.9 927 384 519 84.1 473 608 877 755 814 926

Table 10: Semantic segmentation with LoRA. We compare the LoRA fine-tuning method on
Concerto across four semantic segmentation benchmarks, demonstrating LoORA’s remarkable capacity
in general and the reliability of Concerto’s original pretrained representations.

B.3 Results with Different 2D Encoder

In this section, we compare the performance of different strong image encoders: DINOv2 [26],
SigLIPv2 [39], and RADIO [32]. We adopt DINOv2 L version with a resolution of 518x518,
SiglL.IPv2 S0400m version with a patch size of 16 and resolution 512x512, and RADIOv2.5 L
version with a resolution of 768 x768. For each model, we pretrain a variant of Concerto on 40k data,
excluding video-lifted data. We evaluate these models across four datasets on semantic segmentation,
as shown in Tab. 8. The results reveal that the Concerto model based on DINOv2, using self-
distillation, achieves the highest mloU in general. This suggests that in our joint self-supervised
learning framework, the optimal synergy is achieved when representations from different domains
are derived through intra-modal self-distillation. RADIO, which incorporates distilled information
from multiple models, may damage the original self-distillation features from DINOv2, thus leading
to a decrease in performance.

B.4 Results with LoRA Finetuning

From the main results, we observe that linear probing outperforms full-finetuning in extreme data-
scarce scenarios. This suggests that training methods may benefit from shifting toward LoRA-based
fine-tuning. In this section, we present the results of LoRA fine-tuning. Specifically, we adapt LoRA
to the point encoder and evaluate it with linear probing. We set the LoRA rank to 8, the LoRA alpha
to 16, and the dropout rate to 0.1.

The results of ScanNet Data Efficiency are shown in Tab. 9. These results demonstrate that the
LoRA-based method outperforms both linear probing and full fine-tuning in terms of mIoU across
most scenarios, despite a small increase in learnable parameters compared to the original linear
probing. This suggests that LoRA is an effective fine-tuning approach, particularly when data is
limited. Notably, linear probing with LoRA achieves performance comparable to decoder probing in
the full evaluation and only a 0.9% performance drop compared to full fine-tuning on mloU, while
offering significant improvements in training efficiency.

We also evaluate the LoRA fine-tuning on Concerto across four benchmarks, as shown in Tab. 10.
The results demonstrate that LoORA fine-tuning shows performance comparable to decoder probing,
even with relatively small learnable parameters. Overall, the LoRA fine-tuning demonstrates strong
efficiency and performance across various benchmarks, highlighting two key insights: Concerto
already yields reliable and generalizable representations, and leveraging pretrained representations
combined with LoRA fine-tuning is both efficient and effective for further task adaptation.
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C Broader Impact

In this work, we introduce Concerto, a powerful model for spatial representation learning, achieving
SOTA performance in full fine-tuning and superior results in linear probing. Looking ahead, Concerto
holds great promise for extending multi-modal learning beyond 2D-3D, benefiting downstream tasks
such as autonomous driving, robotics, and mixed reality. However, if not properly trained, point cloud
encoders may learn biases from the data, reinforcing societal stereotypes. Researchers should be
aware of such potential negative social impacts and continuously monitor the training data for bias.
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