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Application
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Application

Goal: Aligning digital 3D design with real-world reconstruction.
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Scene Database Matched CAD Models



Motivation

1. Current multi-modal models align isolated objects but ignore spatial and semantic relationships within scenes.
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Object-level alignment # scene-level understanding.

[1] Xue et al, ULIP-2: Towards Scalable Multimodal Pre-training for 3D Understanding, CVPR 2024

[2] Guo et al, Point-Bind & Point-LLM: Aligning 3D with Multi-modality, arXiv 2024



Motivation

2. Existing scene understanding methods depend on explicit semantic annotations or 3D scene graphs.
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How can we achieve cross-modal scene understanding without complete and paired data?

[1]Miao etal, SceneGraphLoc: Cross-Modal Coarse Visual Localization on 3D Scene Graphs, ECCV 2024



CrossOver

l. Instance-Level Alignment
to leverage large pre-trained models



CrossOver

l. Instance-Level Alignment Il. Scene-Level Alignment
to leverage large pre-trained models

From rigid object-level alignment to flexible, modality-agnostic scene understanding.



Overview of CrossOver
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Overview of CrossOver
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Overview of CrossOver
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Overview of CrossOver
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Overview of CrossOver
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Overview of CrossOver
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Overview of CrossOver
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Overview of CrossOver
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Overview of CrossOver
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Overview of CrossOver

How to perform cross-modal scene retrieval inference?




Scene Retrieval Inference Pipeline
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Experimental Results
Cross-Modal Instance Matching

Instance Matching on Scannet
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Experimental Results
Cross-Modal Instance Matching

Instance Matching on Scannet Scene Level Instance Matching
RGB-Referral RGB-CAD | Scannet [11] 3RScan [38]
Scene-level Recall t | R@25% R@50% R@75% | R@25% R@50% R@75%
I—-7P
ULIP-2 [43] 1.28 0.64 0.24 1.91 0.40 0.28
PointBind [18] 6.73 0.96 0.32 3.18 0.64 0.01
Inst. Baseline (Ours) 88.46 37.82 1.92 93.63 35.03 3.82
(Ours 98.08 76.92 23.40 99.36 79.62 22.93
PC-CAD RGB-PC T R
ULIP-2 [43] 98.12 96.21 60.34 98.66 85.91 36.91
PointBind [18] 98.22 95.17 62.07 100 87.25 41.61
Inst. Baseline (Ours) 99.31 97.59 71.13 100 92.62 55.03
(Ours 99.66 98.28 76.29 100 97.32 67.79
P—-R
ULIP-2 [43] 37.24 16.90 8.62 16.78 6.04 1.34
PointBind [18] 54.83 27.93 11.72 21.48 6.04 2.01
O— TR Inst. Baseline (Ours) | 98.63 83.85 46.74 92.62 60.40 20.81
{ Ours 99.31 96.56 70.10 100 89.26 50.34
w— ULIP-2 PointBind Instance Baseline (Ours) Ours

Emergent cross-modal understanding without explicit pairwise supervision.



Experimental Results
Temporal Instance Matching
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Better performance on instance matching, even without explicit temporal training.



Scene-level Recall T

Experimental Results
Temporal Instance Matching

Cross-Modal Temporal Recall
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Strong cross-modal performance even with object movements or removal across time.



Experimental Results
Cross-Modal Scene Retrieval

Scene matching recall of different methods on three modality pairs
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Unified scene-level embeddings enable robust cross-modal retrieval without semantic supervision.



Experimental Results

Cross-Modal Scene Retrieval Visualization: Success
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Experimental Results
Cross-Modal Scene Retrieval Visualization: Success

Top-k retrieved matches
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Experimental Results
Cross-Modal Scene Retrieval Visualization: Failure

Top-k retrieved matches
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Experimental Results
Missing Modalities

Ablation on instance matching with non-overlapping data per modality pair
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Even with disjoint data distribution across modalities, CrossOver learns robust alignment.



Beyond CrossOver
Learning To Reconstruct Multi-modal 3D Representation

Fak Vel eeafzisier Scene Alignment Single Image Recontruction
Attributes: wooden, big i i
Multiview Images:

Full Scene Recontruction
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Multi-Modal Object Repr. U-3DGS 3DGS

Object-X Builds on CrossOver to Achieve Unified 3D Object Reconstruction Across Modalities.

[1]Lorenzo et al, Object-X: Learning to Reconstruct Multi-Modal 3D Object Representations, NeurlPS 2025



Beyond CrossOver Mok Progress
Learning Multi-modal Floorplan Alignment and Re-ranking Acknowledgement: Casper Van Engelenburg

Can we leverage the same framework to learn matching + ranking?
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Goal: Build on CrossOver to multi-modal floorplan retrieval and re-ranking.




Beyond CrossOver S
Downstream Task(s): 3D Object Recog nition Acknowledgement: Gaurav Pradeep

Can we probe the embedding space to perform downstream tasks, eg, 3D object classification?
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Goal: Scaling CrossOver into a Unified 3D Multi-Modal Learning Framework



Key Takeaways

« Flexible scene-level alignment framework that connects heterogeneous 3D modalities without requiring
perfect data pairing or semantic annotations.

« Leveraging dimensionality-specific encoders and a progressive training pipeline, CrossOver achieves
emergent cross-modal behavior and robust generalization across unpaired modalities.

Unifying 3D scene modalities for scalable, semantic-free cross-modal alignment.

Future Directions

« How can we scale CrossOver for large-scale scene understanding under noisy and incomplete real-world data?

« How can CrossOver be extended to dynamic scene reconstruction and real-time navigation for immersive
mixed-reality experiences?



Thank You!
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