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Abstract

Multi-modal 3D object understanding has gained signifi-
cant attention, yet current approaches often assume com-
plete data availability and rigid alignment across all modal-
ities. We present CrossOver, a novel framework for cross-
modal 3D scene understanding via flexible, scene-level
modality alignment. Unlike traditional methods that require
aligned modality data for every object instance, CrossOver
learns a unified, modality-agnostic embedding space for
scenes by aligning modalities — RGB images, point clouds,
CAD models, floorplans, and text descriptions — with re-
laxed constraints and without explicit object semantics.
Leveraging dimensionality-specific encoders, a multi-stage
training pipeline, and emergent cross-modal behaviors,
CrossOver supports robust scene retrieval and object local-
ization, even with missing modalities. Evaluations on Scan-
Net and 3RScan datasets show its superior performance
across diverse metrics, highlighting CrossOver’s adaptabil-
ity for real-world applications in 3D scene understanding.

1. Introduction

In recent years, the need to align and transfer informa-
tion across modalities has grown substantially, especially
for tasks involving complex 3D environments. Such a ca-
pability enables knowledge and experience transfer across
modalities. For example, knowing the layout of kitchens
in computer-aided design (CAD) format will provide guid-
ance on how to build a new kitchen, such that it follows the
layout of the most similar CAD floorplan.

Current multi-modal approaches tackle 3D data align-
ment of individual objects across modalities [18, 42, 43,
45], without including and considering scene context, mak-
ing them challenging to extend effectively for scene-level
understanding. These methods typically assume fully
aligned, consistent datasets, where each modality is per-
fectly corresponding to all others for each object. However,
real-world scenarios rarely provide such complete modal-
ity pairings. For example, a video of a room and its CAD
model might share some spatial alignment but differ in
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Figure 1. CrossOver is a cross-modal alignment method for
3D scenes that learns a unified, modality-agnostic embedding
space, enabling a range of tasks. For example, given the 3D
CAD model of a query scene and a database of reconstructed point
clouds, CrossOver can retrieve the closest matching point cloud
and, if object instances are known, it can identify the individual
locations of furniture CAD models with matched instances in the
retrieved point cloud, using brute-force alignment. This capability
has direct applications in virtual and augmented reality.

data characteristics and object instances (hereby referred to
as instances) represented in the data (e.g., some instances
could be missing in one modality, which is common be-
tween real-world scenes and their CAD models). Also,
achieving consistent instance segmentation across modali-
ties is nearly impossible in practice. Thus, these approaches
struggle when certain modalities are missing or incomplete,
limiting their flexibility in practical applications [5].

We address the inherent limitations of strict object-level
modality alignment by introducing a flexible scene-level
modality alignment approach that operates without prior in-
formation during inference (e.g., semantic instance segmen-
tation), unlike the current methods [34, 41]. Our method,
namely CrossOver (Fig. 1), enables the learning of cross-
modal behaviors and relationships, such as identifying sim-
ilar objects or scenes across different modalities, like the
virtual CAD scene based on a video of a real room. This
capability extends beyond instance-level matching towards
a unified, modality-agnostic understanding that supports
seamless cross-modal interactions at the scene level.

CrossOver focuses
modalities—RGB

on aligning five key
images, real-world point

scene
clouds,
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CAD models, floorplan images, and text descriptions,
in the feature space—going beyond the RGB-PC-Text
triplets of prior work. Importantly, it is designed with the
assumption that not all modalities are available for every
data point. By employing a flexible training strategy, we
allow CrossOver to leverage any available modality during
training, without requiring fully aligned data across all
modalities. This approach enables our encoders to learn
emergent modality alignments, supporting cross-modal
traversals even in cases with missing data. Our work is
grounded in three key contributions:

* Dimensionality-Specific Encoders: We introduce 1D,
2D, and 3D encoders tailored to each modality’s dimen-
sionality, removing the need for explicit 3D scene graphs
or semantic labels during inference. This optimizes fea-
ture extraction for each modality and avoids reliance on
consistent semantics, which is often hard to obtain.
Three-Stage Training Pipeline: Our pipeline progres-
sively builds a modality-agnostic embedding space. First,
object-level embeddings capture fine-grained modality
relationships. Next, scene-level training develops unified
scene representations without requiring all object pairs
to align. Finally, dimensionality-specific encoders create
semantic-free cross-modal embeddings.

Emergent Cross-Modal Behavior: CrossOver learns
emergent modality behavior, despite not being explicitly
trained on all pairwise modalities. It recognizes, e.g., that
Scene; in the image modality corresponds to Scene; in the
floorplan modality or its point cloud to the text one, with-
out these modality pairs being present in training.

This unified, modality-agnostic embedding space en-
ables diverse tasks such as object localization and cross-
modal scene retrieval, offering a flexible, scalable solution
for real-world data that may lack complete pairings.

2. Related Work

Multi-modal Representation Learning aims to bridge
data modalities by learning shared embeddings for cross-
modal understanding and retrieval. A seminal work in this
area is CLIP [32], which popularized the contrastive train-
ing objective to learn a joint image-text embedding space.
This framework has been extended to various tasks, such as
video retrieval [27], unified vision-language modeling [26],
and cross-modal alignment [16, 28]. In the 3D domain,
PointCLIP [45] applied CLIP to point clouds by project-
ing them into multi-view depth maps, leveraging pretrained
2D knowledge. Subsequent research has focused on multi-
modality alignment, e.g. ImageBind [17] aligns six modali-
ties in the 2D domain and shows the power of such represen-
tation for generative tasks. In 3D, ULIP [42] and its succes-
sor ULIP-2 [43] aim to learn unified representations among
images, texts, and point clouds. Point-Bind [18] extends
ImageBind [17] to 3D by aligning specific pairs of modal-
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ities using an InfoNCE loss [30]. While these methods ef-
fectively capture object-level data, they struggle to differen-
tiate similar instances within a scene, primarily focusing on
isolated objects rather than complex scenes. Experiments in
Section 4 demonstrate this limitation.

A common limitation of these approaches is the as-
sumption of perfect modality alignments and complete
data for each instance, often relying on datasets like
ShapeNet55 [6]. This assumption is impractical for real-
world scenarios where data is often incomplete or not well-
matched due to occlusions, dynamic changes, sensor limita-
tions, or capture errors, such as in construction sites or robot
navigation. Our work, CrossOver, addresses these chal-
lenges using real-world datasets consisting of incomplete
point clouds and noisy images captured using affordable
sensors. Unlike prior methods, we do not require perfect
modality alignments or complete data (e.g., point clouds).

3D Scene Understanding has driven extensive work on
text-to-image and point cloud based instance localization
and alignment within large maps [2, 14, 22]. Techniques
like NetVLAD [2] and CamNet [14] enable place recog-
nition and image-based localization by extracting global
image descriptors. Recent work has leveraged 3D scene
graphs for enhanced scene understanding [3, 21, 33], with
methods like SGAligner [34] and SG-PGM [41] facilitating
scene alignment through 3D scene graph matching. For dy-
namic instance matching across long-term sparse environ-
ments, LivingScenes [47] parses an evolving 3D environ-
ment with an object-centric formulation. For cross-modal
retrieval, approaches like ScanRefer [7] and ReferIt3D [1]
localize objects in 3D scenes via natural language but rely
on detailed annotations and fixed modality pairs. Meth-
ods like 3DSSG [39] and “Where Am I” [8] extend scene
retrieval across images and natural language using 3D
scene graphs, yet they depend heavily on semantic annota-
tions. SceneGraphLoc [29] performs image-to-scene-graph
matching, using semantic information. Our approach di-
verges from these by removing the need for semantics or
explicit scene graphs, instead leveraging dimensionality-
specific encoders and modality-agnostic embeddings for
scene understanding without prior semantic knowledge.

Handling Missing Modalities and noisy data is a key chal-
lenge in multi-modal learning [5]. Traditional approaches
often assume full data availability, limiting their real-world
applicability. Some methods address missing data through
modality imputation or robust models [37, 40]. Baltrusaitis
et al. [5] highlight that many methods lack flexibility for
incomplete or noisy data. Our framework tackles this by al-
lowing independent mapping of each modality into a shared
embedding space, enabling flexible cross-modal interac-
tions in unstructured environments with sparse or unaligned
data. Furthermore, emergent behavior in multi-modal mod-
els, such as generalizing and inferring relationships beyond
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Figure 2. Overview of CrossOver. Given a scene S and its instances O; represented across different modalities Z, P, M, R, F, the
goal is to align all modalities within a shared embedding space. The Instance-Level Multimodal Interaction module captures modality
interactions at the instance level within the context of a scene. This is further enhanced by the Scene-Level Multimodal Interaction module,
which jointly processes all instances to represent the scene with a single feature vector Fs. The Unified Dimensionality Encoders eliminate
dependency on precise semantic instance information by learning to process each scene modality independently while interacting with Fs.

training data [17, 32], are promoted by structuring training
around image embeddings as a common representation. By
mapping other modalities into this shared space, CrossOver
fosters organic cross-modal relationships, enabling unified
understanding across diverse data types.

3. Method

Given a 3D scene S represented by various modalities, de-
noted as Q@ = {Z, P, M, R, F}, our objective is to develop
a unified, modality-agnostic representation that maps inde-
pendent modalities capturing the same 3D scene to a com-
mon point in the embedding space. Here, 7 is a set of RGB
images, P is a real-world reconstruction as a point cloud,
M is a digital mesh representation from computer aided
design (CAD), R is textual data describing S within its sur-
roundings, and F is a rasterized floorplan.

Our proposed framework facilitates robust interactions
across different modalities at both the comprising instances
and scene levels, enhancing the multi-modal (e.g., point-
cloud P and floorplan F) and same modal (e.g., textual data
‘R) understanding of 3D environments. We structure the de-
velopment of the embedding space progressively, beginning
with instance-level multi-modal interactions and culminat-
ing in scene-level multi-modal interactions without requir-
ing prior knowledge, such as semantic information about
constituent instances. An overview of CrossOver is shown
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in Fig. 2. To demonstrate the capabilities of this unified,
modality-agnostic embedding space, we evaluate:

1. Cross-modal instance retrieval: Given an observed
modality Q; of a query instance O; in a scene S (e.g.,
mesh M or pointcloud P), we aim to retrieve any other
modality Qj representing O; within S.

Cross-modal scene retrieval: Given a scene S; repre-
sented by modality Q; (e.g., image Z or floorplan F),
we aim to retrieve another modality Qj, representing S,.

3.1. Instance-Level Multi-Modal Interactions

First, we describe the pipeline used for learning a multi-
modal embedding space for independent instances. This
will provide a basis for the scene-level embeddings. We
process each of the 1D (R), 2D (Z), and 3D (P and M)
instance modalities with corresponding encoders':

1D Encoder. An instance O; can be represented by its tex-
tual context in a scene S, using descriptions like “The chair
is in front of the lamp” and “The chair is left of the table”.
We term these descriptions as object referrals [20] and en-
code each referral as Zj using the pre-trained text encoder
BLIP [23], where ¢ is the instance of interest (e.g., chair)
and j represents another instance in the scene (e.g., lamp,
table, or another chair). Practically, we collect k£ object re-

'The F modality is not used when learning an instance-level embed-
ding since there is no notion of a floorplan in this scenario.



ferrals per instance, resulting in F}* = {f%,..., fF}. To
create a single feature vector f¥ representing the instance’s
context, we apply average pooling over F* .

2D Encoder. Given a collection Is of images capturing a
scene S, we integrate multi-view and per-view multi-level
visual embeddings for each O; to encode fZ. Inspired
by [29], for each O;, we select the top K ;e defined by
largest visibility of O; among Is and calculate multi-level
bounding boxes around O; {b,; | | € [0, L)} within each
view v. A pre-trained DinoV2 [12, 31] encoder processes
the image crops defined by b, ; to give us the [CLS] to-
kens per crop [44]. Subsequent average pooling operations
aggregate these tokens into a singular feature vector fZ. In
contrast to [29], we do not assume available camera poses.

3D Encoder. Given instance O; and its corresponding real-
world point cloud 'P; and shape mesh M;, we extract in-
stance features f7 and f{*! using a pretrained 2PMAE [46]
point cloud encoder. Importantly, we do not utilize the se-
mantic class [20, 48] of O; in these operations. We con-
catenate the 3D location of P; and M; to fF and fM,

respectively, to form the instance tokens f7 and fiM. To
introduce partial scene-level reasoning, we incorporate in-
teractions between instances by integrating the instance to-
kens and encoding the pairwise spatial relationships of an
instance with all others in S within a transformer network.
Similar to [20], we employ spatial-attention-based trans-
formers, following [9, 48], to generate fip and fiM. De-
tails about the 3D location and spatial relationships are in
Supp. For the mesh modality M, we sample points on the
mesh surface to enable input to a point cloud encoder. We
encode neither the 3D location nor the spatial pairwise rela-
tion among instances, as we do not assume that the meshes
are aligned with the scene geometry.

All pre-trained encoders, which are frozen during train-
ing, are followed by trainable projection layers. Dur-
ing training, after encoding each modality, we apply a
contrastive loss to enforce alignment of modality features
within a joint embedding space. Unlike prior work that
requires full data modality alignment [18, 43] or semantic
scene graph [29, 34], CrossOver accommodates the practi-
cal challenge that not all modalities may always be available
by not requiring the presence of all modalities simultane-
ously. Instead, it aligns all other modality embeddings with
image space Z. The loss function can be defined as:

(D

During training, CrossOver requires a base modality for
every instance, to align other modalities with its feature
space. We choose images Z as the base modality due to
their availability and strong encoder priors, though any sup-
ported modality can serve this role. Crucially, no modality
availability assumptions are made during inference, allow-
ing any query-target modality pair. Our experiments (see

Lo, = L1 yp+ Lt pra+ Lyt y=.
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Supp.) show that aligning to a single reference modality,
rather than using all pairwise combinations as in prior work,
improves performance.

3.2. Scene-Level Multi-Modal Interactions

We distill knowledge from instance-level modality encoders
to scene-level encoders, allowing us to leverage instance-
based insights during training and enabling scene-level re-
trieval at inference without relying on 3D scene graphs or
semantic instance information across modalities.
Multi-modal Scene Fusion. Given the instance features
iR, ZI ZP , and sz for each instance O; in scene S, we
compute each of the scene level features f7, fZ, f7, and
M by first applying average pooling per modality to the
features of all instances in S. We then perform a weighted
fusion of these pooled features to learn a fixed-size multi-

modal embedding Fs:

Fs 2

exp(wg) g

9
qeQ ZJ'EQ\q exp(w;)
where j,q € Q, wy and w; are modality-wise trainable at-
tention weights. We use an MLP head to project the di-
mensionality to our final representation space, resulting in
an embedding that serves as a unified scene representation,
capturing interactions across all modalities. In practice, this
representation is flexible, adapting to data availability and
specifically to any missing modalities.

3.3. Unified Dimensionality Encoders

The above scene-level encoder provides a unified, modality-
agnostic embedding space; however, it requires semantic
instance information consistent across modalities during in-
ference, which is challenging to obtain in practice. To elim-
inate this need, we design a single encoder per modality
dimensionality (i.e. 1D, 2D, and 3D) that directly processes
raw data without needing additional information. Moreover,
our experiments (Supp.) show that the scene-level encoder
needs all modalities at inference to perform reasonably.

1D Encoder. Similar to Sec. 3.1, we use object referrals to
describe scene context [48]. We randomly sample ¢t = 10
referrals per scene and use a text encoder to form F p.

2D Encoder. Here, we consider both RGB and floorplan
images. The floorplan F is represented as a top-view ortho-
graphic projection image of the 3D layout with geometri-
cally aligned shape meshes for furniture instances. Since
a scene can be captured with multiple RGB images Zg,
we employ a naive key-frame selection strategy to sample
N = 10 multi-view images (see Supp.). We process the
images using a DinoV2 [31] encoder and concatenate the
output [CLS] token and aggregated patch embeddings to
form F%,,,i € N. We pass each F}, via an MLP projec-
tion head and apply average pooling to generate Frp. In
practice, we use the same encoder with shared weights for



both RGB images Zs and floorplan F; i.e., inputs are not
distinguished between RGB and floorplan during training.
This is the first use of the floorplan modality in CrossOver
and there is no pairwise modality interaction during training
between it and the image modality, unlike other modalities.

3D Encoder. We utilize a sparse convolutional architec-
ture with a residual network as the encoder, built with
the Minkowski Engine [10]. Given an input point cloud
P € RV>3 containing N points, it is first quantized into M
voxels represented as V' € RMo*3_ The model then pro-
duces a full-resolution output feature map F3p € RMox D,

The goal is to align each of the unified dimensionality en-
coders with the scene-level multi-modal encoder. The loss
function for unified training becomes:

Ls=alrsF,, + BLFs Fop +VLFs Fsps  (3)
where, «, 3, and -y are learnable hyper-parameters.
Thus, our combined loss is as follows:
L=L+ Y Lo, @)

0;eS

3.4. Loss Definition

Given ¢ = G(Q™;) and k = H(Q™;), i € B, two different
encoder outputs for modalities Q™ and Q" in minibatch 5,
we use a contrastive loss similar to [17]:

cap(a! k:/7) )
exp(q] ki/T) + 3 exp(a] ki /T)
Here, 7 is a learnable temperature parameter, to modulate
similarity between positive pairs. We consider every ex-
ample j # ¢ in a minibatch B as a negative example. In
practice, we use a symmetric loss for better convergence:
Ly 1+ Ly 4. Although we pair each modality with the most
prevalent one (i.e., Z) to avoid the need for fully aligned
modalities per data point during training, there are cases
where not all modality pairs are available for a given data
point. To enhance CrossOver’s flexibility, we account for
these scenarios by masking the corresponding loss term for
any unavailable modality pairs.

ﬁq,k = — log

3.5. Inference

After training CrossOver with the loss objective defined in
Eq. 4, we use the embedding feature vectors for retrieval
tasks. Given a scene S containing O = {O;} instances
each represented by one or more modalities from Q, we use
our instance-level multi-modal encoders to perform cross-
modal retrieval. Given O; in query modality Q; and all
other instances in target modality Qp, the goal is to re-
trieve the O; in Qy. For scene retrieval, we apply a simi-
lar approach using our unified dimensionality encoders, ex-
cept that instead of instances, we retrieve entire scenes. A
schematic diagram for one modality pair is shown in Fig. 3.
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Figure 3. Cross-modal Scene Retrieval Inference Pipeline.

Given a query modality (P) that represents a scene, we obtain with
the corresponding dimensionality encoder its feature vector (F3p)
in the shared cross-modal embedding space. We identify the clos-
est feature vector (F2p) in the target modality (F) and retrieve the
corresponding scene from a database of scenes in F.

4. Experiments

Datasets. We train and evaluate CrossOver on ScanNet
[11] and 3RScan [38]. We choose ScanNet for provid-
ing comprehensive coverage of all modalities, and 3RScan
for including more data on temporal scenes. For both,
we use the object referrals from SceneVerse [20], which
is a million-scale 3D vision-language dataset with 68K
3D indoor scenes comprising indoor scene understanding
datasets and 2.5M vision-language pairs. In all evaluations,
we use a model trained across all datasets (details in Supp.).

ScanNet [11] is an RGB-D video dataset containing 2.5
million views in more than 1500 scenes, annotated with
3D camera poses, surface reconstructions, and instance-
level semantic segmentation; we obtain images and 3D
point clouds. For mesh M and floorplan F, we use the
Scan2CAD [4] dataset, which provides annotated keypoint
pairs between CAD models from ShapeNet [6] and their
counterpart objects in the scans. 3RScan [38] benchmarks
instance relocalization, featuring 1428 RGB-D sequences
across 478 indoor scenes, including rescans of the latter af-
ter object relocation. It provides annotated 2D and 3D in-
stance segmentation, camera trajectories, and reconstructed
scan meshes. We obtain images and point clouds.
Evaluation Metrics. We assess the quality of our represen-
tation by quantifying its ability to identify the same instance
O; or scene S; across modalities, Q; and Q. Extending
image feature matching evaluation [25, 35], we compute the
instance matching recall as the ratio of correctly identified
O; matches, given a database of instances. Additionally, we
evaluate scene-level (instance) matching recall at thresholds
of 25%, 50%, and 75%, indicating how many objects from
a scene in modality Q; out of the total objects in the same
scene we can match in modality Q. This combined mea-
sure shows instance matching failure within a scene.

We further evaluate the challenging task of cross-modal
scene retrieval within a database. For example, given a
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| Scannet [11] 3RScan [38]
Scene-level Recall 1 | R@25% R@50% R@75% | R@25% R@50% R@75%

I—P
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 2293

619 I — P A
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
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ULIP-2 [43] 37.24 16.90 8.62 16.78 6.04 1.34
o PointBind [18] 54.83 27.93 11.72 21.48 6.04 2.01
825 Inst. Baseline (Ours) 98.63 83.85 46.74 92.62 60.40 20.81
N Ours 99.31 96.56 70.10 100 89.26 50.34
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Figure 4. Cross-Modal Instance Retrieval on ScanNet and 3RScan. (a) Even though CrossOver does not explicitly train all modality
combinations, it achieves emergent behavior within the embedding space. The same applies to our Instance Baseline (Ours). CrossOver
performs better than our self-baseline since it incorporates more scene context in the fusion of modalities. (b) Our method outperforms all
baselines in all datasets, showcasing the robustness of learned cross-modal interactions.
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Figure 5. Cross-Modal Scene Retrieval Qualitative Results on ScanNet. Given a scene in query modality F, we aim to retrieve the
same scene in target modality P. While PointBind and the Instance Baseline do not retrieve the correct scene within the top-4 matches,
CrossOver identifies it as the top-1 match. Notably, temporal scenes appear close together in CrossOver’s embedding space (e.g., k = 2,
k = 3), with retrieved scenes featuring similar object layouts to the query scene, such as the red couch in k = 4.
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Scene-level Recall 1

Method ‘ R@25% R@50% R@75%
same-modal (P — P)

MendNet [15] 80.68 64.77 37.50
VN-DGCNN [13] 72.32 53.41 29.55
VN-ONet,econ [13] 86.36 71.59 44.32
LivingScenes [47] 87.50 78.41 50.00
Ours 92.31 84.62 57.69
cross-modal (ours)

Z—7P 89.74 73.08 42.31
IT—-R 62.33 38.96 18.18
P—-R 68.83 40.26 22.08

Table 1. Temporal Instance Matching on 3RScan [38]. Our
method exhibits better performance in the same-modal task com-
pared to baselines, despite not being specifically trained on this.
It also performs well on cross-modal tasks. Lower performance
when R is involved is expected, as descriptions are contextualized
within the scene’s layout and may lose validity if objects rearrange.

query point cloud of a scene, we aim to retrieve its cor-
responding 2D floorplan. This analysis includes multiple
levels: (i) scene matching recall, or the model’s ability to
retrieve the exact scene S;; (ii) scene category recall to
test retrieval of a scene from the same category (e.g., re-
trieving any kitchen when given a kitchen query in a multi-
category database); (iii) femporal recall to evaluate whether
the model can recover the same scene captured at a different
time, accounting for potential object movement or removal;
and (iv) intra-category recall, which assesses retrieval of
a specific scene within a single-category database (e.g., re-
trieving a particular kitchen from only kitchen scenes). This
last metric uniquely requires a different database.

4.1. Instance Retrieval

Cross-Modal Instance Matching. Our goal is instance
matching within the same scene where multiple instances of
the same furniture (e.g., two identical chairs) are commonly
present. We showcase our results on ScanNet and 3RScan
datasets in Fig. 4. We compare CrossOver with pretrained
multi-modal methods ULIP-2 [43] and PointBind [18] and
our instance-level multi-modal encoder to highlight the im-
portance of scene-level understanding in a cross-modal em-
bedding space. As shown in Fig. 4a, our performance on
ScanNet is robust across modalities, while baselines exhibit
varying results. Current multi-modal methods are large pre-
trained models with strong text encoders that boost perfor-
mance for referral-based retrieval. While prior work trains
on all pairwise modalities, we selectively train only in refer-
ence to the image modality (Z). Yet, we still achieve robust
performance across all modalities, even without direct inter-
actions during training. Emergent interactions are in green.
Similar trends appear in Fig. 4b for scene-level matching.

Temporal Instance Matching. Although not part of the
learning objective, we evaluate CrossOver’s effectiveness
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Method ‘ Scene Category Recall 1 Temporal Recall Intra-Category Recall
| top-1 top-5 top-10 | top-1 top-5 top-10 || top-1 top-3  top-5
I-P
ULIP-2 [43] 737 2596 43.27 0.04 1.00 3.00 16.77 41.53 55.54
PointBind [18] 13.78 2436 42.95 2.00 5.00 7.00 ‘ 20.03  40.68 57.01
Inst. Baseline (Ours) | 4295 70.19  81.09 | 13.00 3500 60.00 | 4637 79.68 88.43
Ours 64.74 8942 9423 | 13.00 41.00 84.00 | 3898 7328  85.00
I—-R
ULIP-2 [43] 4192 57.73 61.86 .00 2.00 8.00 19.48 42.18 56.69
PointBind [18] 4948 7045 80.07 2.00  6.00 12.00 ‘ 19.19 4154 5585
Inst. Baseline (Ours) | 49.14  71.48 80.07 8.00 28.00 46.00 28.00 6233 72.62
Ours 57.39 82.82 87.63 300 2500 51.00 | 29.04 57.85 70.75
PR
ULIP-2 [43] 11.34  15.12 23.27 1.00  2.00 4.00 18.12  41.15 54.93
PointBind [18] 18.21 26.46 31.96 1.00  2.00 6.00 ‘ 18.25  40.05 54.84
Inst. Baseline (Ours) | 28.87 50.86 66.67 5.00 13.00 23.00 | 29.41 50.84 65.65
Ours 57.73 79.04 8557 5.00 20.00 46.00 | 2679 56.67 68.63
I-F
ULIP-2 [43] 3846 55.77 64.42 1.00  2.00 10.00 ‘ 18.48 39.09  55.96
PointBind [18] 35.58 62.82 72.76 1.00 11.00 21.00 20.03 43.08 58.62
Ours 58.01 81.09 89.10 8.00 3200 61.00 | 28.57 55.67 71.77
P—=F
ULIP-2 [43] 13.14 2628  33.65 100 1.00  6.00 | 1746 3874 53.99
PointBind [18] 1410 4872 59.62 0.50 500  7.00 23.17 3923  57.08
Ours 5577 78.53  86.54 | 10.00 30.00 57.00 | 31.34 6342 7415
R—F
ULIP-2 [43] 825 2921 40.21 1.00  2.00 5.00 1824 4180 5535
PointBind [18] 1443 27.15 48.45 1.00  5.00 8.00 ‘ 13.64 3832 5420
Ours 54.64 7491  80.41 6.00 17.00 35.00 | 23.00 51.37 66.84

Table 2. Cross-Modal Scene Retrieval on ScanNet. We consis-
tently outperform state-of-the-art methods and our self-baseline in
most cases. The latter performs better in certain modality pairs on
intra-category, with the biggest gap observed in Z — R; this can
be attributed to our less powerful text encoder.

Method ‘ Scene Matching Recall T Temporal Recall

‘ top-1 top-5 top-10 top-20 ‘ top-1 top-5 top-10
I->P
ULIP-2 [43] 1.27 5.10 7.01 12.74 0.04 4.26 12.77
PointBind [18] 1.27 446 9.55 1720 | 213  4.26 8.51
Inst. Baseline (Ours) | 8.92  30.57 4331 6433 | 0.04 19.15 4255
Ours 14.01 49.04 66.88 8344 | 12.77 36.17 70.21
I—+R
ULIP-2 [43] 2.01 4.70 7.38 14.77 2.13 6.38 12.77
PointBind [18] 1.34 477 6.71 1342 | 2,13 638 14.89
Inst. Baseline (Ours) | 8.72 40.94 57.05 69.80 | 6.38 3830 63.83
Ours 6.04 26.85 4228 6242 | 213 34.04 63.83
P—-R
ULIP-2 [43] 0.67 336 6.71 1275 | 213 6.38 6.38
PointBind [18] 0.67  3.36 6.71 1342 | 213 6.38 6.38
Inst. Baseline (Ours) | 0.76  14.09 24.83  36.24 | 0.04 14.89 27.66
Ours 671 1946 3231 51.01 | 851 27.66 51.06

Table 3. Cross-Modal Scene Retrieval on 3RScan. Similar per-
formance to the ScanNet results in Fig. 6 is observed.

on temporal point cloud-based instance retrieval (same-
modal) using scans acquired at different time intervals,
with scene changes like object displacement and rearrange-
ment. Tab. 1 shows a comparison on the 3RScan dataset,
highlighting our method’s superior performance. This is a
large gain, lying in the strong representational power of our
multi-modal embedding space, which allows the encoder
to efficiently extract each instance’s spatial and geometric
features in dynamic scenes. Moreover, our method, while
primarily evaluated in the same-modal setting, also demon-
strates superior performance in the cross-modal scenario,
shown in the second half of Tab. 1, further underlining the
importance of scene-level multi-modal alignment to handle
temporal variations in indoor scene understanding.
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Figure 6. Cross-Modal Scene Retrieval on ScanNet (Scene Matching Recall). Plots show the top 1, 5, 10, 20 scene matching recall of
different methods on three modality pairs: Z — P, Z — R, P — R. Ours and Instance Baseline have not been explicitly trained on
P — R. Results are computed on 306 scenes and showcase the superior performance of our approach. Once again, the difference between
Ours and our self-baseline is attributed to the enhanced cross-modal scene-level interactions achieved with the unified encoders.

4.2. Cross-Modal Scene Retrieval

We compare our cross-modal scene retrieval results with
[18, 43] and our instance-level baseline. Since prior
work does not address this task, we adapt their methods
by averaging object embeddings per modality to create
scene representations, treating our baseline similarly. Un-
like CrossOver, these methods rely on semantic instance
segmentation. Scene matching recall results on ScanNet
(Fig. 6) show that our unified encoders, not relying on se-
mantics, consistently outperform prior methods in all pair-
wise modalities and surpass our baseline. Detailed results
on ScanNet and 3RScan are in Tabs. 2 and 3. Our method
achieves overall scene understanding, even with small-scale
object reconfigurations, as shown by its high temporal re-
call. The lower performance of pretrained methods may
stem from training biases that limit their robustness with
real-world data, such as incomplete point clouds and blurry
images. Qualitative results are in Fig. 5.

4.3. Missing Modalities

To demonstrate CrossOver’s ability to capture emergent
modality behavior with non-overlapping training data
points, we train CrossOver using different data repositories
for each modality pair. Specifically, we use the ScanNet
dataset and split the image repository into two chunks of
varying sizes. Training on image-point cloud (Z — P) and
image-mesh (Z — M) using each chunk respectively, we
expect to see an emergent behavior between point cloud and
mesh (P — M). The results (Tab. 4) include top-1 and top-
3 instance matching recall, as well as same and diff recall
for evaluating intra- (e.g., identical chairs) and inter- (e.g.,
a chair and a table) object category performance within a
scene. Although partial data availability decreases recall,
our P — M matching only decreases by 3% even when
using 25% Z — P. This scenario is common in real-world
applications, where certain modalities might be scarce.
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Available Data Instance Matching Recall 1
I—P (%) I-—+M(%) |same diff | top-1 top-3
25 75 86.32 73.38 | 55.46 79.73
50 50 8746 70.02 | 57.49 79.94
75 25 87.35 67.65 | 5499 79.45
100 100 87.44 7246 | 59.88 80.81

Table 4. Ablation on P — M instance matching on ScanNet
with non-overlapping data per modality pair. Despite modality
pairs not sharing the same image repository, our method retains
high performance even when a pair is underrepresented in the data.

5. Conclusion

In summary, this work introduces CrossOver, a frame-
work for flexible, scene-level cross-modal alignment with-
out the need for semantic annotations or perfectly aligned
data. CrossOver leverages a unified embedding space cen-
tered on image features, allowing it to generalize across un-
paired modalities and outperform existing methods in cross-
modal scene retrieval and instance matching on real-world
datasets. This approach addresses the limitations of tra-
ditional multi-modal models and holds promise for prac-
tical applications in areas like robotics, AR/VR, and con-
struction monitoring. Although CrossOver excels in cross-
modal instance matching, its scene retrieval generalizability
could benefit from training on diverse indoor and outdoor
datasets. CrossOver assumes a base modality per dataset,
advancing prior work requiring perfect modality alignment.
Further relaxation is a promising direction. Finally, explor-
ing its embedding space for downstream scene understand-
ing remains a key area. Future research can explore how
our approach can be applied to dynamic scene reconstruc-
tion and real-time navigation, thus leading to interactive and
immersive mixed-reality experiences.
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