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Fig. 1: SceneGraphLoc addresses the novel problem of localizing a query image in
a database of 3D scenes represented as compact multi-modal 3D scene graphs.

Abstract. We introduce the task of localizing an input image within

a multi-modal reference map represented by a collection of 3D scene

graphs. These scene graphs comprise multiple modalities, including object-
level point clouds, images, attributes, and relationships between objects,

offering a lightweight and efficient alternative to conventional methods

that rely on extensive image databases. Given these modalities, the pro-

posed method SceneGraphLoc learns a fixed-sized embedding for each

node (i.e., representing object instances) in the scene graph, enabling

effective matching with the objects visible in the input query image.

This strategy significantly outperforms other cross-modal methods, even

without incorporating images into the map representation. With images,

SceneGraphLoc achieves performance close to that of state-of-the-art

techniques depending on large image databases, while requiring three

orders-of-magnitude less storage and operating orders-of-magnitude faster.
Code and models are available at https://scenegraphloc.github.io.
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1 Introduction

Coarse visual localization, or place recognition, is a fundamental component in
computer vision and robotics applications, defined as the task of identifying the
approximate location where a query image was taken, given a certain tolerance
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Fig. 2: Overview. The training phase is represented by orange arrows, while blue
arrows denote the inference phase. During training, a query image and its associated
3D scene graph form a positive sample within a contrastive learning framework, where
negative samples are generated by associating scene graphs of different scenes with the
same query image. The objective is to learn the embeddings of both the graph and
the image so that embeddings of the positive pair are drawn closer, whereas those of
the negative pair are pushed apart. In the inference phase, the task involves assigning
the correct scene graph to a given query image from a selection of multiple graphs,
achieved by optimizing the cosine similarity between their embeddings.

level [2,9,22,28,39,40,50,58,69,116,117,127,132,143]. This capability is crucial for
estimating the state of robots and is widely utilized in autonomous, unmanned
aerial, terrestrial, and underwater vehicles, as well as AR/VR devices. The task
is typically approached as an image retrieval problem, where the image to be
localized is compared against a large database of posed images and, optionally,
a 3D reconstruction of the scene. The most similar images retrieved from the
database are used to estimate the precise location of the query image.

The challenge with current state-of-the-art image-based coarse localization
methods, such as AnyLoc [55], is their dependency on extensive image databases,
which are not only storage-heavy but also slow to query, despite optimizations
through hashing and other tricks. Moreover, these methods typically necessitate
that the query and database share the same modality, limiting the scope of their
application. Cross-modal approaches, such as [100,142], which attempt to bridge
different types of data, often restrict their scope to connecting two modalities at
a time (e.g., image-to-point cloud or image-to-bird’s eye view map), one for the
query and one for the database, thus narrowing their potential applications.

This paper addresses the novel challenge of localizing a query image within
a database that is represented not by conventional images but by the 3D scene
graph [3,124] that integrates a diverse set of modalities, including point clouds,
images, semantics, object attributes, and relationships. We tackle this problem
by learning to map these modalities into a unified embedding space, thus allow-
ing us to represent indoor scenes compactly through their objects (e.g., table
and wall). This method enables the creation of small, efficient databases and
significantly accelerates the coarse localization process.
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Contributions. The primary contributions of this paper are as follows:

1. Introducing a novel problem: cross-modal localization of a query image within
3D scene graphs incorporating a mixture of modalities.

2. SceneGraphLoc, a new method for the coarse localization of an input image
given a reference map represented by a database of 3D scene graphs.

Even without incorporating images into the map, SceneGraphLoc largely outper-
forms other cross-modal methods on two large-scale, real-world indoor datasets.
With images, SceneGraphLoc achieves performance close to that of state-of-the-
art image-based methods while requiring three orders-of-magnitude less storage
and operating orders-of-magnitude faster. The method is visualized in Fig. 1.

2 Related Work

Localization, the process of determining the position and orientation of an
agent within a pre-built map, is pivotal across various domains such as mobile
robots [42, 65, 139, 140], and augmented reality [16, 71]. The differentiation in
localization techniques arises from their scene representation methods — be it
through explicit 3D models [31,32, 51,64, 68, 72, 98, 99, 101, 102, 105, 112, 133,
135], sets of posed images [10, 88, 137, 141], or implicitly via neural network
weights [6, 1113, 17,56, 57, 78,118,122| — and their approach to camera pose
estimation, whether by 2D-3D [31,32,98,99,102,112,120,126,133] or 2D-2D [10,
141] matches, or through a composite of base poses [56,57,78,88,103,122]. In
practice, localization comprises two main steps: a coarse and precise stage. Here,
we focus on the coarse step, finding potential locations of a query image.
Coarse Localization (or place recognition) is often cast as an image retrieval
problem [2,8,9,27,40,50,55,59,84,85,127] that consists of two phases. In the of-
fline indexing phase, a reference map (image or point cloud database) is gathered.
In the online retrieval phase, a query image — captured during a future traverse
of the environment — is localized coarsely by retrieving the closest match to this
image in the reference map. Recent methods perform the retrieval using learned
embeddings that are produced by a feature extraction backbone equipped with
a head that implements some form of aggregation or pooling, the most notable
being NetVLAD [2]. While these methods achieve impressive results, they are
limited to a single modality (e.g., images) and require large databases.
Localization using multi-modal data. While dense mesh models are not
as widely adopted as sparse Structure-from-Motion-based approaches, they have
nonetheless been the focus of considerable research efforts [4,5,14,15,35,82,89,93,
107,109,110,115,138,142]. The body of prior work can be broadly segmented into
two main strategies: The first entails the precise alignment of actual images with
three-dimensional models (which may be coarse) through applying specialized
techniques such as ones using contours [89] or skylines [93]. The second strategy
emphasizes the identification and matching of local image features [4, 5, 14, 35,
107,109,110,115,126,138,142], a method that has gained traction for its ability to
match real-world images with non-photorealistic renderings of colored meshes, or
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even meshes without color [14,82,115]. CAD and other models are also commonly
used by object pose estimation [4, 30, 34, 36, 44-46, 62, 90]. Image to LiDAR
localization [7,26,43,108] is also relevant, especially in robotics applications.

Another variant of multi-modal data localization involves cross-view match-
ing. This technique determines the camera position by finding correspondences
between a ground-level query image and a two-dimensional bird’s eye view map,
such as a satellite image or a semantic landscape map [47,48,66,100,107,121,129].
Other cross-modal techniques were also proposed to involve semantics [28, 29]
and event cameras [53] in image-based localization.

These approaches, while demonstrating promising localization results, are
limited to interactions between two modalities — one for the query and one for
the reference database. Our approach, in contrast, seeks the cross-modal coarse
localization of a query image in a database composed of multiple modalities,
e.g., 3D point clouds, images, semantics, object attributes, and relationships.

Scene Representation, encapsulating various scene attributes has evolved sig-
nificantly, yielding diverse surface representations from explicit forms (3D point
clouds [75,91], meshes [37], surfels [111]) to implicit ones (occupancy [61], signed
distance functions [20,52]). The advent of neural representations has introduced
novel means of encoding geometry [73,83,87,128|, appearance [76,80], and se-
mantics [74,79]. A comprehensive review is provided by Tewari et al. [114]. The
integration of directions/rays [77] and visibility encoding in surface reconstruc-
tion [104] has further enriched this domain. Armeni et al. [3] introduced the 3D
scene graph structure as a multi-layer representation of a scene that captures
geometry, semantics, objects, and camera poses in a unified manner. Subsequent
efforts [96, 124] have further advanced 3D scene graph learning and structure.

The increasing interest in 3D scene graphs [3, 54, 60, 96, 124] underscores
their potential as structured, rich descriptors for real-world scenes. Methods
range from online incremental construction [49,130] to offline generation from
RGB-D imagery [3, 95, 124], and approaches for scene graph prediction [134,
136]. Their application spans embodied AI [94,95, 106], task completion [1,25],
variability estimation [70], and SLAM [49,95]. Recent studies like [131] introduce
frameworks for localizing unseen objects by utilizing 3D scene graphs and graph
neural networks for relation prediction, showcasing the utility of scene graphs in
enhancing spatial understanding. Similarly, [97] offers new perspectives on 3D
scene alignment, employing node matching within overlapping scene graphs to
facilitate precise 3D map alignment. Kabalar et al. [54] assume that the query
image has been coarsely localized and leverages a scene graph to identify dynamic
objects and for precise localization with image features. Despite these significant
advancements underscoring the value of scene graphs, their potential in multi-
modal localization remains largely untapped. In this paper, we use a scene graph
representation of the map in which we aim to localize a query image.
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3 Visual Localization with 3D Scene Graph

Problem Statement. Let us assume that we are provided with a pre-constructed
map of the environment, denoted as G, which is represented as a set of N € N*
3D scene graphs G; = (V;, &;), such that G = {gi}z‘e[o,N). Having separate graphs
G; is analogous to the hierarchy levels presented in [49, 95], each represent-
ing a group of object instances constituting a place like a room or building.
Moreover, this task can also be straightforwardly redefined as subgraph selec-
tion. Vertices v € V; symbolize instances of objects (e.g., chairs, tables) and
large instances of semantic categories (e.g., walls, ground) within the scene,
i € [0,N). Let V = Uie[O,N) V; aggregate all objects across the scenes. Edges
& = {(v},v})|v}, v}, € Vi} delineate the relationships between objects, such as
“nearby”; “standing on”, and “attached to”.

For each vertex v, we introduce M € N map modalities f; : V — M, for
j € [0, M), where f; maps vertex v to the j'" modality M; that may be M, €
{position, orientation, pointcloud, semantic category, image,attribute}.
While this paper focuses on these modalities, the set is easily extendable by in-
corporating additional ones, such as textual description or floor plan.

Given G and an input query image I, the objective is to identify the scene
graph G; corresponding to the space depicted in image I. Note that while we
focus on having an input image in this paper, the method can be modified to
other modalities as well, e.g., depth image. Formally, we aim to resolve problem:

G;» = arg max [contains(G;, pr)], (1)
i€[0,N)
where p; € R? is the unknown 3D position of the image, and [.] is the Iverson
bracket which equals to 1 if the condition inside holds and 0 otherwise. It is im-
portant to note that our objective is coarse localization, opting for the selection
of G; without needing precise estimation of pj.

To this end, the optimization problem can be reformulated to incorporate
the chirality constraint, asserting that if an object is visible in image I, it must
be positioned in front of the camera in 3D space, unobstructed by any entities
(e.g., walls). Consequently, the problem becomes:

G;» = arg max Z [visible(G;, or)] &~ arg max Z log P(or | G:), (2)
iE[O,N) or€0g iE[O’N) 0r€0g

where O is the object set visible in image I, object or C {(x,y) € I} is a set of
pixels in the image (o; € Oy), visible : G; x Oy — {0, 1} indicates if an object
is visible in a scene graph, P(oy | G;) is the probability of oy stemming from G;.
Function visible can be approached as an indicator of whether object oy
appears in graph G;. It holds if and only if there exists a v € V; such that v
represents the same object as oy. Therefore, this problem can be approached as
matching a set of image pixels (or) to a scene graph node (v) that comprises a
set of modalities. In the next sections, we will describe a way to learn a unified
embedding space for both oy and v such that they become matchable.
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Proposed Pipeline is shown in Fig. 2. It consists of two concurrent stages:
the first one generates object embeddings e, € RP from patches ¢ € Q; within
the query image I, and the second derives node embeddings e, € R for nodes
v € V; in the scene graph G;. The training objective is to make d(eq,e,) = 0
if and only if the object associated with node v is directly visible (i.e., neither
occluded nor outside the camera frustum) through the image patch ¢. Here,
§ : RP x RP — R denotes inverse cosine similarity normalized to [0, 1].
After generating e, and e,, the model performs nearest neighbor matching
(NN) for each patch in each scene graph G;, assigning node v to ¢ such that
NN(gq, V;) = argmin d(eq, €,). (3)
vEV;
Through matching, we establish patch-to-node correspondences C; = {(¢,v) | v =
NN(q,V;) € Vi,q € Q;}. Based on C;, we devise an image-to-graph similarity
score enabling us to deduce whether image I corresponds to the space repre-
sented by G;. Finally, potential coarse locations of I are selected by maximizing
the similarity score across the stored scene graphs as depicted in Eq 2.

3.1 Object Embeddings in the Scene Graph

This section aims to obtain an embedding for each
node within graph G;, encapsulating information ’”‘i"_' T
from all available modalities. Our method builds =" '_‘ — omw

upon the method of Sarkar et al. [97], with en- ~& B w}mk
hancements to include the image modality and == ~ > "¢

to distill a unified embedding from all modalities et W
rather than merely concatenating separate embed-

dings as in [97]. . . agemodality 7 for each object.

Scene graphs are conceptualized as multi- 1y, image crops of a pillow are
modal knowledge graphs, similar to those used in = ghown as an example.
entity alignment, treating semantic and geometric
information as distinct modalities. The objective is to learn a joint multi-modal
embedding from the individual modal encodings (uni-modal), ensuring nodes
corresponding to the same object instance across different graphs are closely po-
sitioned. This involves the creation of uni-modal embeddings for the three pri-
mary types of 3D scene graph information: object embeddings encoding nodes
in V, structure embeddings S representing edges in £ as a structured graph,
and two meta modalities encoding attributes (A) and relationships (R) between
objects as one-hot vectors. These uni-modal embeddings are then combined in
a weighted manner and optimized jointly through knowledge distillation.

Each of these modalities is processed separately to generate uni-modal em-
beddings, which are subsequently integrated to model complex inter-modal in-
teractions within the joint embedding space.

Object Embedding. Node v € V may contain multiple modalities, such as
point cloud (P) and image (Z). Point clouds contain rich geometric infor-
mation about objects. The point cloud corresponding to each v € V is in-
putted to the object encoder. We employ the PointNet architecture [91] as the

--»  Transformer Encoder
¥ K tokens

Fig. 3: The embedding of im-
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object encoder to extract the geometric feature e? for every node. Further-
more, we integrate multi-level and multi-view visual embeddings to enrich the
graph encoder with a more nuanced understanding of image information. The
visual embedding pipeline is visualized in Fig. 3. For each node v denoting a
3D object, the top Kyjew € NT images with largest visibility of v is selected:
{I} | E=10,K)} C Zyp from the database Zg,. We can define an ordering over
these images such that ¢(I§, ,v) > ¢(I,1,v) > .. > ¢4y k... —1,0), With
the visibility function ¢ quantifying the extent of node v observed in each image
through pixel count. Visibility check is implemented by projecting the 3D model
of v to each posed image in Zgp,, which are usually available when constructing
the scene graph [49, 130]. Parameter K;e,, = 10 in all our experiments.

Drawing inspiration from OpenMask3D [113], for any given view I}, of ob-
ject v, initial steps include calculating the bounding box b, of v within the
image, followed by the generation of multi-level bounding boxes {b,; | I € [0, L)}
through iterative enlargement of b, ¢. This enlargement strategy aims to capture
contextual information around object v. Subsequently, Dino V2 [81] processes
the image crops defined by b, , extracting multi-level features {f; | { € [0,L)}.
For each image I, ,, an average pooling operation aggregates these multi-level
crop features into a singular feature vector f = avg pool{f; | I € [0, L)}. The fi-
nal step of this process involves the application of a Transformer encoder, which
incorporates image poses as positional encodings. This step synthesizes multi-
view object tokens into a cohesive visual embedding eZ, effectively integrating
the diverse perspectives and levels of contextual information pertaining to each
object within the database. Please note that the image database does not nec-
essarily have to be stored after distilling the object embeddings.

Structure Embedding. 3D Scene Graphs encapsulate the object relationships,
which we exploit to encode their spatial configuration. This relational data is
represented through a structure graph, where node features embody the relative
translations between object instances, and edges denote these relationships. The
relative translation is determined by calculating the distance from the object
instance to any other object in the scene. To encapsulate this structural infor-
mation within G;, a Graph Attention Network (GAT) [119] is utilized, with the
weight matrix constrained to a diagonal form to reduce computational demands
and enhance model scalability. Following the method in [97], the structural em-
bedding eS is derived from the final layer of a two-layer GAT model.

Meta Embeddings. In addition to geometry and structure, the object at-
tributes and the inter-object relationships are captured in two distinct embed-
dings, e* and e;!. The relationships an object maintains with others are concep-
tualized as a bag-of-words [19] feature vector, which is input to a feed-forward
neural network, distilled in relational embedding €¥. A similar approach is em-
ployed for the attributes associated with the objects, producing embedding e:*.

Joint Embedding. Similar to [97], we concatenate uni-modal features to a
compact representation for each object v. Contrary to [97], we encapsulate it in
a multi-layer perceptron (MLP) to learn an embedding with size independent of
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the available modalities, fusing information from all. Embedding e, is as:

eXp(wk) ek‘| > , (4)

e, = MLP | ®rex
< © Zjelc exp(w;)

where @ is the concatenation operator, K = {P,Z,S, R, A}, and w,, is a train-
able attention weight for each modality k£ € K. A two-layer MLP is applied to
map the dimension of the concatenated multi-modal descriptors from DX to D.
We apply Ly normalization to each uni-modal feature before concatenation.

In practice, these independent modalities are only required and used in the
mapping phase of the procedure. This stage involves the construction of an
environmental map in the form of a 3D scene graph, during which each node v is
distilled into an embedding e,. During localization, we can ignore independent
modalities and use only the fixed-sized embeddings e,.

3.2 Object Embeddings in the Query Image

To solve the optimization problem in Eq. 2, we need to find object instances
or € Oy in query image I. A straightforward approach to do so would be to
apply a 2D panoptic segmentation algorithm, e.g., Mask2Former [18]. However,
we noticed in our experiments that such an approach is susceptible to inaccura-
cies and failures (over- and under-segmentation) in the segmentation, severely
affecting the accuracy. Thus, we approach the problem by a visual Transformer
(ViT), breaking up the image into rectangular patches ¢ € Q; and distilling an
independent embedding for each patch ¢ based on the object visible in g. We use
Dino V2 [81] as a backbone to obtain patch-level features. These features are
passed through a patch encoder trained to create embeddings from the patch
features considering the objects visible from each q. For this encoder, we use a 4-
layer convolution neural network (CNN) with residual blocks introduced in [41]
on the Dino V2 features and a 3-layer MLP to further map the patch feature to
dimension D.

3.3 Contrastive Learning

We use contrastive learning to learn a joint embedding space
for the scene graph nodes and image patches. To do so, we
form query image and graph pairs (I,Gy). Real-world scenes
are rarely static, e.g., objects move or undergo non-rigid de-
formations and illumination changes [123]. To ensure that the
learned embedding is robust to such temporal changes, we use
scene graph Gy from the same temporal point when I was cap-
tured, as positive samples, as well as a scene graph G} from Fig. 4: The same
another scan. Graph G! represents the same place as Gr, but it scene at different
undergoes temporal changes. An example is shown in Fig. 4. time steps t.
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For a query image I, a set of candidate graphs {Gr, G}, Gy, ..., Gn } is provided
for training, where {Gi,...,Gn} act as N negative samples, depicting different
scenes than the target scene of the query image. We train our model by opti-
mizing both a static loss and a temporal loss as:

L=ax ‘Cstatic + (1 — Oé) * ‘Ctemp- (5)

During training, we assume that image patch to graph node pairs are available
[123] such that Pr = {(q,v) | ¢ € Qr,v € G;} and P} = {(g,v") | ¢ € Qr,v € G} }.
For each pair (¢, v) from P; and each pair from P}, we use the following notation.
Set NqI ={¢ | ¢ € Qr,vy # v} contains patches seeing objects other than v.
NY = {v, | v» € ViUV, U...UVN}\ {v} contains the 3D objects of all
candidate scene graphs other than v, where V; represents the objects nodes of
the target graph G; and V; is the nodes of other graphs G;. Nvgt = {v,|v, €
ViUV U...UV,}\ {v}, where V! represent the nodes of the target graph G}.
The static loss is defined as bi-directional N-pair loss [67] as follows:

1 1
ﬁstatic = EPIGB |:E(q,v)6P1 |: IOg <2p(qava Nan Nvg) + *p(”U,q, Nan N1;g)>:|:| )

2
(6)
where Ep,cp represent loss averaging over a batch of query images and their
corresponding candidate scene graphs; p(q, v, NI, NY) and p(v,q, NI, NY) rep-
resent the bi-directional probability distributions of the positive pair as:

f(eqaev)
fleg,en) + Zq”eNqI fleg,eq,) + Z’UnEN,Ug fleg eu,)

P(q7U7NanNg) =

)

where f(eq,e,) = exp(M), d(eq, ev) represents the inverse cosine similarity
between embeddings e, and e,, and 7 is a temperature parameter. Probability
distribution p(v, g, NqI ,N9) is written similarly. The temporal loss term is de-

fined the same as Eq.6 but with P} and NZ" as follows:

1 t 1 t
»Ctemp = EP}EB |:E(q,v)6P} |:_ IOg (2p(qvvaqzang ) + ip(v7anquNvg )>:|:| .
(7)

By minimizing Eq.5, the paired cross-modal embeddings e, and e, are pulled
together while the embeddings from different objects are pushed apart.

3.4 Scene Graph Retrieval

Given a pre-established map of an environment represented through a collection
of scene graphs G = {G; | ¢ € [0,N)}, where each node embedding has been
precomputed, the goal during inference is to identify the top-K scene graphs
G; in which image I was likely captured. The method to address this challenge
involves calculating the similarity between a graph and the image as follows:

SGnT) = = 3 [1— d(eq, NN(q))], (s)

|QI| qEQr
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GT Objects Predicted Objects  Query Image Retrieved Scene Graph (Score: 74%) (Score: 53%) (Score: 35%)

Fig.5: Qualitative Result of object-association-based scene retrieval from the
3RScan dataset [123]. The two left images show the ground truth (left) and predicted
(right) patch-to-node associations of the query image. The right part of the figure il-
lustrates the candidate scene graphs sorted by the image-graph similarity.

where Qr denotes the set of image patches in I, and for each patch ¢, NN(q, V;) €
V; represents the nearest node in terms of embedding similarity. The function s,
which is assumed to map values to interval [0, 1], facilitating the identification of
the optimal scene graph G;« that maximizes s(G;, I). Graph G;« is identified by
iterating through all scene graphs and selecting the one with the highest similar-
ity. This approach can be accelerated by using spatial partitioning techniques,
such as kd-trees, to preprocess node embeddings within the map.

4 Experiments

Baselines. No existing methods directly tackle our task, but several recent ad-
vancements provide relevant baselines. LidarCLIP [43], designed for autonomous
driving, transforms LiDAR clouds into global descriptors using the Single-stride
Sparse Transformer [24] and matches them with CLIP image encoder embed-
dings [92]. Though not a perfect fit, it can be adapted for matching point clouds
with CLIP embeddings of query images. LIP-Loc [108] employs a similar ap-
proach by converting LiDAR clouds into 2D range images for direct encoding
and matching. Both methods were fine-tuned on our dataset for accurate com-
parison. We also explored open-vocabulary [23,33,86,113] object-retrieval-based
baselines using OpenMask3D [113] and OpenSeg [33], with OpenMask3D assign-
ing CLIP descriptors to 3D object instances from multiple observing images, and
OpenSeg extracting pixel-level CLIP features from the query image. Despite their
original purposes, both can be adapted for localization by matching query image
descriptors with object instances. For comparison with state-of-the-art visual lo-
calization methods requiring large image databases, we included CVNet [63] and
AnyLoc [55]. These methods offer advanced performance but demand significant
storage for image descriptors and exhibit slower inference times.

Map Generation. The mapping stage is executed offline as a preprocessing
step for visual localization approaches, requiring specific mapping operations for
each method before proceeding to localization. For our proposed method, this
entails passing the point cloud, images, metadata, and relationships through the
3D scene graph encoder outlined in Section 3.1. For LIP-Loc, this step involves
converting point clouds into range images and computing the embeddings of the
range images and for LidarCLIP, point clouds are directly encoded into global
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Table 1: Retrieval recall on the test set of 3RScan dataset [123] (%; target scene ranked
within the top 1, 3, and 5 of the retrieved list) and storage requirements (MB) for meth-
ods utilizing point clouds (P), images (Z), and other modalities (O = {A,S,R}) for
map representation. R and R’ represent the recall in the static and temporal scenarios
respectively. Additionally, metrics for single-modal methods (CVNet and AnyLoc) re-
liant on extensive image datasets are presented. The results are reported for scenarios
where the target room is chosen from a subset of 10 and 50 candidate scenes.

Method Map modalities 10 scenes 50 scenes Storage

P I O |RQl @3 @5 |R'@Ql @3 @5 |R@1 @3 @5 |R'@Ql @3 @5 | (MB)

LidarCLIP [43] v X X |16.3 41.4 60.6| 16.3 39.8 61.1| 4.7 11.0 16.3| 4.1 10.3 15.6 0.4
LIP-Loc [108] v X X |14.0 358 57.9]10.9 30.0 52.7| 2.0 9.1 14.2| 2.3 86 152 1.0
OpenMask3D [113] A - -~ |423 715858 - -~ — |21.1 381 48.0| 20.1
SceneGraphLoc (Ours)| v X v |53.6 81.9 92.8| 50.5 76.8 83.4|30.2 50.2 61.2| 28.2 46.2 56.4 5.4
SceneGraphLoc (Ours)| vv v v | — - — |81.593.998.0) - - - |69.3 78.684.4 5.4
CVNet [63] X v X - - =792 91.0 954 - — — |66.5 77.0 81.7| 239.1
AnyLoc [55] X v X - - - |87.994.797.5 - - - |80.6 87.490.0|5720.3

descriptors. In OpenMask3D, the CLIP embeddings corresponding to each object
are calculated and stored. For image-based methods like CVNet and AnyLoc,
embeddings for all images in the database are precomputed.

Metrics. To evaluate the accuracy of a method, we focus on the recall of scene
selection. This entails analyzing the scenario where, given a query image and
corresponding scene pair (I, Gy), alongside N — 1 alternative scenes from the
database, an ordering is established for these scenes according to their computed
similarity to I as determined by the tested method. The metric Recall@K is
employed to ascertain whether the target scene G; is ranked among the top K
scenes in terms of similarity as identified by the evaluated method. Additionally,
we will report the inference time and storage requirements.

Experiments on 3RScan. The 3RScan dataset [123] comprises 1335 annotated
indoor scenes, representing 432 distinct rooms, with 1178 scenes (385 rooms) al-
located for training and 157 (47 rooms) designated for validation. The training
and validation sets include semantically annotated 3D point clouds for each
scene, with some captured over extended periods (e.g., several months) showcas-
ing environmental changes. Annotations for graphs within the 3RScan dataset
are provided in [125]. Due to the absence of such annotations in the test set, it
was excluded from our experiments. Thus, we reorganized the original validation
set, allocating 34 scenes (17 rooms) for validation and 123 scenes (30 rooms) for
testing. For full reproducibility, we will publish this split.

During testing, we examine all 123 scenes of 30 rooms within the test set,
selecting query images from each scene. The next step involves matching this
image against N scenes (including the target) to ascertain whether the correct
one could be identified by a method. This procedure is repeated for every image in
each room. In total, all methods are tested on 30462 query images. Furthermore,
we evaluate scene selection through two settings N = 50 and N = 10. The
latter setting emulates a scenario where a pre-selection strategy is employed, for
example, utilizing a global scene descriptor. In image-based methods, we use all
images from the database and determine the scene based on the retrieved image.
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Table 2: Retrieval recall in the temporal scenario on the test set of ScanNet dataset [21]
(%; target scene ranked within the top 1, 3, and 5 of the retrieved list) and storage
requirements (MB) for methods using point clouds (P), images (Z), and other modali-
ties (S, R) for map representation. The modality A is not available in the scene graphs
predicted from [130]. The results are reported for scenarios where the target room is
chosen from a subset of 10, 50 and the complete set of all (210) scenes.

Method Map modalities 10 scenes 50 scenes All scenes Storage

P I O |R'@l @3 @5 |R'@l @3 @5 [R'‘@Ql @3 @5 | (MB)

LidarCLIP [43] v X X | 194 475 67.6| 4.7 14.8 22.2| 59 15.0 21.9 0.7
LIP-Loc [108] v X X 103 27.0 436 1.9 6.0 81| 1.8 3.1 4.0 1.7
OpenMask3D [113] v v X | 549 84.8 94.0| 31.3 51.3 63.2| 16.5 27.2 34.5 17.8
SceneGraphLoc (Ours)| v X v | 54.1 81.4 91.9|29.0 47.4 58.0| 13.5 26.4 34.2 9.3
SceneGraphLoc (Ours)| v v v |78.5 92.798.3|61.6 83.2 91.6/53.4 69.8 78.7 9.3
CVNet [63] X v X 196.5 989 99.6|92.6 96.0 97.0| 89.9 93.4 94.6| 239.1
AnyLoc [55] X v X 198.4 99.4 99.8/96.5 98.1 98.6|95.1 96.9 97.4| 5720.3

Additionally, the methods are evaluated under both static and temporal con-
ditions. In the static scenario, the target scene graph for a given query image
originates from the same scan, albeit from a different sequence, to ensure no
image overlap. Conversely, in the temporal scenario, the scene graph is derived
from a sequence captured at a different temporal stage than the query, intro-
ducing potential environmental changes. We do not show results for methods
exploiting images in their maps in the static stage.

The results are in Table 1. Despite being retrained, LidarCLIP and LIP-Loc
are inaccurate, particularly in scenarios involving the selection of the target room
from the entire scene set. LIP-Loc barely surpasses random selection. Although
LidarCLIP exhibits marginally better accuracy, it remains inferior to alternative
methods. The inferiority is because both methods learn shared embedding be-
tween entire scenes and query images of totally different objects due to viewpoint
differences. OpenMask3D, while achieving better results than LidarCLIP and
LIP-Loc, is less accurate than the proposed SceneGraphLoc. SceneGraphLoc,
even when excluding the image modality (Z), outperforms other cross-modal
strategies significantly. Incorporating images significantly enhances its perfor-
mance, positioning it close to that of image-based approaches but with three
orders of magnitude smaller storage requirements. Also, the storage of Scene-
GraphLoc with and without images is the same due to its design of distilling
knowledge into fixed-sized embeddings. An example scene is shown in Fig. 5.
Experiments on ScanNet. To evaluate the generalization ability of our meth-
ods in real-world applications when scene graph annotations are not available, we
conduct further experiments in the ScanNet dataset [21]. ScanNet encompasses
1613 monocular sequences of room-scale 3D scenes, offering 3D mesh recon-
structions alongside the RGBD frame sequences utilized for the reconstructions.
Given the absence of scene graph annotations in ScanNet, we run the Scene-
GraphFusion [130] on the RGBD sequences of scans for 3D reconstruction and
scene graph prediction with 3D instance segmentation and object relationships
(i.e., graph edges) within these graphs. As the process of scene graph prediction
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Table 3: Average time (ms) of obtaining the query image embedding (t.,) and of the
retrieval from 10, 50, and all scenes from the 3RScan [123] and ScanNet [21] datasets.

3DRScan [123] ScanNet [21]

Method fe, 10 #05,| to, 95, &0, &1,
LidarCLIP [43] 4.1 0.1 03] 49 0.1 0.2 0.6
LIP-Loc [108] 27 0.1 0.2 41 0.1 0.2 0.5
OpenMask3D [113] 41.5 4.8 74| 20.1 554 1.1 4.5
SceneGraphLoc (Ours)| 28.0 0.3 1.5/ 16.6 1.3 3.7 17.0
CVNet [63] 143 9.0 60.0| 54.0 10.6 74.1 311.3
AnyLoc [55] 658.4 354.6 1826.4|243.0 68.2 329.0 1451.1

uses the RGBD frames of each scan, we avoid using those RGB images to match
to the scene graph predicted of the scan. Thus, we only measure recall in the tem-
poral scenario. Additionally, unlike 3RScan, the frame rate of RGBD sequences
in ScanNet is high, and motion between consecutive frames is small. Thus, each
database image is selected from every 25 consecutive frames in the sequence, for
image-based methods [55,63]. For a fair comparison, all the methods only use
the same selected images for training and evaluation.

For training, we use the official training set. We divide the official validation
set, which includes 312 scenes, into two distinct subsets: the first 100 scenes form
our validation set, while the remaining 212 are allocated for testing. To ensure
full reproducibility, we will make this split publicly available.

The results are in Table 2 for scenarios selecting the target room from subsets
of 10, 50, and the entire set of 210 scenes. The performance of LIP-Loc shows
a similar pattern to that observed on 3RScan, performing only slightly bet-
ter than random selection. LidarCLIP shows a small improvement in accuracy.
OpenMask3D attains an accuracy comparable to our proposed method without
incorporating the image modality. Our proposed SceneGraphLoc, when includ-
ing the image modality in its map, significantly outperforms all cross-modal
approaches. Although there remains a gap in accuracy compared with meth-
ods that use extensive image collections as maps (such as CVNet and AnyLoc),
SceneGraphLoc benefits from a database size three orders-of-magnitude smaller,
highlighting its efficiency and effectiveness. We partly attribute this performance
gap to the lack of object attributes in the dataset and the inaccurate instance
segmentation predicted by [130]. More details can be found in the supp. mat.

Processing time measured in milliseconds for various methods applied to the
3DRScan and ScanNet datasets, are detailed in Table 3. The computation time
required to generate an embedding for the query image (t.,) is notably small
across all methods, typically not exceeding a few tens of milliseconds, with the
exception of AnyLoc, which runs for nearly a second. The retrieval phase for
cross-modal approaches is generally limited to a few tens of milliseconds. How-
ever, methods such as CVNet and AnyLoc exhibit slower performance, due to
searching through extensive image collections. When tasked with selecting from
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Table 4: Ablation study performed on the val. split of 3RScan [123], analysing map
modalities (P — point cloud, Z — image, A — attributes, S — structure, R — relationships)
and the method (Dino v2 or GCVit) to obtain the image embeddings.

Map modalities Dino v2 [81] GCVit [38]

P I A S R|Ral @3 @5 |R'@1 @3 @5 |RQl @3 @5 |R'@l @3 @5
v 45.2 81.9 93.7]43.9 79.5 91.4[24.6 56.0 76.9| 23.2 54.7 77.3
v v 56.3 85.6 95.0| 54.8 84.0 95.0|44.2 76.9 91.2| 43.4 75.1 89.4
v v 7 58.4 87.3 95.9| 56.5 85.7 93.6|43.3 75.8 91.3| 41.5 72.8 89.3
v v v Vv |63.7 86.8 95.8| 62.7 87.4 96.3|45.3 75.5 90.5| 46.6 76.2 90.2

v - -  — 1802 96.0 99.0| -~ - - |69.4 87.4 93.7
v v - - — |84.7 97599.6] - -~ — |73.2 89.795.9
v v Vv Vv v| - - — |88597.7996 - - — [721 888 95.7

a large number of images, the processing times of these methods can extend into
the range of several hundred milliseconds or even reach upwards of a second.
Ablation Studies. To understand the impact of the integration of different
modalities, we provide an ablation study on the localization performance with
multiple combinations of modalities. We use the validation split of the 3DRScan
dataset. Additional ablation studies can be found in supplementary material.

Table 4 displays the coarse localization performance of our method under the
incorporation of distinct modalities (P, Z, A, S, R) within the pipeline. Addi-
tionally, the table reports results exploiting various backbones (Dino V2 [81] and
GCVit [38]) for the extraction of image features. Similarly to the main experi-
ments, we only show results on the temporal set when the map contains images.
Employing Dino V2 for encoding both the query image and images within the
map significantly enhances accuracy over using GCVit. The proposed method
significantly outperforms both LidarCLIP and LIP-Loc (their results are in Ta-
ble 1) even when using only point clouds in the map. Each additional modality
contributes to the final accuracy, demonstrating that each plays a crucial role in
enhancing the final performance when integrated into the pipeline.

5 Conclusion

In conclusion, we introduce SceneGraphLoc, a novel method for solving the novel
problem of localizing an input image within a 3D scene graph-based multi-modal
reference map. This approach outperforms existing cross-modal methods by a
large margin. It achieves comparable accuracy to state-of-the-art image-based
techniques with significantly lower storage requirements and faster processing
speeds. Our experiments across the 3RScan and ScanNet datasets demonstrate
the effectiveness of SceneGraphLoc, with the best performance achieved when
integrating all proposed modalities. We believe that SceneGraphLoc is a step
towards lightweight and efficient localization.
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