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Abstract— Perceptual aliasing and weak textures pose sig-
nificant challenges to the task of place recognition, hinder-
ing the performance of Simultaneous Localization and Map-
ping (SLAM) systems. This paper presents a novel model,
called UMF (standing for Unifying Local and Global Mul-
timodal Features) that 1) leverages multi-modality by cross-
attention blocks between vision and LiDAR features, and 2)
includes a re-ranking stage that re-orders based on local
feature matching the top-k candidates retrieved using a global
representation. Our experiments, particularly on sequences
captured on a planetary-analogous environment, show that
UMF outperforms significantly previous baselines in those
challenging aliased environments. Since our work aims to
enhance the reliability of SLAM in all situations, we also
explore its performance on the widely used RobotCar dataset,
for broader applicability. Code and models are available at
https://github.com/DLR-RM/UMF.

I. INTRODUCTION

Simultaneous Localization and Mapping (SLAM) has
emerged as a central technology in a multitude of in-
dustries including autonomous driving [1], [2], automated
construction [3], and agriculture [4], [5]. Its development
and adoption have been accelerated by advancements in
sensor technologies, including multi-camera setups, RGB-D
sensors, and more recently, 3D Light Detection and Ranging
(LiDAR) sensors, facilitating the construction of large-scale,
dense, high-resolution, and consistent 3D maps.

Many SLAM benchmarks, such as KITTI [6], Ox-
ford RobotCar [7], KAIST [8], and 4Season [9], are fo-
cused on autonomous driving in urban environments. While
these datasets incorporate substantial challenges, the highly
structured scenarios and vehicle-centric perspectives may
oversimplify odometry and place recognition tasks. Other
datasets like TUM RGB-D [10] and TUM VI [11] of-
fer sequences captured using hand-held stereo or RGB-D
cameras primarily indoors. However, these sequences are
typically short and re-visit previous locations from similar
viewpoints and with limited variations in visual appearance.
To address these limitations, synthetic datasets such as ICL-
NUIM [12] and TartanAir [13] simulate more general and
challenging motions and environments. However, in the quest
for more diversity, unstructured natural environments still
pose the most challenging conditions for visual or LiDAR-
based SLAM.
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(a) The LRU rover traversing a
planetary-like environment.

(b) Aligned visual and 3D Li-
DAR data.

Fig. 1: (a) The LRU rover traversing the Moon-analogue
environment of Mt. Etna, Sicily, recording the DLR Planetary
Stereo Solid-State LiDAR Inertial (S3LI) dataset [14]. (b)
Aligned visual and 3D LiDAR data. Note the challenging
texture and geometry for place recognition.

In this paper we propose a novel multimodal place recog-
nition method that we denote as UMF, standing for Unifying
local and global Multimodal Features.1 Our model leverages
deep local and global features from visual and LiDAR data,
fusing both modalities via cross-attention mechanisms. As
our main novelty, we incorporate local feature-based re-
ranking to a multimodal setup, showing in our experiments
that it leads to a substantial and consistent improvement, in
particular in challenging unstructured natural scenes.

II. RELATED WORK

Place recognition is a well-established field with a wide lit-
erature, relevant applications, and still significant challenges
[16], [17], [18], [19], [20], [21], [22]. In relation to our
research, a first categorization can be done based on the input
data modality. Visual place recognition has largely evolved
from traditional hand-crafted features [23], [24] to learned
descriptors [25], [26], recently moving towards attention
mechanisms [27], [28]. LiDAR place recognition empha-
sizes the geometric properties of environments, generally
utilizing point cloud data. PointNet [29], [26] serves as the
foundational architecture for subsequent works such as Point-
NetVLAD [30] and LPD-Net [11]. Attention mechanisms
have also been used to improve feature specificity [31], [32].
Visual-LiDAR place recognition aims at overcoming the
limitations inherent in using either modality alone, combin-
ing their strengths for more reliable recognition. Techniques
like feature concatenation and attention are used in [33],
[34], respectively, which are the main baselines in this area.

1Our naming builds on the title of Ref. [15].
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Attention mechanisms and transformers have shown great
utility in several ways. They can serve as patch descriptor
filters to spotlight important scene elements [35], [27] or as
weight maps that modulate the CNN feature maps to generate
global features [36]. This enables models to focus on salient
features and ignore irrelevant information.

Patch-NetVLAD [37] and the work of Zheng et al. [38]
showcase the benefits of unifying local and global features
for visual place recognition. The latter targets the problem
of visual aliasing in unstructured scenes [39], combining
SuperPoint and SuperGlue in the context of 6D camera
relocalization. In this work, we propose for the first time
unifying local and global features for multimodal data.

Self-supervised pretraining refers to an initial training
stage across multiple domains that can then be fine-tuned
for specific downstream tasks. Here, contrastive learning
methods like SimCLR [40] and BYOL [41] take on an
important role. Likewise, generative self-supervised meth-
ods allow to learn the underlying dependencies in data. In
particular, the masked autoencoders do so by learning to
fill artificially corrupted parts of the input data, which can
only be successfully performed by producing rich, useful
data representations. Unlike contrastive methods, generative
methods do not require carefully designed data augmenta-
tions or pair constructions, which are especially challenging
on point clouds. For visual data, ConvNeXt [42] and Spark
[43] employ 3D sparse convolutions to apply CNNs to
point clouds. For LiDAR data, however, the application
of self-supervised learning presents unique challenges. The
inherent sparsity and lack of order in LiDAR point clouds,
along with the necessity to capture complex geometric and
spatial features, make conventional generative methods less
suitable. One of the few successful works for generative, self-
supervised pretraining on large point clouds is Occupancy-
MAE [44]. It employs voxelization and masking during
the training phase, prompting the model to become “voxel-
aware,” thereby efficiently leveraging the geometrical and
spatial redundancies within the point cloud data. Occupancy-
MAE has proven effective in downstream tasks, including
3D object detection and semantic segmentation, even with a
high masking ratio of up to 70%. In this work, we employ
generative self-supervised pretraining methods in the spirit of
the masked autoencoder due to their suitability for multiple
data modalities and their lack of dependence on intricate
3D data augmentations. In particular, we build from the
Occupancy-MAE due to its proven capability to manage
large-scale point clouds with a high masking ratio.

III. UNIFYING LOCAL AND GLOBAL
MULTIMODAL FEATURES (UMF)

An overview of our model is showcased in Fig. 2. At its
core, the UMF design consists of 1) two distinct branches,
one for visual data and the other for LiDAR, that encode the
data and extract local features, 2) self- and cross-attention
blocks to extract a global representation leveraging both
modalities, and 3) re-ranking methods that take the top-k
candidates by their global representation and re-order them

based on local feature matching on each modality. Next, we
provide further details on the main aspects of the method.

Image and LiDAR Encoding: Firstly, each of these
branches transform the respective input data into low-
dimensional representations via a Resnet50 backbone and
a LiDAR convolutional encoder [44]. Both encoders follow
a Feature Pyramid Network (FPN) architecture to extract
multi-scale features, thereby capturing both the local fine-
grained details and also relevant patterns with wider extent.

Self- and Cross-Attention: Following [34], the first work
that incorporated attention in multimodal data for place
recognition, our UMF model also incorporates attention to
enhance its capability to dynamically focus on different parts
of the input data. In the self-attention layers, the model as-
signs different weights of importance to the features within a
single modality (either FVision or FLiDAR), thereby capturing
patterns within local and global contexts. This allows the
model to identify distinctive patterns within each modality
and enhances its ability to recognize places based on a
single modality. Cross-attention layers, on the other hand,
take features from both modalities (FVision and FLiDAR) as
inputs. By interleaving self- and cross-attention layers within
our UMF model, it becomes capable of capturing relevant
patterns between the two modalities, thereby learning richer
scene representations.

Local and Global Features: Building upon [15], our
UMF model incorporates both local and global features,
integrating fine-grained details along with the global spatial
embedding, and extends the approach to the multi-modal
case. We utilize transformers with positional encoding for
coarse-level fusion, employing both self- and cross-attention.
We implement the same approach introduced in DETR [45],
which ensures that each element in the feature maps FVision

and FLiDAR has a unique positional encoding such that
the transformed features exhibit dependencies on relative
positions. The relative position dependency enhances the
model spatial awareness, as well as inter- and intra-modality
relationships between features in the fusion branch. Further-
more, such a design consideration promotes rotation and
viewpoint invariance, enhancing robustness against perspec-
tive changes.

As the main novelty of our work, we incorporate re-
ranking strategies to multimodal place recognition models.
Specifically, we evaluate two strategies for re-ranking based
on matching local features, the first one using the so-
called Super-features [28] and the second one implementing
RANSAC geometric verification.

Super-Features: Super-features [28] were proposed as
mid-level scene representations, showing excellent results in
place recognition tasks. The Local Super-features Integration
Transformer (LIT) is trained via contrastive learning, passing
local features through a transformer layer, as summarized in
Fig. 3. Specifically, pairs of Super-features are constrained
by the contrastive margin loss Ls, which minimizes the pair-
wise distance between matching pairs while simultaneously
reducing the spatial redundancy of Super-features s within



Fig. 2: UMF overview. Each branch encodes each of the inputs independently. The encodings of the individual modalities are
fused by self- and cross-attention modules into a single global multimodal representation. For each individual data modality,
separate branches extract also local features. During inference, we query a database of places with the global multimodal
descriptor using a K-Dimensional Tree, the top-k candidates are retrieved via NN-search, and finally they are re-ranked
using local features from both modalities. This last stage is the main contribution of our paper.

Fig. 3: Local Super-features extracted with the LIT module
for both modalities. Attention maps show the areas where
each Super-feature is focused on.

an image:

Ls =
∑
P

[∥∥s− s+
∥∥2
2
+
∑
n

[
µ′ − ∥s− n∥22

]+]
, (1)

where µ is a margin hyper-parameter. The index n cor-
responds to the Super-features extracted from all negative
images in the training tuple, which are compared against
a specific Super-feature s. More explicitly, n serves as a
collection of negative samples with the same Super-feature
ID as that of s (denoted as i(s)).

This process results in a N×F ordered set of N Super-
features of F dimensions. The construction of Super-features
involves an iterative attention module, generating a set where
each element focuses on a localized and discriminative image
pattern. In this paper, we extend the approach of [28] to 3D
scenarios, extracting Super-features from images as well as
from voxelized point clouds.

To create Super-features that are complementary, they are
encouraged to attend to different (i ̸= j) local features, i.e.,
to different image locations. To do that, the cosine similarity

between the attention maps of all Super-features of every
image is minimized. Let matrix α = [α̃1, . . . , α̃N ] denote
the N attention maps after the last iteration of LIT. The
attention decorrelation loss is then given by:

Lattn(x) =
1

N(N − 1)

∑
i ̸=j

α̃⊤
i · α̃j

∥α̃i∥2 ∥α̃j∥2
. (2)

In our UMF model, we implement a re-ranking mecha-
nism to leverage correspondences at Super-feature level. As
mentioned above, for any Super-feature s ∈ S we have a
function i(s) that returns the Super-feature ID, i.e., i (si)=
i,∀si ∈ S. Also, let n(s, δ) = argminsi∈δ |s− si|2 be the
nearest neighbor of s from the set δ.

Given a positive pair of images x,x+, and two Super-
features {s ∈ δ, s′ ∈ δ′} from their respective Super-feature
sets {δ, δ′}, we impose the following criteria to consider the
Super-feature pair {s, s′} eligible:

1) Reciprocal nearest neighbors: s = n(s′, δ) and s′ =
n(s,S ′).

2) Pass Lowe’s first-to-second neighbor ratio test [46]:
|s− s′|2 / |s′ − n (s′, δ\s)|2 ⩾ τ .

3) Have the same Super-feature ID: i(s) = i (s′).
We set τ = 0.8 after empirical considerations.
RANSAC: The Random Sample Consensus (RANSAC)

variant of our UMF model emphasizes salient feature selec-
tion and geometric verification. Initially, a transformer layer
is applied to generate attention maps. These maps then filter
and pinpoint salient local features, retaining those that carry
significant information for place recognition, as shown in
Fig. 4. The local features are further processed using stacked
layers of transformer blocks and we use the attention maps
to filter as salient those features for which Lattn > δ, δ
being a hyperparameter that we tuned experimentally for
both modalitites. Similarly to the Super-features, we project



Fig. 4: RANSAC local branch visualization. The resulting
attention maps are used to select the salient features.

the local features to a 1-D embedding and use a constrastive
loss on each local modality during training.

The RANSAC algorithm is then employed to estimate the
geometric transformation between the current observation
and candidate locations. This provides a robust approach
to matching local features, accommodating the presence of
noise and outliers effectively. The spatial consistency score
is given by the number of inliers returned when fitting a
homography between the two images or computing the rigid
transformation between voxel grids, using corresponding
keypoints computed by nearest neighbor matching.

A. Training Pipeline

UMF leverages unlabeled data from similar domains, such
as the Mars-analogue in Morocco [39], for pretraining. This
self-supervised learning approach makes the encoder robust
to environmental variations, minimizing the dependency on
labeled data and accelerating convergence during fine-tuning
for the downstream task. In detail, it leverages the masked
autoencoders for both visual and LiDAR modalities, inspired
by Spark [43] and Occupancy-MAE [44].

Visual self-supervised pretraining follows a contrastive
learning approach on a vast unlabeled dataset. It is designed
to discern visually similar yet distinct locations, thereby
improving the model’s ability to tackle visual aliasing. A
patch-wise masking strategy segments images into non-
overlapping square patches, each subject to independent
masking according to a predetermined mask ratio. We follow
the approach of [43], where the authors propose to assemble
all unmasked patches into a sparse image, which is then
encoded using sparse convolutions. The encoder f is based
on ResNet and the decoder g on U-Net, including three
blocks with upsampling layers (see Fig. 5). Subsequently,
a “densification” process, based on mask embeddings, pro-
duces dense feature and projection layers.

LiDAR self-supervised pretraining adopts the self-
supervised pre-training scheme based on masked autoen-
coders on voxelized clouds presented in Ref. [47]. This
encourages the network to reason about high-level semantics
to recover the masked occupancy distribution of the 3D scene
from a limited number of visible voxels. A binary occupancy

Fig. 5: Illustration of our pre-training on RobotCar. First,
masked inputs are encoded by f , followed by the densifi-
cation process in the decoder g. After pre-training, only the
encoder f is used for downstream tasks.

classification loss is calculated using cross-entropy:

LLiDAR = − 1

nbatch

nbatch∑
i=1

nvoxel∑
j=1

Ti
j logP

i
j , (3)

where Pi
j is the predicted occupancy probability of voxel

j for the i-th training sample and Ti
j the ground truth

probability indicating whether the voxel contains points.
To address the problem of the range-dependent density of

LiDAR points, we employ a range-aware random masking
strategy [44]. This separates the occupied voxels into three
groups based on their distance from the sensor. We apply
a distinct random masking strategy to each group, with
decreasing ratio with increasing distance.

Downstream task fine-tuning for place recognition uses
a triplet margin loss and batch-hard negative mining, follow-
ing the MinkLoc approach [33]. The triplets are constructed
based on spatial proximity, with a 12 m radius for similarity
and over 60 m for dissimilarity. Batch-hard negative mining
targets active triplets for effective model refinement. Properly
balancing global and modality-specific losses is here of major
importance.

IV. EXPERIMENTAL RESULTS

We test the UMF model on two very different datasets: the
DLR S3LI Dataset for planetary rover exploration [14] and
the Oxford RobotCar dataset for autonomous driving [48].

A. Data Setup

The Oxford RobotCar dataset include diverse driving
scenarios across varied weather and lighting conditions.
Nonground point clouds are down-sampled to 4096 points,
while corresponding RGB images are down-sampled from
1280×960 to 224×224. To enhance data diversity and limit
overfitting, we randomly sample from 15 closest RGB im-
ages during training, while only one RGB image with the
closest timestamp is used during evaluation. Similarity is
defined based on their spatial proximity: elements within 10
m are deemed similar, those separated by at least 50 m are
dissimilar; and those falling between 10 and 50 m are neutral.
The dataset is split into disjoint training (21.7k elements)
and test (3k elements) areas based on UTM coordinates,



following the evaluation protocol and the train/test split
(baseline) introduced in [33].

The DLR S3LI dataset includes sequences captured with
a hand-held sensor setup comprising a solid-state LiDAR
and a stereo camera. The planetary environment is affected
by extreme visual aliasing and lacks of salient visual or
structural features. The dataset was split into training and
validation set, using s3li loops and s3li traverse 1 for testing,
as they contain overlapping areas.

Additional datasets for pre-training and fine-tuning
were used to increase the model’s robustness and perfor-
mance. For unstructured planetary environments, we incor-
porate the MADMAX dataset [39], the Erfoud dataset [49],
and the Long Range Navigation Tests (LRNTs) [50]. To
overcome the scarcity of datasets that contain both visual and
LiDAR modalities, we also generated synthetic sequences
with the OAISYS photorealistic simulator [51].

Dataset # Samples Modalities used
MADMAX [39] 11,000 Stereo
Erfoud [49] 7,000 Stereo, LiDAR
LRNTs [50] 5,600 Stereo
OAISYS [51] 10,000 Stereo, LiDAR, Instance, Semantic

TABLE I: Datasets used for pre-training and fine-tuning.

B. Implementation Details

All models were implemented in PyTorch [52] and trained
on a compute cluster equipped with 8 NVIDIA RTX 3090
GPUs. For fine-tuning, the learning rate was set to 1e−5 and
reduced by a factor of 1e−1 upon plateauing. The model was
trained for 200 epochs using Adam [53]. The input image
size was set to 224×224. When re-ranking global feature
retrieval results with local feature-based matching, the top
25 ranked images from the first stage are considered.

Super-features: The score for Super-features was deter-
mined using Lattn. The attention maps were generated at
image size of 56×56 and voxel size of 50×50×50. Super-
features were represented as a tensor of size [N,F ], and
the dimensions for the visual and point cloud features are
set to 128 and 32, respectively. The final ranking is based
on the number of matching features that satisfy the criteria
described in Sec. III.

RANSAC: We use a multi head transformer encoder in our
model to process the fine features. The model returns the av-
erage of all attention maps and selects an optimal threshold to
identify keypoints. The output consists of attention maps for
the image and voxel, of sizes [N, 56, 56] and [N, 50, 50, 50],
respectively, where N is the number of keypoints. The
feature maps for the image and voxel are [56, 56, 128] and
[50, 50, 50, 32], respectively. The re-ranking of candidates is
based on the total number of inliers, either for one or both
modalities: score = #inliersVision +#inliersLiDAR.

Similarity Threshold: The threshold θ plays a pivotal role
in our model’s ranking process, acting as a cut-off value
to distinguish between similar and dissimilar pairs during
re-ranking. Given two samples S1 and S2, with a derived

similarity score sim(S1, S2), they are classified as recogniz-
ing the same place if sim(S1, S2)> θ, where θ adjusts the
model sensitivity when classifying candidate matches as true
or false positives, and it is determined empirically through
cross-validation to optimize precision and recall rates.

C. Comparison against Baselines

Table II shows the comparative performance of our UMF
models vs. relevant baselines on the S3LI dataset. Our
best model outperforms the best baseline by more than
2% in the three metrics chosen, which can be attributed
mainly to the use of local features for re-ranking. While the
LiDAR data has a limited field of view, they still provide
a valuable input under challenging conditions by reducing
uncertainty. Moreover, the accurate depths play a crucial
role in establishing correct positive pairs. Also, the geomet-
ric verification using RANSAC shows a significant impact
in aliased environments, outperforming other approaches.
For an illustrative understanding, Fig. 6 depicts the Super-
features attention maps generated by our LIT.

Method Recall@1 Recall@5 Top 1% recall
Visual

DBoW2 37.44 66.1 68.12
NetVLAD 67.2 75.5 78.3

MinkLoc++ (Vision) 68.8 77.3 79.2
LiDAR

PointNet++ 48.41 67.77 71.8
MinkLoc++ (LiDAR) 42.4 65.8 69.4

Multimodal
MinkLoc++ 71.4 80.1 85.2
AdaFusion 73.1 82.3 87.2

UMF (only global feat.) 73.5 82.9 87.5
UMF (Super-features) 75 85.1 89.1

UMF (RANSAC) 75.3 85.3 89.5

TABLE II: Comparison against baselines on S3LI (Mt. Etna),
for single- and multi-modality.

The evaluation on the RobotCar dataset, in a very different
application domain and with different sensor specifications,
demonstrates the robustness and adaptability of UMF. Table
III shows multimodal results compared against the baselines
MinkLoc++ and AdaFusion, in which our UMF model with
re-ranking outperforms again both baselines.

Method Recall@1 Top 1% recall
Multimodal

MinkLoc++ 96.7 99.1
AdaFusion 98.1 99.2

UMF (only global feat.) 97.9 99.1
UMF (Super-features) 98.1 99.1

UMF (RANSAC) 98.3 99.3

TABLE III: Comparison against baselines on RobotCar.

D. Ablation Studies

Re-ranking: To analyze the role of the re-ranking module
in our approach, we conduct experiments involving variations
of it, such as with and without, for one or all modalities. The
improvements after re-ranking shown in Table IV substan-
tiate its importance. On the S3LI dataset, we observe that



S3LI (Mt. Etna) RobotCar
Modality Method Recall@1 Recall@5 Top 1% recall Recall@1 Recall@5 Top 1% recall

Vision UMF (Super-features) 74.5 84.3 89 98 98.4 99.1
UMF (RANSAC) 75.1 84.9 89.3 98.1 98.5 99.2

LiDAR UMF (Super-features) 73.7 83.4 87.5 97.8. 98.2 99.1
UMF (RANSAC) 73.9 83.8 87.8 98 98.3 99.1

Vision+LiDAR UMF (Super-features) 75 85.1 89.1 98.1 98.5 99.1
UMF (RANSAC) 75.3 85.3 89.5 98.3 98.8 99.3

TABLE IV: Ablation study on S3LI and RobotCar. Note how the multimodal (Vision+LiDAR) setup presents the best
metrics, effectively leveraging both modalities. Observe also how our RANSAC variant consistently outperforms Super-
features. Finally, note how the improvement offered by our methods is bigger in S3LI than in the almost saturated RobotCar.

the visual modality outperforms LiDAR. The re-ranking step
on LiDAR data shows marginal improvements. The fusion
of both modalities, however, does aid in overcoming visual
challenges such as poor lighting or aliasing in both datasets.
Notably, RANSAC emerged as a clear winner over Super-
features within the re-ranking methods. This advantage,
however, comes at the expense of an increased computational
cost.

The normalized similarity threshold θ defined in Section
IV-B has also been adjusted to examine the effectiveness of
each variant in the precision-recall curves, see Fig. 7. As
expected, RANSAC clearly outperforms the Super-features
curve. Despite both approaches offering competitive perfor-
mance compared to the baseline models without re-ranking,
precision deteriorates rapidly, confirming again challenges in
S3LI due to the lack of salient features.

Fig. 6: Illustration of the Super-features attention maps
generated by the Learning Iterative Transformer (LIT), for
S3LI (1st rows) and RobotCar (2nd and 3rd row). The first
three Super-features are highlighted, showing the model’s
propensity to focus on semantic patterns such as rock forma-
tions and terrain structures. The last row shows the attention
map extracted from the multi head attention for a pair of
RobotCar samples.

Fig. 7: Precision-recall curves on S3LI (Mt. Etna). We
compare the base UMF model with both re-ranking variants.

Pre-training: To assess the impact of pre-training (see
Sec. III-A), we perform an ablation study by initializing the
weights with either random values or a pre-trained set. Table
V shows the important role of pre-training. In our experience,
this especially applies for complex models. Also, it reinforces
the model’s robustness and generalization by reducing its
propensity to overfit on the visual modality.

Method Recall@1 Recall@5 Top 1% recall
UMF (w/o pre-training) 70.4 81.2 85.9
UMF (w/ pre-training) 73.5 82.9 87.5

TABLE V: Influence of pre-training on S3LI.

V. CONCLUSIONS

In this paper we have presented the “Unifying local
and global Multimodal Features” (UMF) model, a novel
place recognition method that fuses local and global fea-
tures of both visual and LiDAR data using transformers
and incorporates re-ranking steps based on single-modality
local features. We evaluate our UMF against state-of-the-
art baselines on two different domains: urban and planetary.
UMF shows superior performance in terms of Recall@N
in both domains. In particular, we observed that our model
outperforms significantly previous baselines in the extreme
conditions of the S3LI dataset (Mt. Etna, Sicily), demon-
strating the potential of a sound multimodal fusion for place
recognition in challenging (unstructured and aliased) scenes.
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