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ALCER3D: Adaptive Learning Constraints for
Enhanced Retrieval of Complex Indoor 3D
Scenarios

Alex Falcon

Abstract—The Metaverse is growing rapidly, resulting in
thousands of rich virtual universes. This results in a difficult
search process for the user, making advanced search tools
a necessity. Existing methods leverage contrastive learning to
obtain a function mapping a 3D scene and its textual descriptions
into similar representations. However, Metaverse scenarios are
complex, multimedia-rich 3D scenes containing many elements,
making cross-modal alignment difficult. For instance, a museum
dedicated to Van Gogh is unrelated to Warhol, yet it shares sim-
ilarities with Matisse or Monet. To make the mapping functions
aware of these nuances, we propose a novel learning strategy to
integrate Adaptive Optimization Constraints, computing data-
dependent distances using a language-based method we design
and enforcing them between the representations at training time.
This novelty sets our approach apart from standard procedures
enforcing the same distance. We validate the effectiveness of two
datasets, one including 6000 apartments, and a novel dataset of
3000 museums that we collect. We observe consistent improve-
ments compared to existing methods. Moreover, we obtain better
generalization when with very complex scenarios, e.g. on the
museums dataset it obtains an average R@1 of 5.2% compared
to 1.2% obtained by existing methods. Finally, the source code
is available at |https://github.com/aliabdari/ALCER3D.

Index Terms—Text-Metaverse Retrieval, Metaverse, Complex
3D scenes, Contrastive learning, Custom loss function.

I. INTRODUCTION

HE concept of Metaverse traces back to the 90s and the

novel Snow Crash written by Neal Stephenson, in which
it represents a virtual three-dimensional world populated by
avatars, controlled either by real users or by system programs
[1]. Nowadays, the Metaverse and the boundaries of reality
are pushed by several tech leaders, bringing increasingly more
investments and attention towards Extended Reality (XR)
technologies, while aiming to create immersive experiences
and increase the interactivity with the augmented (or fully
virtual) environment [2]. This resulted in Metaverses created
for many different applications, related to shopping [3], [4],
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education [5], [6]], and industry [7]. Given the ever growing
amount of Metaverse scenarios and the difficulty for users to
efficiently find those they are interested in, it becomes urgent
to implement effective tools to support the users in filtering
the Metaverses based on their current needs by formulating
them in a textual query.

The Metaverses are highly complex 3D scenarios contain-
ing many 3D objects, such as furniture in apartments, and
multimedia elements, such as paintings in digital museums.
Historically, the closest approach to automating the processing
of Metaverses focused on individual 3D objects. The retrieval
of 3D objects guided by textual queries has attracted ample
interest in research, leading to the implementation of retrieval
systems for 3D objects [§]-[12]. However, this branch of
research has focused on the retrieval of single 3D objects.
Following this direction, some works started to deal with
textual-guided retrieval of Metaverses, i.e. complex and rich
3D scenarios composed of multiple 3D objects, leveraging
contrastive loss functions to realize systems using text to
retrieve indoor scenarios with one or more furnished rooms
[13]-[15]], and multimedia-rich 3D scenarios [16], [[17].

Contrastive loss functions [18]—[21] are commonly used in
state-of-the-art approaches to implement cross-modal retrieval.
By using them, it is possible to learn a joint embedding space
and the respective functions mapping elements coming from
different modalities into the same space. In the context of text-
Metaverse retrieval, the data used to perform such a training
process consist of pairs made of the Metaverse scenario and
the textual description of its contents. Then, the similarity of
the representations learned by the two functions is maximized.
In this way, the mapping function for the textual descriptions
can be used to map user queries, enabling an efficient retrieval
of the desired Metaverses.

However, we identify an important shortcoming in this
approach: while maximizing the similarity of the represen-
tations of Metaverse-description pairs, the other pairs are
always treated as completely unrelated with nothing being
shared between them. Yet, this can lead to contradictions,
as Metaverses represent complex and heterogeneous scenes,
hence it is possible that they have some similarities with each
other. For instance, consider the apartments in Figure [T} The
first two, (a) and (b), are very similar in terms of rooms,
with the only difference represented by (a) having separate
dining and living rooms. In comparison with (c) and (d), such
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Fig. 1. Four complex 3D scenes found within the 3D-FRONT dataset [22].

a difference is negligible, since (c) only has one bedroom, and
includes an outer space with few plants, whereas (d) is a simple
studio. Yet, using a standard contrastive learning framework,
given the apartment (a), all the other ones—(b), (c¢), and (d)—
are considered equally different and the learning constraints
lead to entirely different representations for all of them. Hence,
these differences are not given the right importance at training
time, and the trained model may fail at catching them.

To overcome this limitation, in this paper we introduce
a novel contrastive learning framework designed for text-
Metaverse retrieval which makes use of this observation.
Specifically, given the richness of the Metaverses and the wide
range of possible variations between any of them, we use their
textual descriptions as a proxy for measuring the difference
and quantify the desired distance to be enforced among them in
the embedding space. To deal with these textual descriptions,
usually very long because of the abundance of objects and
multimedia elements contained in the Metaverses, we devise a
method which analyzes the descriptions through multiple mod-
els and makes a decision by collecting the individual opinions.
This results in highly adaptive optimization constraints which
are not pursued in standard frameworks.

In summary, the important research question investigated in
this paper is the following: does enforcing customized learning
constraints help obtaining better generalization? We investi-
gate this question on two datasets. The first contains more
than 6000 furnished apartments annotated with descriptions
describing the structure of the apartment (number and type
of rooms) and the furniture in detail. We create the second
dataset by populating it with 3000 museums, establishing the
first step towards the analysis of museums in the Metaverse.
Each of them is annotated by a very long description, covering
the details of the paintings in each room in the museum. The
experimental results confirm our hypothesis and we observe
a relative improvement of 24.5% and 21.5% in median rank
on Apartments and Museums datasets, respectively. Further
experiments are made to support and verify the robustness of

our design decisions.

The contributions of this paper can be summarized as
follows:

o Given a Metaverse scenario and its description, current
methodologies learn a joint embedding space through
optimization constraints which distance all the other
samples equally from it [13]], [[17]]. Considering the com-
plexity and richness of Metaverse scenarios, we highlight
this procedure as flawed when it comes to such a complex
type of data. Therefore, we propose a general training
methodology to overcome it by creating optimization
constraints which adapt to the data at hand.

o Due to the inherent complexity of Metaverses, the de-
scriptions detailing the contents of the scenarios are also
fairly complex and long. Therefore, we implement a
method involving multiple language models to collec-
tively analyze the descriptions and make decisions in
relation to the proposed constraints.

« We validate our proposed approach on two large scale
datasets of complex 3D scenarios. The first dataset
consists of more than 6000 apartments, whereas the
second one consists of 3000 museums that we collect
and annotate, in order to establish a starting point for
realistic Metaverse museums. With our approach, abso-
Iute improvements of +2.0% R@5 and +4.4% in R@5
and R@10 (relative improvement of 4.7% and 9.0%) are
obtained compared to previous state-of-the-art results on
the first dataset. In the second dataset, compared to a
CLIP-based baseline, we obtain absolute improvements
of +4.1% R@1, +11.4% R@5, +13.7% R@10 (relative
improvements of 585%, 242%, and 142%, respectively).

A preliminary version of this manuscript was published at
ACM ICMR 2024 [14]. Here, we extend it by working in
three main research directions. First, the approach proposed
here is more general, as it can be applied to more diverse
and rich scenarios, whereas the previous approach—especially,
the function for identifying the distance to be enforced—
was specifically designed for the apartments. In this step, we
introduce a novel method based on multiple models to process
the very long descriptions of the museums and support the
decision of the distance. Second, we generalize the previous
approach to use multiple likeness classes, as we hypothesize
that more complex and rich scenarios, such as the museums,
perform better when more classes at training time are used
compared to simpler scenarios, such as the apartments. Finally,
we collect a novel dataset of 3000 digital museums, intro-
ducing a much more challenging benchmark and presenting
evidence that our approach leads to better performance than
existing methods.

The rest of the paper is organized as follows. Related works
are highlighted and contextualized in Section[[I, The proposed
methodology is thoroughly described in Section[[TI] Section[[V]
explains the experimental setting and the research questions
identified and discussed in this work, along with those which
remain open. Finally, Section [V] draws the conclusion and
plans the future work.
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Fig. 2. The proposed methodology learns a joint (complex 3D scene and text) embedding space using Adaptive Optimization Constraints. There are three
main steps. (1) Given a complex 3D scene S, and its description D, a customized constraint is defined in terms of D, and the description of other scenes
(S2, S3, etc). The constraint is visualized as a margin (m1, ma, etc) representing the distance enforced between their representations in the embedding space.
(2) The representations of D, and S, are computed through trainable methods. (3) The customized constraints are enforced on the joint embedding space.
For simplicity, we visualize only the 3D scene for each pair of inputs and connect to it the output of both previous representation modules.

II. RELATED WORK
A. Ranking 3D objects and complex scenes based on text

The retrieval of 3D objects has sparked increasing interest
during the past few years. The yearly Shape Retrieval Contest
(SHREC) started in 2013 with four tracks differing in terms
of query (sketch, image, or 3D object) and 3D format used in
the collection [23]-[26]. Over time, the datasets became larger,
with more complex 3D models and varied data formats, span-
ning from generic and open-domain objects [27]—[29] to very
specific themes, such as 3D models of animals [30], [31]], hand
gestures [32f], [33]], and protein surfaces [34]], [35]]. Nowadays,
most methods performing cross-modal retrieval of 3D objects
rely on CLIP [20]], and then either apply it to the point-of-view
images, leveraging the vault of knowledge obtained from the
large scale multimodal pretraining [36[]-[39]], or performing
additional pretraining to align 3D point clouds or meshes to
point-of-view images and text [9], [11]], [[12f], [40]. However,
all these studies work on single 3D objects. Only recently,
few works started to investigate the more challenging problem
given by complex 3D scenes (furnished indoor scenes [13]-
[15]] and multimedia-rich 3D scenes [16]], [[17]). In this work,
we focus on the retrieval of complex 3D scenes such as fully
furnished virtual apartments and digital museums, for which
we collect a novel dataset of 3000 museums including multiple
rooms and several multimedia elements per room.

B. Contrastive loss functions

In recent years, contrastive learning became a popular way
for learning how to solve cross-modal tasks relying on deep
learning and annotated vision-language datasets [20], [41],
[42]. Contrastive learning aims at teaching models to output
similar representations for paired multimodal inputs (e.g. a

3D scene and its description) and dissimilar for unpaired
inputs. While early approaches used only two inputs at a
time [19], subsequent works used multiple inputs [21]], [43],
[44] to model intra-class and inter-class relations at once. A
common aspect among these functions is an hyperparameter,
called margin or distance, which defines the distance to be
enforced between unpaired representations in the embedding
space. Typically, it is fixed, i.e. the distance enforced between
unpaired representations is always the same. Adaptive solu-
tions were also proposed, e.g. increasing it monotonically as
the training goes on [45], varying it based on paired-unpaired
distance [46], [47], scheduling the use of different models to
compute it in subsequent phases of the training process [48]],
or defining it in terms of part-of-speech-based relevance scores
[49]. Differently, we design a method to automatically quantify
their “likeness” and, based on that, define a proper margin to
be enforced. By doing so, two scenes which are very similar
will be separated by a small margin, and the margin increases
as their similarity decreases (see Fig. 2] for an example).

III. PROPOSED METHODOLOGY

Figure 2] presents an overview of the proposed methodology,
ALCER3D, which is made of three main components. The
first component presents the procedure we implement to
automatically define customized constraints based on the input
data. This novel component allows to customize the training
procedure, making it possible to capture fine-grained details of
the data which are not considered in standard procedures (more
details in Sec. [[TI-A). Once the constraints are defined, the rep-
resentation of each input scene/description is obtained through
state-of-the-art neural components (Sec. [[II-B). Finally, stan-
dard contrastive learning techniques are modified in order to
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integrate the proposed adaptive constraints, implementing a
customized contrastive learning framework (Sec. |l1I-C).

A. Automatically recommending Adaptive Optimization Con-
Straints

As shown in Figure [2] (1), given the complex 3D scene S,
and its description, a value m; is computed against the other
complex 3D scenes (S; with ¢ = 2,3,...). The procedure
computing this value is shown on the right side of Fig. [2| and
is a core mechanism of the proposed methodology. In fact, the
value m; captures the desired distance to be enforced in the
joint embedding space between the representations of S, and
S;. This is different than standard procedures which enforce
the same distance between all unpaired samples. Yet, by
learning to organize the embedding space enforcing the same
distance between any pair of samples, fine-grained details
discriminating different scenes are neglected.

The procedure that we design for recommending distance
constraints, RecCon (Alg. E]), consists of three main sub-
components: a likeness function (Sec. [[II-AT), a thresholding
step (Sec. [[II-A2)), and the module used to recommend the
adaptive constraint based on the information obtained by the

other two sub-components (Sec. [[II-A3).

Algorithm 1 Algorithmic description of our procedure

RecCon for recommending adaptive optimization constraints

at training time.

Require: The thresholds 7,...,7ny_1, the margin values

Aq,...,Ap, class-to-constraint mapping function M

Input: Description of two complex 3D scenes, D and Dy

Output: Recommended distance constraint m

I« L(D, D5) > (1) Computation of likeness

if [ < 7 then > (2) Thresholding step
c+ > Very low likeness class

else if [ > 7y_; then
C< CN-1

else
fori=1to N —2do

10: if l >7;, ANl <741 then

C Ciy1 > Intermediate likeness class

12: end if

13: end for

14: end if

15: m + M(c)

16: return m

> Very high likeness class

R A A R ol e

—
—_

> (3) Compute recommended distance

1) The likeness function L : The first step in our procedure
RecCon computes a score representing the correspondence of
two input complex 3D scenes using a likeness function L.
When the scenes share similar rooms and objects they will
get high likeness scores, whereas low scores are expected
otherwise. To implement this function, we process the textual
descriptions with a neural model. However, the description of
a complex 3D scene can be very long and rich, so it is chal-
lenging to compute the likeness of pairs of descriptions using a
single language model. Therefore, we define the function L as
a novel ensemble of pretrained language models aggregating

their opinions on the likeness of the descriptions to make a
more informed decision. Specifically, we use three models,
balancing complexity and empirical capabilities. For every
model, we compute the similarity for the pair of descriptions
following its methodology, and then normalize the values in
the range [0, 1] before the aggregation step. In fact, they are
distributed in different ranges, depending both on the data
and on the embedding space captured by the model, making
it difficult to compare them fairly. To account for this, we
normalize the values using minmax with extremes computed
as a preprocessing step on all possible training pairs. This
step is only done for computing the likeness values at training
time, hence it does not influence the textual representations
on the test set. Then, the individual values are pooled to make
a collective decision. Notably, as this step is performed only
during training, no decrease in inference times is observed.

2) The thresholding step : In the second step, a “class”
of likeness for the input scenes is identified based on the
likeness score. The intuition is that their representations should
be separated by a different distance in the embedding space
based on which class captures them: if the input scenes are
similar (hence, L outputs a high score), the distance should be
low, and vice versa, with varying degrees standing in between.
To capture these nuances, we introduce the hyperparameter N
representing the amount of likeness classes. We define -1
thresholds, 71 < 75 < --- < Tn_1, acting as the borders
between the different classes. For instance, consider N = 3
and the scenes shown in Fig. 2] With N = 3, the classes could
be interpreted as considering the two descriptions to be “very
similar”, “slightly similar”, or “dissimilar”. Since S, and Ss
are very similar, their likeness score is high (greater than 75)
meaning that S5 falls in the “very similar” class compared to
Sqa, Whereas Sy likely falls in the “dissimilar” class, given that
they are very different (hence, their likeness is lower than y).

Formally, given the likeness score | = L(D,, D;) and the
thresholds 7; j<n—1, we consider a thresholding function T'
defined as follows:

c1, ifl<n
Co, ifl>mAl<m
Troen () =410 (1
ey, fl>TN_oANTI<TN_1
CN, ifl>7n_1
where ¢y, ..., cy identify the classes ordered from low to high
likeness.

3) Mapping likeness classes to customized margins: The
third and final step of our procedure RecCon maps the infor-
mation obtained from previous steps to customized constraints.
As mentioned before, the aim is to enforce a distance between
representations in the embedding space, and such a distance is
related to the likeness class. Therefore, taking inspiration from
the triplet loss function [21] commonly used in contrastive
learning settings, we represent the distance as the margin
hyperparameter. Different from the standard approach, we
introduce one customized margin for each likeness class,
namely A; to Ay. Then, the function M in Alg. [I] simply
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maps ¢; to A;. Note that the biggest margin is assigned to the
lowest likeness class, hence the margins follow a descendant
order, i.e. A1 > Ay > - > Ap.

B. Latent representations for complex 3D scenes

To extract a representation for the complex 3D scenes
and the related descriptions, we build on top of the state-of-
the-art cross-modal retrieval approach CLIP [20]. The visual
and textual backbones, implemented by means of a Vision
Transformer [50] and a standard Transformer [51], are jointly
pretrained using the contrastive loss function introduced by
CLIP, and then frozen so that the knowledge learned can
be transferred to new data. As we extract multiple images
from each complex 3D scene, the Vision Transformer is used
to encode the content of each into a compact vector. Then,
a one-dimensional convolutional neural network and a MLP
are applied to learn a task-dependent representation of it.
For the descriptions, the Transformer is used to extract a
vector for each sentence as the descriptions are very long.
Then, a bidirectional GRU is applied to learn a contextual
representation leveraging the sequential nature of the sentences
within the paragraph. The same methodology for extracting
the representations of scenes and descriptions was also used
in previous works on the topic [[13[], [[14].

C. Adapting a standard contrastive learning framework to use
customized distance constraints

After identifying the recommended constraints based on
the likeness function (Sec. and extracting the repre-
sentations for the input data (Sec. [[II-B), the constraints are
integrated into the training objective so that the represen-
tation functions are adjusted to better satisfy them. In our
methodology, we start from the triplet loss function and adjust
it to integrate our customized constraints, obtaining a novel
adaptive version of the triplet loss function. Formally, Equation
[2 illustrates the triplet loss calculation where s is the cosine
similarity, a, p, and n are used to represent the anchor, positive,
and negative elements of the triplet:

L(a,p,n) = maz(0, RecCon(a,n) + s(n,a) — s(p,a)) (2)

Equation [3| describes the loss calculation across a batch B,
consisting of pairs made by a complex 3D scene and its textual
description, i.e. B = {(s;,d;)|s; € S,d; € D} where S and
D represent the set of scenes and descriptions, respectively.

1
Lar(B)=—=| Y. Y. L(S4Da,Dy)
|S| (Sa,Dq)EB Dn€B

D,#D,
? 3)

+ 0y ZL(DQ,SQ,Sn)>

(Sa,Dg)EB Sn€S

Sn#Sa
Note that in standard triplet loss [21]], the margin A is
fixed, whereas here RecCon(a,n) customizes the margin
based on the input. This means that all the negatives are

considered equally, neglecting that the complex 3D scenes
at hand may have very nuanced degrees of shared content.
Therefore, at training time, many fine-grained details are lost
and not properly understood by the model, whereas with our
procedure the aim is to support the model in learning them.

IV. EXPERIMENTAL RESULTS
A. Datasets

We validate our approach on two large datasets. The first
one (referred to as Apartments later on) is a public dataset
consisting of more than 6000 apartments [13]], each described
by a paragraph detailing each room and the furniture contained
in it. The second dataset (we refer to it as Museums) is
novel and collected for this manuscript. It consists of 3000
museums, each containing between 5 and 8 rooms (6.5 on
average) decorated with multiple paintings taken from SemArt
[52]. Each museum is described by a paragraph containing: the
number of rooms, then for each room the amount of paintings
and their school, followed by a description of each painting.
Given the complexity and richness of the two scenarios, the
paragraphs are very long, averaging 16 sentences and 319
words for the Apartments, 171 sentences and 3447 words for
the Museums. An example of these data is reported in Figure[3}
For the Apartments, we follow the split used in [13|], consisting
of 4256, 912, and 913 apartments for train, validation, and
test set. For the Museums, we split them with 70/15/15 ratio,
resulting in 2100, 450, and 450 museums.

B. Existing methods

We consider the following methods for performance com-
parison. CNV uses a Transformer and a Vision Transformer,
jointly pretrained with CLIP [20], for feature extraction from
the sentences forming the descriptions and the multi-view
images taken within the 3D scenes, respectively. Then, using
standard contrastive learning, it learns optimal weights for
a bidirectional GRU processing the input sentences, and a
neural network composed by a convolutional layer and a MLP.
FArMARe [13] extends CNV by implementing a multi-task
learning setting with the addition of a classification objective
aimed at injecting into the model better knowledge of furniture
objects. We also include two other simpler baselines from
[13]: NLB, which is a zero-shot baseline taking the mean of
CLIP-based vectors and then ranking using cosine similarity,
and AFN, which learns an MLP on top of the mean pooled
vectors. Finally, AdOCTeRA [14] is the early implementation
of the method proposed in this study. It is less general, as
the procedure for recommending constraints is designed on
the structure of the Apartments descriptions, and has more
difficulties in dealing with longer and complex descriptions,
such as those found in the Museums dataset, since it only uses
one language model for the likeness function.

C. Evaluation protocol

The evaluation protocol consists of the following steps.
First, the training procedure is performed and a trained model
is obtained by selecting the best performer on the validation
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, [...] Regarding the living

room, it includes

\" st 0sitio al.
Moreover [...] Regarding the bedrooms, the first one comprises one
king-size bed with Light Luxury style, with Smooth Net theme, and Rough
Cloth material. [...]

In this museum there are six rooms. In the first room, there are four paintings. There
are 1 paintings from the German school with a portrait style, 3 paintings from the
Italian school with a religious style.

[...] In the second room, there are four paintings. There are 1 paintings

from the Italian school with a religious style, [...] One painting is titled Madonna and
Child with an Angel and is described as follows. It is possible that this somewhat
awkward painting of the Madonna was produced while Botticelli [...]

-l

Fig. 3. Examples taken from the datasets considered in this study. For both datasets (Apartments on left, Museums on right), we show the 3D scene, part of
the description, and multi-view images extracted from the scene. We include colored boxes to show how the descriptions and the visual data are aligned.

set. Then, this model is executed on the testing set, allowing to
assess its performance on unseen data. This process is repeated
four times with random seeds and the performance metrics are
reported as average across the different runs. The performance
metrics include the recall rates, the sum of recalls, and the
median rank. The recall at K (or R@K) measures the amount
of times the groundtruth was observed in the top K of the
ranking list. Common values for K are 1, 5, and 10. The
sum of recalls (Rsum) is also frequently reported in cross-
modal retrieval works, and consists in the sum of R@1, R@5,
and R@10 in both directions of retrieval (i.e., both scene-to-
text and text-to-scene) for a more comprehensive view on the
results. Finally, the median rank (MedR) assesses the median
position of the groundtruth in the ranking list.

D. Implementation details

We use ViT-B-32 to extract visual features from the
multi-view images taken within the 3D scenes. For the descrip-
tions, a 12-layer Transformer was used. The Vision Trans-
former and the Transformer are jointly pretrained using CLIP
on LAION-2B [53]. The models used for the likeness com-
putation are paraphrase-distilroberta-base-v2
for DistilRoBERTa [54], [55], all-MinilLM-L6-v2 for
MiniLM [56]], and gte-large—-en-v1.5 for GTE-Large
[57], all obtained from the SentenceTransformers environment.
Each training run uses a batch of 64 and lasts up to 50 epochs,
early stopping if the validation loss does not decrease by at
least .0001 in 25 epochs. The weights and biases are optimized
using Adam, with initial learning rate of .008 and decay factor
of 25% after 27 epochs. In the comparison with state-of-the-
art, we use one threshold (7 = 0.25) with margins set to
0.25 and 0.40 for the Apartments dataset, and two thresholds
(11 = 0.45, 79 = 0.75) with margins set to 0.25, 0.40, and 0.55
for the Museums dataset. The implementation uses PyTorch

2.2.0 and the experiments are run on a machine using one RTX
A5000 GPU, 32 GB of RAM, and an Intel Core 17-9700K.

E. How does our approach compare to existing works?

Here, we compare the performance obtained using AL-
CER3D to existing solutions, namely NLB, AFN, CNV, FAr-
MARe [13], and AdOCTeRA [14]. More details on these
models are presented in Sec. [[V-B] In Table [, we present
the results. Two major observations are made.

Compared to the baseline, the proposed approach leads
to consistent improvements in both scenarios considered.
Specifically, for the Apartments dataset, +0.9% R@1, +3.7%
R@5, and +4.6% text-to-Apartment R@10 are obtained with
ALCER3D, whereas for Museums, the improvements measure
+4.1%, +11.4%, +13.7%, respectively. These results show both
the effectiveness of the proposed approach, and its increase in
effectiveness when more complex descriptions are involved. In
fact, Museums’ descriptions are considerably longer and richer
than the Apartments’ descriptions (see Sec. [[V-A), and the
use of multiple models when computing the likeness becomes
fundamental, resulting in four times the performance compared
to AdOCTeRA (from 1.2% to 4.8% R@1) and almost seven
times the baseline performance (0.7% to 4.8% R@1).

Compared to the early prototype, AdOCTeRA, the method
proposed in this manuscript has several benefits. First, while
on the Apartments dataset it leads to only slightly better
performance (overall, +2.1 Rsum), the proposed approach is
more general, as it uses the full description to adapt the opti-
mization constraint. Second, when working on more complex
descriptions, it obtains considerably higher performance. We
adapted AdOCTeRA to the new scenario, using the same
model previously used for the likeness computation on the full
description, with two thresholds and three similarity classes.
The proposed approach achieves 4.8% R@1, 16.1% R@5, and
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TABLE I
COMPARISON OF EXISTING METHODS TESTED ON THE TWO DATASETS UNDER ANALYSIS. POSITIVE CHANGES (A) IN PERFORMANCE ARE HIGHLIGHTED
IN GREEN. T-A AND T-M STAND FOR TEXT-TO-APARTMENT AND TEXT-TO-MUSEUM (AND VICE VERSA FOR A-T AND M-T). {: REPRODUCED USING
THE CODE FROM [/ 13]]. x: TESTED WITH DISTIL-ROBERTA, TWO THRESHOLDS, AS IN [14]]. DETAILS IN SEC.

[ [ Apartments |
Text-to-Apartment Apartment-to-Text T-A A-T

Method R@l R@5 R@I10 | R@l R@5 R@I0 | MedR MedR | Rsum
NLB [13] 0.1 0.6 1.3 0.6 1.9 3.7 413 339 8.2
AFN [13] 10.6 25.5 342 8.9 23.2 31.3 29 31 133.7
CNV [13] 23.7 40.6 48.9 23.1 40.7 48.9 11 12 225.9
FArMARe [13] 24.8 42.6 49.1 25.7 414 49.1 11 11 232.7
Ours

AdOCTeRA [14] 24.5 44.3 53.0 25.0 429 52.0 8.3 9 241.8
ALCER3D 24.6 44.3 53.5 24.6 44.1 52.1 8.3 8.5 243.1
A baseline 0.9 3.7 4.6 1.5 34 3.2 -2.8 -3.5 17.2
A FArMARe -0.2 1.7 4.4 -1.1 2.7 3.0 -2.8 2.5 10.4
A AdOCTeRA 0.1 0.0 0.5 -0.4 1.2 0.1 -0.1 -0.5 1.3

[ [ Museums |
Text-to-Museum Museum-to-Text ™M M-T

Method R@l R@5 R@I10 | R@l R@5 R@I0 | MedR MedR | Rsum
NLB 0.4 2.4 4.0 0.2 1.6 3.1 171.0 199.5 11.8
CNV 7 0.7 4.7 9.6 0.8 5.6 9.2 55.3 57.3 30.6
Ours

~AdOCTeRA 1.2 7.8 14.8 1.1 7.9 14.7 43.9 45.9 47.6
ALCER3D 4.8 16.1 23.3 5.6 15.9 23.7 43.4 44.5 89.5
A baseline 4.1 11.4 13.7 4.8 10.3 14.5 -12.0 -12.8 58.9
A ~AdOCTeRA 3.6 8.3 8.5 4.5 8.0 9.0 -0.5 -1.4 41.9

23.3% R@10 whereas AdJOCTeRA stops at 1.2%, 7.8%, and TABLE II

PERFORMANCE COMPARISON WHEN VARYING THE APPROACH FOLLOWED
FOR COMPUTING THE LIKENESS. M = MINILM [56], R =
DISTILROBERTA [54], [55], G = GTE-LARGE [[57]]. DETAILS IN SEC.
V-2

14.8%, respectively.

Apartments |

F. How many models should we use to compute the likeness?

Text-to-Apartment | Apartment-to-Text
.. . Method R@1 R@10 R@1 R@10 Rsum
The se'cond question 1nv§st1gates the number of models used R 716 339 20 553 718
for the likeness computation. Three models, both small and G 23.7 524 23.9 52.0 238.7
large while still achieving good performance, are considered. ﬁ - ;jg gi(l) gi-? g;-g ;g-g
. . . . + . 3 . . .
DISFII—ROBERTa (82M parameters) is optalned through the R+G 26 534 24 527 2421
distillation of RoBERTa-base [54] following the procedure of R+M 24.6 53.7 23.3 52.6 241.7
DistilBERT [55]]. MiniLM [56]] (22.7M parameters) introduces M+R+G | 24.6 535 24.6 52.1 243.1
several technical improvements resulting in a more flexible l [ Museums |
approach, which obtains better generalization through the use Text-to-Museum | Museum-to-Text
of an additional “teacher assistant” for the distillation phase. ]geth”d R]("T Rg 120 R1@21 R](?) 110 lzzu;]
Finally, GTE-Large [57] is a large model (434M parameters) G 14 131 13 14.4 448
pretrained with data coming from multiple sources, including M 22 17.9 2.4 194 62.2
M+G 2.6 174 2.8 7.7 61.1
data fro.rn the C(.)deSearchNet benchmark [58.]. RAG . 157 5 Y 427
In this experiment, the results reported in Table are R+M 1.4 12.7 1.8 12.3 42.1
obtained using at training time a single threshold, i.e. two M+R+G | 26 18.3 3.8 18.1 65.2

likeness classes, for easier comparison. We observe that the
answer to the main question depends on the richness of the

o . i ining?
descriptions. In fact, for Apartments, a single model seems G. How many likeness classes should we use for training:

to suffice, with MiniLM leading to 24.8% R@1 and a Rsum
of 243.9. Nevertheless, using three models does not lead to
significantly worse results (e.g., -0.2% R@]1). However, as
the descriptions become more complex, using more models
to support the decision results in better performance. Looking
at average R@1, the lowest performance is obtained with a
single model (MiniLM with 2.3%, average of 2.2% text-to-
apartment and 2.4% apartment-to-text R@1), whereas 2.7%
(2.6% and 2.8%) is obtained adding GTE-Large, and finally
3.2% (2.6% and 3.8%) using all three models together.

The third question explores the effect of changing the
amount of likeness classes. Notably, as low as one class could
be considered, similar to the baseline where the same margin
is used for all samples, to an infinite number of classes, where
the margin is directly proportional to the likeness value.

We explore this question across single- to multi-model
solutions for likeness computation, starting with MiniLM,
since it resulted in the best performance in the previous
experiments. We consider a number of classes varying from
one to four, as the performance drops off already with three
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t-SNE Baseline

t-SNE ALCER3D TABLE III
.. T ee PERFORMANCE COMPARISON WHEN VARYING THE NUMBER OF LIKENESS
. CLASSES. T-A AND T-M STAND FOR TEXT-TO-APARTMENT AND
c o, TEXT-TO-MUSEUM (AND VICE VERSA FOR A-T AND M-T). DETAILS IN
’ Sec. V=Gl
. LN o R
: ‘. . [ [ Apartments |
: o .o Num. TA AT
IR o . Method Classes | R@l R@10 | R@l R@I10 | Rsum
. * . (base) 1 237 489 | 231 480 | 2259
@ ) M 2 248 531 | 248 528 | 2439
M 3 24.7 52.8 24.5 52.2 240.4
Fig. 4. t-SNE plots of the embedding space comprising 20 random samples M 4 248 52.5 239 519 239.1
] . LG M+G 2 24.5 54.0 24.1 52.0 241.0
(pairs of scenes/circles and descriptions/squares) from the test set of the
X . . . M+G 3 243 53.1 24.5 51.1 238.8
Museums dataset. These 20 pairs are then projected using the trained (a)
baseline approach, and the (b) proposed ALCER3D approach M+G 4 240 3.1 232 2.1 239.0
§ pproach, Propos pproach. R+M 2 246 537 | 233 5.6 | 2417
R+M 3 239 52.5 23.7 51.7 238.6
. R+M 4 24.0 53.3 24.3 52.2 241.5
classes. The results are reported in Table It can be M+R+G 2 246 535 | 246 521 | 2431
seen that two classes represent a generally viable solution, M+R+G 3 240 536 | 245 519 ) 2407
. . . . . . M+R+G 4 24.1 52.8 23.4 51.8 237.8
leading for instance to the highest R@1 in all combinations A
of methods tested for the Apartments scenario. However, in | e |
he M dataset that the best result btained pum. Ll M
the Museums dataset, we see that the best results are obtaine Method — Classes [ R@T R@T0 T R@T R@I0 ] Rsum
when three classes are considered (4.8% R@1 and 89.5 Rsum (base) I 0.7 9.6 0.8 9.2 30.6
with all three models used for likeness computation, 2.9% M % (2)5 Hg %j }gg gég
R@l and 72.4 Rsum when MiniLM and GTE-Large are used). M 1 s 118 L4 121 40.8
This result further corroborates the hypothesis that with more M+G 5 76 7.4 78 177 61.1
complex scenarios (on average, Museums have 3447 words M+G 3 2.9 20.6 3.9 194 | 724
per description whereas Apartments have 319), having more M+G 4 0.8 116 1.4 114 374
) " t ’ R+M 2 14 127 18 123 | 421
likeness classes positively influences the final performance. R+M 3 1.1 11.9 1.1 11.7 37.9
To better illustrate the effectiveness of using multiple lan- R+M 4 1.3 11.3 1.1 11.2 | 366
guage models together with different margin settings, the t- ﬁ:g:g % i‘g ;gg 2'2 g; gg‘g
SNE plot of the embedding space for 20 random samples from M+R+G 1 15 123 16 119 | 398

the test set of the Museums dataset is presented in Figure 4]
The comparison includes both the baseline and ALCER3D,
which utilizes all language models and three classes. In these
plots, the same colors represent a unique pair (scene and
description), while circles denote scenes, and squares represent
descriptions. As shown in Figure d{b), corresponding pairs are
much closer to each other compared to Figure [d[a), which does
not incorporate any customized margin.

H. What would happen if we used CLIP to compute the
likeness?

In the proposed method, we use an ensemble of language
models to analyze the input descriptions and compute a
likeness value. Here, we test whether using the multimodal
knowledge encoded in CLIP to compute the likeness leads to
better generalization. To do so, given the representation of the
descriptions and the images, we separately compute the textual
and visual likeness, and then we take their average to obtain
the final likeness value. The representations are given by the
mean-pooled image-level and sentence-level vectors.

We compare the usage of CLIP to the four combinations
of the textual models that we used before, i.e. MiniLM
M), MiniLM+GTE (M+G), RoBERTa+MiniLM (R+M), and
finally all the three models (M+R+G). In the eight com-
parisons, we use the hyperparameters—number of classes,
thresholds, and margins—from the previous experiment. For
the Apartments, we used two classes, with thresholds set to
0.85, 0.55, 0.85, and 0.25, while the margins were set to (0.25,

0.40), (0.25, 0.30), (0.25, 0.55), and (0.25, 0.40), respectively.
On the other hand, for the Museums, we used two classes for
M, with the threshold set to 7 = 0.25 and margins (0.25, 0.55);
N = 3 for M+G with 7, = 0.35, 75 = 0.75, and margins (0.25,
0.30, 0.40); N = 2 for R+M with 7 = 0.55, and margins (0.25,
0.45); finally, N = 3 for M+R+G with 7y = 0.45, 79 = 0.75,
and margins set to (0.25, 0.40, 0.55).

The following observations are made. On the Apartments
dataset, using CLIP leads to better performance than the
baseline (225.9 Rsum), obtaining up to 238.8 Rsum (+13
over the baseline). This improvement is more marked on the
R@10 where up to +4% (52.9% T-A R@10 compared to
48.9%) is observed in setting (b). However, the performance
obtained in these scenarios does not reach the same level
obtained by the proposed method. On the Museums dataset,
the proposed method obtains far better results than using CLIP
for computing the likeness. Specifically, up to 89.5 Rsum is
obtained whereas using CLIP the performance is similar to the
baseline (up to 31.5 Rsum in setting (g) compared to 30.6).

1. How do the thresholds and margins value affect the perfor-
mance?

As part of the proposed methodology, the value of the
margins and the thresholds separating the likeness classes
represent key hyperparameters. Therefore, we investigate how
they affect the final performance in the Apartments dataset,
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TABLE IV
PERFORMANCE COMPARISON BETWEEN TEXT-ONLY METHODS (MINILM,
GTE-LARGE, DISTIL-ROBERTA) FOR COMPUTING THE LIKENESS AND
MULTIMODAL METHODS (CLIP). T-A AND T-M STAND FOR
TEXT-TO-APARTMENT AND TEXT-TO-MUSEUM (AND VICE VERSA FOR
A-T AND M-T). DETAILS IN SEC.[IV-H|

[ [ Apartments |
T-A A-T
Method R@l R@10 | R@l R@10 | Rsum
(base) 23.7 48.9 23.1 48.9 225.9
@) M 24.8 53.1 24.8 52.8 243.9
C 22.7 49.9 22.8 49.7 227.4
(b) M+G 24.5 54.0 24.1 52.0 241.0
C 23.8 52.9 239 52.0 238.8
© R+M 24.6 53.7 23.3 52.6 241.7
C 22.5 50.2 22.6 50.0 227.2
) M+R+G 24.6 53.5 24.6 52.1 243.1
C 23.8 52.0 24.1 51.3 236.8
[ [ Museums |
T-M M-T
Method R@l R@10 | R@l R@10 | Rsum
(base) 0.7 9.6 0.8 9.2 30.6
© M 2.2 17.9 2.4 194 62.2
C 0.8 8.9 0.7 9.8 28.9
M+G 29 20.6 3.9 194 72.4
® ¢ 09 86 | 10 89 | 287
R+M 14 12.7 1.8 12.3 42.1
©® ¢ 08 97 | 15 100 | 315
(h) M+R+G 4.8 23.3 5.6 23.7 89.5
C 0.8 8.6 0.9 9.4 28.5

considering a setting with three likeness classes. Specifically,
the following procedure is used to select the margins and
thresholds. For the thresholds, we evaluated several values
ranging from 0.25 to 0.55 for the lower threshold while
fixing the upper threshold to 0.75; then, after fixing the lower
threshold to 0.45, we evaluated several values in the remaining
interval (0.65 to 0.85) for the upper threshold. After fixing
the thresholds, we set the first margin to 0.25, as done in
existing cross-modal retrieval works [14], [[16], [59], [60],
whereas for the other margins, we performed a grid search
varying the values to increase or decrease the distance between
embeddings, with increments ranging between 0.02 and 0.05.
The results are reported in Table

Overall, the performance is sensibly affected by the choice
of these hyperparameters, with the R@1 ranging from 22.5%
to 24.0% and the R@10 from 49.6% and 53.6%. In (a) and
(b), we consider a fixed set of margin values, while varying
the lower and upper thresholds, respectively. In both cases,
we fix one of the thresholds while varying the other in incre-
ments of 0.10 in the remaining interval. When increasing the
lower threshold from 0.25 to 0.55, the performance increases
steadily, especially in terms of R@10, increasing to 3.1%
R@10 when it is set to 0.45. Similarly, in Table b), we
observe that varying the upper threshold in the remaining
interval also leads to sensible variations in R@10 compared to
setting it to 0.75. For the margins, we fix m; = 0.25 and vary
mg and ms. First, in (c), we vary mo with increments of 0.02,
but the performance decreases in both directions. Similarly,
when varying mg in (d), we also observe negative variations
in the performance. In (e), we try both to set ma = 0.35
and vary ms in [0.40, 0.50], but the performance further

TABLE V
ABLATION STUDY ON THE SENSITIVITY OF TWO HYPERPARAMETERS
(THRESHOLDS AND MARGINS) FOR OUR METHOD. EXPERIMENTS
PERFORMED ON THE APARTMENTS DATASET. DISCUSSION IN SECTION

V-1
Thresholds Margins
Low  High m1 mo m3 R@1 R@10
025 075 | 025 030 035 | 239 50.5
@ 035 075 | 025 030 035 | 240 51.6
045 0.75 | 025 030 035 | 24.0 53.6
055 075 | 025 030 035 | 225 50.4
045 065 | 025 030 035 | 236 51.9
(b) | 045 075 | 025 030 035 | 24.0 53.6
045 085 | 025 030 035 | 23.6 52.6
045 075 | 025 028 035 | 239 51.9
(¢c) | 045 075 | 025 030 035 | 24.0 53.6
045 0.75 | 025 032 035 | 23.0 52.1
045 075 | 025 030 033 | 23.6 49.6
) 045 075 | 025 030 035 | 24.0 53.6
045 075 | 025 030 037 | 224 50.3
045 0.75 | 025 030 040 | 22.7 50.7
045 075 | 025 035 040 | 23.0 51.6
(e) | 045 075 | 025 035 045 | 226 51.0
045 075 | 025 035 050 | 222 51.7

decreases. These results show that carefully finetuning these
hyperparameters is important to improve on the final task. In
our experiments, the best combination sets the thresholds to
0.45 and 0.75, and the three margins to 0.25, 0.30, and 0.35.

J. Limitations

We highlight two main limitations in our work.

First, the use of unimodal representations for computing
the likeness function. We showed that leveraging large vision-
and-language models to compute a multimodal likeness leads
to comparable yet slightly lower performance on the Apart-
ments scenario compared to the proposed approach. However,
unfavorable results are obtained when using very complex
scenarios, such as those in Museums (see Sec. for
details). Nonetheless, it is still limiting that at training time
our methodology sees the textual descriptions to compute
the likeness and identify a proper margin. Further research
is required to test more complex multimodal models and
understand how to adapt them to the task.

Second, while with the proposed approach we obtain consid-
erable improvements, especially when dealing with complex
scenarios and descriptions, the use of multiple models has
notable impact either on training time and GPU memory,
or on disk space usage and RAM memory. If the pretrained
language models are used for creating a representation of the
descriptions while training, then the models substantially uses
the GPU memory (about 2.7 GB in our setting), limiting other
hyperparameters such as the batch size, while also slowing
down the process, since the extraction process takes a consid-
erable amount of time (e.g. about 2.8s when using MiniLM on
a batch of 64 descriptions taken from the Museums dataset).
If the feature extraction and the computation of the likeness
values are performed before training, as preprocessing steps,
the training time is almost unaffected by the additional pro-
cessing required to compute the modified loss, however there is
an increase in disk space (about 1 GB) and RAM usage (about
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5.7 GB) to keep the matrices containing the precomputed
likeness values in memory and to avoid reading them from
disk when needed, which would increase the training time.
While these aspects do not affect inference time, which is
more important when it comes to practical applications, they
still represent some limitations we could not overcome with
existing technologies.

V. CONCLUSIONS

With the Metaverse and its immersive experiences contin-
uously growing in size, the problem of finding those which
satisfy the constraints and desires expressed by the user is
becoming urgent. Previous works on the topic, which focused
on retrieving complex 3D indoor [13], [15] and multimedia-
rich scenes [16], [17]], inherited the state-of-the-art cross-
modal approach CLIP [20] and built dedicated solutions on
top of it. This approach is not optimal: when contrasting the
representation of a 3D scene and its description against that
of other scenes/descriptions, standard approaches neglect the
many degrees of shared content between them. Therefore,
to capture these nuances and instill them into the model,
we devised a novel learning strategy with personalized and
automatically recommended distances to be enforced on the
joint embedding space. We validated our approach on two
datasets and observed improved retrieval performance, both
when comparing to our baseline (+3.7% R@5 on Apartments,
+11.4% R@5 on Museums) and to existing methods, obtain-
ing +1.7% and +8.3% R@5, respectively. We confirmed the
effectiveness of aggregating the opinions given by multiple
models to support the procedure for personalizing the learning
constraints, especially when dealing with very complex sce-
narios. Furthermore, we showed that the amount of likeness
classes to be used varies based on the dataset, as two classes
are optimal for Apartments but three are generally better
for Museums. Finally, we highlighted two limitations of our
approach, suggesting possible future directions.
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