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Abstract— Cross-Modal Retrieval (CMR), which retrieves
relevant items from one modality (e.g., audio) given a query
in another modality (e.g., visual), has undergone significant
advancements in recent years. This capability is crucial for
robots to integrate and interpret information across diverse
sensory inputs. However, the retrieval space in existing robotic
CMR approaches often consists of only one modality, which
limits the performance of the robot. In this paper, we propose
anovel CMR model that incorporates three different modalities,
i.e., visual, audio, and tactile, for enhanced multi-modal object
retrieval, referred to as VAT-CMR. In this model, multi-modal
representations are first fused to provide a holistic view of
object features. Then, to mitigate the semantic gaps between
representations of different modalities, a dominant modality
is selected during the classification training phase to improve
the distinctiveness of the representations and enhance the
retrieval performance. To evaluate our proposed approach, we
conducted a case study and the results demonstrate that our
VAT-CMR model surpasses competing approaches. Further, our
proposed dominant modality selection significantly enhances
cross-retrieval accuracy.

I. INTRODUCTION

In recent years, Cross-Modal Retrieval (CMR), the process
of querying data in one modality (e.g., audio) to retrieve
relevant items from another modality (e.g., vision) has made
significant strides [1]-[3]. This progress has been driven by
the exponential growth of multi-modal data, in various forms
of images, texts and audio, available on the internet and in
our daily lives. CMR holds great promise for applications
such as healthcare, where it could align medical imaging with
related patient profiles, thereby improving diagnostic accu-
racy. In the context of robotics, CMR enables the processing
and interpretation of information across diverse sensory
inputs, such as vision and touch, empowering robots to adapt
and interact more effectively with their environment [4]-[6].

Many existing CMR approaches within the field of
robotics are limited by their focus on single-modality re-
trieval and reliance on bi-modal CMR networks [7], [8].
While relying on a single-modality may compromise the
retrieval accuracy due to restricted information scope, the
use of multiple bi-modal CMR models to handle more than
two modalities [9] increases the computational complexity
and reduces the overall efficiency.

In contrast, human perception seamlessly integrates infor-
mation across multiple modalities, such as vision, sound, and
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Fig. 1. Tllustration of visual-audio-tactile cross-modal retrieval. Left: The
visual, audio, and tactile representations of the same object converge within
a shared space. Right: The robot retrieves the corresponding audio and tactile
data when provided with a visual image of the dustpan.

touch, to form a cohesive understanding of the environment.
This natural ability to cross-reference sensory information
leads to more robust and accurate information retrieval.
Research on human sensory perception [10], [11] has
demonstrated that the integration of multiple modalities can
facilitate the development of more effective neural represen-
tations, thereby enhancing cognitive performance.

In this work, we propose a novel CMR model that incor-
porates three distinct modalities for object retrieval, named
VAT-CMR, as illustrated in Fig. 1. In the model, multi-
modal representations are first learned to offer a holistic
representation of the object features. This approach enhances
the disambiguation of latent spaces, which might otherwise
remain ambiguous when confined to a single modality. To
improve the alignment among the diverse modalities, we
use an attention mechanism during the multi-modal feature
fusion stage. Additionally, we introduce the concept of
dominant modality selection during the classification training
phase. This approach differs from conventional methods,
which often optimise based on a concatenated representation
of features from multiple modalities. The emphasis on a
dominant modality aims to effectively mitigate the semantic
gap between modalities, thereby boosting the performance
of our retrieval model.

To evaluate our proposed VAT-CMR approach, we con-
ducted a case study and collected a synthetic dataset fea-
turing 20 objects with data from three modalities, i.e.,
vision, audio, and touch. Our experiments demonstrate that
VAT-CMR outperforms the state-of-the-art CMR methods,
showcasing a noteworthy improvement in Mean Average
Precision (MAP) when the query modality is either vision
or touch. Additionally, through an ablation study, we found
that both the attention feature modules and the incorporation
of dominant modality selection contribute to an enhanced
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retrieval accuracy by 0.04 and 0.05, respectively.
Our contributions can be summarised as follows:

« We propose VAT-CMR, a novel CMR model that utilises
multi-modal feature representations for retrieval tasks;

o We introduce the concept of dominant-modality-based
training for CMR, which enhances the retrieval perfor-
mance;

e The proposed VAT-CMR outperforms the state-of-the-
art approaches, with code publicly available'.

The rest of the paper is structured as follows: Section II
provides an overview of related work; Section III introduces
our VAT-CMR framework; Section IV details our synthetic
dataset and the evaluation metrics used; Section V analyses
the experimental results. Finally, Section VI presents the
discussion and summarises the work.

II. RELATED WORKS

The exploration of Cross-Modal Retrieval (CMR) has
gained increasing attention in recent years, due to the rapid
proliferation of multi-modal data in robotics, such as images,
text, audio and tactile readings. Existing CMR methods fall
into two categories: traditional multi-modal representation
learning methods and deep multi-modal representation learn-
ing methods.

Early techniques for CMR relied on simplistic represen-
tations, with Canonical Correlation Analysis (CCA) [12]
being one of the popular methods. CCA maximises the
correlation between modalities, employing a semantic space
to measure similarity. Other methods, like Partial Least
Squares (PLS) [13] and Bilinear Model (BLM) [14], also
aimed at learning latent common spaces but often faced
scalability and generalisation challenges.

Recent advancements in CMR are shaped by deep
network-based representation learning [15]. Notable ex-
amples include Deep Canonical Correlation Analysis
(DCCA) [16], which learns intricate nonlinear transforma-
tions to ensure a strong linear correlation between bi-modal
data representations. Deep Canonically Correlated Autoen-
coders (DCCAE) [17] extend these concepts through recon-
struction objectives. In the realm of adversarial learning,
Adversarial Cross-Modal Retrieval (ACMR) [18] employs a
feature projector, a modality classifier and a triplet constraint
to establish an effective common subspace. Deep Supervised
Cross-modal Retrieval (DSCMR) [19] focuses on minimising
discrimination loss in both the label space and the common
representation space to learn discriminative features.

Recently, there have been works on cross-modal retrieval
among visual, audio and tactile modalities [20], [21]. Liu et
al. [20] investigate active visual-tactile cross-modal matching
using a dictionary learning model, while their work [22]
introduces a framework for weakly paired fusion of tactile
and auditory modalities and cross-modal transfer for the
visual modality. Zheng et al. propose a novel Discriminant
Adversarial Learning (DAL) method, addressing intra-modal
discrimination and inter-modal consistency for visual-tactile

I https://github.com/jagodawojcik/VAT-CMR

cross-modal retrieval in a unified training process. Despite
these advancements, there is a gap in exploring multi-
modal retrieval representations for cross-modal retrieval with
multiple modalities.

III. METHODOLOGY

In this section, we first outline the problem formulation
and then introduce our proposed Vision-Audio-Touch Cross-
Modal Retrieval (VAT-CMR) model, with an overview of the
model illustrated in Fig. 2. Finally, we provide details on the
training methodology to facilitate the reproduction of this
work.

A. Problem Formulation

The Cross-Modal Retrieval (CMR) problem addressed in
this work considers three types of data: visual, audio, and
tactile readings. Let v € R%, a € R%, and t € R? represent
the visual features, audio features, and tactile features derived
from visual images, audio data, and tactile data, respectively.
Here, d,, d, and d; denote the dimensions of the latent
representations of the vision, audio, and touch modalities,
respectively. Each sample of visual, audio, and tactile data
is associated with a corresponding one-hot category label
y; € RY, where C represents the number of categories in
the dataset.

Given a set of training samples V' = {v1,vs,...,v,},
A = {ay,a9,...,a,} and T = {t1,t9,...,t,} extracted
from paired visual, audio, and tactile data, VAT-CMR first
employs supervised learning to establish a shared semantic
space. The primary objective is to ensure close alignment
among the corresponding visual, audio, and tactile represen-
tations, facilitating instance retrieval across modalities when
provided with data from a specific modality. This alignment
is achieved through a function f(-) that maps features from
all modalities into a common semantic space. The training
goal is to maximise the semantic similarity between multi-
modal representations of the same object. Euclidean distance
is employed as a similarity metric sim(-,-), which is used
to evaluate the distance between query and retrieval feature
representations:

i VXAXT =S (1)
where S represents the shared semantic space.

B. The proposed VAT-CMR model

To address the visual-audio-tactile cross-modal retrieval
problem, we develop a three-branch network. As shown in
Fig. 2, our VAT-CMR model takes a visual RGB image, a
tactile image from an optical tactile sensor [23]-[26] and
an audio sample as input. Within each branch, the three
distinct modalities are processed through disjoint networks
during the initial layers to capture modality-specific features.
An attention mechanism is used to fuse the multi-modal
representations of the retrieval modalities. Finally, a cross-
entropy loss based on the selected dominant modality is
employed to obtain final feature representations. These are
then mapped to the common latent space using triplet loss.
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Fig. 2.

Overview of our VAT-CMR model (using audio as the query modality in this example). From left to right: First, VAT-CMR takes a visual

image, a tactile image, and an audio sample as input. These inputs are processed through three separate neural network branches. Multi-head attention
modules are used to fuse the feature representations from the two retrieval modalities. With the fused feature representation F', and the positive input
modality feature P, the model is trained using cross-entropy loss, where audio serves as the dominant modality and is directly linked via a solid line. The
dashed lines connected to the cross-entropy module represent the cases when other modalities are selected as the dominant modality. Finally, a triplet loss
function is employed to map the features extracted from the last hidden layer of each branch to a cross-sensory embedding space. N on the right-hand

side represents a negative sample used in triplet loss training.

1) Disjoint neural networks architecture: Firstly, we ex-
tract the features from visual images, audio patches, and
tactile images to represent the object across different modal-
ities. Specifically, two pre-trained ResNet50 models [27] are
fine-tuned using the visual images and the tactile images
generated for selected objects. The visual features v and
tactile features ¢ are extracted from the last hidden layer of
the fine-tuned models. To obtain audio feature embeddings,
we use a 1D-CNN architecture, which comprises three con-
volutional layers followed by a pooling layer to reduce the
spatial dimensions of the feature maps and standardise the
size of the output representations. Subsequently, the pooling
layer’s output is fed into a fully connected layer with the
intended output dimension a.

2) Attention mechanism: The multi-head attention mech-
anism enables the model to concurrently process information
from different representation subspaces at various positions.
Following the approach introduced in Vaswani et al. [28],
we utilise a multi-head attention mechanism to highlight
shared features across two different modalities. In contrast to
a single attention head, where critical information could be
diluted through averaging, the multi-head mechanism main-
tains the integrity of these features. The fused representation
F that combines two streams of modalities can be given by:

F= % (MultiHead(Q¢, K, V,,) + MultiHead (Q,,, K, V4))

2)
where MultiHead(-, -, -) is the multi-head attention mech-
anism [28]; v and ¢ in (Q, Ky, V,) and (Q.,, K¢, V;) sig-
nify the visual and tactile modalities, respectively. Here,
we present the equation with audio as the query modility
for example, and with visual and tactile modalities fused.
However, within the VAT-CMR framework, any combination
of these three modalities can be selected for integration and
we conducted experiments across all possible combinations
of these modalities.

3) Cross-entropy loss for dominant modality optimisation:
In previous studies, a prevailing approach in guiding model
training across multiple modalities has been to employ a
common feature vector, as highlighted by [9], [29]. However,
handling multiple modalities simultaneously can increase
the complexity of the learning task, potentially leading to
degraded integrated representations due to noisy data or
less discriminative features in certain modalities, ultimately
resulting in suboptimal performance. Our series of experi-
ments revealed that a more effective strategy for multi-modal
representation learning is to focus the learning process on a
selected modality. By empirically evaluating the contribu-
tions of each modality to the learning process, we identified
the most beneficial modality, which is taken as the dominant
modality and used as the guiding force for optimisation. By
focusing on a single modality, we reduce the complexity of
the learning process, making it easier for the model to learn
meaningful representations. Instead of utilising the combined
representations of multiple modalities, we use the last hidden
layer of the disjoint neural network pathway for the dominant
modality to compute the cross-entropy loss. As a result, the
cross-entropy loss is obtained by:

K
Liominant (P7 Q) = - Zp(zz) IOg(Qdominant (xz)) 3)

i=1

where p(z;) represents the true probability distribution for
the target class x;, while ¢iominant (z;) denotes the predicted
probability distribution from the selected dominant modality
for class x;. The loss calculation is conducted at the last
hidden layer of disjoint pathways, and encompasses all K
object classes. This ensures a thorough evaluation of the
model’s classification performance, focusing on the modality
deemed most informative.

Focusing on a single modality during training offers sig-
nificant advantages for classification tasks, as it enhances
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Fig. 3.
geometric characteristics and made from materials with distinct properties.

the model’s ability to discern relevant features. Importantly,
this approach also yields long-term benefits for cross-modal
retrieval processes. By emphasising one modality, the model
becomes more adept at extracting information, leading to
improved retrieval accuracy across modalities. This versatil-
ity enhances the model’s utility and effectiveness in various
tasks, making it a valuable tool in multi-modal applications.

4) Cross-modal correlation learning: To achieve the goal
of enhancing the similarity between multi-modal represen-
tations of the same object, in this work, we use the triplet
loss, as shown in Fig. 2. The Euclidean distance, also known
as the L2-norm, is used to calculate the similarity between
different representations. To this end, the triplet loss function
is computed as follows:

L(F,P,N) = maz(||F - P||* = ||F = N|]> + a,0) (4)

where F', P and N represent the fused representations based
on the attention module, the positive input modality of
the same class, and negative input which in this context
denotes a foreign object, respectively. The parameter « is
a safety margin, ensuring that the model does not trivialise
the equation to zero by equalising the three embeddings.

C. Training Details

To enable easy replication of our work, we outline the
training details in this subsection. We employed a batch size
of 5 for all cross-entropy training tasks due to the extensive
memory requirements associated with larger batch sizes.
All cross-entropy training tasks span 50 epochs. Adam was
chosen as the gradient optimisation algorithm, with learning
rates set at 0.001 and 0.0001 for the cross-entropy and triplet
loss training stages, respectively. One critical hyperparame-
ter, the triplet loss margin, was empirically determined to be
0.5 after extensive testing.

IV. EXPERIMENTAL SETUP

In this section, we first introduce the process of synthetic
dataset generation. Then, we introduce the evaluation metrics
for cross-model retrieval.

For the purpose of this study, we generate a total of
34,500 samples of data representing 20 randomly selected
objects from the ObjectFolder 2.0 [30] dataset. The objects’
visual representations are demonstrated in Fig. 3. The dataset
is split into training, validation, and testing subsets, each

Objects used in our experiments. In total, there are 20 objects in our experiments, taken from the ObjectFolder dataset [30], each with unique

Fig. 4. Visualisation of two object examples from our generated synthetic
dataset. From left to right: The columns represent the RGB visual images,
audio spectrograms, and tactile images, respectively.

consisting of 25,500, 4,500, and 4,500 samples, respectively.
Data comprises three modalities: vision, audio, and touch, for
each object, as demonstrated in Fig. 4. To render the data, a
set of arguments is required, which allows us to produce a
diverse range of samples for each object.

o Visual: To generate a visual image, an array of length
6 is required, where the first three coordinates specify
the camera position, and the remaining three define
the position of the light source. Therefore, each test-
ing viewpoint is described by the array: (camera,,
cameray, camera,, light,, light,, light.).

o Audio: To produce an audio sample, two sets of arrays
are required. The first array takes three arguments spec-
ifying the point on the object surface (x,y, 2), where
force will be applied to generate an audio response.
The second array, also of the same size, determines the
amount of force applied to the selected coordinate point.
The force is defined by providing its three directional
components: (F, F,, F,).

o Tactile: Generation of tactile images also requires two
sets of arrays. Similarly to the audio parameters, the first
array of length 3 defines the coordinates of the point
on the object’s surface. The second array requires the
specification of gel rotation angle and gel displacement
in the form of (6, ¢, d).
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TABLE I
EVALUATION RESULTS OF CROSS-RETRIEVAL PERFORMANCE OF OUR
VAT-CMT METHOD AGAINST CCA AND OBJECTFOLDER.

Query Retrieval MAP Score
Ours CCA [12]  ObjectFolder [9]
20 objects dataset (chance = 0.05)

Vision Touch 0.93 0.44 0.51
Audio 0.90 0.54 0.51
Touch + Audio 0.96 — 0.67
Touch Vision 0.87 0.46 0.58
Audio 0.84 0.33 0.73
Vision + Audio | 0.85 — 0.75
Audio Vision 0.77 0.37 0.52
Touch 0.77 0.51 0.63
Vision + Touch | 0.81 — 0.69

V. EXPERIMENT RESULTS

In this section, we conduct a series of experiments to
evaluate the cross-retrieval performance of our VAT-CMR
model. The goal of these experiments is three-fold: (1) To
assess the performance of the VAT-CMR model in compar-
ison to competing baseline approaches; (2) To investigate
how each proposed module contributes to the cross-modal
retrieval performance; (3) To analyse the impact of selecting
varying dominant modalities for cross-entropy learning. In
the experiment, we follow [9], [30] and employ the Mean
Average Precision (MAP) [12] as the metric to evaluate the
retrieval performance.

A. Comparison with single modality-based retrieval methods

We compare the cross-retrieval performance between the
proposed VAT-CMR model and the baseline approaches in
the literature, i.e., the Canonical Correlation Analysis (CCA)
method [12] and the cross-retrieval model developed in Ob-
jectFolder [9], as presented in Table I. To ensure an equitable
comparison with the model utilised in ObjectFolder [9],
we have extended their model to accommodate multi-modal
retrieval modalities. Our VAT-CMR model showcases a
notable advancement over these baseline approaches when
multiple retrieval modalities are used, i.e., with an increase of
0.29, 0.10 and 0.12 in MAP when employing vision, touch,
and audio as the query modality, respectively. Further, our
VAT-CMR consistently surpasses the baseline methods, also
assessed against single-modal retrieval metrics. On the other
hand, we observe that the fused representations retrieval
space attains the highest MAP score, except when touch is
utilised as the query modality. These results demonstrate the
efficacy and versatility of our VAT-CMR model in facilitating
cross-modal retrieval tasks, offering superior performance
across a range of modalities and retrieval scenarios.

B. Ablation study

In this subsection, we analyse the effects of integrating
attention-based fusion and dominant modality selection into
our training methodology. Specifically, when the attention
module is not applied, it will be substituted with a simple

TABLE I
ABLATION STUDY ON VARIOUS NETWORK STRUCTURES.

MAP Score
Network Structure Query Modality
Attention  Dominant Modality | Audio  Vision  Touch
0.69 0.67 0.75
v 0.77 0.96 0.78
v 0.76 0.68 0.81
v v 0.81 0.96 0.85
TABLE IIT
ABLATION STUDY ON THE SELECTION OF DIFFERENT DOMINANT
MODALITIES.
Query Retrieval Dominant Modality Joint
Audio  Vision  Touch
20 objects dataset (chance = 0.05)
Audio Vision+Touch 0.81 0.04 0.02 0.76
Touch Vision+Audio 0.82 0.85 0.82 0.81
Vision Touch+Audio 0.90 0.86 0.96 0.68
Vision+Touch Audio 0.94 0.06 0.08 0.81
Vision+Audio Touch 0.77 0.93 0.90 0.69
Touch+Audio Vision 0.78 0.82 0.85 0.71

feature concatenation. Meanwhile, the dominant modality se-
lection is replaced with joint embedding-based optimisation
when not in use.

As shown in Table II, our findings reveal that the VAT-
CMR model attains the highest retrieval scores when it
incorporates both dominant modality selection and the atten-
tion module within its training framework. This highlights
its enhanced effectiveness in object retrieval over models
lacking these components, where their absence results in
an average MAP score reduction of 0.17 across all test
scenarios.

Furthermore, in Table III, we provide a detailed exam-
ination of the impact of dominant modality selection on
cross-modal retrieval outcomes. Compared to the traditional
approach, our dominant modality selection method achieves
an average retrieval improvement of 0.13 in the MAP score.
Moreover, we find that there is a fixed relationship between
a single modality, whether used for query or retrieval, and
the dominant modality. Specifically, when audio is a single
modality used for query or retrieval, selecting audio as the
dominant modality in the cross-entropy learning process
results in the largest average scores of 0.81 and 0.94.
However having touch or vision as the dominant modality
results in extremely poor average scores, as low as 0.02.
This poor performance likely stems from the unique nature of
audio sample representations compared to those of touch and
vision, which are both represented as RGB images. It is also
noticed that when vision is used as a single query or retrieval
modality, selecting touch as the dominant modality in the
cross-entropy learning process yields the largest average
score. Conversely, when touch is used as a single query or
retrieval modality, selecting vision as the dominant modality
will obtain the largest average score. These cases also verify
that touch is very similar to vision in this proposed dataset,
against audio.
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Fig. 5.

2D plots illustrating latent representations for a selected set of five classes, using Audio as the query test samples, and Visual+Tactile as the

retrieval space. Left: Features after undergoing the cross-entropy model stage; Right: The same set of features after triplet loss processing.

C. Feature visualisation and learning curve

In this subsection, we visualise the distributions of la-
tent features obtained from our VAT-CMR model using
t-SNE [31]. Specifically, Fig. 5 shows the cross-retrieval
latent space at different training phases, first after the cross-
entropy loss stage and then after applying the triplet loss.
The left-hand side of the figure clearly illustrates that when
using only cross-entropy loss, features corresponding to the
same object classes tend to cluster together, however still
in a scattered manner. However, the introduction of the
triplet loss stage substantially enhances feature organisation,
both for the test set, and the retrieval space, leading to a
more coherent clustering of representations. Furthermore, we
present the MAP evaluation on the validation dataset during
the triplet loss cross-modal correction learning in Fig. 6,
further attesting to the effectiveness of the employed method.

VI. CONCLUSION AND DISCUSSION

In conclusion, we have introduced VAT-CMR, a novel
cross-modal retrieval model integrating vision, audio and
touch modalities. When compared to previous methods,
our VAT-CMR utilises a fused multi-modal retrieval repre-
sentation through a multi-head attention mechanism, along
with leveraging the dominant modality for cross-entropy
training. Extensive experiments show that our VAT-CMR
outperforms the baseline ObjectFolder method, achieving
a MAP score improvement of 0.29, 0.10 and 0.12 when
employing vision, touch, and audio as the query modality,
respectively. A detailed ablation study further demonstrates
that all the proposed modules contribute positively to cross-
retrieval accuracy.

MAP Results - Triplet Loss Training

—— Fused to Query
—— Query to Fused

50 75 100 125
Triplet Loss Training Epoch

0 25 150

Fig. 6. Mean Average Precision evaluated on the validation dataset during
cross-modal triplet loss learning with audio as the Query modality, and
vision and touch as the Fused modalities.

In the future work, we would like to explore a few
directions based on the current findings. Firstly, in this work
synthetic datasets are used, which may limit the model’s
generalisation to real-world scenarios, and we will design
strategies to bridge the Sim2Real gap [32], [33]. Secondly,
instead of using static visual and tactile data, we would like
to consider active exploration strategies to augment robotic
object retrieval capabilities so as to improve the real-world
applicability of our proposed methods [34]. Thirdly, we
will extend the study to incorporate additional perception
modalities, such as force feedback, and explore zero-shot
cross-modal retrieval methods [35] in the context of robotic
grasping. By integrating multiple modalities, we aim to
enhance each sensing modality and improve overall grasping
performance.
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