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Abstract

Our study is motivated by robotics, where when dealing with robots or other physical
systems, we often need to balance competing concerns of relying on complex, multimodal
data coming from a variety of sensors with a general lack of large representative datasets.
Despite the complexity of modern robotic platforms and the need for multimodal interaction,
there has been little research on integrating more than two modalities in a low data regime
with the real-world constraint that sensors fail due to obstructions or adverse conditions. In
this work, we consider a case in which natural language is used as a retrieval query against
objects, represented across multiple modalities, in a physical environment. We introduce
extended multimodal alignment (EMMA ), a method that learns to select the appropriate
object while jointly refining modality-specific embeddings through a geometric (distance-
based) loss. In contrast to prior work, our approach is able to incorporate an arbitrary
number of views (modalities) of a particular piece of data. We demonstrate the efficacy
of our model on a grounded language object retrieval scenario. We show that our model
outperforms state-of-the-art baselines when little training data is available. A link to our
code will be included in the camera-ready version.

1 Introduction

Humans use multiple modalities to understand and interact with the world around them. Although physical
agents such as robots typically have access to multiple sensory inputs, most approaches use at most two senses
(e.g., depth images along with standard RGB images) with single labels. Simultaneously using additional
modalities and labels is an underexplored area. The benefits of integrating multiple modalities are twofold:
first, complementary information from different modalities can help with understanding the world, and
second, additional modalities can help when one or more sources of data become unavailable. Hardware
can become damaged or defective, sensors can get blocked or obstructed, and various adverse conditions
can remove a modality from use. However, designing an approach that integrates an arbitrary number of
modalities while being robust to the loss of one or more modalities at test time is an important, yet non-trivial,
problem. Meanwhile, the ability to learn from small amounts of training data has a significant impact on the
adaptability and usefulness of robots. When they are deployed, they do not necessarily have access to large
datasets to fine-tune themselves, particularly when they are attempting to interact with people. Therefore,
a guided learning method that makes use of signals in a low-data regime is crucial. Grounded language
understanding, in which natural language is used as a query against objects in a physical environment, allows
an intuitive mechanism by which users can instruct agents to engage in tasks. Visuolinguistic approaches
to such object inference tasks typically involve training on large pools of image/text pairs and then using
language to subselect elements of the sensed environment (Hong et al., 2021; Zhuge et al., [2021).

In order to fully leverage small amounts of multimodal training data, we propose a generalized distance-
based loss function that can be extended to learn retrieval models that incorporate an arbitrary number
of modalities, while being robust to missing information. We consider the domain of grounded language-
based object retrieval (Hu et al., |2016; Nguyen et al., 2021)), in which objects in an environment must be
identified based on linguistic instructions. Previous approaches have explored combinations of sensors with
labels provided by language (Richards et al., [2020). However, much of the existing work has not previously
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included an arbitrary number of modalities. The ultimate aim of this work is to take arbitrary input
modalities about novel objects, including both spoken and written language, and build a model that allows
a system to correctly retrieve that object given a subset of those input modalities.

In this work, we propose our new method called extended multimodal alignment (EMMA ), a generalized
geometric method combined with a cross-entropy-based supervised contrastive loss function (Khosla et al.|
2020). Our method can be used to learn retrieval models that incorporate an arbitrary number of views of
a particular piece of data. We demonstrate steps towards this goal with a mechanism that learns quickly
from a variety of input signals and is robust to the ablation of inputs.

Our contributions are as follows:

1. We propose a new approach to multimodal learning that combines geometric and cross-entropy
methods. Our method is designed to be applicable to additional modalities as they become available.

2. Our method performs better than state-of-the-art contrastive learning (Chen et al.| 2020) and su-
pervised contrastive learning (Khosla et al., 2020]) especially when limited training data is available.

3. During training, our method converges about 2.3 times faster than the individual baselines.

4. We demonstrate robustness in the face of missing input signals when one or more modalities are
ablated at test time, and propose a straightforward averaging method to quantify performance for
multimodal object retrieval scenarios.

5. We demonstrate the separate utility of speech and text as sources of label information by treating
them as sensory input modalities, rather than explicitly as labels.

2 Related Work

Grounded language learning (Roy & Pentland) |2002; [Mooney, |2008; Matuszek et al., [2012)) is intrinsically
multimodal since its task is to learn the associations among at least two modalities of language and visual
inputs. Prior work has focused solely on language and visual modalities, using text or a combination of
language and vision to perform visual retrieval (Vo et all [2019). While recent works have focused on
grounding with respect to a knowledge set (Zheng & Zhoul [2019; Meng et al.l [2020), our work focuses on
robust multimodal learning to perform grounding over an arbitrary number of input modalities.

The growing number of datasets that contain modalities beyond images and text demonstrates the impor-
tance and the challenge of multimodal learning. [Bagher Zadeh et al.| (2018)) introduce a large dataset of
multimodal opinion sentiment and emotion intensity (CMU-MOSEI) for sentiment analysis and emotion
recognition. [Kébé et al.| (2021) present a multimodal dataset of household objects containing RGB images,
depth images, written language, and spoken language, which has been used to support learning grounded
language directly from speech given small datasets (Kébé et al., |2022). Baltrusaitis et al.| (2019) propose a
taxonomy of multimodal machine learning by introducing five technical challenges including alignment—the
process of identifying the direct relationship between elements across modalities—which is our focus here.

To the best of our knowledge, there has been limited work on incorporating more than three modalities
into a general learning approach. [Veit et al.| (2018)) train a joint model of images, hashtags, and users to
perform image retrieval. This work differs from ours in that it becomes computationally complex as more and
higher-dimensional modalities are added. [Lei et al.| (2020) use inputs from three modalities to perform image
retrieval given a sketch using a co-attention mechanism. [Mittal et al.| (2020) use Canonical Correlational
Analysis (CCA) to differentiate between ineffective and effective modalities for the emotion recognition task
from multiple input modalities including face, speech, and text. |Abouelenien et al. (2014) use language,
physiological response, and thermal sensing to detect deceit.

Variational autoencoders or VAEs (Kingma & Welling, 2013|) are generative latent variable models that have
had great success in generating images. Originally designed for unimodal tasks, later work has extended the
technology to work in multimodal scenarios (Wu & Goodman) [2018; [Shi et al., [2019; [Palumbo et al., [2022)).
Transformer (Vaswani et al.,|2017)) is an attention-based neural network architecture consisting of an encoder
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and a decoder, originally proposed as a unimodal architecture for sequence modeling. Different varieties of
transformer models gained attention after they proved to be successful in many different tasks
[2019; Raffel et al., [2020; Brown et al., 2020} Dosovitskiy et al.| 2021} Lewis et al| [2020). It makes sense to
use them for multimodal learning. Recent works have used multimodal transformers for a variety of tasks
and modalities (inter alia, (Lu et al.,|2019; Li et al., 2019; [Likhosherstov et al., 2023; Zhang et al. [2023)).

Contrastive loss is mostly used in self-supervised learning (Bui et al., [2021} [Alayrac et al. |2020; Chen
2020)), with some exceptions such as [Khosla et al| (2020). However, a number of different approaches
have been proposed for linguistic-based contrastive learning. Radford et al. (2021)) introduced CLIP, which
is designed to align two modalities of text and image using contrastive loss similar to SimCLR
let al., 2020). Alayrac et al.| (2020) use a self-supervised contrastive learning method to learn and combine
representations from images, audio, and language. The loss function they define differs from ours in that they
do not handle arbitrarily many modalities and do not focus on robustness in the face of modality drop-outs.
[Nguyen et al.| (2020) take a similar approach and perform pairwise cosine similarity to align images and
natural language text descriptions to perform object retrieval tasks. [Nguyen et al|(2021)) take a cross-modal
manifold alignment approach to grounded language learning using triplet loss (Chechik et al. 2010) and
perform object retrieval by connecting text descriptions of objects to their corresponding RGB-D images.

In contrastive learning, there are two broad families of approaches in the literature. One family is based
on cross-entropy losses (Khosla et al.| [2020; |Chen et al., 2020, and the other is purely geometric (Poklukar,
let all [2022} [Carvalho et al., 2018} [Salvador et al.l 2017, Nguyen et all [2021)). In this paper we marry the
two families and show that combining a geometric approach with cross-entropy based supervised contrastive
loss is superior. The geometric approach is based on the idea of similarity (or distance) of elements of
training data (Carvalho et al., 2018} Nguyen et all [2021} [Salvador et all [2017). Our geometric loss function
formulation is similar to lifted structured loss (Song et al) 2016) and quadruplet loss (Chen et all [2017}
[Tursun et al 2021), but we apply our idea to four modalities (and could incorporate more) and do not
compute the distance among all items in a batch. Poklukar et al.|(2022) take a geometric approach which is
similar to our work, but differs in that they fuse all embeddings as a central embedding and then minimize
distances, whereas we align each modality separately.

3 Problem Description

Given a language command (either text or speech) that describes an object, we want our model to retrieve
the correct object from a set. This problem is an exemplar of tasks found in the area of grounded language
learning in the fields of robotics and natural language processing. Intuitively, the goal is to take unconstrained
natural language queries and select the appropriate object based on the complete set of sensor inputs available
to the agent. We demonstrate on a domain containing four modalities, all of which refer to objects in the
environment: spoken language, written text, RGB (image) inputs, and depth camera inputs.

More formally, given a spoken language command x, a textual language command x;, a set of RGB images
X, = {x&l“")}, and a set of depth images X4 = {:z:((il”n)}, the task is to retrieve the correct object by choosing
the index that has the minimum distance from either of the language commands across all modalities.
Depending on which modalities are ablated, we consider up to four distances: sr, a vector of distances
between x; and all RGB images in X,.; sd, a vector of distances between x4 and all depth images in Xy; tr,
a vector of distances between x; and all RGB images in X,; and td, a vector of distances between z; and
all depth images in X;. In order to select the correct object, we first perform a component-wise average
of the relevant modality pair distances for the available modalities. Then, we select the object which has
the minimum distance, i.e., we perform an argmin on this average vector of multiple-modality distances.
Depending on the missing/available sensors during test time, we might have any combination of these four
distances. For example, if no written instructions are available at test timeEl we compute the component-wise
average of sr and sd, and then select the object whose coordinate resulted in the lowest average distance.
This method allows us to extend our model to support arbitrary modalities while remaining robust to test
cases in which some modalities are missing or incomplete.

I This setting is particularly salient. While large bodies of text are frequently available at training time, a person interacting
directly with a physical agent may well prefer to use only spoken instructions.
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4 Approach

In keeping with previous work on the closely related problem of image retrieval, we focus on contrastive loss
approaches, in which the goal is to learn an embedding of data where similar samples—in our case, samples
belonging to the same class of object—are embedded ‘close’ to one another, while dissimilar samples are
farther apart. We describe a novel geometric loss function, GEOMETRIC ALIGNMENT, that simultaneously
minimizes intra-class distances and maximizes inter-class distances across each pair of modalities, yielding a
model that is both effective at the retrieval task defined above and robust to modality dropouts at test time.
We additionally combine this GEOMETRIC ALIGNMENT loss with a classification-based (cross-entropy) loss
function which results in a superior model compared to either geometric or cross-entropy losses alone; we
refer to this combination as Extended Multi-Modal Alignment, or EMMA.

Core Concepts. As per typical contrastive loss, we refer to three primary kinds of sample: anchors, data
points that acts as a point of reference; and positives and negatives, which refer to a data point(s) that are
similar and dissimilar to the anchor, respectively. For example, to learn the meaning of the concept “book,”
the anchor might be an RGB image of a book; the corresponding text description and depth image of that
book are in the positive set; and the negative set includes the text description and RGB image of an apple.
The methods we discuss differ both in how they choose these three sets and the objective function used.

4.1 Baselines

We compare both EMMA and GEOMETRIC ALIGNMENT against contrastive learning (Chen et al., 2020))
and supervised contrastive learning (Khosla et al.l |2020)), which for conciseness we refer to as SUPCON. We
consider SUPCON as the main baseline since it is a general version of multiple contrastive loss functions
including triplet loss and N-pair loss (Sohn) 2016)).

4.1.1 Contrastive Loss

We compare our model against the contrastive learning method presented by |Chen et al.| (2020) where
they use the normalized temperature-scaled cross-entropy loss (NT-Xent). In order to implement this loss
function, we use cosine similarity as suggested in [Chen et al.| (2020). Another possibility is to use an
inner dot product (Khosla et al. |2020); if not normalized, this can lead to numerical instabilities and
overflow /underflow since the dot product is not bounded, but the normalized inner dot product is similar
to cosine similarity. We can treat different modalities of an instance as different augmentations of it and
consider any combination of two of them as a positive pair. For each item ¢ in a batch and each positive pair
of i and j(i) the contrastive loss function is then formulated in eq. (I,

exp(sim(zi, 2j())/T)

— 1
% T eenc oxp(sim(zi, z4) /1)’

(1)
where A(7) are all negative and positive indices (except i), sim is a similarity function, and z = f(x).

4.1.2 Supervised Contrastive Learning

Khosla et al.| (2020) extend the contrastive learning method (NT-Xent) and propose a supervised way of
performing contrastive learning to treat not only augmentations of the anchor but also every item that shares
the same label with the anchor as positives. This loss function is shown in eq. :

= o exp(z; - 2p/T)
2 Ty 2 108 (2)

iel pEP(4) ZaEA(i) exp(2; * 2a/T)

Although this loss function does not use cosine similarity, embeddings are normalized before performing the
dot product, which is equivalent to cosine similarity.

While this model is a strong baseline, the authors applied it to a unimodal dataset. In this paper, we
extend this baseline to work with a multimodal dataset and show that it is slower than EMMA to learn



Under review as submission to TMLR

and requires more data to converge. Since SUPCON considers all pairwise distances in each batch, with
M modalities and a batch of size B each batch contains BxM items, and SUPCON computation involves
(BM)? pairwise distance terms. However, the computations of our GEOMETRIC ALIGNMENT approach are
agnostic with respect to batch size which makes it scalable. As originally proposed, the SUPCON approach
which we choose as our baseline was applied to unimodal datasets such as ImageNet (Deng et al., 2009),
CIFAR-10, and CIFAR-100 (Krizhevsky & Hinton, 2009). We both demonstrate that it is possible to use
SupPCoON for multimodal datasets and extend it with the addition of a geometric component, which gives
benefits to performance and training speed.

4.2 EMMA: Extended Multimodal Alignment

Our proposed multimodal method is composed of two complementary parts. The first part is a geometric
loss based on distances in the latent space, and the second is a supervised contrastive loss based on cross-
entropy (SUPCON). The geometric loss is faster to learn and is more aligned with the downstream task of
object retrieval, while the SUPCON loss gives the model the classification ability when the model is trained
on enough data. Hence we combine them into a single model, EMMA.

4.2.1 Geometric Alignment Loss

We define a distance-based loss function that can be used for an arbitrary number of modalities. Our
proposed method is inspired by similarity-based triplet loss, and is similar to contrastive loss (Chen et al.,
2020; [Khosla et al.| [2020]) under some settings. Triplet loss-based learning works by forcing similar concepts
from different domains ‘together’ in some shared embedding space while forcing dissimilar concepts ‘apart.
However, standard triplet loss cannot be used for more than two modalities. We note that triplet learning
often require an expensive mining step to find harder negative samples to enable effective learning (Hoffer,
& Ailon| 2015} |Schroff et al., [2015} [Zhao et al.| 2018; |Zhai et al.l 2018). This is problematic for throughput
and scalability, as run time becomes quadratic in batch size. Our approach does not require mining to
obtain good performance, alleviating these issues along with their complicated history in reproducibility and
parameter tuning (Musgrave et al.l 2020; Raff] 2021} [2019).

To address these issues, we use pairwise distance optimization among all modalities of an instance and a
sampled negative example (rather than fixed negative examples). We modify the concept of triplet loss
as follows. In training, we sample two different instances and their corresponding representations from all
modalities into two sets—a positive set (referring to a specific object) and a negative set (referring to some
other object), as shown in Figure [I} Unlike prior triplet loss methods, the anchor is not randomly chosen.
Instead, every item in the positive set becomes an anchor once. We minimize the distance between that item
and other items in the positive set while maximizing the distance from all items in the negative set.

The objective is to first minimize the distance between each pair of positive points from heterogeneous
modalities, and second maximize the distance between each positive and negative point from all modalities.
We refer to this approach as GEOMETRIC ALIGNMENT, formulated in Equation and shown in Figure

M [ M M
L= Z Z [— max(dist(z}, z,,) + @, 0)] + Z [max(dist(z ,25.),0)] | (3)
mi1=1[mo=1 mz=m1+1

In eq. , M is the number of modalities, the superscripts + and — represent positive and negative objects, «
represents an enforced margin between each positive and negative point (set to 0.4 for all modalities without
tuning), and z is the embedding from applying a mapping function f, which is a neural network on our input
data. In other words, z,, = fi(2m), where each modality m has a specific model f,, that is different from
the models for other modalities. These models do not share their weights. Cosine similarity is the opposite
of distance, and we need to reverse the logic for maximization and minimization. We use cosine similarity
between pairs of embeddings. It is a good choice for high-dimensional data as it is bounded between -1 and
1. Other distance metrics, such as Euclidean distance, grow in value with respect to their dimensionality,
resulting in very large distances for data points. The cos(-) function is a measure of similarity, not distance.
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Figure 1: A high-level prototype of our approach and the distances used in the GEOMETRIC ALIGNMENT
loss. Gray arrows indicate frozen pre-trained models (the parameters are fixed and not trained). The black
arrows show 3 fully connected layers with a ReLU activation function (Nair & Hinton, [2010) after the first
two layers. These networks are trained. Orange rectangles are negative embeddings and green rectangles
are positive embeddings. Dashed lines indicate distances to be maximized while dotted lines are minimized.
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To make the equations more readable, the generic dist function is replaced with the specific cos(-) function.

Also, we use push(z,y) = max(cos(z,y) — 1 + «,0) for maximizing all unique pairwise distances between

modalities of positive and negative instances, and pull(z, y) = max(1—cos(z, y),0) for minimizing the unique

pairwise distances among the modalities of positive instances. Hence, our GEOMETRIC ALIGNMENT loss
o . M M

function in eq. (3) can be writtenas L= _ > push(z+ Zm )—i—zml 12 mg—my 1 PUll(z s 258 ).

my? “mo m17 ms
Our proposed GEOMETRIC ALIGNMENT loss function in eq. can be rewritten as shown in eq. . by fully

specifying the summations to better understand how our objective function can be reduced to well-known
losses such as triplet loss and pairwise loss.

M
L= Z Z pull(z;, ] ) + push(z;", J)erush(l, : +Zpush 25, 2]). (4)
i=1 j=i+1 =1

If M =2 (the number of modalities is 2) and we ignore the last two terms in the derived objective function,
it results in the triplet loss method. If M = 2, then our objective function reduces to the quadruplet loss
method (Tursun et al |2021; |Chen et al., 2017} if we multiply the first term by 2, ignore the third term, and
change the last summation to be up to M — 1 (which results in a single term). If M = 1, only the last term
remains in the loss function which is exactly the pairwise distance-based loss function. This loss function
can be seen as a contrastive loss, usually used in the domain of self-supervised learning (Chen et al., |2020)).

Our proposed loss function has two advantages over the traditional loss expressed in eq. . The first is
that our loss function does not need to compute the distance between all items in the batch as opposed to
SupCoN (Khosla et al., [2020). Instead, we sample only two objects (positive and negative), each of which has
M modalities, giving 2M data points (or embeddings). Hence, our model can be trained using smaller batch
sizes and reduces the number of negative samples we need. The second advantage is that this loss function
can be used in a multimodal setting with an arbitrary number of modalities. Although our GEOMETRIC
ALIGNMENT is quadratic in the number of modalities, we observe that experimentally, training time increases
only by 10 minutes with each additional modality. It is noteworthy that our training procedure does not
perform any stochastic dropout of modalities to obtain test-time robustness to missing modalities.

4.2.2 Combining Geometric Loss and Cross-Entropy based SupCon Loss

The main difference between GEOMETRIC ALIGNMENT and SUPCON is that in GEOMETRIC ALIGNMENT
we focus on the geometric interpretation of similarity using cosine distances, while in SUPCON, cosine
distances are used to compute a classification-based loss function similar to cross-entropy. Each method
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offers unique advantages. In GEOMETRIC ALIGNMENT, the advantages are an intuitive learning objective in
terms of distance, interpretability of the learned embedding space, and faster convergence. The advantage of
SupPCON is that with enough training data points, it provides the model with complimentary classification-
based signals which can be helpful, especially with more chaotic modalities such as speech (see fig. 7). We
next combine the GEOMETRIC ALIGNMENT defined in eq. with SUPCON defined in eq. , and refer to
this approach as EMMA, for extended multimodal alignment. The combination is done by taking the sum
of the equations for GEOMETRIC ALIGNMENT and SUPCON (shown in eq. ().

Enforcing Representational Similarity for Multi-modal Views of the Instances

Align different modalities of similar objects Push dissimilar representations apart
M-1 M M
— + T+ ) + = ) -+ ) + -
L= E g g pull(z;, 2/7}.) +push(z;;, z; ;) + push(z; ;, 2,7) + g push(z;;, z; ;)
iel j=1 k=j+1 j=1 (5)

Grounding through Contrastive Predictive Loss

~1 exp(2i,m - 25/T)
+ Z 7|P _ Z log
=1

BeP(i,m) Z’yEA(i,m) exp(Zi,m * 2y/T)

where A(i,m) includes all items in the batch except for the z; ,,, itself and P (i, m) includes all the modalities
of all instances that have the same label as current instance excluding z; ,, itself. In other words, the

M

collection of embeddings indexed by P(i,m)is { U =z, U U zim}-

r#meM l#iel,y;, =y, m=1
Although both SUPCON and the GEOMETRIC ALIGNMENT approaches are trying to bring target objects
together (and push dissimilar ones away), there is a trade-off in SUPCON where there is a normalized rank-
ing across them. In contrast, in GEOMETRIC ALIGNMENT distances can be arbitrarily near or far. Our
approach tries to respect the distinct modalities of each instance. While our formulation is similar to Sup-
CoN notationally, conceptually SUPCON uses different augmentations of RGB images as positive examples
(inherently coming from the same underlying empirical distribution), while we use different modalities drawn
from different distributions. To the best of our knowledge, our work is the first to use supervised contrastive
learning for such a multimodal scenario.

4.3 Network Architecture

Transformers (Vaswani et al), |2017) have become de facto architectures in the natural language pro-
cessing community and have shown great success across different tasks. We use BERT (Devlin et al.|
2019) embeddings contained in the FLAIR library (Akbik et al.| [2019ajb) to featurize textual input, and
wav2vec2 (Baevski et al.l [2020) to extract audio embeddings from speech. Both BERT (Devlin et al., 2019)
and wav2vec2 (Baevski et al.l [2020)) are self-supervised language models using transformers (Vaswani et al.
2017). To process images, we use ResNet152 (He et al., 2016)) for both RGB and depth images which gives
us a 2048-dimensional embedding vector. Depth images are colorized before passing to ResNet152. We then
use different instantiations of the same multi-layer perceptron (MLP) consisting of 3 fully connected layers
with ReLU activation (Nair & Hintonl [2010) to map each of these embeddings to a shared 1024-dimensional
space where we can compute the distances between all embeddings. These networks do not share weights.

5 Experiments and Results

In this section, we describe the experiments and provide quantitative and qualitative results by comparing
our methods against supervised contrastive learning (Khosla et al., 2020) and contrastive loss (Chen et al.,
2020). Moreover, we evaluate the quality of object retrieval models learned using EMMA loss function. We
first describe the dataset we use and the setup of the experiments, then describe the metrics by which we
evaluate performance. We demonstrate the effectiveness of our approach on a publicly available multimodal
dataset called GoLD (Kébé et al.,2021)), which contains RGB images, depth images, written text descriptions,
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Methods- speech/depth | speech/RGB | text/depth text/RGB text/speech/ | text/speech/ | speech/RGB/| text/RGB/ all
percent depth RGB depth depth
EMMA-25 70.16£0.79 71.83£0.25 88.44+0.37 | 90.21+0.49 87.28+0.52 89.26+0.55 73.07£0.39 91.36+0.41 90.72+0.34
SupCon-25 46.49+0.13 46.35+0.18 83.77+0.79 84.87+0.61 80.71+0.78 81.48+0.6 46.39+0.33 85.73+0.62 83.25+0.68
Geom.-25 66.11+0.52 67.51+0.49 85.66+0.41 87.4+0.29 85.48+0.26 87.29+0.34 68.17+0.39 87.94+0.31 88.12+0.26
SimCLR-25 50.9940.52 51.214+0.58 50.37+0.43 50.51+0.7 48.59+0.21 48.77+0.35 49.13+0.56 48.6+0.59 47.75+0.17
EMMA-100 77.63+0.29 78.66+0.64 89.87+0.5 91.26+0.86 89.66+0.36 90.97+0.66 80.324+0.45 92.71+0.5 92.72+0.47
SupCon-100 | 78.18+0.58 79.69+0.54 89.04+0.88 90.56+0.74 88.75+0.66 90.5£0.69 81.2+0.39 91.96+0.42 92.03£0.7

Geom.-100 76.8240.34 78.34%0.29 89.64+0.38 91.13+0.73 89.21+0.45 90.95+0.83 79.37+0.29 92.29+0.51 92.14+0.45
SimCLR-100 | 71.7440.73 73.37+0.39 89.72+0.54 90.82+0.37 89.13+0.61 90.26£0.58 74.96+0.44 91.92+0.41 91.72+0.53

Table 1: Average and standard deviation of mean reciprocal rank (MRR) over 5 runs on a held-out test
set with different modalities ablated during testing. For 5 objects, MRR ranges from 20% to 100% (higher
is better). A random guess would have an MRR of 0.46. Column headers describe which modalities are
present at query time—for example, in column 2 ‘speech/depth’, both text and RGB are ablated. Models
were trained with either 25% or 100% of the available training data (shown in Column 1). EMMA is either
better than or very close to state-of-the-art methods for most cases. With 25% of the training data used,
EMMA outperforms other methods in all cases.

speech descriptions, and transcribed speech descriptions for 207 object instances across 47 object classes (see
Figure . There are a total of 16,500 spoken and 16,500 textual descriptions. The training set, validation
set, and test set contain 7380, 4160, and 4960 items (each consisting of four modalities), respectively. Speech
is converted to 16 Hz to match the wav2vec2 speech model.

5.1 Setup

To evaluate our model we measure different performance metrics on a retrieval task where the model selects
an object from a set given a language description. Only one of the objects corresponds to the description.
Similar to|[Khosla et al.| (2020]), we use a stochastic gradient descent (SGD) optimizer with momentum (Ruder,
2016) with a flexible learning rate starting at 0.05. All models are trained for 200 epochs with a batch size
of 64 on a Quadro RTX 8000 GPU. Following the literature, we used a temperature of 0.1 for training the
contrastive learning method (section , and a temperature of 0.07 for training SUPCON (section .

We compute the distance between the given natural language description and all available sensory modalities
for 5 randomly selected objects (one of which corresponds to the description, with the others from different
object classes), as described in section For example, if RGB and depth are present, we compute the
distance between the language embedding and all candidate RGB and depth embeddings. We then average
these distance matrices and choose the closest image embedding (average distance of RGB and/or depth from
language) as the prediction. In order to use cosine distance, we subtract the cosine of the angle between two
embeddings (which represents similarity) from 1.

5.2 Metrics

The best metric to capture the performance in such a scenario is mean reciprocal rank (MRR) for @ queries.

For each query, we predict the rank of all objects based on their distance from the language command, and
Lgll rarllki .
MRR is an informative metric because it captures the idea that having the correct object as the second
choice should be considered better than having it as a last choice. Because our approach is designed to
be robust to missing modalities, we report MRR for different combinations of modality dropouts. Table
summarizes the results of all experiments. To provide a better sense of the metric, consider a model that
always ranks the correct object in the second place: such a model would have an MRR of 0.5.

then the inverse rank of the desired objects in all queries are averaged. We compute MRR by ﬁ >

5.3 Learning from Limited Data

We consider an experiment where lower amounts of data are available to train the model to replicate a real-
world constraint for robotic applications. When a personal robot is deployed, it does not have access to huge
amounts of data to finetune its model and should be able to learn and adapt using the minimum amount
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of data possible. Figure [2] depicts the MRR, for the models trained with different amounts of training data.
As expected, less training data means lower performance. However, the drop in performance is significantly
higher in SUPCON compared to EMMA when less data is available. When 369 data points are available for
training, SUPCON does not learn and results in an MRR consistent with a random baseline, while EMMA
achieves an MRR of 0.82.

While this demonstrates the empirical benefit of 1.0

EMMA, it raises the question of what is contributing [ R
to this difference. We hypothesize that by decreasing 0.9 P /:?':”""'(‘J‘r

the number of training examples, SUPCON does not get g

enough examples of positive pairs in the contrastive loss. 08 /

We note that the number of negative pairs in each batch 0.7 ‘/ g

is about 15 times larger than the number of positive pairs ), y.d

in SUPCON when we have 369 training data points. How- 0.6 //

ever, this ratio is about 1 in EMMA. In order to test 7 —4— EMMA
this, we reduce the batch size from 64 to 4, and the MRR, 05 ¢ SupCon
score of SUPCON goes from 0.47 up to 0.61. —*— Geometric

0.4
This is an example of how using minimal signals in a 51 147 738 2214 3321 5535

guided, careful way can result in a better model, sim-
ilar to what we proposed in our GEOMETRIC ALIGN-
MENT method. This is escpecially important in low-data
regime. SUPCON, on the contrary, is useful when trained
on more data since the loss function contrasts all items
in the ba.mtch. When small amounts of data are available, green is our proposed GEOMETRIC ALIGNMENT,
contrasting all items in the batch confuses the model, and blue is our proposed EMMA loss function.

however, with large amounts of data it leads to classifi- We train all models for 200 epochs. EMMA out-
cation abilities since SUPCON is based on cross-entropy. '

Figure 2: Mean Reciprocal Rank (y-axis) when
all modalities are available, shown as a function
of the amount of training data (z-axis). All aver-
aged over 5 runs for the downstream task of object
retrieval. Higher is better. Orange is SUPCON,

performs other models, especially when only small
The literature is not consistent about the effect of the amounts of training data are available.

number of negative pairs on the contrastive loss function.

Awasthi et al.| (2022)) state that more negative examples do not necessarily hurt the performance; however,
they assume non-overlapping latent classes. Other work (Saunshi et al.|2019; |Ash et al., [2022) argues that
increasing the number of negative points beyond a threshold can hurt performance, as it becomes more likely
to see negative samples that share the same latent features as an anchor and positive samples. They refer
to this as ‘collision” and argue that it makes it harder to train the model to learn good representations. In
our case, the dataset we use consists of everyday objects that share overlapping latent features (e.g., same
color, same size, etc.). Hence, more negative examples when the total number of examples is low hurts both
the representation learning and the downstream task.

5.4 Modality Ablation

One of the advantages of our approach is that when different sensory modalities become unavailable, its
performance degrades only minimally. In Figure [3] and table [I] we show that in such ablations, EMMA
outperforms SUPCON in low data scenarios. The loss function requires no changes beyond adjusting the
value of M in eq. according to the number of modalities available during training. Our goal is the non-
trivial downstream prediction task: determining what objects are being referred to by arbitrary language
from a small number of examples. When we consider only text, RGB, and depth, written language is used
as the query modality, and we compute the distance of RGB and depth modalities from it and then average
them. However, when speech is incorporated as an additional fourth sensory modality, we compute the
distance of RGB and depth from text and from speech which gives us 4 distance matrices, and then take the
average of these four. At test time, depending on which modalities are available to the model, we can use
speech, text, or both to compute the distance of RGB and depth embeddings from the linguistic query and
then take the average.



Under review as submission to TMLR

1.0 1.0 1.0 1.0
0.9 = = e 0.9 0.9] e =t 0.9 e
0.8 0.8 4 08 0.8 .
" ;,,‘1/‘
0.7 0.7 ,/r" 0.7 0.7
/ // p

0.6/ 0.6 / 0.6 0.6

/ 4+~ EMMA Al 4— EMMA -+~ EMMA 4+~ EMMA
0.5 SupCon 0.5l / / SupCon 0.5 SupCon 0.5 SupCon

—e— Geometric + —e— Geometric —e— Geometric —e— Geometric

0457147 738 2214 3321 5535 0457147 738 2214 3321 5535 0451 147 738 2214 3321 5535 0457147 738 2214 3321 5535

(a) All modalities available. (b) Text modality ablated. (c) Speech/depth ablated.  (d) Speech/RGB ablated.

Figure 3: Mean Reciprocal Rank (y-axis) for selected modalities of the held-out test set, shown as a function
of the number of training samples (z-axis) and averaged over 5 runs. Higher is better. Orange is SUPCON,
green represents our proposed GEOMETRIC ALIGNMENT, and blue is our proposed EMMA loss function. In
all cases, EMMA outperforms other models when smaller amounts of training data are available.

There are a total of nine possible modality dropouts and corresponding distance computations. In all cases
we compute the distances of available modalities (and average them if there are more than two modalities).
Figure [3] shows the MRR per number of training data for four example cases in which different modalities
are ablated. At 25% of the training data, SUPCON struggles to learn and the converged MRR is at 0.46,
while EMMA achieves an MRR of 0.73. A random model would have an average MRR, score of 0.46.

When we drop the text modality (table , we can see that the performance decreases from about 0.93
to about 0.82, showing that speech cannot completely replace text in our current effort. In Figure [7] the
alignment of shared embeddings for a randomly sampled set of classes is visualized for all four modalities
under consideration; this visualization suggests that the speech modality is not aligned as well as the text
modality. This supports our hypothesis that a geometric alignment of the latent space is crucial to a good
performance for object retrieval and multimodal understanding. There is a slight gap in performance when
depth or RGB are dropped (Figures [3c| and compared to when all modalities are available (Figures
and , showing that our model is robust when RGB or depth sensors fail.

In Figure when speech is used as the query and the text modality is ablated, the SUPCON baseline
works slightly better than EMMA as more training data becomes available, while EMMA still learns faster.
Although the difference is negligible, the reason is that SUPCON optimizes for the classification task and
when enough data is available the classifier can be trained. But, GEOMETRIC ALIGNMENT is trained to align
modalities properly in the latent space, which does not necessarily help the downstream task especially if one
of the modalities is chaotic, and in our case, the speech modality has a high variance which makes it harder
to align. However, both GEOMETRIC ALIGNMENT and EMMA work significantly better than SupCON
when less training data is available. Future research will consider strategies to align more chaotic modalities.

oe > ’_:M
5.5 Convergence Speed 08 : ‘/,/" $
2 L]
S
Figure [4] shows the MRR per epoch of EMMA and GEO- 0.7 “ !
METRIC ALIGNMENT against SUPCON (Khosla et al., 2020) ' L
and SimCLR (Chen et al.l 2020) when all modalities are ooy 4 EMmA
available. EMMA learns faster and results in better per- f ._i.;"" i
formance compared to both SUPCoON (Khosla et al.l 2020) S = SImCLR
and SimCLR (Chen et al., [2020)) with all modalities avail- 0 72y e T 22

able at test time. We observe that not only does SimCLR, Figure 4: Mean Reciprocal Rank (y-axis) on
learn more slowly, but that it is prone to overfitting; while 1} o held-out test set with the ablation of se-
this can be addressed with careful tuning, an approach that jocted modalities against training epochs (-
is innately robust to overfitting without tuning is preferable. axis), averaged over 5 runs. Higher is better

EMMA takes almost 8 epochs to converge and each epoch and all available training data. is used. In al-
takes roughly 0.7 minutes, yielding 5.6 minutes until con- MOst all cases, EMMA learns in fewer epochs.
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vergence, while SUPCON takes 36 epochs to converge and each epoch takes approximately 0.52 minutes,
totaling 18.7 minutes. When we ablate modalities or use less training data, training takes less time.

5.6 EMMA Component Contributions

As EMMA is a combination of a geometric approach and a
cross-entropy-based contrastive learning, it is worth consider-
ing what each component contributes to the algorithm’s perfor-
mance. One of the obvious advantages of GEOMETRIC ALIGN-
MENT over SUPCON is that the loss function of GEOMETRIC
ALIGNMENT is designed based on distances between embed-
dings. This design is more aligned with the downstream task
of object detection based on the distance of candidate object
embeddings from the embedding of the language query. This is
evident when small amounts of training data are used (fig. .

Figure [p]shows the impact of each of GEOMETRIC ALIGNMENT
and SUPCON (represented by color) on the overall MRR of the
object retrieval task when the weight of each component’s con-
tribution to EMMA is varied. The y-axis shows the MRR
score, and a higher value means better object retrieval abil-
ity. The z-axis shows the percentage of dissimilar object rep-
resentations being mapped outside the specified margin from
each other in the latent space. A higher percentage means
more of the dissimilar object embeddings in the latent space
respect the enforced margin. The lighter colors indicate less
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Figure 5: The impact of GEOMETRIC
ALIGNMENT and SUPCON on the MRR and
the percentage of dissimilar items being
mapped outside a margin from each other,
as a function of their contribution (weights)
in EMMA. Higher is better for both = and
Y axes.

weight for GEOMETRIC ALIGNMENT and more weight for SUPCON, and vice versa. The figure shows three
positive correlations between each two combinations of the three dimensions (z-axis, y-axis, and color).

In GEOMETRIC ALIGNMENT we enforce a margin Object

RGB Depth EMMA SurpCoN

margin from each other. In fig. ] we see that in-

creasing the weight of GEOMETRIC ALIGNMENT in Potato

between negative and anchor points to make sure
that dissimilar items are not mapped within that Can Opener i -

EMMA increases both the MRR and the number
of dissimilar data points being mapped such that

imum margin. Figure 5] also shows a positive corre-
lation between MRR and the percentage of dissimi-
lar items mapped outside a margin from each other,
which suggests that enforcing a margin between an-

RS
the distance between them is greater than the min- Soda Bottle ﬁ
\s

Book

chor and negative points in the loss function of GE- Lightbulb

OMETRIC ALIGNMENT helps the model learn better
representations in the latent space.

5.7 Qualitative Results

Rank 4

Rank 1

“This is a can
Query: <7 opener. It is light
blue in color.”

Figure 6: An example of the downstream task of object

An example of the need to consider multiple modal-
ities jointly is shown in fig. [6} showing how EMMA
is able to correctly select an object instance from
several similarly shaped and describable objects.

retrieval. The green rectangle shows a correct retrieval
and the orange rectangle indicates a wrong one. Both
models are trained on only 25% of the training dataset
using the same setup. While SUPCON confuses “light

EMMA more accurately ranks objects and handles 1,07 i, the query with “light bulb” and predicts light
ambiguities with respect to retrieval queries. Inare- ulb, EMMA correctly identifies the can opener as the

trieval case where the query is “This is a can opener.
It is light blue in color.” and the candidate objects

11

intended object.
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Text RGB Depth Speech

+ bowl = toothbrush < food_can book e apple
4 plate e shampoo v lemon eye_glasses toothpaste

Figure 7: 3D T-SNE (Van der Maaten & Hinton, |2008|) projection of test embeddings of 10 randomly selected
classes of objects using EMMA. Each modality is separately projected into a three-dimensional space. Each
RGB and depth image is associated with several language descriptions, leading to denser plots for text and
speech. In a perfect embedding, all instances of a class would be clustered in identical areas of the embedding
space across all modalities. We can see that EMMA successfully encourages all four modalities to live in a
common manifold, allowing accurate retrieval even when modalities are missing.

are can opener, potato, soda bottle, book, and light bulb, EMMA correctly selects the can opener as the
desired object, while SUPCON selects the light bulb.

To help understand the embeddings EMMA learns, in fig. [7] we consider projections of a randomly selected
subset of classes of the high-dimensional learned embeddings into a 3-dimensional space using t-SNE (Van der,
Maaten & Hinton, 2008). Combined with the quantitative results, these projections demonstrate that our
model is learning to map instances of the same class closer to each other regardless of their modalities. As
qualitative exemplars, we note that toothbrush and toothpaste are mapped almost on top of each other in
the text modality, showing semantic and syntactic similarity, but not in the visual modalities, since they do
not look the same. Also, we note that apples and lemons are mapped close to each other in all modalities.

There remains room for improvement. Specifically, the speech modality is harder to handle. Figure [7] shows
that although the relative position of instances is correct in the speech space, the distinction and clustering
of different objects are not as good as the other three modalities. Text is better clustered, which makes
sense, as the variation in written text is much smaller than the other three modalities. Variation in speech
is higher because there are a number of factors affecting speech understanding, including different accents,
native language, gender, and age (Kébé et al., [2022)).

6 Conclusion

In this work, we have demonstrated the effectiveness of our approach to learning from high-dimensional
information from an arbitrary number of input modalities, both when training data is scarce, and when one
or more modalities are unavailable at test time. On an object retrieval task from a testbed that contains
four separate modalities, consistent with the information that might be available to a physical agent, our
model EMMA achieves significantly better results when only small amounts of training data are available.
This gap is even larger when the text modality is missing during the test and speech is used as the query.
Moreover, EMMA is more than twice as fast as SUPCON and requires about 30% of the time that SUPCON
needs to converge. The requirements for agents in different settings may differ, and training speed may not
be critical in offline learning scenarios; however, since models often need to be fine-tuned for different tasks
when it comes to transfer learning, the training speed is relevant. More importantly, in scenarios where
language labels are provided by human interaction, learning from small amounts of data helps address a
potential bottleneck in the learning process. Our proposed method is general enough to be applied to a
variety of multimodal retrieval problems.

12
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