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Abstract—Multimodal sentiment analysis (MSA) leverages het-
erogeneous data sources to interpret the complex nature of
human sentiments. Despite significant progress in multimodal
architecture design, the field lacks comprehensive regularization
methods. This paper introduces PowMix, a versatile embedding
space regularizer that builds upon the strengths of unimodal
mixing-based regularization approaches and introduces novel
algorithmic components that are specifically tailored to mul-
timodal tasks. PowMix is integrated before the fusion stage
of multimodal architectures and facilitates intra-modal mixing,
such as mixing text with text, to act as a regularizer. PowMix
consists of five components: 1) a varying number of generated
mixed examples, 2) mixing factor reweighting, 3) anisotropic
mixing, 4) dynamic mixing, and 5) cross-modal label mixing.
Extensive experimentation across benchmark MSA datasets and
a broad spectrum of diverse architectural designs demonstrate
the efficacy of PowMix, as evidenced by consistent performance
improvements over baselines and existing mixing methods. An in-
depth ablation study highlights the critical contribution of each
PowMix component and how they synergistically enhance per-
formance. Furthermore, algorithmic analysis demonstrates how
PowMix behaves in different scenarios, particularly comparing
early versus late fusion architectures. Notably, PowMix enhances
overall performance without sacrificing model robustness or
magnifying text dominance. It also retains its strong performance
in situations of limited data. Our findings position PowMix as
a promising versatile regularization strategy for MSA. Our code
is made availabl

Index Terms—Multimodal Learning, Regularization, Multi-
modal Sentiment Analysis, intra-modal mixing

I. INTRODUCTION

ultimodal Sentiment Analysis (MSA) is the task of
M enriching a computer system with affective understand-
ing of real-world human-centric video segments. Interpreting
sentiments from videos is very challenging due to the multi-
faceted nature of human communication through speech, facial
expressions, linguistic content, etc. [[1]. The practical applica-
tions of MSA are numerous in the digital era and vary from
human-computer interaction (HCI) [2] and healthcare [3]], to
opinion mining in reviews [4]] and education [5]]. Despite the
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advancements in the MSA field [6]-[12], developing an end-
to-end system that effectively analyzes the complex aspects of
human sentiment remains an open research challenge.

Building on the idea that multimodal learning includes uni-
modal elements, such as decomposing multimodal predictions
into separate unimodal contributions and multimodal interac-
tions [13]], we perceive multimodal tasks as being fundamen-
tally more complex than unimodal. This suggests that chal-
lenges inherent in unimodal setups, such as overfitting, also ex-
ist in multimodal scenarios. Moreover, the presence of multiple
dimensions of heterogeneity across various modalities, such
as information and noise, the spectrum of internal structures
from natural to symbolic signals, and the distributional gap
between modalities, introduces significant complexities [[14].
It is found, that learning multimodal representations poses
unique challenges compared to the unimodal case [[15]], [[16].

Despite expectations that multimodal networks would out-
perform their unimodal counterparts [17], this is not consis-
tently observed. It is found that different inputs generalize at
different rates, leading to unexpected performance degrada-
tion [15]], as well as a tendency of networks to over-rely on
dominant modalities [16], e.g., text in MSA [18]]. Furthermore,
studies demonstrate that joint multimodal training tends to
learn a limited spectrum of features and modalities [19],
resulting in suboptimal solutions.

Considering the challenges in multimodal learning, it is rea-
sonable to speculate that regularization and data augmentation
methods may be beneficial, similar to unimodal tasks. Never-
theless, the existing literature on this topic remains relatively
sparse and of limited scope. Some approaches like Wang et
al. [[15] and Wu et al. [16], propose to dynamically reweight
unimodal loss terms within the overall learning objective,
while Du et al. [20] suggest leveraging a unimodal teacher
model to improve learning of unimodal features. However,
these methods are tied with specific learning hypotheses
and late fusion architectures, which constrains their broader
applicability.

For more advanced models, like those employed for MSA,
Liu et. al. [21] introduce a learnable auto-encoder for embed-
ding augmentation within multimodal networks, and M3 [22]]
utilizes intense text masking in the latent unimodal space be-
fore fusion, acting as a regularizer. More closely aligned with
our work, AV-MC [23]] employs MixUp [24] independently
for acoustic and visual streams, when labels are available for
each modality, requiring three separate forward propagations,
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one for the original input and one for each unimodal set of
mixed examples. However, all these approaches are bound to
specific architectural designs, fusion strategies and learning
assumptions, which restrict their applicability. Therefore, a
broad-spectrum regularization framework that transcends such
constraints is crucial for multimodal learning environments
such as MSA.

In this work, we introduce PowMix, a novel regulariza-
tion method specifically crafted to improve regularization in
multimodal scenarios and in particular MSA. Unlike methods
designed to handle modality-specific challenges, PowMix
aims to offer a broad-spectrum solution applicable across a
range of datasets and model architectures. As a member of
the mixing algorithm family, it is inspired by methods like
MixUp [24], TransMix [_25] and MultiMix [26], known for
their regularization capabilities. PowMix is integrated before
the fusion stage in the multimodal architecture and facilitates
intra-modal mixing, e.g., text with text and audio with audio.

What sets PowMix apart is its novel components that,
in synergy, render it suitable for multimodal contexts. In
particular, the algorithm is characterized by five key features:
1) a varying number of generated mixed examples, 2) mixing
factor reweighting to encapsulate the importance of each
modality for each mini-batch example, 3) anisotropic mixing
for independent mixing across unimodal spaces, 4) dynamic
mixing, a novel element for representation mixing, and 5)
cross-modal label mixing, a new way to aggregate mixed labels
across modalities. PowMix emerges as a versatile regularizer
across MSA datasets and architectures. To the best of our
knowledge, such an approach has not been previously reported
in the literature.

To establish the effectiveness of PowMix, we conduct
experiments on three widely used MSA benchmark datasets:
MOSTI [27], MOSEI [28]], and SIMS [29]. We also employ
three different multimodal architectures: MulT [9], MISA [10]],
and Self-MM [11]. These models are chosen because they
perform well and, most importantly, cover a wide range of
architectural designs and learning approaches.

Our main contributions are summarized as follows:

1) We introduce PowMix, a novel regularization method
applied to MSA. It consists of five key components, two
of which build upon existing ideas and the other three
are entirely novel: anisotropic mixing, dynamic mixing,
and cross-modal label mixing.

2) We experimentally validate the effectiveness of PowMix
across diverse MSA datasets and architectures, confirm-
ing superior performance over baselines and state-of-the-
art mixing methods.

3) We conduct an in-depth ablation study of the features
of PowMix, demonstrating the contribution of each
component to the overall performance. We also highlight
the synergetic impact of these features.

4) We present a comprehensive algorithmic analysis,
demonstrating the behavior of PowMix across different
fusion types, its robustness to noise and text dominance
levels, as well as its efficacy under limited data scenar-
ios.

The paper is structured as follows: covers related
work and provides formulation and background for
our study. Next, details the PowMix algorithm,
while outlines our experimental setup. The core
experimental results, as well as the ablation study and algorith-

mic analysis, are presented in Finally, [section VII

draws conclusions and discusses future research directions.

II. RELATED WORK

This section provides an overview of the literature, begin-
ning with an exploration of works in the MSA field, which is
the core of our experimentation. We then discuss advance-
ments in mixing techniques within the unimodal learning
context, highlighting their components. Finally, we present
existing multimodal regularizers and highlight their task and
problem specific characteristics.

A. Multimodal sentiment analysis

MSA research mainly focuses on building better fusion
schemes and utilizing diverse learning recipes to enhance
representation learning for the task at hand. In particular,
TEN [8]] employs outer product of unimodal representations
to capture cross-modal interactions. Poria et al. [30] and Gu
et al. [31] implement multi-level and hierarchical attention
to better contextualize information. DHF [32] applies a hier-
archical fusion mechanism across different levels within the
architecture.

Other types of neural structures employed in MSA include
neural memory modules [28[], capsule networks [33[], and
graph neural networks [34]. Tsai et al. [9] utilize transformers,
where cross-attention blocks act as early fusion and concate-
nation serves as late fusion. Rahman et al. [35] fine-tune a
pre-trained BERT [36] model by incorporating a multimodal
shifting layer as early fusion and Guo et al. [37] build
upon this idea and use a multimodal interaction layer prior
to the language model. Wang er al. [38|] use text-enhanced
cross-attentive transformer blocks to promote the linguistic
information and Zhang et al. [39] use language-guided fusion
along with a fused hypermodality. In CENet [40] authors
exploit a pretrained language model tailored towards sentiment
analysis instead of BERT.

Another line of work utilizes more complex learning
recipes such as canonical correlation analysis [[12] and cycle-
consistency loss [41] across modalities. Coupling different
learning recipes with pre-trained models has been a popular
choice among researchers. Yu et al. [11]] introduce a unimodal
pseudo-labeling module that backpropagates three additional
losses. Hazarika et al. [[10] augment the learning objective with
feature reconstruction loss as well as attracting and repelling
objectives and Yang ef al. [42] learn a common space as well
as a private space for each of the involved modalities.

A two-step hierarchical learning recipe based on mutual
information maximization is proposed in [43], while Sun et
al. [12] propose a meta-learning framework that learns each
unimodal network and then adapts them for the MSA task. Sun
et al. [44]] propose a transformer architecture leveraging dual-
level reconstruction loss and an attraction loss in a Siamese
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setup between complete and incomplete data. NIAT [45]
learns a unified joint representation between clean and noisy
data by coupling masking-based feature augmentation with
an adversarial training strategy. Hu et al. [46] employ a text
encoder-decoder architecture, using T5 [47], and implement
a contrastive loss among unimodal encoders. The decoder
generates text sequences, which are decoded into MSA-related
info such as polarity. Notably, none of the aforementioned
approaches handles multimodal regularization.

B. Mixing in unimodal learning setups

Regularizatiorﬂ in unimodal learning setups has been exten-
sively studied. We primarily focus on techniques that modify
the learning process through mixing-based algorithms such as
MixUp [24]. These algorithms are notable for their regular-
ization benefits and a unique capability to mix representations
in the latent space. This feature is particularly desired for the
development of broad multimodal regularizers.

Input mixing: Algorithmic approaches in this cate-
gory are usually attached to specific types of data. For
computer vision (CV), the most studied field, options have
evolved from fundamental transformations, e.g., translation
and rotation [48]], to more advanced methods. These include
MixUp [24]] and CutMix [49]], which mix pairs of images in the
pixel and label space, as well as AutoMix [50] that introduces
an automatic mixing framework. For a unified study on vision
mixing techniques, we refer to [S1].

In natural language processing (NLP), mixing words in
their raw format is not straightforward, leading to approaches
like SSMix [52], which substitutes salient parts of a sentence
with words from another. In the Audio and Speech domain,
SpecMix [53]] mixes two spectrogram representations w.r.t. the
frequency domain. Our work shares a similar idea with Trans-
Mix [25]], a state-of-the-art CV technique, proposing pixel-
wise reweighting of mixing factors based on their attention
map values.

Latent space mixing: Algorithms in this category focus
on manipulating latent representations. Manifold MixUp [54]]
interpolates pairs of hidden representations along with their
labels. Non-Linear MixUp [55] extends this concept with a
non-linear interpolation scheme in the text embedding space.
ReMix [56] favors the minority class during mixing. Fur-
ther expanding on these ideas, SpeechMix [57]] and MixUp-
Transformer [58]], are variants of Manifold MixUp for speech
and NLP tasks respectively.

Closely related to our work is MultiMix [26], a state-of-
the-art method that mixes all representations within a batch to
generate many mixtures. MultiMix also incorporates the idea
of reweighting interpolation factors prior to mixing. Similarly,
PowMix proposes a methodology to generate more mixed
examples than the mini-batch size, yet by interpolating fewer
examples than MultiMix. These algorithms, especially Multi-
Mix, represent a methodological shift towards more abstract
regularization methods and motivate the need for techniques
beyond unimodal boundaries.

2In this work, we attribute regularization as any modification we make to
a learning algorithm that is intended to reduce its generalization error but not
its training error [48].
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Fig. 1. Abstract multimodal fusion scheme for MSA architectures including
MulT [9], MISA [[10] and Self-MM [11]]. Independent processing pathways
for each modality, represented by encoders fm, where m € {T,A,V} is
the modality (7": text, A: acoustic, V': video). In models like MulT, encoders
can incorporate other modalities as inputs too, i.e., early-fusion. The hidden
representations h,,, extracted by the encoders are fed to the fusion network
fr, which generates the final prediction. Depending on the architecture, fr
can manifest as a non-linear feedforward network (MulT), a single-layer
transformer (MISA), a dual linear layer setup (Self-MM), efc. This scheme
abstracts away components of the architecture not directly related to the
prediction task. Mixing is performed directly on hy,.

C. Regularization in multimodal setups

Here, we position the proposed PowMix in the context of
existing multimodal learning regularization techniques. Cur-
rent methods often target specific challenges [15[], [20] or
are confined to particular inputs and domains. For example,
MixGen [59]] combines image and text data intra-modally but
is primarily helpful for tasks like retrieval and captioning.
Similarly, cross modal CutMix (CMC) [60] bridges unpaired
image-text datasets cross-modally but has limited architecture
and task flexibility. By contrast, PowMix is designed to adapt
across a wide range of supervised multimodal classification
or regression problems without being limited to specific input
types or architectures.

The embedding space augmentation technique proposed
in [21] marks progress in multimodal regularization. However,
its complexity limits its application, involving additional learn-
able parameters, doubled forward propagations, adversarial-
like optimization, and manual output thresholding. Similarly,
AV-MC [23], which utilizes MixUp for acoustic and visual
streams independently, requires unimodal labels and three
forward propagations. PowMix, on the other hand, offers ver-
satility and broad applicability by not posing any constraints
on the learning setup, particularly in complex tasks like MSA.

III. BACKGROUND

We formulate multimodal sentiment analysis (MSA) as a
multimodal fusion task and present an abstract architecture
scheme that encapsulates most existing approaches, as illus-
trated in We then describe unimodal mixing algo-
rithms with a particular focus on Manifold MixUp [54] and
MultiMix [26]]. We also briefly outline the idea of reweighting,
a mechanism used in different mixing algorithms [25].

A. Preliminaries and notation

Figure 1| shows an abstract multimodal fusion architecture
used in MSA models, e.g., [8]-[11], [22]. We have omitted
parts of the architecture not directly involved in the predictive
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Fig. 2. Motivation of PowMix. Given seven 2-dimensional points, we generate 212 points, each as a convex combination of a random subset of n; points.
From left to right, we interpolate a) pairs, b) triplets, ¢) quadruplets, and d) all seven points. MixUp (a) interpolates two points at a time, while MultiMix (d)
uses all seven points. By dynamic mixing, PowMix randomly samples a subset of different cardinality for each generated point, hence can provide mixing
instances between interpolation of pairs and all points. Empirically, we find that mixing from 2 to 4 points gives good performance. See Fig.3 for detailed

results. ®: Original examples; ®: interpolated examples; : convex hull.

information flow, such as the decoder in MISA [10] and the
unimodal label generation module in Self-MM [11]]. Our focus
is on the input modality encoders f,, and the fusion network
fr alone.

Each unimodal input space is denoted as X,,, where m
is the modality, from a set of indices M = {1,...,M}.
The multimodal input space is denoted by the Cartesian
product Xy = A7 X --- x Xps. The multimodal input
data is given as the collection D = {X® y@}IN = where
X® = (X(li), . ,XEC[)) is a multimodal m-tuple with each
Xgﬁ) € X, y € R is the corresponding label for regression
tasks and N is the number of multimodal m-tuples. When
discussing unimodal concepts, such as Manifold MixUp, we
omit the m subscript.

Each input modality encoder is a mapping f,, : X —
R where d,,, is the hidden space dimension. Given mul-
timodal input X € X, the output of each encoder is
h,, = fn(X) € R, allowing for early fusion in general.
The fusion network is a mapping fr : R4 x --- x R 5 R,
The complete prediction scheme f is the composition of
input modality mappings with the fusion map, i.e., f(X) =
fr(hy, ... hy) = fr(f1(X),..., fu(X)). All mixing oper-
ations are applied to the hidden representations of an entire
mini-batch, denoted by H,,, € RE*4n where B is the mini-
batch size.

B. Manifold MixUp

Manifold MixUp [54] is a unimodal regularization method
that interpolates pairs of hidden representations from different
input examples using an interpolation factor A € [0, 1]. Given
a pair of representations h(*) h(%) in latent unimodal space R?
and their labels y(, y(), mixing is performed by the convex
combination

h =Xh® 4 (1 - \)h (1)
7=+ (1= Ayt )
Following standard practice, A is sampled from distribution
Beta(a), where o = 1. As shown in this method results

in mixed embeddings along linear segments between pairs of
examples.

C. MultiMix

MutiMix [26]], a state-of-the-art mixing method, is incorpo-
rated in our study for comparative analysis with our proposed
PowMix. Unlike Manifold MixUp, which interpolates pairs of
examples, MultiMix interpolates all examples in a batch and
generates a number of mixed examples that is independent
of the mini-batch size. In particular, given a batch of size
B, MultiMix mixes all B hidden representations, denoted by
H € RB*4 to generate np mixed examples. This involves
randomly sampling no interpolation vectors in RZ from
Dirichlet distribution Dir(ex), resulting in an interpolation
matrix A € R"0*B Mixing is then performed by the convex
combination

H = AH ¢ Rroxd 3)
y = Ay e R"°, 4

where y € R® denotes the labels of the mini-batch. Parameter
« is sampled from a uniform distribution U[0.5,2.0] by
default, which produces mixed examples as shown in [E The
number no of mixed examples is a tunable hyperparameter.
In PowMix, we adopt this idea of np being decoupled from
the mini-batch size.

D. Mixing factor reweighting

Reweighting the mixing factors based on representations has
proven an effective strategy in various MixUp variants, such as
TransMix and MultiMix [25]], [26]. This idea is founded on the
principle that reweighting different elements by assigning them
attention-like values can result in more effective mixtures.
The key to this approach is a mapping g, which determines
the attention weights of mixed elements. This function is
based on attention maps obtained by transformer architectures
in TransMix [25] and a cross-attention operation over dense
features in MultiMix [26]. To keep our approach generic in
terms of architecture, we rather use a simpler mapping g in
PowMix.

IV. PowMix

Our proposed multimodal regularization method, PowMix,
is described here in detail. It consists of five key elements:
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1) Generating a varying number of mixed examples.

2) Mixing factor reweighting, adjusting the contribution of
each representation in a mixed example.

3) Anisotropic mixing, i.e., sampling distinct mixing factors
for each latent modality space.

4) Dynamic mixing, allowing the combination of a variable
number of embeddings from the mini-batch.

5) Cross-modal label mixing, creating a unified multimodal
label for each mixed multimodal tuple.

While the first two elements build upon established concepts
in the literature (see |[subsection III-C| and [subsection III-D|
respectively), the other three are entirely novel contributions,
specifically designed to make PowMix perform best in a
multimodal setup. In the following, we provide a detailed
account of how PowMix combines these novel elements in
a multi-step algorithm, and then we discuss their motivation

and impact. We give pseudo-code for PowMix in

Algorithm 1: PowMix multimodal mixing.

Input: hidden representations H,, € RE*dm
Input: label vector y € RP

Input: number no of generated mixed examples
Output: mixed representations H,,, € R™0*dm
Output: mixed label vector y € R™©

1 am < ga(Hyp) > attention vector
2 o ~ U(0.5,2) > interpolation hyperparameter
3 Ay ~ Dir(am) > interpolation matrix
4 P~U(2,4) > masking hyperparameter
s M ~ Bern(P/B) > mask sampling
6 Km —m (ajn OMOAR) > normalization
7 ﬁm — KmHm > representation mixing
8 Ym Kmym > label mixing
9y +— ﬁ > ¥m > cross modal label mixing

A. Algorithm

Given a multimodal example X0 = (X{" ... X{)) ¢
X1, we obtain a hidden representation h') = frm(X@) €
R? as the output of encoder f,, for each modality m € M.
At the mini-batch level, let the matrix H,,, € RE*4m hold the
hidden representations of all examples in its rows, where B is
the mini-batch size. Let also vector y € R denote the labels
y® € R for all examples of the mini-batch.

Mixing factor reweighting: First we compute the mixing
factor attention weights a,, € RE. Specifically, as a form of
attention, we use average pooling over the feature dimension
followed by ReLLU and normalization across modalities:

U(Hm 1dm /dm)
Zm’EM U(H7VL' 1dm/ /d’rn’) ’

where 15, € R%" is an all-ones vector, o(-) is the ReLU
function and division is performed element-wise. This oper-
ation is similar to transformer cross-attention between query
1,4, and key H,, but here normalization is performed across
modalities. We call the use of weights a,, mixing factor
reweighting. A baseline is to use a uniform a = 15/M for
all modalities.

®)

aAm

Anisotropic mixing: For each modality, we then sample a
different mixing matrix A.,,, € R"°*8_To do this, we sample
no distinct B-dimensional interpolation coefficient vectors
from a Dirichlet distribution Dir(e,,), with its parameter
a,, € R™ drawn from a uniform distribution U(0.5,2.0),
following [26]]. Let’s assume that the latent representation
of each modality is embedded in separate subspaces of an
overall multimodal latent representation space. Since we use
a different mixing matrix per subspace, we call this approach
anisotropic mixing. A simpler alternative is to use the same
A € R"0*B for all modalities.

Dynamic mixing: Next, we randomly mask mixing fac-
tors to keep only a small number of nonzero elements per row
of A,,. This limits the interpolation to just a few examples.
Specifically, we sample a binary mask M ~ Bern(P/B) €
R™©*B from a Bernoulli distribution and apply it element-
wise to the mixing matrix A,,.

The hyperparameter P € R™©* 5 provides a different value
for each element of M and dictates the proportion of mini-
batch examples to interpolate in the representation space. In
general, we sample P from U(a,b), which means that we
mix between a and b examples. We find empirically that P ~
U(2,4) works well, corresponding to 2 to 4 nonzero elements
on average per row of A,,.

Since different examples are interpolated for each generated
example, we call this process dynamic mixing. Importantly,
the same binary mask M is used for all modalities m by
default, a choice called mask sharing. An alternative is to use
a different M,, € R"©*5 for each modality. The simplest
approach would be not to use any masking, i.e. setting M =
1,,, x B, which deactivates dynamic mixing.

Interpolation operation: Given the mixing factor atten-
tion weights a,,, € RZ and the binary mask M € R0 x5 we
multiply element-wise with the mixing matrix A, € R"oxB
and re-normalize over the mini-batch dimension to obtain the
reweighted mixing matrix

A =m(a, ©MOA,,) € R"*F, (6)

where 7; here denotes ¢;-normalization of rows and © is
Hadamard product (with vectors broadcasting to matrices as
needed). In this product, attention weights a,,, are scaling the
columns of the mixing matrix, while the binary mask M is
selecting subsets from each row.

Now, using Ao, we generate no mixed examples per
modality. In particular, given the hidden representations H,,
and the labels y, we perform intra-modal interpolation for
modality m by

H, = A,,H,, ¢ RroXdm (7)
Ym = Ay € R™. (8)

This is similar with (3), {4), but A,, is reweighted, masked
and unique for each modality. Formally, it expresses convex
combinations of different input examples in the representation
space and their labels, due to nonnegativity of A,, and its
rows summing to 1.
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Cross-modal label mixing: Finally, we compute a single
multimodal label y € R™© for the mini-batch by averaging
Y. over modalities:

~ 1 ~

y=1; Z Yom- ©)
This step, called cross-modal label mixing, is only meaningful
when mixing factor reweighting and anisotropic mixing are
used, in which case y,, are different for each modality.

B. Discussion

We now discuss the key features of PowMix, to better
understand the underlying idea of each algorithmic component.
Varying number of mixed examples: PowMix enables
the generation of a variable number no of mixed examples.
These mixtures lie in the convex hull of the mini-batch in the
representation space. The value of np is a hyperparameter,
which is decoupled from the mini-batch size and much larger
in practice. As such, it generates a plethora of mixtures,
leading to more loss terms being calculated per example
during model training. As in MultiMix [26], it is hypothesized
that this provides a better approximation of the expected risk
integral.

Mixing factor reweighting: Prior works [25]], [26] per-
form mixing factor reweighting on dense features of image
patches, applied to a unimodal task. By contrast, our approach
is inherently multimodal, reweighting the mixing factors of
each mini-batch example by normalizing across modalities.
Our intuition is that by reweighting each modality in a
multimodal m-tuple according to the sum of its features we
are able to reduce the impact of uninformative (near zero)
unimodal instances in the representation space. Unlike prior
work [25]], [26], our approach is also agnostic to the architec-
ture and pooling mechanism of the input modality encoders.
We experimentally verify that it improves performance.

Anisotropic mixing: Given m hidden tensors H,, €
RBXdm PowMix samples a separate mixing matrix A,, €
R"™0*B for each modality m. This enables modality-specific
mixing, that is, the ability of the algorithm to exhibit different
mixing strategies across modalities. This property is shown to
be critical for PowMix to perform well.

Dynamic mixing and power set: Considering the forma-
tion of the reweighted mixing matrix A,, (6), we track two
sources of randomness. The first is due to mixing factors in
A, sampled from the Dirichlet distribution, which is common
in prior mixing methods, e.g. [26]. The second is due to
the binary mask M, sampled from the Bernoulli distribution,
which is unique to our method. One may interpret the inter-
polation process as sampling a subset of examples from the
power set ‘P of the mini-batch in the representation space. The
subset sampling is then followed by the formation of a convex
combination based on the selected representations. This is a
dynamic mixing process in the sense of using a different subset
for each generated mixed example. The PowMix acronym of
the proposed method alludes to the use of the power set P.

In practice, the effect of sampling a subset prior to forming
a convex combination is that A, is sparse, having a small

number of nonzero entries per row (2 to 4 on average ac-
cording to our default settings). Thus, only few mini-batch
examples are interpolated for each generated mixture. While
it is possible to control the entropy of mixing factors by
adjusting the hyperparameter o, of the Dirichlet distribution
in sampling A,, itself, it is shown experimentally that true
sparsity is superior in our multimodal problem. As shown in
and PowMix can provide mixing instances between
interpolation of pairs, as in Manifold Mixup [54]], and a/l mini-
batch examples, as in MultiMix [26]. Sharing the binary mask
M across modalities is empirically shown to be essential for
PowMix to work well.

Cross-modal label mixing: PowMix uses mixing factor
reweighting and anisotropic mixing, which result in different
reweighted mixing matrices A, l@) and thus different mixed
labels y,, for each modality m. To unify these into a
single label vector y, PowMix averages the mixed labels
Ym over modalities @) This assumes equal contribution from
each modality in label generation. While this assumption may
not hold universally, empirical evidence has demonstrated its
effectiveness in practice. The averaging operation is purely
multimodal, intertwining label information across different
modalities. We also experiment with a learnable variant, but it
performs worse than the baseline since it places higher weight
on the text modality and much smaller to other modalitites,
undermining the multimodal learning process [15[], [16], [20],
(32].

V. EXPERIMENTAL SETUP

We evaluate PowMix and other mixing techniques over
three benchmark datasets for MSA and three distinct archety-
pal multimodal networks. In the following, we provide a
detailed description of our experimental setup.

A. Benchmark datasets

MOSI: CMU-MOSI [27] is an English MSA benchmark
dataset consisting of YouTube videos (= 2.5h), featuring
monologues where individuals express opinions, stories and
reviews. These videos range from 2-5 minutes in length. CMU-
MOSI contains 2199 utterance-level video segments from 93
videos and 89 distinct speakers (41 female and 48 male),
with an average segment length of 4.2 sec. Each segment is
manually transcribed and annotated with sentiment intensity
scores ranging from -3 (strongly negative) to 3 (strongly
positive).

MOSEI: CMU-MOSETI [28]] is the largest MSA bench-
mark dataset (= 66h). Compared to MOSI, it offers a more
diverse range of samples, video topics and speakers. MOSEI
contains 23,453 manually transcribed and annotated utterance-
level video segments from 1000 distinct speakers and covers
250 topics. The average segment length is 7.28 sec, with seg-
mentation based on punctuation from the high-quality manual
transcriptions. Each segment is manually annotated in a Likert
scale from -3 to 3 as in MOSI.



JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

SIMS: The CH-SIMS [29] is a Chinese MSA benchmark
dataset, comparable in size to MOSI (= 2.3h). It consists
of 2281 utterance-level monologue video segments from 60
diverse videos, including movies, TV series, and variety
shows. Each segment is manually segmented, transcribed,
and annotated with sentiment intensity scores ranging from
-1 (strongly negative) to 1 (strongly positive). While SIMS
provides both multimodal and unimodal annotations, we only
leverage the multimodal labels. The average length of each
video segment is 3.67 sec.

B. Multimodal features

Processing raw multimodal video streams is computation-
ally intensive and might also face copyright issues. Therefore,
benchmarks in this field typically include a set of extracted
features [27[]-[29]]. Since feature extraction for emotion and
sentiment is a challenge with varied approaches [61]], direct
algorithm comparison can be problematic. In our study, we
utilize the feature set provided in [61] for fair comparison
across benchmarks.

Text modality: Semantic word embeddings mainly
rely on pretrained language models. Following [61]],
we use BERT [36] embeddings adopted from their
open-source transformer implementations [62]. In partic-
ular, we use bert-base-uncased for English and
bert-base-chinese for the Chinese language. Eventu-
ally, each word is tokenized and represented as a 768-dim
word vector.

Acoustic modality: The acoustic modality predominantly
uses hand-crafted features. MOSI and MOSEI employ the
COVAREP [63] framework to extract low-level descriptors
(LLDs) like pitch and 12 Mel-freq cepstral coefficients
(MFCCs), yielding a 74-dim frame-level feature. For SIMS,
we use Librosa [64], resulting in a 33-dim acoustic represen-
tation per frame.

Video modality: Standard video features for MSA tasks
include facial landmarks, eye gaze, and facial action units. For
MOSI and MOSEI, 35 facial action units are extracted using
Facet El, focusing on emotion-related movements. In SIMS,
the OpenFace2.0 toolkit [65] extracts 68 facial landmarks,
17 facial action units, and other features, forming a 709-dim
frame-level representation.

C. Evaluation metrics

Performance metrics: Aligning with existing literature
[O]-[11], [61], we evaluate MSA as a regression task using
mean absolute error (MAE) and Pearson correlation (Corr).
Classification accuracy, denoted as Acc-k for k classes, is also
used by mapping regression scores to discrete categories. For
binary metrics (Acc-2, F'1), in line with [9], [61], we exclude
neutral (zero-valued) predictions, focusing on positive versus
negative values.

3https://imotions.com/platform

TABLE I
PROPERTIES OF MSA ARCHETYPAL MODELS. FT-BERT: BERT ENCODER
FINE-TUNING; Uni.Encoder: UNIMODAL PROJECTOR OR ENCODER
MODULE; Objectives: NUMBER OF OBJECTIVES IN LEARNING RECIPE. CA:
CROSS-ATTENTION; SA: SELF-ATTENTION.

MODEL FT-BERT UNIL.ENCODER EARLY / LATE FUSION OBJECTIVES

MulT 1D-CNN CA / Concat 1
MISA v LSTM — / SA + Concat 4
Self-MM v LSTM — / Concat 4
ALMT v Transformer CA /CA 1

Robustness metrics: Evaluating MSA model robustness,
especially against textual modality dominance, is crucial [13],
[66]. We assess model robustness under various noisy inputs
using the same metrics as for performance. To quantify the
robustness of each model under noisy inputs we employ the
Area Under Indicators Line Chart (AUILC) metric [45]]. In
particular for increasing missing rates {rq,---7,} and their
corresponding performance metrics {p1,--- ,p,} the AUILC
is:

n—1 p + P

i i+1
Z T+(7"i+1 - Ti) (10)
i=1
For non-error metrics, e.g., F1 and Corr, higher AUILC values
indicate better models.

D. Competitors and MSA models

We compare our PowMix multimodal regularization
method against Manifold MixUp [54] and state-of-the-art
MutiMix [26]], as discussed in [section 1]

All comparisons are performed on three different archetypal
MSA architectures, namely MulT [9], MISA [10] and Self-
MM [11]. These models have demonstrated strong perfor-
mance across the datasets we examine [61]]. As shown in
Table I} they represent a diverse range of architectural choices,
including LSTM, CNNs, and transformers. They also employ
various fusion strategies and unique learning recipes, including
single-task and multi-task objectives. We reproduce those three
models for fair comparison. We also report other models from
the literature to provide a holistic performance overview.

LF-DNN: The late fusion deep neural network (LF-
DNN) [67] learns unimodal features separately for each
modality, then concatenates them for multimodal prediction.

TFN: The tensor fusion network (TEN) [8] employs
LSTM for text and averages acoustic and visual features.
Latent representations from DNN-processed modalities are
concatenated, forming a high-dimensional multimodal space.

MAG-BERT: In the MAG-BERT [35] model, a mul-
timodal adaptation gate is introduced and integrated with a
pretrained BERT encoder to handle multimodal information
processing.

MulT: The multimodal transformer (MulT) [9] employs
a 1D-CNN as a unimodal projector for reducing the dimen-
sionality of input features. MulT uses early fusion through
cross-attention (CA) blocks. These blocks facilitate interaction
and integration of information across different modalities.
After this early fusion step, the model processes the combined
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multimodal streams using self-attention (SA) mechanisms.
The output of these processes is then concatenated for the
final prediction. All mixing operations are integrated prior to
concatenation. MulT is optimized based on a single task loss.

MISA: The MISA model [10] uses LSTM networks to
process audio and video modalities. For the text modality, it
fine-tunes the BERT encoder. MISA is designed to embed uni-
modal representations into both a shared multimodal space and
distinct unimodal spaces. This design promotes the extraction
of common features across modalities while also preserving
modality specific features.

In the final stages, MISA decodes all these six representa-
tions (from both common and individual spaces) in one branch
for reconstruction, while in another branch, it independently
merges them using SA to make the final prediction. MISA thus
combines a task loss with reconstruction, repelling and attrac-
tive objectives. All mixing algorithms are employed before
the SA block, treating the six representations as independent
modalities.

Self-MM: The Self-MM model [[11]] also relies on LSTM
networks to process the audio and visual features. For the
text modality, it fine-tunes the BERT encoder. Self-MM im-
plements a pseudolabeling component called unimodal label
generation module (ULGM), which generates unimodal labels
from the multimodal label and the unimodal embeddings.
These generated labels then influence the learning process
through backpropagation. For the final prediction, Self-MM
concatenates the unimodal representations and processes them
through a dual linear layer setup. The model combines a task
loss with an additional loss for each modality, derived from the
pseudolabeling network. All mixing operations are integrated
before concatenation.

ALMT: The ALMT model [39] uses transformer layers
to process features from every modality and also fine-tunes
the BERT encoder. The encoded features are processed by an
Adaptive Hyper-modality module consisting of self-attention
layers for the language modality, cross-attention layers be-
tween text, and the concatenation of acoustic, visual, and learn-
able hypermodality. The output of this module is language-
based features and fused features, which are combined via
cross-attention fusion blocks. PowMix is applied to the output
of the Adaptive Hyper-Modality block.

E. Implementation details

We employ the M-SENA framework [[61]] for MSA model
evaluation, implementing all models in PyTorch [68|] and
conducting all experiments on a single NVIDIA RTX 3090.
We use the Adam [69] optimizer with early stopping and
set hyperparameters per M-SENA’s guidelinesﬂ Results for
MulT, MISA and Self-MM are reproduced from open-source
implementations for fair comparison. Results for ALMT are
based on (unofficial) open-source implementatiorﬂ

Mixing is integrated before the late fusion stage in training
and excluded during inference. For Self-MM model, following

4https://github.com/thuiar/MMS A/blob/master/src/MMS A/config/config_
regression.json
“https://github.com/Haoyu-ha/ALMT

official recommendations [[11], we initiate mixing only after
the first two epochs for SIMS and MOSEI, and after one epoch
for MOSI. Metrics are averaged over at least five independent
runs, while robustness assessments use 15 runs, following [61]],
[70].

For PowMix, we sample the masking probability as
P ~ U(2,4) and the interpolation hyperparameter as o ~
U(0.5,2.0). For MultiMix, we use the default hyperparameters
from [26]], while Manifold MixUp performs best with v = 1.0.
When tuning hyperparameters such as the probability ppix of
applying the mixing algorithm, as well as the number no of
generated mixed examples for MultiMix and PowMix, we
employ the following strategy. Initially, no is set to 256, and
DPmix 1s optimized. Subsequently, no is optimized based on
the optimal ppix value. The process may be repeated if the
results are not satisfying. For Manifold MixUp, because of
the small batch size, we process batches twice the baseline
size, split each batch in half and perform mixing between the
two halves.

VI. EXPERIMENTAL RESULTS

We evaluate PowMix against competitors over a diverse
set of multimodal networks across different MSA benchmark
datasets. All latent feature regularizers are applied before the
late fusion part of each architecture.

A. Comparison with the state of the art

To ensure a fair comparison between different mixing
methods and consistency across all evaluation metrics, we re-
produce MulT, MISA, Self-MM and ALMT baseline models.
Additionally, we present results from established frameworks,
which are generally comparable with our reproduced results.
We primarily compare our results to the reproduced ones.

evaluates PowMix against the state of the art.
These results clearly show that integrating PowMix leads
to consistent performance improvements across all metrics
and datasets over the reproduced baseline models. This result
clearly illustrates the width of applicability and consistency
of the proposed method across various architectures, fusion
schemes and learning recipes. Notably, in the vast majority of
the examined metrics (72%), Manifold MixUp and MultiMix
fail to improve or even harm performance compared to the
baseline. By contrast, all models are benefited by multimodal
regularization across all setups. Next, we take a closer look at
individual datasets.

MOSI: By using PowMix, Self-MM outperforms all
examined models, both reproduced and original. For MulT,
improves by 0.75 Acc-2 and 0.023 MAE.

MOSEI: By using PowMix, MISA improves by 0.95
Acc-5 and 1.04 Acc-7. Self-MM improves by 0.86 for binary
metrics, outperforming its original results by 1.0 on average
and even outperforming MISA, which has better baseline
performance on these metrics. Moreover, ALMT achieves the
best performance in binary metrics, i.e., Acc-2 and FI.

SIMS: PowMix significantly boosts all models. By using
PowMix, MulT outperforms the stronger baseline Self-MM
model across three metrics, which clearly confirms the benefits
of regularization in multimodal architectures.


https://github.com/thuiar/MMSA/blob/master/src/MMSA/config/config_regression.json
https://github.com/thuiar/MMSA/blob/master/src/MMSA/config/config_regression.json
https://github.com/Haoyu-ha/ALMT
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TABLE II
State of the art comparisons. M.MIXUP: MANIFOLD MIXUP. : RESULTS REPORTED IN [61]]; ¥: RESULTS REPORTED IN [39]]; ALL OTHER RESULTS ARE
REPRODUCED. 1 / |: HIGHER/LOWER IS BETTER. RED: WORSE THAN THE BASELINE; BOLD: BEST FOR EACH MSA MODEL.

MODEL MOSI MOSEI SIMS
Acc2t F1T MAE] CORRT Acc5T Acc7t Acc2t F1T MAE] CORRT AcCC5T Acc7t Acc2t Fl1t MAE| CORRT
LFE-DNNT 79.39 7945 0945 0.675 - - 82.78 82.38 0.558 0.731 - - 76.68 7648 0.446 0.567
TENT 78.02 78.09 0971 0.652 - - 82.23 8147 0.573 0.718 - - 77.07 7694 0.437 0.582
MAG-BERTT 8341 8347 0.761 0.772 - - 84.87 84.85 0.539 0.764 - - 7444 7175 0492  0.399
MulTt 80.21 80.22 0912 0.695 - - 84.63 84.52 0.559 0.733 - - 78.56 79.66 0.453 0.564
MISAT 82.96 8298 0.761 0.772 - - 84.63 84.52 0.559 0.733 - - 76.54 76.59 0.447 0.563
Self-MMT 84.30 84.31 0.720 0.793 - - 84.06 84.12 0.531 0.766 - - 80.04 80.44 0425 0.595
ALMTH? 86.43 86.47 0.683 0.805 5641 4942 86.79 86.86 0.526 0.779 5596 5428 81.19 81.57 0.404 0.619
MulT 80.26 80.32 0.927 0.689 40.10 34.71 84.07 8393 0.564 0.731 5397 5256 77.77 7799 0442 0.584
+ M.MixUp 80.41 80.36 0.928 0.686 39.14 3426 84.02 8392 0.563 0.729 54.19 5250 78.09 77.95 0.445 0.576
+ MultiMix 80.46 80.49 0911 0.688 39.33 3496 84.08 84.01 0.563 0.733 53.99 5239 78.09 77.87 0.445 0.575
+ PowMix 81.01 80.99 0904 0.696 40.65 35.00 84.44 8438 0.559 0.738 54.26 52.75 79.04 7851 0437 0.595
MISA 8293 8295 0.772 0.774 4755 42,10 8451 8447 0549 0.759 53,57 5196 76.59 7620 0457 0.550
+ M.MixUp 83.08 83.12 0.783 0.770 46.94 42.10 8450 84.32 0.551 0.755 53.61 52.10 75.60 7547 0.460 0.549
+ MultiMix 82.82 82.86 0.780 0.778 47.06 41.80 84.55 8447 0.551 0.757 53.94 5230 76.67 76.15 0.455 0.547
+ PowMix 8349 83.50 0.761 0.780 48.02 42.65 84.97 84.86 0.543 0.762 54.52 53.00 77.35 7697 0.441 0.569
Self-MM 84.22 8423 0.724 0.791 5222 45.64 8426 8424 0.532 0.765 5552 5385 78.16 78.15 0.417 0.592
+ M.MixUp 84.38 84.37 0.722 0.792 5350 46.33 8424 8423 0.532 0.765 5557 5382 78.56 78.58 0.414 0.594
+ MultiMix 84.35 84.38 0.723 0.792 5245 4589 84.17 84.16 0.547 0.751 5453 52.84 77.62 77.77 0426 0.576
+ PowMix 84.76 84.78 0.712 0.795 53.86 46.88 85.11 85.10 0.528 0.770 55.87 5425 79.02 7894 0412 0.599
ALMT 8390 83.89 0.746 0.784 48.77 43.58 8523 8532 0.539 0.766 54.64 53.05 78.16 78.16 0.433 0.575
+ PowMix 84.30 84.30 0.741 0.788 49.24 4425 85.85 8594 0.535 0.770 54.89 5329 7891 79.13 0.429 0.580
U2,4) ’ ] ’ 78511 | TABLE III
\ Lo EFFECT OF ALGORITHMIC COMPONENTS OF POWMIX: ANISOTROPIC
U(4,6) ) 8p-08 I MIXING (ANISO.), MIXING FACTOR REWEIGHTING (REWEIGHT),
U(s,8) — 84187 CROSS-MODAL MASK SHARING (M. SHARE), AND DYNAMIC MIXING
[ (D.MiX). USING SELF-MM MODEL ON MOSEI. 1 / |: HIGHER/LOWER IS
U(2,8) 7‘ 85.07 = BETTER.
U(2,16) - ‘ ! 84:93 i =
Q4.7 S48 849 35 351 35.2 ANISO. REWEIGHT M.SHARE D.MiIx Acc2t Acc5t MAE]
Acc-2 (1) v v v v 85.11 55.87 0.528
v v v 8490 55.60 0.529
v v v 85.00 55.77 0.528
v v v 8499 5530 0.531
T v v 84.62 5521 0535

MAE (x100) ({)

Fig. 3. The effect of subset sampling in PowMix, as controlled by the uniform
distribution U (a, b) used to sample the hyperparameter P € R™0 %5 of the
Bernoulli distribution from which we sample the binary mask M € R0 * B,
Using Self-MM model on MOSEL 7 / |: higher/lower is better.

B. Ablation study

To investigate the effect of each hyperparameter and algo-
rithmic component in PowMix, we conduct extensive exper-
iments on MOSEI (largest benchmark) with Self-MM (best
performing model).

1) Subset sampling: In this experiment, we vary the number
of interpolated examples within a mini-batch for forming
convex combinations in PowMix. This is controlled by a

uniform distribution U(a,b) used to sample the hyperparam-
eter P € R"0*B of the Bernoulli distribution from which
we sample the binary mask M € R"0*B_ This uniform
distribution means that there are from a to b nonzero entries
on average in each row of the mask M, thus also each row of
the reweighted mixing matrix A, In turn, this means that we
are interpolating from a to b mini-batch examples on average.

shows the results for a variety of choices for
a,b. According to both metrics, the intervals are ranked by
decreasing performance as U(2,4), U(2,8), U(4,6), U(2,16),
and U(6,8). This highlights the importance of sampling a
small subset of mini-batch examples (both a and b being
small) and the sparsity of Ao, justifying our dynamic mixing
process. Notably, even the least effective choice, U(6, 8), still
outperforms the baseline Self-MM model. We choose U(2,4)
by default in PowMix based on these results.

2) Number of generated mixed examples: shows
the effect of the number no of generated mixed examples. We
observe that a smaller number of generated mixed examples,
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Fig. 4. Impact of the number no of generated mixed examples on MOSEIL
1/ J: higher/lower is better.

such as 2% or 2°, does not significantly benefit the model,
whereas a very large number, like 2!, seems suboptimal. The
best-performing values are found among {27, 28 2°}, with 23
performing best. We underline that PowMix is effective over
a very wide range of no values, outperforming the baseline
Self-MM model for all values tested.

3) Algorithmic components: By turning four critical al-
gorithmic components on/off during training, we study their
effect on PowMix. In paricular, we examine anisotropic mix-
ing, mixing factor reweighting, cross-modal mask sharing and
dynamic mixing. It is important to note that cross-modal label
mixing (O) is linked with other components. When turning
off mixing factor reweighting and anisotropic mixing, we also
turn off cross-modal label mixing, since in this case y,,
are the same across modalities. When turning dynamic mixing
off, i.e., use unit mask in @, we assume that the mask sharing
feature is also deactivated.

shows that dynamic mixing, i.e., using sparse
binary masks, is the most important component of PowMix.
Morever, mask sharing, i.e., masking the same examples across
modalities, is also a crucial component. Therefore, we use
a sparse shared cross-modal mask in all our experiments.
Anisotropic mixing is also essential, as its absence lowers per-
formance. The benefit of reweighting is also clear, supporting
findings from other studies [25]]. These findings underscore the
synergetic impact of the features of PowMix; removing any
of them leads to a drop in performance.

C. Analysis

To better understand how PowMix works and affects the
models, we conduct analysis experiments on MOSEI.

1) Fusion Representation evaluation: In this experiment,
we explore how PowMix influences each representation prior
to and after the final fusion operation (fr). Referring to Figure
1, we denote by f,, each (stream) module prior to fusion

85 ! ! ! !
’ [] 0 MulT I B MulT+PowMix
84.5 |-
£ 84l .
[
3
S 835 .
T T
fr fa fv fr
! ! !
’ 0o seie-mm [ B setf-MM+PowMix
85
84 -
=
a 83
oS —
< 63
61 T T T
fr fa fv
Fig. 5. Unimodal evaluation analysis on MOSEI. Effect of PowMix on

performance of encoders f,, of individual modality m € {T,A,V} and
fusion network fp for different MSA architectures. f,, evaluated by training a
linear head on each modality representations (h,,), while keeping f,, frozen.
fF evaluated based on[Table TI] T': text; A: acoustic; V: video. MulT: early
fusion; Self-MM: late fusion. 1 / |: higher/lower is better.

operation. Note here that in some architectures, e.g., MulT, f,,
act as early fusion operators, thereby processing multimodal
information. In the Self-MM architecture, on the other hand,
the f,, modules process unimodal information. The index
m € {T, A, V} (T: text, A: acoustic, V: video) refers to each
stream encoder without being restricted to unimodal opera-
tions. We train the models with and without PowMix. After
training, we assess the performance of each encoded stream
by training a (separate) linear head on every representation h,,
while keeping f,,, frozen. The fusion network fr is evaluated
based on We repeat each experiment three times and
report the average performance.

The results are shown in All modalities perform
well in the MulT architecture (f,,), which uses early fusion.
Applying PowMix improves f4 by 0.47 Acc-2 and fy by
1.57, which is significant, while fr shows minimal improve-
ment (0.03). The fusion network fr improves notably by 0.37
Acc-2, though this is less than the per-modality improvement.

By contrast, the Self-MM architecture, which uses late
fusion, shows different trends. Here, the acoustic and visual
modalities perform substantially worse (= 63 Acc-2) than
the dominant text modality (83.87). With PowMix, the audio
and visual streams show minor improvements (= 0.07), but
the text modality fr improves significantly by 0.88 Acc-2.
Interestingly, this gain is directly transferred to the fusion
network fr, improving it by 0.85 Acc-2.

These findings are mutually informative. We interpret the
results based on architectural differences and unimodal feature
analysis from [20]. In MulT, the substantial per-modality
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Fig. 6. Robustness to noise analysis on MOSEI. Input frames randomly dropped with probability ranging from 5% to 40%. Average metrics reported over
dropping being aligned across modalities and independent. 1 / J: higher/lower is better.
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Fig. 7. Modality dominance analysis on MOSEI. Text modality input completely dropped with probability ranging from 5% to 40% or replaced with a mean
representation over the training set. Average metrics reported over the two scenarios. T / |: higher/lower is better.

improvements do not translate to similar multimodal predictive
gains. Due to its early fusion approach, the gain of each
modality is inherently multimodal, limiting the margin for
additional gain at the final fusion stage. Conversely, in Self-
MM, the significant boost in the text stream sufficiently
enhances the performance of the final fusion layer, which
aligns with the concept that unimodal improvements directly
benefit the fusion process.

2) Robustness to noise: Next, we investigate the impact of
PowMix on model robustness. We train MulT and Self-MM
models with and without PowMix using clean data and then
evaluate them in noisy conditions. In particular, we randomly
drop input frames from each modality (temporal drop) with a
probability p determining the noise intensity and ranging from
5% to 40%. This drop occurs either in a correlated fashion
(simultaneously across all modalities) or independently. We
average the results over the two noise types.

shows that both MulT and Self-MM are impacted
by noise. Interestingly, integrating PowMix does not signifi-
cantly alter the effect of noise, as indicated by the slope of the
curves. Models trained with PowMix maintain their gain over
baselines in noisy conditions. Notably, MulT exhibits greater
noise robustness than Self-MM, as indicated by a smaller drop
of performance, a result also verified by the AUILC metric in
Table [V1

3) Modality dominance: For dominance analysis, we inject
noise solely into the text modality to assess the conditional

TABLE IV
AUILC scores. Robustness: RANDOMLY DROP FEATURES (TIMESTEPS)
FROM THE AVAILABLE MODALITIES. Dominance: RANDOMLY DROP
FEATURES FROM THE TEXT MODALITY. 1: HIGHER IS BETTER; BOLD: BEST
FOR EACH MSA MODEL.

ROBUSTNESS DOMINANCE
MODEL FIt COrrt FIt  CORRT
MulT 0.293 0.254 0.281 0.239
+ PowMix  0.295 0.256 0.283 0.241
Self-MM 0.273 0.227 0.280 0.247
+ PowMix  0.276 0.229 0.282 0.250

dependence of the model on language to make predictions.
The noise is applied in two forms: completely dropping the
text modality input with probability p or replacing it with a
mean representation over the training set [[16]. We average the
results across these two noise variants.

shows the results for both MulT and Self-MM
models. It reveals that text-only noise significantly affects both
models, confirming the text dominance in MSA models as
observed in prior work [22], [71]. Importantly, PowMix-
trained models consistently outperform the baselines across
all examined noise levels, as illustrated in Table |T_Vl

4) Limited data: This experiment investigates the effec-
tiveness of PowMix in limited data scenarios. We opt for
the MulT model for its simple training process and lower
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Fig. 8. Limited data analysis. Model trained on progressively larger portions
of MOSEIL. 1 / |: higher/lower is better.

parameter usage. The model is trained on progressively larger
portions of MOSEI. As shown in the model trained
with PowMix consistently outperforms the baseline across all
data sizes. This performance enhancement is most pronounced
in the lower data regime, specifically between 10 — 20% of
the data, where we observe an improvement of ~ 1.21 Acc-
2 and ~ 0.022 MAE. This finding underlines the similarity
of PowMix to other regularization techniques, often showing
greater improvements in scenarios with limited data.

5) FLOPs Analysis: Since most MSA models utilize the
standard BERT architecture [[10]], [11]] as a language encoder,
we compare PowMix’s FLOPs with that of BERT. We calcu-
late the FLOPs for a standard scenario of a maximum language
token length of 50 for BERT. For PowMix, we assume three
modalities of hidden dimension 128, which is typical for MSA
models [10], and vary the number of generated examples no
in the range {256,512,1024}. We illustrate our findings in
Tableand observe that the amount of GFLOPs (GF) required
by PowMix is a tiny fraction compared to the GFLOPs of
BERT, making its overhead negligible in practice.

TABLE V
FLPOs Analysis. FLOP CALCULATION OF POWMIX FOR DIFFERENT
NUMBER OF GENERATED MIXTURES ng COMPARED TO BERT. ALL
RESULTS ARE IN GIGAFLOPS (GF).

MODULE no

256 512 1024
PowMix 0.203 (GF) 0.406 (GF) 0.811 (GF)
BERT 275.12 (GF) 275.12 (GF) 275.12 (GF)
%-BERT 0.07 % 0.15 % 0.30 %

VII. CONCLUSIONS

The increasing complexity of neural networks, especially in
multimodal scenarios, underscores the critical need for effec-
tive regularization techniques. With the focus of MSA research
on developing advanced architectures and diverse learning
strategies, there is a clear demand for versatile multimodal
regularization methods. To address this, we have introduced
PowMix, a novel approach specifically tailored for multimodal
tasks. PowMix incorporates five key elements: 1) generat-
ing a varying number of mixed examples, 2) mixing factor
reweighting, 3) anisotropic mixing, 4) dynamic mixing, and
5) cross-modal label mixing. These elements collectively form
an algorithm that improves training in multimodal contexts.

Our extensive experimentats across various MSA datasets
and models demonstrate the broad applicability and consistent
performance improvements of PowMix. Detailed ablation
studies uncover the synergistic nature of its components,
emphasizing that the full set of components is essential for
its effective operation. Removing any algorithmic component
results in performance degradation. Moreover, the ablation
highlights the robustness of the algorithm to several hy-
perparameter choices, a valuable quality of the algorithm.
Extented analysis shows that PowMix operates differently
yet effectively in both early and late fusion architectures.
Moreover, we find that the integration of PowMix into MSA
models preserves robustness without sacrificing performance
or enhancing text dominance and offers consistent gains across
different scales of data.

Future research on PowMix is promising. One important di-
rection is the application of PowMix in other multimodal tasks
beyond MSA, to further validate its versatility and efficacy in
diverse environments. Investigating the integration of PowMix
with more and diverse neural network architectures could
further establish it as a generic multimodal regularizer. An-
other potential direction is to examine how PowMix performs
under contrastive unsupervised learning scenarios. This could
contribute to the development of more generalized multimodal
learning frameworks, capable of handling a wider spectrum of
real-world tasks. Further in-depth analysis of each component
of PowMix could provide a clearer understanding of both the
individual as well as the collective contributions to the learning
process. Such insights could lead to the development of more
refined, targeted and even explicit regularization methods.
Moreover, making the Cross-modal label mixing component
of the algorithm learnable by considering the text dominance
constraint is a fruitful research direction which would man-
age each multimodal example in a different fashion without
undermining the multimodal learning process or increasing
text dominance. Finally, the exploration of learnable mixing
strategies in general, could further advance the state of the
current multimodal regularization arsenal.
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