Orthogonal Sequential Fusion in Multimodal
Learning

1%t Sami Labbaki
Department of Computer Science
University of Oxford
Oxford, United Kingdom
sami.labbaki@cs.ox.ac.uk

Abstract—The integration of data from multiple modalities is a
fundamental challenge in machine learning, encompassing appli-
cations from image captioning to text-to-image generation. Tradi-
tional fusion methods typically combine all inputs concurrently,
which can lead to an uneven representation of the modalities
and restricted control over their integration. In this paper, we
introduce a new fusion paradigm called Orthogonal Sequential
Fusion (OSF), which sequentially merges inputs and permits se-
lective weighting of modalities. This stepwise process also enables
the promotion of orthogonal representations, thereby extracting
complementary information for each additional modality. We
demonstrate the effectiveness of our approach across various
applications, and show that OSF outperforms existing fusion
techniques. Our approach represents a promising alternative to
established fusion techniques and offers a sophisticated way of
combining modalities for a wide range of applications, including
integration into any complex multimodal model that relies on
information fusion.

Index Terms—Multimodal learning, Neural networks, Machine
learning, Deep learning, Information theory, Data integration,
Healthcare

I. INTRODUCTION

Data integration across various modalities is a foundational
pillar in machine learning and artificial intelligence. Central to
this concept is the ambition to augment our understanding of
complex and heterogeneous data, broadening its applications
from straightforward unimodal tasks to more sophisticated
endeavors such as the encoding and processing of compre-
hensive surrounding data in the context of human-computer
interactions [1] or autonomous driving [2]. By concurrently
processing and understanding different types of data, mul-
timodal learning promises to yield more robust models that
provide a comprehensive interpretation of data and result in
more accurate predictions and insights [3], [4].

The ubiquity of big data in multimodal machine learn-
ing—spanning text, image, audio, video, and other modal-
ities—has underscored the importance of effective fusion
techniques [5]. However, realizing this potential is not without
its challenges. Current methods, though numerous and highly
advanced, often lack model-agnostic designs and can be com-
putationally expensive, thereby complicating their integration
into broader frameworks. Moreover, most fusion techniques
process all inputs in a single step, leading to a rigid in-
tegration that may inadvertently emphasize or overshadow
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certain modalities. This concurrent processing can result in
the dominance of a single modality, ultimately hindering
the comprehensive capture of the diverse information that
multimodal data can offer.

In response to these challenges, our work introduces Orthog-
onal Sequential Fusion (OSF), an innovative fusion paradigm
aimed at overcoming the limitations of existing multimodal
fusion techniques. Unlike traditional fusion methods, OSF
operates in a sequential manner, integrating one modality
at a time, thereby offering a flexible way to weight and
prioritize individual modalities based on their relevance. This
approach ensures a balanced representation and maximizes the
extraction of complementary information across modalities via
its custom loss function. OSF’s stepwise process promotes
orthogonal representations, effectively capturing the distinct
and complementary information that each modality offers.
This not only enhances the overall performance of the system
but also provides valuable insights into the relationships and
interactions between different modalities.

In this paper, we carry out an extensive series of experiments
to illustrate the effectiveness of OSF in addressing a multitude
of data integration scenarios. These experiments are carefully
designed to encompass a broad spectrum of applications,
including variations in the number of modalities and variation
in model complexity. Moreover, we provide evidence of the
practical effectiveness of OSF through its integration within
a state-of-the-art model, highlighting its ability to enhance
performance beyond traditional fusion techniques in a specific
application. These experiments benchmark OSF against estab-
lished fusion techniques, clearly illustrating that our approach
outperforms these methods in terms of evaluation metric.

The contributions of this paper can be summarized as
follow:

1) We introduce OSF, a novel fusion paradigm for mul-
timodal machine learning. This approach allows for
the stepwise integration and discretionary ordering of
modalities, promoting a balanced representation and
optimizing the extraction of complementary information
from each modality.

2) We benchmark OSF against prevailing fusion ap-
proaches, on diverse datasets, and demonstrate that OSF
consistently surpasses the baselines, exhibiting a partic-



ularly notable superiority within the context of a highly
multimodal environment.

3) We incorporate OSF into a state-of-the-art model, il-
lustrating its seamless integration even within highly
sophisticated and complex models. In addition, our
findings highlight the ability of this fusion paradigm
to further boost performance in already high-achieving
applications.

II. RELATED WORK
A. Multimodal Learning and Traditional Fusion Techniques

Traditional fusion methods have found widespread appli-
cation in a variety of fields, spanning from computer vision
and speech recognition to natural language processing and
healthcare. These techniques, including early, late, and hybrid
fusion methods, represent the foundational bedrock of multi-
modal fusion and have significantly influenced contemporary
research. Early fusion, or feature-level fusion, merges the
features of all modalities at the very beginning of the process
[6]. Conversely, late fusion, often referred to as decision-
level fusion, initially processes each modality separately, then
combines these individual decisions to form a final conclusion
[7]. Hybrid fusion, a balanced blend of early and late fusion,
leverages the strengths of both methodologies, offering a more
versatile approach to multimodal data integration [8]. Even
in the face of increasingly complex models and methodolo-
gies, these traditional fusion techniques remain prevalently
employed, often serving as the base upon which these more
advanced models are built [9].

B. Limitations of Traditional Fusion Methods

While traditional fusion methods still hold a prominent
place in multimodal learning, they are not without certain
constraints. One of the limitations of these approaches is
their proneness to process all modalities concurrently. This
simultaneous processing can lead to an over-representation
of dominant modalities and an under-representation of sub-
tler ones, which can contain valuable information. These
imbalances can weaken the overall efficacy and robustness
of the fusion process, thereby contradicting the core aim of
multimodal learning: to assimilate and harness the unique
insights provided by complementarities and redundancies of
the information conveyed by the modalities. Furthermore,
traditional fusion techniques lack a mechanism for dynamic
weighting or prioritization of individual modalities, a shortfall
that becomes increasingly significant when dealing with data
that is either imbalanced, noisy or highly multimodal. These
identified limitations emphasize the need for fusion method-
ologies that offer a more adaptive and refined approach.

C. Recent Advancements in Multimodal Fusion

In recent years, efforts to address the shortcomings of
conventional fusion techniques have encouraged the develop-
ment of novel approaches to reshape the fusion process. A
significant breakthrough in this area has been the introduction
of attention mechanisms [10], enabling the fusion process

to dynamically assess the importance of different modalities.
This development allows the model to adapt to the unique
attributes of each data instance, thereby tailoring its fusion
strategy to optimize information extraction. Another prevalent
focus revolves around creating shared or joint representations
across modalities with the goal of establishing a more uni-
fied and integrated fusion process [11]. Nevertheless, these
advancements, albeit significant, have not entirely resolved
the task of achieving a balanced and comprehensive repre-
sentation of several modalities. Moreover, these approaches
often lack flexibility, being typically model-based [5], and may
exhibit substantial computational resources and complexity in
integration. Consequently, quantitatively benchmarking OSF
against them is beyond the scope of this paper. However,
these enduring challenges underline the ongoing need for
further innovative thinking and exploration in the field, towards
creating fusion techniques that are both efficient and flexible
in dealing with multimodal data.

D. Orthogonality in Machine Learning

A promising direction for multimodal learning lies in the
concept of orthogonality, a mathematical principle that has
found diverse applications within machine learning research.
Encouraging orthogonal representations can minimize redun-
dancy and promote diversity within the feature space [12],
[13], qualities that are especially desirable within the context
of multimodal fusion. By ensuring that each modality con-
tributes unique and non-redundant information to the fusion
process, we can harness the full potential of multimodal data.
Orthogonality has been employed to enhance various machine
learning tasks, such as initialization [14] and representation
learning [15]. However, its application in multimodal fusion,
although very promising [16], is largely unexplored.

III. METHODOLOGY
A. Sequential Fusion

In multimodal fusion, the prevalent practice is to employ all
modalities simultaneously for combining the extracted infor-
mation from disparate sources. However, in this research work,
we support the idea of sequentially fusing the modalities,
step by step in a pairwise fashion. This sequential approach
provides enhanced control and sophistication over the fusion
process. Our inspiration for this process is drawn from the
human reasoning mechanism, where when presented with
three information sources, we can split the sources in groups
to arrive at a well-informed decision [17].

Following the same logic, our method first fuses two
modalities and then merges the resulting information with a
third modality. This process is repeated until all modalities
have been processed. Specifically, the entire fusion procedure
follows a predefined modality order p = (p1, p2, ..., 1UN),
where p; denotes the index of the modality fused at step ¢.

A pseudo code for pair-wise sequential fusion is given in
Algorithm 1, and a high-level overview of the sequential fusion
process is illustrated in Fig. 1.



By selectively combining modalities in a sequential manner,
we can effectively exploit the underlying relationships between
them and weigh their contribution to the final output accord-
ingly by facilitating the extraction of complementarities and
redundancies at each layer.

Algorithm 1 Sequential Fusion Algorithm for Pairwise Fusion

Input: N different ordered modalities my,,, ..., My
QOutput: A final embedding for all fused modalities
1: for k=1to N do
E,, <+ ENCODE(my,) {embed the modalities in di-
mension d using dense layers}
end for
z <+ By,
for k=2to N do
Y= Euk
x + FUSE(x,y)
end for
return

»
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B. Sequential Fusion as a Masking Framework

Bridging the gap between theoretical algorithms and prac-
tical implementations, OSF can be reformulated as a masking
framework that selectively modulates the input from each
modality, thereby controlling its influence on the final inte-
grated representation.

Let E € RV*4 denote the matrix of N modality em-
beddings, where each row E[t,:] is the embedding of the
t-th modality, E,, € R?. OSF operates by progressively
unmasking and incorporating one modality at a time, while
all other modalities remain masked. The fused representation
is initialized as:

F=E,, FecR? (1)

Initially, all modalities except for E,, are masked. At step
t, OSF unmasks FE,, and fuses it with the current fused
representation F;_ ;. We represent this mask as a binary vector
M, € {0,1}", where

1, ifi=
Mt[l] = {0, e Kt

Thus, the embedding E,,, used in the fusion process at step
t is obtained by multiplying the row mask M; by E:

2

otherwise.

E,, = M,E € R? 3)

Fort =2,..., N, the fused representation F; is updated by
fusing F;_; with the unmasked modality E,,, :

Fy :gt(thluEut) 4)

where g; R? x R — R? is a fusion function that
combines the current fused representation with the newly
unmasked modality at each step ¢. In our implementation,
we use distinct dense layers, but more sophisticated fusion
functions could also be used, as long as they adhere to the

requirement g; : R? x R? — R?. Alternatively, a single shared
function could be employed across all steps to reduce model
complexity.

After all N modalities have been unmasked and fused, the
final fused representation is:

Fy =gn(Fn-1,Euy) (5

C. Modality ordering

Determining the optimal order for sequential fusion is a
critical step in achieving effective fusion. While the most
obvious approach is to test all the possible combinations for
ordering the modalities, it is clear that this method can be
computationally expensive and may not scale well as the
number of modalities grows. In contrast, our ranking-based
approach offers a simple and efficient solution for determining
the fusion order while avoiding the computational burden of
exhaustive search.

Our approach is based on training unimodal models, im-
plemented here as simple feed-forward networks, and ranking
the modalities based on their individual performances. This
ranking provides an initial ordering of the modalities according
to their relative strengths in the task at hand. We then fuse
the modalities starting from the least performing and moving
toward the best performing, aiming to capture complementary
information from each modality and fuse it in a way that
improves overall performance.

However, there are limitations to this approach. While
unimodal training provides an indication of the individual
performance of each modality, it may not fully capture the
interactions and dependencies that exist between pairs of
modalities. As a result, the ranking obtained by this approach
may not always lead to the most optimal fusion order, and
other methods such as exhaustive search may be necessary
to explore all possible fusion orders. Moreover, our approach
assumes that the modalities have distinct contributions to the
task at hand and can be ranked based on their individual
performances. In some cases, certain modalities may be highly
correlated or redundant, and the ranking may not accurately
reflect their true contributions to the task.

Despite these limitations, our ranking-based approach of-
fers a practical and efficient solution for determining fusion
order. In our experiments on the Carnegie Mellon University
Multimodal Opinion-level Sentiment Intensity (CMU-MOSI)
dataset [18] with three modalities, we found that the order-
ing determined by our approach was the optimal among all
possible orders.

D. Advanced Modality Ordering

While the methods discussed in the previous subsection is
sufficient for simpler tasks or scenarios with fewer modalities,
more advanced tasks and highly multimodal setups require
a more sophisticated strategy. To address this, we propose
another approach to modality ordering that uses comprehen-
sive evaluations of unimodal and bimodal models, leveraging
a metric that combines performance and stability measures.



As humans, we
continually perceive
and process...

Modality N

Fig. 1. Orthogonal Sequential Fusion with N modalities for a given prediction task.

Let M = {my,mg,...,my} denote a set of N modal-
ities. The objective is to determine an optimal ordering
(Mg s My - ., Myy ), Where my,, € M.

For each modality m; € M, a unimodal model is trained
across S random seeds, producing performance metrics ¢; 5.
The aggregated metrics are defined as:

of =std({cistay)  (6)

The adjusted unimodal performance metric is:

¢ = median({ci,s}le)’

Modality rankings are derived by sorting {A;}Y | in as-
cending order to produce the initial ordering:

7NuN)
2 S S A;LUN (8)

Hunimodal = (ﬂula Hu2,y -
where A, <A

For each pair of modalities (m;, m;) with i # j, bimodal
models are trained across S random seeds. Aggregated metrics
are computed as:

o5 = Std({cij,s}le) &)

Details on the computation of these aggregated metrics can be
found in Subsection IV-E.
The adjusted pairwise performance metric is:

Gij = median({cij,s}le)’

Ay = (Cij — 0f;) (10)
Using {A;; |1 < ¢ < j < N}, a weighted graph G =
(M, E,w) is constructed:
e Nodes M: Represent modalities.
o Edges E = {(m;,m;) | ¢ # j}: Represent modality
pairs.
o Weights w;; = 1 — A;;: Represent adjusted pairwise
performance.

As the graph is complete, a Hamiltonian path necessarily
exists. The top ten shortest Hamiltonian paths are identified
based on edge weights w;;. Among these candidate paths, we
choose the one that maximizes agreement with fiynimodal. Here,
agreement is defined as the number of consecutive pairs (a, b)
in the Hamiltonian path that also appear as adjacent elements
(in either order) in the ordering derived from fiypimodal- Since
a Hamiltonian path does not impose a fixed direction, each
path can be traversed in two possible orderings. From these,
we select the optimal ordering by evaluating both orientations
on the validation set.

The optimal path Fy,ima defines the final modality ordering,
which prioritizes both individual modality performance and
synergistic interactions.

E. Orthogonal Loss Function

One of the major novelties of our proposed sequential fusion
method lies in the loss function. While the sequential fusion
process already allows us to combine modalities in groups
and extract information at each step, we believe that it is
even more beneficial to incentivize the modalities to provide
complementary information. This is particularly relevant when
some modalities encode overlapping information. To learn
useful complementary features through the fusion process, we
propose encouraging the latent representations to be orthogo-
nal before fusion occurs.

OSF is inspired by L1-L2 regularization [19] and can be
applied to any loss function. The objective of OSF is to en-
courage the fused embeddings at each layer to be orthogonal,
which in turn helps to capture more diverse and comple-
mentary information from the modalities. To achieve this, we
introduce hyperparameters, A;; and A2, which control the
strength of the L1 and L2 regularization terms, respectively.



Assuming we have N modalities and N — 1 fusion layers,
where each layer L; consists of the embeddings [F}, E,, ., ],
the loss function for OSF can be written as:

Losr = L(preds, outputs, T")

N—-1
+ ) (M| Fe- By, (11)
t=1

+ )‘Q,t(Ft ' Eltt+1)2)

where L represents the primary loss function for a given
task T', and preds and outputs denote the model predictions
and the ground truth, respectively.

The OSF loss function can be optimized using standard
backpropagation algorithms. During training, the network
learns to weigh the modalities in a way that maximizes the
diversity and complementarity of the fused embeddings at each
layer, resulting in a more effective and robust fusion process.

Overall, the use of the OSF loss function in our sequential
fusion approach further improves the extraction process at each
sequential step. By encouraging orthogonal embeddings, we
can capture more diverse and complementary information from
the modalities, leading to improved performance and more
effective models.

FE. Theoretical Foundations of OSF

Let{E,,,E,,,...,E,,} beasequence of ordered embed-
dings, and let F; denote the fused representation at step ¢. The
Partial Information Decomposition (PID) of the information
I(F}) is given by:

I(Fy) = I(Fe-1) + I(Ey, | Fio1)
_R(Ft—laE/M,) +S(Ft—17E/L1,) (12)

where:

o I(F;_1) is the existing information in F}_1,

o I(E,, | Fi—1) is the additional information from E,,,
given Fy_1,

o R(F;_1,E,,) is the redundant information between F;_;
and £,

o S(Fi—1,E,,) is the synergistic information emerging
from their interaction.

This decomposition is more granular than the standard chain
rule of Shannon information and is useful for analyzing how
multiple representations combine or overlap [20], [21].

Inspired by deep learning decorrelation and orthogonaliza-
tion methods [13], [22], we approximate redundancy as:

R(Ft—l’E#t) X |Ft—1 'E#t|+(Ft—1 'E#t)2 (13)

By design, the orthogonal loss in (11) explicitly penalizes
R(F;_1,E,,), thereby reducing redundancy in the fused rep-
resentation.

To interpret (12) more clearly, we rewrite it as:

I(Ft) == I(thl)
current information

+ [ | B — R(F, B,

effective net new information

+5(Fi-1, By, )
—_———
synergy

The term I(E,, | F;—1) — R(Fy_1, E,,,) represents the ef-
fective net new information contributed by E,,, beyond what is
already captured in Fy_;. When R(F;_1, E,,,) decreases, this
difference increases, thereby encouraging F,, to contribute
more complementary information.

Importantly, if Fy_; and E,, together unlock new, syner-
gistic insights, such synergy is not explicitly penalized by
the loss function. Instead, the orthogonal loss selectively
reduces redundancy while preserving (and potentially enhanc-
ing) meaningful joint interactions.

Finally, consider a sequence of N embeddings
{E..,E,,,...,E,.} fused step by step into F, F», ..., Fy.
Reapplying (12) at each stage, the total information in Fly
can be written as a telescoping sum:

(14)

I(Fy)=I(F1)+ > _[I(E,, | Fio1) — R(Fi—1,E,,)

+S(Fi1,E,,)]

where Iy = E,, . The orthogonal loss (11) at each fusion
step encourages R(Fi_i,F,,) — 0. In that scenario, the
cumulative sum (15) is dominated by the non-redundant and
synergistic contributions:

15)

N
I(Fn) ~ I(Eu1)+Z[I(Em |Ft71)

+S(Ft—17E,U‘{,)}

Hence, each modality contributes primarily complementary
or synergistic information, rather than duplicating previous
representations. Our experiments demonstrate the effectiveness
of the OSF approach across various applications, as discussed
in the following section.

o+

(16)

IV. EXPERIMENTS AND RESULTS
A. Datasets

We evaluate the versatility of OSF across various tasks using
two multifaceted datasets.

1) CMU-MOSI: The CMU MOSI dataset [18] is a bench-
mark in multimodal sentiment analysis, featuring 2199 video
segments combining three modalities: audio, visual, and tex-
tual data. It is widely employed for both fine-grained (7-class)
and coarse-grained (2-class) sentiment classification, as well
as regression tasks. The class labels and regression scores are
derived from a linear scale that generates scores ranging from
-3 to +3.



2) The Cancer Genome Atlas Kidney Renal Papillary Cell
Carcinoma (TCGA-KIRP): The TCGA KIRP database [23]
is commonly utilized for prediction tasks in kidney renal
papillary cell carcinoma. From this database we build a dataset
with up to six modalities, including images, clinical data,
messenger ribonucleic acid (mRNA), micro ribonucleic acid
(miRNA), deoxyribonucleic acid methylation (DNAm) and
copy number variation. We use this dataset to demonstrate the
applicability of our fusion approach in a highly multimodal,
clinical setting.

B. Evaluation Metrics

1) 2-Class and 7-Class Classification: We use accuracy as
the primary evaluation metric. Accuracy measures the model’s
capability to classify sentiment. However, it is important to
note that the 7-class task inherently involves greater complex-
ity, thus making high accuracy rates more significant.

2) Regression: For the regression task, we adopt Mean
Absolute Error (MAE) as our metric. MAE measures the
average absolute differences between the predicted and actual
values, offering an intuitive understanding of the model’s
prediction quality in a continuous setting.

3) Survival Prediction: The concordance index (c-index)
is used to evaluate the effectiveness of our model in survival
analysis. It measures the ability of the model to correctly rank
pairs of individuals based on their survival times. To further
validate our model’s reliability in survival prediction, we also
calculate the Integrated Brier Score (IBS), which quantifies
the prediction error over time.

C. Baselines

For the CMU MOSI dataset, we comply with data process-
ing guidelines established by [24]. The primary objective is
to evaluate the effectiveness of our OSF approach. We com-
pare OSF against conventional multimodal fusion methods,
including Early fusion, Late fusion, Mean fusion, Max fusion,
and Sum fusion. Due to the simplicity of the models and the
relatively low computational cost, we train separate models
for each prediction task on the CMU MOSI dataset. Each
modality, represented as a sequence, is initially processed by
a Gated Recurrent Unit (GRU) with tanh activation. This is
followed by a dense layer with rectified linear unit (ReLU)
activation and we use a dropout rate of 0.1. This approach
differs from the subsection IV-F, where a single model is
trained based on MAE and all metrics are derived from this
one model. For the TCGA-KIRP dataset, our data processing
aligns with the approach described in [25]. The TCGA-KIRP
experiments primarily use dense layers with ReLU activation
for all modalities, except for the image data. The image
modality is transformed into a feature vector using a pre-
trained InceptionV3 [26] model with ImageNet weights [27].
Unlike the CMU MOSI experiments, a single model is trained
for survival prediction, from which all metrics are derived.

Both datasets employ simple dense-layer models built on
these encoded representations for each modality. The specific
point at which fusion occurs depends on the baseline method
in consideration.

D. Results and Implications

1) Results: Our experiments provide strong evidence of
OSF’s effectiveness across various tasks. Notably, OSF con-
sistently outperforms traditional fusion techniques, delivering
substantial improvements over existing methods. In the CMU-
MOSI dataset, OSF emerges as the top-performing model
across all three evaluation tasks, as detailed in Table I.
For the 2-class classification, OSF achieves an accuracy of
0.687 £ 0.013, surpassing other standard methods. Similarly,
OSF maintains its superior performance in both the 7-class
classification and regression tasks. The lower standard devia-
tions observed in performance metrics across all tasks indicate
that OSF not only enhances accuracy but also ensures greater
stability and reliability.

Our findings on the TCGA-KIRP dataset, detailed in Table
I, further underscore OSF’s strengths. Unlike other methods
that hover around the randomness threshold in terms of c-
index, OSF significantly exceed it. Specifically, the simple
OSF model, built using the modality ordering from Section
III-C, attains a c-index of 0.691+0.100, clearly demonstrating
its superior predictive capability. OSF also outperforms base-
line methods in terms of IBS, further validating its robustness.

A key takeaway from Table II is the substantial perfor-
mance gap between traditional fusion methods and OSF-based
approaches. The simple OSF model already provides notable
improvements over baseline fusion techniques, effectively in-
tegrating multimodal information. The advanced OSF model,
developed using the ordering strategy from Section III-D,
further enhances this process, achieving the highest c-index
0.703 £ 0.046 and the lowest IBS 0.198 = 0.005. The results
suggest that the advanced ordering and fusion strategy in OSF
play a crucial role in improving predictive performance.

2) Implications and General Observations: The results are
in perfect harmony with our initial hypotheses: an increase in
the number of modalities and the inclusion of a custom loss
function significantly enhance the performance of our model.
This is particularly salient in the context of healthcare, where
data is inherently multimodal, and traditional methods have
often resorted to simplistic fusion mechanisms.

TABLE I
RESULTS ON THE CMU-MOSI DATASET (10 RANDOM SEEDS)

Model 2-classes 7-classes Regression
Early fusion 0.627 £ 0.016 0.217 £ 0.042 1.298 £+ 0.083
Late fusion 0.659 + 0.017 0.282 +0.017 1.181 +0.030
Max fusion 0.661 + 0.015 0.273 £ 0.014 1.270 £ 0.034
Mean fusion 0.659 + 0.018 0.284 + 0.011 1.214 £0.024
Sum fusion 0.645 + 0.017 0.278 £ 0.019 1.304 £0.114

OSF 0.687 +£0.013 | 0.300+0.015 | 1.139 +0.023

E. Exhaustive Permutations Analysis

We validated the proposed heuristic for modality ordering
by exhaustively evaluating all N! permutations of the modali-
ties. For N = 6, this required training and evaluating 6! = 720
models. While such an exhaustive approach is computationally



RESULTS ON THE TCGA-KIRP DATASET (10 RANDOM SEEDS)

TABLE II

Model c-index IBS

Early fusion 0.529 £ 0.006 0.484 + 0.159
Late fusion 0.528 + 0.005 0.475 + 0.147
Max fusion 0.531 + 0.001 0.500 4+ 0.132
Mean fusion 0.531 + 0.001 0.374 +0.159
Sum fusion 0.530 + 0.001 0.406 +0.135
OSF (simple) 0.691 +£0.100 | 0.213 + 0.005
OSF (advanced) | 0.703 +0.046 | 0.198 + 0.005

infeasible for larger [V, this analysis provides critical insights
into the performance landscape and establishes a benchmark
for assessing the heuristic’s efficacy.

For each permutation, a model was trained and evaluated
using the c-index (c) and IBS (b) as performance metrics. Since
these metrics follow opposite optimization directions—where
higher values of ¢ indicate better performance, while lower
values of b are preferred—we adjust A; accordingly:

Ai = (& —of) = (bi +o?) (17)

Similarly, for bimodal models, the corresponding pairwise
performance metric is:

Ayj = (@5 — ofy) = (bij + 7)) (18)

This formulation ensures that A favors configurations with
high discrimination (c-index) and low prediction error (IBS),
allowing the heuristic to identify robust unimodal and bimodal
orderings efficiently.

The performance landscape, shown in Fig. 2, reveals a
gradient in the c-index vs. IBS space, emphasizing the critical
role of selecting an effective modality ordering. Models with
both low IBS and low c-index are absent, consistent with
theoretical findings in survival analysis [28]. The IBS accounts
for both calibration and discrimination, whereas the c-index
evaluates discrimination alone. Models near the Pareto-optimal
boundary achieve balanced performance, combining high c-
index and low IBS.

As shown in Fig. 2, the heuristic-derived ordering lies
among the top-performing models, demonstrating its ability
to approximate optimal orderings without requiring exhaustive
computations. Its placement near the Pareto-optimal boundary
in the c-index vs. IBS space (Fig. 2) highlights its compu-
tational efficiency and experimental foundation, making it a
reliable tool for modality ordering in OSF.

F. Model Integration

To demonstrate the adaptability and effectiveness of our
proposed method, we integrated it into the Multimodal Mutual
Information Maximization (MMIM) framework [29], a well-
established model noted for its strong performance on the
CMU-MOSI dataset. Our objective was twofold: to ascertain
the ease of integrating our method into a fully developed and
optimized model, and to evaluate its performance impact.
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Fig. 2. c-index vs. IBS performance landscape for all 720 permutations.
The top-left corner represents Pareto-optimal models. The heuristic-derived
model is highlighted and lies among the top-performing models, validating
the efficacy of the proposed heuristic.

In replicating the MMIM framework, we adhered to the
same data processing methods, experimental setup, and other
implementation details as in the original paper. OSF inte-
gration into MMIM specifically occurred at the level of the
Fusion Network. In our approach, we modified this step to
sequentially merge modalities without any major changes to
the MMIM architecture. For OSF, the contrastive part of
the conventional MMIM was removed not to interfere with
our orthogonal loss. This led to two notable impacts: first,
an improvement in performance; and second, a reduction in
training time per epoch from 75s to 45s on a NVIDIA©T4
GPU.

TABLE II
RESULTS ON THE CMU-MOSI USING MMIM FRAMEWORK (20 RANDOM
SEEDS)

Model 2-classes 7-classes Regression

MMIM
MMIM + OSF

0.826 £ 0.006
0.831 + 0.005

0.458 £0.012
0.462 £ 0.016

0.723 £0.013
0.719 £ 0.015

TABLE IV
RESULTS ON THE CMU-MOSI USING MMIM FRAMEWORK (BEST
RESULTS)

Model
MMIM
MMIM + OSF

7-classes
0.477
0.488

2-classes
0.838
0.843

Regression
0.702
0.682

Table III and IV presents the results of the MMIM frame-
work and its variations with OSF. OSF exhibited superior
performance across all evaluation metrics, both in terms of
mean and best values.

These findings underscore not only the ease with which our
proposed methods can be integrated into existing frameworks
but also their potential to improve overall model perfor-
mance—especially in computational efficiency, as evidenced
by the reduced training time for OSF but also in terms of
evaluation metrics.



V. CONCLUSION

In this paper, we introduce Orthogonal Sequential Fusion
(OSF), a new fusion paradigm for multimodal machine learn-
ing. Our approach relies on two major contributions: a sequen-
tial mechanism for processing modalities and an orthogonal
loss function. The sequential mechanism provides an unprece-
dented level of control over modality combination, enabling
a precise representation of intrinsic intermodal relationships.
The orthogonal loss function, through its exploitation of data
complementarities and redundancies, amplifies the extraction
of valuable insights from the multimodal context. Collectively,
these innovative components establish OSF as a notable alter-
native to traditional fusion techniques in multimodal machine
learning.

Throughout comprehensive experimental testing, OSF con-
sistently outperforms traditional fusion strategies such as early
fusion, late fusion, and mean/max/sum fusion. It differentiates
itself not only with superior performance, but also with a more
adaptable approach. This blend of flexibility and performance
solidifies OSF as a viable and promising alternative to ex-
isting fusion paradigms. The empirical evidence underscores
OSF’s potential to significantly enhance the performance of
multimodal machine learning models, demonstrating a unique
combination of adaptability and improved model performance.

While our approach’s promising results underscore its effec-
tiveness, we acknowledge certain limitations and potential av-
enues for future work. Key challenges include the scalability of
our method to a larger number of modalities, its manageability
given the high number of hyperparameters, and the prospect
of exploring alternative orthogonalization techniques.
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