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Abstract

With the emergence of numerous modalities, such as text, image, audio, etc., the use of effective multimodal systems
has increased significantly. However, one of the significant challenges faced by such multimodal systems is effectively
aligning and integrating diverse modalities. Several models have been proposed to address these issues; however,
state-of-the-art performance is achieved by complex, heavyweight models (complexity measured in terms of trainable
parameters) alone. Hence, we propose a simple yet effective lightweight framework explicitly designed for multimodal
classification tasks, utilising the early fusion method combined with a contrastive learning approach. The early fusion
method focuses on fusing different modalities at the input level, whereas contrastive learning allows a single modality
to capture intra-modality relationships. Experiments on three different genres of multimodal classification datasets
demonstrate that the proposed lightweight framework achieves performance comparable to the most competitive
heavyweight state-of-the-art models and, in some cases, even outperforms them.
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1. Introduction

With the increasing availability of different modali-
ties such as texts, images, audio, and more, there
is a growing need to develop effective, easy-to-use
multimodal systems that can effectively utilize in-
formation from all modalities. Multimodal systems
can leverage diverse data types to enhance their
capabilities, demonstrating superior performance
over their unimodal counterparts in tasks such as
classification (Kiela et al., 2018; Wang et al., 2020)
or sentiment analysis (Zadeh et al., 2017; Hazarika
et al., 2020). For all these tasks, effectively fusing
different modalities to capture inter-modality rela-
tionships remains a key challenge. Attempts have
been made to fuse different modalities into a single
feature using early fusion (Gadzicki et al., 2020a),
late fusion (Snoek et al., 2005; Shi et al., 2021),
Graph-based fusion (Zhao et al., 2024), and other
methods. On the other hand, models like MuGNet
(Lu et al., 2023) use an Attention-Based fusion mod-
ule. In another work, Erickson et al. (2022) pro-
poses AutoGluon, an ensemble-learning model
for multimodal classification and regression tasks.

However, most of these state-of-the-art models
are complex (with millions of trainable parameters)
and, hence, computationally intensive. Therefore,
in this paper, we propose a lightweight framework
(Figure 1) for multimodal classification tasks us-
ing early fusion and contrastive learning. Experi-
ments on three genres of multimodal classification
datasets show that our proposed lightweight frame-
work (early fusion has ~ 1M parameters compared
to AutoGluon with 355M1 trainable parameters) ei-
ther outperforms the most competitive baselines
or produces comparable performances. Note that,
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Figure 1: Proposed Framework. We utilize the
early fusion approach, whereby embeddings from
the respective modalities are concatenated and
passed through a classifier network (a simple feed-
forward network) to make a prediction. Exploiting
the superiority of the text and image modalities,
we further utilize contrastive learning to enhance
the performance of other modalities (audio, video,
code and tabular), which in turn further enhances
the performance of the early-fusion model.

in this work, we do not intend to achieve the best
accuracy compared to the baselines. Instead, we
propose an alternative lightweight solution to the
multimodal classification task, without compromis-
ing performance. The resources related to the pa-
per are made publicly available to facilitate repro-
ducibility®.

"https://github.com/fWern/
MultimodelClassification

9129

Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 9129-9138
11-16 May 2026. ©ELRA Language Resources Association (ELRA), 2026


https://github.com/fWern/MultimodelClassification
https://github.com/fWern/MultimodelClassification

2. Related work

Multimodal fusion techniques involve the integra-
tion of feature representations from various modali-
ties into a single representation. This approach
facilitates a deeper comprehension of the data,
thereby providing a more comprehensive under-
standing of the underlying information (Gadzicki
et al., 2020b). There are three common fusion
methods: Early Fusion, Intermediate Fusion, and
Late Fusion.

Early Fusion fuses representations of different
modalities into a single representation at the in-
put stage (Gadzicki et al., 2020b), (Snoek et al.,
2005). This approach can effectively learn cross-
modal relationships from low-level features, but
may struggle with capturing interactions that occur
at higher levels of abstraction (Stahlschmidt et al.,
2022).

Intermediate Fusion fuses representations of dif-
ferent modalities at intermediate stages within a
model (Guarrasi et al., 2024). This method can ad-
dress dimensional imbalances between modalities
and thus ensures that marginal representations are
of comparable size.

Late Fusion processes each feature representa-
tion of the input modalities in a separate model and
then fuses them together into one representation.
This fused representation is then further processed
for the target task (Gadzicki et al., 2020b), (Snoek
et al., 2005).

To effectively fuse different modalities into one rep-
resentation, several methods can be utilized:
Concatenation: combining features from multiple
modalities into a single, extended feature vector
(Ngiam et al., 2011), (Zeng et al., 2019), (Zhao
et al., 2024).

Element-wise Addition: adding corresponding
features from different modalities to integrate the
information (Zhao et al., 2024).

Element-wise Multiplication: multiplying corre-
sponding features to emphasize interactions be-
tween them (Kim et al., 2016), (Zhao et al., 2024).
Cross Product: computing pairwise interactions
between features of different modalities to create a
tensor that captures complex relationships between
them (Zadeh et al., 2017), (Zhao et al., 2024).

As multimodal data continue to grow in scale and
complexity, traditional fusion methods can struggle
to capture the intricate relationships between di-
verse data sources. To address these challenges,
advanced fusion methods have come up, offering
sophisticated techniques to enhance the integra-
tion and interpretation of multimodal information
(Zhao et al., 2024). We discuss these methods in
the following.

Encoder-decoder methods. (Zhao et al., 2024) In
this setup, the raw or extracted features from each

modality are passed as input to the encoder to ob-
tain a latent representation, which preserves nec-
essary semantic information. The decoder then uti-
lizes this latent representation to make predictions.
The fusion of information in the encoder could be
at the raw data level (Zhao et al., 2024), hierarchi-
cal (Chen et al., 2024) or decision level (Zhao et al.,
2024).

Attention methods. Attention mechanisms en-
able models to assign different weights to various
parts of the input data. This allows the model to
focus on the most relevant information for the given
task, leading to better predictions without signifi-
cantly increasing the computational cost. In the
context of multi-modal tasks, the existing meth-
ods could be categorized into intra-modality self-
attention or inter-modality cross-attention. Intra-
modality self-attention allows the model to focus
on different parts of a single modality, capturing de-
pendencies and relationships between various com-
ponents within that modality’s features (Vaswani,
2017). By using techniques like dot-product at-
tention (N, 2021) or additive-gate based attention
(Oktay et al., 2018), this approach ensures that the
model attends exclusively to intra-modality infor-
mation. On the other hand, inter-modality Cross-
Attention enables the model to focus on interactions
between different modalities by computing attention
scores across multiple modalities. This approach
allows the model to align and integrate features
from one modality with those from another, helping
to capture dependencies and relationships across
modalities (Zhao et al., 2023).

Graph neural network based. This involves cre-
ating Graph-Based embeddings for each modality.
Each modality is represented as a graph where
edges and nodes capture features and relation-
ships (Lotfi et al., 2021; Qian et al., 2021).
Present work. Here we implement an early fusion
approach alongside a contrastive learning method
designed to enhance the performance of early fu-
sion by improving the representation of individual
modalities. By leveraging contrastive learning, the
challenges of aligning and effectively combining
modalities are addressed, as it helps the model
learn better, more distinct representations.

3. Methodology

In this section, we first explain the architecture of
the early fusion approach and then discuss ways
to incorporate contrastive learning as a technique
to enhance cross-modal alignment.

3.1. Early Fusion

In the first step, the features are extracted from the
raw data of different modalities. For texts and im-
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ages, this is done using the CLIP model (Radford
etal., 2021). For tabular data, code data, and audio
data, the feature extractors used are, respectively,
Autogluon-Tabular (Erickson et al., 2020), Code-
BERT (Feng et al., 2020) and Wav2Vec (Schnei-
der et al., 2019). For video modality, 15 frames
are extracted and processed sequentially using
the CLIP image encoder, and then max-pooling is
performed to obtain the final embedding. After con-
catenation of the features of various modalities, the
resulting embedding is fed into the classification
model. The classifier is made up of two processing
blocks. Each block consists of several layers to
sequentially refine and transform the input features
for the classification task. Each block includes a
fully connected layer, followed by a normalization
layer, specifically employing batch normalization.
After normalization, the ReLU activation function
is applied to introduce non-linearity into the model.
For the loss function, Cross-Entropy is employed,
which is well-suited for multi-class classification
problems (Demirkaya et al., 2020).

3.2. Enhancing Cross-modal Alignment

Building on the observation that text and image
are often the dominant modality, we propose a
contrastive-learning-inspired alignment method
to enhance the feature quality of other modalities.
Following this enhancement, these modalities can
be integrated into the early fusion mechanism
for improved performance. The enhancement
is achieved in two steps - (i) projection and (ii)
alignment through contrastive learning.

Projection: In this step, the modality selected for
the enhancement is passed through a projector
module, which includes a linear layer followed by
a Tanh activation. A dropout layer is then added
to mitigate overfitting. The final step involves
combining the output of the dropout layer with the
initial projection via a residual connection. This
connection is crucial for maintaining the original
features of the input, ensuring that essential infor-
mation is retained. At the same time, the model
learns richer and more meaningful representations
through contrastive learning, which we elaborate
on next.

Alignment through contrastive learning. We uti-
lize primarily the text (1) and image (I) embedding
(where applicable) to enhance another modality
(say M). A learning instance is a triplet (M?¢, T,
I?) (or a pair if the image modality is not available).
Given a batch of instances, we first extract the fea-
tures corresponding to the three modalities. For
M, we further pass it through the projector module.
Two similarity matrices are then computed—one

between the text feature embedding and the pro-
jected feature embedding, and another between
the image feature embedding and the projected
feature embedding. Specifically, for text modality
feature embedding =% and feature embedding for
M, 2, the similarity is computed as -

€Oos_Sim; ; = exp - :
<||I’1T|2||x3\/[|2

And similarly for image (when available). The cal-
culated similarity matrix is scaled by a temperature
factor 7 and serves as the basis for distinguishing
between positive and negative pairs. The positive
pairs for each sample are represented by the diag-
onal elements of the similarity matrix, expressed
as:

DPOS_Stm; = COS_S1M; ;

In this context, pos_sim denotes the extracted pairs
from the diagonal of the matrix.

To focus the loss calculation on the hardest
negative samples, a mask is created to exclude
positive pairs from the set of potential negatives.
By focusing on a limited number of the hardest
negative pairs, the ability of the model to differ-
entiate between similar and dissimilar inputs is
enhanced. This approach is used over using all
negative samples because it reduces noise and
enables the model to focus on the most informative
examples, helping it to learn more effectively.

Depending on the specified number of the hardest
negatives to consider, the top hardest negative
similarities are selected for each sample. If fewer
negatives are available than the specified number,
all negatives are used.

The sum of the selected hardest negative similar-
ities is computed for each sample, which will be
used in contrast with the positive similarities:

k
neg_sum; = Z top_k_neg_sim; ;
Jj=1
Here, top_k_neg sim represents the hardest
negative similarities selected from the masked
similarity matrix, comprising the & highest similarity
scores from negative pairs for each sample.

Finally, a modified NT-Xent (Normalized
Temperature-Scaled Cross Entropy) (Chen
et al.,, 2020) loss function is used to calculate
the loss. This function is defined as the negative
logarithm of the ratio between the positive similarity
and the combined sum of the positive similarity and
the hardest negative similarities. This adaptation
allows the model to better distinguish between
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positive and negative pairs by focusing on the
hardest negatives. Thereby improving the overall
learning effect of the contrastive learning method.
Including the positive similarities in the denomi-
nator serves several purposes. It normalizes the
loss with respect to the strength of positive pairs,
ensuring that the model learns to emphasize the
most relevant distinctions between similar and
dissimilar samples. It also balances the contribu-
tions of positive and negative pairs, enhancing the
model’s ability to discriminate effectively among
them. The loss function can be expressed as:

pos_sim; >

loss; = —log ( -
pos_sim; +neg_sum; + €

where pos_sim,; represents the positive similarity
for sample i, neg_sum; is the sum of the similarity
scores for the k hardest negative pairs for sample
i, and e is a small constant (e.g., 1 x 107 added
to avoid division by zero). The calculated loss is
then averaged over the batch to obtain the final loss
value:

| X
text_loss = N ; loss;

where N is the amount of samples in the batch.

This process is similarly applied to the im-
age modality to compute the corresponding
contrastive loss, referred to as image loss, by
utilizing the image feature representations.

To obtain the overall loss for the contrastive
learning process, the mean of these two losses is
calculated:

text_loss + image_loss
2

contrastive_loss =

4. Experiments

4.1. Datasets

We perform experiments on datasets comprising
different modalities, including audio, video, image,
and code, in addition to the text modality.

4.1.1. MuG Benchmark

The MuG benchmark (Lu et al., 2023) consists of
eight datasets derived from four different games:
Pokémon, Hearthstone, League of Legends (LoL)
and Counter Strike: Global Offensive (CS:GO).
Each dataset within this benchmark presents
unique classification tasks to the specific features
of the respective game.

For the Pokémon dataset, the task is to predict
the primary and the secondary types of Pokémon.
This involves classifying Pokémon into several

types.

The Hearthstone dataset is divided into four
separate datasets with its own classification task:
(1) Card Class: predicting the class to which a
card belongs, (2) Card Set: identifying the set
from which a card originates, (3) Minion Race:
identifying the race of a minion card, and (4) Spell
School: determine the school of magic associated
with a spell card. For the Lol dataset, the task is
to predict the category of a skin. The task of the
CS:GO dataset is to assess the quality of in-game
skins.

In each of these datasets, a sample is described
with a text, an image, and tabular data. The text
data in the various datasets is distributed across
different columns within the tabular data.

Pre-processing. @ We follow the same pre-
processing pipeline as in (Lu et al., 2023). It lever-
ages the AutoGluon Multimodal package?, which
automatically identifies the types of columns within
the tabular data. Specifically, columns identified
as either textual or categorical are selected for text
processing. The content of these selected columns
is then concatenated into a single string, which is
subsequently tokenized using the CLIP tokenizer
for further processing. The tokenizer converts each
word or character in the text sequence into a corre-
sponding token ID using a predefined vocabulary,
and returns a PyTorch tensor, which is expected as
input for processing with CLIP.

Images are preprocessed by using CLIP’s im-
age preprocessing pipeline to ensure compatibility
with the model. This process involves resizing and
center-cropping the image to standardized dimen-
sions and normalizing the pixel values to match
the expected input range of the model. Finally, the
image is converted into a tensor format, thereby
preparing it for subsequent processing within the
model. The resulting feature embedding for each
image and text sample is of size R%!2. Once these
features are extracted from all samples, they are
stacked to form a combined feature embedding.
This feature embedding has a dimension size of
R™*>12 for each text and image modality, where n
is the number of samples.

An automatic feature generator® from AutoGluon
is utilized to automate the extraction of meaningful
features from the tabular data. It is configured to
exclude text special features such as word count,
capital letter ratio, and symbol counts, n-grams, and
vision based features. This enables focus solely

®https://pypi.org/project/autogluon.
multimodal/

Shttps://auto.gluon.ai/dev/
_modules/autogluon/features/
generators/auto_ml_pipeline.html#
AutoMLPipelineFeatureGenerator
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on the core tabular data.  Following feature ex-
traction, a tabular neural network? is initialized. It
includes processing steps to normalize and trans-
form the extracted features into tensors suitable
for input into the neural network. Each processed
feature set is subsequently converted into tensors,
resulting in feature embeddings with a dimension
of R™"*™, where n represents the amount of rows
(samples) in the table and m the number of columns
(features).

Evaluation metrics. For the MuG benchmark, Ac-
curacy and Log Loss are reported as evaluation
metrics. Table 1 provides an overview of the statis-
tics of this dataset.

Dataset Game Target #Train, #Valid, #Test #Classes

pokemon_t1  Pokémon Primary Type 719, 45,133 18
pokemon_t2 Pokémon Secondary Type 719, 45,133 19
hs_ac Hearthstone Cards’ Class 8,561, 536, 1,603 13
hs_as Hearthstone Cards’ Set 8,548, 532, 1,603 37
hs_mr Hearthstone Cards’ Minion Race 5,398, 337, 1,012 15
hs_ss Hearthstone Cards’ Spell School 2,715,170, 508 8
lol_sc LoL Skin Category 1,000, 63, 188 7
csgo_sq CS:GO Skin Quality 766, 49, 141 6

Table 1: Statistics of the MuG Datasets

4.1.2. CMU-MOSI and CMU-MOSEI

The early fusion and contrastive learning methods
are also applied to the task of sentiment classifi-
cation. For this, two multimodal sentiment analy-
sis datasets, CMU-MOSI/ (Zadeh et al., 2016) and
CMU-MOSEI (Zadeh et al., 2018), are used. These
datasets utilize text, video, and audio as modalities.
CMU-MQSI contains 2,199 monologue utterance
slices from 93 YouTube videos. The data is split
into 1,284 training, 229 validation, and 686 testing
utterances.

CMU-MQOSEI includes 20,000 video clips derived
from 3,228 videos on 250 varied topics, sourced
from 1,000 unique speakers on YouTube. It utilizes
16,326 utterances for training, 1,871 utterances for
validation and 4,569 utterances for testing.
Pre-processing. For both datasets, the text modal-
ity is preprocessed using the CLIP tokenizer. Given
that CLIP is not designed for direct application on
video data, 15 frames are extracted from each video
at specific intervals, ensuring that the selection cap-
tures a comprehensive representation of the video’s
content. These frames are then preprocessed by
the image preprocessing pipeline to prepare them
for feature extraction.

The audio input files are initially loaded with
a sample rate of 16 kHz and processed by the
Wav2Vec processor, converting them into tensors
as the required format for the model. These tensors

*https://auto.gluon.ai/stable/
_modules/autogluon/tabular/models/
tabular_nn/torch/tabular_nn_torch.html#
TabularNeuralNetTorchModel

are then fed into the Wav2Vec model, where the
features are extracted from the final hidden state.
The resulting feature representation for a single
audio file has dimensions of R"*1924 where n rep-
resents the feature sequence after downsampling
and 1024 the hidden size of the model.

After the feature extraction process for an individ-
ual audio file, a mean-pooling operation is applied.
Using this pooling operation results in a feature em-
bedding of dimension R'%24, Finally, analogous to
the text and image feature extraction, all audio files
are stacked, resulting in a final feature embedding
of size RV*1024 ‘'where N is the number of audio
samples.

Evaluation metrics. To evaluate these datasets,
the following metrics are reported: Seven-Class
Classification Accuracy (Acc?) for sentiment clas-
sification within the range of [-3, 3], and Binary
Classification Accuracy (Acc2) for distinguishing
between positive and negative sentiments, along
with the Weighted F1-Score. Table 2 provides an
overview of train, validation, and test splits for the
two datasets.

Dataset
CMU-MOSI (Zadeh et al., 2016)
CMU-MOSEI (Zadeh et al., 2018)

#Train, #Valid, #Test #Classes
1,284, 229, 686 2,7
16,326, 1,871, 4,659, 2,7

Table 2: Statistics of the Sentiment Classification
Datasets

4.1.3. MulDIC Datasets

Kwak et al. (Kwak et al., 2023) present four
datasets that include the modalities text, image,
and code. Forthese datasets, they select four open-
source projects available on GitHub, based on their
active issue management and the presence of bug
and feature labels: VS Code, Kubernetes, Flutter
and Roslyn. They specifically choose projects to
perform binary classification of issue reports. Each
project presents unique issue characteristics: VS
Code focuses on development environment issues,
Kubernetes on container management, Flutter on
mobile app development, and Roslyn on C# and
VB.NET code analysis.

Due to significant class imbalances across all
projects, the datasets were downsampled to en-
sure that ‘bug’ and ‘feature’ labels were balanced.
The final datasets consisted of 980 samples for
VS Code, 148 samples for Kubernetes, 759 sam-
ples for Flutter, and 263 samples for Roslyn. The
datasets were split into training and testing sets,
using an 80/20 split. Table 3 shows an overview of
these splits for the different datasets.
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Dataset #Train, #Test #Classes
VS Code 1,566, 394 2
Kubernetes 236, 60 2
Flutter 1,214, 304 2
Roslyn 420, 106 2

Table 3: Statistics of the MulDIC Datasets

Pre-processing. For these datasets, the text and
images are preprocessed using the CLIP tokenizer
and CLIP’s image preprocessing pipeline.

For the code samples, CodeBERT (Feng et al.,
2020) is utilized. This model is developed by Mi-
crosoft and specifically trained on programming
languages. It aims to understand code by leverag-
ing the bi-directional context of tokens. The model
is built on the RoBERTa (Liu, 2019) architecture
and pretrained on a large corpus of code from multi-
ple programming languages such as Python, Java,
JavaScript, and more. This makes it useful for the
task of extracting features from code used in the
different datasets. To preprocess the given code
samples, the RoBERTa tokenizer is used. This
tokenizer converts code snippets into a format suit-
able for CodeBERT. The tokenizer is pretrained
on the same corpus as CodeBERT, thus ensuring
consistency in how the code is tokenized. After tok-
enization, the sequences are padded to ensure that
all sequences are of the same length. If any code
shippet exceeds the maximum allowable length of
512 tokens, they are truncated to fit within this limit.
After that, each token in a sequence is replaced by
a unique integer ID that corresponds to a token in
the tokenizer vocabulary. Furthermore, an attention
mask is created that indicates which tokens should
be attended to by the model (0 for padding tokens,
1 for real tokens). The [CLS] token added at the
beginning of the sequence serves as a compact
representation of the entire code snippet and can
effectively summarize its semantic meaning. The
resulting feature representation for a single code
snippet has a dimension of R7%%. After extracting
features from all code snippets, the features are
stacked, resulting in a dimension of size R"*768,
where n is the number of code snippets.
Evaluation metrics. For evaluation, the same met-
rics used by Kwak et al. (Kwak et al., 2023) are
applied: weighted precision, recall, and F1-Score.

4.2. Baselines
We now elaborate on the baseline approaches that

we consider for each dataset.

4.21. MuG

For the MuG datasets, we consider the following
baselines.
MuGNet (Lu et al., 2023): a graph neural network

Method pkm_t1 pkm_t2 hs_mr hs_ss csg_sq

T 0.704 0.602 0832 0873 0.668
| 0.480 0.498 0843 0782 0.691
Tab 0.456 0.495 0556  0.687 0.695
Early fusion (T+) 0714 0.602 0905  0.889 0678
Early fusion (T+Tab) 0.729 0.638 0828 0843 0.679
Early fusion (I+Tab) 0.623 0.576 0.866 0.803 0.709
Early fusion (All) 0.755 0.665 0902 0874 0722
AutoGluon 0.744 0.617 0879 0882 0.766
AutoMM 0.639 0.511 0549  0.671 0738
MuGNet 0.774 0.669 0908  0.880 0.745
TabC L 0.550 0577 0575 0673 0.711
T+TabC L 0.734 0.671 0825  0.836 0.714
1+ TabC L 0.669 0.630 0868  0.782 0.705
Early fusion® L 0.785 0.687 0902 0876 0735

Table 4: Performance comparison MuG bench-
mark. We report the accuracies across different
tasks within the benchmark. Note that early fu-
sion considering all the modalities often achieves
performance comparable to the baseline methods.
Text modality individually often achieves superior
performance compared to other modalities. We
further enhance the Tab modality using contrastive
learning (Tab®’), which further improves the per-
formance when used individually or incorporated
into early fusion with other modalities.

that comprises three key components: an Adap-
tive Multiplex Graph Construction Module, a GAT
encoder module, and an Attention-Based Fusion
module.

AutoGluon (Erickson et al., 2022): an Ensemble-
Learning model for multimodal classification and
regression tasks.

AutoMM (Shi et al., 2021): a Late-Fusion model
that uses separate neural operations on each
datatype.

4.2.2. MulDIC Datasets

We consider - MulDIC (Kwak et al., 2023), a mul-
timodal classification model based on CNNs for
three modalities: text, image, and code.

4.2.3. Sentiment classification

For sentiment classification, we consider -
MissModal (Lin and Hu, 2023), a multimodal
sentiment analysis approach that aims to increase
robustness to missing modalities by aligning
modal-missing and modal-complete data.
MAG-BERT (Rahman et al., 2020), which incor-
porates a Multimodal Adaptation Gate (MAG) to
extend BERT for multimodal language tasks.
MISA (Hazarika et al.,, 2020), a multimodal
affective framework that factorizes modalities
into Modality-Invariant and Modality-Specific fea-
tures and then fuses them to predict the sentiments.
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VS Code Kubernetes Flutter Roslyn
Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1
T 0.731 0.729 0.729 0.749 0.737 0.733 0.651 0.649 0.649 0669 0.668 0.668
| 0.555 0.554 0552 0662 0610 0575 0540 0.540 0.539 0.582 0.581 0.581
C 0.583 0.579 0.575 0.751 0.727 0.720 0.600 0.550 0.493 0.585 0.581 0.575
Early fusion (T+I) 0.715 0.710 0.708 0.718 0.690 0.677 0.667 0.665 0.663 0.717 0717 0.717
Early fusion (T+C) 0.719  0.713  0.711 0.834 0.830 0.830 0.696 0.679 0.672 0.700 0.698 0.697
Early fusion (I+C) 0.567 0.564 0559 0.728 0.7183 0.709 0572 0.564 0.555 0.605 0.604 0.603
Early fusion (All) 0.717 0.712 0.711 0.840 0.827 0825 0.679 0.668 0.672 0.717 0.709 0.709
MulDIC 0.804 0.797 0.801 0813 0.800 0.806 0.769 0.757 0.763 0.680 0.679 0.679
cer 0.579 0.577 0574 0.763 0.757 0.755 0.582 0.574 0.564 0.591 0.591 0.590
T+CCE 0.718 0.710 0.709 0.828 0.827 0.827 0.685 0.678 0.675 0.697 0.696 0.686
1+CC L 0.577 0576 0.575 0.801 0.767 0.758 0.564 0.561 0.556 0.599 0.598 0.597
Early fusion®* 0.728 0.721 0.719 0.843 0.837 0.836 0.692 0.682 0.692 0.735 0.734 0.734

Table 5: Performance comparison on MulDIC. We report the accuracies across different tasks within the
benchmark. Note that early fusion considering all the modalities often achieves performance comparable
to the baseline methods. Text modality individually often achieves superior performance compared to other
modalities. We further enhance the Code modality through contrastive learning (C¢~), which enhances its
individual performance as well as when incorporated with other modalities in early fusion fot kubernetes

and Roslyn.

5. Results

For all the datasets and tasks, we only consider
early fusion, which involves extracting features from
each modality, concatenating them and training a
classifier model on top.

5.1. Performance of individual modalities

We start by investigating the performance of indi-
vidual modalities. Specifically, we consider each
modality individually by obtaining the correspond-
ing features utilizing the pre-processing step out-
lined previously, followed by a classifier layer on
top. The results are presented in tables 4, 5 and 2
respectively for MuG, MulDIC and sentiment clas-
sification tasks respectively. Notably, text modality
individually achieves comparable performances to
the baseline methods that involve all the modalities.
The other modalities are not observed to be so ef-
fective. For example, for pkm_t1 task the text (T)
modality individually achieves an accuracy of 0.704
while the image (I) and tabular (Tab) only achieve
accuracies of 0.48 and 0.45 respectively, while the
best-performing baseline involving all modalities
achieves an accuracy of 0.77.

5.2. Effectiveness of early fusion

We next demonstrate that early fusion often
achieves performance comparable to more com-
plex approaches. Specifically, we extract features
from the respective modalities, concatenate them
and train a classifier model on top. Experiments are
performed considering all the modalities or a sub-
set. On the MuG benchmark (table 4), simple early
fusion involving all the modalities (Early fusion (All))
achieves performance similar to the most compet-

itive baseline with a fraction of time and parame-
ter complexity. For MulDIC benchmark (table 5),
early fusion with all modalities even outperforms
the baseline in Kubernetes and Roslyn datasets.
The performance is worse for VS Code and Flutter
datasets. Similarly, for the sentiment classifica-
tion task, early fusion achieves competitive perfor-
mance for the CMU-MOSEI dataset. These results
together demonstrate that early fusion could be a
simple yet effective alternative for different classifi-
cation tasks involving a variety of modalities.

5.3. Enhancing Modalities

Utilizing the superiority of text features, we now
deploy contrastive learning to enhance the perfor-
mance of other modalities. For the MuG bench-
mark, the tabular modality is the one considered for
enhancement. Table 4 presents the performance of
the tabular modality individually as well as in com-
bination with the early fusion approach. Notably,
the performance of the tabular modality improves
significantly for pkm_t71 and pkm_t2, while the im-
provement is marginal for the others. This further
results in improved performance for the early fu-
sion model, which outperforms the baselines in
these two datasets. Combining the contrastively
learned tabular features with other modalities also
enhances the performance.

For the MuIDIC benchmark, the code modality is
considered for enhancement. The results (table 5)
indicate that contrastive learning can lead to an
enhanced performance on specific modality combi-
nations across the datasets. These improvements
are observed almost only in the code modality or in
the combination of the image and code modalities.
The contrastive setup allows for further improve-
ment in performance in early fusion experiments,
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Method CMU-MOSI CMU-MOSEI
Acc F1 Acc F1
T 0.724 0.724 0.818 0.815
\Y; 0.576 0.574 0.736 0.720
A 0.589 0.588 0.720 0.629
Early fusion (T+V) 0.713 0.713 0.812 0.808
Early fusion (T+A) 0.743 0.744 0.813 0.810
Early fusion (V+A) 0.545 0.544 0.735 0.707
Early-fusion (All) 0.719 0.719 0.818 0.815
MISA 0.818 0.817 0.819 0.820
MAG-BERT 0.824 0.822 0.819 0.823
MissModal 0.841 0.840 0.834 0.836
ACT 0.526 0.482 0.728 0.657
T+ ACL 0.747 0.747 0.811 0.807
T+ VT 0.573 0.573 0.744 0.730
Early-fusion©” 0.727 0.727 0.818 0.815

Table 6: Performance comparison in multi-
modal sentiment classification. We report the
accuracies across different tasks within the bench-
mark. Note that early fusion, considering all the
modalities, often achieves performance compara-
ble to the baseline methods. We also train classifier
models considering individual and combinations of
text (T), video (V) and audio (A) modalities. Text
modality often individually achieves superior per-
formance compared to other modalities.

with the best performance obtained for Kubernetes
and Roslyn datasets.

The results on the CMU-MOSI and CMU-MOSE]
datasets are presented in table 6. Both audio and
video modalities are considered for enhancement.
Only marginal improvements are observed with
such enhancements.

5.4. Parameter efficiency

The early fusion method requires training with much
fewer parameters than the more complicated base-
line methods while achieving comparable perfor-
mance. For the MuG benchmark (pkm_t1 task),
AutoMM requires training ~ 365M parameters,
whereas early fusion with contrastive learning re-
quires ~ 1M parameters for training. MugNet
requires a slightly larger number of trainable pa-
rameters than early fusion with CL. The early fu-
sion method without contrastive learning requires
only ~ 500K trainable parameters. We present
the performance versus number of parameters for
the different classification models in figure 2. The
results clearly demonstrate that early fusion vari-
ants achieve comparable performance with only a
fraction of the number of parameters of the more
complex baseline methods.

Comparison of Model Complexity and Accuracy for MuG Datasets
AutoMM
X X

365M X

100M

MuGNet

Number of Parameters
=
)
=

] [
EF EFCL ™
. °

100K

Figure 2: Comparison of the number of parameters
of the different classification methods for MuGNet
datasets. EF and EF CL refer to early fusion and
early fusion with contrastive learning respectively.

Discussion

Implication of results. Our results demonstrate
that text modality seem to be the most dominant
modality. It is often the case that a model trained
with any other modality in combination with the
text modality relies more on the text modality when
performing inference. One must ensure that the
model can effectively utilize other modalities for
more robust results.

The effectiveness of the early fusion method, as
demonstrated by the results, suggests it could be a
good starting point for designing multimodal archi-
tectures for a given task. Complexity should only
be introduced if early fusion fails to align different
modalities effectively, and that modality alignment
is a critical requirement for the task.

Limitations. For our text and image modalities, we
only considered embeddings from CLIP text and
image encoders. More advanced text and vision
encoders could be used to improve performance.

While the proposed early fusion method achieves
comparable results on several tasks, the improve-
ments are not so pronounced in more complex
tasks (e.g., multimodal sentiment classification).

Our contrastive learning setup relies on the qual-
ity of the text embeddings (additionally, image em-
beddings, when available). However, if the text
embedding is noisy or missing, which might be en-
countered in a real-world application scenario, our
setup might not be that useful. In such cases, a
separate component for noise reduction should be
incorporated into the framework.

6. Conclusion

We explored the multimodal classification task, im-
plementing an Early Fusion approach alongside
a Contrastive Learning method. Through compre-
hensive evaluation across three genres of datasets,
we observe that our proposed framework achieves
accuracy comparable to most competitive state-of-
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the-art models, with significantly lower complexity
in terms of the number of trainable parameters.
Notably, increasing model complexity does not nec-
essarily lead to better performance, and simpler
models can offer advantages in terms of efficiency
and generalization.
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