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A Late Fusion Approach for Multimodal
Image-Text Data
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Abstract—As the number of users on social media platforms
continues to rise, an increasing number of people are expressing
their emotions and opinions. Before the popularity of multimodal
machine learning, previous works included identifying texts and
images separately to determine sentiment. However, these studies
often overlooked features that other modalities could capture that
are crucial to emotion. Recent advances in multimodal machine
learning are now making essential and precise judgments in
image recognition [1]. In this project, we explore a specific
type of fusion called late fusion, demonstrating its ability to
combine different modalities. In particular, we highlight two
late fusion methods that combine the predictions of the image
and text models. Additionally, we investigate a contrastive learn-
ing approach, which will help improve the visual embeddings,
making them more discriminative in feature space. We compare
the strengths and limitations of late fusion against other fusion
approaches. Our findings are based on experiments conducted
with the publicly available MVSA-Single dataset.

I. INTRODUCTION

Social media platforms such as Instagram and Twitter have
become the primary sources for users to express their senti-
ments. Consequently, with the increasing use of smartphones,
people are more likely to post multimodal data, such as a
tweet with a corresponding image to express their emotions.
Accurately detecting sentiment is critical for various applica-
tions, including market analysis, public opinion monitoring,
and mental health assessment.

Single-modality sentiment analyses typically use Convolu-
tional Neural Networks (CNNs) for image feature extraction.
For instance, Xu et al. [2] utilized pre-trained CNNs for object
recognition and adapted them for sentiment analysis. However,
focusing solely on text or images can miss crucial contextual
information provided by the other modality. These methods
often fail to capture the full spectrum of human emotions in
social media posts. For example, if the text contains a negative,
sarcastic tone that is not noticeable, and the image depicts a
person smiling, focusing on the text loses critical information
from the image.

When discussing multimodal sentiment analysis, the earliest
image-text models were feature-based, which included manu-
ally selecting attributes to make predictions. Borth et al. [3]
proposed a feature selection model using SentiBank to extract
1200 adjective-noun pairs (ANP) as mid-level features in an
image and employed SentiStrength to capture the sentiment
strength of text tweets. The results of the image and text were
combined. Later, deep learning methods showed better results.
Cai et al. [4] introduced a method where CNNs are trained to
extract textual and visual features, which are then combined
and passed into another CNN. Xu et al. [5] proposed a method

where text, object, and scene features represent the multi-
modal tweet. They developed MultiSentiNet, a visual-guided
attention mechanism to extract sentiment-relevant words and
integrate them with the object and scene features. Yan et
al. [6] proposed a Multi-view Attention Network (MVAN),
which uses memory networks to highlight the interaction
between different modalities. To jointly learn representations
between visual and textual content, the Co-Mem network [7]
iteratively models and dynamically updates the image and
text interactions for multimodal sentiment analysis. The Multi-
channel Graph Neural Network (MGNNS) [8] leverages graph
neural networks to learn multimodal representations of the
global features in the dataset. A scene and object ResNet is
used to encode image representations, with the final fusion of
the image features and text features achieved through a multi-
head interaction mechanism. Due to the success of contrastive
learning on downstream tasks, Li et al. [9] proposed CLMLF,
which uses supervised contrastive learning to align and fuse
token-level features, enhancing the understanding of standard
features related to multimodal sentiment analysis. Wang et
al. [10] introduced the MLFC module, which uses a CNN-
connected Transformer fusion. The authors also introduce
SCSupConLoss, which combines cross-entropy loss and su-
pervised contrastive loss.

In most deep learning methods, data fusion is used to com-
bine the modalities in a certain way to enhance understanding
of the sentiment. Data fusion involves integrating information
from multiple sources to create a unified and accurate system
representation. Different multimodal data methods exist in
early, intermediate, and late fusion. Early fusion involves com-
bining the different modalities before the feature extraction
process. Intermediate fusion involves extracting features from
each modality and fusing these marginal representations later
inside the network. In late fusion, the predictions from each
modality are combined to produce a single final prediction
[11].

In this project, we highlight:

• A late fusion method that weights the output probabil-
ities of the sub-models. The sub-model prone to more
errors than the other sub-model contributed less to the
final prediction. The final multimodal model could more
accurately balance the confidence scores of both sub-
models. We compare the effectiveness and simplicity of
this approach with other fusion methods.

• A supervised contrastive learning approach to improve
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the generalizability of our Image model. Contrastive
learning encourages feature vectors of the same/’positive’
class to be close together in latent space, pushing the
dissimilar/’negative’ class feature vectors farther apart.

II. DATASET

The dataset used in this study was the MVSA Single dataset,
published by the Multimedia Communications Research Labo-
ratory [11]. The dataset contains 4869 samples and is collected
from Twitter with each text-image pair comparison labeled
by a single sentiment. We process the dataset in a way that
all contradicting sentiments are removed. For example, if the
text sentiment is positive but the image sentiment is negative,
the sample is removed. However, if one label is positive (or
negative) and the other is neutral, we take the sentiment of this
pair to be positive (or negative). The resulting dataset contains
4511 samples.

Fig. 1: Distribution of sentiments in the MVSA-Single dataset

III. IMPLEMENTATION DETAILS

In our experiments, the data is split into training, validation,
and testing sets randomly into the ratio 8:1:1. For the VGG16
Image Model (5.1.1), the learning rate is set to 1e-3 and
Adam is used as the optimizer. In the ResNet50 model, the
learning rate is set to 2e-5 and the AdamW optimizer is used.
A weight regularizer is used to apply a penalty to the Dense
layer’s kernel during optimization. The BERT model uses
the same learning rate and optimizer as the ResNet50 model.
Due to the limited data, the batch size is varied under 20
across all models. We primarily evaluate model performance
using accuracy and F1 score, which are defined as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

Precision =
TP

TP + FP
(2)

Recall =
TP

TP + FN
(3)

F1 =
2 ∗ Precision ∗Recall

Precision+Recall
(4)

TP stands for True Positive, FP stands for False Positive,
FN stands for False Negative, TN stands for True Negative.
All of the experiments are done on one NVIDIA GPU P-100
in a Kaggle Notebook.

IV. METHODOLOGY/METHODS

A. Visual Feature Detectors

Sentiments are closely correlated with objects in an image.
For instance, a victory parade might evoke positive sentiments,
while a natural disaster might evoke negative sentiments. To
extract the visual context from each image, every image I
in the dataset is resized into a 224 × 224 size image and
converted into RGB color. In both of the image models
below, ImageDataGenerator is used to create new training
examples by augmenting the original images, which enhances
the model’s generalization ability.

1) VGG16: To detect visual scene features in an image, we
first use a VGG16 model, which is composed of 16 layers—5
convolutional blocks and 3 dense layers for processing infor-
mation incrementally [13]. The model’s weights are pretrained
on the Places365 dataset, which consists of over 10 million
images across 400 unique scene categories [14], [15]. To
evaluate the model’s performance comprehensively, we use
KFold cross-validation with four splits.

2) ResNet50: The ResNet50, with weights pretrained from
ImageNet [16], is used as the primary Image Encoder. Previous
studies [8], [9], [10] extract visual features with a ResNet50.
The popularity of ResNets is due to its skip connections, which
allow for information to flow from earlier layers to later ones,
enabling the network to learn complex high-level features
without the issue of vanishing gradients. EarlyStopping is
applied to monitor the validation loss, and stop the training
of the model when the validation loss increases. To consider
an improvement in the model’s performance after each epoch,
the mindelta parameter is set to 1e−4.

B. Textual Feature Detectors

To understand textual context, we use the RoBERTa-base
model for textual feature extraction. Unlike static masking in
the BERT model [17], RoBERTa [18] uses dynamic masking
as a data augmentation technique, where tokens are masked
differently for each training epoch, and there is no fixed
number of masked tokens. RoBERTa utilizes a larger Byte-
Pair Encoding (BPE) vocabulary containing 50K subunits.
BPE iteratively merges the most frequent pair of consecutive
bytes until a predefined vocabulary size is reached. We use
a RoBERTa-base model, which was trained on 58 million
tweets, based on the original RoBERTa-base checkpoint [19].
We fine-tune this model on our dataset of tweets. Each tweet
is preprocessed using standard techniques with the Natural
Language Toolkit (NLTK), including converting all characters
to lowercase and removing nonessential characters that do
not affect sentiment polarity. For text enhancement, a data
augmentation method called back-translation is used [20].

In back-translation, an input text t1 of a language E is
translated into another language G, and then retranslated
back into the language E as shown Figure 2. This creates
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Fig. 2: Backtranslation between English and German

a new output text t2, which serves as the augmented text
for the original input text. Due to limited computing power,
we randomly sample 15% of the training dataset for back-
translation between English and German. After the tweets
in the dataset are tokenized using BPE, they are passed in
the model to retrieve the prediction probabilities. To lower
the overfitting of the finetuned RoBERTa on the dataset, we
employed strategies such as adding a weight decay penalty
and using EarlyStopping.

C. Contrastive Learning

Recent advancements in contrastive learning have made it
effective across domains like natural language processing and
computer vision. Contrastive learning aims to learn relevant
features of data and group similar samples together while
pushing dissimilar samples away in latent space [21]. Self-
supervised contrastive learning methods like SimCLR [22]
are popular because of the massive amounts of unlabelled
data, so training encoders are relatively accessible for image-
representative tasks.

A critical objective in contrastive learning is examining
the loss function’s ability to capture relevant features from
the data [23]. During training, the neural network aims to
minimize the loss function to adjust the weights and biases
accordingly. In the absence of contrastive learning in the
supervised setting, the encoder and classifier parts of the
network are trained together. The standard loss function used
for multi-class classification is categorical cross-entropy.

L(y, ŷ) = − 1

N

N∑
j

C∑
k

yjk log( ˆyjk)

yjk represents the true label indicator for a sample j belong-
ing to class k. ˆyjk is the probability of sample j belonging to
class k, after the softmax function is applied.

However, when contrastive learning is applied in the su-
pervised setting (supervised contrastive learning), the encoder
and classifier network are trained separately in two phases. In
the first phase, the encoder produces high-level representations
of the input using a contrastive loss function to separate the
distinct classes in the embedding space. In the second phase,

the projection network is removed and linear classification
layer is added on top of the frozen encoder network.

We use N-Pair loss as the contrastive loss for learning
embeddings [24]:

L({x, x+, {xi}N−1
i=1 }; f) = log

(
1 +

N−1∑
i=1

exp(fT fi − fT f+)

)

= − log
exp(fT f+)

exp(fT f+) +
∑L−1

i=1 exp(fT fi)

The feature vectors f are the result of passing the high-
level image representations from the encoder into a projection
network, which consists of a single linear dense layer of size
64.

D. Late Fusion Network and Sentiment Classification

Late fusion combines the sub-models trained on each
modality to form a prediction. Each sub-model learns P (y|xi),
where xi is the data from ith modality [25]. The techniques
of combining the prediction probabilities of the sub-models
in late fusion include averaging, majority voting, weighted
voting, and meta-classifiers. Yoo et al. [26] found the mean of
the predicted probabilities from two sub-models to form the
final predictions. Soto et al. [27] proposed a late-average fusion
model where soft voting was used to perform the average
probability for each class in the different modalities. The
resulting model could outperform other late and intermediate
fusion strategies on the same data. However, average-based
late fusion assumes that each sub-model holds equal weightage
in predicting the target variable. If noise affects one modality,
the resulting multimodal model would be severely affected.

Meta-learning approaches involve passing the predicted
probabilities from the separate sub-models into a classifier.
Usually, the classifiers involve an artificial neural network to
learn non-linear relations between the modalities [24]. Reda
et al. [28] fed the prediction probabilities as inputs into a
constraint sparse autoencoders connected to a classifier for the
resulting predictions.

In this project, we implement two weighted average mecha-
nisms to capture the prediction strengths of both models. Wang
et al. [29] weighted the prediction probabilities of sub-models
of lung cancer survival by its uncertainty such that the sub-
model with the lower accuracy contributed less to the final
prediction. We evaluate two methods of weighted late fusion
on our dataset.

Fig. 3: Rough framework of late fusion

1) Detection Rate Approach: After evaluating the image
and text models on the test set, we assign weights to each
modality and define the Detection Rate (DR) to be the
classifier’s ability to identify true positive cases among all
predictions [30].
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DR =
TP

TP + TN + FN + FP

Give that there are three sentiments, the detection rate
involves a one versus all approach, where the sentiment
evaluated is considered to be a “positive” finding, and the
rest are “negative” findings. The detection rate is calculated
for each sentiment across all modalities. We set the weights
Wij =

1−DRij+αj∑
j 1−DRij+αj

, where i ∈ {0, 1} and j ∈ {0, 1, 2}.
Wij represents the weight for each sentiment in a specific
modality. We normalize the weights so each sentiment has
a somewhat equal contribution to the final prediction. The
constant αj is added to account for the class distribution
imbalances. However, its inclusion is optional. To put more
emphasis for the minority class, we recommend removing the
αj to set larger weights. In this case, we set αj to be the
ratio of the sentiment evaluated to the total data points. For
example, if the negative sentiment of text is analyzed, then αj

is set to the proportion of negative data relative to the dataset
size.

After the softmax function is applied to the output for each
modality, the resulting prediction probabilities contain three
columns corresponding to the three sentiments. The weights
of each sentiment are applied to the respective columns of
the text and image prediction probabilities. The weighted
probabilities for each modality are then aggregated to form
the final weighted prediction probability.

2) Minimizing Loss Approach: From each modality, we
retrieve the validation accuracy corresponding to the epoch
with the least validation loss.

Contrary to the Detection Rate Approach, we define two
weights Wt and Wi, corresponding to the text and image
modalities respectively. The weights are set to the ratio of
their validation accuracies to the combined accuracy. We
recommend setting the weights as the ratio of each modality’s
F1 score to the combined F1 score to leverage the strengths
of both models in imbalanced datasets. The weighted prob-
abilities are then combined to form a single final weighted
probability:

Pw = WtPt +WiPi

Pt and Pi are the predicted probabilities after the softmax
function is applied.

V. RESULTS AND DISCUSSION

The table shows the results of the individual models on the
MVSA-Single dataset. Note that these models represent our
implementations and may not necessarily reflect the highest
accuracy or F1 score possible.

Modality Model Accuracy F1 Score
Image VGG16 0.588 —

ResNet50 0.6208 0.6162
Text RoBERTa 0.7073 0.7113
Multimodal Detection

Rate App.
0.6918 0.6805

Minimizing
Loss App.

0.7273 0.7223

We can make a couple of observations from the table
above. First, the image models perform worse than the text
models, which suggest that the images may contain a certain
degree of noise, such as irrelevant features, which causes
the model to struggle in distinguishing between the high-
dimensional features in vector space. However, implementing
a contrastive learning approach significantly enhanced the
classifier’s prediction ability in the minority classes. Compared
to the approach without contrastive learning using similar data
augmentations with a ResNet50, we observed an approximate
5.3% increase in accuracy and 20% increase in the F1 score.

While we augmented 15% of the training set using back-
translation for text features, the optimal augmentation propor-
tion for a dataset remains to be studied in future work. We
selected a small proportion to minimize the risk of overfit-
ting, and observed a slight improvement in the text model’s
accuracy and F1 score.

A. Comparison of the multimodal models
The two multimodal models outperformed the baseline

image model’s performance. The Minimizing Loss Approach
(MLA) resulted in a 2.83% increase in the accuracy and 1.55%
increase in the F1 score compared to the unimodal RoBERTa
text model. We can identify key differences between the two
multimodal models:

• In the Detection Rate Approach, the emotions are set with
a similar weight values, which means that this approach
does not adequately account for the imbalance in the
dataset. Moreover, because the weights are uniformly
distributed across the modalities, this approach tends
to favor the modality that shows high confidence on a
sentiment for the data. The lower accuracy compared to
the RoBERTa text model could be due to some instances
of the image modality predicting the wrong class with a
huge confidence.

• The Minimizing Loss Approach is effective when the
dataset is imbalanced. In this approach, each modality is
given a different weight value based on the accuracy or
F1 score on the test set, while each sentiment within each
modality is given the same weight. This strategy is par-
ticularly useful as it focuses on the overall performance
of each model. Unlike the concern with the Detection
Rate Approach that the incorrect prediction of the image
modality substantially influences the final prediction, the
weighting scheme mitigates the false confidence.
There are some instances where the text model predicts
two sentiments with high confidence, while the image
model correctly identifies the true sentiment. This situa-
tion can occur if the preprocessed text data is “cut short”
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and lacks sufficient information for prediction. In such
cases, the confidence scores of the image modality be-
come crucial to the final prediction. This observation may
explain why Minimizing Loss Approach demonstrates an
improvement over the RoBERTa text model.

B. Assessment of Late Fusion and weights

We explore the Minimizing Loss Approach, particularly
the effect of setting the weights as the ratio of the
model’s validation accuracy relative to the total vali-
dation accuracy of all modalities. Suppose the image
model receives an accuracy of 59.4% but a 44% F1
score, indicating that the model is predicting the majority
class, while struggling with the minority class. In other
words, the model is “guessing” the sentiment instead
of making accurate predictions. Even though predictions
from both modalities are combined, the overall impact
on the final multimodal model’s accuracy and F1 score
is minimal. In this case, the metrics for the multimodal
model largely reflect those of the stronger text model.
We are not learning anything beneficial from the image
model. This situation highlights a potential drawback late
fusion approaches as it can rely on solely one model.
By setting the weights proportional to the F1 scores,
it becomes clearer if one model is underperforming. If
there is a lack of improvement in the multimodal model’s
F1 score compared to the stronger model’s F1 score,
this indicates that the weaker model is not contributing
effectively. If both models have strong F1 scores and
complement each other, setting the weights based on
these scores can lead to improved metrics in the final
multimodal. Strong models are crucial for achieving
meaningful feature representations and mitigating bias.

C. Case Study

Table 1 is split into three columns. The first column shows
an image and corresponding tweet from the dataset, the second
column depicts the incorrect prediction from the RoBERTa text
model, and the third column contains the final mulitmodal
predictinon using Minimizing Loss Approach. In the first
example, the text is written in a different language, which
makes it difficult for the RoBERTa model to identify the
type of emotion. However, the image exhibits a clear negative
sentiment, and the predictions are combined, the confidence
score from the image model leads to the correct prediction.
Similarly, in the third example, the textual content does not
clearly indicate the emotion due to the presence of the word
”Comedy.” The image model demonstrates high confidence in
identifying the sentiment as negative, thereby contributing to
an accurate prediction.

VI. CONCLUSION

In this research project, we developed two late fusion
methods to capture the prediction strengths of the image
and text modalities. Additionally, we implemented a super-
vised contrastive method that leverages feature similarity and

Image and Caption RoBERTa Prediction MLA Prediction

RT
@HergunYeniBilg:
Ge?en sene sahilde

top oynarken
?srail’in vurdu?u 4

?ocu?un
babas?.Sava?a dair

ne varsa yznde.

Neutral Negative

::Watches as the
catering staff serve

up some light
snacks::

Neutral Positive

#DEVASTATED
BREAKING: Jon
Stewart is retiring
from ’The Daily
Show,’ Comedy

Central says

Neutral Negative

TABLE I: Examples misclassified by RoBERTa and correctly clas-
sified by the Minimizing Loss Approach (MLA)

dissimilarity to enhance the model’s ability to differentiate
between classes effectively. The experimental results on the
MVSA-Single dataset show that the multimodal approaches
are competitive with other models for this theme.

However, a limitation is that our models were only tested on
the MVSA-Single dataset. We plan to test our models on larger
datasets such as MVSA-Multiple [11] and CMU-MOSEI [30].

Since computer memory could be a critical barrier, the
proposed late fusion approaches are designed to learn infor-
mation between the modalities but with less memory usage.
The memory associated with late fusion methods is isolated
to each modality’s processing pipeline because features are
combined at the final stage. Late fusion minimizes the need
for complex integration during the intermediate processing
stages. A downside to late fusion is being unable to learn
the rich correlations between different modalities thoroughly.
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To address this limitation, the authors [9], [10] propose an
intermediate fusion approach that uses a transformer encoder
to merge the image and text features earlier to understand fine-
grained, course details.

Future research should explore hybrid fusion approaches
that combine intermediate and late fusion. Our implementation
of weighted late fusion shows effectiveness over baseline
methods on imbalanced datasets, and combining this approach
with intermediate fusion is necessary for the multimodal model
to capture the prediction strengths and cross-modality cor-
relations. Furthermore, since a contrastive learning approach
improved the predictions of the minority class, a weighted
contrastive learning approach can be explored. In this case,
two contrastive loss functions can be combined:

Lcombined = λ · L1 + (1− λ) · L2

A weighted combination of losses can also improve the loss
function’s convergence by reaching a desired minimum. This
approach adjusts the encoder’s weights so that the model can
capture various features and aspects of the data. We will also
incorporate other modalities such as audio in future work.
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