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ABSTRACT

People navigate a world that involves many different modal-
ities and make decision on what they observe. Many of the
classification problems that we face in the modern digital
world are also multimodal in nature, where textual informa-
tion on the web rarely occurs alone, and is often accompanied
by images, sounds, or videos. The use of transformers in deep
learning tasks has proven to be highly effective. However,
the relationship between different modalities remains unclear.
This paper investigates ways to simultaneously utilize self-
attention over both text and vision modalities. We propose a
novel architecture that combines the strengths of both modali-
ties. We show that combining a text model with a fixed image
model leads to the best classification performance. Addi-
tionally, we incorporate a late fusion technique to enhance
the architecture’s ability to capture multiple modalities. Our
experiments demonstrate that our proposed method outper-
forms state-of-the-art baselines on Food101, MM-IMDB, and
FashionGen datasets.

Index Terms— Multimodal, classification, transformers,
feature fusion, efficient training.

1. INTRODUCTION

With the introduction of transformers [1], there have been
significant advancements in various domains such as lan-
guage processing [2, 3], computer vision [4, 5]. Recently, it
was demonstrated that web-sourced paired image-text data
can be used to pre-train strong models for zero-shot transfer
[6]. These recent advances, where a large pre-trained model
is utilized, can be used to achieve competitive performance
with a fine-tuning step for different tasks.

Image and text can be utilized in tandem to facilitate un-
derstanding and interpretation of information. There have
been several works in computer vision-language understand-
ing that involve pre-training multiple modalities [7, 8], which
can then be applied to specific tasks such as visual question
answering [9] and visual reasoning with language [10]. Other
works focus on how to utilize these large pre-trained mod-
els for specific classification tasks [11, 12]. The advantage of
these two works is that they can be directly used to fine-tune
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Fig. 1. Given a pair of image and text data, the proposed
method utilizes image and text encoders to make the predic-
tion. The proposed method utilizes locked image tuning and
feature fusion. The text encoder is fine-tuned to connect lan-
guage and vision, along with a feature fusion technique.

any unimodal model, without requiring multimodal retrain-
ing, which is costly and typically involves complex settings.

A commonly used approach to handle multimodal data
involves using two separate pre-trained models to represent
both image and textual data, followed by finetuning step for
downstream tasks [13]. However, this approach may over-
look the connections that exist between different modalities
and can lead to issues when the gap between the two modali-
ties is significant. The CLIP model [6] addresses this issue by
making use of multimodal data and reducing the gap between
different modalities, as demonstrated in [10, 14]. Despite its
effectiveness, this approach does not provide inter-modal con-
nections, which could be critical for classification tasks. Ad-
ditionally, it remains unclear how to effectively leverage the
capabilities of transformers for multimodal tasks and reduce
the gap between different modalities.

To address these challenges, we present a multimodal ar-
chitecture that enhances the inter-modal connection between
text and vision. Our approach explores new multimodal mod-
els to efficiently train large, complex models while reducing
the gap between modalities. Inspired by the MultiModal Bi-
Transformers (MMBT) [12], we also utilize Bidirectional En-
coder Representations (BERT) model [15] in our multimodal
architecture as a backbone. In order to extract image features,



we utilize pre-trained CLIP vision model [6] to extract im-
age tokens from image patches. Our findings, based on [16],
indicate that locking the weights of the image model leads
to the best configuration. Additionally, we employ a feature
fusion layer TIRG [17] to fuse image and text features. As
a result, our architecture employs both early and late fusion
techniques, which maximize interaction between modalities.
The design of our proposed method is shown in Figure 1.

We evaluate the performance of our proposed method
by comparing it with different baselines using three datasets:
UPMC Food-101 [18], Multimodal IMDB (MM-IMDB) [19],
and FashionGen [20]. Our results show that we attain sig-
nificant improvement in terms of compared to the baselines
without sacrificing run-time efficiency. Additionally, we con-
duct ablation studies to examine the effect of each component
of the proposed method. In conclusion, our contributions are:

1. We propose a multimodal transformer architecture that
effectively integrates the intermodal connection be-
tween text and vision.

2. Our model leverages a locked image tuning technique
to minimize the gap between image and text modalities
and improve training stability.

3. Furthermore, we introduce a feature fusion layer in
later stages of the proposed architecture to improve
utilization of the image modality.

The paper is organized as follows: In Section 2, we re-
view related methods. Section 3 presents the details of our
proposed approach. The experimental results are reported in
Section 4, and the paper concludes in Section 5 with a sum-
mary and future work.

2. RELATED WORK

Multimodal learning is a crucial research area as data may
come from various modalities. This section will briefly go
over current advancements in multimodal vision-language
models and multimodal transformers.

The pre-training scheme in transformers has been a ma-
jor advancement in various deep learning problems, includ-
ing language processing [21], computer vision [22]. BERT
[15] and Vision Transformers (ViT) [4] have become strong
baselines for natural language processing and computer vi-
sion tasks, respectively. To enable transformers in computer
vision, ViT employs patch projection embeddings. These pre-
trained models can be used for various downstream tasks.

Several multimodal methods such as ALIGN [23] and
CLIP [6] have been successful in handling multimodal data
when trained for contrastive learning [24]. They perform
well on various tasks, but lack intermodal interaction, making
them insufficient for multimodal classification. ViLBERT
[7], which is trained on images and captions in a multimodal

manner, aims to utilize the BERT framework, but uses Faster
RCNN-extracted bounding boxes, which are costly similar to
VinVL [25]. On the other hand, MultiModal BiTransformers
(MMBT) [12] is a BERT-like architecture that can embed
multimodal data by projecting image embeddings extracted
from a ResNet [26] architecture to the text token space.
More recently introduced Vision-and-Language Transformer
(ViLT) [14] is a compact model that processes visual inputs
directly in its transformer architecture in a convolution-free
manner. ViLT performs similarly to other multimodal models
[7, 27] but with faster inference time. However, these models
are trained on smaller datasets due to limited multimodal data
and do not fully benefit from larger pre-training schemes.

Multimodal learning has gained popularity in recent
years, with vision-language models being used in a wide
range of applications, such as image captioning [28, 29, 30],
text-to-image retrieval [31], image synthesis [32, 33, 34] and
multimodal classification [12, 11]. An important focus of
multimodal learning is how to effectively combine multiple
modalities. Effective combination of multiple modalities is
a key focus of this field. Traditional methods extract image
and text features using separate models and then combine the
features using various techniques (e.g., [35]). In our proposed
architecture, we incorporate a TIRG layer to enforce greater
involvement of visual features, leading to improved results.

3. PROPOSED APPROACH

Despite the remarkable performance of transformers in deep
learning, it remains unclear how to effectively utilize them for
handling multimodal data. In order to utilize their power, we
propose a novel approach that tackles the multimodal classi-
fication problem through efficient training and feature fusion.
Our goal is to correctly identify the label associated with a
given input pair of modalities.

3.1. Architecture

We illustrate the proposed architecture in Figure 2. The trans-
former encoder is based on the Multimodal Transformer,
which adopts BERT as the backbone. Given an image
x ∈ RH×W×C , we extract its hidden features from ViT-B/32
that is pretrained on ImageNet, using 32× 32 visual patches,
which results to feature dimension of (HW/322 ×N) where
H and W features sizes and N is the dimension of image
features. We additionally incorporate a linear layer to project
images to the space of text features. The text sequence t is
converted to a textual embedding of (T ×D) with a text tok-
enizer, where T is the number of words in the sequence and D
is the width of the transformer. Both image and text features
are then organized into tokens, along with token position and
modal-type embeddings.

The integration of vision and text information is accom-
plished by merging their respective embeddings, which also
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Fig. 2. The proposed architecture for multimodal classification.

enables self-attention over different modalities. A bidirec-
tional transformer with pre-trained BERT serves as the base
model for this purpose. To ensure that the classifier utilizes
the image modality effectively, we employ a feature fusion
technique called Text Image Residual Gating (TIRG) [17].
The output of the TIRG features are the connected to a Multi-
Layer Perceptron (MLP) for performing the classification.

3.2. Locked-Image Tuning

Zhai et al. [16] investigated the performance of dual text and
vision models, such as CLIP, for pre-training and found that
the best performance in contrastive-tuning of transformer is
achieved by locking pre-trained image models and unlocking
text models. Their proposed method, called ”Locked-Image
Tuning” (LiT), trains a text model to extract meaningful rep-
resentations from a pre-trained image model for new tasks.
We argue that the same idea can be applied to finetuning for
downstream tasks.

Inspired by the findings in [16], we propose to lock the
ViT model in our architecture and tune the text model using
image-text data for the classification task. Our approach in-
volves mapping image embeddings to the text model’s token
space using a set of randomly initialized mappings. Then, we
fine-tune the proposed architecture with cross-entropy loss.

3.3. Feature Fusion

The proposed architecture utilizes BERT-based transformer to
make prediction, which may result in an imbalance between
image and text features as the transformer would be more fa-
miliar with the text data. In order to put more emphasis on
image features, we incorporate a feature fusion layer before
the MLP layer. Fusion layer aims to combine pooled trans-
former output f and pooled image encoder output g.

This layer blends the outputs of the BERT-based trans-
former (represented as f ) and the image encoder (represented
as g) using Text Image Residual Gating (TIRG) [17]. The
goal of this fusion is to adjust the image features based on the
text features, rather than creating a new feature space.

4. EXPERIMENTS

This section provides the details of our experimental setup,
including the datasets used, training and implementation of
our proposed architecture. The experiments are performed
on three datasets for multimodal classification: UPMC Food
101 [36], MM-IMDB [19], and FashionGen [37]. To ensure
consistency across all experiments and improve run-time in-
ference, we set the maximum text sequence length to 256 and
the maximum image sequence length to 49. Therefore, we
re-train all methods using the same settings; for instance, the
original MMBT model uses max text sequence of 512 com-
pared to 256.

UPMC Food 101 dataset connects food labels to given
recipe descriptions and food images. Each data recipe was
obtained from web pages, and each recipe is accompanied by
one image. This dataset has 101 categories, with 60,101 text-
image pairs used for training and 21,695 pairs for testing.

Multimodal IMDB (MM-IMDB) dataset consists of
movie plots, poster images, and other metadata, and the task
is to classify the movie genre based on the movie plots and
posters. This dataset is a multi-label problem and consists
of 23 labels. The dataset consists of 15,552 image-text pairs
used for training and 7,799 for testing.

FashionGen dataset consists of images and their descrip-
tions, labeled by stylists. This dataset has 260,480 images
in the training set and 32,528 images in the test set. Each
fashion item is photographed from multiple angles and paired
with a text description. Following the convention from previ-



Table 1. Quantitative results on three publicly available datasets. Along with baseline methods, we conduct an ablation study
to see the effect of each novelty. sl-40 indicates that maximum text sequence length is limited to 40.

Food 101 MM-IMDB FashionGen

Accuracy Macro-AP Micro-F1 Macro-F1 Mirco-F1 Macro-F1 Inference-time data/ms

Text 78.7 83.3 63.3 52.5 76.1 52.1 29.6
Text-sl:40 43.1 47.0 49.1 38.8 74.4 49.1 24.0
Image 73.3 78.0 48.6 31.6 31.8 20.4 18.0
MMBT 86.5 91.1 64.7 55.3 81.8 62.2 38.4
ViLT-sl:40 80.9 85.8 55.4 42.3 82.3 61.5 55.2
Ours w/o TIRG, LiT 80.3 84.5 64.1 55.0 82.3 63.5 43.2
Ours w/o TIRG 91.0 94.1 67.4 57.4 82.6 64.9 43.2

Ours 92.2 95.3 68.6 58.7 83.3 64.3 48.7

ous studies [38, 39], we use 121 sub-categories for our exper-
iments. However, in many samples of FashionGen, the first
sentence directly specifies the item category, which makes it
too easy for models to rely on the text input alone. Therefore,
to increase the challenge, we remove the first sentence from
the descriptions.

4.1. Implementation Details

We use a pre-trained 12-layer, 768-width BERT model [15]
as the backbone of our architecture (transformer encoder).
The image encoder is implemented as a 12-layer, 768-width
ViT-B/32 CLIP image encoder [6]. To make use of the ex-
pert image encoder network, we found it to be effective to
freeze it completely. To mitigate the potential dominance of
the text modality, we incorporate a feature fusion layer before
the MLP head in the architecture.

For training, we set a learning rate of 5e − 5, batch size
to 128 and limit the maximum text sequence length to 256,
while the image token length is fixed at 49 as all images are
resized to 224 × 224. All models are trained for 30 epochs.
To ensure a fair comparison, we apply the same token limita-
tions to all other methods used in our experiments. It’s worth
noting that we used the original ViLT implementation [14] in
our experiments, which has a limitation of a maximum text
sequence length of 40.

4.2. Results

We present the results of our experiments along with ablation
studies in Table 1. The table includes evaluations based on
text modality only, as well as using state-of-the-art multi-
modal methods (MMBT and ViLT). Our results indicate that
using only text modality outperforms the image modality for
unimodal data. However, when compared to state-of-the-
art methods, our proposed architecture (denoted as Ours)
shows significant improvements in all evaluation metrics and
datasets. The main reason for this significant training boost is

the better use of visual features via improved image encoder,
efficient training and feature fusion.

Furthermore, we perform ablation studies to understand
the impact of each component of our architecture. Ours w/o
TIRG, LiT denotes the proposed architecture without TIRG
and locked-image tuning, while Ours w/o TIRG denotes the
proposed architecture without TIRG feature fusion. The re-
sults show that Ours w/o TIRG, LiT performs similarly or
worse than MMBT. This is mostly due to the complexity
introduced by the ViT image encoder compared to ResNet
features. To overcome this, we introduce the locked-image
tuning method (Ours w/o TIRG) which improves the perfor-
mance and outperforms both MMBT and ViLT by a large mar-
gin. Adding the TIRG feature fusion method (Ours) results
in the best performance in all metrics and datasets. Moreover,
we also show that the inference time per data, which does not
increase much compared to MMBT and text-based methods.

5. CONCLUSION

This paper proposes a solution to the problem of multimodal
classification by introducing techniques for efficient training,
improved image encoding, and effective feature fusion. By
using self-attention to simultaneously process both text and
image modalities, we aim to maximize the intermodal inter-
action. Our experiments demonstrate that combining a text
model with a fixed image model yields the best classifica-
tion performance, and that the late fusion technique enhances
the architecture’s ability to capture both modalities. Our pro-
posed method outperforms the state-of-the-art in all datasets.
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González, “Gated multimodal units for information fusion,” arXiv
preprint arXiv:1702.01992, 2017.

[20] Negar Rostamzadeh, Seyedarian Hosseini, Thomas Boquet, Wojciech
Stokowiec, Ying Zhang, Christian Jauvin, and Chris Pal, “Fashion-
gen: The generative fashion dataset and challenge,” arXiv preprint
arXiv:1806.08317, 2018.

[21] Hangbo Bao, Li Dong, Furu Wei, Wenhui Wang, Nan Yang, Xi-
aodong Liu, Yu Wang, Jianfeng Gao, Songhao Piao, Ming Zhou,
et al., “Unilmv2: Pseudo-masked language models for unified language
model pre-training,” in ICML, 2020, pp. 642–652.

[22] Anurag Arnab, Mostafa Dehghani, Georg Heigold, Chen Sun, Mario
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