Pre prints.org

Review Not peer-reviewed version

How to Use Transformers for Transfer
Learning?

Maryam Ebrahimzadeh ~ and Hamidreza Asadi

Posted Date: 31 May 2023
doi: 10.20944/preprints202305.2185.v1

Keywords: optics; photonics; light, lasers; journal manuscripts; LaTeX template

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.



https://sciprofiles.com/profile/2971886

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 May 2023 do0i:10.20944/preprints202305.2185.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article
How to Use Transformers for Transfer Learning?

Maryam Ebrahimzadeh and Hamidreza Asadi
Azad University Najafabad Branch

Abstract: Transformers are increasing replacing older generation of deep neural networks due to
their success in a wide range of application. The dominant approach of using transformers is to
pre-train them on a large training dataset and then fine-tune them on a downstream task. However, as
transformers becoming larger, the fine-tuning approach is become an infeasible approach for transfer
learning. In this short survey, we list a few recent methods that makes using transformers based on
transfer learning more efficient.
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1. Introduction

Transformer neural networks are becoming increasingly popular in a wide range of applications
in neural language processing [4,11,20], computer vision [1,3,22], and video processing [6,12,13].
The power of transformers stems from the attention mechanism, which allows the model to focus
on relevant parts of the input sequence when processing each position. Additionally, it enables
transformers to process the input sequence in parallel and hence in a short time. This parallelism
allows transformers to take full advantage of GPUs and TPUs, leading to faster training and inference
times.

Transformers have been used in pre-training and transfer learning approaches [2]. These models
are initially trained on a large training dataset and then are fine-tuned for specific downstream tasks
with smaller labeled datasets. This approach has significantly improved the performance of machine
learning using less labeled data, leading to state-of-the-art performance on a wide range of tasks,
including machine translation, question-answering, sentiment analysis, and named entity recognition.

Despite being very effective, using fine-tuning for transfer learning is becoming infeasible when
the base model is a transformer. The major reason is that when we fine-tune a model, its generalization
power is lost because it becomes specialized on the downstream task. As a result, a new version of the
transformer should be stored per task. However, as the transformers becoming larger, storing them is
becoming an infeasible solution. Our goal in this short survey is review some works that try to make
transfer learning more efficient when the base model is a transformers.

2. Adapters

Adapters are a technique used in transformer models to enhance their flexibility and enable
efficient parameter sharing [16]. They allow for easy and modular model extension without requiring
significant changes to the original transformer architecture. Adapters are small, task-specific modules
that are inserted between the layers of a transformer model. Each adapter consists of a bottleneck layer
(typically a feed-forward neural network) followed by a projection layer. The bottleneck layer reduces
the dimensionality of the input, while the projection layer maps it back to the original dimension.

The key idea behind adapters is parameter sharing [18]. Instead of creating separate task-specific
models or fine-tuning the entire transformer for each new task, adapters enable reusing most of the
pre-trained transformer’s parameters. The adapter parameters are relatively small compared to the
entire model, which allows for efficient parameter sharing across multiple tasks. Adapters are designed
to be easily plugged into different layers of the transformer. They can be inserted between any pair of
transformer layers, enabling different layers to have different adapter modules. This flexibility allows
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for fine-grained control over which layers and positions in the transformer benefit from task-specific
adaptation.

The use of adapters improves the scalability and efficiency of transformer models [19]. Instead of
adding task-specific layers or fine-tuning the entire model, which can be computationally expensive
and memory-intensive, adapters provide a lightweight solution. The number of adapter parameters is
much smaller than the transformer’s parameters, making it more efficient to add adapters for multiple
tasks. Additionally, adapters are particularly useful for transfer learning and multi-task learning
scenarios because fine-tuning can be done only them which preserves the generalization power of the
base transformer. Adapters enable the base model to generalize to new tasks and facilitate knowledge
transfer across related tasks. We review three strategies to train adapter weights that are more efficient
even compared to adapter fine-tuning.

3. Adapter Fusion

Adapter fusion is an extension of the adapter technique for transformers that enables the sharing
and combination of information across different tasks or domains[15]. It allows for the integration of
multiple adapters into a single model to leverage the knowledge learned from various sources.

Multiple adapters: In adapter fusion, multiple adapters are added to a transformer model, each
representing a different task or domain. These adapters can be designed and trained independently for
specific tasks or datasets. Each adapter captures task-specific or domain-specific information. Adapter
fusion facilitates the sharing of information across different adapters. Instead of treating each adapter
as a separate module, fusion mechanisms enable the adapters to exchange information and combine
their knowledge during computation.

Various fusion mechanisms can be used to combine the information from multiple adapters. Some
common fusion approaches include weighted averaging, gating mechanisms, and attention-based
fusion. These mechanisms allow the adapters to influence each other’s computations, enabling the
model to benefit from the knowledge captured in different adapters.

Adapter fusion is particularly useful for transfer learning and domain adaptation scenarios [21].
By fusing adapters from different pre-trained models or domains, the model can leverage the
knowledge captured by each adapter and effectively transfer it to new tasks or domains. The fusion
process helps integrate and combine the task-specific information learned from different sources.
Adapter fusion has been shown to improve the overall performance and robustness of transformer
models. By combining information from multiple adapters, the model can capture a broader range
of task-specific or domain-specific patterns. This integration helps in tasks that may benefit from
knowledge from multiple sources or in scenarios with limited labeled data.

Adapter fusion is also compatible with the fine-tuning process. The adapters can be trained
independently and then fused during fine-tuning or adapted together as a unified model. The
flexibility of adapter fusion allows for easy extension and adaptation of transformer models to new
tasks, domains, or combinations of tasks. To sum up, adapter fusion enhances the transferability,
flexibility, and overall capabilities of transformer models in multi-task learning, domain adaptation,
and other complex scenarios.

4. Adapter Distillation

Knowledge distillation[7] has been used extensively to transfer knowledge from a large, complex
model (referred to as the “teacher” model) to a smaller, more efficient model (referred to as the “student”
model). The goal is to train the student model to mimic the behavior and predictions of the teacher
model. The process of knowledge distillation typically involves two steps. First, the teacher model is
typically a large, well-performing model, which is trained on a large dataset. Second, the student model
is trained to mimic the behavior of the teacher model. intuition behind knowledge distillation is that
the teacher model has learned valuable insights and generalizations from its training on a large dataset.

By using the teacher’s predictions as additional information during the training of the student model,
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the student can benefit from this knowledge and potentially achieve better performance compared
to training it from scratch. Knowledge distillation can be extended to transfer knowledge between
different models or across different tasks, not necessarily restricted to teacher-student scenarios.

Knowledge distillation can be used in the context of adapter training. To this end, specialized
neural network modules introduce new parameters to the neural network [5,9,14]. The specialized
neural network also incorporates a distillation mechanism to merge the newly acquired information
with the previously learned knowledge. Importantly, this consolidation of information is achieved
within a fixed parameter space, minimizing the required storage. This approach enables users to
control memory consumption while maintaining state-of-the-art performance when dealing with
sequences of multiple tasks. This fine-grained memory control is particularly valuable in industrial
applications. In contrast, an alternative approach that allows the model to grow in size with the number
of tasks would necessitate hardware changes to accommodate the expanding memory requirements.
Such a scenario would pose challenges, including heightened risk of system instability and the need to
make conservative hardware decisions.

5. Adapter Generation

Although adapter fusion is helpful but as the number of tasks grow and we need to store a
set of adapters for each task, the size of adapters will become larger and add storage cost. Adapter
generation for transformers refers to the process of creating and integrating adapters into a pre-trained
transformer model. As a result, a model is trained to learn proper adapters for a downstream task
which is far smaller compared to the side of adapter layers. In other words, rather than storing the
original adapter layers, we learn how to store the knowledge for generating them in a compressed
way.

A practical approach for adapter generation is to extend hypernetowrks in the context of
transformers. A hypernetwork is a type of neural network that is designed to generate the weights or
parameters for another neural network [8]. In other words, it is a network that produces the weights of
another network, often referred to as the “target network” or “main network”. The main idea behind a
hypernetwork is to use one neural network, the hypernetwork, to generate the weights or parameters
of another neural network, rather than directly learning those weights through traditional methods like
backpropagation[10,17]. This approach has several potential advantages. First, a hypernetwork can be
used to dynamically generate weights for different instances of the target network. This allows for
more flexibility and adaptability, as the hypernetwork can generate different sets of weights depending
on the input or context. A hypernetwork can be used to reduce the number of adapters that need to be
learned in the transformer. This can be particularly useful in scenarios where the transformer network
needs to be deployed on devices with limited computational resources or memory.

6. Conclusion

We survey recent advances on transfer learning when the base model is a transformer. Due to
popularity of transformers, we foresee that transformers will continue to become more popular and as
a result research on this direction is necessary to benefit from the full potential of transformers.
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