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I. INTRODUCTION

Multi-document summarisation (MDS) involves generat-
ing concise summaries from clusters of related documents.
PRIMERA (Pyramid-based Masked Sentence Pre-training for
Multi-document Summarisation) is a pre-trained model specif-
ically designed for MDS, utilizing the LED architecture to
handle long sequences effectively |1:4]. Despite its capabili-
ties, fine-tuning PRIMERA for specific tasks remains resource-
intensive. To mitigate this, we explore the integration of
adapter modules—small, trainable components inserted within
transformer layers—that allow models to adapt to new tasks by
updating only a fraction of the parameters, thereby reducing
computational requirements |548].

II. ADAPTER INTEGRATION INTO THE LED
ARCHITECTURE OF PRIMERA

Integrating adapters into the LED architecture of PRIMERA
necessitates modifications to the adapter-transformers library
to support the unique aspects of LED. The following compo-
nents were updated to facilitate this integration:

e src/transformers/_ _init__ .py: Ensured that
the LED model is recognized within the transformers
library’s initialization process.

e src/transformers/adapters/__init__.py:
Included adapter support for the LED model within the
adapters module.

e adapters/composition.py: Allowed for the com-
position of multiple adapters within the LED model,
enabling modular task-specific adaptations.

e adapters/head_utils.py: Adjusted utility func-
tions to accommodate the architecture of the LED model
when managing adapter heads.

e adapters/models/auto/adapter_model.py:
Enabled automatic integration of adapters into the LED
model.

e adapters/wrappers/configuration.py:
Ensured that adapter configurations are compatible with
the settings of the LED model.
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e transformers/models/led/modeling_led.py:
Incorporated adapter modules directly into the forward
pass of the LED model, facilitating their functionality
during training and inference.

These modifications allow PRIMERA to utilize multiple
adapters, each fine-tuned for specific summarisation tasks,
without altering the core model parameters. This modular ap-
proach enhances the adaptability and efficiency of the model,
which is illustrated by Figure

III. TYPES OF ADAPTERS

Several adapter architectures have been proposed for effi-
cient fine-tuning of transformer models:

« Bottleneck Adapters: Introduce bottleneck feed-forward
layers in each layer of a Transformer model. These
adapters consist of a down-projection matrix that projects
the layer hidden states into a lower dimension, a non-
linearity function, an up-projection back to the original
hidden dimension, and a residual connection [5]].

« AdapterFusion: Combines multiple pre-trained adapters
to leverage knowledge from various tasks, enhancing
the performance of the model on new tasks by fusing
information from related adapters [6].

« LoRA (Low-Rank Adaptation): Injects trainable low-
rank decomposition matrices into the layers of a pre-
trained model, allowing adaptation to new tasks with
minimal parameter updates [7].

o Prefix Tuning: Introduces trainable prefix tokens to the
input of each Transformer layer, enabling the model to
adapt to new tasks by learning task-specific prefixes while
keeping the original model parameters frozen [§].

IV. BENEFITS OF ADAPTER-BASED FINE-TUNING

Implementing adapters within the LED architecture of
PRIMERA offers several advantages:

o Parameter Efficiency: Adapters require tuning only a
small subset of parameters, significantly reducing the
computational resources needed compared to full model
fine-tuning [5].

o Modularity: Each adapter can be trained for a specific
task and activated as needed, promoting a modular ar-



chitecture that simplifies multi-task learning and model
management [6].

o Scalability: The reduced resource requirements enable
the scaling of fine-tuning processes across numerous
tasks, making it feasible to deploy the model in diverse
application scenarios|S} |7]].

V. EXPERIMENTAL EVALUATION

To evaluate the effectiveness of adapter-based fine-tuning
on PRIMERA, we utilize the Multi-News dataset [9]], a large-
scale benchmark for multi-document summarization. This
dataset consists of news articles paired with human-written
summaries, making it well-suited for assessing summarization
performance. The performance of the model was evaluated
using ROUGE (Recall-Oriented Understudy for Gisting Eval-
uation) |10] scores, which are standard metrics for summari-
sation tasks|1+3].
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Fig. 1. Adapter Integration into PRIMERA

TABLE I
ROUGE SCORES ON MULTI-NEWS DATASET
Method ROUGE-1 | ROUGE-2 | ROUGE-L
PRIMERA (Vanilla Model) [1] 42.0 |1] 13.6 [1] 20.8 1]
PRIMERA (Fully Fine-Tuned) [1] 49.9 1] 21.1 |1 259 1
Bottleneck Adapter [5] 47.1 17.4 21.6
AdapterFusion [6] 48.5 18.2 22.7

The results indicate that adapter-based fine-tuning achieves
performance comparable to traditional full-model fine-tuning
while utilizing significantly fewer trainable parameters. Specif-
ically, the AdapterFusion method approaches the ROUGE
scores of the fully fine-tuned PRIMERA model, confirming
the efficacy of the adapter integration.

VI. CONCLUSION

The integration of adapter modules into the LED archi-
tecture of PRIMERA presents a viable solution for efficient

and scalable fine-tuning across multiple MDS tasks. This ap-
proach maintains high performance while substantially reduc-
ing the computational burden associated with training large-
scale models. The modular nature of adapters further enhances
the adaptability of the model, allowing for seamless transitions
between tasks without necessitating extensive retraining. Fu-
ture work may explore the application of this methodology
to other transformer-based architectures and investigate the
potential of adapter fusion techniques to further enhance model
performance.
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