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Introduction

The problem of Fine-Tuning Large Language Models (LLMSs)

Recent upsurge of LLMs, characterized by billions of parameters, has

introduced profound computational challenges to the fine-tuning

Process.

Intensive research on Parameter-Efficient Fine-Tuning (PEFT)

techniques, usually involving the training of a selective subset of the
original model parameters.
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Parameter Efficient Fine-Tuning
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Our Approach: AdaKron
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AdaKron

e Employ the Kronecker product between output vectors of two feed-forward

networks (FFNs), which compose the down projection of the Adapter.

e The output vector of the Kronecker product has a dimension equal to the

product of the dimensions of the input vectors.

e Train fewer parameters in the down projection layer compared to a single layer.

e Example:

(©)

Let be d the dimension of the input vector, 48 be the intermediate
dimension of the adapter and 4 the dimension of the second down

projection. Therefore, AdaKron requires the training of

d¥(48/4 + 4) = d*16
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Experimental Setup

We test against:

(@)

Fine-Tuning: it requires training all the parameters of a model
Houlsby and Pfeiffer Adapters [1,2]: they add few new parameters to a

model and train only them

Bit-Fit, which trains only bias parameters of the model [3]
LoRA [4]: it requires training two low-rank matrices to update the

attention parameters of a model
AdaMix [5]: combines Mixture of Experts (with random routing) and

Adapters.

Datasets: GLUE [6], composed of eight different Language Inference tasks
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Results

MNLI QNLI SST2 QQP MRPC ColLa RTE STS-B

Model # Params (M) Acc Acc Acc F1 F1 Mcc Acc Pearson Avg.
Fine-Tuning 110 832 900 916 874 90.9 62.1 66.4 89.8 82.7
Houlsby Adaptert 0.9 83.1 906 919 86.8 89.9 615 718 88.6 83.0
BitFit® 0.1 814 902 921 84.0 90.4 588 723 89.2 82.3
LoRAT 0.3 825 899 915 86.0 90.0 60.5 715 85.7 82.2
AdaMix Adapter® 0.9* 847 915 924 876 92.4 629 747 89.9 84.5
AdaKron,g 0.6 835 911 920 871 90.8 61.1 738 89.4 83.6
AdaKrons, 0.4 83.7 909 922 87.1 89.5 60.7 74.1 89.5 83.5

Results on the GLUE development set with BERT-base

# Params (M) refers to the number of update parameters (in Millions)
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Results

MNLI QNLI SST2 QQP MRPC ColLa RTE STS-B
Model # Params (M) Acc Acc Acc Acc Acc Mcc Acc Pearson Avg.
Fine-Tuning 355 90.2 947 964 922 90.9 68 86.6 924 88.9
Houlsby Adaptert 6 899 947 962 921 88.7 66.5 834 91 87.8
Houlsby Adapter" 0.8 90.3 947 96.3 915 87.7 66.3 729 915 86.4
Pfeiffer Adaptert 3 90.2 948 961 91.9 90.2 68.3 83.8 92.1 88.4
Pfeiffer Adapterf 0.8 905 948 966 917 89.7 67.8 80.1 919 87.9
LoRAt 0.8 906 948 962 916 90.2 68.2 85.2 92.3 88.6
AdaMix Adaptel'A 0.8* 90.9 954 971 89.8 94 1 70.2 89.2 924 89.9
AdaKronig 0.6 90.2 94.8 96.9 91 90.9 69.2 874 921 89.1
AdaKrons, 1.0 90.2 944 961 87.8 93.1 69.9 86.1 92.2 88.7

Results on the GLUE development set with ROBERTa-Large

# Params (M) refers to the number of update parameters (in Millions)
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Conclusions and Future Work

e \We manage to fine-tune only 0.55% of the original BERT
parameters, while consistently achieving competitive
performance results comparable to other state-of-the-art PEFT
methods, even with larger parameter counts.

e As future work, we plan to improve our approach by
incorporating it within a Mixture of Experts framework,
extending our evaluation to different datasets and tasks.
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