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How do we utilize (huge) pre-trained models?

* Foundational models are increasingly demonstrating remarkable
capabilities over a wide array of tasks.

» Goal: Effectively utilizing these pre-trained models for downstream tasks.
However, adapting these models via full fine-tuning presents significant
limitations: high computational cost, overfitting, storage overhead...




Low-rank Adaptation (LoRA)

* A parameter-efficient fine-tuning technique.

* Only learn two low-rank matrices A, and B instead of full weight matrix W .
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Low-rank Adaptation (LoRA)

* Typically, LoRA is applied in attention module, specifically the query and
value weights.

* Despite its successes, theoretical understanding of LoRA has remained
limited, hindering our ability to optimize its performance further.
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Mixture of Experts (MoE)

* Mixture of Experts model: An MoE model consists of a group of N’ expert
networks f;, i € [N'], and a gate function G. The output is expressed as:
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where G (x) = softmax(s,(x), ..., sy, (x))



LoRA and MoE

* Each attention head is equivalent to multiple MoE models.

* Let X = [x{,...,x}]" denote the concatenated input embedding. The experts
and score functions are defined as follows with i € [N],j € [N]:
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LoRA and MoE

* When LoRA is applied to query and value matrices, it refines these experts and
score functions with updates:

fi(X) = (W) + By, Av,)" EjX,
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* LoRA effectively fine-tunes the pre-trained MoE models contained within each

attention head by incorporating low-rank modifications to both the expert and
the score functions.




RepLoRA: Reparameterizing Low-Rank Adaptation

We show that simple reparameterization of the LORA matrices can notably
accelerate the low-rank matrix estimation process.

LoRA in attention:

Wé) = WQ + BQAQ W(/ =Wy + ByAy,

RepLoRA innovatively reparameterizes A and B, modeling them as outputs of
two shared MLPs:

[AQ, Av] = gy, (A) [Bq, By| = gg5(B),

We implement 4 and B as diagonal matrices to ensure simplicity parameter
efficiency.



Theoretical Justifications of RepLoRA

* We prove that estimating parameters in RepLoRA is statistically efficient in terms of
the number of data points.

Parameter estimation rate Number of data

LoRA 0(1/log(n)") Exponential exp(e~%)

RepLoRA 0(y/log(n)/n) Polynomial ¢~*




Experiments

Commonsense reasoning

Table 1. Top-1 Accuracy and PPT on commonsense datasets. The accuracies are reported with LLaMA~-7B and LLaMA-13B.

Model Method #Params (%) BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA | AVG PPT
ChatGPT - - 73.1 85.4 68.5 78.5 66.1 89.8 79.9 74.8 | 77.0 -

Prefix 0.11 64.3 76.8 73.9 42.1 72.1 729 54.0 606 | 646 0.83

LoRA 0.83 67.2 79.4 76.6 78.3 78.4 7.1 61.5 742 | 741 1.70

LLaMA-7B Adapter 0.99 63.0 79.2 76.3 67.9 75.7 74.5 574 72.4 | 70.8 1.74

DoRA 0.98 69.7 83.4 78.6 87.2 81.0 81.9 66.2 79.2 | 784 1.81

RepLoRA 1.01 71.8 84.1 79.3 85.2 83.3 824 66.2 81.2 | 79.1 1.96

Prefix 0.03 65.3 754 2.1 552 68.6 79.5 62.9 68.0 | 684 0.79

LoRA 0.67 7.9 82.4 79.6 90.4 83.6 83.1 68.5 82.1 80.2 2.15

LLaMA-13B Adapter 0.80 71.8 83.0 79.2 88.1 82.4 82.5 67.3 81.8 | 79.5 1.80

DoRA 0.68 72.4 84.9 81.5 92.4 84.2 84.2 69.6 82.8 81.5 219

RepLoRA 0.99 73.1 85.2 84.7 91.1 85.9 84.7 73.4 85.6 | 829 2.60




Experiments

Image classification

Table 2: Classification performance on FGVC datasets.

CUB-200 . Oxford Stanford Stanford
Method 2011 NABirds N —— Dogs P AVG PPT
FFT 87.3 82.7 98.8 89.4 84.5 88.5 -
LoRA 84.6 78.2 98.9 85.1 77.1 84.8 0.82
Adapter 87.1 84.3 98.5 89.8 68.6 85.6 0.84
Prefix 87.5 82.0 98.0 74.2 90.2 86.3 0.85
RepLoRA 89.1 86.1 99.3 91.2 87.6 90.7 0.90

Table 3. Performance on VTAB-1K with ViT-B/16 pre-trained on ImageNet-21K.
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Method ) 8] a [ o 0 %) 3] 5] o 1 (3) (3) a M o ° « w | AVG PPT
FFT 689 877 643 972 869 874 388|797 957 842 739|563 586 417 655 575 467 257 29.1 | 655 -
LoRA 67.1 914 694 982 904 853 54 |849 953 844 736|829 692 498 785 757 47.1 31 440 | 722 072
Adapter | 69.2 90.1 68 988 899 828 543 | 84 949 819 755|809 653 486 783 748 485 299 416 | 714 0.71
Prefix 755 90.7 654 96.6 86 785 467|795 951 80.6 740|699 582 409 695 724 468 239 344 | 676 0.73
RepLoRA | 732 941 733 993 944 89.1 589|892 975 879 778|851 726 557 812 817 492 357 473 | 759 0.74




Experiments

Video action recognition

Table 4: Performance on Video Action Recognition task.

SSv2 HMDB51
Method Model Pretraining #Params (M) | Acc@l PPT | Acc@l PPT
FFT Video Swin-B  Kinetics400 87.64 50.99 - 68.07 -
LoRA Video Swin-B  Kinetics400 0.75 38.34 0.37 62.12 0.61
Adapter Video Swin-B  Kinetics400 1.56 39.09 0.36 67.52 0.63
Prefix Video Swin-B  Kinetics400 6.37 39.46 0.31 56.13 0.45
RepLoRA | Video Swin-B  Kinetics400 1.45 46.12 0.41 | 68.23 0.64




Experiments

Image and Video-Text understanding

Table 5. Performance on image-text tasks with VL-BART.

Method  #Params (%) VQAY" GQA NVLR2 COCO Cap AVG PPT
FT 100 669 567 737 112.0 773 -
LoRA 5.93 652 536 719 115.3 765  0.99
DoRA 5.96 658 547  73.1 115.9 774 1.00
RepLoRA 6.02 66.5 554 742 116.2 781 1.02

Table 6. Performance on video-text tasks with VL—-BART.

Method  #Params (%) TVQA How2QA TVC YC2C AVG PPT
FT 100 76.3 73.9 457 1540 875 -
LoRA 517 75:5 129 446 1409 835 1.06
DoRA 5.19 76.3 74.1 458 1454 854 1.08
RepLoRA 5.30 77.8 751 46.6 151.6 87.8 1.12




Experiments

Sample Efficiency
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Figure 2: Sample Efficiency on FGVC Datasets. RepLoRA not only outperforms LoRA consistently
but also achieves LoRA performance on a full dataset with only f = 30% training fraction.
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* We introduce a novel theoretical framework that connects LoRA with MoE
* We build upon this framework and introduce RepLoRA, which:

» Demonstrated its effectiveness on four diverse domains: image, video, text,
and multi-modal tasks.

» Is significantly more parameter-efficient than LoRA, both theoretically and
practically
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