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Motivation
LoRA - look at each weight matrix W0 separately; SuperLoRA -
only care about the total number of parameters to update W0total
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(a) Weight-wise grouping (LoRA)
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(b) Layer-wise grouping (2D)
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(c) Layer-wise grouping (2D, reshape)
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(d) General grouping (2D, reshape)
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(f) General grouping (3D, reshape)
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(e) General grouping (2D, reshape, shuffling)
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Method
SuperLoRA in one formula:

∆Wgroupg = F
( K⊗

k=1

(
Cgk ×1 Agk1 ×2 · · · ×M AgkM
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Experiments - Image Classification (ImageNet–>CIFAR)
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Experiments - Image Generation
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The effect of higher-order dW: IS distance vs # params (SVHN->MNIST, Pareto frontier only)
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Vis. (# params 32) Experiments - E2E Challenge

Table: GPT-2 medium with different adaptation methods on E2E NLG Challenge. For all metrics,
higher is better. * indicates numbers published in prior works, as compiled by [2].

Method # Trainable E2E NLG Challenge
Parameters BLEU NIST MET ROUGE-L CIDEr

FT* 354.92M 68.2 8.62 46.2 71.0 2.47

AdapterL* 0.37M 66.3 8.41 45.0 69.8 2.40

AdapterL* 11.09M 68.9 8.71 46.1 71.3 2.47

AdapterH* 11.09M 67.3±.6 8.50±.07 46.0±.2 70.7±.2 2.44±.01

FTTop2* 25.19M 68.1 8.59 46.0 70.8 2.41

FTWq,Wv 48.00M 69.4±.1 8.74±.02 46.0±.0 71.0±.1 2.48±.01

LoRA 0.40M 69.28±.01 8.73±.08 46.51±.00 71.4±.00 2.49±.02

SuperLoRA 0.12M 69.82±.00 8.76±.02 46.54±.00 71.5±.00 2.50±.01

SuperLoRA and its derivation

Table: Hyperparameter settings in SuperLoRA and resultant LoRA variant.

hyper-parameters settings method
F = I , weight-wise, K = 1, Cg1 = I , M = 1 dense FT
F = I , weight-wise, K = 1, Cg1 = I , M = 2 LoRA [2]
F = I , weight-wise, K = 2, Cgk = I , M = 2 LoKr [3]
F = I , group-wise, G = 1, M > 2 LoTR [1]
F = I , group-wise, K > 2, Cgk = I , M = 2 LoNKr
F = I , group-wise, K = 1, M > 2 LoRTA

Table: Hyperparameters and notation.

notation description
r rank of factorization
F mapping function
ρ compression ratio
G number of groups
M order of tensor modes
K number of splits
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