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Workflow with Training LLMs

Pretraining Fine-tuning Full fine-tuning:
* Pro

o Most flexible

o High score
* Con

l o High cost

l o Prone to overfitting
o Catastrophic forgetting
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LoRA Is Not Always Sufficient

Base Model RTE Dataset DROP Dataset
J, Vi 0 ' +00
ﬁ 0.75
L i 32 - 0.50
0.25
64 0.00

0 32 64 96 128 O 32 64 96 128

* LoRA works well for tasks with low intrinsic rank
71 * LoRA may struggle for tasks with high intrinsic rank
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%—l

d How to achieve parameter efficient high-rank fine-tuning?




Quantum-informed Tensor Adaptation

Efficient high-rank finetuning
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Easy to Implement

_2:(1) E:(Q) E:(?))

Apply (Tx)ihiz,’ia o T’il,iz;’ﬁl,kQ Tk1,’i3;j1,]€3 Tk2,k3;j2,j3$31’32533

QuanTA k1,ka J1,k3 J2,J3

weights

T®’% to

input x torch.einsum("...abc,efbc,diaf,ghde->...ghi", x, T_3, T_2, T_1)
.._......_E:(l) E:@) (3)

Calculate 7;;.7 T 7;13323%3;.]17.725.]3 T Til,iggkl,kg Tk1,i3;j1,k3Tk2,k3;j2,j3

Full b1,k &

QuanTA

matrix torch.einsum("efbc,diaf,ghde->ghiabc", T_3, T_2, T_1)

No inference overhead!



Theoretical Guarantees

Theorem 6.1 (Universality of QuanTA). Let W be an arbitrary matrix of shape 2™ x 2M. For any
collection of local dimensions {d,, } such that each d,, is a power of 2 and ||, d,, = 2M it is always

possible to decompose W' into a finite sequence of tensors {T(O‘) }, where each tensor applies on two
axes with local dimensions d,, (») and d,, ().

Theorem 6.2 (Rank representation). Let R = r(7T) be the rank of the full QuanTA operator,
R = T‘(T(a)) be the rank of individual tensors, d be the total dimension of T, d') = d, (d,

be the total dimension of the individual tensor T'“), and N be the total number of tensors. The
following inequality always holds

dR(®) ~ dR(®)
2 g — 4Nt —1) < R <min

(@

Theorem 6.3 (Composition openness). There exists a set S = { My} of matrices generated from a
fixed QuanTA structure and two matrices M, Moy € S such that M, Mo & S.



Benchmark on DROP Dataset

Model PEFT Method # Params (%) Fj Score (1)
FT 100% 59.4
Series 0.747% 58.8
Parallel 0.747% 59.0
LLaMA2:p LoRA, _g 0.062% 54.0
LORATZSQ 0.249% 54.8
LORAT-:]_zg 0.996% 56.2
QuanTA 5584 (Ours) 0.041% 59.5
QuanTA 4.16-16 (Ours) 0.261% 59.6
LLaMA2 15 LoRA,_g 0.050% 61.0
QuanTA 4 555 (Ours) 0.029% 69.0
LLaMA2505 LoRA,—g 0.024% 74.3
QuanTA 4585 (Ours) 0.014% 79.4

F, Score -

60 - % A %
58 - % |
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Benchmark on Commonsense Reasoning

Model  PEFT Method # Params (%) Accuracy (1)
BoolQ PIQA SIQA HellaS. WinoG. ARC-e ARC-¢c OBQA Avg.
GPT-3,755" - - 605 810 - 789 702 688 5l4 576 -
Pal.Ms05° - _ 880 823 - 834 811 766 530 534 -
ChatGPT* - - 73.1 854 685 785 661 898 799 748 770
FT 100% 713 821 786 902 790 829 672 768 785
Prefix* 0.11% 643 768 739 421 721 729 540 606 646
Series* 0.99% 630 792 763 679 757 745 571 724 708
LLaMA, Parallel* 3.54% 679 764 7188 698 789 737 573 752 123
LoRA* 0.83% 689 807 774 781 788 778 613 748 47
DoRAl 0.43% 700 826 797 832 806 806 654 776 715
DoRA' 0.84% 69.7 834 786 872 810 819 662 792 784
QuanTA (Ours)  0.041% 71.6 830 797 918 818 840 683 821 803
Prefix* 0.03% 653 754 721 552 686 795 629 680 634
Series* 0.80% 718 830 792 881 824 85 673 818 795
Parallel* 2.89% 725 848 798 921 847 842 712 824 815
LLaMA 35 LoRA* 0.67% 721 835 805 905 837 828 683 824 805
DoRA' 0.35% 725 853 799 901 829 87 697 836 808
DoRA' 0.68% 724 849 815 924 842 842 696 828 815
QuanTA (Ours)  0.029% 732 854 821 934 851 878 733 844 83.1
FT 100% 729 830 798 924 830  86.6 720 80.1 812
LoRA' 0.83% 698 799 795 836 826 798 647 810 776
LLaMA275 DoRA! 0.43% 720 831 799 89.1 830 845 710 812 805
DoRAf 0.84% 718 837 760 89.1 826 837 682 824 797
QuanTA (Ours)  0.041% 724 838 797 925 839 853 725 826 816




Benchmark on Arithmetic Reasoning

Model PEFT Method  # Params (%) Accuracy (1)
AQuA GSMSK MAWPS SVAMP  Avg. W/O AQuA
GPT-3.5755" - - 389 56.4 87.4 69.6 711
LLaMA2+5 FT 100% 19.3 652 92.0 80.7 793
LoRA 0.83% 17.5 65.7 91.2 80.8 796
QuanTA (Ours) 0.19% 16.7 67.0 94.3 80.3 80.5
LLaMAZ, o, LoRA 0.67% 16.7 723 90.8 84.3 82.5

QuanTA (Ours) 0.13% 18.9 72.4 94.5 84.8 83.9




Conclusion and Outlooks

Conclusion:

 QuanTA is an efficient, easy-to-implement, high-rank fine-tuning method with no inference overhead
* QuanTA leverages quantum-inspired techniques to achieve high-rank adaptations

 QuanTA is guaranteed by universality theorem and rank representation theorem

* QuanTA demonstrates better performance with extremely few parameters on various tasks

Outlook:

* Apply QuanTA in other domains such as image or video generation

* Integrate QuanTA with other fine-tuning methods such as quantization

» Explore additional optimization techniques tailored specifically for QuanTA

e Design new fine-tuning methods based on principles from quantum computing
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