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Supplementary Material

A. Detailed dataset statistic

We describe the details of visual adaptation classification
tasks we used in Table 1 (FGVC) and Table 2 (VTAB-1k),
including the class number and the train/val/test sets. we
employ the split following VPT [13].

B. Detailed configuration

Table 3 summarizes the detailed configurations we used
for experiments. As mentioned in Section 4, we utilize
grid search to select hyper-parameters such as learning rate,
weight decay, batch size, and dropout rate, using the vali-
dation set of each task. AugReg [25] provides a robust ini-
tialization for the pre-training model with varying data aug-
mentation and regularization. Despite the need for small
initializations in many PEFT methods, RLRR maintains
consistent performance under different initializations, as
shown in Table 10.

C. Parameter size analysis

To showcase the parameter-efficiency of our RLRR
method, we compare its parameter size with other pop-
ular lightweight adaptation methods (Table 4), including
Adapter [9], VPT [13], LoRA [10], SSF [18] and ARC [5].
Adapter [9] uses two linear projections to construct a bot-
tleneck structure for each layer, resulting in the introduc-
tion of 2 - D - D’ - L learnable parameters, where D’ de-
notes the size of hidden dimension and L denotes the num-
ber of layers. Furthermore, due to the presence of non-
linear activations in Adapter, this structure does not al-
low for re-parameterization, which leads to additional com-
putational overhead in the inference. VPT [13] incorpo-
rates m prompts into input space, leading to an increase of
m - D parameters for VPT-Shallow and m - D - L for VPT-
Deep. In contrast to Adapter, both LoRA [10] and SSF [18]
employ linear adaptation methods without incorporating
non-linear functions. This design allows them to leverage
re-parameterization benefits, thereby mitigating additional
computations during inference. Specifically, the adaptation
matrix of LoRA, which consists of a down-projection and
an up-projection, introduces 2 - w - D - D’ - L learnable pa-
rameters, where w denotes the number of attention matrices
undergoing adaptation. SSF inserts linear scaling and shift-
ing coefficients after o operations, resulting in an addition
of 2.0 D* - L extra parameters. D* denotes the dimen-
sion of weight matrix, where D* = 4 - D in up-projection
of FFN and D* = D in other cases. ARC offers addi-

tional parameter compression by sharing symmetric pro-
jection matrices across different layers. This approach in-
troduces D - D’ parameters for MHA and FFN. The low-
dimensional re-scaling coefficients and bias terms result in
a total of (D’ + D) - L additional parameters. The pro-
posed RLRR introduces dual-sided scaling tuning resulting
in3:o0- D" - L trainable parameters.

D. Experimental details on larger-scale and hi-
erarchical ViT backbones

Table 5, 6 and 7 respectively display the comprehensive re-
sults of the comparison conducted in Section 4 among ViT-
Large, ViT-Huge, and Swin-Base models.

E. Expanded experiments with self-supervised
pre-training

In addition to the models pre-trained with supervision, we
also conduct experiments with self-supervised pre-training
approaches: MAE [8] and Moco V3 [3]. Specifically, We
utilize MAE and Moco V3 self-supervised pre-trained ViT-
B as the backbone and evaluate the performance of our
RLRR on VTAB-1k. The results of MAE and Moco V3
self-supervised models are presented in Table 8 and Table 9,
respectively. Based on these results, it is noted that our pro-
posed RLRR continues to exhibit competitive performance
on two self-supervised ViT models.

F. Flexibility of RLRR

LoRA, as a universal fine-tuning paradigm, has achieved re-
markable performance across multiple tasks due to its flex-
ibility. In this section, we will elaborate on how our pro-
posed RLRR maintains the flexibility comparable to LoORA
while achieving superior performance. LoRA adjusts the
trainable parameter count by altering the sampling dimen-
sions of the bottleneck structure. Similarly, RLRR can
achieve the same adjustment. Initially, we remove the W

in fine-tuning items AW = Sy © W © §rTight, defining

this baseline as X(W + Sief; Sright) + I;T + fT to simulate
the LoRA rank = 1 scenario.

After this, we can also introduce variations in the RLRR
variant by modifying the dimension r of the parameter scal-
ing in the expression X (W =+ (Sief Syight ) O W)+ I;T + fT,
where Siere € RY%" and Sright € R"*4_ Through this mod-
ification, we can derive adaptation matrices with varying
ranks to demonstrate the flexibility of adjustments similar



Table 1. Dataset statistics for FGVC. “*” denotes the train/val split of datasets following the dataset setting in VPT [13].

Dataset Description Classes | Train size | Val size | Test size
CUB-200-2011 [29] | Fine-grained bird species recognition 200 5,394 600* 5,794
NABirds [27] Fine-grained bird species recognition 555 21,536* 2,393* 24,633
Oxford Flowers [22] | Fine-grained flower species recognition | 102 1,020 1,020 6,149
Stanford Dogs [15] Fine-grained dog species recognition 120 10,800%* 1,200%* 8,580
Stanford Cars [7] Fine-grained car classificatio 196 7,329* 815%* 8,041

Table 2. Dataset statistics for VTAB-1k [32].

Dataset Description | Classes | Train size | Val size | Test size
CIFAR-100 100 10,000
Caltech101 102 6,084
DTD 47 1,880
Flowers102 Natural 102 | 800/1,000 200 6,149
Pets 37 3,669
SVHN 10 26,032
Sun397 397 21,750
Patch Camelyon 2 32,768
EZZ?sscg Specialized 4112 800/1,000 200 2:;188
Retinopathy 5 42,670
Clevr/count 8 15,000
Clevr/distance 6 15,000
DMLab 6 22,735
KITTI/distance 4 711
dSprites/location Structured 16 | 800/1,000 2001 73728
dSprites/orientation 16 73,728
SmallINORB/azimuth 18 12,150
SmalINORB/elevation 9 12,150

Table 3. The implementation details of configurations such as optimizer and hyper-parameters. We select the best hyper-parameters for
each download task via using grid search.

Optimizer AdamW
Learning Rate {0.2, 0.1, 0.05, 0.01, 0.005, 0.001, 0.0001}
Weight Decay {0.05, 0.01, 0.005, 0.001, 0}
Dropout Rate {0,0.1,0.3,0.5,0.7}
Batch Size {256, 128, 32}
Learning Rate Schedule Cosine Decay
Training Epochs 100
Warmup Epochs 10

Table 4. Comparison of the additional parameter size in both fine-tuning and inference stages with other lightweight adaptation methods.

Method
St o Adapter [9] | VPT-Shallow [13] | VPT-Deep [13] LoRA [10] ‘ SSF [18] ‘ ARC [5] ‘ RLRR
age
Fine-Tuning 2-D-D'-L m-D m-D-L 2-w-D-D'-L|2-0-D*-L|2-(D-D+(D'+D)-L) |3-0-D*-L
Inference 2-D-D'-L m-D m-D-L 0 0 0 0




Table 5. This table is extended from Table 4 in Section 4 and describes the detailed experimental results of the performance comparison on
VTAB-1k using ViT-Large pre-trained on ImageNet-21k as the backbone.
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Full fine-tuning | 68.6 843 586 963 865 875 414 | 747|826 959 824 742 838|554 550 422 742 568 430 285 297 | 481|654 3034
Linear probing 722 864 636 974 858 381 525|709 |769 873 666 454|691 |282 280 347 540 106 142 146 219|258 | 515 005
Adapter [9] 753 842 545 974 843 313 529|686 |758 851 634 695735354 341 308 47.1 304 234 108 198290 | 529 238
Bias [31] 710 824 513 963 832 595 499|705 |729 879 631 713|738 |512 507 335 548 659 373 137 222|412 |589 032
VPT-Shallow [13] | 806 882 67.1 980 859 784 530 |787|797 935 734 731|799 (415 525 323 642 483 353 216 288 | 40.6 | 629 0.15
VPT-Deep[13] | 841 889 708 988 900 89.0 559 | 825|825 966 826 739|839 637 607 46.1 757 837 474 189 369|541 708 049
LoRA [10] 758 898 736 99.1 908 832 575|814 |86.0 950 834 755|850 |781 605 467 816 767 513 280 354|573 |720 074
ARC [5] 762 89.6 734 99.1 903 909 565|823 |850 957 859 758 856|786 621 467 767 759 530 302 352|573 (725 0.8
SSF[18] 735 913 700 993 913 90.6 57.5 |81.9 | 859 949 855 744|852 |806 600 533 800 776 540 318 350|590 730 0.0
RLRR [793 920 746 995 921 896 601|839 |87.3 953 873 757|864 | 827 621 546 80.6 871 547 313 419 | 619|752 0382

Table 6. This table is extended from Table 4 in Section 4 and describes the detailed

experimental results of the performance comparison on

VTAB-1k using ViT-Huge pre-trained on ImageNet-21k as the backbone.
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Full fine-tuning 587 865 550 965 79.7 875 325|709 831 955 819 73.8 836|476 539 378 699 53.8 486 302 258|460 | 63.1 630.90
Linear probing 643 836 652 962 835 398 430|679 | 780 905 739 734|790 | 256 245 348 590 95 156 174 228|261 | 527 006
Adapter [9] 69.4 844 627 972 842 336 453 | 681|773 86.6 708 711|764 286 275 292 552 100 152 119 186 | 245|515 578
Bias [31] 657 843 599 966 80.6 60.1 449|703 |79.7 928 715 716|789 | 523 504 312 577 659 397 167 202|417 |60.1 052
VPT-Shallow [13] | 70.6 847 648 964 85.1 756 462|748 |799 937 777 73.6 | 812|403 609 349 633 613 389 198 249|430 | 628 0.8
VPT-Deep [13] 769 872 668 97.5 848 855 465|779 | 81.6 963 825 728|833 |504 612 439 766 795 50.1 247 315|522 |682 096
LoRA [10] 63.0 89.4 68.1 980 87.0 852 487|771 |822 943 83.1 742 (835|686 650 448 764 708 488 304 383 (554|693 121
ARC [5] 67.6 902 69.5 984 879 90.8 49.6 | 79.1 | 845 949 851 74.6 | 84.8 | 752 667 462 764 442 511 322 377 | 537|696 022
SSF[18] 66.6 912 69.0 984 881 889 50.7|79.0|850 941 793 739|831 |739 612 479 762 828 519 255 337|566 |704 097
RLRR | 703 89.8 697 98.6 878 885 513|794 |860 950 849 746|851 |738 60.1 49.6 78.6 83.6 524 320 418|59.0|720 133

Table 7. This table is extended from Table 5 in Section 4 and describes the detailed experimental results of the performance comparison on
VTAB-1k using Swin-Base pre-trained on ImageNet-21k as the backbone.
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Full fine-tuning 722 880 714 983 895 894 451 79.1|866 969 877 736862757 598 546 786 794 536 346 409|597 | 724 869
Linear probing 614 902 748 955 902 469 558|735 |8L5 90.1 821 69.4 |808 |39.1 359 40. 650 203 260 143 276|335 |582 005
MLP-4[13] 549 874 714 995 89.1 397 525706805 909 768 744|807 |609 388 402 665 94 211 145 288312577 4.04
Partial [13] 603 889 72,6 987 893 505 515|731 |8.8 91.7 80.1 723 |81.7|343 355 432 771 158 262 19.1 284 | 350 | 589 12.65

Bias [31] 73.1 86.8 657 97.7 875 564 523|742 |804 916 761 725|801 |473 485 347 663 57.6 362 172 31.6 | 424 | 62.1 025
VPT-Shallow [13] | 78.0 91.3 772 994 904 684 543|799 |80.1 939 830 727 | 825|408 439 341 632 284 445 215 263 | 378|629 005
VPT-Deep [13] 79.6 908 78.0 995 914 465 517|768 | 849 962 850 720 | 845|676 594 50.1 741 744 506 257 257|534 677 022
ARC [5] 625 90.0 719 992 87.8 90.7 S51.1|79.0 | 89.1 958 845 77.0 |86.6 | 754 574 534 831 917 552 316 318|599 | 726 027

RLRR ‘ 66.1 90.6 755 993 921 909 547 ‘ 81.3 ‘ 87.1 959 87.1 765 ‘ 86.7 ‘ 660 578 553 841 91.1 552 286 340 ‘ 59.0 ‘ 73.0 041

to LoRA. The results of above RLRR variants are shown in
Table 11, which validate our statement.

G. Transferability Analysis

We extend the RLRR variant to CNN by concatenating
CNN kernels. As shown in Fig. 3, by concatenating the
convolutional kernels, we transform original convolutional
kernel parameters in CNN to a two-dimensional parameter

matrix W', allowing RLRR to seamlessly migrate to CNNs.
Based on this, we supplement the experiments on CIFAR-
100, as shown in Table 12, which demonstrates the trans-
ferability of our RLRR on other deep learning model. We
will explore applying our approach in future work under the
field of NLP. The outcomes of this variant are presented in
Table 12, underscoring the versatility of our design.



Table 8.

Performance comparison on VTAB-1k using MAE self-supervised pre-trained ViT-Base as backbone.

W Natural Specialized Structed
Methods B - E =
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Full fine tuning | 24.6 842 569 727 744 866 158 | 593 | 81.8 940 723 706|797 | 67.0 598 452 753 725 475 302 330 | 538 | 613 85.80
Linear 87 415 206 192 113 223 86 | 189|765 68.6 166 532|537 |336 325 230 511 130 99 85 179 | 237|282 004
Bias [31] 224 826 497 662 677 690 243 | 546|787 914 600 726 | 757 | 659 510 350 69.1 708 376 215 307 | 477 | 561 0.4
Adapter [9] 351 850 565 666 713 450 24.8 | 549 | 769 87.1 635 733 | 752|438 495 312 617 593 233 136 296|390 | 525 076
VPT-Shallow [13] | 21.9 762 547 580 413 161 151 | 400 | 740 695 589 727 | 68.8 | 403 447 279 605 118 110 124 163 | 281 [ 412 004
VPT-Deep [13] 82 552 580 393 452 194 219|353 | 779 910 454 736|720 | 390 409 306 539 210 121 110 149 | 27.9 [ 399 006
LoRA [10] 318 884 599 817 853 903 237|659 | 842 925 762 754 | 821|859 641 494 828 839 518 346 413|617 [67.5 030
ARC [5] 313 89.3 612 859 831 916 244 | 667 | 860 940 804 748 | 838|858 646 505 828 828 535 363 397 | 62.0 | 683 0.3
RLRR 336 889 622 873 867 80.1 257 | 67.6 | 86.0 934 813 75.1 | 84.0 | 77.0 65.5 53.4 847 785 545 372 431|617 | 68.6 033
Table 9. Performance comparison on VTAB-1k using Moco V3 self-supervised pre-trained ViT-Base as backbone.
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Full fine tuning | 57.6 910 64.6 915 799 89.8 29.1 | 72.0 | 85.1 964 83.1 743 | 847|551 569 447 779 638 490 315 369 | 520 | 662 85.69
Linear 62.9 851 688 870 858 418 409 | 67.5 | 803 93.6 77.9 72.6 | 811 | 423 348 364 592 101 227 126 247 | 303|547 004
Bias [31] 655 892 620 880 805 827 405|729 | 809 952 777 708 | 811 | 714 3594 398 774 702 490 175 428 | 534 | 664 0.14
Adapter [9] 730 882 693 907 874 69.9 409 | 742 | 824 934 805 743 | 827|556 561 39.1 739 605 402 190 371|477 | 648 098
VPT-Shallow [13] | 683 868 697 900 597 569 399 | 673|817 947 789 738 | 823|343 568 406 49.1 404 318 131 344|376 |57.9 005
VPTDeep[13] | 70.1 883 659 884 856 57.8 357|703 | 831 939 812 740 | 83.0 | 485 558 372 646 523 265 194 348 [ 424|612 005
LoRA [10] 588 90.8 660 91.8 88.1 87.6 406|748 | 864 953 834 755|851 |83.0 64.6 513 819 832 475 324 473 | 614|713 030
ARC [5] 60.0 913 679 928 893 914 409 | 762 | 875 956 861 75.6 | 86.2 | 83.0 642 502 80.6 850 53.0 346 474 | 623|724 013
RLRR 618 917 686 916 895 OL5 41.7 | 76.6 | 87.9 960 854 754 | 86.2 | 793 646 515 814 775 504 356 459 | 621 | 731 033
Table 10. The impacts of initialization. out*k
Initialization ‘ Natural (7) Specialized (4) Structed (8)
normal 82.9 85.4 61.4
Zero 82.4 85.1 60.8
constant 81.6 84.2 60.9
uniform 82.5 85.6 61.4 .
inx
RLRR 82.7 85.8 61.8 (out,in, k, k) in*k

Table 11. Ablation study on VTAB-1k to compare with baseline.

Method | Natural (7)  Specialized (4)  Structed (8) | Params
w/o W 81.3 85.5 57.5 0.33
w/ W 82.7 85.8 61.8 0.33
LoRA (r=16) 80.4 85.2 61.0 0.63

Table 12. Performance comparison of RLRR extended to CNNss.

ResNet-18 ResNet-50
Methods CIFAR-100 Params | CIFAR-100 Params
Full fine-tuning 79.7 11.23 80.7 2371
Linear probing 62.1 0.05 66.8 0.21
RLRR(r=1) 75.0 0.08 79.0 0.27
RLRR(r=10) 78.9 0.29 82.4 0.85

Figure 3. [llustration of the RLRR method’s extension to CNN.

H. Combination of multiple RLRRs

RLRR can be likened to a LoRA with rank = 1. Con-
sequently, operations like element-wise combination and
arithmetic applied to LoRAs, as demonstrated in LCM-
LoRA[21], LoRAHub [11], and Composing PEMs[33], are
also applicable to PLRR. The various combinations of RL-
RRs within their respective frameworks can be expressed
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