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[Abstract]

In this paper, we propose a class-balanced evaluation protocol across data scales based on the
VTAB-1k benchmark to analyze Parameter-Efficient Fine-Tuning (PEFT) under the extreme data scarcity
and class imbalance of real-world domains such as medical and satellite imagery. The pipeline
independently controls data scale (10%-100%) and class balance, benchmarking Adapter, LoRA, and
Visual Prompt Tuning (VPT) on 19 tasks over a frozen ViT backbone, together with full fine-tuning
and linear-probing baselines and a recent variant, DoRA. A clear performance crossover is observed:
VPT, strong in specialized and structured domains, dominates below the 50% scale, whereas LoRA,
strong in natural domains, prevails as data increases. Class balancing trades a small amount of overall
Top-1 accuracy for higher balanced accuracy in low-data regimes, and its effect vanishes at larger
scales as the balanced subset converges to the original distribution. These controlled results demonstrate
that no single PEFT method is universally optimal, and the resulting guidelines support the practical
deployment of PEFT in data-limited applications such as medical imaging, remote sensing, and industrial

inspection.
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Fig. 1. Class imbalance in the VTAB-1k benchmark.
(Top) Class—imbalance ratio across all 19 tasks, by
domain, (Bottom) Retinopathy per—class distribution
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III. Methodology

1. Low-data Evaluation Protocol
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Table 2. Average Top-1 accuracy (%) for the entire dataset.

Type Method | 10% | 20% | 30% | 40% | 50% | 60% | 70% | 80% | 90% | 100%
Adapter | 3522 | 4731 | 54.18 | 5879 | 6271 | 6451 | 6648 | 67.78 | 6870 | 70.10

LoRA 3601 | 4987 | 5663 | 6155 | 6457 | 66.62 | 6831 | 69.62 | 70.65 | 71.80

Imbalance VPT 4138 | 5180 | 57.30 | 6175 | 6361 | 66.60 | 6785 | 6923 | 7018 | 70.35
Average | 37.54 | 49.66 | 56.04 | 6070 | 63.63 | 6591 | 6755 | 68.88 | 69.84 | 70.75

Adapter | 4044 | 49.48 | 5575 | 60.14 | 6323 | 6575 | 67.56 | 6859 | 6930 | 70.15

LoRA 4085 | 5157 | 58.64 | 6309 | 6592 | 67.68 | 69.23 | 7014 | 7095 | 71.60

Balance VPT 4163 | 5395 | 5971 | 6341 | 6529 | 6526 | 6853 | 69.68 | 6958 | 70.53
pverage | 4097 | 51.67 | 58.03 | 6221 | 6481 | 6623 | 6844 | 69.47 | 6994 | 7076

(+3.43) | (+2.01) | (+1.99) | (+1.51) | (+1.18) | (+0.32) | (+0.89) | (+0.59) | (+0.10) | (+0.01)
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Table 3. PEFT performance by domain, data size,

and balance condition (Top-1 accuracy, %).

S e Method | 10% | 20% | 30% | 40% | 50% | 60% | 70% | 80% | 90% | 100%
Adapter | 31.30 | 47.58 | 56.05 | 62.50 | 67.70 | 71.52 | 73.76 | 7550 | 7655 | 78.16

Imbalance | LoRA | 31.64 | 50.14 | 5844 | 64.61 | 69.17 | 72.22 | 7429 | 7624 | 7758 | 7887

VPT | 2852 | 4360 | 5469 | 59.90 | 6502 | 67.99 | 69.77 | 71.85 | 7301 | 74.00

Natural Adapter | 45.04 | 5500 | 6062 | 65.64 | 69.78 | 7352 | 75.33 | 76.64 | 77.60 | 7822
Balance LoRA | 4543 | 57.26 | 6456 | 6856 | 72.27 | 7503 | 7646 | 7759 | 78.07 | 7858

VPT | 3065 | 5058 | 59.94 | 6415 | 67.05 | 69.59 | 71.74 | 72.60 | 7354 | 7378

Adapter | 62.05 | 71.34 | 7461 | 7832 | 7953 | 80.68 | 81.44 | 81.95 | 82.43 | 83.18

Imbalance | LoRA | 6289 | 7201 | 7601 | 79.13 | 8022 | 8175 | 82.21 | 82.77 | 83.18 | 83.70

peciatued VPT | 69.73 | 7592 | 7858 | 80.70 | 8153 | 82.45 | 8305 | 8321 | 84.02 | 83.96
Adapter | 6235 | 68.21 | 71.85 | 78.15 | 8041 | 8153 | 81.76 | 8254 | 82.55 | 83.49

Balance LoRA | 6151 | 6834 | 74.40 | 79.80 | 8136 | 81.84 | 82.36 | 8307 | 8369 | 8356

VPT | 7208 | 75.46 | 79.08 | 80.89 | 8152 | 8216 | 8343 | 8382 | 84.21 | 8421

Adapter | 2522 | 3506 | 42.32 | 45.78 | 49.93 | 5028 | 52.63 | 53.95 | 5496 | 56,51

Imbalance | LoRA | 2640 | 3856 | 4536 | 50.09 | 5273 | 54.17 | 5612 | 5726 | 5831 | 59.66

Sructured VPT | 3845 | 4692 | 4894 | 5390 | 53.43 | 57.46 | 5857 | 59.95 | 60.79 | 60.35
Adapter | 2547 | 3529 | 4343 | 4633 | 4892 | 51.07 | 53.66 | 5456 | 5541 | 56.42

Balance LoRA | 2652 | 3821 | 4558 | 49.96 | 52.64 | 5418 | 5635 | 57.15 | 5835 | 59.50

VPT | 3601 | 46.14 | 49.84 | 5402 | 5563 | 5304 | 58.27 | 60.07 | 58.80 | 60.85
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Table 4. Reference baselines under the imbalanced setting (meanzxstd over three seeds):

full fine-tuning

as an upper-capacity reference and linear probing as a lower-capacity reference.

Domain Method Metric 10% 50% 100%
Top-1 46.718.4 85.9+1.3 90.4+0.7
Full FT
BAcc 415159 84.11£2.0 89.3+1.0
SVHN
Top-1 225+1.0 28.51+0.6 33.4£0.1
Linear Prob
BAcc 14.7£1.0 19.9+0.7 26.3+0.2
Top-1 70.8%+2.1 72.4+1.3 73.7£0.7
Full FT
BAcc 245117 27.8£15 28.0£1.1
Retinopathy
] Top-1 73.6£0.0 73.6£0.0 73.6£0.0
Linear Prob
BAcc 20.0£0.0 20.3£0.2 21.1£0.0
Top-1 28.0£15 39.0£0.9 45.1£0.4
Full FT
BAcc 279114 38.9+0.9 45.0£0.3
Clevr-Count
Top-1 19.7+41 29.3+0.4 31.6£0.0
Linear Prob
BAcc 19.71£4.0 29.1£0.6 31.4+£0.0
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Table 5. Top-1 accuracy, balanced accuracy

(BAcc),

and macro-F1

(meanxstd, 3 seeds)

on three

representative datasets, including DoRA as a recent variant. Bold: BAcc on Retinopathy at 10%, where
imbalanced training collapses toward the majority class
Imbalance Balance
Dataset Method Metric
10% 50% 100% 10% 50% 100%
Top-1 222423 61.7+2.1 78.8+1.3 18.41£2.0 62.41+0.8 78.9+0.2
Adapter BAcc 171419 56.1£1.1 75.4+1.6 19.0£1.1 61.4£1.0 75.5+0.4
macro-F1 149423 552416 | 75.6%+1.7 17.1£1.8 59.8+1.0 75.6+0.4
Top-1 26,643 70.5£0.9 82.0+0.8 218+1.4 72.6+1.7 81.9+0.5
LoRA BAcc 201427 66.14£08 | 79.5%1.1 21.9+1.4 71513 79.3+0.7
SVHN macro-F1 17.2+3.4 65.9+1.1 79.8+1.0 19.9+1.4 70.5+1.3 79.7+0.7
(Natural) Top-1 33.4+£115 745x4.6 84.8+1.5 28.71£6.7 77.0x5.0 85.2+2.4
VPT BAcc 27.4+8.0 70.8+6.2 | 827+1.6 28.0£6.6 76.0£5.0 83.3+2.9
macro-F1 265%7.9 711457 | 83.1+1.6 26.3%5.8 75.3%5.1 83.6+2.7
Top-1 26.5+3.8 71.3£0.6 82.0+0.5 21.7+1.8 72211 81.8+0.3
DoRA BAcc 201125 66.6£05 | 79.3+0.7 218+1.4 71.0£0.8 79.4+0.2
macro-F1 17.0+3.2 66505 | 79.8+0.7 19.8+1.7 70.2+0.7 79.8+0.2
Top-1 66.4%3.1 70.0£2.0 70.9£1.2 32.8+4.9 61.1£4.9 70.8+0.8
Adapter BAcc 24.7+1.1 31.442.1 37.1+0.8 36.8+2.6 38.9+0.3 36.840.4
macro-F1 23.4%23 | 32523 | 39.6#05 | 230%1.0 | 38.1%0.7 39.240.6
Top-1 68.31£1.6 68.6%+2.3 69.1£0.6 30.4£3.0 57.2+1.8 69.1£0.9
LoRA BAcc 23.4+0.7 34.4+09 | 37.140.1 38.0+1.7 39.7+0.2 37.2+14
Retinopathy macro-F1 | 22616 | 358%16 | 389402 | 219+05 | 380%03 | 39.1£0.6
(Specialized) Top-1 64375 63.8+0.5 64.4£0.5 30.8+1.0 457+7.4 65.2+1.6
VPT BAcc 27.6%3.3 313430 | 32.840.4 39.0£0.9 37.3%2.0 32.241.1
macro-F1 26.9+3.0 32.843.0 | 34.6%0.7 24.6%1.1 34.110.6 343+1.0
Top-1 68.0+2.3 68.2+1.8 68.4+1.7 31.0+2.6 540x1.4 68.9£0.5
DoRA BAcc 23.240.5 349+15 | 36.8+0.6 37.9£1.2 39.9+0.4 36.5+0.7
macro-F1 22.4%13 36.0423 | 38.8+0.3 22.4+0.9 37.7£0.5 384108
Top-1 37.7£0.7 74.2+1.2 82.1+£0.3 36.4+5.4 76.84£0.3 81.610.4
Adapter BAcc 37.6+0.7 74112 | 82.0+03 36.3£5.4 76.8+0.3 81.6+0.4
macro-F1 34.0£1.1 73.8+1.1 82.0+0.3 35.2+4.6 76.6+0.2 81.5+0.4
Top-1 36.7£0.9 77.84£0.3 82.7+0.3 37.5£1.0 77.6x1.1 82.8+0.4
LoRA BAcc 36.6£1.0 777403 | 82.7+0.3 37.5£1.0 775%1.1 82.7+0.4
Cleve-Count macro-F1 | 333%12 | 77.8+04 | 828+03 | 364407 | 77.6+1.1 | 828+0.4
(Structured) Top-1 46115 70.5+1.3 77.8+0.4 449120 71.9£1.9 78.4+1.0
VPT BAcc 46.0£15 70.4+13 | 77.8+04 44.9+2.0 718419 78.3+1.0
macro-F1 45.6+1.7 70312 | 777404 442422 71.6%2.0 78.3%1.0
Top-1 36.9+1.4 77.8+0.8 82.5+0.3 375+1.4 77.2+1.3 82.310.2
DoRA BAcc 36.8%1.5 778407 | 82.4+03 37.4%13 77.1£13 82.340.2
macro-F1 33.2£15 77.8408 | 82.5+0.3 36.4%1.2 77.2%1.4 82.440.2
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Table 6. Comparison of training times (mm:ss) by PEFT methods. Bold indicates the fastest method

within each column.

Domain Method 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Adapter 14:32 15:44 16:46 18:03 19:22 19:53 21:04 22:14 23:12 23:29

Natural LoRA 15:10 15:44 16:32 17:25 18:38 19:18 20:48 21:58 22:43 24:12
VPT 16:22 17:53 18:34 20:06 21:30 22:24 22:58 24:54 25:05 26:57

Adapter 18:49 19:34 21:18 22:49 23:24 24:50 25:10 26:19 27:37 28:02

Specialized LoRA 19:45 19:52 21:05 21:39 23:04 24:20 24:49 25:34 27:00 27:55
VPT 21:46 23:35 24:14 24:47 26:55 28:07 29:10 30:03 30:44 32:08

Adapter 20:30 22:09 23:28 24:41 25:18 27:15 28:18 28:28 29:35 31:35

Structured LoRA 21:06 21:59 23:19 24:03 25:16 26:01 27:05 28:26 29:32 31:15
VPT 24:34 25:52 27:20 28:53 30:16 31:06 32:38 33:30 34:12 35:25

e A2 d5S At ols VPTY A4 HlojH
9Pt HRRoRE gty A Ajse) s o] 3
AE 7AZo] YAELS AAJSHTY

“oao=a2

o= ¢l tolE] LzoflA 7]set vt Ho
A oY FE0] ¥ 20 ¥ HReR, et
a7t golg7t 85845 AX|AL HojE7t £4F A
2RRlths 229 siiAe AR S04 SRR,
Table b= =7} X1 A
cojdck Zea 2adol A
AR 2w AR Al 7Y 25 Top-l BHE
64~68%=2 =o} HOJX|F Dbalanced accuracy=
23~28%2 A »F(20%)0] s, 20| T4
2(No DR)Z Gt HJEiS Hol&eh Witz oy of
Top-1 ZJ&=7h 30% UQl2 Yolxl= ol
balanced accuracy’t 37~39%2 453t & dlojg7t
qe 7ol SR Top-1 FeEr} slefshs e
UR| A% Habt ohel, i 2ejae Le) REARY
Top-1 A&wrt A% balanced accuracy2 w A%
Ast}. o= Zeja L Wit Almo] o)Esty, ©
22 ulgo] Je)rnlet th2 o)z Mgt e 8o
L Top-1 ate 71%0) 2ES Irf2 M EaAIE o ©
2 AARIH: $FH macro-F1g @74 B¥ wtgete] ant
7h Bt g=st| 178t 22 Retinopathy 10% A7
oA % 4742 balanced accuracys I F012<]
AISHLoRA 23.4% — 38.0%) macro-F12 7JA=|X] ¢
CH22.6% — 21.9%). balanced accuracy’} Ajsl-2gF
Yrgsts ¥ macro-F12 FUES g7 vrgst2
o] el HIPE A% TR0 PE S kol

o8t Lt Edjoleomolelg HojRL) &

o
I
e
@D
o
=)
o
!
[e5)
Qo
=
<
1o
—_
o
X

A0
=

fr v o e

=
[

wPee ap A P52 AOiRle® ol 7o of
Uz}, 0)74&(false negative)} @ E(false positive) Ato]
o] #3S F. T #Peh= u]dE H]go] oF
| 8Hct F og Adeldy) 722 38oA F5510, A
Aot e Qs = S8oAs 1 o]50] AgtA oot
Bt 2++3go] &vtst SVHNOA= #3317} macro-F1
THR] 7RMstod(Adapter 10% 71& 14.9% — 17.1%), 9]
2t Ade-Jue wgho] E43go] SA4IsH tojEAlo]

Atk of&2f o] A= Table

gio]gAl H4#9] o] 52 Ewgo] ¢Tst thao] HlolE
AloflA v]F£%]= ¥HH, Retinopathy®} #Zo] 2w30] =
At diojgAllof A= R & 7F wEho] AlufX oz Lieht
7] Wj&olct. ¥HA ZA Bart B H#50 7Pk

Clevr-Countol = 5 Alm7} APUAF Lx]stol(ZArt
0.1%p Ujel), A% 7t 72] A7 BRe) A Alme
7)58hS BQIa 4 9k ojye] AE ¥R BAe &
9l BA(Table 3)ol4] st 714 7+ 9]e}

o] ol I Tlo]E £FAM AAES Lol

=3

O o
2 Aol 54 Aley T Aol oEHA] a2 A

£
ol
Lo rlo
|t
ne =2 =2

opR|2tog, Aot e EFo] 7 7Ho| S5=K] &
S5 Q57| Yol LoRAQ] |4l ¥iEQl DoRAE Table
59} o] 724 24 glo] £ 2 ETo] A 8IAC
DoRAE= 71&R]  7841&  F7|(magnitude)e} ®
(direction)© 2 E3lj5to] LoRAS] B3-S JjAlsH
olck. 414 27} DoRAL £5o] B ugh a4 Hakg
SYsH APtk HlojE o] T
(SVHN 243 Top-1 A== 26.5%—82.0%), 100% X]|
ool dget at 2%(Top-1 A= =+ 24
82.0% vs 0@ 44 81.8%), 121 AR UoE B4

o+
ol
oL

kb X
41 & o

ox,
olr
ol
)
oz



28 Journal of The Korea Society of Computer and Information
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