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Why parameter-efficient fine-tuning matters

ViTs are powerful, but full fine-tuning is expensive to repeat across tasks.

Full fine-tuning PEFT

Updates the whole backbone Freeze most weights

High GPU memory Train small task modules
High training time Store lightweight adapters
One copy per task Scale to many tasks
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Research activity sharply increases from 2020—
2025, motivating a structured synthesis of PEFT
for ViTs.

Main message: PEFT changes the adaptation problem from “train everything” to “train the

right small part.”
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What this survey contributes

A focused review of PEFT techniques for Vision Transformers in image classification.

1. Taxonomy 2. Evaluation synthesis

We organize PEFT for ViTs into additive, We compare benchmark protocols, VTAB-1k
reparameterization, selective, hybrid, and results, and accuracy—efficiency trade-offs across
inference-efficient tuning, representative methods.

3. Future agenda

We identify open directions: robustness, input-
adaptive PEFT, theory, and deployment-aware
benchmarking.

Scope: Vision Transformers ¢ image classification ¢ practical adaptation under resource constraints
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From ViT fine-tuning to PEFT

The model is pretrained once, then adapted with a much smaller task-specific update.

Vision Transformer Full tuning PEFT objective
Optimize all 0 Optimize AO only
Patch tokegs + [CLS] > Large gradients > with |A] < [0]
Self-attention layers Large storage Backbone mostly frozen

MLP blocks

Key optimization idea

minimize task loss by updating a small trainable subset, while preserving pretrained visual representations

small update A@ + frozen backbone 6o — task
model
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A taxonomy of PEFT for Vision Transtformers

Five families describe where and how adaptation occurs.
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Additive Reparameterization Inference-efficient

The taxonomy separates methods by whether they add modules/tokens, transform weights, tune selected parameters, combine
mechanisms, or reduce inference cost.
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Additive-based tuning

Adapt by adding lightweight trainable components to a frozen ViT.

Adapters Prompts Prefixes Side tuning

Learnable visual prompt tokens are

Bottleneck modules are inserted into A small auxiliary network

concatenated with patch Trainable key/value prefix matrices .
transformer layers; only the adapter . Wi p . 4 p . learns task features while the
. . embeddings or inserted across modify multi-head self-attention. .
weights are trained. layers backbone remains frozen.

Strength: flexible representation adaptation. Limitation: extra modules can add inference latency.
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Reparameterization and Selective tuning

Two different routes to smaller updates.

Reparameterization-based tuning Selective tuning
Example: LoRA factorizes updates as low-rank Example: linear probe, BitFit, LayerNorm tuning,
matrices. salient channels.
W' =W +AW, AW =BA Goal: update only the most relevant parameters.
Goal: preserve expressiveness while training a Trade-off: extreme efficiency, but reduced expressive
compact parameterization. capacity.

Takeaway: reparameterization often offers stronger accuracy—efficiency balance; selective tuning is valuable when parameter
budgets are extremely tight.
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Hybrid and inference-efficient tuning

Recent work moves from parameter efficiency toward deployment efficiency.

Hybrid methods Inference-efficient methods

Combine complementary mechanisms such as adapters, LoRA, and prompts. Reduce latency and memory during deployment through structural
Examples include NOAH, U-Tuning, and unified PEFT analyses. These reparameterization, token reduction, or token merging. These methods target
approaches can improve robustness across different task types. the gap between low trainable parameters and real inference speed.

Key distinction: fewer trainable parameters do not automatically mean faster inference.
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Evaluation datasets and protocol issues

PEFT comparisons depend heavily on benchmark choice and reporting practice.

FGVC VTAB-1k Robustness / scale

CUB-200-2011, NABirds, Oxford Flowers,

Natural, specialized, and structured tasks with ImageNet variants and domain-shift benchmarks
Stanford Dogs, Stanford Cars. Useful for fine- .
. . 1,000 labeled examples each. Strong for are less frequently reported, limiting
grained adaptation, but often small and . . .
standardized low-data evaluation. understanding of robustness.

homogeneous.

Protocol concern: many studies use different backbones, training schedules, hyperparameters, and single-run reporting.
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Accuracy-—efficiency trade-offs on VTAB-1k

Representative VTAB-1k comparison

| = | Natural Specialized | Structured . | ‘?:P
5 - o~ 2 € - = L7} ‘6
S S g 4| 2 8 z s < @ |z
g8 3 2 w2 % % &|9 A & 9@ ¥ ¥ 32 &=
= b~ g g & S 3 2 ] L & = ; 2 2
5 o z - (52} ] g > - a a o o
-~ = e =} ° § s ] @ ‘3 - & E e S Z Z.
O O A m & B » |0 @m & & |0 © A 9 =2 a4

Traditional Fine-Tuning

Full 858 | 689 877 643 972 869 874 388 | 79.7 957 842 739 | 563 586 41.7 655 575 467 257 29.1 | 689
Linear Probe[50] | 004 | 644 850 632 970 863 366 51.0 | 785 875 685 740 | 343 306 332 554 125 200 96 192 | 576
PETL Methods

BitFit [116] 0.10 | 728 870 592 975 853 599 514 | 787 916 729 698 | 615 556 324 559 666 400 157 251 | 65.2
GPS [123 025 | 81.1 942 758 994 917 916 524 | 879 962 865 765 | 799 626 550 824 840 554 297 461 | 775
SCT [124 011 | 753 916 722 992 911 912 550 | 8.0 961 863 76.2 | 811 651 517 802 754 462 332 457 | 76.0
Adapter [35] 0.16 | 69.2 90.1 680 988 899 828 543 | 840 949 819 755 | 809 653 486 783 748 485 299 416 | 739
AdaptFormer [9] 016 | 708 912 705 991 909 866 548 | 83.0 958 844 763 | 819 643 493 803 763 457 317 411 | 747
Conv, [41] 033 | 723 912 722 992 909 913 549 | 842 961 853 756 | 823 679 513 800 859 531 364 444 | 76.6
Bi-mormer ‘43] 059 | 741 924 721 993 916 890 563 | 882 952 860 762 | 839 639 530 814 862 548 352 413 | 770
VPT-Shallow 539 024 | 777 869 626 975 873 745 512 | 782 920 756 729 | 505 586 405 67.1 687 361 202 341 | 678
VPT-Deep [39 053 | 788 908 658 980 883 781 496 | 818 961 834 684 | 685 600 465 728 736 479 329 378 | 720
E*VPT [27] 025 | 786 894 678 982 885 853 523 | 825 968 848 736 | 717 612 479 758 808 481 317 419 | 739
LoRA [36 029 | 67.1 914 694 988 904 853 540 | 849 953 844 736 | 829 692 498 785 757 471 310 440 | 745
Bi-LoRA [43 118 | 721 917 712 991 914 902 558 | 870 954 855 755 | 831 641 522 812 864 535 367 444 | 76.7
KARST [129 033 | 76.8 932 751 993 922 919 576 | 883 962 884 757 | 838 690 529 820 860 529 338 470 | 78.1
FacT-TT [42 004 | 71.3 896 707 989 910 878 546 | 852 955 834 757 | 820 690 498 800 792 484 342 414 | 753
FacT-TK [42 001 | 706 906 708 991 90.7 886 54.1 | 848 962 845 757 | 826 682 498 807 808 474 332 430 | 756
OFT [77] 0.15 | 688 919 738 997 922 918 492 | 9.2 100 891 805 | 832 711 539 813 820 543 344 438 | 78.0
GOFT [[ 61] 002 | 750 939 723 997 926 852 609 | 891 100 879 824 | 840 742 551 820 809 527 323 438 | 786
Hydra[48] 028 | 727 913 720 992 914 90.7 555 | 858 960 861 759 | 832 682 509 823 803 508 345 431 | 765
SSF[55] 024 | 690 926 751 994 918 902 529 | 874 959 874 755 | 759 623 533 806 773 549 295 379 | 757
NOAH [122] 036 | 696 927 702 991 904 86.1 537 | 844 954 839 758 | 828 689 499 817 818 483 328 442 | 755
RepAdapter [60] 022 | 690 926 751 994 918 902 529 | 874 959 874 755|759 623 533 806 773 549 295 379 | 76.1
LoSA [66] 0.19 | 825 928 761 997 905 820 558 | 8.6 971 870 767 | 815 623 486 821 942 61.7 479 456 | 784
DTL [22] 005 | 741 948 718 994 917 904 572 | 879 967 875 748 | 819 647 515 819 939 540 356 503 | 76.7
LAST [89] 066 | 66.7 934 761 996 898 861 543 | 862 963 868 754 | 819 659 494 826 879 467 323 515 | 765
DyT[125] 016 | 744 955 736 992 917 875 574 | 883 961 867 767 | 835 635 529 831 857 549 343 459 | 776
FPET-RepAdapter[46] 023 | 721 915 718 993 90.7 903 550 | 8.2 962 845 756 | 822 677 497 799 822 487 369 417 | 76.1
FPET-LoRA[46] 030 | 70.1 927 694 991 908 854 556 | 872 946 825 741 | 830 634 506 816 847 515 343 433 | 756
FPET-AdaptFormer[46] 017 | 713 935 699 993 90.7 87.0 547 | 875 951 845 762 | 836 631 522 813 871 541 335 402 | 76.2
FPET-Bi-LoRA[46] 118 | 719 911 709 991 905 894 559 | 874 947 844 749 | 835 651 521 797 858 542 367 444 | 764
FPET-Bi-AdaptFormer[46]| 0.64 | 741 928 725 994 911 896 56.2 | 883 949 863 753 | 838 630 528 814 857 544 359 422 | 770
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Accuracy-—efficiency trade-offs on VTAB-1k

No single PEFT family dominates every task and constraint.
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What the trade-off shows

* Full fine-tuning is parameter-heavy

* PEFT reaches comparable accuracy

» Low parameters # zero latency

* Memory efficiency improves strongly

Main conclusion: method choice should be application-specific—accuracy, trainable parameters, memory, and inference cost must be considered
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Strengths and weaknesses of PEFT

PEFT is a trade-off space, not a single universal solution.

Strengths Weaknesses
Competitive accuracy with fewer trainable parameters Sensitive to rank, prompt length, and insertion points
Lower memory use and training cost Not uniformly strong across datasets
Scalable storage for multi-task settings Some methods add inference latency
Regularization benefits in low-data regimes Limited theoretical understanding

The design goal is not “smallest update,” but the best balance for the target deployment scenario.
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Future directions and closing message

The future of PEFT should be robust, adaptive, principled, and deployable.

‘ Structure-aware adaptation

‘ Dynamic PEFT

G Deployment benchmarks

Closing: PEFT makes large Vision Transformers practically adaptable, but the next frontier is deployment-aware PEFT.
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Use token graphs, locality, and semantic relations.

Activate modules or ranks based on input difficulty and token importance.

Evaluate under distribution shift, scarcity, and perturbations.

Explain expressivity, optimization, and generalization.

Report accuracy, memory, latency, and compute together.
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Questions?



