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Vision Transformer (ViT)
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Published as a conference paper at ICLR 2021
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I INTRODUCTION

Self-attention-hased architectures, in particular Transformers (Vaswani et al., 2017), have become
the mode o choice i nars anguage procsaing (NLP). The dominant appreach s o pre-ain o
a large text corpus and then fine- smaller task-specific dataset (Devlin et al., 2019). Thanks
1o Tansiormens” computational fficiency and scalubility, i s became possibi i train ol of
unprecedented size, with over 100B parameters (Brown et al., 2020; Lepikhin et al., 2020). With the
models and datasets growing, there is still no sign of saturating performance
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. T J 20,
I Tnspired by the Transformer sealing successes in NLE, we experiment with applying a standard

Transformer dircctly to images, with the fewest possible modifications. To do so. we split an image
intor patches and provide the sequence of lincar embeddings of these patches as an input 10 o Trans-

former. Image patches are treated the same way as tokens (words) in an NLP application. We train
m the model on image classification in supervised fashion.
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Pretrain-then-Finetune Paradigm
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Parameter-Efficient Fine-Tuning (PEFT)
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Parameter-Efficient Fine-Tuning (PEFT)
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Parameter-Efficient Fine-Tuning (PEFT)
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Parameter-Efficient Fine-Tuning (PEFT)
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Parameter-Efficient Fine-Tuning (PEFT)
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Parameter-Efficient Fine-Tuning (PEFT)
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Jl Visual Prompt Tuning (VPT)

How VPT Works
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Jl Visual Prompt Tuning (VPT)

How VPT Works
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Jl Visual Prompt Tuning (VPT)

How VPT Works
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Jl Visual Prompt Tuning (VPT)

Experiments

< VPT Experiment #1: Parameter Efficiency & Performance
- H|w CH%&: (a) Full fine-tuning / (b) Partial tuning / (¢) Extra module
« X% H|Z: Full fine-tuning 24.02x < VPT-Shallow 1.04x, VPT-Deep 1.18x
«  ‘d5: VPT-Deep= 247l task = 207H0f| M Full Fine-Tuning 2Lt £2 A5

ViT-B/16 Total Scope Extra FGVC VTAB-1k
(85.8M) params  Input Backbone params Natural Specialized Structured
Total # of tasks 5 7 4 8
(a) FuLL 24.02x v 88.54 75.88 83.36 47.64
LINEAR 1.02x 79.32 (0) 68.93 (1) 77.16 (1)  26.84 (0)
(b) PARTIAL-1 3.00x 82.63 (0) 69.44 (2) 78.53 (0)  34.17 (0)
MLP-3 1.35x% v 79.80 (0) 67.80 (2)  72.83 (0)  30.62 (0)
SIDETUNE 3.69x v v 78.35 (0) 58.21 (0) 68.12 (0) 23.41 (0)
(c)  Bias 1.05x v 88.41 (3) 73.30 (3) 78.25 (0)  44.09 (2)
ADAPTER 1.23x v v 85.66 (2) 70.39 (4) 77.11 (0)  33.43 (0)
(oursy VPT-SHALLOW | LO04x | , 84.62 (1) 76.81 (4) 79.66 (0)  46.98 (4)
°UrS) VPT-pEEP 1.18x 89.11 (4) 78.48 (6) 82.43 (2) 54.98 (8)
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Jl Visual Prompt Tuning (VPT)

Experiments
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- H|w CH%&: (a) Full fine-tuning / (b) Partial tuning / (¢) Extra module
« X% H|&: Full fine-tuning 24.02x < VPT-Shallow 1.04x, VPT-Deep 1.18x
«  ‘d5: VPT-Deep= 247l task = 207H0f| M Full Fine-Tuning 2Lt £2 A5

ViT-B/16 Total Scope Extra FGVC VTAB-1k
(85.8M) params  Input Backbone params Natural Specialized Structured
Total # of tasks 5 7 4 8
(a) FuLL 24.02x v 88.54 75.88 83.36 47.64
LINEAR 1.02x 79.32 (0) 68.93 (1) 77.16 (1)  26.84 (0)
(b) PARTIAL-1 3.00x 82.63 (0) 69.44 (2)  78.53 (0)  34.17 (0)
MLP-3 1.35x% v 79.80 (0) 67.80 (2)  72.83 (0)  30.62 (0)
SIDETUNE 3.69x v v 78.35 (0) 58.21 (0) 68.12 (0) 23.41 (0)
(c)  Bias 1.05x v 88.41 (3) 73.30 (3) 78.25 (0)  44.09 (2)
ADAPTER 1.23x v v 85.66 (2) 70.39 (4) 77.11 (0)  33.43 (0)
(oursy VPT-SHALLOW [ 104x | , 84.62 (1) 76.81 (4) 79.66 (0)  46.98 (4)
°UrS) VPT-pEEP 1.18x 89.11 (4) 78.48 (6) 82.43 (2) 54.98 (8)




Jl Visual Prompt Tuning (VPT)

Experiments
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Jl Visual Prompt Tuning (VPT)

Experiments
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Jl Visual Prompt Tuning (VPT)

Experiments

% VPT Experiment #2: Ablation on Model Design Variants @ Prompt Location

+  Embedding-space2| Prepend &4{0| 7% PFEX 0l 52 ER 2, Add H pixel/channel-level &4 2 &TH 2 2 450[ X5}
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Jl Visual Prompt Tuning (VPT)

Experiments

% VPT Experiment #2: Ablation on Model Design Variants @ Prompt Location
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Jl Visual Prompt Tuning (VPT)

Experiments

% VPT Experiment #2: Ablation on Model Design Variants @ Prompt Length
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Jl Visual Prompt Tuning (VPT)

Experiments

% VPT Experiment #3: Ablation on Model Design Variants 3 Prompt Depth
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Jl Visual Prompt Tuning (VPT)
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Jl Visual Prompt Tuning (VPT)

VPTO| A AA| apx|:
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B E2VPT
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B E2VPT

How E2VPT Works

% (@ Effective Prompting: Key-Value Prompts

«  7|& Input Visual Prompt0i| Ci3l, self-attention2| Key-Value0i| task-specific promptE =17 4¢]
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B E2VPT

How E2VPT Works

% (@ Effective Prompting: Key-Value Prompts
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B E2VPT

How E2VPT Works

% (@ Effective Prompting: Key-Value Prompts
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B E2VPT

How E2VPT Works

% (@ Effective Prompting: Key-Value Prompts
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How E2VPT Works
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How E2VPT Works

< (2 Efficient Prompting: Prompt Pruning

*  Lottery Ticket Hypothesis (ICLR 2019): & 413 Qt0f| TH| HEXA 22 452 & + A= &2 & U ER A7} EMetCt= 72

4

Published as a conference paper at ICLR 2019

THE LOTTERY TICKET HYPOTHESIS:
FINDING SPARSE, TRAINABLE NEURAL NETWORKS

Jonathan Frankle Michael Carbin

MIT CSAIL MIT CSAIL

Jjfrankleficsail.mit.edu mcarbinf@csail.mit.edu
ABSTRACT

Neural network pruning techniques can reduce the parameter counts of trained net-
works by over 90%, decreasing storage requirements and improving computational |

performance of inference without compromising accuracy. However, contemporary |
experience is that the sparse architectures produced by pruning are difficult to train IO ML

from the start, which would similarly improve training performance. EL oo
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Experiments

< E2VPT Experiment #1: Parameter Efficiency & Performance

- H|x L4 Full fine-tuning / Partial tuning / Extra module
- &h& I2H0|E: VPT 0.73% > E2VPT 1.18x

«  45:EAVPT= 2471 task = VPT Ci{H| 217}, Full Fine-Tuning CHH| 197l taskO A =2 85 > § M2 o5 O2f0HE § &2

ViT-Base/16 [ 1] Tuned/ Scope Extra | Cove G 15) VTAB-1k [U0] [19]
(85.8M) Total | Input Backbone | params ' Natural |7]  Specialized 4] Structured 8]
Full [22] 100,005 v 38.54% 75.88% 83.36% 47.64%
Linear [32] 0.08% 79.32% [0] 68.93% [1] T7.16% [1] 26.84% [0]
Partial-1 [91] 8.34% 82.63% [0] 69.44% [2] T8.53% [0] 34.17% [0]
MLP-3 [Y] 1.44% v 79.80% [0] 67.80% [2] T2.83% [0] 30.62% [0]
Sidetune (U] 10.08% v v T8.35% [0] 58.21% [0] 68.12% [0] 23.41% [0]
Bias [70] (0.80% v 48.41% |3] T73.30% |3] T8.25% |0] 44.09% |2]
Adapter [4]] 1.02% v v 45.66% [2] T0.39% [4] T7.11% [0] 33.43% (0]
VPT [34] (0.73% v v 29.11% [4] T8.48% |6] 82.43% 2] 54.98% |8]
Ours 0.39% | v v v 89.22% [4] {4} | 80.01% [6] {5} 84.43% [3]{4} 57.39% [8] {7}
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Experiments

<+ E2VPT Experiment #2: Ablation on Key Design Components
- HE ST M 7 248 7|0 R 24
« T4 82 Visual Prompt / Key-Value Prompt / Pruning & Rewinding
«  E7} EfA3: VTAB-1k Natural SVHN, FGVC NABirds

&N

Data Mining

Quality Analytics

Fine-tuning Technigues VTAB-1k Natural SVHN [2] FGVC NABirds [1]
Visual Prompts | Key-Value Prompts | Pruning & Rewinding || Pruning | Tuned / Total | Accuracy || Pruning | Tuned/ Total | Accuracy
v 0.0% 0.54% T8.14% 0.0% 1.02% 8. 25
v v 0.0% 0.55% 83.8% 0.0% 1.05% 84.5%
v 56.3% 0.42% 79.0% 34.4% 0.63% 84.2%
v v 62.5% 0.43% 85.3% 40.0% 0.65% 84.60%
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Experiments

<+ E2VPT Experiment #2: Ablation on Key Design Components
- HE SE: P M 78 248 7|0 E 24
- T 24 Visual Prompt / Key-Value Prompt / Pruning & Rewinding
- E7} EfA3: VTAB-1k Natural SVHN, FGVC NABirds
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Fine-tuning Technigues VTAB-1k Natural SVHN [2] FGVC NABirds [1]
Visual Prompts | Key-Value Prompts | Pruning & Rewinding || Pruning | Tuned / Total | Accuracy || Pruning | Tuned/ Total | Accuracy
v 0.0% 0.54% T8.1% 0.0% 1.02% 84.25%
v v 0.0% 0.55% 83.8% 0.0% 1.05% 84.5%
v v 56.3% 0.42% 79.0% 34.4% 0.63% 84.2%
v v v 62.5% 0.43% 85.3% 40.0% 0.65% 84.6%
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Experiments

<+ E2VPT Experiment #2: Ablation on Key Design Components
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Fine-tuning Technigues VTAB-1k Natural SVHN [2] FGVC NABirds [1]
Visual Prompts | Key-Value Prompts | Pruning & Rewinding || Pruning | Tuned / Total | Accuracy || Pruning | Tuned/ Total | Accuracy
v 0.0% 0.54% T8.1% 0.0% 1.02% 84.25%
v v 0.0% 0.55% B3.8% 0.0% 1.05% 84.5%
v v 56.3% 0.42% 79.0% 34.4% 0.63% 84.2%
v v v 62.5% 0.43% 85.3% 40.0% 0.65% 84.6%
Pruning & Rewinding Mg A|, %2 ZEZEE Atk ds /X
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Experiments

<+ E2VPT Experiment #2: Ablation on Key Design Components
- HE SE: P M 78 248 7|0 E 24
- T 24 Visual Prompt / Key-Value Prompt / Pruning & Rewinding
- E7} EfA3: VTAB-1k Natural SVHN, FGVC NABirds
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Fine-tuning Technigues VTAB-1k Natural SVHN [2] FGVC NABirds [1]
Visual Prompts | Key-Value Prompts | Pruning & Rewinding || Pruning | Tuned / Total | Accuracy || Pruning | Tuned/ Total | Accuracy
v 0.0% 0.54% T8.14% 0.0% 1.02% 8. 25
v v 0.0% 0.55% 83.8% 0.0% 1.05% 84.5%
v v 56.3% 0.42% 79.0% 34.4% 0.63% 84.2%
v v v 62.5% 0.43% 85.3% 40.0% 0.65% 84.6%
M aas 25 HE A £ 85 28
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B Gated Prompt Tuning

Self-supervised Learning

< Self-supervised LearningO|Zt?

- ol 'JE 2i|0]= 10| H|O|H AtN[OfM &tE M2 E H-d5H0] representation= SHE 6= HHA
- CHEHMOI B
- MAE: O|0[X| Y& patchE 7t F| 71247 22 SSIESE o5 > O[0[X|Q] & - HEjQt 22 AL HHE o5
- MoCov3: S 0|0|X|2| MZ CtE qugmented view= 7PZ4H B L =2 SH5 > augmentationOil E4$t representation SH&
« F, self-supervised VIiT= layer representation S°30| CEEX| 2t VPT-Deep= 2= layer0f promptE €& &Y — ds X5}
MAE MoCo v3
ViT-B/16 Total VTAB-1k Total VTAB-1k
(85.8M) params Natural Specialized Structured | params Natural Specialized Structured
Total # of tasks 7 4 8 7 4 8
(a) FuLL 19.01 % 59.29 79.68 53.82 19.01 x 71.95 84.72 51.98
oy LNEAR 1.01x 18.87 (0) 53.72 (0) 23.70 (0) | 1.01x 67.46 (4) 8108 (0)  30.33 (0)
PARTIAL-1 2.58x 58.44 (5) 78.28 (1) 47.64 (1)  2.58x 7231 (5) 84.58 (2) 47.89 (1)
o B 1.03x  54.55 (1) ( 47.70 (0) | 1.03x 72.89 (3) 81.14 (0) 53.43 (4)
ADAPTER 1.17x  54.90 (3) 9(1) 3898 (0) 1.22x 74.19 (4) 82.66 (1) 47.69 (2)
(oursy VPT-SHALLOW  101x | 39.96 (1) 6965 (0) 27.50 (0)  101x 67.34(3) 8226 (0) 37.55 (0)
UrS) VP TopEEP 1.04x | 36.02 (0) 60.61 (1) 26.57 (0)  1.01x 70.27 (4) 83.04 (0) 42.38 (0)
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How Gated Prompt Tuning Works
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Experiments

< Gated Prompt Tuning Experiment #1: Classification results on FGVC
- H|1 Cf4: VPT-Shallow / VPT-Deep
.« 7} 24: MAE / MoCo V32 self-supervised pre-trained ViT-B/16
- ‘d5: MAE 73.39%, MoCo v3 83.00% — VPT-Shallow Cit| & & &4, VPT-Deep CHH| S8t7L} CHS 3 dS

TOTAL
SSL METHOD PARAMS CUB FLOWERS (CARS DoGs NABIRDS AVG
VPT-SnaLLow  1.02x 4215 69.15 43.38 T77.07 57.43 57.84
MAE VPT-DEEP 1.02x  68.33 80.05 67.67 T8.83 65.22 72.02
OURS 1.02x  70.56 78.55 71.70  78.9 67.26 73.39
VPT-SnaLLow  1.02x  79.05 90.47 71.91 81.97 72.92 79.26
MoCov3 VPT-DEEP 1.02x  82.67 94.41 79.18 83.33 75.99 83.12
OURS 1.02x  82.86 93.71 79.02 83.37 76.02 83.00
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Experiments

% Gated Prompt Tuning Experiment #2: Classification results on VTAB-1K
- H|1 Cf4: VPT-Shallow / VPT-Deep
« I} A: MAE / MoCo V3ZE self-supervised pre-trained ViT-B/16
- 4S: MAE 49.22%, MoCo v3 65.80% — T+ 2t4 25 VPT-Shallow / VPT-Deep CHH| =2 d&

TOTAL

S55L METHOD PARAMS NATURAL (T} SPECIALIZED (4] STRUCTURED (3} AVG
VPT-SHALLOW  1.01x 39.961 69.651 27.501 40.961

MAE VPT-DEEP 1.04x 36.021 60.617 26.571 37.221
QURS 1.01x 47.61 76.86 36.80 49,22
VPT-SHALLOW  1.01x 67.341 82.261 37.551 57.941

MoCo v3 VPT-DEEP 1.01x 70.271 83.041 42 381 61.221
OURS 1.01x 74.84 83.38 49.10 65.80
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Experiments

% Gated Prompt Tuning Experiment #3: Semantic Segmentation on ADE20K
« "I} 2H3: SETR-PUP / MAE, MoCo V3E self-supervised pre-trained ViT-B/16
« "I} X[E: mIOU 1 (SS: Single-Scale / MS: Multi-Scale inference)
- /d5: MAE 38.44 / 39.81, MoCo v3 36.81 / 38.55 — VPT-Deep 2Lt M2 promptE O =2 &

MIou MIoU

SSL METHOD # OF PTs (SS) (MS)
VPT-sHALLOW 100 34.20 35.23
MAE VPT-DEEP 10(=x12) 37.76  38.80
OURS 100 38.44 39.81
VPT-sHALLOW 100 34.55 36.18
MoCo v3 VPT-DEEP 10(x12) 35.50 37.15
OURS 100 36.81 38.55
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Experiments

% Gated Prompt Tuning Experiment #4: Analysis on Learned Gates
«  Selection ratio: Z} blockO| %[ prompt representation0f| 0| X| = &2t
Task'E X}0]: MAEO| A NABirds= 11®H®] block, Stanford Cars= 4-11'HRY block0l| £&
«  Backbone' X}0|: 5 task0i A= MAE2} MoCo v37} M2 C}E blockS MEH

«  ADE20K: 02 block& H|uwX 1= 28 — segmentation0f|= multi-level feature’} T2

MAE MoCo v3
o NABirds 0.5 . NABirds

0.8 a Stanford Cars o Stanford Cars
- s ADE20K o 04 e ADE20K
= =
0.6 &
= = 0.3
2 =
= 04 -
1 go02
) )
o L

0.0 e——* e o 0.0

1 2 3 4 5 6 7 8 9 1011 1 2 3 4 5 6 7 8 901011
Block index Block index

Task®} SSL backboned| }2} & 2 5t block=S MEiX O 2 HIA
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