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Background

Prompting

B Pretrain-finetune

B Finetuning the pretrained model with downstream data & labels

B Pretrain-prompt-predict
® No longer need finetuning
® Using prompting to predict
« E.g. Sentiment prediction. “| love this moive.”

* Prompt: “I love this moive. Overall, it was a [Z] moive.” We predict sentiment by [Z]



Background

Prompting

B [ earned prompt
B Human-designed prefix is time-consuming/not robust

M Learning a prefix with few-shot data

* “| love this moive. Overall, it was a [Z] moive.”

* “| love this moive.[P][Z].” [P] is tuned on the downstream data.
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Prompting in Vision
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Background

Prompting in Vision

B CoOp: Using learned prompt

Caltech101 Prompt Accuracy Flowers102
a [CLASS]. 82.68 g
a photo of [CLASS]. 80.81
a photo of a [CLASS]. 86.29
[V]1 [V]: .. [V]m [CLASS). 91.83
(a)
Describable Textures (DTD) Prompt Accuracy EuroSAT
S a photo of a [CLASS]. 39.83
a photo of a [CLASS] texture. 40.25
[CLASS] texture. 42.32
[V11[V]; ... [V]u [CLASS]. 63.58

()

Prompt
a photo of a [CLASS].

a flower photo of a [CLASS)].

a photo of a [CLASS], a type of flower.

[V]; [V]; ... [V]m [CLASS].
(b)
Prompt
a photo of a [CLASS].

a satellite photo of [CLASS].
a centered satellite photo of [CLASS].

[V]: [V]: ... [Vl [CLASS].
(d)

Accuracy
60.86

65.81
66.14

94.51

Accuracy
24.17

37.46
37.56

83.53




Background

Prompting in Vision

B CoOp: Using learned prompt
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Background

MAE
Unsupervised
Transformer — BERT
MLM Pretrain
NLP->CV

VIT : MAE




Background
MAE

encoder —» [decoder
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Background
VQGAN
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Method

Motivation

® Prompting in NLP

Je suis désolé I'm sorry
J’adore la glace ?




Method

Motivation

® Prompting in NLP

Je suis désolé
J’adore la glace

I’m sorry

I love ice cream




Method

Overview

¥ Prompting in NLP->CV

Concatenate
into single

Task Input Task Output
Example Example

Query

Visual prompt image




Method

Overview

¥ Prompting in NLP->CV

Inpainting Segmentation Style transfer




Method

Data

B 88k unlabeled figures from Arxiv [Opensourced]
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Method

Network Structure

B Based on MAE-VQGAN

W (B0 TS )

.

Cross Entropy Loss

VQGAN A A A
Encoder
(Pre-trained) + + +
A ( VIT Decoder
A A 4 A A A 4
A A 4 0
VIT Encoder
- HRSE M
Input image Random (non-masked) input patches



Experiment

CV Tasks

Model Foreground Segmentation | Single Object Detection T Colorization |

Split 0  Split1 Split2 Split3 | Splitl Split2 Split3 Split4 | MSE LPIPS
Copy 1292 1790 1352 1529 12,14 1350 1303 1238 | 263 075
BEiT (IN-21k) 0.38 0.93 0.90 0.95 0.24 0.32 0.19 0.10 | 1.25  0.73
VQGAN (IN-1k) 6.96 10.55 9.59 943 3.19 4.99 5.09 510 | 244  0.66
MAE (IN-1k) 1.92 6.76 3.85 4.57 1.37 1.98 1.62 1.62 | 1.13 0.87
MAE-VQGAN (IN-1k) 2.22 7.07 5.48 6.28 3.34 3.21 2.80 2.80 | 3.31 0.75
BEiT (Figures) 5.38 3.94 3.20 3.720 0.17 0.02 0.14 0.16 | 0.60  0.70
VQGAN (Figures) 12.56 1.5l 14.27 15.06 2.27 257 2.48 1.99 | 1.50 0.56
MAE (Figures) 1742 25770 18.64 16.53 5.49 4.98 5.24 584 | 043 055
MAE-VQGAN (Figures) | 27.83 30.44 26.15 24.25 | 24.19 2520 2536 25.23 | 067 040




Experiment
CV Tasks
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Experiment
Synthetic Data

Color change Shape change Resize Resize & color change Resize & shape Color & shape
prediction prediction prediction prediction change prediction change prediction
=




Experiment
Synthetic Data

Color

Shape  Size Color & Shape Color & Size Shape & Size
Copy 5:.93 el ) 1.17 6.74 1.17 1.86
VQGAN (IN-1k) 0.91 6.51 6.24 240 0.70 6.53
BEIT (IN-22k) 15,99 9.08 1.26 723 2.84 2.66
MAE (IN-1k) 0.00 2.07 1.20 0.00 0.00 1.56
MAE-VQGAN (IN-1k) 0.13 294 371 0.00 0.01 3.60
VQGAN (Figures) 696 19.11 16.21 7.40 2.24 18.41
BEIiT (Figures) 4092 3143  7.12 33.10 21.21 12.98
MAE (Figures) 70.23 4399 34.72 19.30 18.99 46.02
MAE-VQGAN (Figures) 4040 46.53 42.04 20.41 18.27 40.33




Experiment
Comparing to Finetuning and 1-shot Segmentaion

Pretraining # Labeled Images # Shots Model SplitO0 Split1 Split2 Split 3

1 | 111 13.4 13.0 12.3
Unlabeled ImageNet 4 4 Finetune MAE 12.9 15.8 14.3 15.0

16 16 137 16.1 16.8 17.1
Unlabeled Figures 1 | MAE-VQGAN 325 33.8 320 27.2
Labeled Pascal 51 92086 — 5383 1 FWB [36] 31.3 64.5 56.7 522
(Segmentation masks) 1 CyCTR [59] 67.2 71.1 57.6 59.0




Experiment
Prompting Engineering

ll
.

(a) Horizontal Layout  (b) Vertical Layout




Experiment
Prompting Engineering

Horizontal Vertical

Black/White 2537 31.57
Purple/Yellow 23.44 28.47




Experiment
Prompting Ensembling

Prompt Layout Color  Shape Size
Horizontal 39.97 46.54 4201
+ Vertical 41.31 5471 46.18

+ Vertical w/ Rows Swap 44.14 60.42 49.42




Experiment

Style/content Extrapolation

EFGABCD ABCDEFG ABCDEFG
A A 1 2 EFGABCD | | ABCDEFG | | ABCDEFG
EFG ABCDEFG | | ABCDEEG
EFGADCD | | ABCRETC
BB || 3| | zredocol| 18ckive
(a) (b) (c) (d) (e)

Figure 10: Style and content extrapolation using MAE-VQGAN. The model can extrapolate the style of a

new content (a), but fails to predict a new content (b). The model struggles to extrapolate new style and content
of longer sequences (c-¢e).




Conclusion

B The dataset is interesting and may be helpful
® Transferring ideas from NLP can benefit CV
B Combining pretraining models (MAE+VQGAN) may be helpful

¥ Visual prompting can be adapted to many vision tasks

M especially for some specific scenario




