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B{5 5258 (Computer Vision)

Computer Vision : A E 21— EEPETAD SIBEEHRZHE URITI 20 DEITPEZED 7 EF
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ILSVRC (ImageNet Large Scale Visual Recognition Challenge)

2010-201 7ECEESNIEGRE I N. BFELUAEBULFE LI EELEZES
ImageNet& X1 5 1400 5 MDERDHXIR (10007 S R)

HZDRRNGRY NT—IDFET S
(EDZ RBEHAHET—V 2V T)

2014 : GoogleNet(11i), VGG (21iz) tabby
2015 : ResNet

ImageNet Large Scale Visual Recognition Challenge
Int J Comput Vis(2015) 115:211-252
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https://proceedings.neurips.cc/paper/2012 /file/
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VGGNet

WMIFIEE BV EWVWOLYE DRI TR TTRaRHEICEZIEY LU
16 BDVGG16&19EBDVGG]IMEFE

Table 1: ConvNet configurations (shown in columns). The depth of the configurations increases
from the left (A) to the right (E), as more layers are added (the added layers are shown in bold). The
convolutional layer parameters are denoted as “conv(receptive field size)-(number of channels)”.
The ReLU activation function is not shown for brevity.

. , , ConvNet Configuration
224 x 224 x3 224 x224 x64 5 TR A = N B
11 weight | 11 weight | 13 weight | 16 weight | 16 weight | 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB image)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool
112 x 128 conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128
maxpool
. =0 e o conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
6/x 56 X 256 conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
= convl-256 | conv3-256 | conv3-256
28x28x51214x14x5'172><7><012 o e
1x1x4096 1x1x1000 maxpool
’ 3 T y conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512
maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convolution + RelLU conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
) convl-512 | conv3-512 | conv3-512
max pooling conv3-512
maxpool
~1 fully connected+RelLU FC-4I.)096
4 FC-4096
~] softmax FC-1000
—' soft-max

hbBHAH, T—I20J, 2EEDI Y TIVIECNNOBEE



GoogleNet

GoogleNet =

Inception®EY 2 —ILEEA P CZ_iStifZ”O?Z?gedy’ et al,

o 3w B s arXive
THA—RIWTA ADERBDIEHAHEZ S
f[Eﬁ |_| ‘: f[E/\“ € %E%% %E‘él’-a- % (a) Inception module, naive version
EBDHIL22/E X
weight layer
Fix) . hlt:e'” x Kaiming He, et al.
—_ dentity | arXive(2015)
F(x) + x

Res N et Figure 2. Residual learning: a building block.
Ax Y TEiRZeEA

CNICEDEMINEZZEEFEFHEH UK EEDbhTWER, 152 TER
S¥070v 7B TAX Y JiEHRI 5DenseNetb B4
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Keras

About Keras ¢ Available models

Keras Appl icatiOns + Usage examples for image

REbEAINDS

P Keras 3 APl documentation / Keras Applications Keras Applications

A ~ — N Getting started classification models
RENBEEENDZEHTES S ORI ==V S
| & Developer guides Keras Applications are deep learning models that are made available alongside pre-trained weights. Extract features with VGG16
These models can be used for prediction, feature extraction, and fine-tuning. Extract features from an arbitrary
intermediate layer with VGG19
Keras 3 APl documentation Weights are downloaded automatically when instantiating a model. They are stored at :::S:;”e s Sl
Models AP ~/.keras/models/. Build InceptionV3 over a custom input
tensor
— | — Layers API Upon msténtlatlon, the models will be built acc.ordlng to.the image data format set in your Keras
E % [ & configuration file at ~/. keras/keras. json. For instance, if you have set
Callbacks API image_data_format=channels_last, then any model loaded from this repository will get built
according to the data format convention "Height-Width-Depth".
Ops API
Optimizers Available models
Metrics ) :
FHUWRXTIIBEDET
= » del : Solp ters Depth| inf t inf t
B w % T} b Losses Mode MB1 | Accuracy | Accura arameters | Dep inference step inference step
nm L ( ) <y cy (CPU) (GPU)
Data loading Xception 88| 79.0%|  94.5% 229M| 81 109.4 8.1
t tb Eﬁ é ;h» % Built-in small datasets VGG16 528 71.3%|  90.1% 1384M| 16 69.5 4.2
Keras Applications VGG19 549 71.3% 90.0% 143.7M 19 84.8 4.4
Xception ResNet50 98 74.9% 92.1% 25.6M 107 58.2 4.6
: ResNet50V2 98 76.0% 93.0% 25.6M 103 45.6 4.4
EfficientNet BO to B7
ResNet101 171 76.4% 92.8% 447M 209 89.6 5.2
EfficientNetV2BOtoB3and S, M, L
ResNet101V2 171 77.2% 93.8% 447M 205 72.7 5.4
ConvNeXt Tiny, Small, Base, Large,
ResNet152 232 76.6% 93.1% 60.4M 311 1274 6.5
XLarge
ResNet152V2 232 78.0% 94.2% 60.4M 307 107.5 6.6
VGG16 and VGG19
InceptionV3 92 77.9% 93.7% 23.9M 189 42.2 6.9
ResNet and ResNetV2
InceptionResNetV2 215 80.3% 95.3% 55.9M 449 130.2 10.0
STk o Lo MobileN 16 70.4% 89.5% 4.3M 55 226 3.4
MobileNetV3 ke ' ' ' ' '
MobileNetV2 14 71.3% 90.1% 3.5M 105 259 3.8
DenseNet
DenseNet121 33 75.0% 92.3% 8.1M 242 771 5.4
NasNetLarge and NasNetMobile
DenseNet169 57 76.2% 93.2% 14.3M 338 96.4 6.3
InceptionV3
DenseNet201 80 77.3% 93.6% 20.2M 402 127.2 6.7

https://keras.io/api/applications/
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[2] from tensorflow.keras.applications.vgglé import VGG16

5

\

Downloading data from https://storage.googleapis.com/tensorflow/kern
553467096/553467096 | ] - 22s @us/step

Model: "vggl6e"

Layer (type) Output Shape Param #
input_1 (InputLayer) [(None, 224, 224, 3)] 0
blockl_convl (Conv2D) (None, 224, 224, 64) 1792
blockl_conv2 (Conv2D) (None, 224, 224, 64) 36928
blockl_pool (MaxPooling2D) (None, 112, 112, 64) 0
block2_convl (Conv2D) (None, 112, 112, 128) 73856
block2_conv2 (Conv2D) (None, 112, 112, 128) 147584
block2_pool (MaxPooling2D) (None, 56, 56, 128) 0
block3_convl (Conv2D) (None, 56, 56, 256) 295168
block3_conv2 (Conv2D) (None, 56, 56, 256) 590080
block3_conv3 (Conv2D) (None, 56, 56, 256) 590080
block3_pool (MaxPooling2D) (None, 28, 28, 256) 0
block4_convl (Conv2D) (None, 28, 28, 512) 1180160
block4_conv2 (Conv2D) (None, 28, 28, 512) 2359808
block4_conv3 (Conv2D) (None, 28, 28, 512) 2359808
block4_pool (MaxPooling2D) (None, 14, 14, 512) 0
block5_convl (Conv2D) (None, 14, 14, 512) 2359808
block5_conv2 (Conv2D) (None, 14, 14, 512) 2359808
block5_conv3 (Conv2D) (None, 14, 14, 512) 2359808
block5_pool (MaxPooling2D) (None, 7, 7, 512) 0

flatten (Flatten) (None, 25088) 0

fcl (Dense) (None, 4096) 102764544
fc2 (Dense) (None, 4096) 16781312
predictions (Dense) (None, 1000) 4097000

Total params: 138357544 (527.79 MB)

Trainable params: 138357544 (527.79 MB)

Non-trainable params: @ (0.00 Byte)
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[2] from tensorflow.keras.applications.vgglé import VGG16

Downloading data from https://storage.googleapis.com/tensorflow/kern
553467096/553467096 | ] - 22s @us/step
Model: "vggl6" : . : g
Caver T5yme) STtouT Shane — from "EQQ§PAEIA1AQX!\;1&§IQ§;RIS rocessing.image import 1oad_1mg. dog
input_1 (InputLayer) [(None, 224, 224, 3)] (/] dog - 1oad_lmg('l/content/derE/MYDerE/dog . png" ’ tarQEt_512e=(224l 224) )
blockl_convl (Conv2D) (None, 224, 224, 64) 1792
blockl_conv2 (Conv2D) (None, 224, 224, 64) 36928
blockl_pool (MaxPooling2D) (None, 112, 112, 64) 0
block2_convl (Conv2D) (None, 112, 112, 128) 73856
block2_conv2 (Conv2D) (None, 112, 112, 128) 147584
block2_pool (MaxPooling2D) (None, 56, 56, 128) 0
block3_convl (Conv2D) (None, 56, 56, 256) 295168
block3_conv2 (Conv2D) (None, 56, 56, 256) 590080
block3_conv3 (Conv2D) (None, 56, 56, 256) 590080
block3_pool (MaxPooling2D) (None, 28, 28, 256) 0
block4_convl (Conv2D) (None, 28, 28, 512) 1180160
block4_conv2 (Conv2D) (None, 28, 28, 512) 2359808
block4_conv3 (Conv2D) (None, 28, 28, 512) 2359808
block4_pool (MaxPooling2D) (None, 14, 14, 512) 0
block5_convl (Conv2D) (None, 14, 14, 512) 2359808
block5_conv2 (Conv2D) (None, 14, 14, 512) 2359808
block5_conv3 (Conv2D) (None, 14, 14, 512) 2359808
block5_pool (MaxPooling2D) (None, 7, 7, 512) 0
flatten (Flatten) (None, 25088) 0
fcl (Dense) (None, 4096) 102764544
fc2 (Dense) (None, 4096) 16781312
predictions (Dense) (None, 1000) 4097000
Total params: 138357544 (527.79 MB)
Trainable params: 138357544 (527.79 MB)
Non-trainable params: @ (0.00 Byte)
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AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA EOEETFH ":_jh\j = LWEWAXkeras2TiHP %
model = VGG16() —ﬁBEE$% (EE%#%)

LTEBYB(77IYF1—2VY)

[2] from tensorflow.keras.applications.vggl6é import VGG16

Downloading data from https://storage.googleapis.com/tensorflow/kern
553467096/553467096 [ 1 - 22s Qus/stef
Model: "vggl6e" f t fl k - . . t 1 d '
e T s ron tensorflow.keras.preprocessing. inage import load_img dog
PP ——— Sy dog = load_img("/content/drive/MyDrive/dog.png", target_size=(224,224))
blockl_convl (Conv2D) (None, 224, 224, 64) 1792
blockl_conv2 (Conv2D) (None, 224, 224, 64) 36928
blockl_pool (MaxPooling2D) (None, 112, 112, 64) 0 predictions = mOde.l_.pr'EdiCt(inpUtS)
block2_convl (Conv2D) (None, 112, 112, 128) 73856 predictions
block2_conv2 (Conv2D) (None, 112, 112, 128) 147584
block2_pool (MaxPooling2D) (None, 56, 56, 128) ) 1/1 [== ==== = = - ] - 1s 1S/St6p
block3_convl (ConvaD) (None, 56, 56, 256) 505168 array([[1.5987957e-06, 9.7035645e-06, 1.9131492e-07, ..., 1.1149690e-06,
block3_conv2 (Conv2D) (None, 56, 56, 256) 590080 5.7272140e-05, 2.4959457e-04] !
[1.2654543e-06, 8.7922119e-05, 2.3226196e-06, ..., 2.3588773e-03,
block3_conv3 (Conv2D) (None, 56, 56, 256) 590080 5.16648878—04, 3-39347726—05]], dtype=float32)
block3_pool (MaxPooling2D) (None, 28, 28, 256) 0
block4_convl (Conv2D) (None, 28, 28, 512) 1180160
block4_ 2 (C 2D) (N , 28, 28, 512) 2359808 i " — - e o
s e VGG16ICIEFRIERZ 7 7 A A ICEIRT Sdecode_predicitionh'd 5.
block4_conv3 (Conv2D) (None, 28, 28, 512) 2359808
block4_pool (MaxPooling2D) (None, 14, 14, 512) 0
block5_convl (Conv2D) (None, 14, 14, 512) 2359808 [17] from -/tve/\r)vsv\of\ff-\f/\"l\gfw\,v\kl\g\rfgvs\g/\qp}g\l{\i/\gva/gv\ipl\nvs/\./\y/g\g\/]\kﬁﬁ impo rt decode_p redictions
block5_conv2 (Conv2D) (None, 14, 14, 512) 2359808 results — decode_p redictions(predictions)
block5_conv3 (Conv2D) (None, 14, 14, 512) 2359808 # ZERIFNFho LUSfubrtEhansd
block5_pool (MaxPooling2D) (None, 7, 7, 512) 0 results
flatten (Flatten) (None, 25088) 0 N - . - .
N
fcl (Dense) (None, 4096) 102764544 Downloading data from https://storage.googleapis.com/download.tensorf] :ﬂ'JJ:11L511L€: llilljj
fc2 (Dense) (None, 4096) 16781312 353§3/35363 [T : e ==.=—‘=l ========] - 0s 0Qus/step . \{.I 1
predictions (Dense) (None, 1000) 4097000 [[('n@2099601 ’ go’_Lden—retrlever ’ 0.7427289) ’ FQOIden_retrleverb 1lL
('n02100877', 'Irish_setter', 0.09474462),
Total params: 138357544 (527.79 MB) ('n02090379', 'redbone', 0.027671015),
Trainabl : 138357544 (527.79 MB) 1 1 [ . 1
Trainable paraws: 138367544 (527,70 ('n02099712"', Labradqr_re’;rlever , 0.019016659),
('n@2087394', 'Rhodesian_ridgeback', 0.015975796)],




TransformerDERWIBADGHA : ViT

Transformerld&71I3EASHFUNIETILE
20204 TransformerhuERA S NIZVIiT (Vision Transformer)zH#3&x

Encoder Block

HERZ16x16D/\Ny FEMREND A XICHEILT
256BIDEFE (M= V)DESICHES

3ERDEABRT—F v b (JFT-300M) T
HAFEEI S EEVEE

CNNZ{£>TLVZLY




MLP{EE ?

MLP Mixer

r-——---=-=-=-=-=-=------------------------------=-"=-"=-"=-"=-"=-""-"=-"="

I Skij t Skij t Mixer Layer |
| . , I
I Channels .
| o Patches _ |

15 ~ z —(MLP 1 }—» =

T = é’_ (MLP1 }—» /T\ ~ !
5> ,=;\T/4_E L MLP1 }—p» o .
1 — 2 - O L MLP1 }—p =3 I
e b - I

-
|
I
|
|
I
I
I
I
|
|
I
|
I
|
I
|
I
|
I
|
I
|
I
|
|
|
I
I
I
I
|
|
|
I
|
I
I
I
|
I
|
I
|
|
I
I
|
I
I
(-

Fully-u:nnecled ——— [ - —M—P

r R

| |

Global Average Pooling | I

I Fully-connected |

b ¢+ 4 % 4 ¢ F 4 04 | .

N x (Mixer Layer) I |

I GELU I

| |

| |

- S Per patch Fullv connected ' Fully-connected |
~ WD | |
7 T R

[
—L> e 3 //.D// a

—t

liya Tolstikhin, et al.arXiv(2021)

- Skip#Efi. /Ny FORERERITRoTWSBDTransformerD75r> 3P
CNNI(E—1{E> T LV LY
- KIRET—5 TCOEFFEZEITWE



BRI *R

CNETITEH>TEZ=MLP. CNN. Transformer®
WINHIKRARFE or IIRDERAICTTONTWS

COVID19D&h

Input Chest X-ray Images Deep Neural Networks T N Preprocessing 4 Inceptionvd 4 Output
-
- A e e
%H%iml%iﬁiﬁiﬂiml_}atiﬂ*+ﬁ< o
sl Tl a0
L L L G I T L 10 Ly
COVID-1S Inception modules
- L
T
[— Convolution mmmm Maxpool ## Avgpool mmEE Concat WmEm Dropout mmmm Fully connected Softmax]

FIGURE 2. An overview of COVID-19 classification with a generic deep

CNN Fig. 1. Overall architecture of the pre-trained convolutional neural network model. The architecture has a total of 9 inception modules, including an auxiliary
- classifier, and two fully connected layers. The output layer performs binary classification between dental caries and non-dental caries using a softmax function.

S.S. Alahmari et al. IEEE Access.(2022) J.H.Lee et al. Journal of Denstistry(2018)
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1stage & 2stageh’dh 5

KRR IRE
2stage
(xfEEBRZTZHELTHS
VD I2ADREZITS
1stage&k b HEHBE
ex) Fast R-CNN,
Faster R-CNN

1stage
c PEIBMH EV S ANFE%E
RIFFICITS
- 2stage&L D HF
ex) SSD, YOLO

EE

1 stage

2012
2013
OverFeat

2014 Sermanet et. al
2015
2016 YOLO e

Redmon et. ¢
2017 YOLOV2

Redmon et. al

MobileNetvl- SqueezeDet

2018 SSD - B. Wu et. al

YOLOV3# A.G Howard et. al -MobileNeth-
2019 Redmon et. al RefineDet SSD #

S. Zhang et. al Sandler et. al

v050 YOLONanof'®y :YOLOv4# J¢M2Det

Wong et. al : Bochkovskiy et. al Q. Zhao et. al

*YOLOVS ... = _PP-YOLO#
2021 4 % X. Long et. al
PP-YOLOv2
it P
YOLOX? ., Q€ pP.YOLOE#
Z. Geet. al . Xuetal *FOMO¥#
*YOLOv6? | “YOLOvV7#
C. Y Wang et. al

2 stage

AlexNet
A, Krizhevsky et. al f. YEAR \
ctors Tw :
e PDetet 0S8 @ Backbone Architectures
On¢ Stag E tage DeteCtOrs D<| Popular in Constrained applications
2 S @ Object Detection Models
~ED * Paper unavailable
g = # Suitability for Constrained
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'pip install ultralytics

Collecting ultralytics

Downloading ultralytics-8.1.5-py3-none-any.whl (702 kB)
702.8/702.8 kB 8.9 MB/
matplotlib>=3.3.0 in /usr/local/lib/p
numpy>=1.22.2 in /usr/local/lib/pytha
opencv-python>=4.6.0 in /usr/local/li
pillow>=7.1.2 in /usr/local/lib/pythag
pyyaml>=5.3.1 in /usr/local/lib/pythag
requests>=2.23.0 in /usr/local/lib/py|
scipy>=1.4.1 in /usr/local/lib/python
torch>=1.8.0 in /usr/local/lib/python
torchvision>=0.9.0 in /usr/local/lib/
tqdm>=4.64.0 in /usr/local/lib/python

Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:

ETILZZHAIAATHE

alljl

from ultralytics import YOLO
from PIL import Image

import matplotlib.pyplot as plt
import cv2

model = YOLO("yolov8n.pt")
imgl = "/content/drive/MyDrive/dog.png"
img2 = "/content/drive/MyDrive/apple.png"
results = model([imgl,img2])
for r in results:

im_array_bgr = r.plot()

im_array = cv2.cvtColor(im_array_bgr, cv2.COLOR_BGR2RGB)

plt.imshow(im_array)
plt.show()

# plot a BGR numpy array of predictions
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Figure 1
From: Automation of surgical skill assessment using a three-stage machine learning algorithm

./ a Instrument detection ——p» Motion feature extraction ——p SKill prediction

Regression -
model

Neural
network

4
E 3
:’ ;
i

== D01
ID02

. Ja—

detect.py --source 0

fows¥system32¥cmd.exe - python

r
I

40 1 persor

: r

Relative displacement
[pixel values]

0.0 25 5.0 75 10.0
Time [s]

......
M |

Joel L. Lavanchy, et al. Scientific Reports(2021)
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from ultralytics import YOLO

for r in results2:

# Load i model' | o im_array_bgr = r.plot()

model2 = YOLO('yolov8n-seg.pt®) # load an official model im_array = cv2.cvtColor(im_array_bgr, cv2.COLOR_BGR2RGB)
imgl = "/content/drive/MyDrive/dog.png" plt.imshow(im_array)

img2 = "/content/drive/MyDrive/apple.png"” plt.show() i

# Predict with the model
results2 = model2([imgl,img2])
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The 32 anatomical landmarks used in this challenge "3]] H- ( xﬂ% 73\{ /u) 0) _tz 7\ )( y 7___

No. Landmark

\'l
L
\J

1 G

2 Prn

3 Sn

4 Ls .

5 Li Figure 5

6 Si

7 Pog’

8 Gn'

9 Me’

10 C

11 Ba SN p

12 S ' LI .

: o -l

14 P IR

15 Or —_—

16 ANS 512 x 512 pm U-Net

17 PNS

18 Pt

19 Ptm

20 A I Normal Glands I Muscle | Necrosis & Debris |} Lymphocytes |} Submucosal stroma

21 U1 B Stroma lamina propria ]l Mucis ] Low-grade dysplasia Background Adipose

%g L(J;lA W High-grade dysplasia or tumor ] Desmoplastic stroma [} Erythrocytes [} Nerve
1

24 LIA

25 B

26 Pog - e

27 Gn J M Bokhorst, et al. Scientific Report(2023)

29 Go

30 Ar

31 Pcd

32 Co

The 32 anatomical landmarks used in this challenge. All landmarks are defined and explained in
Table 1

Huayu Ye, et al. BMC Oral Health(2023)
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256x256x128

512x51 22%)

1
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A 3D CT image

/ 128x128x256

rl & 64)<64x512 | g
| r f ’ (= i (
A = R
32x32x512 16x16x512 16x16x4096 16x16x22
I:> Input Deconvolution(K=4, S=2)
" Convolution(K=3, S=1)+RelLU I Convolution(K=1, S=1)
MaxPooling(K=2, S=2) Deconvolution(K=4, S=2)
- Convolution(K=7, S=1)+RelL.U+Dropout B Deconvolution(K=4, S=2)
| Convolution(K=1, S=1)+RelLU+Dropout =) SUM _
Segmentation result
Convolution(K=1, S=1) =) SoftMax

Voxel based voting

Xiangrong Zhou, et al. MEDICAL
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Image GPT(20204)

@ OpenAl Researchv  APlv  ChatGPTv Safety Companyv Search Login~ | Try ChatGPT ~

MILTOUUCLOT

Completions
Favorites Animals Paintedlandscapes Sports Architecture ImageNet-R Movie posters Popular me

Model input Completions = Model-generated completions of human-provided half-images. We
ar i i i i sample the remaining halves with temperature 1and without tricks like
i i - beam search or nucleus sampling. While we showcase our favorite
completions in the first panel, we do not cherry-pick images or
completions in all following panels.
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CLIP (2021 1)
HRETFAMDEEYEZ TV 7DT9 5 FEFE

@ OpenAI Researchv APIv  ChatGPTv Safety Company v Search Login~ ‘ Try ChatGPT 2 ’
CIFAR-10 CLEVR Count
bird (40.9%) Ranked 1out of 10 labels 4 (75.0%) Ranked 2 out of 8 labels

v aphoto of a bird. X aphoto of 3 objects.

X aphoto of a cat. v aphoto of 4 objects.

X aphoto of a deer. X aphoto of 5 objects.

X aphoto of a frog. X aphoto of 6 objects.

X aphoto of a dog. X aphoto of 10 objects.

-

Facial Emotion Recognition 2013 (FER2013) UCF101
angry (49.0%) Ranked 5 out of 7 labels Volleyball Spiking (99.3%) Ranked 1out of 101labels

X aphoto of a happy looking face. v aphoto of a person volleyball spiking.

—_ [

X aphoto of a person jump rope.

X aphoto of a neutral looking face. — - -

T
- -

4 =SFAE WP F

X aphoto of a surprised looking face. X aphoto of a person long jump.

X aphoto of a fearful looking face. X aphoto of a person soccer penalty.

v aphoto of a angry looking face. X aphoto of a person table tennis shot.

https://openai.com/research/clip
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CLIP (2021 %)
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https://openai.com/research/clip Aditya Ramesh.et al.arXiv(2022)
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