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etween theorefical and actu:

& 1 & Tracking protein in axon transport
Predlctmg dlrectlon of ceII m|t03|s [Nature Comm ,2016]

Gap space measurement
[Mol. Bio. Cell,2014] [Development,2017]
s & FE .
Analysis of blebs on cell membrane [PNAS 2016] Growth analysis of plant root Dendrlte and spine detection

]
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i

Fish behavior analysis
[PLoS ONE, 2017]

3D reconstruction from Life-span life-logging
very-high resolution slices

of C. elegans

Analysis of cytoplasmic
streaming [Nature Cell Biol., 2017]
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[Uchida+, ICFHR2016]
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[Redmon&Farhadi, “YOLO9000: Better, Faster, Stronger CVPR2017]
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[Badrinarayanan+, “SegNet: A Deep Convolutional Encoder-Decoder Architecture for Image Segmentation”, TPAMI2017]
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[nput Ground truth Output

2R iHeEHZ2EEROE R R

[Isola+, “Image-to-Image Translation with Conditional Adversarial Networks," arXiv2016]
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Generative Adversarial Networks(C L3S ERES
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[
1

[Karras+, “Progressive Growing of GANs for Improved Quality, Stability, and Variation”, arXiv2017]
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BIROEEASC AR (Image captioning)

o BIERERIHZ I D13y b
+ HEMNEZEKIDZ1-I)LFYh

Vision Language A group of people
Deep CNN Generating shnpplng at an
RNN outdoor market.

D =
e @ There are many
vegetables at the

fruit stand.

[Vinyals+, “Show and Tell: A Neural Image Caption Generator”, arXiv2015]
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NENSOERER : [ BB O:RBAS AR | D

This flower has
a lot of small
purple petals in
a dome-like
configuration

This flower 1s
pink, white,
and vellow mn
color, and has
petals that are
striped

A group of
A picture of a people on skis
very clean stand in the
living room SNOW

[Zhang+, “StackGAN”, ICCV2017]
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Visual question answering (VQA)
Q Who is wearing glasses? Where is the child sitting?

[Goyal+, “Making the V in VQA Matter: Elevating the Role of Image Understanding in Visual Question Answering”, CVPR 2017]
http://visualga.org/
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WbiasmS . Deep paper gestalt :

[J\weRT, hDEIREmI LN ?

Figure 5. Class-specific discriminative regions for bad papers. (Top) Failing to fill the paper into a full eight-page paper is a discriminative
visual cue for bad paper. (Bortom) The generated heatmaps focus on the top-right corner of the first page. This suggests that the absence
of illustrative figures in the first two pages may cause the paper more difficult to understand.

EE D
D

NZIIVIRX

Figure 6. Class-specific discriminative regions for good papers. The heatmap generated by class activation mapping [24] highlights .T_Eiiié 1 l 7::%

regions specific to good papers, e.g., teaser figures in the first page for illustrating the main ideas, tables/plots showing a sense of thor-
oughness in experimental validation, impressive math equations, and arrays of colorful images for qualitative results from benchmark

[Huang, arXiv, 2018]
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Input Layer HL1 HL2 HL3 Output Layer
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[Hoshen+, AAAI, 2016]
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Berkeley-trained models
Network in Network model

Medels from the BMVC-2014 paper "Return of the Devil in the Details: Delving Deep into
Convolutional Nets"

Models used by the VGG team in ILSVRC-2014

Places-CHN model from MIT.

GooglLeNet GPU implementation from Princeton,

Fully Convolutional Metworks for Semantic Segmentation (FCNs)
CaffeMet fine-tuned for Oxford flowers dataset

CMNN Models for Salient Object Subitizing.

Deep Learning of Binary Hash Codes for Fast Image Retrieval
Places_CMD5_madels on Scene Recognition

Models for Age and Gender Classification.

GoogleMet_cars on car model classification

ParseMet: Locking wider to see better

SegMet and Bayesian SegNet

Cenditicnal Random Fields as Recurrent Neural Networks
Holistically-Nested Edge Detection

CCNM: Constrained Convolutional Meural Networks for Weakly Supervised Segmentation

Emetion Recognition in the Wild via Cenvelutional Meural Netwerks and Mapped Binary
Patterns

Facial Landmark Detection with Tweaked Convolutional Meural Metworks

Faster R-CNM: Towards Real-Time Object Detection with Region Proposal Networks
ResMets: Deep Residual Metworks from MSRA at ImageNet and COCO 2015

Pascal VOC 2012 Multilabel Classification Model

SqueezeMet: AlexMet-level accuracy with 50x fewer parameters

Mixture DCNMN

CMN Object Proposal Models for Salient Object Detection

Deep Hand: How to Train a CNM en 1 Million Hand Images When Your Data Is Continuous and
Weakly Labelled

Mulimedal Compact Bilinear Pooling for VOQA
Pose-Aware CNMN Medels (PAMs) for Face Recognition
Learning Structured Sparsity in Deep Meural Metworks

Meural Activation Censtellations: Unsupervised Part Model Discovery with Convolutional
Metworks

Inception-BM full ImageMet model

ResFacel01: ResMet-101 for Face Recognition

DeepYeast

ImageMet pre-trained models with batch normalization

ResMet-101 for regressing 3D morphable face models (3DMM) from single images
Cascaded Fully Convelutional Metworks for Biomedical Image Segmentation

Deep Metworks for Earth Observation

Supervised Leaming of Semantics-Preserving Hash via Deep Convolutional Neural Networks
Striving for Simplicity: The All Convelutional Net

VGG 4x without degradation: Channel Pruning for Accelerating Very Deep Meural Networks
Using Ranking-CNN for Age Estimation

Lets Keep it Simple: Using Simple Architectures to Qutperform Deeper and More Complex
Architectures

odel Zoo”"@Github

O Why GitHub? Enterprise Explore Marketplace Pricing

L] BVLC / caffe ® Watch 2237 % Star 2

Code Issues 687 Pull requests 268 Projects 0 EB Wiki Insights

Join GitHub today

GitHub is home to over 31 million developers working together to host and
review code, manage projects, and build software together.

Model Zoo

Aswin Shanmugam Subramanian edited this page on 24 Nov 2018 - 120 revisions

¢ Models for Age and Gender Classification.

® GoogleNet_cars on car model classification

https://github.com/BVLC/caffe/wiki/Model-Zoo
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https://pa perswithcode.com /sota
Bt

Computer Vision

Semantic
Segmentation

k2 9 leaderboards

322 papers with code

} See all 562 tasks

Image

k2 29 |eaderboards

281 papers with code

Natural Language Processing

I Machine

5 Translation

2 26 leaderboards

328 papers with code

» See all 190 tasks

Medical

Medical
Image
Segmentation

k2 17 leaderboards

Language
Madelling

2 8 leaderboards

238 papers with code

el Drug

+*, Discovery

k2 6 leaderboards

Classification

k ﬁ Object
!—r "% Detection
sk )

l2 24 |eaderboards

238 papers with code
Question
Seee Answering

k2 30 leaderboards

238 papers with code

Lesion
Segmentation

k2 2 leaderboards

2 13 leade!

117 papers

» SOTA=State-of-the-art=1HEESTtOERS

Denoising

rboards

nIth code

anm  Sentiment
S  Analysis

2 15 leaderboards

215 papers wit!

L2 2 leade

ith code

Brain Tumor
Segmentation

rboards

9 papers with code

Image
Generation

L2 19 leaderboards

117 papers with code

N Natural

K Language
4 Inference

l2 8 leaderboards

104 papers with code

1 Medical
Image
Generation

8 papers with code
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[Kataoka+, arXiv 2015]
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AlexNet
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FC
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Pool
Conv
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Conv

Input
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Layer6

Layerd

Layerd

| Layer3
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FC Layer?
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[ Kataoka+
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[Kataoka+, arXiv 2015 O
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Google (C&d (tensorflow) playground

DATA

Which dataset do
you want to use?

5

Ratio of training to
test data: 50%
— e

Noise: 0
®

Batch size: 10
—e

4|

Epoch

000,000

FEATURES

Which properties

do you want to

feed in?

i
3

Leaming rate

+_

+ -

4 neurons

SEREREEN

This is the output
from one neuron
Hover to see it
laraer.

Regularization

None v

2 HIDDEN LAYERS

+ -

2 neurons

y

A The outputs are

mixed with varying
weights, shown by
the thickness of
the lines

Regularization rate Problem type

0 N Classification N

OuUTPUT

Test loss 0.496
Training loss 0.506

L]
%z 0%
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Adversarial examples
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DOG
CAT(75.5%)

'DEER
AIRPLANE(85.3%)

BIRD
FROG(86.5%)

[Su+, arXiv2017]
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Figure 1:

Number of papers

Segmentation (Organ, substructure)

Detection (Object) INIEEEEEEGEGEGEGEGGNG——
Classification (Exam) I
Classification (Object) G
Other I
— ~
Detection (Organ, region, landmark) I :_\
Segmentation (Object) I - /
Registration Bl
0 20 40 60 g0 100
Pathology
Brain
Other
Lung
Abdomen I
Cardiac I —\'—'—/i
Breast I _% ﬁ E?
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Multiple E———
0 10 20 30 40 50 60 70

Number of papers

Breakdown of the papers included in this survey in year of publication, task addressed (Section 3), imaging modality, and application

area (Section 4). The number of papers for 2017 has been extrapolated from the papers published in January.

[Litjens+, Medical Image Analysis, 2017]
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AH>TA—RK[Esteva+, Nature, Feb 2017]

Skin lesion image Deep convolutional neural network (Inception v3) Training classes (757) Inference classes (varies by task)

® Acral-lentiginous melanoma - ) L
® Amelanotic melanoma 4 @ 92% malignant melanocytic lesion
/@ Lentigo melanoma

{ AT g ™ ..-. g '-.,-. ']:. \a! ‘! { ! i ©
i " 1 ]. 1 N ™ Tl HH ™\ [ @
' ' ' ¥y ! |\ @ Blue nevus

1@ Halo nevus ~4© 8% benign melanocytic lesion

Convolution '@ Mongolian spot
AvgPool il _JEES

MaxPool
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= Dropout -
= Fully connected » 1l E 1 vH
= Softmax . 10N -
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Epiuennal leslons Melanocytic lesions Mealanocytic lesions (dermascopy)
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