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Fine-grained Recognition [mMsraA, CvPR'17, ICCV'17]

Fine-grained flowers
(~250k species in the world)

black-eyed susan

english marigold

windflower Clematis

frangipani

siam tulip lotus water lily

Fine-grained birds
( 10k species in the world)

Sboty_Albatross

BIa(':k_Fdoted_Albatross Laysan_Albatross

Least_Auklet Crested_Auklet Parakeet_Auklet

California_Gull Glaucous_WingedGullHeermann_Gull

Anna_Humming Ruby_Throated_Humming Rufous_Humming

\ Fine-grained dogs

\ (~340 breeds in the world)

b -

breater_ SW|ss Mountain

Border_collie

Samoyed Great_Dane

/

/

IrhageNet (includes ~20 flower species, "’30'Blrd
N O species and ~80 dog breeds]
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General recognition networks

Year 2012 Year 2014 Year 2015
AlexNet GoogLeNet VGG ResNet-152
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[Krizhevsky NIPS 2012] [Szegedy CVPR2015]  [Simonyan ICLR 2015 ] [He cvPRrR2016 |




Challenges on fine-grained categories
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CUB-200-2011 [P. Welinder et.al. 2010]

Bernese_mountain

:

Appenzeller Blenheim_spaniel Samoyed
_

Stanford-Dogs [Fei-fei Li et.al. 2011]

Challenges:

O Discriminative region localization
o Localizing the very marginal visual differences from highly-localized regions

Q Fine-grained feature learning
o Describing the subtle visual differences by representative visual features

The state-of-the-art general recognition network (Resnet-152)

CUB-Birds Stanford-Cars Stanford-Dogs
Dataset . . :
(200 categories) (196 categories) (120 categories)

Accuracy 77.3% 87.5% 87.3%

Our fine-grained image recognition network (CVPR 2017)

CUB-Birds Stanford-Cars Stanford-Dogs
Dataset . . .
(200 categories) (196 categories) (120 categories)

Accuracy 86.5% 1 9.2% 93.8% 16.3% 89.3% 12.0%



Te C h n i q u e Ove rVi eW earlier research focus (from 2009-2014)

X = human-annotated part key points

Problem: heavily depends on human
involvement, which is hardly extend to
&% large-scale data.

Artic Tern recent research focus (from 2015)

convolutional neural network

X = weakly-supervised part learning

Problem: the learned part regions may
ot be optimal, due to the less
i rep. sentative visual features.

R N

Fine-grained recognition General recognition net

fine-grained feature learning

Problem: more fine-grained feature
representations on parts cannot be
“sommax  further learned.

bilinear vector
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Part learning from feature maps

. 1
convolutional neural network I ?

i

1

1

1

3
. ﬁ:a.’ 12t from 512 channels 128% from 512 channels
Bohemian Waxwing convolution Conv5_4
+pooling (512 channels)
+activation
— 267% from 512 channels 507t from 512 channels

Different feature maps from conv5_4 of a VGG-19 net
(trained on CUB-200-2011 Birds)

: deep feature maps (i.e., feature learning) can help localize semantic parts.



Fine-grained recognition: challenges

original amplified original amplified original amplified

V‘\('

Bohemian Waxwing (X3¥E5) Elegant Tern Nashville Warbler
original amplified original amplified original amplified

Cedar Waxwing (FfAXNES) : Caspian Tern : Orange Crowned Warbler

: the subtle visual differences can be clearly represented from amplified parts.



Fine-grained recognition: challenges

original amplified original amplified original amplified
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Lilium Ochraceum Fr. Boston Bull

original amplified original amplified

: the subtle visual differences can be clearly represented from amplified parts.



Te C h n i q u e Ove rVi eW earlier research focus (from 2009-2014)

X = human-annotated part key points

Problem: heavily depends on human
involvement, which is hardly extend to
% new fine-grained domains.

Artic Tern recent research focus (from 2015)

convolutional neural network

X = weakly-supervised part learning

Problem: the learned part regions may
ot be optimal, due to the less
i rep. sentative visual features.

R N

Fine-grained recognition General recognition net

fine-grained feature learning

Problem: more fine-grained feature
representations on parts cannot be
“sommax  further learned.

bilinear vector
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Recurrent-Attention Network (Fu. CVPR 2017 oral)

(b1) 1% convolution
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LCIS O commr, —
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I T Pf(l) AN :\ LnndAA wniavklar
., fc  softmax ensure to generate higher
(d1) APN s confidence than previous scale
““‘." (c2) 2™ classification v@ — Lrank g painted bunting
N [ = O Laysan albatross
Lcls O Common yellowthroat
> —p] - — o Red bellied woodpecker
/ : .
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I el attend on the most discriminative
(d2) APN regions from coarse to fine
2 . .
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Multi-task Formulation

Classification Net

p(X) = [(W,* X)

Attention Proposal Net
[t ty,t1] = g(W. x X)

Input for the Next Scale
X =X O M(t,, ty, t)

1
Ximh= Y L= a—{i/AHIL =8 = {i/A}X{nn)
a,=0

where M indicates an attention mask.

Optimization

3 2
* 8 s+1
LX) =Y {Las(YO, Y} + 3 {Lrani (087, "))
s=1 s=1

where L, indicates classification loss in each scale,
L., denotes pair-wise ranking loss.

Iter. 100

¥ 2 X3
Carolina = T p
wren : 3. aak

Kentucky
warbler

Iter. 150 Iter. 200

Figure. An illustration of the learning process
for region attention.
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Experiment Settings

m“

1. CUB-200-2011

2. Stanford-Dogs 120 12,000 8,580
3. Stanford-Cars 196 8,144 8,041
4. FGVC-Aircraft 100 6,667 3,333
5. VIREO Food 172 66,144 33,072
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Experiment Results

Table 1: Results on CUB-200-2011 dataset

Approach

‘ Train Anno. ‘ Accuracy ‘

DeepLAC [34] v 80.3
Part-RCNN [33] v 81.6
PA-CNN [14] v 82.8
MG-CNN [28] v 83.0
FCAN [20] v 84.3
B-CNN (250k-dims) [19] v 85.1
SPDA-CNN [32] v 85.1
PN-CNN [2] v 85.4
VGG-19 [27] 77.8
TLAN [31] 77.9
DVAN [35] 79.0

NAC [26] 81.0
MG-CNN [28] 81.7
FCAN [20] 82.0

PDFR [34] 82.6
B-CNN (250k-dims) [19] 84.1
ST-CNN (Inception net) [11] 84.1
RA-CNN (scale 2) 82.4
RA-CNN (scale 3) 81.2
RA-CNN (scale 142) 84.7
RA-CNN (scale 142+3) 85.3

Table 2: Results on Stanford-Dog dataset

Approach Accuracy
NAC (AlexNet) [26] 68.6
PDFR (AlexNet) [34] 71.9
VGG-16 [27] 76.7
DVAN [35] 81.5
FCAN [20] 84.2
RA-CNN (scale 2) 85.9
RA-CNN (scale 3) 85.0
RA-CNN (scale 1+2) 86.7
RA-CNN (scale 14+2+3) 87.3

Table 3: Results on Stanford-Car dataset

Approach Train Anno. | Accuracy
R-CNN [7] v 88.4
FCAN [20] v 91.3

PA-CNN [14] v 92.8
VGG-19 [27] 84.9
DVAN [35] 87.1
FCAN [20] 89.1
B-CNN (250k-dims) [19] 91.3
RA-CNN (scale 2) 90.0
RA-CNN (scale 3) 89.2
RA-CNN (scale 1+2) 91.8
RA-CNN (scale 1+2+3) 92.5
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Experiment Results
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Look Closer to See Better: Recurrent Attention Convolutional Neural Network
for Fine-grained Image Recognition

Jianlong Fu!, Heliang Zheng?, Tao Mei'
"Microsoft Research, Beijing, China
2University of Science and Technology of China, Hefei, China

! {fjianf, tmei } @microsoft.com, zhenghl @mail.ustc.edu.cn

Abstract ~ Coarse-scale Finer-scale
Recognizing fine-grained categories (e.g., bird species) Woodpecker il
is difficult due to the challenges of discriminative region Species 1 %

localization and fine-grained feature learning. Existing
approaches predominantly solve these challenges indepen-
dently, while neglecting the fact that region detection and
fine-grained feature learning are mutually correlated and Woodpecker F I
thus can reinforce each other. In this paper, we propose Species2 |
a novel recurrent attention convolutional neural network
(RA-CNN) which recursively learns discriminative region
attention and region-based feature representation at multi-

Ficure 1. Two bird species of woodpecker. We can observe the



Feature learning from parts (going forward)

original part _ original part

Bohemian Waxwing Elegant Tern
original part original part

< -

Cedar Wlng Caspian Tern

: the subtle visual differences can be clearly represented from amplified parts.



Subtle difference in multiple parts

original 4 parts original 4 parts

Common Tern Bohemlan Waxwmg

original 4 parts original 4 parts

ol
w5l |Ca

Caspian Tern : Cedar g

: the subtle visual differences can be clearly represented from multiple parts.



Multi-Attention Network (Fu. ICCV 2017 Oral)

(a) image (b) conv layers . .

(c) feature channels

(d) channel grouping
Iayers

cng

O Multiple attention for each image

|\

(e) part attentions

softmax==

. Lcls

O Painted bunting
O Laysan albatross

o : :
O Hooded warbler

O Painted bunting
O Laysan albatross

o : :
O Hooded warbler

O Painted bunting
(o] Laysan albatross

0 " )
O Hooded warbler

O Painted bunting
© Laysan albatross
o " y
O Hooded warbler

(f) part representations (g) classification layers

O Joint learning of features and parts



Multi-Attention Network (Fu. ICCV 2017 Oral)

extract part-based

channel grouping groups little

different channels have high S D I
region into discriminative parts

N : representations for further
response in different region

classification

g g
Laysan albatross
> oy
O Bohemian waxwing
O Hooded warbler
cls O Painted bunting

////“ soft ml ) <:D Laysan albatross
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Evaluation

CUB-200-2011 Stanford-Cars FGVC-Aircraft
“ B B o

# Category @wielo] # Category REEs]S
5,994 =HIehl-a 8,144
5,794 # Testing 8,041

# Category [mioe)




Evaluation

(c) part attention by joint learning



Evaluation

Comparison results on CUB-200-2011 dataset.

Approach Train Anno. | Accuracy
PN-CNN(AlexNet) [1] v 5.7
Part-RCNN(AlexNet) [34] v 764
PA-CNN [ 14 v 82.8
MG-CNN [27 v 83.0
FCAN [18 v 84.3
B-CNN (250k-dims) [17] v 85.1
Mask-CNN [29 v 85.4
TLAN(AlexNet) [31 77.9
MG-CNN [27] 81.7
FCAN [18] 82.0
B-CNN (250k-dims) [17] 84.1
ST-CNN (Inception net) [10 84.1
PDEFR [33] 84.5
RA-CNN [5] 85.3
MA-CNN (2 parts + object) 85.4
MA-CNN (4 parts + object) 86.5




Evaluation

Comparison results on Stanford Cars dataset.

Approach Train Anno. | Accuracy
R-CNN [6] v 88.4
FCAN [18] v 91.3
MDTP [28] v 92.5
PA-CNN [14 v 02.8
FCAN [18 89.1
B-CNN (250k-dims) [17] 01.3
RA-CNN [5] 02.5
MA-CNN (2 parts + object) 91.7
MA-CNN (4 parts + object) 92.8




Evaluation

Comparison results on FGVC-Aircraft dataset.

Approach Train Anno. | Accuracy
MG-CNN [27] v 86.6
MDTP [28] v 88.4
[ B e |E 1R B FV-CNN [7] 81.5
| B-CNN (250k-dims)[ 17 84.1
RA-CNN 88.2
4 MA-CNN (2 parts + object) 88.4
S T ~ MA-CNN (4 garts+0b;ect) 89.9




Learning Multi-Attention Convolutional Neural Network for Fine-Grained
Image Recognition

Heliang Zheng'* Jianlong Fu?, Tao Mei?, Jiebo Luo?
1University of Science and Technology of China, Hefei, China
2Microsoft Research, Beijing, China
$University of Rochester, Rochester, NY

1zhenghl @mail.ustc.edu.cn, 2{jianf, tmei } @microsoft.com, 3jluo @cs.rochester.edu

Abstract

Part Attention

Recognizing fine-grained categories (e.g., bird species)
highly relies on discriminative part localization and part-
based fine-grained feature learning. Existing approaches
predominantly solve these challenges independently, while
neglecting the fact that part localization (e.g., head of a
bird) and fine-grained feature learning (e.g., head shape)
are mutually correlated. In this paper, we propose a nov-
el part learning approach by a multi-attention convolution-
al neural network (MA-CNN), where part generation and
feature learning can reinforce each other. MA-CNN con-
sists of convolution, channel grouping and part classifica-
tion sub-networks. The channel grouping network takes
as input feature channels from convolutional layers, and
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