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Fine-grained Image Classification via Combining Vision and Language

® Fine-grained Image Classification via Combining Vision and Language

He, Xiangteng, and Yuxin Peng. "Fine-grained image classification via combining vision and language."”

Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2017.
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Figure 1. Examples from CUB-200-2011. Note that it is a techni-
cally challenging task even for humans to categorize them due to
large intra-class variance and small inter-class variance.

Category

Vision

Language

Vision

(1A large burd with different shades of grey
all over its body, white and black i feathers

Language

( 1 )Thes bird has a grey body, a whete head
with an omnge bell snd black wings, tarsus

Heermann and a long sharp orange beak and fee
(2)This bird is gray and black m colar, with a (2)A white bard with black wings and orange
Gull caange beak beak and eyes
(2)Thas burd has black outer retices and white ( 3)Thes white bird has a boght orange bl
mner retwres and an orange beak with a black up.
e —
(1) Thes burd has o white head, breast and belly ( 1)Thes white bird bas grey wings and tal,
with gray wings, red feet and thighs, and a red, with omnge fect and tarsus and a pointed
Red Legged beak yetow bes
24l y (2)This ts a white hird wath gray wings, red (2) This bid has a mellow yellow bl
Kittiwake webbed foet and a red beak colomtion and deep red fect
(3)Long bind with an orange beak and white (3)The bird has a yellow beak with a white
feathers with grey colored wings head and oange web feet
(1) This bird is bght gray with a light crasge (1) This colorful bird has an omnge aown,
patch on its wnder-aail covets, neck and crown, black eyebrows and secondanes with the
Bohemian and a black malar stripe and mape peumarics being rimmed i yellow
y . (2)This is a grey hrd with a red and yellow (2)This bid & grey with red and has a Jong
Waxwing tail and  red face pointy beak

(3)Thes bird has wings that are gray and hlack
and has a red coown

(3)The terd has o tan spiked crown and shont
bell

Figure 4. Sample natural language descriptions of CUB-200-2011.
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Fine-grained Image Classification via Combining Vision and Language

Model Architecture

Obiject localization
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Figure 2. Overview of our CVL approach. The two-stream model conducts on the original images and their object localizations. One learns
the deep representations directly from the vision information. The other learns the salient visual aspects for distinguishing sub-categories
via jointly modeling vision and language. The classification results of the two streams are merged in later phase to combine the advantages
of vision and language.
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Fine-grained Image Classification via Combining Vision and Language

=  Object localization

(f) Outputs: objects and parts

* Saliency extraction P

* (Co-segmentation

“Part Selection

(d) Part proposals

=  Part Selection

$2.1008 UONNPS

* Part proposals

* Part selection

| Method | Accuracy (%) |
Language+ft+box 81.81
Language+ft 77.80
Language 50.54

Table 3. Effect of fine-tuning and object localization for fine-
grained image classification. “ft” indicates fine-tuning is applied,
and “box™ indicates object localization is applied.
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Fine-grained Image Classification via Combining Vision and Language

= Jointly Model Vision and Language: Vision Stream

Vision Steam

* Pre-trained dataset: ImageNet

Input image and
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Figure 2. Overview of our CVL approach. The two-stream model conducts on the original images and their object localizations. One learns
the deep representations directly from the vision information. The other learns the salient visual aspects for distinguishing sub-categories
via jointly modeling vision and language. The classification results of the two streams are merged in later phase to combine the advantages
of vision and language.
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Fine-grained Image Classification via Combining Vision and Language

= Jointly Model Vision and Language: Language Stream

Vision Steam

N
1 ~— .. . . m T s e e e s e I
~ Z (Yn» fo(vn)) + Ay, fi(tn)) (1) | |
ne1 Input image and Wik - : I
object region | : . ~ees . " " | ‘Image - Classification Result
(locallzed automahcallv) | = = % | (;tce:;"!
fo(v) = argmax B [F(v,t)] (2) ' S 8l |
yeYy ‘ ' I
t) = E,vn[F(v.t
fi(t) = argmax v () [F (v, 1)] (3) |
|
F(v,t) = ()" (t) (4) |
|
L Sequer!lial l'l_t
]- sucoding ‘atuorv
o) =7 D hi (5) o

-
Il
[y

bonvolutional
| encoding

FUI) = fo(v) + B x fi(t) (6) |

brown bird with a yellow pointed beak

D = (vn, ty, yn)

6: encoder function Figure 2. Overview of our CVL approach. The two-stream model conducts on the original images and their object localizations. One learns

vev, teT, yeyY h- hidd beddi the deep representations directly from the vision information. The other learns the salient visual aspects for distinguishing sub-categories
i- hidden embedding vector jointly modeling vision and language. The classification results of the two streams are merged in later phase to combine the advantages
fo:V =Y, fe:T =Y L: sequence length  of vision and language.
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Fine-grained Image Classification via Combining Vision and Language

Experimental Results

Train Annotation | Test Annotation
Method Bbox | Parts Bbox | Parts Accuracy (%)
Our CVL approach 85.55
PD [5] 84.54
Spatial Transformer [ 7] 84.10
Bilinear-CNN [5+] 84.10
NAC [1Y] 81.01
TL Atten [7] 77.90 | Method | Accuracy (%) |
VGG"BGLTH [-’-”] 75.90 our CVL approach 85.55
PG Alignment [15] v Vv 82.80 (Language-stream+ Vision-stream)
Triplet-A (64) [10] v v 80.70
VGG-BGLm [ 9] v Y 80.40 Language-stream 81.81
Part-based R-CNN [3] |/ . 73.50 Vision-stream 82.98
SPDA-CNN [11] Vi Vi 7 85.14 Original 76.17
Part-based R-CNN [ 76.37
SE:DF [14] 5] ﬂ ﬂ § ﬂ 73.30 Table 2. Effects of different variants of our method on CUB-200-
GPP [ - 1 J/ . J Vi 66.35 2011. *Language-stream” refers to the classification result of the
Table 1. Comparisons with state-ot-the-art methods on CUB-200-2011, sorted by amount of annotation used. “Our CVL" indicates our full limguag_e :streamf “"n‘riilDI'I—EI‘l:Eﬂ.lTlh refers to the classification rﬂﬁ}ﬂt
method combining vision and language. “Bbox” indicates the object annotation (i.e. bounding box of object) provided by the dataset, and F'f th"? vision stream, CVL {efm_"s_m our CVL approach F'Dmhll“‘
“Parts” indicates the parts annotations (i.e. parts locations). “y/” indicates that one of bounding box and part locations is used in training ing vision and language, 3“':1 ‘Dlngmal refers to Ithe classification
or testing stage. Since the exact amount of annotation used varies from method to method. we defer to the original sources for details. result that only use the original image for prediction.

CAU AutoML LAB 8



71E MESCH O8] 2 MIT

> Hlojg 7

[7|& MZ2CH H|O|E]

- 17742 2tX} O|O|H (T A|| G| O| H)
« Cancer: 31%H

e Adenoma: 69

 Non-neoplastic: 7738

> Train & Test Set

[7|Z= A =CH OO E]

.« 2,888%2| O|O|E{ 4!
 Train Set: 141¥(2,256%)
« TestSet: 363 (6327)

> Input Image
* Outline, Inline, Polyp, E'ef H+Polyp O| 0| X|

EI:-II __I.I.kl
o UMM AIESHREZ S E8F A0 A ™ot 2
« MOl =vd &X[Z Si{2517| 2Tt Focal loss function &

H

> HhE AH 302

CAU AutoML LAB 9



MECH C|O|E| & Z1}

Table . Metrics with 95% confidence interval of five Images.

95% Cl
Model Metrics AUC Mean
Lower Upper
5= AUC 0.968 0.932 1.003
Meh g o Accuracy 0.917 0.850 0.984
[ neoplastic ] Sensitivity 0.889 0.754 1.023
non—neoplastic
Specificity 0.954 0.893 1.016
7|= AUC 0.901 0.844 0.995
MZCH Ci| O] E Accuracy 0.752 0.636 0.943
cancer o
{ adenoma } Sensitivity 0.718 0.441 0.903
non-neoplastic Specificity 0.715 0.428 0.915

AUC, area under the curve; Cl, confidence interval;
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