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Abstract

This paper aims to solve the problem of letting the computer automatically
generate natural language descriptions corresponding to the content of an image, that
is, letting the computer learn to “see and speak”, which is a fundamental problem in
artificial intelligence that connects computer vision and natural language processing.
This paper builds several end-to-end image captioning models by combining RNN
especially LSTM with several deep convolutional neural networks, and performances
are compared among models. All the models are belonged to the CNN-+RNN
architecture. The front convolutional neural network is used to extract the feature code
from the input image, which is passed as input to the RNN decoder. All the models use
the stochastic gradient descent algorithm to minimize the loss function and are trained
end-to-end. The results on several datasets show that the models can learn to make the
description more accurate. The final models are able to generate natural language
descriptions according to the image content. Results on the Flisk8k dataset shows that
the BLEU-1 of the one model reached 0.508, and the BLEU-2 reached 0.300, which
exceeded some of the existing models. In addition, an application system is established
Based on the image description models and details of models are shown by several data

virtualization technologies.

There are 108 figures, 13 tables and 46 references.

Keywords: Image Captioning; LSTM; RNN;
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1 Introduction
1.110)FE#E 5T (Overview)

AR FE R G R (Image Captioning) 7@, ik iH5EHUARYE S N %5
H BN E IRE T FIFIAR[3], & A TR R g vH LA v F H AR 1E 5 Ab 3
FHEE G (1 R Al 10 1]

R FIHHENUR T — A 2 2 sl BN AS,  Ada Lovelace
SR O B B B LT BN T AU 1 B 2 AMPAESS [13]. Alan Turing
AN A REAE T A 208 ) AU R N 5e 9, H20 T anf g 1X —id
e, — st bt EALRE S N E N R U IEE I R BTEsh, Bl s 5—
PSR T LA LR VT, RSk B A2 2 i X B3 B R At
FRIFMNRIEF AN, FAT X %) L#EAT #4% . Turing TA NP i 42 /2 AT Y
fri[14].

“NTHERE” ME&$EH# John McCarthy 28 A7E 20 50 SEARAIHL 28 [ bR
FATE[15] , PAAIE LA Google Deepmind B\ ML &% FEl 4 Alpha Go i H
[16] , JE&TH—F@fBR R . W4, NTEECERN M HERZE
ERAE VR IT HADAE S K R AR, HH bRz — M5 —Mugis — kA AR: TR
TIHENMEIF B2y R 7L, IR 3 RTE S MRS EIRE JI[17].

MIA W CaB AR BB, Mkt BEHRdEH
RSN ST 7T R R [4], TRt B A A 2 DR A i A Bk

HoE, AR D A 2 ER T I AAE . UG I R X L A
Z A BRI AH ELIER 28 LA SO S S PRI S BB E Bl . AEL, AR R iE S B
(knowledge) W2 LLEHARE S (LW oeid) MR EH K, FRLIZ
E LA HsE R (visual understanding). FHIBAAITE YL, HUE LT BN
o “FREUE”, FHEREERE “NIE7.

MG A B B AR A IR A S n B R S, et AR g kg N - S
TR, BIIFRICRER FAL R BN i i RS AT 4 AN TARC AR [2], itk
HMETT DL TR HE 9 20 B G AT 1891, DAL NN B 58 45

1.2HARIIRFN D4 (Related Work)

“H &L (bottom-up) F1“ H T K 7 (top-down) S 347 B4 i 1 793 A
FERER2]. BRI FRGE T “ BRI 7, BT R AR RZ KA “H
TR 7.
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X “CEERIM R W77, R s ok B R RO BT R, SR
JE X L E N R A R BUiR . R S T, AR IRIRR o B
(end-to-end)” 1], RPHp[E] S5 R FZEN NPT I BT, (618 ki hiEd 1
SEAE N T8 FRFE ) BB Sk 2 37 MR A IR 2 TR RS ¢ &R o [10]H IR
K ph 2 28 N 3 T B RRAES T, f2tt 7 28 (multi-model) (4L FETT
%, [FIRTFEH T AR N2 mT LLR RS (encode) ARFE MR Idh A5 AR A48 X 2%
(Convolution Neural Network, CNN) EN4atS#s (encoder) MEUZ 75311
#~ (representation), FfH7E4E R AR 4E ARV #k AN (word embedding)
B T EHURITE SUE B [3814 EIGR 1A 17] B S A BE A o) . 5 %
WZE—A~ CNN Fl— AR L 25 (bi-directional Recurrent Neural
Network, BRNN) K22 > {4 43 #] (fragment) FIXT R IR I ZHESHRA, I
FEAS BARRAE S A T 4 R a5 R . Ik, 12— RNN k% 2 R G
EIZ ks I 2] B P04 o3 B R A R — B IR 07 R38BT T iESRALL,  [39]=2 5
Zx— N 2R 8 BRI 2 IR RN, AR R4 TE SRR 245
SRR AR TR b 5 A 25 A At s o

X CHETAM N7 M7, SRRUE, AR —KER IS ER
(semantic representation), #8518 FH HARAS R R 4544, I anG A s 20 0 2% 1 45
P HgifS (decode) BERIRH . HH T AN 70 il il 044 B AL sgiiads , i 2 M\
EIMERIHIAR “—2087, Rlom ) om il 25 25 T AP X 2 B AU 2], FirbA
PRy CETIM T 7. [T =38 286 A 1 PR R SR AR A AR 0 22 I 28 of Bl
AT, HAERH KA A2 M %% (Long Short Term Memory, LSTM) [12]HX
AT 101 BT FH BRI 2% . [1]EIINE B 7 LSTM A 75 EAEREAN I 8] A2 AR F Ui
KGR R IKIRBEIE SR AT YN B A i 45 R . (113 7B E R IR AT 55 1
V4SS

B 17 LA EWMTT RS, A A A M4 5] AR Cattention) L
i, AT RS 7 =) B N 2493 5 ) J7 T T 2R AR 7 T . IXAE[41]9 5
W5 S ER AL 5y B g [40]H 45 2] 1 58, Bg ERIFEEH T 0BG S b
Ut 2SR S5 A R S5 o T A SR I AR S A S fT 5, SRR T- (110 11]
) “ BT 7.

MBS, BARGHEBERMMERHRT A 7 —ERAE 27
rfabs BN, [N I BVPN 808 JCIE VA S R AL 5 8 8 F
NERIR AT 2200, IR BT 3277 A B 45 R AT 35K e IR K1)
ZEpE . XTI SRS A B T B AT LD, [STEALES R B R A5
BT UA P CHAR R T SCEER A, TR AR B SRR,
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FOCEBIABE TP A BB A Sh IR B MR R IE T, A
WA LR, BAARSEEEIRTT, JIEVN RS, S ORIt T
it

1.3FZE T {€ (Contributions)

EEHIAESS, AR e sE T8 RNN M VGG16 M8 ILEMg g 1 K
B IAREAL, Hrh R TR RS BT ERISEE, X T CNN W28 [ Tl 25 5
TG AT SRR, MEEIRE IR, MR bsic . bEs
£ MS COCO itk 4y T /INEARTKFEARRIAT T I, 227 REERYE
BRI AT~ 4 BARTE S R AR . HIREAXW TEESET, BT
LSTM 255 JUFR & i) & AN 2% VGG16, InceptionV3, ResNet50 F[F#4) % | %k
Fh BUGHE R BRY, £ MS COCO, Flickr8k, Flick30k ¥4 b 3kAT Il ZR AT,
K F LA BB P VPN FE R B2 (R PR REIEAT T /WX b, IR Y 3
T PR AT S R X AR BRI A SR AT T M . A AR TR
V) & F o A R AT 7 S AT A AL T, SR R B S PR B R o, g
T B/S i )RR R G IRNA, K it SRR R A A

14ZEYTRH (Outline)

W H) SR A T

%1, ZRiy, MEABTHRITAN R, TARERMEX, BT
EUG S [n] E HIF FE IR, T IR AR SO AR H 245 1)

B2 8, MKRHERHMAR. FEER 7 EGRHIAMESE AR E ¥ IMES T H
B, PR FH 2 Tt AL R BEATLAG 252 B ARAL T VAN S i A i R . AEAP A R 2%
B, IR T RS AR P B SR IR 2, R 2% IR EE AR
AR ESEE

%3, AV R —, T ArAE RNN M@ BRRA R, AR
R EAR BT AT 2, CNN BT ZRoRA i AN BB AT o, AR R osT7
%, SLER AR OGS,

B4 m, ARTRFEENAFAL, ET LSTM MEGHRES . [
LSTM {E BB AL BRAZ L, 43 S5 J LA B A AR P 28 R 8 1 AH L
Fh B EUR R EAL, AR AIIZRA0TT, PPN ebs, LI DLAAH RS R .

%5 =, BAMEIETAL. S TRERTE, RGN, HiE
A 45 R 55 70 il AT T TRk
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2 REF ) ERMEE
2 Deeplearning Background

2.15]1= (Introduction)

PGSR AE 55 1R v s N A REATIEMN K e v Bl CV A NLP 2R & 1 7]
< S o = I 1 = AN O 15 e Sl 1 =3y T 47 3 T AR
B, TS PR B A AR 288 FHE B Aot 428 DX 285 19 T T IS ) S AR ik oty 38t A 222 )
T AEAR G R . AT BRI KB OO 1 =50
W, SRS BB TR AL IO A 535 LU Ffr FH e 22 X 2% 1) S A R 3 A0 P 8 AR
JE3 .

22585 3] (Supervised Learning)

TRIE S ST S I — R, R A N AR —Fhigie, Wl 2-1 pr
o BUARRIE “ERES 27 WH ERFRZ AN THEM AL H[8] , KT “IR
FE7 RPN HRE T2 R RAE R, BT S & & ek 2 >

AR, WERZ I FoR XSS I Ak 2 B, s A4
JFRARZ (AR “UR™) BE, 8 E BRI N AR 22 X 2% 1) J2 B x b A
Zo X “522]7, Mitchell fE[19]45 1 ¥l AR Fi 2 i g 3,
IR IUNAE e e il B Rtk AT B ATt

(o) () ST
Caa ) [semems| | [weeees | | srempesd |
‘ FILiEiRIES | | FTiRIHSE |
® ® | ® @
ETANGRS  SANE¥D RESI
w3

B 2-1 IR 2] Hlasa I M TR RER K 2-2 TRBESE 2] R GEAHAR AL R G AL B

KA FRELER
Figure 2-1 Venn diagram of Deep Learning, Figure 2-2 Flowchats showing the differences

Machine Learning and Artificial Intelligence among different Al Systems

THRENUAEE b 211345 Ry “BEAY (modeD)”, “AARHIARAL Sk 1 5% T4
PR AR . AR R AREAR Dy “UIZR (training)”, YIZRAEH] A EE Tyl



2 PREESA )T AR

ZRHH (training data) , BB E (0017 DLEEAT T f ak R AR il ik
(testing)o WEFERIEA LY, RN “HSL (ground truth)”, YIZRETH B2 N
TR B H E T .

AL ZR B AR 2 A PR, A4 S 55 k& T I B %% > Csupervised
learning)”. 1R 2 BER U1 BN LR PRSI Il ] AT S0 b 200k g 4K — S Biudit
fiX =Y, HAmXRmATE, YR E. (HZm % TR m e, A7
IRAMEFR B F, TIRAFER (%, y) € (X, Y) AT a7 #1K

BRI R A 2 B 2B B AR D IRTF I n AR (ep, 1), s (o, Y ) YR
(x;, v)~D, FEGI%IEH NP7 [E 4346 (independent and identically distributed,
iid)e I, FEIERNCIBG 2 X - YRR A — Mk 5 B4 3k 21 25
FEARR AT RE— 808 AT BARmt 4B —Nf* € FAERHW2E:

fr=arg 7]1161';1 Exy)~p L(f(x),¥) (2.1)

AR AL (loss function) L(P,y)F T4 &f € FRMIUARTS, = £ ()M
BRIy, 2 BT 2200 . R T — AN B 1 B A R A DL A 45 45
Selit/h. HRRSH, RATRARDEFIA R CR. Fik, 8RS
WA, X THIR ISR S, A1 855

t i N L 2.2
f ~argrpezg;; (f Gy 22)

PR LR A IR IR x5 AT etk .

BTGB 2 IR, AT 87 B f R e el LAl & 1547, &
Iy BT HAt A ZE I ZREE I FE] (x, y) ~ DK SR RENS 7~ A AR B () Tl 45 2R
Wtz . W TAEREANf € FRGTRFZARE BRI, FATERFIALL
M4k T (regularization term) R:

f in~ N L R 2.3
f ~argvpez;z;; (F Gy + R(f) (23)

HA RN — IR R, ARIL T T AR 2 2] S I AE L6777 THI R e I
o, M el ENZEdE RS RBOR R . ST IENE IR kR, “B
U1 7) (Occam’s razor)” J&—Fha F AR N[20], Bl “&H 2 MBI AT E —
B, NEEBE R IS (Suppose there exist two explanations for an occurrence.
In this case the simpler one is usually better.)”. #F)TEYL, 1EN AL AT DARAE X T
Ve R B 2R kR, IEMME I gl 15 30Q2.3) 3 BIE I 2Rl L0 &
PRI R A f, [R5 TR A2, 1) X(2.2) 8] 1 22 S [ 171

6
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2.3 E % (Optimization)

RIS 25 5 AR 38 U8 o Dl /IME BCE T RAE AN BRI () JE
] L /MEf () SRA8 R Z Bt inl i, e R4 n] PLE it B /Ml — f () RSE
W, T EE ML B B R R B R O B b R B e e, 2 T B MK
F, HRR B s R BN BRI (cost function) #12BR% (loss function) B
R ZRE Cerror function) .

2215 BE T p&

BRI 9% (gradient descent, GD) & —Fh# H 1K AL FE T B & /ML H A5
PR — IR AL TT v, AP “HBOE T RRIE T A FHRR T R BRI — ek 2k
(el e /MEL . A, IBREE IR T MR8 3), 420 R 1) e S R AR
R XAERERRZ N “BEEE_EHE,

BREE T BRI EN 0T Z e N BB R - Rt oN—4E (b)) “HoMe” 19
MEEAAE L B (gradient) ZAHXS—RIERFH FE: (RSO EH
BimFEmE, 1C/EG(x), EAERETT R BB LUk, BRI P 7
WERRAE “BRRE T RREE 7. RABRHARE TR, BUCH I RA:

x'=x—€eV.f(x) (2.4)

HrhePr A 21 % (learning rate) —/MH KA E SR/ EFRE, k1)
FRGRIEFE—ANEE, W] DLE I — 2 iK% e . BEEE T FRE e B 1 &
—NTCRAEN (B, REIEERD Wk, &R i T nlims i 2
V.f(x) = OB BNGE S 5. Kk, SR L yFE R FRREIE T A 5. 1)
I 4% (backpropagation, WLETT 4.2) tHEEAE: 2K HUA 86 A & ) 7
5 —/NE RS

2.2.2 a6 FE T BE

BERE AL (GD) BEIREBAVIGEMBE 717 TR, MG FEAR
K, ANGERBAR KRR, BOGEAE BB A REAR, RORSHRART .,
H T SEbRmE RS, AR BENLELE N (stochastic gradient descent, SGD),
TR — AN FEASRA A SO AT B8 . Ha, BEALERRE R R TR E
REE DR, TSR IOERA — & # & BB B R BAR AR B 7 A) o T 2RA:
AWERE (noise, JTHMTFAIEE) B2, FET RN T REMBEAE Z A
RS TTILST . TR E 2% 3 ) SGD 4 BR E i A e 0 AT FH B m ASFEA 4L %
Ctb, R B RRREAE B E R R R T, BRI “ttab
H” ) SGD X Z A mini-batch SGD. 1 [Jj—IXGHEARRA “—4%& (epoch)”
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[24]. #LALEE SGD REWETRAFA XS FRANFEA B SRR FEE B [21].  H AT TR
FEMPE ML, WERMEML ., IEIME s, LR E R SGD.
R 2-1 FETHUACHIBENURE B T B E
Table 2-1 mini-batch SGD

ke BT IR BIREPIAEE TRk T 435 CHI 2308

Given: #4540

Given: >]%Fe,

repeat:

MNAIE AT AFELLCer, 91, Gy Y YAVE— 1D
WL RITFEAF ISR i Vog(x) = Vo |~ 21 L(fo (i 7)) + R(f))
IFEEFHI T A = — €,Vgg(x)

HIrZHEFH: 0 =0+ A0
until /4%

2.4RE5H#E (Backpropagation)

REZE ST, AimEfFefaiAr, 2% ZERESR T, HA~4
PRI . NZRdFErh, B AL R RRLE R T B2 A MR EA T (0)
A% (back propagation) N2 F5THE1Z bR & BREE T8 N\ L 1 715,
i I s U b A P B SR R SE I o SR I b 5 1) A% 4 T DA HBEAT AT oR 251 5 8
O T LR A, R ZRE SRR E LHD [13], RN T2 ) ik
T, JEE TS BRI BT SRR EERIVe I (0), AR
I AR [RIRE AT DASRAS G T4 A 2 (R4 B

® 222 RIAMERFHE
Table 2-2 Back Propagation
Rk RIAERESIEH TUI125
Given: ZHE((x1, ¥1), o (X, YWD}
Given: FECAE (BIZE#40, epoch): T
fortinT:

while 45 #5A¥ 7% do:
forlinlL:
BTG 2 — Z RS BT Ext s E 215 H1 iR 2 iR 7
forl =L, L-1,..,1:

/iﬁ/?fﬁ#ﬁ H B IRZENS 12 /5S4 -FH -

(vec(wl) )
LUK B iR ZEN] 2 A F 9 -F

(vec(xl) ) ’
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B wh— wl — n% (2B BEPLIRIE TR

D
Return: w1 =12,..L

2512 M4% (Neural Networks)
2.5.1 ELARMEZ MLE

R N AR IR 2% () AR BTG 8 N AR et 2-3 Jos,  fRIRRAHES TT
(neuron), HUBiH REBCRIETAEYME T, EVMAITTHE —DBIME, BT
BG5S AR RACR L BIE R, b T %A IR S TS AL
IO — AR MERAE R Rt NS BB LT e n M
Ax = (X1, Xz, 00 Xp) s ZRSHETCIRFHNAG SXBVINBN,  fay Ha iz 4o
IO A -

Z=wixth (2.5)
a=f(2) (26)
Zo wo
axon from a neuron Synapse
woLo

cell body

f (Zwm + b)
Zwizi +b '

output axon

activation
function

2-3 NTHZe

Figure 2-3 a single Neuron
Hwhn ERE MR, baamE, f/RBiEKEl (activation function). 4
BOHRECY 0 5 1 BT ERER £, M ol 2 B ands, RIIR i 5 i) N Tph e i 2%
[22]. {HAZHERERBUEATT 20, N 7B TRk, FF25 NiE
SRR AR e 1 eR B TS B AR
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1.0 o 1.00 Ve —
/ 075
08 /
/ 0.50
06 // 025
/
| T T r ) y T T r
/ -0 5 =.0 2.5 dlo 25 50 75 10.0
9 .2/
/ a5h
/'0 2 /
- e
— T — .00
10.0 1.5 5.0 25 0 25 50 75 10.0
1 @
10 10
s 8
6
6
4
4
2
2 T T T T — T T T T
0.0 75 S0 —2% 0o 25 5.0 75 10.0
. . : . . . . . - 2
0.0 75 5.0 25 ' 25 50 75 10.0
@) (@

K 2-4 H WARZEMEBGE KB N(1)F(4)53 514 Sigmoid, tanh, ReLu, Leaky ReLu i i 41
Figure 2-4 Activation Functions. (1) Sigmoid, (2) tanh, (3) ReLu, (4) Leaky Relu

W LRGSR AN 2-4 PR : ST (Sigmoid) BREL: o(x) =
1/(1+¢e*); WHIETZ (tanh) PREL: tanh(x) = (e™* —e¥)/(e™* + e¥); Zit
B (ReLu) BREL: relu(x) = max(0,x); v #& NP #E (Leaky Relu) 5
. f(x) =max(ax,x),a € (0,1), %.

M ITTHER A IR, 82 o 4L, HE R A e A
BRI M IR AR LAl AT AR R S A A 2 25 [17]

W2
W1 »
> o /
BAE BHE
Input Layer =T =4 [T =) Output Layer

Hidden Layer 1  Hidden Layer 2
2-5 =3 EMAEM SRR
Figure 2-5 Illustration of a 3-layer Neural Network
nEl 2-5 fos, N—A 3 BRI (BEHAEEM— Ml 2,
HHESRBEZZEER. BTRANERA T IHRRESHEHRA AT i
IR PR BIf(x) = wyo(wyo(wyx)), FHHwy, wy, wa NAUEHERE, o NZITE T
AR A pR R AL HE

10
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Iz
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P

2.5.2 EFRMEZPILE

GRS [26], &ML [T AR TR EAG FAL s 25 74 i 1 i 42 1
%o BRIP4 1R SUAE T B2 2 0B RZEFC R E (pooling layer, X
AR RFEZD [18].

LRZE S — eGR4 (convolutional kernel) 7[5 4R £ b FF5 K2 HL
FRE. #a)ihvl, BNEHERERS — M ERIGES . B2t 13 K&
BECGIREE . 08—k ZgERGIE R, FFEMH A Z4ER K,
T ELj:

HG@) = UK)G) =) ) 16 )KG=m,j—n) @7)
BRRA I, HILEHN T
HGD = K=DEN =) ) 1 =mj=mK()) 28)
RHIEE]

feature map

_ 32x32x3 HAEM&Kinput image
/ V5XSX3 GiZkernel /

e

= 28

#FiHconvolve: FfH

At E R
//; S B S d

1

|

K] 2-6 8 FH 5x5 MR FRAZ 032 x 32 x 32 NHAT B R EE

Figure 2-6 Illustration of a 5 X 5 kernel over a 32 X 32 X 3 input array
Ik 2-6 ZGRRERREE, A EBAEN32 x 32 x 312 4E44L,
IS x SIEIRZ, RSN IR RS2, AR AT
(padding), #0108 (stride) A1, W—NXEAERZMER T4
28 x 28 x 1HIFHEK], AT LAH B & id gk 2 Ja i) — M iliE, 8 —
MEARZ DXk, BT HES GRS, IS SRy
KAz -

11
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Pooling/&: 3x22x22

pool size

Conv[z: 3x24x24 maps\:

Kenel Size: 5x5
Stride: 1

=\
RF size
Data/Z : 1x28x28 - ~ inputimage

K 2-7 BRI S Hak
Figure 2-7 Illustration of weight sharing in CNN

B PORB N SER, BURNEMMETTEHRANEL - UK — DR E
HN P TTAHIE, MR — AN REERE NS, AHERAEEIN, AN 2 B AL E
P TUILZERZAUE, WK 2-7, FIEGEHZERZFR 722 NS 8 E.

IR @V R RV RRAE I 4, T E M S HOR B> E 2 2 NS5, B
M E AT, IR Z & W AFRE R KILER (max pooling) FI-FIAME I
(average pooling), FAFFHESEIEA “FRAZLME”, BIXS T AT &
e, iR S IR R EA 2 R AEARAR[13]

T A AR 20 ) 28 18 I 3 B A AR DA S B N 3R J2 R il v SRR 7 R
@[17]. CNN i&H HRHMFn4ERE)Z (full-connected layer, & FK fc layer),
Dropout[31]5%, XL fFEAT4H & NS CNN 40 . H4M271%R W,
ICRERE AR R BRI N LG BT 0], 8 —Fh stride convolutional layer (2
ME2EZE) RAFICRE#H MR N A SRR R M e e, H
S 45 R IR XM U S A A 2 AE R e 1 BEE BRI AL R B AR 4%

2.5.3 fEIF R L%

TEIRE M4, &KL [THIRAC B F B AP P 2R R (22
P& RS A TR AR L2 28, (SRR Y BRI GEF
REFIIKEARD BIFFFIFEATIZ . X RNN MM E, MAFS
xD,x W, xORFEAEREE R FE (time step, 48 7741 1AL E 7B S FR I D 17
EBHEFIIS R] P41, RNN T 24 5 (8] 2 v SR T b — I B k5 as R . %7
TEIRMRZE s, i )DL RPIRES

h® = f,(hED,x®) (2.9)

BRMBHEA TR, R, HT2SHH AR RS E. X
N BRI AN BT PAAR 22 P 28 B A R BT B 2-8, R IAT it (R PR 2 I 2

12
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OL IR Cr O OL
~o- f fiso-
f f J&JF Unfold i f i

K 2-8 %A H IR AP 28 X 2% S5 i it B A R TR 7=

Figure 2-8 A recurrent network with on outputs

I AESCEEIS R0, BRATIA B RE S 7 AR AT L ) At B T . AR R R 0 2% 2

K 2-9 Fi7~:
@ 2
0 o
Q)
&

K 2-9 Bk PRI L 25 )3 B A RT3
Figure 2-9 A standard RNN

HrpReRES 2, & 2-10 Bros AL P TT A FEBEIN 0] 20 S5 S M T Al i), bt
ff] RNN 4b2 e A i I —f— R

® &)
t | t
I
}‘F | i
©

2-10 FRAETEI AL I 25
Figure 2-10 a standard RNN
KT AN I R 2D RS -
®

(t 1)
A —tan/in l (2.10)
NG

Hrh € R®, BEWIER An x 2n.
[12]4& KA HHIE 12 M 4% (Long Short Term Memory, LSTM) & brifEEIA
PRE M G RR A . AP REEURSZ, AR EZ W& 2-11 frosi b et

13
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oo A SRR E, B RN e AT A IS A FERMEE,  BFTIE R
[13 [‘_‘l ”:

® ® ©
wa | I f
A TEAL A
© ® ©

Bl 2-11 KH A2 0 2%
Figure 2-11 an LSTM

LSTM BT AL I N, G 7 FRAE RNN HAFAE B B2 T 2R RIS BE AR AE 1Y
Al AT AHE B RE S AE 7 41 R K B s i mT DUCR B AR 8, SO T 2N
“KIKH (long-term dependencies)”. it (] (forget gate). i Al] Cinput
gate). HiH] Coutput gate) ZEFHSMHE, FE H Sigmoid BUH R s A ERAE
HIp. Sigmoid HIMEIRAE[O, 1], FrLA &84k 5 Bl id () be s, 1 an i
B 0 RIS BAREEM, BN “aMEs”, mbuEN 1 EE1E
By, BT REES e, RGN, EH AL

i o

f o x®

AEI w[ﬁa_n] (2.11)
g tank

CO = fOCED +i0g (2.12)
£ =00 tank(C®) (2.13)

HrAo 7y Sigmoid B R E,  tanh 27 A M0 12 2 A0 1B X B0E s, O3
L EM. Hg OURBERRA “Brl] (block gate)”, HUEYEFITE-1 B 1 2
B, FREEE “i8/Z% 76 (memory cell)”, B CHEMETE AR A B[R] L [ A 7] i3k
1T I AEH#E (backpropagation through time) T ANHWI[17], Kt /2 LSTM gEf%
TRAFR MR BURFAE AR B

2.6 KE /g (Summary)

ARESGT AV KBRS ST M RBES AR, $R il T A BRI
B2 S LA R H Ar B LR AR e ME H AR eR . A2 TR T BEAA B R
EE Tt AL B R BE N LB EE T FESEE,  RSCBURAL i T2 8, caiifed
R A BB P P 00 S AR R 0% .t TR LG ARG AR A 22 X b FLRF 1) LSTM 2 A

14
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B PR (1 B A B, T LA AR A 22 X 2% (R NS AR 22 T, BB 22 0
2%, FEREARPILE ASAGIA SR 22 0 246 1R B A A 1 T 204

15
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3 ET# RNN # VGG HERiiRER
3 Image Captioning Model Based on Standard RNN
and VGG

3.15|= (Introduction)

1 E—=, FBAINE T ARG RS = ) S MR, Bk,
AT 75 B X EUG IR AT S5 T 06 5 F- 3o AR B IR AT R . X — BB R FH
NG MBI LN 2 — 1) VGG, F KRR RNN 7E iR A oy,
e [ Ay 2 iy ) i ) PG P IR AR TR
3.2HXT4E (Related Work)

FILEHIR
1 “HBiES .

VGG16 —» VGG19 |[—>» MSRANet } AL IR + s hiE
]

ResNet

Inception V3 J/
Inception V4 | Inception
ResNet

IR ETRERThEE

NIN > GooglLeNet [—>|

il

MSISHES RIS

f g_"&';e‘ —{ FastR-CNN —> Faster R-CNN
Dropgut
Relly IBNNSRAIIhEESR
GPY+Bigdata
Inception V2 FCN STNet CNN+RNN/LSTM

3-1 AR5 faf WAL
Figure 3-1 a Brief History of CNN
ARTHE FH G A I 2R SR AR, dnf& 3-1 2RI P 4%
HIRBUK JEPIRE[25]: LeCun 7E[26] E (XA HI CNN AL, FEAERRZ R 25 rh 5] A
HHZE, Hinton 7E[28]F 1511 AlexNet 7E ImageNet[29]F14 732 Lb F& p SEEL R
M, RKRFEAC 7 BB REEE R . BEJS S AT I S AT B AR 2 I 25 2 A
53, FEFE 4 DTTIRTE[18]: DM IR 2)EIZEDIREsE ; 3) M HKAT
25 BIREINAT 55 4)%T D BESR T B HY AR 0 o
VGG BERIFE32]H ki, FFEUE T 2014 4F ImageNet ILSVRC 7¢%%
YIRS AT 55 B 258 — 2 AA 7 RAE SIS — 4. VGG A 5 MBI, 2 B4
BEREERRIE, 1| B RIE, K= A 16~19 2. BT HALR
PR RE,  AAH R a7 5 B 8 g Jr LA BT SR L AR v RNIN — S R A S (R (R ik it
AR

16
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33BN TR (Model and Inputs Representation)
3.3 1 EEMLR

A
Elrﬂ
flying
over
A bird flyin
*la - overa b\'rcl)c?y of
body water.
of
T5AES 245 IEICNN . water 4785 .Jrl_
Input Image Feature Bdraction Captions

3455 £RRNN

Language Generating
3-2 i B i 4 15 i ik A %
Figure 3-2 end-to-end neural network

TR AR A CNN+RNN I#4E, S Eim Cend to end) MJEARHIA
PIGHE, S AT BRI B RE S L, Beaibdi s s B & 20 21
R ZMREE S TPIRI K B A S AT AU T FR[217 1 R 2 w2 R 45 1)
KePEANA 3-2. RAAERD CNN 1E4iR0 45 (encoder) FRIXPR K FFAE <$§i¢ﬁ%
JI ] 2 A FERRFE B, Bl AN B3 T RN R 3R A2 il % B i i 5 178,
E%HEﬁ)\ﬁ‘]lﬂﬁﬁﬁﬁlﬂﬁlﬁﬁwlﬁ, LNIIEEEILE uf”ﬁﬁﬁff%iﬁiﬁmﬂ‘ﬁ\“ﬁﬁ”

o BEJE, LSTM [ 2%4% JEAI (8]0 BEAT A [0 A S RO A% 3, ACRFIR (T 2 ic JF
“, BN AE _EXHRNCHEATRAE, A5 2R RN 8] 20 _E A 1m] T R
At SRR R BIRNE B AR R — AN RN, AR IEEHE, ELRE PR
IRIVEE AR BRL, IR A Ao

Y Y Y

. S
© o |©
< < a2 ¥ e e e & & = S| |8 L
© © = ¥ ~ o || o ) ) h |b| b © ©
2,2 A AR R EREI R R AR ERE-IRE)
S o8¢ *¢g E§*ao ™ol *ors*o e T aore*e e PorEE < -
[&] (4] Q [&] Q (4] (4] = (4] Q [+] (] (&) Q &“9 ‘E
(3] o) o o o (2] o o) (3] o om o) (3]
x > x X X x x > > x x x 3
o) (32 o o (22} o) o) o) m o m (2} o)
\\\\\\\

Size:224
Size:112
Size:56 |
Size:28
Size:ld |
Size:7

K 3-3 VGG16 M2 4E *’J%MLIE
Figure 3-3 Architecture of VGG16 and operation in this paper
AEFEHP VGG16 TSR, 4 VGG16 i) 42 1EHE /= Softmax
ERE, MWER: (BN fc4096 ZE %D f A\ F| S TH T RNN H1,
AT IE ARG VGG16 BB VEIG Nk 3-1, A1) None 7E Il 2k
HKE A bateh R /NET B 4t
% 3-1 VGG16 V1S
Table 3-1 Parameters of VGG16

17
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= RE i R SH
Layer Type OutputShape Param #
input_1 (InputLayer) (None, 224, 224, 3) 0

blockl convl (InputLayer) (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
blockS conv2 (Conv2D) (None, 14, 14, 512) 2359808
blockS conv3 (Conv2D) (None, 14, 14, 512) 2359808
block5 pool (MaxPooling2D) (None, 14, 14, 512) 0

flatten (Flatten) (None, 25088) 0

fel (Dense) (None, 4096) 102764544
fc2 (Dense) (None, 4096) 16781312
BEHHR 134,260,544

Total params:

YIS 8 134,260,544

Trainable params:

EAIIGSH 0

Non-trainable

3.3.2Bg %R

B R BT AL E, A EMREATESE (reshape) ALAGE—H)
Ak, DLROR R & 8 T 5 3R G S 214 e [X [ 55 . e A RaRTE

18
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ImageNet TR ZR G HLE 1) CNN, 0 AR B 5 0 J7 46 BEUR At — 20 Ab e, Ab 2R Ad

PRRAEANE] 3-4 FraR, AT B 38 ] 5 K P2 1) 3 (1) MG R AIE
x_, = CNN(I) 3.1

Hrronm AN BB . B 3-9 REMFE LSRR, BRINRAE gt K AE N
P46 e S A 32 21 5 T ) RNIN I 5 A7 2 e

Vr | &2 <class
4 | s ‘'numpy.ndarray'>
(1, 2048)

® [[0.10409195
0.21475875
0.6924446

0.10989226
0.3023196
0.33282188]]

A\ E&Inputimage IR R AN B§preprocess  HFARLECNN HFE4RiSfeature

3-4 EETALE

Figure 3-4 Preprocessing Image

3.3 3 IAC /AR AR IT I

X T BRI A T AR E BV GRSCEERT S ITE S o8 80, TRy
WD) TS, BAAMAE NS AR E A F, KILFRELE Ty
Sb PN BEME AE PR ) P U o 8 Se R B BRI AR, TRV AR A AR /ME
R, WA DME LA AR G T A0 AR, B B3R () s ik
Ky BUBRRE W XTI St FLBEAT I, SRR R B A R AR B BRI A
WG FREIANIER AR JLA KRB RIPRIC (token), X THEAMAR, 7£
IR K E R M A <start>Fli<end>, RIERFIAKIFFaEMLEE; X THA A
FEARNE R, A <unk>PRid REMN: BT TEGRMEKEA—, T
i LSTM bBE R BT, 5 B A I Ab 3 Rl e A RGN IR PG FEAH S8, 31X
AN IR A TP R K R K B, AR KA E<end>brid 54 B&E T
M<null>Frid, ERFMERER, ArHEZbRCrIEE . 4 TR P A EIE
BEFRD) —ME—REE R SME, XA 7R 5 2ETE B R index to
word.

JSB N S 11 % R SR VA W RGPS S =W R T b s s b O A e~ TR [
B word to index. MIMAH— MR — MR IMEFF, 28610058 4-2. AT
KNt — B EECH#R N (word embedding) U

£ 32 Hdbrid sz E
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Table 3-2 Illustration of Caption Tokenization

B RN A 1) 43 WU CER) RIIFF
i T ['<start>', 'A', ‘child’, 'in’, 'a', 'pink’,

'A child in a pink dress is

climbing up a set of stairs in T e
stairs', 'in’, 'an’, ‘entry’, ‘way’, ",

'<end>"] <class 'list> 20

[1, 1512, 6662, 5512, 1512, 1460,
7510, 1109, 5284, 491, 1512, 7056,
5671, 3090, 5512, 5948, 1153, 470,
2467, 2] <class 'list> 20

anentryway.'
<class 'str'> 72

['A", 'child', 'in', 'a', 'pink’, [[11512 66625512 1512 1460
‘ 'dress', 'is', 'climbing', 'up', 7510 1109 5284 491 1512 7056
Flickr8k: 'a', 'set', 'of', 'stairs', 'in', 5671 3090 5512 5948 1153 470
1000268201_693b08ch0e.jpg ‘an', 'entry', 'way', '] 2467 2 0 0 O
<class 'list'> 18 0 0 0 0 0 0
0 0 0 0 0 0
o0 0 o0 o0 0]
<class 'numpy.ndarray"> (1, 40)
int32

3.3.47FCHRA

A SR BATRA IR Fe BN 7 R SHER R P51, X8R 5 HE A R
FoR LA TR P I B ARALE, X TRl 75 208 ARl N AR B
LSTM 1E A ALk A b B e, PRI ARV . RN, o2
— MR R B 4E ) B AL R TV, Blword — R™. f H ARFH B 15 B0 7
o RN AL PR AN EEARN R AR [F] Y one hot CFAZAY, BL
—frA G R, BLR 3-3 N, AATRNER KN 7709, DRl IR ) A
AR AR EL el 7 — AR R — U1 one hot A&, RAEX MRS E -

N1 HRAA 0 F£oR:
R 33 WL TR EE
Table 3-3 Illustration of Word Embedding
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E=E]l

Index

470

401

1.109
1.153
1460
1512
2467
3090
5284
5512
5671
5948
6662
7056
7510

7708

B A FEAR AV one hot [A] &

(So,sl,...,SN)y ﬁ:

&

word

<null>
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<end>
way
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entry

pink

;{airs

ch mbing
in
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set
Eress
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['<start>",
1512, 6662, 5512,
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[0]
[0]
[0]
[0]
o1

[lo]
[0]

‘a', 'pink’,
1512, 14860,

o] o]
0] [0]

‘dress’, 'is’, 'climbing’,'up’, 'a’, ‘set’,
7510,1109, 5284, 491, 1512,7056,
o] [0] [0] 1[o] [0] [0o]
o] [©J] [] [©] [O] [O]
[0] [] [] [] [] [0]
[o] [©] [] [] [0] [0]
o] ] [] [] [O] [0]
[o] [©] [] [] [0] [0]
[o] [] [] [] [O] [0]
[o] [©] [] @] [O] [0]
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[o] @] [] [] [O] [0]
[o] ] [] [] [0] [0]
[o] [©] [] [] [0] [0]
[o] o] [] [©] [] [0]
[o] [©] [] [] [0] [0]
[o] [] [] [©] [0] []
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[o] [©] [©] [] [0] [0]
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[0] [] [] [] [] [0]
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[o] o] [] [] [0] [0]
o] [©J] [] [©] [O] [O]
[0] [] [] [] [] [0]
[o] [] [] [] [O] [0]
[0] [] [] [] [] [0]
[o] [©] [] [] [0] [0]
[o] [] [] [] [O] [0]
[o] [©] [] [] [0] [0]
[o] [] [] [] [O] [0]
[o] [©] [] [] [0] [0]
o] o] [J [] [] [A]
[1] [0 ] 0] [] [] ]
[o] [©] [] [] [0] [0]
o [P ] [ o1 [©]
=,
H] B Sz \

‘of',

'stairs’,

5671,3090,

o]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
0]
[1]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
o1

[lo]
[0]

in',

[0]
[0]

RBFEAE, X Tk

X = WeSt't € 0,1 ,N N

1

‘an’, ‘e

[0]
[0]

ntry',
5512,5948,1153,

[0]
[0]

‘way', ",

'<end>']

470,2467, 2 ]

o]
[0]
[0]
[0]
[0]
[L]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
o1

o]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[L]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
o1

AFPHIS =

o]

[0]
[2]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
[0]
o |

(3.2)

Horh S, BP0 ad A PRAS S K1V ) one hot [A] & . W72 W) HR A AL A
o R RN, B

K, RIS RETE] V) one hot [7) 5 SR A% A o5 A4 ARG

A28 (U ZRHEAT O AT e . 1 LRI R e R
3.41E&I% (Model Training)

3x3 conv, 64

3x3 conv, 64

3x3 conv, 128

33 conv, 128

363 conv, 256

33 conv, 256

w, 512
3x3 conv, 512

3x3 conv, 512
Ppooi2
3x3 conv, 512
3x3 conv, 512
3x3 conv, 512
paoi2

fe 4096

fc 4096

RNN

RNN

K 3-5 RNN i 5 R Ry 48
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3 EETFRrefE RNN F1 VGG [ EUE A R 1R

Figure 3-5 Architecture of RNN Language Model

FLAT S AL, AritE RNN ERENIR EE BN, FFE2RTEE

BT R T A R A
pre1 = RNN(x,),t €0,1..,T — 1 (3.3)

25— MR CH T Slsy, ... 57, ARHZE RNN B2 K EEONT + 2[017C 1A &
X_q,Xg, -, Xps FPa RISA 3.1 LR, RonZeid CNN A PEAT 3 1R 2
i, xo R BT —MREER R <start>hric, xRN ThrRicfo g 7 5 s,
t=1,...,Tc RNN IR PDERCRESh AR FFH, fdip AR EmE, 15
JiiEna 3.3 2 3.5 s Rt A Ep RNV + 1, Hrd vV RIRRid i
W, BOMRIEAS 1 R — MR R R <end>Arid, 4 AR R Fp, A7 A

RRIBAS, WEE=0,...,T— 1 ERHRMH £sey,. £t =T ERHER T2
<END>#Rid. [H/&Ep_q 2 1.
/Zt = tankAW Iﬁt_ll (3.4)
Xt
Diy1 = Softmax(/it) (3.5)

XPNT S b, R R AR

FEFAN (8] 20 BT AR TH AR AN R D B RRGERASE s BN 1]
A FFRHE RNN AP BT A R AL R FRifE RNN 58 G FrA IS R) D BT R A%
&, R BI1G 2 A NEE ER T A RRECRAS s RN T2 EARHE RNN AL 2
TR G THEAERAE D ESUR KBS TN, RNN EBURA, EH
FERESERIRE S ; BN A]2D L ARHE RNN AR S C I S e TF B AR 3 ANI (]
& FHURBREOS TN, RNN BRGBUIRAS, SRR RIREE; BANNED B
(TR AN TR 7 U T 0 R =7 NS A e K o S == I e B D 2SS U e
1, FoRNELRGHE, FrLAGE S n) S G 36 2 a8 — 2. Fr LATHRE AR
[ 453 2K BRSO TRV R NFE R FORR BE s I IS B 07 5 A8 42 . FH LK RN BE5sIR
A A S ORI R AR R AP AH BT 99973 IS ) Softmax 453 2K B
e RN AR RHACR A A AR5y, IF H AN R
ground truth WV, PAHRE A8 FH — MG Y softmax 453 5% BRECK T 545 AN I (1]
W E 1) loss FBREE . SR 5 W BN 1] 1Y) softmax loss {HR A, FFiHBAEHEA
minibatch b )~F35ME
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3.55C8¢ (Experiments)
34.18UEE

MS COCO (Microsoft Common Objection Context) H{#E4E 17— KBS
GARA, B o EIRHAR B S . A E T R S AL 82783 TRk
EIE, 40504 5KEGIEEIER, 40775 sk EMER . XENT 400135 Beilll 2k B 1) Hi
BEHE, 195954 BXGAE G HIHEER, 203800 BUMR SR iR HdE . Hh AR K A
BESER 17,

3.4.2 LG8

A s e R 1 3T R4 Python AT NumPy 26 T4 RNN R4 R (i) 2 .

AbFEZS: Intel(R) Core(TM) i7-7700HQ CPU @ 2.80GHz (8 CPUs),
~2.8GHz.

SIS E: Windows 10 EVAR 64-bit (10.0, Build 16299). 8192MB
RAM.

Frk TEAES: Anaconda, Jupyter notebook, PyCharm, Python (J&F
NumPy).

W E: P23 5x1073; 203 0.95; WiLER KD 1004,
RKHIAKTE: 17, X T/EARINGR: WZRFEAR/N 100, #EK/DN: 50; RNN
FROBCIRASLER: 5125 PRIAIRANGER: 2560 XFT REEARUIZR: NZRFEA KN
10000, #LA/N 50, RNN FRBUIRASLER: 512; HIEHRALEE: 256.

3.65CIGZ5 R (Results)
3.6.1 BT/ MEXRIVIZGHIZER

Training loss history

o 5 50 75 100 125 150 175 200
Iteration

3-6 FEF/IEARIIINZRB R AL
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Figure 3-6 Training loss history Based on small sample

W T HE S B R UECR, Oy 1 IS IER R AN SRR IR R, AT IMEAR
E ONEE SR BEHLIEL 100 Tk EUS AN R 100 Bk, —ik EE B
ff)— B ground truth $38) BEATUIZR. W0 3-7 Pros ek &5 3.4.2 L6
B, %k 50 B R IEAN 200 UG HISRIR S R . FTRVE H, FEREA LBV DL
N INZRAIHR iR B S AR B B I W AR B 209 0 IR IR A, H
HRT 1/8 PIEAC IR AR T FEITO W o ER R AT Rk, BIAR AR N
FEARRIZFAT T BA RIFH “22388 007,

train ) train
<START> there is a room with various items in the picture <END> <START> a cat lying on top of a keyboard <END>
GT:<START> there is a room with various items in the picture <END> GT:<START> a cat lying on top of a keyboard <END>

val
<START> an busy of a <UNK> <END>
GT:<START=> a group of people getting on a red train <END>

val
<START> an <UNK> motorcycle the painting <END>
GT:<START> a <UNK> dog is painted on the side of the passenger bus <END>

B 3-7 ST /IMEAR I GRS IR S H R 4

Figure 3-7 Captions of train and validation images Based on small sample
HER, BRI CIAE, ENZRE EIEFERN 100%. EERUEE R
AR, JEANNZRPEAXS L, Hr 45 R W 3-7. IRWIE, UIZRkEA ERgEALA:
BT ARUFIZE SR, A R AN ground truth JUF58 4 — 8. MR SEERE -1
TR N B B R T A 2 G2
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3.6.2 BT RHEERINGLER

Training loss history

80 -

70

o 2,000 4,000 6,000
Iteration

3-8 T RFEAM N ZR KA

Figure 3-8 Training loss history Based on large sample
W& 3-8 o sk I ET 3.4.2 SEG B OB AR S i) BB I 25 50 %8
EILIEA 10000 K5 HISER AR . AMVNEAR EIIZRAI S RAAEL, SR e T4
REEEIEACRBAIN ZREe B 2 800 R FEf& s KXo T: BT iIlgekeAs
HIRIRE R, BT AN R VR EVE A L T REAR ERm3 2, 4k, K
FEARRIRG T OLLLNREAR T RAG 2, HIBIEARED S 24 AR E A
Z A AR AR Ja ok SRR T A T A4 R A

train

T T 1
8,000 10,000

train
[Result]:<START> a man is sitting on a table on a laptop with a laptop <END> [Result]: <START> a bathroom with  toilet and a sink and a <UNK> <END>
[Ground Truth]:<START> a picture of a man and woman on the screen of a lap top computer <END>  [Ground Truth]:<START= an antique bathtub in a house about to be <UNK> or <UNK> <END3

train
val
[Result]: <START> a man of people standing to a street with a street <END> I . _—
) Result]:<START> a group of people of people are next to a large building <END>
[Ground Truth]:<START=> a bunch of people walk through the streets of a town <END> (G4 Truth]: <START> in a large wooden room people stand around black covered tables <END>
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val

val

[Result]: <START> a man is standing on a skateboard of a field <END>
[Ground Truth]:<START> a bike with side <UNK> <UNK> against a wooden bench <END>

[Result]:<START> a giraffe standing in a tree in the field <END>
[Ground Truth]:<START> a couple of giraffes that tside a brick building <END>

Kl 3-9 FTRPEA R ZRAEE B B R 45 2R

Figure 3-9 Captions of train and validation images Based on large sample
XHNZRFEA AT REN LA 2, UIZRFEAS AN S5 SR H B MEA R 0
FHEMETEL. diaHURENZRES UL A ZREE st s b1 iFess
R, KYEETHRAE RNN A VGG (13 88 GENE 12 52 fan A\ & (R i B St 2B 7 5
B AR RN B ORE 5 IR, HAERIEER B IRR 25 SRR IR A RFEA
FIfEOL R, [FIREAA Mz REST .

3.7KE /g (Summary)

AEFET AR RNN M VGGL6, T8k T MR kgt MANBIRE B &
N, TCRMEE . VRN IR ERICA L R R TE A A A . IR
F MS COCO %54, AEAAE BRI FI/NEAR MBI T, WRERET T4
DA AESESE BT T M. AMEAR TN R T A R, fERFEATR
AR T B iz AR SRR AL, 25 SR B R TSR 6 T U R BRI R B AL
P Re =R BRI ML 1 F AR TE B IR, UF I TR IR . (ESRTT
BRI, N R B SR At L AR S B e T — i itk
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4 BT LSTM # VGG, GooglLeNet, ResNet BE &
R RE

4 Image Captioning Models Based on LSTM and

pluggable VGG, Googl.eNet, ResNet

4.15|Z (Introduction)

A — B & T A1 RNN M VGG W28 R 2 1 I 31 o 1) R SR A5 70 I e 8 o)
PUG AT AR IR . ARZHG LL LSTM 1E IR A s iz O dLtE, 5% T8
#f VGG fEN ) GoogLeNet. ResNet EGFFESERUBIAY, FET VR B2 S HELE,
e J I %) o 81 i %) PR IR AL, RN IR T o TR, 5
GE G N IR AR B A (bag), K E BRI E NIRR B, i
FANLEZR BB () BLEU VPEAN T b5 0] 4R A2 i B A 14 REdEAT 1 2 =TI,
AR B T B [RI 3E AT R e, R A HE T BT 8 B A A 55
ZH, TEIEN AR R R B AR AR s g T R MR PRA

4218 T4E (Related Work)
4.2.1 GoogLeNet

M-8

4-1 GoogLeNet Inception-V1
Figure 4-1 GoogLeNet Inception-V1

GoogLeNet #& ImageNet ILSVRC #ME 3 FALE M ZE, K 3-5 2
GoogLeNet )55 —fiz (GoogLeNet-InceptionV1) L4 22 Z: HHUhth=E
WM, BTN RE=ZHTMSAR, T2 Inception (HRE G IASS
F) BHREIZ . &l 4-2 24 Inception FEH I FRAG R THFACSRE, AT 40§ SC P
PE R BRI D RE, T USRI FE A S PR AIE R k2> 2 45331

27



4 HT LSTM M VGG. GoogLeNet. ResNet FJ E 5 Hi ik A A

(115?5)(33&#&)CSSEPE)@SmXEH:E)C11E¥E) T T
\\ / / Y 2] 1x1§$°l:;
N/

=
al
1
B
&

Incf)itiﬂnﬁ'ﬂ%éﬁﬁt*

] 4-2 Inception AR Ji7 46 hig A< A 5k

Figure 4-2 Inception Module and its Improved Version
InceptionV2[34]5] X\ 7 BN (batch normalization, L& IEN1L) 2,
Inception V3[36 10 BARJZ M 1 70, ik — D4 1T M I AEZ it fe /) Bt —2b
BR T M%%, Inception V4[37]5I A T JG LI ResNet it 8%, M VI~V4 (K%
IRESEER TR T HER R 92 . AT F GoogLeNet Inception V3, &)=
5 S IR B, AT 2 —, AT [R BT VGG.

4.2.2 ResNet

ResNet (Residual Network, ¥%ZEMIZEML%) [35]4E 2015 345 | ImageNet
IG5 BRI S A B G AR I LU SR T 4 o BTN SR AR I 28 i A
W2 IR R ECE IR TR (B “3B4™) B RE, ResNet $2H 15k 25 211
M, AL EIERGRMZ L, ResNet F1R 2 55 B I L 4l 4 N B &
FEHENZE, FREREETDEREEIRE (Bt zEmA), oA’
it (BN, /NERZ, 2BRML) FEaE, 5INTRESIH T, WK 4-3
Fiios, HMERS BT =25 2 ot O30 Bottleneck 5 GIEH:, %
e FH4E) .

64-d 256-d

( 3X3,64 ) 1X1,64
bn,relu

bn,l’elu 3x3.64
3x3,63 bn,relu

1x1,256

i

Va
f

v ”
bn,relu bn,relu

4-3 BRZEERELR
Figure 4-3 Residual Modules
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K 3-8 950, 101. 152 JZ ResNet M RZ K, XHETRH PR
FOTEE IR A& RHAMZRILFR 50 EZ85, #%ZE1FEE B L=
B.2.

ofg=I3,4,6,3]
ofg=[34,23,8]
ofg=13,8,36,31

! | i H
— i oy Al - 2| ! iy -
o | - |
(-] = < | < b4 o @ @
o s @ @ G g ©Q ©Q i R a2
5 <38 <38 +x8 | Q@ 2o oy we8l| 888 ae8 | g853 g5S
© © © N © © N © O e T o T o =T [ < | Y ~ Y - R « el OIS 3
5 - - - ' B B e R - AR
c oo I e oo - I < < |H 5 < < <
2z g%g_.ggg_.ggé ‘EE:’*EEE-*E%E—'EEE ZEZMHEEZ N ZEE N2 ..ggg_a‘_.g
Q Q Q Q Q Q Q Q Q Q Q =
3 §eo8 3238 g3c8 3¢3 3e3s 353 g§¢e38 5eo8 o8 8o 3o8 ¥ e
~ - o coc c@c c O Qe o @ o -2 <2 <0 cQc coc =
x X x B X x x X % x X X
S 2&E Ead & E Ea & - £ £a& &8 & &6 & & &80 283
R « s |
3 2 g 3
R by 5
= = ofglo] blocks & ofgl1] blocks s ofgl2] blocks @ cfsl3] blocks

Kl 4-4 T ImageNet [¥] ResNet #5271
Figure 4-4 ResNets Based on ImageNet

4.31EE (Model)
43.1LSTM iESHER

llogP.(5) | [logP.(s) |
1

>
-
-}

s = s
WeSo WeSo WeSo
f f T
'\_ . . i

Wyl
K 4-5 LSTM i & f A f 42
Figure 4-5 Architecture of the LSTM Language Model
FASRXT B 4T ) CNN A2 7E ImageNet B2 25 L 381 Tl 25 1) GoogLeNet
Inception V3 E4siiy 5 (1743 Fassl = Ak o =, 3k R SR AR 9 Begil J2 1 4 42 =
RIER BIRHE, SRR LSTM %% . Bl JS, LSTM 2% 22 B[R] 25 1E 47 i m) A0
RIAEAE, MFFIREIT I RICIT AR, B EXREHEAT R, IS 204
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2 18] 2 AR R 0 A1, AR S R BRI B AR R — NI [R1 2 1Y)
BN, WRBESEHE, HEBRURFIRIEEAARIC, IR

BART S, LSTM fER/NIFE20 _EEeicmN, FEA8 B3R A B A 1l i)

WEZ 53
Prs1 = LSTM(x,),t €0,1..,T — 1 (4.1)

LSTM A HE R I 4-6 Fios:

FaimhaEiC
word prediction

4-6 LSTM
Figure 4-6 LSTM

i —Meicth (IFETT 4.2) BIFFsy, ..., st, % RNN PR KE R
T + 2037 [ Bx_qg, X, ..., x> FHorbx B 3.1 FPHEE R, FoR& i CNN 4
PG BIRFIE R AS, o AT — MR II<START>HR1C, x,X N FRic Al a1
FEHIH s, HAt=1,...,T. LSTM iHHE—ANRGEIRESh AT, Hithip,
ARy, WEIRNA 4.2 B 4.5 Pron. il AEp MRV + 1, K
V FZoRbric RN RR, BAMIIEAS | RR— MNMERII<END>ARIL, #3415
Wk Fp MR AR RHIA, WEe=0,..., T — 1L BArfit sy, fEt=
T L H H b5 2 <END>PRiC. [ Ep_26kE 1. MR, TERRRN:

't o Wlx Wlh
ft\ = l Wi [ l (4.2)
ta

Wox W
Je nh
¢t = ftOc-1 +i:Og; (4.3)
/it = o, Otank(c;) (4.4)

Diy1 = Softmax(/ﬁt) (4.5)
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PLEESZ InceptionV3 ALEE L S5 15 211 2048 4ERFE NG, HEid {5548
e, FHN 512 4ER B BRNRHIE R &, SRYIEEA AN AT SCHR LSTM. H (1) Bt
MRZ (hidden state) AFIZHMDIRAS Ccell state) ¢, FH4EEE N A RN 512 4k,
ELAnE Flicke8k Hdfs4E b, W& BroRfiiid fe KK E A 40, FH T4 A filiid i
HOEK T, iR A KRR AT H A . R R &2 FAE R 512
qt, W EST 4.2, ERBOIGERE R w8 RE RS (EEETONESBEED
ZERIINIE 4-7 FIToR:

input: | (None, 40)

caption_input: InputLayer
output: | (None. 40)

Y
nput: one, 40 input: one, 2048
embedding: Embedding ! @ ) image_input: InputLayer ! ™ )
output: | (None, 40, 512) output: | (None, 2048)
A A
input: one, 40, 512 nput: one, 2048
Ietm_1: LSTM ! Ll ) dense 1: Dense ! al )
output: | (None, 40, 512) output: | (None, 512)
 J
. - ) . input: | (None, 40, 512) nput: (None, 512)
time_distributed(clense_2): TineDistributed(Denge) repeat_vector_1: RepeatVector
output: | (None, 40, 512) output: | (None, 40, 512)

,////

input: | [(None, 40, 512), (None, 40, 512)]
output: (None, 40, 1024)

merge: Concatenate

Y
mput: | (None, 40, 1024)

output: (None, 512)

Igtm_2: LSTM

A J
put: (None, 512)

output: | (None, 7709)

dense_3: Dense

Y
nput: | (None, 7709)

output: | (None, 7709)
K 4-7 fRERE GEFHRAD ML
Figure 4-7 Architecture of the Caption Generator (Language Model)
BT a1 3-1, H A1) None FEYIZRHTRE A batch K /N 8 46
® 41 fREREE GEEHRED RESHEE
Table 4-1 Parameters of the Caption Generator (Language Model)

goftmax: Activation
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B ] Wit R~ SEH | HET
Layer Type OutputShape | & Connected to
Param
#

caption_input (InputLayer) (None, 40) 0
image input (InputLayer) (None, 2048) 0 CNN K fc 2
embedding (Embedding) (None, 40, 512) | 3947008 | caption_input[0][0]
dense 1 (Dense) (None, 512) 1049088 | image input[0][0]
Istm_1 (LSTM) (None, 40, 512) | 2099200 | embedding[0][0]
repeat_vector_1 | (RepeatVector) (None, 40,512) ( 0 dense_1[0][0]
time_distributed | (TimeDistributed) | (None, 40, 512) | 262656 | Istm_1[0][0]
merge (Concatenate) (None, 40, 0 repeat_vector_1[0][0]

1024) time_distributed[0][0]
Istm_2 (LSTM) (None, 512) 3147776 | merge[0][0]
dense_ 3 (Dense) (None, 7709) 3954717 | Istm_2[0][0]
softmax (Activation) (None, 7709) 0 dense3[0][0]
JSE 2 GT
Total params: 14,460,445
A% SH
Trainable 14,460,445
params:
ETINGESH
Non-trainable 0
params:

4.3.2 LR

X A7 R R ECON AN R 28 b AR I T] 22560 2 1E A ]V 1 A0 BB AR
(negtive log likelihood, B b SCHETHF O Ip ATHE T, X RZ ()25 1) IE A 17
SRR B D AT >R A, HP:

L(,8) = = ) logpe(S))

(4.6)

FH R SCATR BT HEALFR (1 SGD Sk e/ MUY (1451 K R 4K
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4.45L5% (Experiments)
441 8iEEE

A= 548 ) /& Flick8k, Flickr30k A4k A COCO ##E4E, n# 4-1 fr
7N, BT BRI G SR . RS X A2 A, HOLE 2 A TR A
AP 5 B N RO, o] L e A BT 7 L

* 42 Ak

Table 4-2 Datesets

PR
BIESEA R : : —

YNEEE train IGUFEE val THRREE test
Flickr8k 6000 1000 1000
Flickr30k 28000 1000 1000
MS COCO 82783 40504 40775

4.4.2 LIS E

AbFEZS: Intel(R) Core(TM) i7-7700HQ CPU @ 2.80GHz (8 CPUs),
~2.8GHz. NVIDIA GeForce GTX 1050,

SEIGF 4 Windows 10 EVAR 64-bit (10.0, Build 16299). 8192MB
RAM.

H &k THFEF: Anaconda, Jupyter notebook, PyCharm/PyCharm, Python

(FETIRE 5 SIHESE Keras A1 TensorFlow Ji ¥ ) o

HSHOE: 2R 1x 1073 E5EEE: 0.0 GF, X ERME]HHT
FEER: BB E 17 > 2 0F B S 32y 0 B0 T A A TR g 2k,
KWE); WILRK/ADN: 7709; HEK/N: 2565 LSTM FRUBIRSHES: 5125 HLiA
RAYER: 512, KHIRKE GRrKEEE): 40,
4.4 3BT

H AT SCAT AN, BT IR NS R S5 kg (R B2, BOREMER, 1HEEMR
ZNGE R SEINEAEF B K. AFEHRT Keras (JLFHR A) 454G Tensor J&
st AR RSB B GPU (graphics processing unit, P ALHEZS) 254 CUDA Al
cuDNN SRNME M ZE YL, X R PR E S 2] hE g 2 —. B GPU
DT, B RREE A s TR, RS AR E R CBAZS
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I RTGEANEED, FrUCRAEFER T, Jefe e T i —&sr Bty
Wk, BB IERITE; 25 FAE R K PL A A s 5 B IRt i

Al — B HPORE Y47 2R pR B S AR T R IR SRR IR 2 SR A AR UE B T R AR A
RS, BRTIREE S BuER, BRIt (Rl MRS D 1k
WZRIR AR By iRk 2 2 24208 100%, R d E FIIRSR LF 2 ok @ e,
Kl 4-8 P2 O Zri A 43 B R s Bt 4, BB B2 BUNEIE T 0,
KIAENGE EBR RN . B R E R AR, KIS EE
15, BRI IA R 2 BUE AN B SE IR RN ground truth —25, {F IR Y gE 4 280
YR A HARE 5 B ; sk sE FA R mRIA, RMERAMRZE, 1R ZHAE
BANEA—E, BT URE S B E. BRt, JIZREEMRIIESE
AR REANERZR, ST EEREMN KR GRS HEH, HHEER
SEAEIIEE b 45 SR AT H ot e e () B 8 ()32 AL g

ttttt

<START> a person playing tennis about to hit the b
playin

e ball <END>
GT:<START> a person g tennis about to hit the ball <END>

GT-<START> a young e

K 4-8 LSRR th 2 A fliid 45 R

Figure 4-8 Train loss history and captions of over-fitting model

FERALIZRIA T £, X CNN IS, B RS R BENL T a6 1 2401
Jia A HAE TmageNet Il 2545 3 i AL 2 B LR I ok 1A i 38 A= e O
FEANAS, AR A RE S EIREIIAIE . SERGERT 1R RR, KA T
512 4 BN HR ARSI AE W B o T IE AR B b 4 & 221 1 [37]60
dropout 7%

FAIME DU S I AR S “RIUE ", @il 4-9 Fras Nl Rk
A A .

UHE I R
©

<START,
GT:<START> some

K 4-9 RAE UGt R A b 45

Figure 4-9 Train loss history and captions of under-fitting model
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RKIN, TN IR b 1L 2 AU T ) 45 AN FLSAE 1Y
AR LR EAE KR EEE B 2RIk, IFRENTE RICAEIZR T
AT R REL

ASSERGZE R (Results)
451 )& TIEER

U1 4-10 4 H v fd i InceptionV3+LSTM FEARLZE I 2 Fi%AR 50 #8191 25
HEST

Training History | WIZREERiL

-0.425
-0. 400
-0. 375§
-0. 350
-0.325

-0. 300

0 10 20 0 40 50

4-10 F£F LSTM F InceptinV3 A5 74 (1 1)1 25 h £&
Figure 4-10 Training history of LSTM+InceptionV3 model
" LLE A BRI R 41Kk B BUE Loss fEJRHE &Y, (HEMKEIT
By, TR BRI RR AT ZRIRE 58 & — FERY U SR B IE B 26 Ace fEAS PR
Tho IR RR AT HIFE IR 4-3 s, B BE, AR, A—
THGHAEFREERE, 12182 AN B R i 32 B RAH G B 5, AERELE Ry R AL
BaA R LR, BRI LREHR LT E K R B s I AR 2L b
Tt
R 43 RN BE I ZR5E B e R

Table 4-3 Illustration of loss history and captioning performance of a image
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Ground Truth:

a black dog is running after a white dog in the snow.

black dog chasing brown dog through snow
two dogs chase each other across the snowy ground.
two dogs play together in the snow.

two dogs running through a low lying body of water.

% (epoch) Loss (Hi’kef%l) | Caption (FHiRAE A

1 4.24642 aaaaaaaaaaaaaaaaaaaaaaaaaaaaaaa
aaaaaaaaa

4 3.3340 a black dog and a black dog play with a ball in its
mouth.

6 3.3160 a black dog and a black dog are running in the snow.

8 3.1621 a black and white dog is playing with a tennis ball in
the snow.

12 3.1406 a black dog and a black dog are in the snow.

24 3.2616 two dogs in the snow.

50 3.2717 a black dog is running through the grass with a toy in
its mouth.

L 2 R HEAR T AENIZRE LIRS R RE, IR . (E R E
AR AL B e S A7 VA R B 4 IR B ) BORE IR

4.5.2 iR SEHIRHE LA R

IR 2 e, X TN AR R B, 38— Mo TR A I
K 4-11. Ml EB AT ZE CNN BARLG BIRFER W46 LSTM W45, i
P Z B AL AE Y ZRAN S UL N At IR A2 T, M<start>Frid HaG, 7 A2 iR
R ERIMEZ AT, RFE AT S KRR B B 25 —MalE y0, SRJE R
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FANEHOR S A T — I TRE _ERgsA, AP 2258 A HA I yl,
RIS, BRI B <end>Fric B FIA BB R HR KL o H B 58 ot Il
MR A A

TR e

Test Image

E\ﬁi'ﬂﬂ?ken&
KL 3]
4h|4:|

ROk K
j‘ X2

Kl 4-11 b o = K
Figure 4-11 Illustration of image captioning
XM AEREMHARIL T 5728 (greedy, BUARTUL) FITRES, (HIZHHEM
)R, JRAI A B2 RE 159 B RE A AR fh ik e VB AR SR M R ok, Ty BT
KEEHI T IEIEH 1 O A AR B S 13X
B R4 beam search (BEWRHHZE) 1771, & X beam width (£E3K
W) Nk, BIEEARER R, AV S 2 i B e i) 6] 1R AL BURT )
KEAt + 1851, R AR A G P EF MR KRRtk B
H I <end>%5 AR G B K REIA B B KR K . M & Bk F IR AR & rh i
FAMER B I 2k, B
S = argsrlnax p(S'|I) (4.7)

4.5 3TRfIEFRGE R

{HIR N TR R B AR e Be A, RN THT 0 77 A . v T
A ERVP U R T AR B R A7, AR P A 1AL 83 ) BLEU
(Bilingual evaluation understudy, XUEPALGE AN [4511E NVFNTabR, KRR
EIE n-FEA7KE B E  (modified n-gram recession), H: ) n-gram $§—MEA)
S n AMNE AR B
PR b A B ) IR 2 R VB B EVE AR PR (candidate) 12MC,
EIZR ) ground truth ZHECEHE R EVE AARIES % (reference) NS,
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XF—MNERIHIRC,, 52X ground truth 2% T —HSH /S, =
{Si1,Sizs -+ ) Sim} € S, & n-grams FIx n MATCAH AR AHEE S, w N k 40]
BEMY n-gram, Count F/nw, TERFPFAT IR LA R, [F1EE County (s3) o
Wi FES R R I RS, R REANE R E 2 1 R E AR A

>, 3. min (Countk (¢;), max;je;, County, (sij))

Ch(C.5) = 2i 2 County (c;) (48)
A
N
BLEUy(C,S) = BP * exp zztmﬁog(CRJ (4.9)
n=1

Hrp BP (Brevity Penalty) & FH T50f A it id < B2 BT IR X 20 (4.8) 520
BRI I0[45],

1 <l

BP=1 i (4.10)
e le ;=1

L RIRCIIKSE, I GRRS PR ERML ), PR N1, 2, 3, 4, ®Hw,
1
B
7E Flick8k RIS B AR B PEAN &5 B an T -

% 4-4 1E Flickr8k K VEM 45 5
Table 4-4 Results of metrics on the Flickr8k

H R/ T3 BLEU-1 BLEU-2  BLEU-3 BLEU-4
VGG+LSTM 0.2725 0.1539 0.0860 0.0458
. Inception V3+LSTM 0.4812 0.2949 0.1789 0.1060
ResNet+LSTM 0.5075 0.3000 0.1757 0.0986
Zra i 0.5075 0.3000 0.1789 0.1060
Tri5Sem[42] 0.48 - - -
m-RNN[43] 0.5778 0.2751 0.2307 -
SR | MNLM[44][1] 0.51 - - -
R[] 0.63 - - 0.277
NFEAKF 0.70 - - 0.217

Hort BLEU WIBUETEHE R 0 B 1 2 08], BEEIR T 1 R BRI R A
MR A B e, R GT . 7F BLEU K&, LIRS ALk Bk
B HEERK, RS B TR AR O, #ilan{E BLEU-1
B RN T A IR T TrisSem[42]81 m-RNN[43] /7 8 2 45 58, 18
BLEU-2 F#id 7 m-RNN[43]. SEIRAMBRARE R Lhie, BARZEIEAZIRK, |
AL SH L, Blanscia g 2 F1 3 45 R, HEAR{E BLEU-1 #1 BLEU-2 |, 3
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it 7 2, {4 BLEU-3 #1 BLEU-4, 2 Jxifiid 7 3, #i#] BLEU i 513
43 n-gram BUE 2 0], FFAEYBLE n-gram BUE BN S0 805 %, 75 n-
gram H KIS 13 70 R OR B e . (B FTA A1) BLEU 157035 n-gram S 1EARSK,
JEBAIAE T n-gram BRI, X6 R0 5 (R0 5 B =R B0 E AT AV AR S ER ,
XA BLEU JE B G T o jAh, SEI 4IRS ER B2 2 Ji B 4 7K1 BA K
NEP B KA ER R, Ut BB R e ) 25 1]
SN ERNESTEELE T
R 4-5 {E Flicke8r B I [A] R PPAr 45 1
Table 4-5 Runtime performance of models on the flickr8k

B R) 3R VGG16+LSTM | InceptionV3+LSTM | ResNet50+LSTM

SEIPER — K EURHRFE | 41.8ms 46.1ms 37.4ms
FH st

NG —F R O | 981s 960s 976s
LSRR D

E R — K BRI TE] | 56.5s 56.2s 55.4s
CINELFESEURFE, —
K B A B R B RD

SR — KBS ER— | 11.4s 11.2s 11.1s
BRI ] IV hE$2
HURFAIE

X MG R BURHIE, BRA R A Z L, IF HAE R 2900
FEAFHIRAE R TG0 A I ZRIE A DI ] 25026 1 3= BERE e [R] 22 #0048 J5 ThI )18 5 15
B o #RH LSTM AR NIE SIS OL T, ZFr LRI [A) 45 FAH Z UK,
T RE R SR AIE THRECHORFELEFE AR, Edn VGG6 HIZ MG 4096 ERIHFLE,
1M InceptionV3 FI ResNet50 H2 U J& 2048 4ERFE. A 7] fe i 5 I AE T
CPU I GPU HPRES, MR & BPRAS [FAE A Y R s (8] 0 A 52 e, i DAY
HRELRIELE CPU M1 GPU ¥ A HoAt 2 4% (AT 55 HIAE 0 T SR RN bE 73 A
RE. X T EEGAERMRN S, #28 THRER, Mt mrPEREE AR
IRK, Zhgm BUR R A i is St () 2%, W] DUE I 4R T SE g1 G iz F ik
g, Bk 2 GPU IATIHE; B 4k B R IE RoR N is &, iy
4096 4EFFAEAR IRy 1024 AEE RN DL N2 ERMNEHURASE, 1K
NZESHOIAT IR, XA BT R,

454 EMER

XA SE,  BEAREATTTT LA
HoBL, WTRARTME, BArbl

W A AR AR AR S AE RN

b AR A IR AT L ground truth 2 1]
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FRIFRALLEE 1) o SEARABA BE R AT B M 3 2 TR AR SRR L, (H2 XS T iR R A4
JRIHEE AT DARRZ IR A ARG (K ) T2t AN A — R, g2 B et
xo

WX FRESRAESS, ANFEHA RIS, RION RIS A i 1t R 2 AT
0. RFTHU, JEEE RN TIT 70, ANl A a8 A
Er BB LA

1) #IRAEBNEILT—8, HEAIEREE X ERRHR—;

Greedy: a man is climbing a rock .

Beam k=3:a man with a mountain in the background .
Beam k=5:a man in a black shirt is climbing a rock .
Beam k=7:a man in a black shirt is climbing a rock .

Beam k=7 a girl in a bathing suit in a lake . Beam k=9:a man climbing a rock .

Beam k=9: a girl in a bathing suit in a lake . Beam k=13:a man climbing a rock .

Bean k=13: a girl in a bathing suit in a body of water . —20. imbi
Beam k=20 a girl in a bathing suit in a body of water Beam k=20:a man climbing a rock .

B 4-12 Hik AR
Figure 4-12 Outstanding captioning

2) HAAEGREENERAE T, RAEERE X B R —— R

Greedy: a young girl in a bathing suit is in a pool .
Beam k=3: a little girl in a bathing suit in a swimming pool .
Beam k=5: a little girl in a bathing suit in a lake .

Greedy: a group of people are standing aou in a crowd
Beam k=3: a group of people are standing against a building

Greedy: a dog is running through the water .
Beam k=3: a black dog is playlng with a stick in the water .

Beam k=5: a black dog with a toy in its mouth is walking through the water . Beam k=5: a crowd of people are sitting around a building .
Beam k=7: a black dog with a ball in its mouth is playing with a stick . Beam k=7: a large group of people are looking at each other .
Beam k=9: a black dog with a ball in its mouth with a stick in its mouth plays in the water . Beam k=9: a large group of people are looking at each other
Beam k=13: a black dog and a black dog in the water . Beam k= 13 a group of people standing on a busy street at night
Beam k=20: a black dog and a black dog m k=20: a group of people pose for their hands

K 4-13 #iRNE

Figure 4-13 Exceeds expectations captioning

3) IR AMEGER EEA YR AT AL, AR X EERE D —— L%
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4)

5)

Greedy: a man in a black shirt and black shorts is standing on a rock 's face .
Beam k=3: a man in a black shirt is standing on a mountain .

Beam k=5: a man and a woman sit on a rock .

Beam k=7: a group of people sit on a rock .

Beam k=9: a group of people sit on a rock .

Beam k=13: a group of people sit on a rock .

Beam k=20: a crowd of people playing a game

aman in a red shirt and black helmet riding a bike
aman in a red jacket and black helmet in a race
a man and a woman in a helmet are riding a dirt bike
Bean k=5 3 nan does a Jum in a race
- a man doing a race
Boam 120, & o doing & ace

4-14 kN Kok%
Figure 4-14 Acceptable captioning

IR E BN EFIRZART AL, B SCGRE ERHREBD B
R——2%;

A BOREE SRS, WA

Greedy: a man in a black jacket is in the snow
Beam k=3: a group of people standing on a snow covered mountain .
Beam k=5: a group of people on a snowy mountain

Beam k=7: a group of people on a snowy mountain 7 a
Beam k=9: a group of people on a snowy mountain Beam k=9: a
Beam k=13: a group of people on a snowy mountain

Beam k=20: a group of people Beam k=20:

K 4-15 iR HZE

Greedy: a group of people in red uniforms are on a snow covered field .
Beam k=3: a group of people are on a race .

a group of people on a dirt track .
group of greyhound dogs in a race .

: a group of racing dogs in a race .

a group of racing dogs in a race

Figure 4-15 Poor captioning

}’” A EAEBANEE AR, BEEIEAERE R ——K

Greedy: a black and white dog is running along the beach

Greedy: a man in o red shirt and black sorts is juwing in the sir in front of o white mountain
Beam k=3 a black and white haired dog is playing with a red toy . Beam k=3: a black and white dog jumps in the air to catch a ball
Beam a black and white dog with a toy in its mouth in the water Beam k=5 a group of people are jumping in front of a mountain
Beam a black and white dog with a toy in its mouth in the water . Beam k=T: a group of people are jumping in the air in front of a mountain
Beam k=9 a black and white dog with a toy in its mouth plays with a toy Beau k=9

Beam k=13: a black and white dog with a ball in its mouth plays with a toy =1
am k=20: a group of black dogs play in the water Beam k 20: a

K 4-16 ik A E

a group of black dogs playing in the snow
a group of black dogs playing in the snow
group of black dogs playing in the mountains

Figure 4-16 Dreadful captioning
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4.5.5 FF ML R
Hitk, 43 “TFR” Rl A T RE

dog mear a dog while a little girl watches

Greedy: a young boy in a red shirt is sitting on a swing .
Beam k=3: a little girl in a red shirt is in the air .
Beam k=5: a little girl with a green shirt is in front of a toy .
Beam k=7: a little girl with a green shirt is in front of a tree .
Beam k=9: a little girl with a green shirt is in front of a tree .
Beam k=13: a little girl with a green shirt is in front of a street .
Beam k=20: a black and white dog and a tan and white dog are in a field .

4-17 TP ks R
Figure 4-17 Open-world captioning
X REEE SN B, T RTCOTIR AN BT, L RENS S 2 T A AT
KR AV A A O BT R, (H EDWAE KA Sty 5 A s, toin 55 4ofk
XA, BIRABKIR, MRERBRIRE. ARIMIREE RN “HEERPT
Bt 4-17 A TR “ T AT DO EAR T A NS
UEIIA AR AL EIE B IR ZARTT 45 8] o

4.6 ARZFE /N (Summary)

ARE ARG E . FETARLETHT LSTM M L& SL IR S
FARRZE WY 28 43 I Ae g 1 T LM MG IR AL, A28 T INGREGATT, 0 SEE6 J7
BTG, kR EOENA T OT T 1 oot XF T, R R
H1 beam search H)77 15K AE IR, KL EFEH B BLEU W e bRk E BT
WAy, g5 BB IRE AL T T I iR A, (B AR PR B AT B AT K
LA NIRRT — g 28 . F4h, Xt TR R vERE, 15
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H AR [ I ] R R A TR F A R R ZE, IR T R R s A it
feit o S SRR XA R A 2 R Y e VEVRIT,  DLRCRERRE T N R
AATMAESS T, AR AENE AL BN H AME S HIAT RO BB SlE, i 4R E N
B IR IR, BRI A L 1Y
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5 BV AT LA Bt

S Visulization and Interations Design of Models
5.15]% (Introduction)

E-gr, SER T AT LSTM 1 2 b ik A 2 sy s B 25 2007y
P SEBEAE . A TR TR TG, S H SRR, R
W it — 20 1 A

5.2 3T matplotlib 1 d3.js BWIRE AT 4L (Model Visualization
Based on matplotlib and d3.js)

W TR AR AR B R P, AR T N A T s T LA B
MOERME, AIAALZETERE ) m] LR R JZ n B g1 2 —. ORI ik a
RZ, AL TR BRI SE R, 78 T2 L4 F matplotlib F1 d3.js
(LB A AT T 85 R AT AL DL YD I AC L.

il {4 F matplotlib 2115 loss 28 FUAE A i 2k S50 AR, DA
ot UG 25 A5 AR I 2 Ab B AT 21 (1 v ) &2 B AR IE TR SR s, i,
Kl 5-1 h &1 VGG W25 4b 3895 I %5 2 REAE B T AL R 7R 9

5-1 3T matplotlib {55 AAFE AT LA

Figure 5-1 Feature maps of a images shown by matplotlib

SN
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OGS d3 s, AR AR M AE RANE R IR T4E IDE FH T T Ao ifi vl
PAEES s P o, RN 3N 1 R A B RCR . LU 5-2 J9fi, Duils
i 2 A AR I T R RR T R s 2 T RGAARTRE LA S kAR, R
A3 AR K # B AN A6 TRO5E T RE -

39.04

w
&

.6+

» Loss
4

Iter 9612]

lossgiEEEil

52 FF d3.js BER ARG

Figure 5-2 Illustration of the visualization of d3.js

5.3&F Tensorboard BUREATH#R4L. (Model Visualization Based
on Tensorboard)

X F A R ZE R BRI A0AL, X BR ] Tesorflow[46] (LB AD ARy
Tensorboard, 47T /%, 153N E AR B BT -
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Reshape[0-9]

|OSS training metrics training
tivatio.s < activatioZ. - . Squeez§[0-9]
training training acti\/ation ‘] training
a1enso™
init
dense 3 training
= IsVariablel...
o
B ‘zo”v
©
init
Istm 2 training
- IsVariablel...
merge 1
o,
e
init
time_distributed 1 training repeat_vector_1 training
IsVariablel... - -
init init
|Stm 1 training dense 1 training
- IsVariablel... - IsVariablel...
g
é
init dense 1 ...
embeddlng training training
Isvariablel...
embeddi.

5-3 T TensorBoard FIREZ a4k

Figure 5-3 Model virtualization Based on Tensorboard
Hh T Sk 2GR T R B, diak BRI T B R,
85 (17 AR AR B, 7Sk 5 AR T B AR A . R T2 Y &
) LSTM Hib AL i) ik, He i iRl RN JZ AT AL B T

46



5 BRI TR AN AZ BB

embedding_1

Gather

st

embeddings

Assign sead
init training
(embeddi... :

waining '

IsVariablel_

Cast
random_unif... training

Kl 5-4 RN E TS R
Figure 5-4 Visualization of word embedding

X AR R N PSR

dense_1

Relu
training

BlasAdd

g

Magul o training
IsVariablel...
init
&
training
> IsVariablel...
init

2
)

%

random_unif... L

5-5 AEEER LSS R
Figure 5-5 Virtualization of dense layer

XA LSTM JZ HI AR B R -
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Istm_2 training
1
merge_1
{l.'-\'l qu
o :
time_distributed_1 training repeat_vector_1 training
: -
Istm_1 training den se_1 training
. dense_1_..
embedding... raining training

ci

embeddi...

5-6 LSTM % N AT L AL 45 2R
Figure 5-6 Visualization of showing inputs of LSTM

BAMIGE R E K

dc €~
efihbedding_1

...... training

2L / RMSprop group—de=
loss

activation_...

activation_...
... 8 more

K 5-7 IR FE T AL R &

Figure 5-7 Illustration of training

YL FEF loss FRR IR :
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activatio:.

training

time_distributed_1 ] ...} tmaining

K 5-8 IR R kit S AR = 8
Figure 5-8 Illustration of showing inputs of loss

IR AR T SR 1l 2 (0 1 R
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metrics
acec tralning
activatia... -
training activation_1 training
£
dense_3 training
Istm_2 trakieg
merge_1
time._distributed_1 frairing repeat_vector_1 training
Istm_1 training dense_1 waining
: i
- denzd_1_.
embedding... trairing tralning
emt:élddl...

K 5-9 ISR RERG B Tl ML s T

Figure 5-9 Illustration of showing inputs of the calculation of accuracy
~r
54KXEF /Mg (Summary)

AREA WAL Z ORISR, A G EEMBOR . 258 7T IR
BORMTE, R BRI I 45 5, B S5 Has AT pLEeE4T 7 Al
IR TEAN L B
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6 ﬁﬁﬂlﬁﬁﬁ?ﬂiz* VAZT Django Ky B/S R4t
6 Application of Image Captioning Model

6.15|= (Introduction)

bR e T TR R AL, AN E ol DU R D9 KED, KA
LT R AR N R G, BB ASLERA A5 &, DU AR
R751%, #EEET Django 1) B/S di BUE IR R4

6.2&F Django BUERERM RS (Image Captioning
Application Based on Django)

6.2.1 R DAL ER

BT TAE, Tk @B R R E N H RS, RATIFEIA R4
EZ M YT, A A SRR T MR PTG T R . B Image
Captioning RAM F EIJRETE R UWIT

BT, AR MEIREE BT EHE, U8 8iEEEIGRRT,
R, MER, B, HJ0p, SRS, REHUIR, 580
Hs

B, AR, R, BEL IR, AL,

HPEHE: —RNHRELARITIEE, BERPRESR, T KAER
deyrrgus, MikR, Bo iy, MR, K\, BuEETh6Ee.

FEAThRE: EOCAREE, WUERSAERL, SUHERARH, waetE, %

Y RIIEE: AN, B &SR, &%,

HETULETR, KR 72T Django (WL A4) IFEL IR A %
REG, FIEeTE RO MO — AN APP R -

Admin/xadmin: J5 & &N

Show2tell: ImageCaptioning 15 7 A] # AL Ji& 7= Ak o

Playground: ImageCaptioning 15 % ff)7E £ Il 25 A1 -

Notebook: JFAICHIER, P TEL, BMSEOCIFFEARS T 80
PSR, AIAE NS TR E T RS

Users: F P FHEAFE B, TR —LeThRedzr.

HARKUL, RGELMAKH MVT (model-view-template, 578 -4 B - 45545 )
SrEHRIBREI, Model 27 Tt A EdE 1E B, BFEEIRESCFMER, L
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Hpx GAEAERESE . View E AT FAZH, SREUH P E R LR S
ff%ﬂ‘”):/h_o Template B[ FH DL ii%uLlEIﬁHFTm’J?@EWEm = EME
M7, IR ] A2 1 R RO R R A AT

6.2.2 Template Fi&it

Template JZ EARR|SZE |, J&F HTML+JavaScript+Bootstrap §ij %ifi i i ZUAHE
28 (B A4 B RGWAE T DhRE S
B AE: SEAIRENERBMNHERER.

3l g "t
20304 <START> a room filled with furniture and a woman sitting on a couch <END

<START> a woman sitting on a couch in a room

<START> wide <UNK> view of a girl in a living room watching television <END>

<START> a young lady is sitting on her couch watching some television <END>

<START> a <UNK> view of a woman sitting on a sofa watching television <END>
8268 <START> a <UNK> cat with a very large head wearing a purple <UNK> <END>

<START> a gray and white cat on a car seat <END>

<START> cat with purple <UNK> being <UNK> while sitting on seat <END>
<START> a grey cat looks up and <UNK> as the cat <UNK> a purple leash <END>
<START> a gray cat with its mouth open and a purple <UNK> <END>

72898 <START> a grassy <UNK> between a two way street in a city <END>

<START> two streets right next to each other at night <END>

> two long streets with lights on at night <END>

<START> a city street with traffic <UNK> going <UNK> <UNK> the image <END>
<START> a couple of empty streets that are next to each other <END>

6-1 Kt £E il i 7 7= 1)
Figure 6-1 Illustration of showing dataset to the frontend

DhagsE S, M G AR R M 28, DL SR AHER
APLEZ T, JYARKAT BE R ML AL R P TR — 5 kAt

DIREER

A Efe—3kAtE R oiREtE A URL, BIZWALSEIR SabiEiR(mage Captioning)fg.

ik GT &0

£EE8 Result = ——

Normal Max search: a young boy in a black shirt is jumping

into a pool
Beam Search, k=3: a little boy in a black shirt is jumping into

a pool

Beam Search, k=5: a little boy in a black shirt is playing in the

water

Beam Search, k=7: a little boy in a black shirt is playing in the

water -
Beam Search, k=9: a little boy in a black shirt is playing in the

water

Beam Search, k=13: a group of people playing in the water

Beam Search, k=20: a group of people play in the water
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6-2 PGt ik 45 i m e o

Figure 6-2 Illustration of image captioning shown to the frontend
J 2 2 LRI FE 5K o 1Y) notebook TR AT b — AN N IR T R4,
F 0 TR A AR, AHOCE T RE, P SCRFNE, RAEHES, i€
LA T B DI RESHAT S I .

[REE=ZI

1

RS

MSCOCO#ETRAME py3

hNEkE MS COCOEIREE
XA T S HERKERFINREI40A MNERM A IR, 45 RERFINAI20 5 EAR TR,

import time, os, json

import numpy as np

import matplotlib. pyplot as plt
%matplotlib inline

# pl

K 6-3 T FZ Notebook
Figure 6-3 Notebook app of the project

MR AE P ERNEN, IEEGE, idkinl, S REEHE R
BEAT I

HEAEIEA

[:[14 A admin

ERKS? [VEEF]

6-4 F VB R 2 22— B L P
Figure 6-4 Illustration of user register of the User app
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A BT
GO

o

JEEEHETMA: HETAEmNLE, Wl 6-5 s, &
PR, JEsm i, A DU o R, SOFSRREAT B e, 4

W

- sz
. VIGHSEE @ tE-  TisEE- . B + 10
OH

42783 Ilis MATE 1 3 5 1 Lol R4 WMETN - L "
o4
BER#S| EkithE Fibipht EARE R BsCHiiR2 BUsCHiiR3 Bt#ika BUSCHiRS kiR
© AR 82782 hitpsifarm staticfickr.com/167/423175046_Bcd9d0205a_zjpg s <START>  <START>  <START>a <START>  <START> %
the <UNK>  people group of group of three women
<UNK> thelr  having a friends people and aman
O JIEHaEEE <UNK> at drink in a <UNK=>a drinking wine are sitting at
DT the bar <UNK>bar  drinkwhile  atapublic  abar <END>
miis <END> <END> sitting at a <UNK>
bar <END>  <END>
e 2761 hitps/famm stalicickr.com/178/423174638_1c6245¢e20_zJpg ik <START>a  <START>  <START>  <START>a <START>od =
group of there is a peopleare  group of couple is
mensiting  mansitingin  sitingata  people sitting at the
atabar frontof a bartaking  seatedata  barwith wine
having pitcher <UNK> bar with glasses
drinks <END> <END> drinks. <END>
<END> <END>
hitp:/farm3 staticlickr. com/237912293730095_e238111a38_2 jpg ks <START>a <START>a <START>a <START>a <START>a %
man is man<UNK> mansiting mansisin  manis siting
standing apaperata at a table frontof a at a table with
behind a bar  table with with nice table with papers and
with <UNK>  wine glasses  dinner some wine _ wine <UNK>
<END> <END> glasses glasses ol
<END> <EnD> | [ RS [
K] o3t L B2 K]
6-5 EHIERER 1
Figure 6-5 Illustration 1 of the console
@z
P train{0)
aAE 224 train(0)
o
of
I8
o B i
15y i hitp://blog. mtianyan.cny

o [

W [
. R | R
EaEE g .
AL
— EEHRE— (SR

K 6-6 fxfil G 2
Figure 6-6 Illustration 2 of the console

6.2.3 iERIL I

Model JEARIAEA BT 4B A MySQL ¢ R £ i Sk i 4 i 3%
EXBHER BB, BENKRSE, B 6-7 NN RS EdE R U2
BHEAEIC T
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Eauth_group

[ auth_group_permissions
auth_permission

[ captcha_captchastore

f django_admin_log [ oo [ S — @ & <
Eldjango_content_type B B segatoacion | [ hemo - Wrier Hoon | D impen (B o
E]djangn migrations inden ke to jmege url localarl g typxgrowed truh. 1 grownd tuth 2 ground wreth 3 ground snth 4 growd,ruth, 5 caphion, beem, 1 sestence_caplion beem 2 senbence. coplion besm 3 santence.E caplion bewr sentence, bl chpl A

999 3400736665 38 Dutasets/Fic!fickrBk A big dog stand A brown and w A brown and whili dog jumps for A dog stands o 8 dog jumps  sc0.335844 & black and whiti 0242029 a black and whit 0351506 » black and 10335844 & bla

fE]django_session 50 200959016 Dwe A sho s on i b oo A o oo A ol sk i bck DS54 i bk AT & anin s ckOSTESS amnia s OS5 i

Dmm inceptionv3_inceptionv3_testdata 997 3259666643 a¢ basketbal play 0.538772 a basketball play 0501384 & basketball pla:0AT2604 a basketbal 0439661 2 bla
-, N -, ) - 995 3430607596 7 2 group of 0653266 a grc
FIstm_inceptionv3_inceptionv3 traindata s s 1 4 mam i ch 0372391 v a3 708084 3 grc
mlstm resnet 50 resnet50 testdata 994 1119015538 ¢8 fuck dog jum 0782542 nda 0392815 ado
- - - -, 983 3514170514 co  Dtasets/FicificksBk A basebal playe A baseball pley A basem A cmpirein 2 b Two ch in o black 0304709 o basketball play 0411134 o basketball pla:0.327346 » black and 10403929 4 bla
[Istm_resnet 50 resnet50_traindata 952 215147958100 OutsetyFic ik A oy wearing bA man n i young man m M withble 4 The oy we SHOSTSAS @ boy in e red OS2AT66 # boy nared 0324766 & boy swings QATECN2 4 bor
istm vgg16 vgg16 testdata 991 25600800 7 Dutcet/Fi ikt rown s wh A brown nd e o & wie Al whieand A e dog  dog i rring QS#413  blckand w0025 back nd ROMZA1S » lack s O202815 2 b
- 990 241345848 6% Datasetsificksfk A coach speskina footbsl plap A footbal player The conching of The coach ks group of peopd 0722657 8 group of peop OALBIS) a group of pecg OASTRZE 3 group of p OBIITE) s grc
[FIstm_vgg16_vgg16 traindata 983 2473791980.80 in  black 0610474 4 man e o blackSTAT08 @
EJshowatell traindata P p— i OASS2 4 dog oo OASIS2
- 547 1306064763 90 ilfickatk » boy s ploying black 032664 lack dog wit 044285
Dshnw?tell_valdata 986 241346971 10 il ficksB A footbel playetA Sooners footThe guy in the b The buo players , Two men ph e 0.380465 & soccer player OA4TES8 a soccer player (047658 & group of KOS & gre
Dusers banner 965 216764420010 Dtasets/FlicificksBk A man dressed i A man in 3 biscA man wesring alA man with s hat There iz a man & man in 2 black 0340742 a man in 8 black 028176 a man in » biack0.394388 2 group of pOSITEN)  acro

= 984 2854207034 1 DatasetsifickoBk A mans ing A person s bir A persan es on-There s & shopp There i one pea man s standing 01285217 a block and wh0ABYZY & manina bockOSUSIS 3 bock dog L4BAIS2  a grc
Elusers_ema\lver\fyre:ord 983 3214885227 2t sets/Fic fickrBk A man bouting ¢4 man paddiniA

Dusersﬁuserpruﬁ\e
[ users_userprofile_groups
DusErsiuserpruﬁ\eiuserjerm\'ssions

# black dog 0722657

kA biker with o blA person on 8
kA boy eats with A ltle boy ok,

AgMahhdAgn.no'ndwebdsmtuﬂehd‘nmmsmreﬂ*dl black 073111 8 e gi in 8 b 0770771

A group of peoy A rowing team Boat namber 5 h Pecple in crange Several people » man

7. group of peop 0.366511 a group of peos 0366511 3 group of pO3EEST  agre
Dxadmin_bookmark 977 3350706091 6¢  Detasets/FiclicksBk A group of dark A group of kid a group of peoplA large roup of Two sub Seharia in 8 black 0374203 & man n & black0.T76545 & manin & bIOTETSN 8 gre
FElxadmin_log 976 363190655294 DotasetyFifckrb A surfr caching A surler g A sufe in water A sufe rdes t The sufe cac asufer i & bacl 03976 +blac0379918 o srer i o bioc 0S8 o ase
- . O7S 3115174046 96 OutaetsFicficksB. A skatebourder A shateboarde  skateboarder A skateboacer | Skateboarder o man i jenpiog 0795271 man n o black 0.224069 » mam and a bo-0347856 man aed » L6874 4 rc
[Flxadmin_usersettings “
Qxadminiuserwfdget b ce »e1ewo dm

6-7 Tl H ARSI = v R o HdE R
Figure 6-7 Some tables of the Model in the project
HA ARSI R
® 6-1 Ktk ARE
Table 6-1Table of image captioning

T BUAARK TBERM TRKE TREX

id int 11 ik ID
index_to_ image int 11 Sl
url varchar 250 TC AR
local_url varchar 200 ARz
img_type varchar 20 HEEE S
ground_truth 1 varchar 200 FESEIA 1
ground_truth 2 varchar 200 FSEAIR 2
ground_truth 3 varchar 200 LSRR 3
ground truth 4 varchar 200 SR 4
ground_truth 5 varchar 200 FLSEHIA 5
caption_beam_1 varchar 200 AR 1
sentence bleu 1 double 0 ik 1 % F gt1~5
] blue-1 135
caption_beam_ 2 varchar 200 A IR 2
sentence bleu 2 double 0 ik 2 X F gt1~5
] blue-1 135
caption_beam_ 3 varchar 200 A IR 3
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sentence bleu 3 double 0 ik 3 Xt T gt1~5
(] blue-1 137>
caption beam 4  varchar 200 A A IR 4
sentence bleu 4  double 0 ik 4 X T gt1~5
(] blue-1 137>
caption_beam 5 varchar 200 A A IR 5
sentence bleu 5  double 0 ik 5 X T gt1~5

¥ blue-1 157

6.2.4 View EEMFNZIE

FrA AR I Z 4R ER 2 7E View EH TIN5 HT SCHrd BUE H R B 1Y
Python & %5 & 2% B M SR 2] Django Wi H H 6@ 1R 58 O 9, & B AFR url B
Xt N view, FEFE O A AL AL S ImageCaptioning 7Y A ZE AN 2k,  HdiE 22
AFEVSE A A, il iR [B] render XT R AN json B = L HE, AT A8 15 11 o 52
BEIN

6.2.5 RAWPEEIT

RGE LA R GRS AT EHECE Z RS &, i seBLEE I B
YT, RMEAR R GG B/S SR, FEAR BRI 6-8
Fios, ANETAMERAZ, S A4

onen) (o

4
Mezzanine
: Nginx —- D o : -
http socket wsgi Django

B S (Ubuntu ) M

6-8 I H & 2k
Figure 6-8 Deployment of the project

HE I A I RS 6-9 FTw.
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K 6-9 TiHfELIzAT
Figure 6-9 Project on the cloud
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Figure 6-10 Part of datasets and results
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. B MGUEHIE  fickiBk(3430607596_7e4f74e3M.jpg)
O ik &2 flickrBk(3430607596_7e4f74e3ff.jpg)
O Mt
BRES| 996
O s
ERR 3430607596_7e4f74e3fT.jpg
O s ERiEE
st e
Ot
LT
o B | ARG
ERE flickrBk -
0 e
O BiFs
o)
EA covmns—  esnessa | TR
Rk Aboy In a red swimsult jumps Into the water
at

A A boy takes a flying leap info the water

ks The boy in the red shorts jumps Into the wate

HHERS The boy w into tt
SERRHEET
fi#1-BLEU 0.427287

&m@E2  amaninawetsuitis on the beach

fiik2-BLEU 0513345

SERRHEES aman In a wetsult is In front of a lake

##i£3-BLEV
EREHRY adog Is In the water
ffii®4-BLEU 0.32588
SERRHGRS agroup of people are in the water
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B 6-11 BHEEME RiCFRE

Figure 6-11 Illustration of one image record
6.3 E /g (Summary)

AT T BG A AE TR B KRBT 7Vt BT 20 TR
AN N H TAE 2R B/S BRI G IA R N B Ax, R Z 00 T+
R, 1 Django, Bootstrap, HTML, JS %, KA MVT % it#s, i 7 e8n
EUER SR N FH RGEERE B IR AT, B8 NS R ik ) FAAR R N FH
T HLULRE FH Sk sz A A0 53] A5 28 00 Jir 280 7 it
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7 Conclusions and future works
7.1451® (Conclusions)

ABTHE R TARE TR BT S 79k, 2T LSTM AR E B A
W%, GRS B RINE (VGG, GoogLeNet A1 ResNet) 4% 1 i 1)
Uiy () ph 2 ) 28 AR R AR, e M A A\ BB b AR Rt PR N 25 A 50 HL T B2
I ERE SRR . AR R RS B R AP 2 WX 28 A 2 i 2 A R A SR BURFAIE
B BB J5 19 LSTM A a8 Hh R AE il J& T CNN+RNN ) NIC (Neural
Image Caption) it i FHBEHIAEGEE T FEEL, 1l ME 7 BUbaR 157 2K 2R
BORNGER . BLEU 1E B R A= st (1) A 48 1) S8 5 45 SRR A LTI
B IR K P AE S 7 Fa bn B DA A, ik ae /) S Akt T 5K
VL ABRAEE e s EERE H RTscHT it SR AN P H R ZE . DA
IR R R R b SR A S5 SR AR, AR B 1 S N (R MR REZE oK T R
EE AN, MR ERRIXT L, BT SRR ERIEEEEONER, LK
FERBIAER, fosiRghEW, R — 2% 2 5e U # -
oA e A, PASRAG E A AR 45 . A, AT hRdE RNN A& 1 R
IR, FE/FEARTIRFEAS I 25 50 5 3 [RIFE W] DA™= A2 B ARG & B3
Be HAN, BHERIET B/S MELEG HEHE RS

7.2 (Future works)

BIRABOHIE | — S TAEMA R EVUEAAAEVF 2 A e 2 AL, BlinfEAR i
THR R PR R AR T8, JRIIRER I EE 2 RIVRIT, XS R ) 2 P s A it
FTXFEE, RBUEREZ A AT K 3R 2 P e o 6 AR A B 1 05 1 A A SR
A BIIZRRBNEIE T EE— Bt it . WANEHIRE R — 5, BT
il FH A B B 8 9 SCR, i UM N i 2 TR 5, 2 05E
)52 S S AMEAR R T R AIYEE -
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Abstract

We introduce the dense captioning task, which requires a
computer vision sysiem 1o both localize and describe salieni
regions in images in natural language. The dense caption-
ing task generalizes object detection when the descriptions
consist of a single word, and Image Captioning when one
predicted region covers the full image. To address the local-
ization and description iask jointly we propose a Fully Con-
volutional Localization Nerwork (FCLN) architecrure thar
processes an image with a single, efficient forward pass, re-
quires no external regions propesals, and can be trained
end-to-end with a single round of optimizarion. The archi-
tecture is composed of a Convolutional Network, a novel
dense localizarion layer, and Recurrent Neural Network
langnage wmodel that generates the label sequences. We
evaluate our nerwork on the Visual Genome dataset, which
comprises 94,000 images and 4,100,000 region-grounded
captions. We observe both speed and accuracy improve-
ments over baselines based on current state of the art ap-
proaches in both generation and retrieval settings.

1. Introduction

Our ability to effortlessly point out and describe all aspects
of an image relies on a strong semantic understanding of a
visual scene and all of its elements. However, despite nu-
merous potential applications, this ability remains a chal-
lenge for our state of the art visual recognition systems.
In the last few years there has been significant progress
in image classification [39, 26, 53, 45], where the task is
to assign one label to an image. Further work has pushed
these advances along two orthogonal directions: First, rapid
progress in object detection [40, 14, 46] has identified mod-
els that efficiently identify and label multiple salient regions
of an image. Second, recent advances in image captioning
[3, 32, 21, 49, 51, &, 4] have expanded the complexity of
the label space from a fixed set of categories to sequence of
words able to express significantly richer concepts.
However, despite encouraging progress along the label
density and label complexity axes, these two directions have

*Both authors contributed equally to this work.
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Figure 1. We address the Dense Captioning task (bottom right)
witha model that jointly generates both dense and rich annotations
in a single forward pass.

remained separate. In this work we take a step towards uni-
fying these two inter-connected tasks into one joint frame-
work. First, we introduce the dense captioning task (see
Figure 1), which requires a model to predict a set of descrip-
tions across regions of an image. Object detection is hence
recovered as a special case when the target labels consist
of one word, and image captioning is recovered when all
images consist of one region that spans the full image.

Additionally, we develop a Fully Convolutional Local-
ization Network (FCLN) for the dense captioning task.
Our model is inspired by recent work in image captioning
[49, 21, 32, §, 4] in that it is composed of a Convolutional
Neural Network and a Recurrent Neural Network language
model. However, drawing on work in object detection [3£],
our second core contribution is to introduce a new dense lo-
calization layer. This layer is fully differentiable and can
be inserted into any neural network that processes images
to enable region-level training and predictions. Internally,
the localization layer predicts a set of regions of interest in
the image and then uses bilinear interpolation [19, 16] to
smoothly crop the activations in each region.

‘We evaluate the model on the large-scale Visual Genome
dataset, which contains 94,000 images and 4,100,000 region
captions. Our results show both performance and speed im-
provements over approaches based on previous state of the
art. We make our code and data publicly available to sup-
port further progress on the dense captioning task.
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2. Related Work

Our work draws on recent work in object detection, im-
age captioning, and soft spatial attention that allows down-
stream processing of particular regions in the image.

Object Detection. Our core visual processing module is a
Convolutional Neural Network (CNN) [29, 26], which has
emerged as a powerful model for visual recognition tasks
[39]. The first application of these models to dense predic-
tion tasks was introduced in R-CNN [14], where each re-
gion of interest was processed independently. Further work
has focused on processing all regions with only single for-
ward pass of the CNN [17, 13], and on eliminating explicit
region proposal methods by directly predicting the bound-
ing boxes either in the image coordinate system [46, 9], or in
a fully convolutional [31] and hence position-invariant set-
tings [40, 38, 37]. Most related to our approach is the work
of Ren et al. [38] who develop a region proposal network
(RPN) that regresses from anchors to regions of interest.
However, they adopt a 4-step optimization process, while
our approach does not require training pipelines. Addition-
ally, we replace their Rol pooling mechanism with a differ-
entiable, spatial soft attention mechanism [19, 16]. In par-
ticular, this change allows us to backpropagate through the
region proposal network and train the whole model jointly.
Image Captioning. Several pioneering approaches have
explored the task of describing images with natural lan-
guage [1, 27, 12, 34, 42, 43, 28, 20]. More recent ap-
proaches based on neural networks have adopted Recurrent
Neural Networks (RNNs) [50, 18] as the core architectural
element for generating captions. These models have pre-
viously been used in language modeling [2, 15, 33, 44],
where they are known to learn powerful long-term inter-
actions [22]. Several recent approaches to Image Caption-
ing [32, 21,49, &, 4, 24, 11] rely on a combination of RNN
language model conditioned on image information, possi-
bly with soft attention mechanisms [51, 5]. Similar to our
work, Karpathy and Fei-Fei [21] run an image captioning
model on regions but they do not tackle the joint task of
detection of description in one model. Our model is end-to-
end and designed in such way that the prediction for each
region is a function of the global image context, which we
show also ultimately leads to stronger performance. Finally,
the metrics we develop for the dense captioning task are in-
spired by metrics developed for image captioning [45, 7, 3].

3. Model

Overview, Our goal is to design an architecture that jointly
localizes regions of interest and then describes each with
natural language. The primary challenge is to develop a
model that supports end-to-end training with a single step of
optimization, and both efficient and effective inference. Our
proposed architecture (see Figure 2) draws on architectural
elements present in recent work on object detection, image

64

captioning and soft spatial attention to simultaneously ad-
dress these design constraints.

In Section 3.1 we first describe the components of our
model. Then in Sections 3.2 and 3.3 we address the loss
function and the details of training and inference.

3.1. Model Architecture
3.1.1 Convolutional Network

‘We use the VGG-16 architecture [41] for its state-of-the-art
performance [39]. It consists of 13 layers of 3 x 3 con-
volutions interspersed with 5 layers of 2 x 2 max pooling.
We remove the final pooling layer, so an input image of
shape 3 x W x H givesrise to atensor of features of shape
CxW'x H where C' =512, W/ = L%J, and ' = L%J
The output of this network encodes the appearance of the
image at a set of uniformly sampled image locations, and

forms the input to the localization layer.

3.1.2 Fully Convolutional Localization Layer

The localization layer receives an input tensor of activa-
tions, identifies spatial regions of interest and smoothly ex-
tracts a fixed-sized representation from each region. Our
approach is based on that of Faster R-CNN [3%], but we
replace their Rol pooling mechanism [13] with bilinear
interpolation [19], allowing our model to propagate gra-
dients backward through the coordinates of predicted re-
gions. This modification opens up the possibility of predict-
ing affine or morphed region proposals instead of bounding
boxes [19], but we leave these extensions to future work.
Inputs/outputs. The localization layer accepts a tensor of
activations of size C x W/ x H’. It then internally selects
B regions of interest and returns three output tensors giving
information about these regions:

1. Region Coordinates: A matrix of shape B x 4 giving
bounding box coordinates for each output region.

2. Region Scores: A vector of length B giving a con-
fidence score for each output region. Regions with
high confidence scores are more likely to correspond
to ground-truth regions of interest.

3. Region Features: A tensor of shape B x ' x X x Y
giving features for output regions; is represented by an
X x Y grid of C-dimensional features.

Convolutional Anchors. Similar to Faster R-CNN [3%],
our localization layer predicts region proposals by regress-
ing offsets from a set of translation-invariant anchors. In
particular, we project each point in the W' x H’ grid of
input features back into the W x H image plane, and con-
sider & anchor boxes of different aspect ratios centered at
this projected point. For each of these %k anchor boxes,
the localization layer predicts a confidence score and four
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Figure 2. Model overview. An input image is first processed a CNN. The Localization Layer proposes regions and smoothly extracts a
batch of corresponding activations using bilinear interpolation, These regions are processed with a fully-connected recognition network
and described with an RNN language model. The model is trained end-to-end with gradient descent.

scalars regressing from the anchor to the predicted box co-
ordinates. These are computed by passing the input feature
map through a 3 x 3 convolution with 256 filters, a rectified
linear nonlinearity, and a 1 x 1 convolution with 5% filters.
This results in a tensor of shape 5k x W’ x H’ containing
scores and offsets for all anchors.

Box Regression. We adopt the parameterization of [13]
to regress from anchors to the region proposals. Given an
anchor box with center (x,, 4, ), width w,, and height h,,
our model predicts scalars (¢, ¢y, tw. tn) giving normalized
offsets and log-space scaling transforms, so that the output
region has center (z, y) and shape (w, h) given by

M
2

T =1T, + tAL:'LUu: Y ="Ya + t;qha

W = Wq exP{lu) h = hg exp(h)
Note that the boxes are discouraged from drifting too far
from their anchors due to 1.2 regularization.
Box Sampling. Processing a typical image of size W =
720, H = 540 with £ = 12 anchor boxes gives rise (0
17,280 region proposals. Since running the recognition net-
work and the language model for all proposals would be
prohibitively expensive, it is necessary to subsample them.
At training time, we follow the approach of [38] and
sample a minibatch containing B — 256 boxes with at most
B/2 positive regions and the rest negatives. A region is pos-
itive if it has an intersection over union (IoU) of at least 0.7
with some ground-truth region; in addition, the predicted
region of maximal IoU with each ground-truth region is
positive. A region is negative if it has IoU < 0.3 with
all ground-truth regions. Our sampled minibatch contains
Bp < B/2 positive regions and By = B — Bp negative
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regions, sampled uniformly without replacement from the
set of all positive and all negative regions respectively.

At test time we subsample using greedy non-maximum
suppression (NMS) based on the predicted proposal confi-
dences to select the B = 300 most confident proposals.

The coordinates and confidences of the sampled propos-
als are collected into tensors of shape B x 4 and B respec-
tively, and are output from the localization layer.

Bilinear Interpolation. After sampling, we are left with
region proposals of varying sizes and aspect ratios. In order
to interface with the full-connected recognition network and
the RNN language model, we must extract a fixed-size fea-
ture representation for each variably sized region proposal.

To solve this problem, I'ast R-CNN [ 1 3] proposes an Rol
pooling layer where each region proposal is projected onto
the W' x I’ grid of convolutional features and divided into
acoarse X x Y grid aligned to pixel boundaries by round-
ing. Features are max-pooled within cach grid cell, result-
ing in an X x Y grid of output features.

The Rol pooling layer is a function of two inputs: convo-
lutional features and region proposal coordinates. Gradients
can be propagated backward {rom the output features to the
input features, but not to the input proposal coordinates. To
overcome this limitation, we replace the Rol pooling layer
with with bilinear interpolation [ 16, 19].

Concretely, given an input feature map U of shape C' x
W’ x H’ and a region proposal, we interpolate the features
of I7 to produce an output feature map V of shape 7 x X x
Y. After projecting the region proposal onto {/ we follow
[19] and compute a sampling grid G of shape X x YV x 2
associating each element of V' with real-valued coordinates

intoU. If Gy ; — (5,5, 9:,;) then V,; ; should be equal to I/
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at (¢, s 5, ys,5); however since (z; 5,y ;) are real-valued,
we convolve with a sampling kernel & and set

woH
Veii = Z Z U jrkld — zij)k(5 — w5).  (3)

i=1j=1

We use bilinear sampling, corresponding to the kernel
kE(d) = max(0,1 — |d|). The sampling grid is a linear
function of the proposal coordinates, so gradients can be
propagated backward into predicted region proposal coordi-
nates. Running bilinear interpolation to extract features for
all sampled regions gives a tensor of shape B x Cx X x Y,
forming the final output from the localization layer.

3.1.3 Recognition Network

The recognition network is a fully-connected neural net-
work that processes region features from the localization
layer. The features from each region are flattened into a vec-
tor and passed through two full-connected layers, each us-
ing rectified linear units and regularized using Dropout. For
each region this produces a code of dimension ) = 4096
that compactly encodes its visual appearance. The codes
for all positive regions are collected into a matrix of shape
B x D and passed to the RNN language model.

In addition, we allow the recognition network one more
chance to refine the confidence and position of each pro-
posal region. It outputs a final scalar confidence of each pro-
posed region and four scalars encoding a final spatial off-
set to be applied to the region proposal. These two outputs
are computed as a linear transform from the D)-dimensional
code for eachregion. The final box regression uses the same
parameterization as Section 3.1.2.

3.1.4 RNN Language Model

Following previous work [32, 21, 49, &, 4], we use the
region codes to condition an RNN language model [15,

, 4] Concretely, given a training sequence of to-
kens s1,...,sr, we feed the RNN T 4 2 word vectors
T_1,%0,%1,...,2T, where x_1 = CNN(I) is the region
code encoded with a linear layer and followed by a RelLU
non-linearity, ry corresponds to a special START token, and
z; encode each of the tokens s¢, ¢t = 1,...,T. The RNN
computes a sequence of hidden states b, and output vectors
¥ Using a recurrence formula Ay, vz = f(he_1,Ts) (We use
the LSTM [18] recurrence). The vectors g have size |V/|+1
where V' is the token vocabulary, and where the additional
one is for a special END token. The loss function on the
vectors vy is the average cross entropy, where the targets at
times ¢t = 0,...,7" — 1 are the token indices for 4,1, and
the target at ¢ = T is the END token. The vector y_1 is
ignored. Our tokens and hidden layers have size 512.

At test time we feed the visual information z_; to the
RNN. At each time step we sample the most likely next
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token and feed it to the RNN in the next time step, repeating
the process until the special END token is sampled.

3.2. Loss function

During training our ground truth consists of positive boxes
and descriptions. Our model predicts positions and confi-
dences of sampled regions twice: in the localization layer
and again in the recognition network. We use binary logis-
tic losses for the confidences trained on sampled positive
and negative regions. For box regression, we use a smooth
L1 loss in transform coordinate space similar to [38]. The
fifth term in our loss function is a cross-entropy term at ev-
ery time-step of the laniguage model.

We normalize all loss functions by the batch size and
sequence length in the RNN. We searched over an effec-
tive setting of the weights between these contributions and
found that a reasonable setting is to use a weight of 0.1 for
the first four criterions, and a weight of 1.0 for captioning.

3.3. Training and optimization

We train the full model end-to-end in a single step of opti-
mization. We initialize the CNN with weights pretrained on
ImageNet [39] and all other weights from a gaussian with
standard deviation of 0.01. We use stochastic gradient de-
scent with momentum 0.9 to train the weights of the con-
volutional network, and Adam [23] to train the other com-
ponents of the model. We use a learning rate of 1 x 10~°%
and set 51 = 0.9, 85 = 0.99. We begin fine-tuning the lay-
ers of the CNN after 1 epoch, and for efficiency we do not
fine-tune the first four convolutional layers of the network.
Our training batches consist of a single image that has
been resized so that the longer side has 720 pixels. Our
implementation uses Torch 7 [0] and [3¢]. One mini-batch
runs in approximately 300ms on a Titan X GPU and it takes
about three days of training for the model to converge.

4. Experiments

Dataset. Existing datasets that relate images and natural
language either only include full image captions [3, 57], or
ground words of image captions in regions but do not pro-
vide individual region captions [35]. We perform our ex-
periments using the Visual Genome (VG) region captions
dataset [25] 1. Our version contained 94,313 images and
4,100,413 snippets of text (43.5 per image), each grounded
to a region of an image. Images were taken from the in-
tersection of MS COCO and YFCC100M [47], and annota-
tions were collected on Amazon Mechanical Turk by asking
workers to draw a bounding box on the image and describe
its content in text. Example captions from the dataset in-
clude “cats play with toys hanging from a perch”, “news-

"

papers are scattered across a table”, “woman pouring wine

RTINS

into a glass”, “mane of a zebra”, and “red light”.

Dataset can be downloaded at http://visualgenome.org/.
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Figore 3. Example captions generated and localized by our model on test images. We render the top few most confident predictions. On
the bottom row we additionally contrast the amount of information our model generates compared to the Full image RNN.

Preprocessing. We collapse words that appear less than
15 times into a special <UNK> token, giving a vocabulary
0f 10,497 words. We strip referring phrases such as “there
is..”, or “this seems to be a”. For efficiency we discard all
annotations with more than 10 words (7% of annotations).
We also discard all images that have fewer than 20 or more
than 50 annotations to reduce the variation in the number
of regions per image. We are left with 87,398 images; we
assign 5,000 each to val/test splits and the rest to train.

For test time evaluation we also preprocess the ground
truth regions in the validation/test images by merging heav-
ily overlapping boxes into single boxes with several refer-
ence captions. For each image we iteratively select the box
with the highest number of overlapping boxes (based on
IoU with threshold of 0.7), and merge these together (by
taking the mean) into a single box with multiple reference
captions. We then exclude this group and repeat the process.

4.1. Dense Captioning

In the dense captioning task the model receives a single im-
age and produces a set of regions, each annotated with a
confidence and a caption.

Evaluation metrics. Intuitively, we would like our model
to produce both well-localized predictions (as in object de-
tection) and accurate descriptions (as in image captioning).
Inspired by evaluation metrics in object detection [10,
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30] and image captioning [4£], we propose to measure the
mean Average Precision (AP) across a range of thresholds
for both localization and language accuracy. For localiza-
tion we use intersection over union (IoU) thresholds .3, 4,
.5, .6, 7. For language we use METEOR score thresholds
0,.05,.1,.15, .2, .25. We adopt METEOR since this metric
was found to be mest highly correlated with human judg-
ments in settings with a low number of references [48]. We
measure the average precision across all pairwise settings
of these thresholds and report the mean AP.

To isolate the accuracy of language in the predicted cap-
tions without localization we also merge ground truth cap-
tions across each test image into a bag of references sen-
tences and evalvate predicted captions with respect to these
references without taking into account their spatial position.

Baseline models. Following Karpathy and Fei-Fei [21], we
train only the Image Captioning model (excluding the local-
ization layer) on individual, resized regions. We refer to this
approach as a Region RNN medel. To investigate the differ-
ences between captioning trained on full images or regions
we also train the same model on full images and captions
from MS COCO (Full Image RNN model).

At test time we consider three sources of region propos-
als. First, to establish an upper bound we evaluate the model
on ground truth boxes (GT). Second, similar to [21] we use
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Language (METEOR) | Dense captioning (AP) Test runtime (ms)
Region source EB RPN GT EB RPN GT Proposals CNN+Recog RNN Total
Full image RNN [21]  0.173  0.197 0209 | 242 427 4.1l 210ms 2950ms 10ms  3170ms
Region RNN [21] 0221 0244 0272 | 1.07 426 21.90 210ms 2950ms 10ms  3170ms
FCLN onEB[13] 0.264 0.296 0293 | 488 321 26.84 210ms 140ms 10ms  360ms
Our model (FCLN) 0.264 0273 0305 | 5.24 539 27.03 90ms 140ms 10ms  240ms

Table 1. Dense captioning evaluation on the test set of 5,000 images. The language metric is METEOR (highis good), our dense captioning
metric is Average Precision (AP, high is good), and the test runtime performance for a 720 x 600 image with 300 proposals is given in

milliseconds on a Titan X GPU (ms, low is good). EB, RPN, and GT correspond to EdgeBoxes [

], Region Proposal Network [3%], and

ground truth boxes respectively, used at test time. Numbers in GT columns (italic) serve as upper bounds assuming perfect localization.

an external region proposal method to extract 300 boxes for
each test image. We use EdgeBoxes [54] (EB) due to their
strong performance and speed. Finally, EdgeBoxes have
been tuned to obtain high recall for objects, but our regions
data contains a wide variety of annotations around groups of
objects, stuff, etc. Therefore, as a third source of test time
regions we follow Faster R-CNN [38] and train a separate
Region Proposal Network (RPN} on the VG regions data.
This corresponds to training our full model except without
the RNN language model.

As the last baseline we reproduce the approach of Fast
R-CNN [13], where the region proposals during training are
fixed to EdgeBoxes instead of being predicted by the model
(FCLN on EB). The results of this experiment can be found
in Table 1. We now highlight the main takeaways.

Discrepancy between region and image level statistics.
Focusing on the first two rows of Table 1, the Region RNN
model obtains consistently stronger results on METEOR
alone, supporting the difference in the language statistics
present on the level of regions and images. Note that these
models were trained on nearly the same images, but one on
full image captions and the other on region captions. How-
ever, despite the differences in the language, the two models
reach comparable performance on the final metric.

RPN ouiperforms external region preposals. In all cases
we obtain performance improvements when using the RPN
network instead of EB regions. The only exception is the
FCLN model that was only trained on EB boxes. Our hy-
pothesis is that this reflects people’s tendency of annotating
regions more general than those containing objects. The
RPN network can learn these distributions from the raw
data, while the EdgeBoxes method was designed for high
recall on objects. In particular, note that this also allows our
model (FCLN) to outperform the FCLN on EB baseline,
which is constrained to EdgeBoxes during training (5.24
vs. 4.88 and 5.39 vs. 3.21). This is despite the fact that
their localization-independent language scores are compa-
rable, which suggests that our model achieves improve-
ments specifically due to better localization. Finally, the
noticeable drop in performance of the FCLN on EB model
when evaluating on RPN boxes (5.39 down to 3.21) also
suggests that the EB boxes have particular visual statistics,
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and that the RPN boxes are likely out of sample for the
FCLN on EB model.

Our model outperforms individual region description.
Our final model performance is listed under the RPN col-
umn as 5.39 AP. In particular, note that in this one cell of
Table 1 we report the performance of our full joint model
instead of our model evaluated on the boxes from the inde-
pendently trained RPN network. Our performance is quite
a bit higher than that of the Region RNN model, even when
the region model is evaluated on the RPN proposals (5.93
vs. 4.26). We attribute this improvement to the fact that our
model can take advantage of visual information from the
context outside of the test regions.

Qualitative results. We show example predictions of the
dense captioning model in Figure 3. The model generates
rich snippet descriptions of regions and accurately grounds
the captions in the images. For instance, note that several
parts of the elephant are correctly grounded and described
(“trurik of an elephant”, “elephant is standing”, and both
“leg of an elephant™). The same is true for the airplane ex-
ample, where the tail, engine, nose and windows are cor-
rectly localized. Common failure cases include repeated
detections (e.g. the elephant is described as standing twice).

Runtime evaluation. Our model is efficient at test time:
a 720 x 600 image is processed in 240ms. This includes
running the CNN, computing B = 300 region proposals,
and sampling from the language model for each region.

Table 1 (right) compares the test-time runtime perfor-
mance of our model with baselines that rely on EdgeBoxes.
Regions RNN is slowest since it processes each region with
an independent forward pass of the CNN; with a runtime of
3170ms it is more than 13 slower than our method.

FCLN on EB extracts features for all regions after a sin-
gle forward pass of the CNN. Iis runtime is dominated by
EdgeBoxes, and it is & 1.5 slower than our method.

Our method takes 88ms to compute region proposals, of
which nearly 80ms is spent running NMS to subsample re-
gions in the Localization Layer. This time can be drastically
reduced by using fewer proposals: using 100 region propos-
als reduces our total runtime to 166ms.
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Ranking Localization
R@1 R@5 R@10 Med. rank | IoU@0.1 IoU@0.3 IoU@0.5 Med.IoU
Full Image RNN [21] 0.10  0.30 0.43 13 - - - -
EB + Full Image RNN [21]  0.11 0.40 0.55 9 0.348 0.156 0.053 0.020
Region RNN [2 1] 0.18 043 0.59 7 0.460 0.273 0.108 0.077
Our model (FCLN) 027 053  0.67 5 0.560 0.345 0.153 0.137

Table 2. Results for image retrieval experiments. We evaluate ranking using recall at £ (R@ K, higher is better) and median rank of the
target image (Med.rank, lower is better). We evaluate localization using ground-truth region recall at different IoU thresholds (IoU@¢,
higher is better) and median ToU (Med. ToU, higher is better). Our method outperforms baselines at both ranking and localization.

Query phrases
| man playing tennis outside ] [
‘ logo with red letters

pair of white shoes
red and black tennis racket |

| hand of the clock
big and little hand on front clock

stone statue on the building
light fixture on left side

| black seat on bike
chrome exhaust pipe i
white and black motorcycle|

woman in a store

| man is wet

water splashing under the board

two men standing in the water
| white board being ridden

Retrieved Images

Figure 4. Example image retrieval results using our dense captioning model. From left to right, each row shows a ground-truth test image,
ground-truth region captions describing the image, and the top images retrieved by our model using the text of the captions as a query. Our
model is able to correctly retrieve and localize people, animals, and parts of both natural and man-made objects.

4.2. Image Retrieval using Regions and Captions

In addition to generating novel descriptions, our dense cap-
tioning model can support image retrieval using natural-
language queries, and can localize these queries in retrieved
images. We evaluate our model’s ability to correctly retrieve
images and accurately localize textual queries.
Experiment setup. We use 1000 random images from
the VG test set for this experiment. We generate 100 test
queries by repeatedly sampling four random captions from
some image and then expect the model to correct retrieve
the source image for each query.

Evaluation. To evaluate ranking, we report the fraction of
queries for which the correct source image appears in the
top k positions for k € {1,5,10} (recall at k) and the me-
dian rank of the correct image across all queries.

To evaluate localization, for each query caption we
examine the image and ground-truth bounding box from
which the caption was sampled. We compute IoU between
this ground-truth box and the model’s predicted grounding
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for the caption. We then report the fraction of query cap-
tion for which this overlap is greater than a threshold ¢ for
t € {0.1,0.3,0.5} (recall at t) and the median IoU across
all query captions.

Models. We compare the ranking and localization perfor-
mance of full model with baseline models from Section 4.1.

For the Full Image RNN model trained on MS COCO,
we compute the probability of generating each query cap-
tion from the entire image and rank test images by mean
probability across query captions. Since this does not local-
ize captions we only evaluate its ranking performance.

The Full Image RNN and Region RNN methods are
trained on full MS COCO images and ground-truth VG re-
gions respectively. In either case, for each query and test
image we generate 100 region proposals using EdgeBoxes
and for each query caption and region proposal we compute
the probability of generating the query caption from the re-
gion. Query captions are aligned to the proposal of maximal
probability, and images are ranked by the mean probability
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red and white sign

legs of a zebra

white tennis shoes

hands holding a phone  front wheel of a bus

Figure 5. Example results for open world detection. We use our dense captioning model to localize arbitrary pieces of text in images, and

display the top detections on the test set for several queries.

of aligned caption / region pairs.

The process for the full FCLN model is similar, but uses

the top 100 proposals from the localization layer rather than
EdgeBoxes proposals.
Discussion. Figure 4 shows examples of ground-truth
images, query phrases describing those images, and im-
ages retrieved from these queries using our model. Our
model is able to localize small objects (“hand of the clock™,
“logo with red letters”), object parts, (“black seat on bike”,
“chrome exhaust pipe”), people (“man is wet”) and some
actions (“man playing tennis outside™).

Quantitative results comparing our model against the
baseline methods is shown in Table 2. The relatively poor
performance of the Full Image RNN model (Med. rank 13
vs. 9,7,5) may be due to mismatched statistics between its
train and test distributions: the model was trained on full
images, but in this experiment it must match region-level
captions to whole images (Full Image RNN) or process im-
age regions rather than full images (EB + Full Image RNN).

The Region RNN model does not suffer from a mismatch
between train and test data, and outperforms the Full Image
RNN model on both ranking and localization. Compared to
Full Image RNN, it reduces the median rank from 9 to 7 and
improves localization recall at 0.5 ToU from 0.053 to 0.108.

Our model outperforms the Region RNN baseline for
both ranking and localization under all metrics, further re-
ducing the median rank from 7 to § and increasing localiza-
tion recall at 0.5 IoU from 0.108 to 0.153.

The baseline uses EdgeBoxes which was tuned to local-
ize objects, but not all query phrases refer to objects. Our
model achieves superior results since it learns to propose
regions from the training data.
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Open-world Object Detection Using the retrieval setup de-
scribed above, our dense captioning model can also be used
to localize arbitrary pieces of text in images. This enables
“open-world” object detection, where instead of commit-
ting to a fixed set of object classes at training time we can
specify object classes using natural language at test-time.
We show example results for this task in Figure 5, where we
display the top detections on the test set for several phrases.

Our model can detect animal parts (“head of a giraffe”,
“legs of a zebra”) and also understands some object at-
tributes (“red and white sign”, “white tennis shoes™) and in-
teractions between objects (“hands holding a phone”). The
phrase “front wheel of a bus” is a failure case: the model
correctly identifies wheels of buses, but cannot distinguish
between the front and back wheel.

5. Conclusion

We introduced the dense captioning task, which requires a
model to simultaneously localize and describe regions of an
image. To address this task we developed the FCLN ar-
chitecture, which supports end-to-end training and efficient
test-time performance. Our FCLN architecture is based on
recent CNN-RNN models developed for image captioning
but includes a novel, differentiable localization layer that
can be inserted into any neural network to enable spatially-
localized predictions. Our experiments in both generation
and retrieval settings demonstrate the power and efficiency
of our model with respect to baselines related tp previous
work, and qualitative experiments show visually pleasing
results. In future work we would like to relax the assump-
tion of rectangular proposal regions and to discard test-time
NMS in favor of a trainable spatial suppression layer.
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ST AL H B SR RO TR, I3

SHEEL YN ZRATTIEI (4 Rk o FRATT B
M4k (0B 2 HE TIA X
XEGAI,  E R IA AT R
AR R, XL 50 2 B
S A H AT

255 3.1 . JATE A
IR RS 7y RS AEER 3.2 A
3.3 7%, HATEE S ABREE, LA
LA ZRANFI A B 4071
3.1 BRAILEH

3.1.1 B %%
BAMEH VGG-16 ZEH[41], &
RHAE[39] R AR 4 1T B i 7K
VGG-16 H 13 |2 3X3 HBFHEM 5
2X2 B KICRES HAT K. A2
T TREMNICERE, Rk A—ik
BUG TR R N3 x W x HIIK &,
REFRARF]—ANC x W' x H'TR-E 5§

B, HfiC =512, W' = [%]%n

H' = || mesteEg b5

P B AT R gedmtt it RIEN
FEALR BRI -

3.1.2 2B EMNE

A= e SN D I (TOANG] S
B, SO ER ) 2 [A] DX
MRS X2 ] e KN R R . R
1) 77292 3£ T Faster R-CNN [38]
TAE, AR AAETIRATH N4
E[1915UAR T EATH Rol I ZRALH]
[13], ANTIASA5 FRAT T AR e sd it i
I DX I AR HR J ) P FB A0 BE o X AR

R TN AR B A AR B 1 A
] 5 DX 43T A 7 485 FH 7 R X33 ) T
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REPE[19], FRATHEAE AKX IX T 1H

AT HEAH

PN T
ENLZBESZ KN KC X W X H'If)

BOGKE . AR5 EAE N ERE SO

(1) B X3 IFiR [0l = A4 sk &, M

25 o T IX S X IR 45 2

LA PR KA BX4 %R
B, oh HO AN H XA 5 A A

e

2.X B KIEHNBWHE,
g RN ORI B o E. A
A 1 BAE JE 53 B30 DX AR AT RS B T
FUZ I EAE (ground truth) X1k,

B E R

45 Fast R-CNN 2&1L[38], A& AL
JZid I FEK 3 — PR AR E
() % SR T X SR . e, 3R
TR NEFIERIW x H (S R A
RIGEEIW x HEGFH, JF H LR
R RO O BIA R B LE TR
Hi5E JTHE™ (anchor box). X FixXitk
M E T REF RS, BN E R
W — A~ EAF 73 BOMPYAS P E s (]
U B P50 7 AE AL R B] B AR B, IX e
T I N RFAE B 256 N8R AR
OB 3X 3 A AR T I AR I e R
LR IS MR A S AR B AR 1

3.XIAFE: TERB X Cx X xY X1 BRI EARIN . 2R 2N
ok aE, gy XIPRHIE, R RN Skx W' x H'fkE, HPaSra
C 4EX X Y MFERFAE . i 8 s 1 Bl A% &
BEUHE Regﬁ:l‘ﬁgﬁms s 4g
Conv features: BxCxXXY  Region Codes:
CxWxH BxD

u‘

LSQ

Recognmun
_____ N _f—:twork Cats watching TV

- ;EuELocallzailon Y

[X sk £ 13 Region
Proposals Ak x W' x H’

#HFF{ECony features: \ k]

T
~|: ]
b@ — it_mipling — |!1 —

[ 175 4+ Region scores:

F I Sampling Grid:
= {fi32 il Best Proposals: BxXxYx2 |
M A
#2Grid
Generator

[
]

AL (ICR RS

Bilinear Sampler

| B FriERegion features:

CxWxH

Bx512x7x7

B2 MR SRR E el

CNN AR 5Efr )2 %kﬁﬂlﬁﬂ?ﬁﬁﬁﬂﬂﬁ@ﬁﬂﬁﬂ%%

T R MR R E . X X el e BUE AL 2% AR BEAT— > RNN 15 &

B SRAE plAtA . ML

Ao PR T e R i 281 PR 1 5 o
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J7HE" B3
BATRABISEA T,
HE A AR X IR E . 25—
DN (Xg, Vo) 6 EwW, I E BEh, 15 7
HE, 2 58 VA —H O B ARG 25072 1] 4 il
A, AR SR A B
(ter ty, by, t), B HS XA H 0 (x, )
IR (w, ), TIF:
Y =Yat+tyhy (1)
w = wgexp(ty,) h = hgexp(h,)(2)
R, BT L2 IENLT, ALl
877 11775 R VR B A p ROz
JTHERAE
WEE—AN A EIR, W =
720, H =540, Ak = 12M4iET
HE, BEM4217,280 4 XA .
T T A PEVGZ AT R P 28 FIIE 5 15
RS &, A SZEXeA T3
TRt
FEIZRIN, AT [38]11) 7%
HRFEB = 256N HEMI /ML
(minibatch), HHEZB /24 EXIH
HARA X a0 —A XA A
ground truth [X 35 & & AHAE
(intersection over unoin, IoU) % /biA
FN0.7FINAZIXBATER . Mk, —
X I AT ) ground truth X357
loU < 0.3, HLAAZXIELAR ., K
ITHIRAE ) minibatch FEAEL S BP <
B /2 IEXIAIBN = B — BPfiJr[X
o, ESRBSIEUE, AR IE
) DX R4 2 A ) IXIUEAR
XF T, FRATHE T T A HE
BAF AT H 2R K] (non-

X =x4+t,w,

maximum, NMS) SKi&#B = 3001
AT I

SRFEHR UL AL bR AN BL1F B 5 il R
15T REAIRB x 4FIBII K&, I
N AT 2 BT H
M tE1E

KFEfE, AT N TAE RS0
KT8 LLHI X IER . 9 T 54 Rem)
PRI 2% F RNN 18 = A3 TAS
B, FATLAYEE KN AT AR X 35
PR VAR I — AN ] 5 K/ RFAE 1) B 3R
N

N T fRRIXAN AT, Fast R-CNN
[1I3J#RH T —A RolJLEW )2, Hr
A XIS B H 5 B B AR R AR Y
W' x H' W& I, 3 B3R5 b5
FIN T FRIIX x YRR o FHELE
FEAN RIS BT N B ORI BRI, AT
iy AR AE BIX X YRR

Rol {52 =& — M AR
B, SN A S RRE R X S 1L
AARR o 6 FE T DL H AR I e A
B NFFAE, H2 0V WAL 7 24
NPV . A T FERILIXAN FBR
PE, FRATH R MEAR{E 4 T Rol I
FJ2[16,19].

HART S, 4BERIRCx W' x H'
(03 N AR I UAN— AN X R, 3R,
ITAHE U BHRFAE A=A TEARC X X XY
(s ARRE V. 708 X IR 5
FUZ G, FATEIE19)T7 K5I
KX XY % 2[KAEMIE G, KV R
NTCER G IAE AR RS U
Gij = (x5, vij)» WAV, BZETAE
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(¢, x5, y)REHIU. SR10, H©T
(i, i) RSB, DR AT TR KA
¥ k 5 set FHATHEMA

w H
Veij = z Z Ui jrk (i —x; )k (' — v:5) 3)

i=1j7=1

FRAVE F LR R, S5 IR A%
k(d) + max(0,1—|d|). RFEMEZ
—/NR TR UL PRI ek B, PRl
A LKA B [ i A 7 38 00 [X 4k
AR o TBAT R MEARAE N T A RAE X
WAREURAE, TE K TR AB X C X
X XY, MIVERENZ B Lt .
3.1.3 /A ML

WA 4 — A AR AP A N
2, AbIESRE 2 ANE 1 X, ¥
BN X IR A AFAE S S — A T B AR
FIRANEELZ, FEEEHRIE
2P A FE FR 5T A Dropout 1E A
T EAXIE, 724 TY4EED =
4096 1114mh, FL R HhgmAD X IR 1)
RGN o 4 I IE X 35 i A
FIFARAB x DINAEREH, FRfEihss
RNN & F 8,

Ak, FRATT VRIS N 25 F IR AR
fH— AN BB MR X I B A5 A
DXIIBLES o XF AN DX SRR R
Mz — M REAREEEE, L
T WUAS R i B 2% 2 1) i B8 22 O B
o XU R M T EA XD
UG LR M R W T HAF RN . R
JTHEAE S5 3.1.2 AR S5
P EIER
3.1.4 RNN & S HH

MR HE[32,21,49,8 41T TAE,
TAE A X g >K 55 RNN 15 5
Bif[15,33,44]. BAAT S, HE—N
WGBSy, ..., 51, 484 RNN
IR BENT + 201RE ) &
X_1,Xg,-+-, Xp» FeHx_y = CNN(D)&
223 CNN AbH ) X 3 gm  Fif Jd it —
MM Z B G 1 ReLu R4 142
FIREEREE R, xo X B F—NRFER
<START>HRig, x5 FFric b E i
FAldrs,, Hdt=1,...,T. RNN
THE—ABER SR AR T 5, H
Hy A, HEHERy, =
f(he—q, xe) CGRATMSE FH )2 KA
2.2 LSTM[18]IEA 7 2. it
A&y, KDNVI+1, Ho v ERR
PRICALHRTEER, AR AN 1 R
—ANEFBRHI<END>FRic. A&y, i)
532K R U F (1) 02 P 3 28 U4 K bR
¥, Hh#fEt=0,...,T— 1K
Hodse, Bt =T Hbrf L2
<END>#rice [ &Ey_2ikE . &
AT FRIC ARG B RN 512,

FEMHART A4 T RNN PSR
MAEAE B x_y o TERENERE, 3K
TR B T RER) T — MR/ A
I [R]AE R, FRE N — AN
HAE9 RNN AN, HEEIZEEH
FRFEFFIR FI<END>FrRid -

3.2 KR EH

FEYIZR AR BRATTH ground truth
BFE A IEE R T RERRIA . AT
BT 1 KA DX 3 ) o BN B AE FE
W —URTEENZ, T—IRIEIR A
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W2, JRAT TR SRAE B IEAE AT FUE X
AT N 2RI BAS A —on i 440
Ko MTIHERIE, FAEZ AR
7% [|) A SR AL T [381°F ¥ Y L1 437
So TRATTHIA0 2K bR 0 1 28 T A2 T
BRI J5 B B 1) A8 I

FATEL RNN H k& KNI
F7 B BE T A 40 % eR AT I —
o FATEARFIHRE] 1 IX LexF 45 A
TURIU A RO E, KILE BT
WE AT T E I E N 0.1,
F 4R A A 1.0,
3.3 YIZARAL

FArad i B — AR LA X B A
Y 47 o 2 g B U ko FRATTHE
ImageNet [39] b T4 Il 2R AL X
CNN A7 #It640, F B A4 0 HoA
B N B PR HEZE D 0.01 1y o)
i FAMLTHBIEN 0.9 KIFEHIELEE
TRV GRBFN LS A E,
Adam[23 R ZRA AR X 4% () Fo A 2H
o FAVEHL x 1070 FK,
WEPL =09, B, =099, £
kg, FATFFIEST CNN FIZ 4T
Wik, A TR, RATARHER
BRETIU N ERRZE . BATRIUIZRitbik
wE—EEG, ST IEE, T
WA 720 MER. BATRISEBUEH T
Torch7 [6]F1[36]. —/N/INLIRAE Titan
X GPU i247414 300ms 7EH FIExt1%
B AT AL = R 2Rk B
5/

4. SCIY
€/

LA 0 AT B SRE & AH R B L
W, Eo N AR EURRR[3,
521, B AT BRI A8 fi] 5217
1, AR AR T XS fifiik
[35]. FATEMBIERA (VG XK
R B IR E[25] FIF R T IRATM S
5o FRAE A AR B 94,313 5KIA
J 14,100,413 FBOCE CRERETK
K& 43.5 B, BB E B3] K
B —A X3 EFARA MS COCO
A1 YFCCL00M [47] 4446, 7EF Dhidh
B G BN TR Eahlih iy
MEFF I SCARREIR LN 2 . ok B4R
17~k dn “ cats play with toys
hanging from a perch J# It B HAEMA
ERIBTA”, Rk AR T L
newspapers are scattered across a
table”, “ woman pouring wine into a
glass Ze AR N IKFSHE “, “mane of
a zebra B EZE" |, “red light 41
177 .

PikbE

FATHR IR ED T 15 BYR)IE
F—AMFEIR I <UNK>#rid, 158]—4
17 10497 MAFRNER . BATT R
U “there is...” “this seems to be a” [
SIHALE. N T RE8FE, RIEHF
I 10 SR TR ERE (i 2
TR 7% ). RN, FATEEFT T
AT 20 AEGET 50 MR E]
1B, LR BUR X S A
o T 87,398 Tk ;1B A BAIEA
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EE

MR BEF] 5000 5K, FHAHIH
F I,

T MR PEA,  FRAT TR I R
STHES IE RG2S HERR N
AT HE R ERAE/ R A ) ground

HBTTHERTHE T B{EN 0.7 1
IoU), JREM&EIF CELHCTH
) FRAGZANSHRIRI A TTHE
. BN E A G E S XA
o

truth DXICGHEAT FAC TR . X T BR8]
%, BABEAE S EAT HRAER

people are in the background
light on the wall  sign on the wall

man wearing a black shirt
red shirt on aman jelepha standing )
elephant is brown

man wearing a white shirt large green

trees s
man with roof of a
black hair e {62k building
trunk of an ~.
white laptop  elephant
8 »on a table

man sitting

reen trees
on a table gl

in the
background

. rocks on
§ tt
man wearing ':nag f ;bllre]g the ground
blue jeans - v M _legofan
woman ball is |~ elephant
) = P=\ wearing a white w
blue jeans on LT = black shirt

leg of an

the ground
elephant

7 ground is
chairis brown |icibe

man sitting on a bench
floor is brown

man wearing black shirt ground is brown

elephant is standing the ground

FAIHIKEEIOur Model:  plane is white. engine on the plane. . Is green. green trees in
n I photo taken during the day. red train car.
e EHRNN

P 3 BT R AR DI B R 2B i 4 3 DA RS s 151 o BRA 3R [l i vt B P AT T T
Mo FESCHABIA TGN 7 —LEA 72 B BR RNN A2 sl REEAT XS ELROAE B .

A large jetliner flying through a biue sky. A man and a woman sitting A teddy bear with
bo it

al 2 table with 2 cake. S e bow aoit A train is traveling down the tracks near a forest.

4.1 LR

EF R IR SR, BRI
—IEE G IR — A X, AN X
R —ABAG B — AR T
o
T TEbR

B b, BATA B IRA TR L RE
e A R A e L TR CRnfe ok S
WA FRRE ) XREIEAT HERA I FER
TEEGREIR IR . 320 Gl
[10,301F1 & AR [48]H I VTAR i b
(IR A FRATT A SE AL AE: 5 HERF
FEVEMN b, B AP FR AR AE S A

AER VA FR bR 00 & B Y BB G =2
XM E R EHER (AP) [1°F
fH.

SFF N, FRATE A
(IoU) HR{E N 03, 0.4, 0.5, 0.6,
0.7. XI5, FAEH METEOR
B3 BIME N 0, 0.05,0.1,0.15, 0.2,
025. ZFfLIRA METEOR, J&AA
XA H UAE NS H R ER D
N 5 N R VER) 7 2N A %
(¥ (48]0 FATI &AL XA A IX P Fh ]
EHEEMTFHERER (Average
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Precesion), JF153 2|14 & HER K1)
fi (mean AP).

T AF IR A AR R TE F A
J¢ b FRTRE A FEE 1T AN Do i 57 B 1) Pl
7, BATREEANNE EME E 1) ground
truth RS A— NS HE N E (bag,
Z LB mARES set, XAHET
AUAHEEICR, MESTERAFES
JCE D, MNIMASE] [ F R AT
SNV, AR R e
CIEDA=R

TR

Al Karpathy Al Fei-Fei Li 7£[21]%
Tk, BATRE— DA EIL, A
SE RN X3 E I G i A5 7Y
(NEFEENLZE) . BATEX P 575
FRZ NIX 3k RNN B8, T 40 #T7E
SERE BRI ZRFNAE X d8_E AT 0T ik
WEHRIAFZ AL, FATET MS
COCO #¥fm & s 1Al R A (58
% RNN BA) 0o 5¢ 5 B 5 A
R AT T U

Language (METEOR) | Dense captioning (AP) Test runtime (ms)
Region source EB RPN GT EB RPN GT Proposals CNN+Recog RNN Total
Full image RNN [21]  0.173  0.197 0.209 | 242 427 1411 210ms 2950ms 10ms 3170ms
Region RNN [21] 0221 0244 0272 | 1.07 426 21.90 210ms 2950ms 10ms 3170ms
FCLN on EB [17] 0.264 0.296 0.293 | 488 321 26.84 210ms 140ms 10ms  360ms
Our model (FCLN) 0.264 0273 0305 | 5.24 539 27.03 90ms 140ms 10ms  240ms

F LIANZAE 5000 7K EUE P B ERR BN . 38 5 PN Fa bR A 12 METEOR(5 73
R LT), FRATH B ERR PN e s & I A EZ (Average Precision, AP, #mi#if),
TR BB 720x600,  [XIFRECRBE N 300 4>, £ Titan X GPU _EALHZE ATy
ZFP (ms, #/NERLF). EB, RPN, GT 7331t Edgeboxes[54], XIHFEIU M 4% Region Proposal
Network[38]F1 FLAH ground truth 77HE. GT % N FIRMARRBRAENL B IR o

AR, AT B =A X g2
WHIKIE. B8, @ —A b5, Xt
ground truth A HE (GT) _bRyBiAY gt
TV . LR, FRATE A28
(RN DX B2 LR 7 325 9 A Tk 1
GIREL 300 N THE. PRIHAR S 1 g
FNE E FATE F EdgeBoxes[54]
(EB). % EdgeBoxes C.#{ i1 2
RESX X TRl AT B v ) A el 2,
SR FRATT ) DX Il v B S AR 2 AN [R]
RS, BFE—HES MR, 55
&, dLb/URE. B, AR X
B = AR, A2 T Faster
R-CNN [38]/1fli%:, 1E VG X38%

EINGR T AN ST Y DX S AR 1 245
(RPND .o FHYNZRIRATT 428 9 28 H
7], AR RNN 15 5 AR R
BAREL 3
VERN IR G — A FEAEXT LU, 3.
fITE I T Fast R-CNN [13]47Y, H.
YIS 18] ) X IR A B 50N
EdgeBoxes M A& HEA (£ EB I
[#) FCLND R, seimss Ransk
1o BATIAEE SN ARMTEEM R
FIECER
XA BB R MNGE Z B R ZE R
MEEE 1 I —47, X 33 RNN %
RI7E METEOR 345 1 — B 2
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FEISER, R EIR)Z 1 EiE
SR E SR, R, R
1E LT AR E B MR BT T IgR, (B
Forp— AN 2 B R Rk, i —
AR X IR . A, REES
BERYA B AR, AHX PR R P A 44
Tebr LRI ZE T L.

RPN LTS8 X 452 1

FEFTATEOLT, 248 RPN P21
A& EB XS, FRATES 3R 15PERE
PeFto ME— 1S BLAE FCLN A A
IXAE BB A HE AT NSRRI L. FR
TR, X e T AATT5 B )
DX 3 AT VAR R e R I 7 T X3
HL B R EAT I R 0T . RPN Y
2 m] DA SR UE 0 2 ) X e o A

il EdgeBoxes Jj AW it Z HIHE RIAET
R 3 BRI S A Bl R T
B, XA AR
(FCLN) fiLT7£ EB J:iE iy
FCLN, X/2a&fEilZriE (5.24
XTLE 4.88, 5.39 XL 3.21) PR T
EdgeBoxes i& ). REAMAINE E
R TE IR o FIFRATTIN 45 SR #4351 7
B, AHIX RN FAT ALY T A (1)
ERLNTIERAS T iRTF . WEEAERE
[f72, £ RPN J7HE EiFANFE 15 i
7~ FCLN 7t EB B2 F 14 ae A #H
BN, R EB T HE A R E )
Mot gt EdlE, 3 H RPN HERT XS T
EB #% | FCLN H 3 7 Rk .

Ranking Localization
R@l R@5 R@I0 Med. rank | IoU@0.1 IoU@0.3 IoU@0.5 Med. IoU
Full Image RNN [71] 0.10  0.30 0.43 13 - - - -
EB + Full Image RNN [21]  0.11 0.40 0.55 9 0.348 0.156 0.053 0.020
Region RNN [21] 0.18 0.43 0.59 7 0.460 0.273 0.108 0.077
Our model (FCLN) 0.27  0.53 0.67 5 0.560 0.345 0.153 0.137
2. B R R s e 45 R
HAHEE EifEE BRE®
Query phrases Retrieved Images

GT image

I man playing tennis outsideril

logo with red letters

pair of white shoes

| red and black tennis racket

[ hand of the clock

big and little hand on front clock

stone statue on the building
light fixture on left side

~ black seat on bike
h
AL

chrome exhaust pipe

'white and black motorcycle
[' man is wet
water splashing under the board

two men standing in the water
" | whiteboard being ridden |

] 4.1 P SRAT ) B AR A MR AS B (A R 25 R )

82



FEE

RATEBERIR T 45 F B X B H R
BATHI B AT PERE 4nZR 1 (1) RPN
FITNHFTR, FalafEEnr e, 5
H15.39 IX—MEITEE, IRATINES Bk
TETIRAE R BABA, AL
IR T A TG U R I ST B X 33
WML (RPN, BIg XIS & 7
RPN #&UCHPEN Y, AR R I
WX I3 RNN A SR 2 (5.93 X
bb 4.26) . FATHEIX A itk A PR T3
FE—ANEs, RIFRATARIEY T DUR] A
MR X 3k 2 A R SCH A (S
head of a giraffe

legs of a zebra  red and white sign

LR

3 R 1O AR IR AT
PR B 7 B TR o AZ AR 2 vHE iy b ot
DI A BB BRI # AT dRid .
filtn, aniE 3, KRR IE
R I I8 (“trunk of an
elephant KL HI&T”, “ elephant is
standing K% ", LMK “leg of an
elephant KR HIBE ™D K751 H 1Y
AL, BlnER (taiD), 5
% (engine,), TIEH (nose) FIMZLE
(window) #l# IEAf HibR 2 A H
> NS g T PR o ER=R oall
BN, RBBHR G ST

white tennis shoes hands holding a phone  front wheel of a bus

M Ml D l -
" = o — T
; = $ : “ . : ! .
o AT o]
; !g-l - i
:
. )
- 2
o

K5 TR 7 e ) 4 Ko il

AT 7 3K ) e ) 06 1
Rim: 720X 600 EEAE 240 ms P 5E
BT AbEE . X ALFEIZAT CNN, 115 B
=300 P IXIBIR, IR X
B H B R FE

F1 G o T RATEEL)
PRI 12 47 I [A] 14 BE A1 % T~ Edge Box
MR ) L 45 . [X 38 RNN
e EEm, Fe M CNN BTE

— NPT BT ) A% R AL BRAEAS X 3
IBATHS A 3170ms,  LLERAT 1L
13 f5LL E

7£ CNN HHL R ik fe, 2
T EB 1] FCLN $2 iU A X 45 1) 4
fiE. BTN 8] 5% EdgeBoxes 5
ma, FFHE R EE L) 1.5
o

BATWI 75 2 88ms KT X
AR, HARE 80ms HTIEAT
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NMS PAFEE O & AT ZUCR . il
T YD HVCES R AT DK IR A IR ] DR OR
AR A 100 A DX R UK AT
[ 84T B ) ek 2> 2] 166ms.
4.2 {8 F X SRR 24T B Rk
£

B 1 AEBCH IR 2 A, AT
HEMBEI S HRE S Bl
KRR EE, FFH DO IR LA i) 2
PAER R B . fE AR E
%, SCRBE W HER M E O 0, R
TR AL AT 7 IPF
LR

BAMEH R E VG TR 1000
ANEEVLEME AT A S . JRA T I
SRFER B FEA BUR YA BEAL 8
AR 100 NIREE ), DUBAEE A5 A
RERS IR 28 A Al YR BIHR
TR

N T VR RSB A, AT
TR IEAHUR EHUR I IRAERT k, k €
{1,510}/ M B & %0 (HITE k 4b
BARZR) U IEFHEGEBERA
BRI RTINS HEA

TV R, KT RN T
s, FRATMAG 2 B P50 1) R AE 25
R, K& EME AR N ground truth
HRTTHE, 11H51% ground truth J HE
RIS 2R I P 475538 5o 2 7 HE 22 1] 19
loU. #EBMERERNMEESE
i BMEL, t € {0.1,0.3,0.5}1 70 (fE
t LA B DR BB R)
IoU.
BR

TATR ARG B R A 44 45
FAEA I REFRIR S R 556 4.1 i
[0 B VR A R 4 380 1 45 SR AT B A

$tF7E MS COCO - VIZRH) 56 %

B RNN BERY,  JRATTH M e B 1R
BAE R AR MR, IR
A A P P SR R0 I P 5k
T . BT A EA IR, FRATH
TP HHEA S5 R .

e R R RNN X d5 RNN 7772
Sy RITE A3 MS COCO #di 4 14
A1 VG $dlE4E ground truth [X 3 | iE47
WMko EARF—MIHH T, XTRA
A WA, FAT14E FH EdgeBox
AR 100 AR, JF oA E
VIR A DX ST B X I A Bl
WHRIAR MM Z . AR A AR
RMEZFARTE,  TUPDRE L) — X X 8- F ik
IR IR HE T

SE R FCLN FERY g b B FE AN
R ZEAL, ABAE K H E A7 ZRT 100
AR A 2 EdgeBoxes $21X .

g

4 {7~ T ground truth E 5L
B, R X L R 2 RS DL S A
FHERATT A5 A M e A 1) A i 2R 21 1
SEEENENS

WA TR REf% 5 7 /N

(“hand of the clock &R F5 %1,

“ logo with red letters ‘7 £ 4. 7 BEY)
P&, PRI S (“black seat on
bike H T4 L) BB R,

“ chrome exhaust pipe #%£5HES
E”), N (“manis wet —PMAN& 3T
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T M—E4T5) (“man playing
tennis outside —/ ™ NTEZEHMT M
R

2 WO T RATHBIA 5 FE A
BT E B R . TEERG
RNN I A RINERLZE, Al e H
NZRFNMR ) A0 2 18] () Se T HcHfs A DL
Bei& e . AR A AR e B R R bk
AT IR, ABAEMRSES B b
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A. 1 Python+Numpy+Matplotl ib+Pandas+nltk

Python /& — Pl ARG AR TE T, SCIFI AL AR ] [m) 0 R P 50, A
TERIEW N, SO CRTHATIONAAS 7, A 2 HARIE 5 Reig 45 & i kAl
i, JEHARS SE PR Befl m ot B S AR S F . 5 A B s R A X AT Ak
ZHICHEEE, FrUMENLER S IR RGN R . Python2 CL&F IE4ES, HHT
WA Python3 iX/MRA . AWTHHEH 2] T Python3 (3.6) LR /0 AH KL
FFEUN, NumPy, Matplotlib, Pandas 5.

NumPy s& — M TR 151 Python RREEE, $R4E TR 28 IR 1t
HeE, thanFEREsRE, HMERRE, WisBE U AH R, M, B

Matplotlib 7&—> Python £l FE, RJ DL T-XF B 8 R, 2] ki
K2, DLRHAR I HRE T AT 55

Pandas /& —> Python #(& 73t E, 2T NumPy, BEREX SCAS, F&
w47 m Rt A AT

Nltk & —> Python HRE FACE IR T HEE, $eft MR 2 AR5 S )
HHH R

A. 2 Keras
Keras Hi Francois Chollect 71 & [f] 5 JZ#1 & M 4% API, 3%T TensorFlow .
Theano VA f CNTK J5 ¥, AW 1S HI28 TensorFlow JGi. SCRFHZIKR S,
SCHF CNN ATRNN LK [4hG. SCFF CPU Al GPU IZRTC4E D). 2 A
PN <1 o LS N
LR A5 53R B2 2 S HE S Bt R
P42 1 Keras MIFRAM AR FE 22 SIRESE ELAER

Extra Table 1 Keras compared with several deeplearning frameworks

EN XFEPE | R | B3 | TOIZE | CNN [ RNN JF | #41
| KT | BEE O |JFR |K %
GPU
Keras Windows | Python ~ ~ J J X
Linux,
0S X
TensorFlow | Windows, | Python, ~ ~ ~ J J
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Linux, C/C++,
OS X Java,
Go
PyTorch Windows, | Python N, ~ ~ N, N,
Linux,
OS X

JE: *1 Caffe #l Caffe? BLEZLHN PyTorch 2.,

A. 3 TensorFlow+Tensorboard

TensorFlow /& —/MaAT K IENLES 5 21 THE T & (framework), A A
FER T B FAE BOR SEIL B B AR A A, SR 2 Pt - e B SR 0,
REFE = I H TR 2% . %00 R B At B M w5 ALS] . b TensorBoard 1
TensorFlow H (AL THAS:, Rt HIE, BHESHMER, KF%RE
AN R N P
A. 4 DjangotNginx+uWsgi+Linux

Django /& Hi Adian Holovaty 1 Simon Willison 1 F Python J /& ff]—4
Python Web #EZ4¢, RH MVT ¥ iz, B Model B%Y, View #iEHI Template
FiBR . SCHF ORM (Object Relational Mapping, X %5k MG ) Xt Bl B A id %
AT . Nginx 72—~ HTTP & IARE RS &%, BIIRBOR B % P i 5 K,
K TE RAL B AT REA 2 MRS 2 TP B — D B ARIRSS 2%, AT H ol kS
R 2 P IR S5 2 B RIS U7 0], BSB89 Uwsgi & — A28 3E IR
525, SEOLT wsgl PR, AEARB G —E I H FEA nginx ARG A A0
Python Django ¥ 55 2 [B] (B 844 . Linux & —EFIRIEERSE, Kt
Hl4 Django ¥ 1 HE B FE R Linux 2545 Lo

A. 5 Bootstrapt+HTML+CSS+JavaScript+jQuery+D3. js

Bootstrap s —%&H T HTML, CSS # jQuery J &M 3 AR % 3l 15 £ 56
(1) Web I H ) THA . HTML 28X APRAE S, 456 CSS Ea&f R A
JavaScript i& & % H T web JF & . jQuery s& —™%} JavaScript 33 T HIEE, @itk
TJEEW IR, D3.js & THIE T JavaScript FE, %0t dE T SVG
R

A. 6 MySQL
MySQL & — i R M e, AR BHRERSCIL, e TR, {3 g
B, @A/ NI E R TR A B B TH
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B.1 InceptionV3

Btk 2 HERBAY ] InceptionV3 UG SH N

Extra Table 2 Parameters of the inceptionV3 image model

Layer (type) Output Shape Param # Connected to

input_1 (lnputLayer) (None, None, None, 3 0

conv2d_1 (Conv2D) (None, None, None, 3 864 input_1[0][0]
batch_normalization_1 (BatchNor (None, None, None, 3 96 conv2d_1[0][0]

activation_1 (Activation) (None, None, None, 3 0 batch_normalization_1[0][0]
conv2d_2 (Conv2D) (None, None, None, 3 9216 activation_1[0][0]
batch_normalization_2 (BatchNor (None, None, None, 3 96 conv2d_2[0] [0]

activation 2 (Activation) (None, None, None, 3 0 batch_normalization 2[0][0]
conv2d_3 (Conv2D) (None, None, None, 6 18432 activation_2[0][0]
batch_normalization_3 (BatchNor (None, None, None, 6 192 conv2d_3[0][0]

activation_3 (Activation) (None, None, None, 6 0 batch_normalization_3[0][0]
max_pooling2d_1 (MaxPooling2D) (None, None, None, 6 0 activation_3[0][0]

conv2d_4 (Conv2D) (None, None, None, 8 5120 max_poo | ing2d_1[0] [0]
batch_normalization_4 (BatchNor (None, None, None, 8 240 conv2d_4[0] [0]

activation_4 (Activation) (None, None, None, 8 0 batch_normalization_4[0][0]
conv2d_5 (Conv2D) (None, None, None, 1 138240 activation_4[0][0]
batch_normalization_5 (BatchNor (None, None, None, 1 576 conv2d_5[0][0]

activation 5 (Activation) (None, None, None, 1 0 batch_normalization 5[0][0]
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max_pooling2d_2 (MaxPooling2D) (None, None, None, 0 activation_5[0][0]

conv2d_9 (Conv2D) (None, None, None, 6 12288 max_poo | ing2d_2[0] [0]
batch_normalization_9 (BatchNor (None, None, None, 6 192 conv2d_9[0][0]

activation 9 (Activation) (None, None, None, 6 0 batch_normalization_9[0][0]
conv2d_7 (Conv2D) (None, None, None, 4 9216 max_poo | ing2d_2[0] [0]
conv2d_10 (Conv2D) (None, None, None, 9 55296 activation_9[0][0]
batch_normalization_7 (BatchNor (None, None, None, 4 144 conv2d_7[0] [0]
batch_normalization_10 (BatchNo (None, None, None, 9 288 conv2d_10[0] [0]
activation_7 (Activation) (None, None, None, 4 0 batch_normalization_7[0][0]
activation_10 (Activation) (None, None, None, 9 0 batch_normalization_10[0] [0]
average_pooling2d_1 (AveragePoo (None, None, None, 1 0 max_poo | ing2d_2[0] [0]
conv2d_6 (Conv2D) (None, None, None, 6 12288 max_poo | ing2d_2[0] [0]
conv2d_8 (Conv2D) (None, None, None, 6 76800 activation_7[0][0]
conv2d_11 (Conv2D) (None, None, None, 9 82944 activation_10[0] [0]
conv2d_12 (Conv2D) (None, None, None, 3 6144 average_pool ing2d_1[0] [0]
batch_normalization_6 (BatchNor (None, None, None, 6 192 conv2d_6[0][0]
batch_normalization_8 (BatchNor (None, None, None, 6 192 conv2d_8[0] [0]
batch_normalization_11 (BatchNo (None, None, None, 9 288 conv2d_11[0] [0]
batch_normalization_12 (BatchNo (None, None, None, 3 96 conv2d_12[0] [0]
activation_6 (Activation) (None, None, None, 6 0 batch_normalization_6[0][0]
activation_8 (Activation) (None, None, None, 6 0 batch_normalization_8[0][0]
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activation_11 (Activation) (None, None, None, 9 0

batch_normalization_11[0][0]

activation_12 (Activation) (None, None, None, 3 0

batch_normalization_12[0][0]

mixed0 (Concatenate) (None, None, None, 2 0
activation_8[0] [0]

activation_11[0][0]

activation_12[0][0]

activation_6[0][0]

conv2d_16 (Conv2D) (None, None, None, 6 16384

mixed0[0] [0]

batch_normalization_16 (BatchNo (None, None, None, 6 192

conv2d_16[0] [0]

activation_16 (Activation) (None, None, None, 6 0 batch_normalization_16[0][0]
conv2d_14 (Conv2D) (None, None, None, 4 12288 mixed0[0] [0]
conv2d_17 (Conv2D) (None, None, None, 9 55296 activation_ 16[0][0]

batch_normalization_14 (BatchNo (None, None, None, 4 144

conv2d_14[0] [0]

batch_normalization_17 (BatchNo (None, None, None, 9 288

conv2d_17[0] [0]

activation_14 (Activation) (None, None, None, 4 0

batch_normalization_14[0][0]

activation_17 (Activation) (None, None, None, 9 0

batch_normalization_17[0][0]

average_pooling2d_2 (AveragePoo (None, None, None, 2 0

mixed0[0] [0]

conv2d_13 (Conv2D) (None, None, None, 6 16384 mixed0[0] [0]

conv2d_15 (Conv2D) (None, None, None, 6 76800 activation_14[0][0]
conv2d_18 (Conv2D) (None, None, None, 9 82944 activation_17[0][0]
conv2d_19 (Conv2D) (None, None, None, 6 16384 average_pool ing2d_2[0] [0]

batch_normalization_13 (BatchNo (None, None, None, 6 192

conv2d_13[0][0]

batch_normalization_15 (BatchNo (None, None, None, 6 192

conv2d_15[0][0]

batch_normalization_18 (BatchNo (None, None, None, 9 288

conv2d_18[0] [0]
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batch_normalization_19 (BatchNo (None, None, None, 6 192 conv2d_19[0] [0]
activation_13 (Activation) (None, None, None, 6 0 batch_normalization_13[0] [0]
activation_15 (Activation) (None, None, None, 6 0 batch_normalization_15[0] [0]
activation_18 (Activation) (None, None, None, 9 0 batch_normalization_18[0] [0]
activation_19 (Activation) (None, None, None, 6 0 batch_normalization_19[0] [0]
mixed1 (Concatenate) (None, None, None, 2 0 activation_13[0][0]
activation_15[0][0]

activation_18[0][0]

activation_19[0][0]

conv2d_23 (Conv2D) (None, None, None, 6 18432 mixed1[0] [0]
batch_normalization_23 (BatchNo (None, None, None, 6 192 conv2d_23[0] [0]
activation 23 (Activation) (None, None, None, 6 0 batch_normalization_23[0][0]
conv2d_21 (Conv2D) (None, None, None, 4 13824 mixed1[0] [0]

conv2d_24 (Conv2D) (None, None, None, 9 55296 activation_23[0][0]
batch_normalization_21 (BatchNo (None, None, None, 4 144 conv2d_21[0] [0]
batch_normalization_24 (BatchNo (None, None, None, 9 288 conv2d_24[0] [0]
activation_21 (Activation) (None, None, None, 4 0 batch_normalization_21[0][0]
activation 24 (Activation) (None, None, None, 9 0 batch_normalization_24[0][0]
average_pooling2d 3 (AveragePoo (None, None, None, 2 0 mixed1[0] [0]

conv2d_20 (Conv2D) (None, None, None, 6 18432 mixed1[0] [0]

conv2d_22 (Conv2D) (None, None, None, 6 76800 activation_21[0][0]
conv2d_25 (Conv2D) (None, None, None, 9 82944 activation_24[0][0]
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conv2d_26 (Conv2D) (None, None, None, 6 18432

average_pool ing2d_3[0] [0]

batch_normalization_20 (BatchNo (None, None, None, 6 192

conv2d_20[0] [0]

batch_normalization_22 (BatchNo (None, None, None, 6 192

conv2d_22[0] [0]

batch_normalization_25 (BatchNo (None, None, None, 9 288

conv2d_25[0][0]

batch_normalization_26 (BatchNo (None, None, None, 6 192

conv2d_26[0][0]

activation 20 (Activation) (None, None, None, 6 0 batch_normalization_20[0] [0]
activation_22 (Activation) (None, None, None, 6 0 batch_normalization_22[0][0]
activation_25 (Activation) (None, None, None, 9 0 batch_normalization_25[0][0]
activation_26 (Activation) (None, None, None, 6 0 batch_normalization_26[0] [0]
mixed2 (Concatenate) (None, None, None, 2 0 activation _20[0] [0]

activation_22[0] [0]
activation _25[0] [0]
activation _26[0] [0]

conv2d_28 (Conv2D) (None, None, None, 6 18432

mixed2[0] [0]

batch_normalization_28 (BatchNo (None, None, None, 6 192

conv2d_28[0][0]

activation_28 (Activation) (None, None, None, 6 0

batch_normal ization_28[0] [0]

conv2d_29 (Conv2D) (None, None, None, 9 55296

activation_28[0][0]

batch_normalization_29 (BatchNo (None, None, None, 9 288

conv2d_29[0] [0]

activation 29 (Activation) (None, None, None, 9 0 batch_normalization_29[0][0]
conv2d_27 (Conv2D) (None, None, None, 3 995328 mixed2[0] [0]
conv2d_30 (Conv2D) (None, None, None, 9 82944 activation_29[0][0]

batch_normalization_27 (BatchNo (None, None, None, 3 1152

conv2d_27[0][0]

batch_normalization_30 (BatchNo (None, None, None, 9 288

conv2d_30[0] [0]
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activation_27 (Activation) (None, None, None, 3 0 batch_normalization_27[0][0]
activation_30 (Activation) (None, None, None, 9 0 batch_normalization_30[0][0]
max_pooling2d_3 (MaxPooling2D) (None, None, None, 2 0 mixed2[0] [0]

mixed3 (Concatenate) (None, None, None, 7 0 activation_27[0][0]
activation_30[0] [0]

max_poo | ing2d_3[0] [0]

conv2d_35 (Conv2D) (None, None, None, 1 98304 mixed3[0] [0]
batch_normalization_35 (BatchNo (None, None, None, 1 384 conv2d_35[0] [0]
activation_35 (Activation) (None, None, None, 1 0 batch_normalization_35[0][0]
conv2d_36 (Conv2D) (None, None, None, 114688 activation _35[0][0]
batch_normalization 36 (BatchNo (None, None, None, 384 conv2d_36[0] [0]
activation 36 (Activation) (None, None, None, 0 batch_normalization_36[0] [0]
conv2d_32 (Conv2D) (None, None, None, 1 98304 mixed3[0] [0]

conv2d_37 (Conv2D) (None, None, None, 114688 activation_36[0][0]
batch_normalization_32 (BatchNo (None, None, None, 1 384 conv2d_32[0] [0]
batch_normalization 37 (BatchNo (None, None, None, 384 conv2d_37[0] [0]
activation_32 (Activation) (None, None, None, 0 batch_normalization_32[0][0]
activation_37 (Activation) (None, None, None, 1 0 batch_normalization_37[0][0]
conv2d_33 (Conv2D) (None, None, None, 114688 activation_32[0][0]
conv2d_38 (Conv2D) (None, None, None, 114688 activation_37[0][0]
batch_normalization_33 (BatchNo (None, None, None, 1 384 conv2d_33[0] [0]
batch_normalization_38 (BatchNo (None, None, None, 1 384 conv2d_38[0] [0]
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activation_33 (Activation) (None, None, None, 1 0 batch_normalization_33[0][0]
activation_38 (Activation) (None, None, None, 1 0 batch_normalization_38[0][0]
average_pooling2d_4 (AveragePoo (None, None, None, 7 0 mixed3[0] [0]

conv2d_31 (Conv2D) (None, None, None, 1 147456 mixed3[0] [0]

conv2d_34 (Conv2D) (None, None, None, 1 172032 activation_33[0][0]
conv2d_39 (Conv2D) (None, None, None, 1 172032 activation_38[0] [0]
conv2d_40 (Conv2D) (None, None, None, 1 147456 average_pool ing2d_4[0][0]
batch_normalization_31 (BatchNo (None, None, None, 1 576 conv2d_31[0] [0]
batch_normalization_34 (BatchNo (None, None, None, 1 576 conv2d_34[0] [0]
batch_normalization_39 (BatchNo (None, None, None, 1 576 conv2d_39[0] [0]
batch_normalization_40 (BatchNo (None, None, None, 1 576 conv2d_40[0] [0]
activation_31 (Activation) (None, None, None, 1 0 batch_normal ization_31[0][0]
activation_34 (Activation) (None, None, None, 1 0 batch_normal ization_34[0][0]
activation_39 (Activation) (None, None, None, 1 0 batch_normalization_39[0][0]
activation_40 (Activation) (None, None, None, 1 0 batch_normalization_40[0] [0]
mixed4 (Concatenate) (None, None, None, 7 0 activation_31[0][0]
activation_34[0] [0]

activation_39[0] [0]

activation_40[0] [0]

conv2d_45 (Conv2D) (None, None, None, 1 122880 mixed4[0] [0]
batch_normalization_45 (BatchNo (None, None, None, 1 480 conv2d_45[0] [0]
activation_45 (Activation) (None, None, None, 1 0 batch_normalization_45[0][0]
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conv2d_46 (Conv2D) (None, None, None, 1 179200 activation_45[0][0]
batch_normalization_46 (BatchNo (None, None, None, 1 480 conv2d_46[0] [0]
activation_46 (Activation) (None, None, None, 1 0 batch_normalization_46[0][0]
conv2d_42 (Conv2D) (None, None, None, 1 122880 mixed4[0] [0]

conv2d_47 (Conv2D) (None, None, None, 1 179200 activation_46[0][0]
batch_normalization_42 (BatchNo (None, None, None, 1 480 conv2d_42[0] [0]
batch_normalization_47 (BatchNo (None, None, None, 1 480 conv2d_47[0][0]
activation_42 (Activation) (None, None, None, 1 0 batch_normalization_42[0][0]
activation_47 (Activation) (None, None, None, 1 0 batch_normalization_47[0][0]
conv2d_43 (Conv2D) (None, None, None, 1 179200 activation_42[0][0]
conv2d_48 (Conv2D) (None, None, None, 1 179200 activation_47[0][0]
batch_normalization_43 (BatchNo (None, None, None, 1 480 conv2d_43[0] [0]
batch_normalization_48 (BatchNo (None, None, None, 1 480 conv2d_48[0] [0]
activation_43 (Activation) (None, None, None, 1 0 batch_normalization_43[0][0]
activation_48 (Activation) (None, None, None, 1 0 batch_normal ization_48[0] [0]
average_pooling2d_5 (AveragePoo (None, None, None, 7 0 mixed4[0] [0]

conv2d_41 (Conv2D) (None, None, None, 1 147456 mixed4[0] [0]

conv2d_44 (Conv2D) (None, None, None, 1 215040 activation_43[0][0]
conv2d_49 (Conv2D) (None, None, None, 1 215040 activation_48[0][0]
conv2d_50 (Conv2D) (None, None, None, 1 147456 average_pool ing2d_5[0] [0]
batch_normalization_41 (BatchNo (None, None, None, 1 576 conv2d_41[0] [0]
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batch_normalization_44 (BatchNo (None, None, None, 1 576

conv2d_44[0][0]

batch_normalization_49 (BatchNo (None, None, None, 1 576

conv2d_49[0] [0]

batch_normalization_50 (BatchNo (None, None, None, 1 576

conv2d_50[0] [0]

activation_41 (Activation) (None, None, None, 1 0 batch_normalization_41[0][0]
activation_44 (Activation) (None, None, None, 1 0 batch_normalization_44[0][0]
activation_49 (Activation) (None, None, None, 1 0 batch_normalization_49[0][0]
activation_50 (Activation) (None, None, None, 1 0 batch_normalization_50[0] [0]
mixed5 (Concatenate) (None, None, None, 7 0 activation_41[0][0]

activation_44[0][0]
activation_49[0] [0]
activation_50[0][0]

conv2d_55 (Conv2D) (None, None, None, 1 122880

mixed5[0] [0]

batch_normalization 55 (BatchNo (None, None, None, 1 480

conv2d_55[0] [0]

activation_55 (Activation) (None, None, None, 1 0

batch_normalization_55[0] [0]

conv2d_56 (Conv2D) (None, None, None, 1 179200

activation_55[0][0]

batch_normalization_56 (BatchNo (None, None, None, 1 480

conv2d_56[0][0]

activation 56 (Activation) (None, None, None, 1 0 batch_normalization_56[0] [0]
conv2d_52 (Conv2D) (None, None, None, 1 122880 mixed5[0] [0]
conv2d_57 (Conv2D) (None, None, None, 1 179200 activation 56[0][0]

batch_normalization_52 (BatchNo (None, None, None, 1 480

conv2d_52[0][0]

batch_normalization_57 (BatchNo (None, None, None, 1 480

conv2d_57[0][0]

activation_52 (Activation) (None, None, None, 1 0

batch_normalization_52[0][0]

activation 57 (Activation) (None, None, None, 1 0

batch_normalization 57[0][0]
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conv2d_53 (Conv2D) (None, None, None, 1 179200 activation_52[0][0]

conv2d_58 (Conv2D) (None, None, None, 1 179200 activation_57[0][0]
batch_normalization 53 (BatchNo (None, None, None, 1 480 conv2d_53[0] [0]
batch_normalization 58 (BatchNo (None, None, None, 1 480 conv2d_58[0] [0]
activation 53 (Activation) (None, None, None, 1 0 batch_normalization_53[0][0]
activation_58 (Activation) (None, None, None, 1 0 batch_normalization_58[0][0]
average_pooling2d_6 (AveragePoo (None, None, None, 7 0 mixed5[0] [0]

conv2d_51 (Conv2D) (None, None, None, 1 147456 mixed5[0] [0]

conv2d_54 (Conv2D) (None, None, None, 1 215040 activation 53[0] [0]
conv2d_59 (Conv2D) (None, None, None, 1 215040 activation 58[0] [0]
conv2d_60 (Conv2D) (None, None, None, 1 147456 average_pool ing2d_6[0] [0]
batch_normalization_51 (BatchNo (None, None, None, 1 576 conv2d_51[0] [0]
batch_normalization_54 (BatchNo (None, None, None, 1 576 conv2d_54[0] [0]
batch_normalization_59 (BatchNo (None, None, None, 1 576 conv2d_59[0] [0]
batch_normalization_60 (BatchNo (None, None, None, 1 576 conv2d_60[0] [0]
activation 51 (Activation) (None, None, None, 1 0 batch_normalization_51[0] [0]
activation 54 (Activation) (None, None, None, 1 0 batch_normalization 54[0][0]
activation_59 (Activation) (None, None, None, 1 0 batch_normalization_59[0][0]
activation_60 (Activation) (None, None, None, 1 0 batch_normalization_60[0] [0]
mixed6 (Concatenate) (None, None, None, 7 0 activation_51[0][0]

activation_54[0][0]
activation_59[0][0]
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activation_60[0] [0]

conv2d_65 (Conv2D) (None, None, None, 1 147456 mixed6[0] [0]
batch_normalization_65 (BatchNo (None, None, None, 1 576 conv2d_65[0] [0]
activation_65 (Activation) (None, None, None, 1 0 batch_normalization_65[0][0]
conv2d_66 (Conv2D) (None, None, None, 1 258048 activation_65[0][0]
batch_normalization_66 (BatchNo (None, None, None, 1 576 conv2d_66[0] [0]
activation_66 (Activation) (None, None, None, 1 0 batch_normalization_66[0][0]
conv2d_62 (Conv2D) (None, None, None, 1 147456 mixed6[0] [0]

conv2d_67 (Conv2D) (None, None, None, 1 258048 activation_66[0][0]
batch_normalization_62 (BatchNo (None, None, None, 1 576 conv2d_62[0] [0]
batch_normalization_67 (BatchNo (None, None, None, 1 576 conv2d_67[0] [0]
activation_62 (Activation) (None, None, None, 1 0 batch_normalization_62[0][0]
activation_67 (Activation) (None, None, None, 1 0 batch_normalization_67[0][0]
conv2d_63 (Conv2D) (None, None, None, 1 258048 activation_62[0][0]
conv2d_68 (Conv2D) (None, None, None, 1 258048 activation_67[0][0]
batch_normalization_63 (BatchNo (None, None, None, 1 576 conv2d_63[0] [0]
batch_normalization_68 (BatchNo (None, None, None, 1 576 conv2d_68[0] [0]
activation_63 (Activation) (None, None, None, 1 0 batch_normalization_63[0][0]
activation_68 (Activation) (None, None, None, 1 0 batch_normalization_68[0][0]
average_pooling2d_7 (AveragePoo (None, None, None, 7 0 mixed6[0] [0]

conv2d_61 (Conv2D) (None, None, None, 1 147456 mixed6[0] [0]
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conv2d_64 (Conv2D) (None, None, None, 1 258048 activation_63[0][0]
conv2d_69 (Conv2D) (None, None, None, 1 258048 activation_68[0][0]
conv2d_70 (Conv2D) (None, None, None, 1 147456 average_pool ing2d_7[0][0]
batch_normalization_61 (BatchNo (None, None, None, 1 576 conv2d_61[0] [0]
batch_normalization_64 (BatchNo (None, None, None, 1 576 conv2d_64[0] [0]
batch_normalization_69 (BatchNo (None, None, None, 1 576 conv2d_69[0] [0]
batch_normalization_70 (BatchNo (None, None, None, 1 576 conv2d_70[0] [0]
activation_61 (Activation) (None, None, None, 1 0 batch_normalization_61[0][0]
activation_64 (Activation) (None, None, None, 1 0 batch_normalization_64[0][0]
activation_69 (Activation) (None, None, None, 1 0 batch_normalization_ 69[0][0]
activation_70 (Activation) (None, None, None, 1 0 batch_normalization_70[0] [0]
mixed7 (Concatenate) (None, None, None, 7 0 activation_61[0][0]
activation_64[0][0]

activation_69[0] [0]

activation_70[0] [0]

conv2d_73 (Conv2D) (None, None, None, 1 147456 mixed7[0] [0]
batch_normalization_73 (BatchNo (None, None, None, 1 576 conv2d_73[0] [0]
activation_73 (Activation) (None, None, None, 1 0 batch_normalization_73[0][0]
conv2d_74 (Conv2D) (None, None, None, 1 258048 activation_73[0][0]
batch_normalization_74 (BatchNo (None, None, None, 1 576 conv2d_74[0] [0]
activation_74 (Activation) (None, None, None, 1 0 batch_normalization_74[0][0]
conv2d_71 (Conv2D) (None, None, None, 1 147456 mixed7[0] [0]

conv2d_75 (Conv2D) (None, None, None, 1 258048 activation_74[0][0]
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batch_normalization_71 (BatchNo (None, None, None, 1 576 conv2d_71[0][0]
batch_normalization_75 (BatchNo (None, None, None, 1 576 conv2d_75[0] [0]
activation_71 (Activation) (None, None, None, 1 0 batch_normalization_71[0][0]
activation_75 (Activation) (None, None, None, 1 0 batch_normalization_75[0] [0]
conv2d_72 (Conv2D) (None, None, None, 3 552960 activation_71[0][0]
conv2d_76 (Conv2D) (None, None, None, 1 331776 activation_75[0][0]
batch_normalization_72 (BatchNo (None, None, None, 3 960 conv2d_72[0] [0]
batch_normalization_76 (BatchNo (None, None, None, 1 576 conv2d_76[0] [0]
activation 72 (Activation) (None, None, None, 3 0 batch_normalization_72[0][0]
activation 76 (Activation) (None, None, None, 1 0 batch_normalization_76[0] [0]
max_pooling2d_4 (MaxPooling2D) (None, None, None, 7 0 mixed7[0] [0]

mixed8 (Concatenate) (None, None, None, 1 0 activation_72[0][0]
activation_76[0][0]

max_poo | ing2d_4[0] [0]

conv2d_81 (Conv2D) (None, None, None, 4 573440 mixed8[0] [0]
batch_normalization_81 (BatchNo (None, None, None, 4 1344 conv2d_81[0] [0]
activation 81 (Activation) (None, None, None, 4 0 batch_normalization_81[0][0]
conv2d_78 (Conv2D) (None, None, None, 3 491520 mixed8[0] [0]

conv2d_82 (Conv2D) (None, None, None, 3 1548288 activation_81[0][0]
batch_normalization_78 (BatchNo (None, None, None, 3 1152 conv2d_78[0] [0]
batch_normalization_82 (BatchNo (None, None, None, 3 1152 conv2d_82[0] [0]
activation_78 (Activation) (None, None, None, 3 0 batch_normalization_78[0] [0]
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activation_82 (Activation) (None, None, None, 3 0 batch_normalization_82[0][0]
conv2d_79 (Conv2D) (None, None, None, 3 442368 activation_78[0][0]
conv2d_80 (Conv2D) (None, None, None, 3 442368 activation_78[0] [0]
conv2d_83 (Conv2D) (None, None, None, 3 442368 activation_82[0][0]
conv2d_84 (Conv2D) (None, None, None, 3 442368 activation_82[0][0]
average_pooling2d_8 (AveragePoo (None, None, None, 1 0 mixed8[0] [0]

conv2d_77 (Conv2D) (None, None, None, 3 409600 mixed8[0] [0]
batch_normalization_79 (BatchNo (None, None, None, 3 1152 conv2d_79[0] [0]
batch_normalization 80 (BatchNo (None, None, None, 3 1152 conv2d_80[0] [0]
batch_normalization 83 (BatchNo (None, None, None, 3 1152 conv2d_83[0] [0]
batch_normalization 84 (BatchNo (None, None, None, 3 1152 conv2d_84[0][0]

conv2d_85 (Conv2D) (None, None, None, 1 245760 average_pool ing2d_8[0] [0]
batch_normalization_77 (BatchNo (None, None, None, 3 960 conv2d_77[0] [0]
activation_79 (Activation) (None, None, None, 3 0 batch_normalization_79[0] [0]
activation 80 (Activation) (None, None, None, 3 0 batch_normalization_80[0] [0]
activation 83 (Activation) (None, None, None, 3 0 batch_normalization_83[0][0]
activation 84 (Activation) (None, None, None, 3 0 batch_normalization_84[0][0]
batch_normalization_85 (BatchNo (None, None, None, 1 576 conv2d_85[0] [0]
activation_77 (Activation) (None, None, None, 3 0 batch_normalization_77[0][0]
mixed9_0 (Concatenate) (None, None, None, 7 0 activation_79[0][0]

activation_80[0][0]
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concatenate_1 (Concatenate) (None, None, None, 7 0 activation_83[0][0]
activation_84[0] [0]

activation_85 (Activation) (None, None, None, 1 0 batch_normalization_85[0][0]
mixed9 (Concatenate) (None, None, None, 2 0 activation_77[0][0]
mixed9_0[0] [0]

concatenate_1[0] [0]

activation_85[0][0]

conv2d_90 (Conv2D) (None, None, None, 4 917504 mixed9[0] [0]
batch_normalization_90 (BatchNo (None, None, None, 4 1344 conv2d_90[0] [0]
activation_90 (Activation) (None, None, None, 4 0 batch_normalization_90[0] [0]
conv2d_87 (Conv2D) (None, None, None, 3 786432 mixed9[0] [0]

conv2d_91 (Conv2D) (None, None, None, 3 1548288 activation _90[0] [0]
batch_normalization 87 (BatchNo (None, None, None, 3 1152 conv2d_87[0] [0]
batch_normalization 91 (BatchNo (None, None, None, 3 1152 conv2d_91[0] [0]
activation_87 (Activation) (None, None, None, 3 0 batch_normalization_87[0][0]
activation_91 (Activation) (None, None, None, 3 0 batch_normal ization_91[0][0]
conv2d_88 (Conv2D) (None, None, None, 3 442368 activation_87[0][0]
conv2d_89 (Conv2D) (None, None, None, 3 442368 activation_87[0][0]
conv2d_92 (Conv2D) (None, None, None, 3 442368 activation_91[0][0]
conv2d_93 (Conv2D) (None, None, None, 3 442368 activation_91[0][0]
average_pooling2d_9 (AveragePoo (None, None, None, 2 0 mixed9 [0] [0]

conv2d_86 (Conv2D) (None, None, None, 3 655360 mixed9[0] [0]
batch_normalization_88 (BatchNo (None, None, None, 3 1152 conv2d_88[0] [0]
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batch_normalization_89 (BatchNo (None, None, None, 3 1152 conv2d_89[0] [0]
batch_normalization_92 (BatchNo (None, None, None, 3 1152 conv2d_92[0][0]
batch_normalization_93 (BatchNo (None, None, None, 3 1152 conv2d_93[0] [0]

conv2d_94 (Conv2D) (None, None, None, 1 393216 average_pool ing2d_9[0] [0]
batch_normalization 86 (BatchNo (None, None, None, 3 960 conv2d_86[0] [0]
activation 88 (Activation) (None, None, None, 3 0 batch_normalization 88[0][0]
activation_89 (Activation) (None, None, None, 3 0 batch_normalization_89[0][0]
activation_92 (Activation) (None, None, None, 3 0 batch_normalization_92[0][0]
activation_93 (Activation) (None, None, None, 3 0 batch_normalization_93[0][0]
batch_normalization 94 (BatchNo (None, None, None, 1 576 conv2d_94[0] [0]
activation 86 (Activation) (None, None, None, 3 0 batch_normalization_86[0][0]
mixed9 1 (Concatenate) (None, None, None, 7 0 activation_88[0][0]
activation_89[0][0]

concatenate_2 (Concatenate) (None, None, None, 7 0 activation_92[0][0]
activation_93[0] [0]

activation_94 (Activation) (None, None, None, 1 0 batch_normalization_94[0] [0]
mixed10 (Concatenate) (None, None, None, 2 0 activation_86[0][0]
mixed9_1[0][0]

concatenate_2[0] [0]

activation_94[0] [0]

avg_pool (GlobalAveragePooling2 (None, 2048) 0 mixed10[0] [0]

Total params: 21,802, 784
Trainable params: 21, 768, 352

Non—-trainable params: 34,432
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B. 2 ResNet50

B 3 HEIRBA ) ResNet50 EUGHLAL 2501
Extra Table 3 Parameters of the ResNet50 image model

Layer (type) Output Shape Param # Connected to
input_1 (InputLayer) (None, 224, 224, 3) 0

convl_pad (ZeroPadding2D) (None, 230, 230, 3) 0 input_1[0] [0]
convl (Conv2D) (None, 112, 112, 64) 9472 convl_pad[0] [0]

bn_convl (BatchNormalization) (None, 112, 112, 64) 256 conv1[0] [0]
activation_1 (Activation) (None, 112, 112, 64) 0 bn_conv1[0] [0]
max_pooling2d_1 (MaxPooling2D) (None, 55, 55, 64) 0 activation_1[0][0]
res2a_branch2a (Conv2D) (None, 55, 55, 64) 4160 max_poo | ing2d_1[0] [0]
bn2a_branch2a (BatchNormalizati (None, 55, 55, 64) 256 res2a_branch2a[0] [0]
activation_2 (Activation) (None, 55, 55, 64) O bn2a_branch2a[0] [0]
res2a_branch2b (Conv2D) (None, 55, 55, 64) 36928 activation_2[0][0]
bn2a_branch2b (BatchNormalizati (None, 55, 55, 64) 256 res2a_branch2b[0] [0]
activation_3 (Activation) (None, 55, 55, 64) 0 bn2a_branch2b[0] [0]
res2a_branch2c (Conv2D) (None, 55, 55, 256) 16640 activation_3[0][0]
res2a_branch1 (Conv2D) (None, 55, 55, 256) 16640 max_poo | ing2d_1[0] [0]
bn2a_branch2c (BatchNormalizati (None, 55, 55, 256) 1024 res2a_branch2c[0] [0]
bn2a_branch1 (BatchNormalizatio (None, 55, 55, 256) 1024 res2a_branch1[0] [0]
add_1 (Add) (None, 55, 55, 256) 0 bn2a_branch2c[0] [0]

bn2a_branch1[0] [0]
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activation_4 (Activation) (None, 55, 55, 256) 0 add_1[0] [0]
res2b_branch2a (Conv2D) (None, 55, 55, 64) 16448 activation_4[0][0]
bn2b_branch2a (BatchNormalizati (None, 55, 55, 64) 256 res2b_branch2a[0] [0]
activation 5 (Activation) (None, 55, 55, 64) O bn2b_branch2a[0] [0]
res2b_branch2b (Conv2D) (None, 55, 55, 64) 36928 activation_5[0][0]
bn2b_branch2b (BatchNormalizati (None, 55, 55, 64) 256 res2b_branch2b[0] [0]
activation_6 (Activation) (None, 55, 55, 64) 0 bn2b_branch2b[0] [0]
res2b_branch2c (Conv2D) (None, 55, 55, 256) 16640 activation_6[0][0]
bn2b_branch2c (BatchNormalizati (None, 55, 55, 256) 1024 res2b_branch2c[0] [0]
add_2 (Add) (None, 55, 55, 256) 0 bn2b_branch2¢[0] [0]
activation_4[0][0]
activation_7 (Activation) (None, 55, 55, 256) 0 add_2[0] [0]
res2c_branch2a (Conv2D) (None, 55, 55, 64) 16448 activation_7[0][0]
bn2c_branch2a (BatchNormalizati (None, 55, 55, 64) 256 res2c_branch2a[0] [0]
activation_8 (Activation) (None, 55, 55, 64) 0 bn2¢_branch2a[0] [0]
res2c_branch2b (Conv2D) (None, 55, 55, 64) 36928 activation_8[0][0]
bn2c_branch2b (BatchNormalizati (None, 55, 55, 64) 256 res2c_branch2b[0] [0]
activation 9 (Activation) (None, 55, 55, 64) 0 bn2c_branch2b[0] [0]
res2c_branch2c (Conv2D) (None, 55, 55, 256) 16640 activation_9[0][0]
bn2c_branch2c (BatchNormalizati (None, 55, 55, 256) 1024 res2c_branch2c[0] [0]
add_3 (Add) (None, 55, 55, 256) 0 bn2c_branch2c[0] [0]

activation_7[0][0]

108




activation_10 (Activation) (None, 55, 55, 256) 0 add_3[0] [0]

res3a_branch2a (Conv2D) (None, 28, 28, 128) 32896 activation_10[0] [0]
bn3a_branch2a (BatchNormalizati (None, 28, 28, 128) 512 res3a_branch2a[0] [0]
activation_11 (Activation) (None, 28, 28, 128) O bn3a_branch2a[0] [0]
res3a_branch2b (Conv2D) (None, 28, 28, 128) 147584 activation_11[0][0]
bn3a_branch2b (BatchNormalizati (None, 28, 28, 128) 512 res3a_branch2b[0] [0]
activation_12 (Activation) (None, 28, 28, 128) O bn3a_branch2b[0] [0]
res3a_branch2c (Conv2D) (None, 28, 28, 512) 66048 activation_12[0][0]
res3a_branch1 (Conv2D) (None, 28, 28, 512) 131584 activation_10[0] [0]
bn3a_branch2c (BatchNormalizati (None, 28, 28, 512) 2048 res3a_branch2c[0] [0]
bn3a_branch1 (BatchNormalizatio (None, 28, 28, 512) 2048 res3a_branch1[0] [0]
add_4 (Add) (None, 28, 28, 512) 0 bn3a_branch2c[0] [0]

bn3a_branch1[0] [0]

activation_13 (Activation) (None, 28, 28, 512) 0 add_4[0] [0]
res3b_branch2a (Conv2D) (None, 28, 28, 128) 65664 activation_13[0][0]
bn3b_branch2a (BatchNormalizati (None, 28, 28, 128) 512 res3b_branch2a[0] [0]
activation_14 (Activation) (None, 28, 28, 128) 0 bn3b_branch2a[0] [0]
res3b_branch2b (Conv2D) (None, 28, 28, 128) 147584 activation_14[0][0]
bn3b_branch2b (BatchNormalizati (None, 28, 28, 128) 512 res3b_branch2b[0] [0]
activation_15 (Activation) (None, 28, 28, 128) O bn3b_branch2b[0] [0]
res3b_branch2c (Conv2D) (None, 28, 28, 512) 66048 activation_15[0][0]
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bn3b_branch2c (BatchNormalizati (None, 28, 28, 512) 2048 res3b_branch2c[0] [0]
add_5 (Add) (None, 28, 28, 512) 0 bn3b_branch2c¢[0] [0]
activation_13[0][0]
activation_16 (Activation) (None, 28, 28, 512) 0 add_5[0] [0]
res3c_branch2a (Conv2D) (None, 28, 28, 128) 65664 activation_16[0][0]
bn3c_branch2a (BatchNormalizati (None, 28, 28, 128) 512 res3c_branch2a[0] [0]
activation_17 (Activation) (None, 28, 28, 128) O bn3c_branch2a[0] [0]
res3c_branch2b (Conv2D) (None, 28, 28, 128) 147584 activation_17[0][0]
bn3c_branch2b (BatchNormalizati (None, 28, 28, 128) 512 res3c_branch2b[0] [0]
activation_18 (Activation) (None, 28, 28, 128) 0 bn3c_branch2b[0] [0]
res3c_branch2c (Conv2D) (None, 28, 28, 512) 66048 activation_18[0][0]
bn3c_branch2c (BatchNormalizati (None, 28, 28, 512) 2048 res3c_branch2c[0] [0]
add_6 (Add) (None, 28, 28, 512) 0 bn3c_branch2c[0] [0]
activation_16[0] [0]
activation_19 (Activation) (None, 28, 28, 512) 0 add_6[0] [0]
res3d_branch2a (Conv2D) (None, 28, 28, 128) 65664 activation_19[0][0]
bn3d_branch2a (BatchNormalizati (None, 28, 28, 128) 512 res3d_branch2a[0] [0]
activation 20 (Activation) (None, 28, 28, 128) 0 bn3d_branch2a[0] [0]
res3d_branch2b (Conv2D) (None, 28, 28, 128) 147584 activation_20[0][0]
bn3d_branch2b (BatchNormalizati (None, 28, 28, 128) 512 res3d_branch2b[0] [0]
activation_21 (Activation) (None, 28, 28, 128) O bn3d_branch2b[0] [0]
res3d_branch2c (Conv2D) (None, 28, 28, 512) 66048 activation_21[0][0]
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bn3d_branch2c (BatchNormalizati (None, 28, 28, 512) 2048 res3d_branch2c[0] [0]

add_7 (Add) (None, 28, 28, 512) 0 bn3d_branch2c¢[0] [0]
activation_19[0][0]

activation_22 (Activation) (None, 28, 28, 512) 0 add_7[0] [0]
res4a_branch2a (Conv2D) (None, 14, 14, 256) 131328 activation_22[0][0]
bnd4a_branch2a (BatchNormalizati (None, 14, 14, 256) 1024 resda_branch2a[0] [0]
activation 23 (Activation) (None, 14, 14, 256) 0 bn4a_branch2a[0] [0]
res4a_branch2b (Conv2D) (None, 14, 14, 256) 590080 activation_23[0][0]
bnda_branch2b (BatchNormalizati (None, 14, 14, 256) 1024 resda_branch2b[0] [0]
activation_24 (Activation) (None, 14, 14, 256) 0 bn4a_branch2b[0] [0]
res4a_branch2c (Conv2D) (None, 14, 14, 1024) 263168 activation 24[0][0]
res4a_branch1 (Conv2D) (None, 14, 14, 1024) 525312 activation_22[0][0]
bnd4a_branch2c (BatchNormalizati (None, 14, 14, 1024) 4096 resda_branch2c[0] [0]
bnda_branch1 (BatchNormalizatio (None, 14, 14, 1024) 4096 resda_branch1[0] [0]
add_8 (Add) (None, 14, 14, 1024) 0 bn4a_branch2c[0] [0]

bn4a_branch1[0] [0]

activation_25 (Activation) (None, 14, 14, 1024) 0 add_8[0] [0]
res4b_branch2a (Conv2D) (None, 14, 14, 256) 262400 activation_25[0] [0]
bndb_branch2a (BatchNormalizati (None, 14, 14, 256) 1024 resdb_branch2a[0] [0]
activation_26 (Activation) (None, 14, 14, 256) 0 bn4b_branch2a[0] [0]
res4b_branch2b (Conv2D) (None, 14, 14, 256) 590080 activation_26[0][0]
bn4b_branch2b (BatchNormalizati (None, 14, 14, 256) 1024 resdb_branch2b[0] [0]
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activation_27 (Activation) (None, 14, 14, 256) 0 bn4b_branch2b[0] [0]
res4b_branch2c (Conv2D) (None, 14, 14, 1024) 263168 activation_27[0][0]
bn4b_branch2c (BatchNormalizati (None, 14, 14, 1024) 4096 resdb_branch2c[0] [0]
add_9 (Add) (None, 14, 14, 1024) 0 bn4b_branch2c[0] [0]
activation_25[0] [0]
activation_28 (Activation) (None, 14, 14, 1024) 0 add_9[0] [0]
res4c_branch2a (Conv2D) (None, 14, 14, 256) 262400 activation_28[0][0]
bndc_branch2a (BatchNormalizati (None, 14, 14, 256) 1024 res4c_branch2a[0] [0]
activation_29 (Activation) (None, 14, 14, 256) 0 bn4c_branch2a[0] [0]
res4c_branch2b (Conv2D) (None, 14, 14, 256) 590080 activation_29[0][0]
bnd4c_branch2b (BatchNormalizati (None, 14, 14, 256) 1024 resdc_branch2b[0] [0]
activation 30 (Activation) (None, 14, 14, 256) 0 bn4c_branch2b[0] [0]
res4c_branch2c (Conv2D) (None, 14, 14, 1024) 263168 activation_30[0] [0]
bn4c_branch2c (BatchNormalizati (None, 14, 14, 1024) 4096 resdc_branch2c[0] [0]
add_10 (Add) (None, 14, 14, 1024) 0 bn4c_branch2c[0] [0]
activation_28[0] [0]
activation_31 (Activation) (None, 14, 14, 1024) 0 add_10[0] [0]
res4d_branch2a (Conv2D) (None, 14, 14, 256) 262400 activation_31[0][0]
bn4d _branch2a (BatchNormalizati (None, 14, 14, 256) 1024 res4d_branch2a[0] [0]
activation_32 (Activation) (None, 14, 14, 256) 0 bn4d_branch2a[0] [0]
res4d_branch2b (Conv2D) (None, 14, 14, 256) 590080 activation_32[0][0]
bn4d_branch2b (BatchNormalizati (None, 14, 14, 256) 1024 res4d_branch2b[0] [0]
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activation_33 (Activation) (None, 14, 14, 256) 0 bn4d_branch2b[0] [0]
res4d_branch2c (Conv2D) (None, 14, 14, 1024) 263168 activation_33[0][0]
bn4d_branch2c (BatchNormalizati (None, 14, 14, 1024) 4096 resdd_branch2c[0] [0]
add_11 (Add) (None, 14, 14, 1024) 0 bn4d_branch2c[0] [0]
activation_31[0] [0]
activation_34 (Activation) (None, 14, 14, 1024) 0 add_11[0] [0]
res4e_branch2a (Conv2D) (None, 14, 14, 256) 262400 activation_34[0][0]
bnde_branch2a (BatchNormalizati (None, 14, 14, 256) 1024 resde_branch2a[0] [0]
activation_35 (Activation) (None, 14, 14, 256) 0 bn4e_branch2a[0] [0]
res4e_branch2b (Conv2D) (None, 14, 14, 256) 590080 activation_35[0][0]
bnde branch2b (BatchNormalizati (None, 14, 14, 256) 1024 resde_branch2b[0] [0]
activation 36 (Activation) (None, 14, 14, 256) 0 bn4e_branch2b[0] [0]
res4e_branch2c (Conv2D) (None, 14, 14, 1024) 263168 activation_36[0][0]
bn4e_branch2c (BatchNormalizati (None, 14, 14, 1024) 4096 resde_branch2c [0] [0]
add_12 (Add) (None, 14, 14, 1024) 0 bn4e_branch2c[0] [0]
activation_34[0] [0]
activation_37 (Activation) (None, 14, 14, 1024) 0 add_12[0] [0]
res4f_branch2a (Conv2D) (None, 14, 14, 256) 262400 activation_37[0][0]
bn4f branch2a (BatchNormalizati (None, 14, 14, 256) 1024 res4f_branch2a[0] [0]
activation_38 (Activation) (None, 14, 14, 256) 0 bn4f_branch2a[0] [0]
res4f_branch2b (Conv2D) (None, 14, 14, 256) 590080 activation_38[0][0]
bn4f_branch2b (BatchNormalizati (None, 14, 14, 256) 1024 res4f_branch2b[0] [0]
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activation_39 (Activation) (None, 14, 14, 256) 0 bn4f_branch2b[0] [0]
res4f_branch2c (Conv2D) (None, 14, 14, 1024) 263168 activation_39[0][0]
bn4f_branch2c (BatchNormalizati (None, 14, 14, 1024) 4096 res4f_branch2c[0] [0]
add_13 (Add) (None, 14, 14, 1024) 0 bn4f_branch2c[0] [0]
activation_37[0] [0]
activation_40 (Activation) (None, 14, 14, 1024) 0 add_13[0] [0]
res5a_branch2a (Conv2D) (None, 7, 7, 512) 524800 activation_40[0][0]
bn5a_branch2a (BatchNormalizati (None, 7, 7, 512) 2048 resb5a_branch2a[0] [0]
activation_41 (Activation) (None, 7, 7, 512) 0 bn5a_branch2a[0] [0]
res5a_branch2b (Conv2D) (None, 7, 7, 512) 2359808 activation_41[0][0]
bn5a_branch2b (BatchNormalizati (None, 7, 7, 512) 2048 resba_branch2b[0] [0]
activation 42 (Activation) (None, 7, 7, 512) 0 bn5a_branch2b[0] [0]
res5a_branch2c (Conv2D) (None, 7, 7, 2048) 1050624 activation_42[0][0]
res5a_branch1 (Conv2D) (None, 7, 7, 2048) 2099200 activation_40[0] [0]
bn5a_branch2c (BatchNormalizati (None, 7, 7, 2048) 8192 resb5a_branch2c[0] [0]
bn5a_branch1 (BatchNormalizatio (None, 7, 7, 2048) 8192 resb5a_branch1[0] [0]
add_14 (Add) (None, 7, 7, 2048) 0 bn5a_branch2c[0] [0]
bn5a_branch1[0] [0]
activation_43 (Activation) (None, 7, 7, 2048) 0 add_14[0] [0]
res5b_branch2a (Conv2D) (None, 7, 7, 512) 1049088 activation_43[0][0]
bn5b_branch2a (BatchNormalizati (None, 7, 7, 512) 2048 res5b_branch2a[0] [0]
activation_44 (Activation) (None, 7, 7, 512) 0 bn5b_branch2a[0] [0]
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resbb_branch2b (Conv2D) (None, 7, 7, 512) 2359808

activation_44[0][0]

bn5b_branch2b (BatchNormalizati (None, 7, 7, 512) 2048

res5b_branch2b[0] [0]

activation_45 (Activation) (None, 7, 7, 512) 0

bn5b_branch2b[0] [0]

resb5b_branch2c (Conv2D) (None, 7, 7, 2048) 1050624

activation_45[0][0]

bn5b_branch2c (BatchNormalizati (None, 7, 7, 2048) 8192

res5b_branch2c[0] [0]

add_15 (Add) (None, 7, 7, 2048) 0 bn5b_branch2c [0] [0]
activation 43[0][0]

activation_46 (Activation) (None, 7, 7, 2048) O add_15[0] [0]

res5c_branch2a (Conv2D) (None, 7, 7, 512) 1049088 activation_46[0][0]

bn5c_branch2a (BatchNormalizati (None, 7, 7, 512) 2048

res5¢c_branch2a[0] [0]

activation 47 (Activation) (None, 7, 7, 512) 0

bn5c_branch2a[0] [0]

res5c_branch2b (Conv2D) (None, 7, 7, 512) 2359808

activation_47[0][0]

bn5c_branch2b (BatchNormalizati (None, 7, 7, 512) 2048

res5c_branch2b[0] [0]

activation_48 (Activation) (None, 7, 7, 512) 0

bn5c_branch2b[0] [0]

res5c_branch2c (Conv2D) (None, 7, 7, 2048) 1050624

activation_48[0][0]

bn5c_branch2c (BatchNormalizati (None, 7, 7, 2048) 8192

res5c_branch2c[0] [0]

add_16 (Add) (None, 7, 7, 2048) 0 bn5c_branch2c[0] [0]
activation_46[0] [0]
activation_49 (Activation) (None, 7, 7, 2048) 0 add_16[0] [0]
avg_pool (AveragePooling2D) (None, 1, 1, 2048) O activation_49[0][0]
flatten_1 (Flatten) (None, 2048) 0 avg_pool [0] [0]

Total params: 23,587,712
Trainable params: 23,534,592
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Non—-trainable params: 53, 120

C oK BMBERE
C.1 IBSHEAME

from PIL import Image

from keras. layers import Input

from keras.models import Model

from keras. layers import RepeatVector, Embedding, LSTM, TimeDistributed, Dense,
Activation, Concatenate

from keras.utils import plot model

# ZLEZHK F T T H AL

INPUT_DIM = 2048 # FillZ /a3 EIIRIG TN o WA T I TN 25T g e FlI A e, 70 D
# VGG — 16 42 4096, Inception V3 & 2048

VOCAB_SIZE = 7709 # 7709 (X 7P Ap2) 8258, i &V

WORDVEC DIM = 512 # WK ERHFE — T fgja @7 ([ LUE one — hot #5iR) . H M
# [ LUIHITEA one — hot [ & FIR A ZHAFERIFRNTZ5 R 10K W. 5 HIH 7 787 1
EMBEDDING DIM

EMBEDDING DIM = WORDVEC DIM

HIDDEN DIM = 512 # FZaliCa&5my2e/s, i 1

MAX_LEN = 40 & BTSSR AKED » idHy T

BATCH SIZE = 128 8 RREN P —T batch, 125 A
NUM_EPOCHES = 50  # X/ 20 l|Z 2054 num epoches i

def create model (input_dim=INPUT_DIM,
max_len=MAX LEN,
vocab size=VOCAB SIZE,
embedding dim=EMBEDDING_DIM,
hidden_dim=HIDDEN_DIM,
is compiled=False,

show detail=False,

):
# — Pk
# image input = Input (shape = (input dim, ))
# image x1 = Dense(embedding dim, activation = 'relu’) (image input)
# image x1 = RepeatVector (max cap len) (image x1)
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# image model = Model (inputs = [image input], outputs = image x1)
# print ("Image Model created!”)
#
# caption input = Input (shape = (max cap len, ), name = "input’)
# caption x2 = Embedding (vocab size, hidden dim, input length =
max cap len) (caption input)
# caption x2 = LSTM(hidden dim, return sequences = Irue) (caption xZ2)
# caption x2 = TimeDistributed (Dense (embedding dim)) (caption x2)
# caption model = Model (inputs = caption input, outputs = caption xZ2)
# print ("Caption Model created!”)
#
# final input = Concatenate () ([image model. output, caption model. output.])
# final x = LSTM (1000, return sequences = False) (final input)
# final x = Dense (vocab size) (final x)
# final x = Activation( softmax’) (final x)
# final model = Model (inputs = [image input, caption input], outputs = final x)

# print ("Final model created!”)

# ARG

image input = Input (shape=(input dim, ), name="image input’)

image x1 = Dense(embedding dim, activation="relu’, name= dense 1’) (image input)
image x1 = RepeatVector (max len) (image x1)
image model = Model (inputs=[image input], outputs=image x1)

print ("Image Model created!”)

caption input = Input(shape=(max len,), name=" caption_input’)
caption x2 = Embedding (vocab size, embedding dim, input length=max len,
name="embedding’ ) (caption_input)
caption x2 = LSTM(hidden dim, return sequences=True, name= lstm_1’) (caption x2)
caption_x2 = TimeDistributed (Dense (embedding dim, name="dense 2’),
name="time distributed’) (caption x2)
caption_model = Model (inputs=caption_input, outputs=caption x2)

print (“Caption Model created!”)

final input = Concatenate (name="merge’ ) ([image model. output, caption model. output])

final x = LSTM(hidden dim, return sequences=False, name=" lstm_2’) (final input)
final x = Dense(vocab size, name=" dense 3’ ) (final x)

final x = Activation(’ softmax’, name=" softmax’ ) (final x)

final model = Model (inputs=[image input, caption input], outputs=final x)

print ("Final model created!”)

plot model (final model, ’named final model.png’, show layer names=True,
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show shapes=True)

Image. open (' named final model. png’)

if show detail:
final model. summary ()
if is compiled == False:
return final model
else:
final model. compile (loss="categorical crossentropy ,
optimizer="rmsprop’, # KGHIIH/E %
metrics=[" accuracy’ ])

return final model

tell model = create model ()

C. 2 &%k

import pandas as pd

). , . ,
# Image. open (" image/caption model. png’)

def data_generator(batch size, all features, word to_idx):
partial_caps = [] # [EXBA NI i)l )] /%
next_words = [1 # ZE1IEIZE [ 3 H9 4 ] jeg 22 T /%
images = [1 # HG1FF)E %

print C Generating data...... )

df = pd.read csv( cache/flickr8k train dataset. txt’, delimiter="\t') # x4 []FjZM
KAFHEEN, 2T k(A 4

num_samples = df. shape[0]

imgs = [1 # WZLEHAE id ZEHGF 17477 (6000%5)

caps = [1 # WZLZELTE A1) 7777 Z1 7 (6000+5)

df. iterrows ()

iter

for i in range(num samples) :
x = iter. next_ ()
imgs. append (x[1][0])
caps. append (x[1][1])

count = 0
while True:

for j, cap in enumerate (caps):

118




current_image = all features[imgs[jl] # ZL F 2457 /5 )1 HIFE A
current_cap words = cap. split()

current cap len = len(current cap words)

for i in range(current cap len — 1): # 7 ALL[EF=<end> fril 2 4

count += 1

partial = [word to idx[word] for word in current cap words[:i + 1]] #
ARG W 5 7], LB 222 B

partial caps. append(partial)

# G —1> One—hoe #if%

one_hot = np. zeros (VOCAB_SIZE)

next cap word = current cap words[i + 1]

one hot[word to idx[next cap word]] =1 # /—7*

next words. append (one hot)

images. append (current_image)

if count >= batch size:
next_words = np. asarray (next_words)
images = np. asarray (images)
partial caps = sequence. pad sequences(partial caps, maxlen=MAX LEN,
padding=" post’) # keras /it
LFEERSTY, I FEHTH A

vield [[images, partial_caps], next_words] # i&/i/%-/k7#
# BEET

partial caps = []

next_words = []

images = []

count = 0

def train(batch size, total samples, epochs, caption model):
file name = ’cache/resnet50 weights improvement {epoch:02d}.hdf5’  # /AP E
checkpoint = ModelCheckpoint (file name, monitor="loss’, verbose=1,
save best only=True, mode="min’) # /727
tfboard callback = TensorBoard(log dir="G:/model logs”, # 4%/, X H}i /
# histogram freq=I,
write graph=True,
write images=True)

callbacks list = [checkpoint, tfboard callback]
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print C Ready. . ... )

print ( Training...”)

% time

caption model. fit generator (generator=data generator (batch size=BATCH SIZE,

all features=all resnetb0 features new,

word to idx=train word to idx),
steps per epoch=total samples / BATCH SIZE,
epochs=NUM_EPOCHES, verbose=2,
callbacks=callbacks list)
try:

caption model. save ( result/models/resnet50 cap bs{0} ep{1}.h5 . format (BATCH SIZE,
NUM_EPOCHES), overwrite=True)

caption model. save weights(’ result/models/resnet50 cap weight bs{0} ep{l}.h5 . format (BA
TCH_SIZE, NUM_EPOCHES)
overwrite=True)
print ("Training complete!\n”)
except Exception as e:
print ("Error in saving model.”)

print (e)

train(batch size=BATCH SIZE,
total samples=total samples,
epochs=NUM_EPOCHES,

caption model=caption model

)

C. 3 Fik4 Bk

# BT FO N
def gen caption(image url, image filename, model=caption model) :
start word = [ <start>’]
while True:
partical caps = [train word to idx[w] for w in start word]
partical caps = sequence. pad_sequences ([partical caps], maxlen=MAX LEN,
padding="post’)
test_feature = all features[ image filename ]

#

pred = model. predict( [ np.array([test feature]), np.array(partical caps)]) #
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) IR
word pred = train idx to_ word[np. argmax (pred[0]) ]

start_word. append (word pred)

if word pred == ’<end> or len(start word) >MAX LEN:
break
gen_image caption =~ . join(start word[1:-1])
# print (gen image caption)

return gen image caption

# JEF beamsearch 944
def beam search predictions(image url, image filename, beam index=3,
final model=caption model) :

start = [word to_idx["<start>”]]

start_word = [[start, 0.0]]

while len(start word[0][0]) < max_len:
temp = []
for s in start word:
par_caps = sequence. pad_sequences ([s[0]], maxlen=max len, padding="post’)
e = all features[image filename]

preds = final model. predict ([np. array([e]), np.array(par caps)])

word preds = np. argsort (preds[0]) [-beam index:]

for w in word preds:
next cap, prob = s[0][:], s[1]
next_cap. append (w)
prob += preds[0] [w]

temp. append ([next_cap, prob])

start word = temp

start word = sorted(start word, reverse=False, key=lambda 1: 1[1])

start word = start word[-beam index:]

start word = start word[-1][0]

intermediate caption = [idx to word[i] for i in start word]

final caption = []

for i in intermediate caption:
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if i = "<end> :

final caption. append (i)
else:

break

final caption =’ ’. join(final caption[1:])

return final caption

C. 4 RV

def test model on image(test image url, test image filename, caption model) :
title =77
with open( result/{0}. txt’. format (test image filename), ’a’) as f:
tmp_max_search = gen caption(test_image url, test image filename,
caption _model)
beam width = [3, 7, 9, 20]
for beam index in beam width:
tmp_beam search = beam search predictions(test_image url,
test_image filename, beam index = beam index, final model=caption model)
f.write (' Beam Search, k={0}:.format (beam index)+tmp beam search)
f.write(C\n")
f.write( Normal Max search:’ +tmp max search)
f.write( \n’)
f.write( \n’)
titlet= ’Greedy: {0} \n’.format(tmp max search)
print ( Normal Max search:’, tmp max_search)
for beam index in beam width:
tmp beam search =
beam search predictions(test image url, test image filename, beam index = beam index,
final model=caption model)
# print ("Beam Search, k=[0}:". format (beam index), tmp beam search)
title+="Beam k={0}: ’.format (beam index)-+tmp beam search+ \n’
print ()

return title

def show and tell (images urls, images filenames, a, b, n, save to):
for i in range(n):
r = random. randint (a, b)
tmp test image url = images urls[r]
tmp_test image filename = images filenames[r]

cap title = test model on image(tmp test image url, tmp test image filename,
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caption model)
# tmp x = preprocess(tmp test image url)
# print (type (tmp x), tmp x. shape)
plt.xticks([]) # Xm/z)/Z
plt. yticks([])
tmp_x = mpimg. imread (tmp_test_ image url)
plt. imshow (tmp_x)
plt. xlabel (cap_title, fontsize=14)
plt. savefig( {0} /{1} . format (save to, tmp test image filename))
plt. show()
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