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Abstract

Abstract

Image captioning, which aims to automatically describe the main content of an
Image using natural language, is an important problem in artificial intelligence that
bridges computer vision (CV) and natural language processing (NLP). Compared
with CV tasks like image classification and object detection, image description
should not only capture the objects contained in an image but also express how these
objects relate to each other, as well as how their attributes and the activities are
involved. Moreover, the above semantic knowledge has to be expressed in a natural
language. These characteristics make image captioning to be a challenging and
meaningful task, which is helpful for many important applications. For example, it
can help visually impaired people understanding the visual world and assist children
to learn to express what he sees. The vivid and informative image description is also
helpful to satisfy our daily needs including image searching and chatting robot.

The recent state-of-the-art methods apply a convolutional neural network (CNN)
to extract the feature of the entire image, followed by a recurrent neural network
(RNN) to generate the description of the image content. This CNN-RNN pipeline
attracts much research interest due to the strong representation ability of the CNN,
the superior ability for sequence data processing of the RNN, and the end-to-end
mechanism of neural networks.

These successful approaches, however, are limited to integrate only global
visual features, and the local semantic concepts and the modality difference between
visual and language spaces have not been considered. An image contains a lot of
information from various aspects. Existing image captioning approaches are also
limited to describing images with simple contextual information. They typically
generate one sentence to describe each image and only focus on the saliency object.
In this dissertation, we address these limitations from the view of local semantic

learning. Three novel captioning frameworks are proposed to enhance the image
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understanding and enrich the captioning by introducing the object regions or object
labels. The main contributions of this dissertation can be summarized as follows:

1. We present a method of generating rich image descriptions based on image
regions. From object detection, full image captioning model (Long Short-Term
Memory, LSTM) training, and region description, our method extends the single full
image description to multiple local semantic representations target to object regions,
which are sufficient to represent the whole image and contain more information.
Comparing with general image level description, generating more specific and
accurate sentences on the different regions is helpful for local semantic exploring.

2. We introduce a local semantic feature to improve the image captioning via
the proposed Element Embedding LSTM (EE-LSTM) model. The local descriptions
obtained in our first work are employed to generate the semantic features, which not
only contain detailed information but also share the same semantic space with the
target descriptions, and thus bridge the modality gap between visual images and
semantic captions. We further integrate the CNN features with the semantic features
into the proposed EE-LSTM model to predict the final language description.
Experiments demonstrate that the proposed approach effectively utilizes the local
semantic information and outperforms recent approaches.

3. We propose the keyword-driven image captioning, which achieves the local
semantic learning focus on the object concepts of the image. The proposed
Context-dependent Bilateral Long Short-Term Memory (CDB-LSTM) model is
utilized to predict a specific sentence driven by an additional keyword. Based on the
keyword, CDB-LSTM learns the semantic representations toward two directions,
which are unified through a context transfer module and jointly optimized in an
end-to-end training framework, which guarantees the accuracy and consistency of

the personalized describes.

Key Words: Image Captioning, Local Semantic Learning, EE-LSTM, CDB-LSTM
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g - e X o=~
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v’ 5% [a] & (visual question answering):
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/- - ~ - x
NZEERL .- -
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N v I 5AHEIA (video captioning): A woman slices a shrimp tail.
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(!
eside(c,b) .19 <<null,dog_a>,ne:
= <<null,dog_a>,beside,<brown,sofa_c>>
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above the door lights up.

The building in which | live. My
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4th floor
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while driving by a church in
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et il
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Matched Images &
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FERERTG T2 R0, HBTAERKIES S TREBUER, S EGHR A%
SRS

R TR R NEEE R AEVLAS, JEEE PR bR SR AR EHR B1E
FIENEN B AR BURHIE SR . IXRTTEEWA R, B DU 87 AT
WEAVLHS, REEEME ST AT, kAN e B RERH AT fE
TR ANHCHE P P e AR 58 e AN A T BRI, RIS R b ThgE. .

MR 25 ) 201 SO TR R AN 5% R U A E KRR, kT CNN-RNIN 1) VA BES
SEIEE TR R 7L TIRE, BISRA CNN RREHATE LG . ARIPZ,
CNN-RNN HJ75 L4 7 BRI E L5125, B RIR 2R DI RESE N 5E K,
REfy 2 A& I AR B ShniE R A LS s A . betn,  FSehryd R a)+
A “aman is sitting on a bench”, “a dog is playing on the grass”, &+ CNN-RNN
()5 1B 4 A% “a man is sitting on a bench next to a dog”, iX/M) 1 &R AYAR
T EUR N & E B A S HRE S .

MG BRARRIE 5 A K A FER T, 2T CNN-RNN FR 77 15 R3S T AR



BT R AR S 2D ) BB HE A W 7T

T A LB AL . B FRAEXT BT CNN RHIESREL, U T 2 A A IS X
Ma: EFAERN N T RNN R ARSI ZRAnI G, BT Z i BREARE 1% .
PR L TR TV B W 2D AL B S, 25T CNN-RNIN 591 LR b 48—
KIEATIRE U ZE

SRS, 25T CNN-RNN 75 AR R 73R 22 S I A CNIN 5
REJHLGERIERE ST RNN DU PP A1 S AL B AE 70« TR 5 5 > s B3 1 58— |
ZRNEZE, XL SAEAREE T CNN-RNN (TR AE BRI H A8 Ras . i
i, ERGRRRSIEIRR S 7 E AL, HS5ETERRA R, 2
TR S SRS, Bk . sifE. B RRZERTIEUEL. R
E CNN [IRAIERIATERE AR 9K, (HALSENIE 5 25 8] Z 18] i) SO A48
e ANERKRE. 4R CNN KAL) B G i 7 To ik 8o At ik B 1
HETE EETOR, Rl T AEA R A AR E R Bk, RS
S RIFZIR AN 3] 2 BB R AT 7T AN AT R K A

2) [BIR S

ARSI HIZE T CNN-RNN IR 592, A =ANJ5 T 70 A P 5 il ik A7 £
I )

a) JR Fs At A ) e B AN

BT B G R K 2 A OB IR R Rk, AR IRIE KA A 56
THEENE, AT NN R Blin, A NEESRIUE A
Ry L B TR S, Ll ] R T 4 B R AN A2 DL R XA AR K
Kapathy FI Lit*5g H (B8 ] AAE st 6l 45 1 UG DX ) R ok . 25 AT
81 TN F) DX S A AL Bl JR R A 8 o (EL, X LG R PR A — L8 3R]
sAE A, T SEPRN AR AL ke, BRI

b) R s 2 IRIEBE

T2 R AL BT VAR MR R R4 R S A S A, T
CNN-RNN {155 75 58 4= R AL SERFALE 6 JR3 FRE DA R AL AN 5 22 1) 2 T )
TEASZERE . — SeRI JTE F AN 0V 55 7190 o7 SO OOIE AT A MR I 0, BDK H A&

AR WU A RS 1 O RIHESIAE o (HR, IXEeT7 V2208 1 R b B0 =



H1E i

W AEE . — B ABIE T CNN-RNN 3R A5 7 ) A3, 01, 62,65, 00y 38 SRRAIE
IRATE SR A (EIX BT e = s, s T R ER X 5 2 .

c) BIRHiA PR I

MEGHGR TS A BERE, BUA I EIG S i 7 i, 37 4346, 48,49, 52,66 g%
A TARKIBAR AR PR F i B 1) B 308 BORRIE BB A R AR
—ANER], HAGHIE R 1 H be i 2 Hph AR 2 B bRk siEm UEE .
g, AR ) PR o5 R R B 4. B, BBRIESGREA S 2+ E
ZRE, JUH TR EIR, ARAER] ATk e Bt iR iR B AR X A
AL, TR R ANE, XSRS R B AR, — ATk e
MR EHE A B AR R 22 . XS 5 7 )RR R IR e 52
FEVERIE AT DR R ) . 8 — L TR B g HiAR a2 % 42
fiti iR L S8Ry 7 AAR POEAN 0] R AH, TG AR (1 ) i 0 5 2 E ST
W EdES, WEENRSR, CaANATESNEGEE TR 5[5, BB
WA FEEAEAC RS, AFE T F 8 B R R SCRIE R REA AN A
I E A, Xt O AR oI o (0 i) L

13 AMXHARAR

ARSI ERVE A S A o B A, @ 5| A=tk Jiik, WH
AR XA H AR B A FER R AR R 0 SUE R, Gk 201 o B R AT 3
FEARHAR AR 2 PrPUER HEb NI R, 2ROV EB IR 2D EZEA
PR TR RIE, BEXT B AR X AT MR R PR R A AT 5 L AR5 3-5
BN AR =R, i 1.7 s

1.3.1 ETEEBBERXE R E &L

P AR ERA L, R BRI E S B AR TSR 0 H AR X . JE
T HAR DX I G A A B 7EIRESE I == & 58 B0 8 Rk . TERXAN T
e, JRIERIE S ST I B AR XIS IR 51N . 1 58 FH B b il 7 v2:
KA R EAMEE X IR, SRIEUIZE RNN 35 5570 DLy S R X s A 2 A1)
FARX R, WG, A BARXIE A T A R G RER . B s A et E1E
H 2 XA R B A), B 17 AR, AR AR R 5 A



BT R AR S 2T ) BB A AT 7T

R EE A IR R A A R R RIE I HA S MR XER . 5K
PG IR A L, A2 AN (R DX 3802 RS I0 BAA R R B 1) 1 0 mT LA A2 AN R T /3
AT R . X B TARER M 2R BB AIR 5 B br = iR 2 184748 AN
KA, BT ARE FHE SRR M A2 B CE K .

N 5 FCNN-RNN (7535

= W adog sitting on a bench in a park

ETRIEXFINERERAR

B PRI

g : g B R3)
| ?ﬁ m | person bench dog |

Y y

3% \ (- %1% \( #5%
ET 58 B AR A E i BT RARE RN R E R iR BT BfrxgiansnfE Gt
£ RIES £ RRiEa £ MIER
FEpiER CDB-LSTM :
a photo of a person holding a dog ‘ EE-LSTM : dog-—a dog is sitting on a street
a man is sitting on a motorcycle with a dog a dog sitting on a bench next to a man bench---a man is sitting on a bench with a dog
a person is sitting on a motorcycle on a road man-—a man is sitting on a road
a dog is sitting on the back of a motorcycle lo—m- 1 - bench
k‘ man riding a bike in the water ) \ ) \peop e---two people are sitting on a benc }

B 1.7 RIHTAR KR RIESRE

132 ETEEEXFHERN I EG#EIR

2 — P2 R G SCRFAE (4 77 38 I 38 ST FR ik A (Element
Embedding LSTM, EE-LSTM)R$EFHE 5 FRIARE T . XTI TAE M H AR X IR A
FERIRZR R G F 2] o X Tl SUE B REG MR 8T H AR DX ) BG4
R R AR ) 4 AT BRT ORI T ik . 1 ST B BRI T A RAE U
fiE, HAMEE R AR EAEE, B SR#IRE A L m ] —ANE SCEN,
SRAN T IR S5 1 R Z MBS Z8E . 25, K CNN RHIES 1 SCRHE
PR EE-LSTM REAY oh DLTIIN e 4 15 5 f ik . &l 1.7 oo, HEET
CNN-RNN 4t 720 L, EE-LSTM HEAY ¥ G R 45 A& T B 24015
B, AR R T RSt

1.3.3 ETEHIRXHEIRIEshEIE GER
P T A B R SR WL LSTM (Context-Dependent Bilateral Long
Short-Term Memory, CDB-LSTM)#& 24 LATIN i H br O 8im 3R 3 135 5], M H Ax

10



H1E i

MRS SRR ] (0 AR P SRR B R B8 S 2] o AR DLGS TE I GBI v die T, 2B
JRE RS2 RITE XARIE, 38R LIRS AN [ ) S s 1] D [ — R AR R4 AN R 22
R, XA RTPIAS TAFEA A& R . CDB-LSTM 5 > Bk ) 146
B, TR NG E RSB TR A RO AR ) AL pis & (1 A=
9y, AT RE I S 8 S A R R (0 T £ A DAk e AR R D A i
7 (NS SE BLR] BTE AR R D o 1B RN A= 3800 AL - 8800 & R AE A i ¢
R RIRIE . JE R SO AR R P B 73 IR SCHORE A 1A R A b
o2 b g8 R I HIR G VLA, M (A3 A AL ST % R OB 1] (1) R 43
IVARRIEE D G G R

14 ARMHILBRLGH

AIAEW SR G SR TE ARG B, i T EE TR RIRYE, @ g
ANTR] ) JRy B SO S Mg PR T AR FER T . BARGE AT

B1E, 2k, EEWREGRIRNOTE SRS 2 E A ST T
BURRA L R e ia %, BeJa il 1 ARSI 20t 78 B RATHTE TN 2

825, EBREBHREART R NACH LR T HRAR4, 8
FRHIERIE . WESAEM. BRI HoE SMPP bR rESS

8 3%, TR H b XA R RER . SR T R A R B S A
Jrie B SGIL H AR EHR AL sl i X 3, AR A R A 4R B R AT bR
AJUIZE RNN 5 S8R, fJm d0xt B AR XKIEET AL RFAE SR IOF A RNN 15 5
PR AT R R SR A e T AN H AR DXk i iR v DO R SR BB
M5 S, AR SCRIE I HARFIHER .

54 5, HTRETE SCREBRN B GIE . 51N R8T SCRAIE A 5 B
BHIFRIBRET), HHEd IR EE-LSTM BRUBEATRAESE AL, M SL B iR 5
RIEPERESRTT . BSCRYESE 3 T 0 TARIER I R bt & Rid K= 30 A
BE B2 R A U BT AR AE SOT R IE, 5 R e SRR RN B P
ff] EE-LSTM REAL i DAAR R IA B S8 % AR Ao SRR 45 AR W], A L Sk
PR BAT A VRS, o 1 RERIE SURFIEX T B R B R 5 R AT 2k

556 &, Het AR RSN B G A . R 51 S A 17 AT R

11



BT R AR S 2D ) BB HE A W 7T

PR 522, DU O BB A 0 22 B 1) R MR RE SR o JR M 1 —Ff
[f] CDB-LSTM B S #7,  HEEARE B i) M2 R AL A A il LA AN R (0 2 A 11
KB IR . AR R NGB TR R AR i, AR ) ik - SR BRR] AT SR
TR S5 ) B B R SO R A I B AR S T g oK. AR RS R Ak
BT S 3] 2B ORT B (KR SE 1A, B SIS VEINEIE B T A A 1
DL

556 WA AL T AR B ETAR, IR T AR T .

12
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E28 ESMRAEXEARER

AT NANASTT VRIS 8 BB AIR AR OG0T 5 RIiR: RHIERIE . 1B F 2B
A, EBRHREA . HAsRll. B EMPrE ik,

2.1 $HERIE
PG 5 1A R AR IR V5 S M S R AIE 2R I8 B A RFAIE R P 343

211 PLRHHERIE

PG R AIE 27 20 S VT BN UL 0 U — TR il 1 A, 2 EAsAil, &
B B REEWAL S LR . IR RGB BUK E BURAETHFHL
AR R R At . FERE TR A W H > C (SR, &, @iE), H
H RGB i N 3, KEEBR N 1. BFAER B FR )y 0~255 ZIAMME .. HEFER
AR T JEIEIAE S, A RIR R IA S JEE S B AT
MAEATSS, T B AT B AESR I, B2 R SR A7 THI SR A 2 AT R MR 1R ALE
Fis: FLWTFIRMERIE . PR SJRHIERIS
1) FLFITHHERIE

JEJERHIE B4 S B S5 0 EHR B AR AE, Bt SORMTRIR, X LUkE
3@ o MG AR 3R AT F Lk i [ € 773K 45 . Szummer ZEEMEEH] MSAR
SUELRFAEAN Ohta 7RI B 7 EIRHIE SRR R BB . Lowe SRV H T RUBEAAR
FAEAZ# (SIFT) SRR BEUE 1 R R . SIFT X UGG PR e A%
AR, CaTIZ N T BRI R ITECAN B ARB RS . HAd R Z R AE
HOGI2, LBPI™. textonst™, it B 7 IS5 132 FI 1 & Pl i ST A 55
S AR ) L AE L R K 7 TSRS VAR K I aly, HARER A%
1o T S S BB AN I ALV SOV UATeHn e T A AN S R AIE 1)
B N T 4 /NRZEFER = E S 2 (R 28, Bag of Wordsl’), Latent
Dirichlet Allocation[’l. Fisher vector[™®/fl Object bank®1% i 25 45 4E 512 1
Sz R

TEARVR ST, MR T I 10 LAk 1) REURD B2t 7 77792, K FH 1A 493 (Bag of Wordss,

13



BT R AR S 2D ) BB HE A W 7T

BoW) 4 il EZRHIE,  1ERRT BT TR/ 41

Bag of Words fx - H T 3CAL B, H 2B SCARKITEEMIER, H—4k
Fr ) 538 (Words) R 3R s — BOC P B — AN SOk . fESCAR R, B O A RIE
HN—MAmE. BRE Dy MR R, BN SR E— N ER
7N

v, :(tl,...’ti’...’tv)T

| (2.1)
t = ucl log N
n, N,

Horpt Gorh Ay R b ] 0 ILE SRS d HRIREL,  ng 2STRY d R
HELREL, n, 2SR d P ERGELS S, N R B I T SO, N R
ANBE FE A SRS

Josef Sivic A1 Andrew ZissermanU" 195 Je 3 7 ML RNV MR &, 2 )5 BowW
Wz N T ENALE . 5N TSR Bow 25EE, M HOE R E R
BRHIE (1 SIFT HOG 5K JEHRHIE ) B AE SCA H 1) B 18] (Words) , 3E 1 2E B Bow
FERHE, XNFERMEREBRAFEZHKEER.

R AR i T A R 37, BoW B2 R RgZb T i NI R 4t
FITHE AN AR S . T HACRAIMERE, BoW 78 BGAG 2 A4 S840 e 3

AT,

2) REF JFHERIE

T HTE R UG 73 AT 55 25 2 B CNN RSB 72 F T W B3
B FIETF TR HRFAEA L, CNN RFAELEA 3 30k Lo KA 20, 87T
DL T & Fh ol 364 551290, Zeiler A Fergust oM F 25 B A7 /N 4% 771224 CNIN FRAEFAE
JE WU BIMG 2 A ], RRAE B T 45 R B0 E R T R (s e
AlexNet®, VGGNet, GoogLeNetSIFl ResNet®) -5 F ) CNN HEZE, fRF&
BIRFES SIRHER R AN, IF BAE S RIEA R IAE S5 i by 32 S A,
RS RN 32 R F IR BERRIE SR AT ML ik

14
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2.1.2 BREHERIA
STTEG T LEAMNFAESR N AEGEY ={y, Y,, - Yy SLhREEA],
Hrpy RoR—ANH, 40 “dog”. B AJRFIER A SEFR b2 32 55 HEF 16 B (1

FRAIEREIE o 1K L8 B a] 7 2 LUKy E 1 77 SR O THR L AT DU BE R R E . BRL1A]
TiE— AP AP SRS . One-Hot R#fiE 1A A Word Embedding ##fER 1A

1) One-Hot $HEZRIX

One-Hot CJt#ZAD), AR —AiA i, HI7d i N ALRES 2 A7 4%
it N RS AT, FARSHG WL FAERAL, I HEEERE, H
AR fEERIES AT, One-Hot [AI&Z AN 1xnERE, HTIX
SRR AP N AN . BT SO TR SR B i L 2 AN, R
HAbHICH 0 Hp. LR F, A @ — MR RRA—A
One-Hot [A1 & . #n, Hid “dog” I LAE~A{0,0,1,0,0,0,..,0} “cat” A]
PLRRAN{ 0, 0, 0, 0, 1, 0, ..., 0} XF 5 VLG p 2170 KK KA 5 T3
One-Hot [Ed K, 2 EIRE S B AEN, FiDE .

2) Word Embedding $F{EZiA

R A (Word Embedding) /2 H 2815 5 AbHE ih — 211 5 @ AURIRHIE 52 ST HoR
IERG BFR, VNG RIS ) AR B 1 B A B Sl 2 KA SRR
S 38 F A T 4 B 11 1) e R I R SRR LA RN (AR . Word2vect®®, Glovel®”!
IR IR ECAIRAT 7T 5

55 One-Hot A Lk, Word Embedding A~ 32 )71 5 K /N FIS2I , RFAE 4 R A,
41 256, 512 4§, 1fij One-Hot FRAE4EE A4 KT 1 . kA, Word Embedding
D] DA IE s v B A BT ] PR P ok S B LA AL BE

FEARW I, 55 3 %A% One-Hot X 15 A i BRI BEATHFIERIL . 55 4 3
A% 5 A 7 One-Hot A Gensim B8l i) &1 I fh R 5 ik 4718 A gmfd

2.2 BSHRIER
TS AR AR R B A A, TR R ORI B B, X2 HARIE AL
FRAP ) — AN ML, AT LLB I E) 1951 4E ) T/EE, Claude Shannon % & 7 —

15



BT R AR S 2D ) BB HE A W 7T

FINST SHIZ B BTG DL, 38 A WAl ) PR e PR A T — Mt A AN
FE 1k -

Bl SRR F R R . 1S BN R A BT D SR,
REZBAS B BEAN AR E SUF B CHRAAD  y=y,, Yy, Yy ZE IR

t

P(Y)=TT P(Yel Vs Yorrs Vi) 2.2)

1l
=4

|
|
UN

Horbry FoRAL B R, N RSy PRIREEE, p(Yl Yo Yoo Vi)
TR EAT =LA, By, Y, Y, TR BN BLR y, 2R .

FESCPRN A, T EE R N rTRESOuE R, ik, Tz n-gram iF
SR, B n—1Z A SRRl t =1 g S8 (n<<t). SRJ5, HRIGAHRS
ST HORAE IR AR, B0 Yy, Yoo LA, DU SEAE LA 1

Iy, AL

(yt—n+1""’ Y yt)
C(yt—nJrl"“’ yt—l)

C
P(Yel Ve Yar=os Yia )= (2.3)

n-gram & 5 R B A7 BRI RE A DLl SEEL AP0 A, (B2 [R] I A7AE — 2 8
TR, B G S B AR PR RIS L 0 AR B2 AL R DD 22 . X BB A A 2 )
B R TR DAS R BB G 4-6 A bR SCERLTA] I 02 Ak 250 B 3] PR K SR £k i 2 45

2T 5 R (NLM)OSOIR (i 1 — P B 47 1) Uy ke Ak B B A A B R S
UG I . AE NLM o, BRSNS FI Y K 4E70 A a) &R . 1 S EAHL
iR 7 ) 2 () (S AR A B, B MR AR T AR H] . NLM K T
SCHAR AL Yy, Yy, Yo N ENBIN, FREEA B AR R RRIER N, -

h[—l: f(yl’yz""yt—l) (2-4)

Horb f FRoRMST R, EIEE DRV SRR Y, A e R 4%

BRI 2% . 45 I S BTN SR, TAA y, B SR AR A AN T

16
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PVl Yir Yoo s Yea ) = P(¥: [hy)
s =W[y,]-h, (25)
Py Ih)=exp(s)

FerPREFEREW e RV, VIRIATER KN, K2 [ B R R 4L . Wy,
FORFERER S y, AT, exp o softmax BR%. softmax bR HCK bx & In) & s, B
MR AR, W 2-6 Pik:

exp(s,)
5. ex00) @0

soft max(s,) =

HIF R SCRIZEEAN 2 BN SO AL R 52, #E E, NLM RES 400
PR e g b S HR] 1 TG 7 A Gk 4 PN [ n-gram 45 /2 AR SCRZIE 5 A K
R, IF S R TSR R 22 26 RNN K AR (A LSTM.
2.2.1 RNN

TEFAPRZE I 2% RNNEE L T8 TH T Ab 3 Fp 51 B8 (R 22 X 2% S8 4 . I B2
22 T AR BRI ] P A1) B8 990, I Sk D B T8 A B A D9, 100102 . RNIN

BRCAEMINE X FBEUZEh At 2 y FR= 2000850, BV E 22— N7
HIMFERE S, W 2.1 Fis:

y Y1 ¥ Yi=1

& 2.1 RNN REBFEH

28 FEFIINAX X0 %} » RNN BEBS IR RN x, » B B2 h Sy,

B A BT T ALY Yooy Yo o

17
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RNN i B2l h AT FUC I AT AL B, [E0sk )2 b W BAEA A2 iR 1 I
ZIt Z BN FTAE R, BI{x, X, -, x}o TEECIER b, h 28 R f 3k

1860, AT 20t — 1 B EGRE b, 5 25 I 220 N x, 2 1] 0 R
h="f(h,x) (2.7)

PREL ] DUR AR A 3

f(ht—l'xt):O-(Whhht—l +thxt) (2.8)

HAw, W, FIFERRERRE, o iEFE—RAIELME R %, W sigmoid.
tanh &% ReLU %%,

RNN F)%r H JZ AR A B2 1 softmax pR#Y:

p(yt):exp(whp ht) (2.9)

Horbw, S Z HBCE R RE, 4 h B R 2 R [F 4R R, &

softmax TH5JE, AR AFHEAR B R HIE RI Y i Fn 25 2R

3Rt 2 T DR AR B F e 8122 S R L, i 2.2 o, I8 e
Ny Ao R BT, PRI 2 AT A B R P AR 2 — X . X2
EDORNIE SO EA ]I

one t—o one (ie to many many to of many t—o many miny t—o mjw
1 O ] 00 DU
t t ot t t t 1 i
| A HH HE
t t t tt Pttt t ottt
i ] o0 BOE 100

B 2.2 R M PRI EEA: MARE (A6, FEE (RE), MlmE Ee).
ASCTARFZH B 2.2 v S PUR ORISR 8 22 % 22 BT 8 5 B

18
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222 LSTM

LSTM "IN RNN BJ— Atk HARMANZ . FEie)= M = i 4k —
B, AFEFRERZICZE T ER RNN A5, 7EES AR ERE N
SRR AL ST RNIN IR A5 Hh 52 V8 SR R 2 I 1 (1 R ot 10T s i
K FE BEAG I E) 3 2 B HERS R 1 Ik s R B P R ZE 7 S ) A% AR IS s B2 328 2R
RIS AR H RIS OL; o P52 3 2R 48 VI S50 22 B o5 1) 1) P 1) I ) A 47 s P s 1
THIEOL. XA ] AL RNN A ATEC 2K 3 7 3R K R UE R,
HAE AR G5 E 5 e . 76 RNN S5 T 1K 0 M0 12 A8 B (LS TM) &
SRR AN 1) BB A 2 5952 — o LSTM R FLARARLE ST 20 46 SRl AS W7 7 i A
PRgel2s 28,52, 64, 1046113] Lyl s B TGS IR . MLASEHIE. &R0, AL
R I UGN A A2

LSTM IS HE JAR R K I 2 55 AN [R] SR 2 P2t 1 TAH ORIEG, X L6 T fit
T RGBT @8 ] (forget gate) sk d il 4 B 1 AR ELLRA7 1)
FEE, A (input gate) REEHI L ATIEI AHE B D LHTRMAG S,
T 5 H ] (output gate) 4% 1] 24 BTG PR AR B A B N — AN 20 E BE . AT
4] RNN B, LSTM ik [ 742 i) 570 e 10 AR BRI 1 | 30f& B AR
W, I BLREUE MR P S0 RNIN I 25 e LR i SR ARG B MK il R

--=-1 word prediction

softmax ‘

|

LSTM

B 2.3 LSTM R E S
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WK 2.3 frx, LSTM ZEMRZ B =N 138]: SN0, BmeTf,
HT oo BT =ANTTH S, BE m A2t c B8 TEZH E T ER.
L E — BRIV X, Koo, Xy | BENI 2 ¢ BORSFBOIRES m 1HEL A O

it = O-(Wixxt +Wimrnt-1)
fi = O_(foxt +memt—l)

0, = o (W, x, +W,,m, ) (2.10)
C = ft OC, + it Oh (chxt +Wcmmt-l)
m =0, O,

HrpAg g, f,0,c,m 2 AACEREIATT BUSTTS St 776 5o B
>Iji‘j‘§’ VViX’WfX'WOX’WCX’Wim’me’WOm’WCm %‘U”éﬁiiﬁﬂﬁg*iii O-i%% Singid l%l

B, OFRIRN,  hRRBUH =) R 3.

H1F LSTM K IR 12 Th RE L IE A RNN A B2 s, ASC Tk
R PRI WY 2% 15 5 AR A A X AR Y LSTM.,

2.3 ETF CNN-RNN RYE Gk 1E R

T T A BRI AT 7 32 T HUAT 2 35T CNN-RNIN (7572, 07758
BRI Z M 2% CNN $EE MG ARFAE, SRS FHIGFR s 2 4% RNN SKEAT 1R
AN, WE 2.4 s XPOTEE B TULESEIESUR, B —FE 5 g
MO ANRRRD ) 7 I 3R R A —FhiE = o AERG R AUIR, T Sk A3 B 15 4 D
NERHE, SR E S AR AR D Y FARTE S -
Language

Generating
RNN

a tan and white dog
Q swimming towards
a waterfall

Deep CNN: RNN:
+ GooglLeNet * RNN
+ VGGNet « LSTM

B 2.4 ET CNN-RNN B EGHR T E

20
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3£ CNN-RNN F G 38 5 AR G MR T 9 88 2 ST IO 48 A5 : CNIN B K
[RLGE IR BE 77« RNN AR 5 51 B A B A8 g+ IR FE 5 > o 313t (¥ 88— Il 25
HEZE . IX LR 2 7355 F CNN-RNN (#1578 BRI R BRI I E 48 RIE.
HERfh, AF UG HR SRR G4 7 Grin . TR TAESEAHR Y 7 iX—
J793%, ASEAE TR B ) CNN 2% A GooglLeNet. VGGNet o HABHELE, RNN
PIZ5 R HEA RNNL LSTM B At A5 44

Y e — IR EME |, EURHEE il 5 A AT 55 10 E AR B 0 B K AL AR p
(P EAEPEAS I

6" =argmax Y_log p(S|l;6) (2.11)

Hrb o RS E, SN TANEREASNE. 07 WRMELFEYLIEE R
F%(Stochastic Gradient Descent, SGD ) /5 15U 2 I 15t I 2545 3]
FEEARR A, BGIRATE 55 B e A T A e R IR A

v=CNN(I) (2.12)

HrF CNN PI2% 42 GoogLeNet. VGGNet ol H AR E FI4% . F5AE Rk v B
9 RNN %5 N34T 75 5 A 2Rt .

2.2 WOAH T RNN BB FL5H . RNN KA 5180, e
FRETEAN E AAE S A AAUEAS ) T TIZ R, DRI PR A AT FH ke
ITE S AR X EIRENE, RNN B F 5 HdE, RIS FMI — > 5
T, SR M 2 AR ) B R AR E AT N — N SR T, LT
—MMRELE R A 1k

2.3.1 RNNIiES#&E8%)I1%
E BB | B CNN EFIE v B H 6k B B N —1 AN B8] 1 #6315 f)
S={s,S,,--*,Sy.}» RNN BYIZRLEN:
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X, =W, v,t=0

X, =W,S,,t=1

X, =W,s,te{2,-,N} (2.13)
h,=RNN(h_,x) te{l-- N}

Yoo b cexp(Wh) te{l,-- N}

Foob x, SRHIEAEDS B9 RNN BURA I, y, SRR, W s b
I PR SRR . WS ARHERIOW, , TSI, . B AERw, . s 18
KRR <07, WLMER A RITER. £, s M One-hot %l
HEAT MR R

Tt = O BRI A CNN R v, 2T I B0 B 0, it
B, Bk SOTRAP AR R %19t =1, BRSNS ZI 8T “0” I, 2J5
BRI F VR )R ) P 200 s, St B EE by, AT 18 5L SEAZ A 33,
S BUEER L AR,

FAETRL 52 B KO 58 U0 B 1 ) 36370 0 500 B IRASA A

N

LN

L=->"log p(s;|x;6) (2.14)

t=0
2.3.1 RNNESHREMR
WE RIS G, RESSHE, HARMGOE R AR I g A B ks
VE A s B Oy RT — 20 H  y, . BV A5 IR €07 Nk
Xo =W, v,t=0
X =W,s,,t=1
h, =RNN(h_;,x),t>1 (2.15)

Yer By oc exp(W, h), t>1
X1 =We Yt 21

B MR 25 ERY =y, Yoo Yasa ) 83 One-hot S 44 B2 B T 75 313k

iag(:/tﬂ o
FEATCER 3~5 & AR ALY ZRAINIARE S 22 S0 5 A5 i A 4R 11 5 A 2

22



25T BBMRHREART F

PR

2.4 B

H 4740 (Object detection)2-14: 114-1190 J - B30 1 400 5 40 45k fjv 7 22 AT 45 2
—, R EMHERCAAE T 5T B AR R EE AT
AEEHbR, A BRI E .

KA, H AN 75 2R A T 3 B EURT N LB v IRl 1 g iz 4t 181,
'E/F PASCAL VOCU2IW Bt Bk ik _FEXA T B KISt . Dalal F1 Triggstt2 R A
£ 75 1) B 7 RIHFAE (Histogram of Oriented Gradients, HOG)#EATHFEREL, FF7)
H SVM BHTHRHIE S, TEAT AR 3R T E KRN . Felzenszwalb %514
HE— 4 HOG [ZEat B3 vl 48 2 1 204445 74 (Deformable Part Model, DPM),
445 B AR 7 BT BT B s . BRI W g 1 B B T H AR
RS, Bt R 71k 24 R-CNN RFIFTEUR: R-CNNI,
Fast R-CNNM!, Faster R-CNNM8I, Mask R-CNNUW2Y 5 77 vk 40 e e Hn
PIFMEE R 1 (Region Proposal) (1433845 Kt 47 H AR, RIS 1 80 1
BE, AT FERA R-CNN RAIBEAT H bt il A e scse, i Hith et 2 1]
V7540 Yololt#, SSDUIAENE REIE A RE ik R-CNN R 51757, B AAEAR
N TAEHI % & TEHE o

R-CNNMIHZE B e #% _F ] Selective Searchl*?4, L5 5 1iF % 7 i
CNN AR, 5o 4543 2508 H SVMsi?], R-CNIN f HE BLECE 13 J U4 H brks:
ISR 7T 7 0], N IR SEE T i AR AU DA . R ROR I REAT 1 R4
R R RS, PR R TR 3s i

Fast R-CNNIIZ%} R-CNN F1 SPPnetfMel 4y, {150t A el A 75 2
FEE— X CNN 4FALE, 171 A2 R-CNN 134 2000 X 7E M1, SPPnet 44 R-CNN
I 10 ) 100 £ BT AR A XIRAFAESR B, IR ) Higb 1 3 4%

Faster R-CNNM!8L Fast R-CNN 55 [X 3842 B % 2% (region proposal networks,
RPN)& I N — G —HIHEZE, MR 7 XIER I B, Jrie s 7 R4k B iR
ST I P A 2

Mask R-CNNU2H3E i 7R —AN 43 SOR T H Ax 4D, 35 9 7 3Gk T14
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FHEIRG, M4 fE 1 Faster R-CNN.

HF I B B RR N T BAR B S /6, Bk BARE 7 EE
LB I X, T I B XA ORI FUx T R i id R A B . FEA
3CH, R-CNN A1 Faster R-CNN i FH A B A5 I A2 R &8 X8, - Pk —28 3¢

BRI .

25 HIEE

R P72 21 G T 00 P R B 4R, 0 R WSS Bt S i Y i
WA R B RS T VR RAT T O (A S 18, 08 126141 B 1 3
PR RER T T o X LeHda 2 i) R 5 SCAR IR AR OG G, I HLAE L8877 T A ik
A, AR R rks CL R iU B R R . He T ORI IR IS
R4, Wk 2.1 Pos.

& 2.1 BEHEREHESE

G/ S P& A4 B v ) I
Pascal1K [1%2] 1000 5
SBU K8l 1000000 1
Flickr8k [12°] 8108 5
Flickr30k [13 31783 5
MS COCO [130 164062 5

Visual Genome %8 108249 50

HAREFEAME 2.5 .

Pascal 1K 15 i 4 2058 5 4 A S VPAl 41 AE B G0 o i 1) R o 1/
505 1000 fE A Pascal 2008 H br sl ¥ SEMRI ik B i R, S KA
ANFIRLSES 0 B A, B0 A28 Sh PR 445 5K 15 4 5 Amazon Mechanical
Turk (AMT) IR %5 & b BN A U Tom ik AH 5K .

SBU & ik Hdi 4218 & 100 757k A B an FH P AR ik i B, @i
EUREE A Gl HARAZNE) . 4R B R P K B IR I R, 12
Flickr AL . XABARELEER, HRGEEIG G —absE, Jf
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%2 % FEGREIRMCHART 5

HANREOR P B A brid A% U — 2bE

SBU

Little girl and her dog in northern Thailand.
They both seemed interested in what we
were doing.

PascallK

1.One jet lands at an airport while another
takes off next to it.

2. Two airplanes parked in an airport.

3. Two jets taxi past each other.

4. Two parked jet airplanes facing opposite Girl feeding elephant A man wearing an orange shirt
directions. Man taking picture An elephant taking food from a woman
5 tw . Huts on a hillside A woman wearing a brown shirt
5. two passenger planes on a grassy plain » A man taking a picture. A woman wearing purple clothes
Flip flops on the ground A man wearing blue flip flops
Flickr8K/Flickr30K Hillside with water below Man taking a photo of the elephants
. N Elephants interacting with people Blue flip flop sandals
1. A dog swims towards a waterfall. Young girl in glasses with backpack The girl's white and black handbag
= 2. Atan and white dog swimming towards Elephant that could carry people The girl is feeding the elephant
_ a waterfall. ) :r;)alahphum trunk.tnking two bananas. ;he nearby river s i
N . N > ush next to ariver. woman wearing a brown t shi
3. A yellow d?g swims towards a waterfall. People watching elephants eating Elephant's trunk grabbmg the food
4. The dog swims through the water Awoman wearing glasses. The lady wearing a purple outfit
toward the waterfall. Abag A young Asian woman wearing glasses
5. The dog swims towards a waterfall. CGlasses on the hair. Elephants trunk being touched by a hand
L— The elephant with a seat on top A man taking a picture holding a camera
A woman with a purple dress. Elephant with carrier on it's back
Ms coco A pair of pink flip flops. Woman with sunglasses on her head
. . A handle of bananas. A body of water
s, Ablue sm_an car parkcd na pa!'kmg_ lot. ‘9 Tree near the water Small buildings surrounded by trees
© 2. Some vehicles on a very wet wide city Ablue short Woman wearing a purple dress
street. - I ) t ilisi Two people near elephants
b 3. Several cars and a motorcycle are on a Awoman feeding an elephant A man wearing a hat
= snow covered street. A woman \.ﬂearing a white shirt and shorts A woman wearing glasses
4. Many vehicles drive down an icy street. Aman taking a picture Leaves on the ground
5. A small smart car driving in the city. Visual genome

B 25 BBR#HREERRR

Flickr8k #4129 2 Hogy FE R A Flickr30k $Eget¥#ksk B Flickr, 73
7612 £ 8000 A1 31000 i B o 1 PN Eirdla 4 o 1 G e AT v g g H FR AN
ENVERTH P B SRIE R . X ESHIRAE S 5 MR, EIEEG A ERL T
PascallK #4115l I AMT Hrilledl . AJL R4 771190, Flickrgk — 2
6000 I sk IZk, 1000 08 RIGIE, 1000 MEfE AR E &% ; Flickr30k — 2
29000 @ fE AR %, 1000 HE4&EIE, 1000 HEMR. Flickr30k Entities1hKs 4
AN ERR B P — e oof I 3 BME rP (R X 3, 38 I SR R A9 BB 1 S
R ATVEA, M5 1 R 46 Flickr30k £di £ .

MS COCO ##i 40 K (G Hi R Hedi H i (0% 123287 A&, 82783 Mg il
251G 40504 TRIGIEEIE, iR EUEH FORASF M RIR . ARG UE — M 3%
T AR 7709, kB ISR BTA 82783 EIEMEH Tk, RAR
UEAE R 5000 1% 8 H T 56:E « 5000 Mg Tk A #OREH AMT _EK)
N TR, Z5hREHpER:
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1) RELL “There is” AFTEARETES];

2) AN EAIA UG AN 4T

3) AN BRI MG AL 1 A] B R AR I B R R AR A

4) ANERER EE P B A N AT RES AT 4

5) AN 25 EIZ ) N (people) i 44 ;

6) i) 2L E 8 AN LA

MS COCO #i#fa 4 i) H & o K Hir i i Ah & £, 73 4h, MS COCO %,
A a7 B AR B 80 AN H AR HIARE, i3 28U S A E 2 1]
. ZHIEMR T 2015 £ MS COCO Captions Challenge (http:. MS
COCO.org/dataset/#captions-challenge2015), F H. s A3 A8 5 W 70 B FEHE

Visual Genomel®®1t0, &5 100K MG H AR JE M % R A= i Hk 1 2%
Bebpit . RHIEEEE A 42 DR E iR, B XIS —ANUHE T E L. 4
R R, IRV = B B o A543 T R 122 [X 8l 1) 6 B i Rl A
1 3] 16 MFHIHETE. BR T 420 J3X XEEHAR S5, Visual Genome HARTE L
A 170 AR 210 75 HAR. 180 JiJ@tE. 180 /i k&« XANKHRESENT T
BRGRRVTEINTER, X5 m A 7T TR HE R R X

FEX SRR, T BRI 8 AR, LR s R
/NI 5, Flickr8k. Flickr30k A1 MS COCO #4572 I H T EUG iR W 7e
Visual Genome FHX BT, WIZHTIRTT 1 B2 HRE. AR Flickr8k.
Flickr30k. MS COCO Al Visual Genome 347 77 1L 1A «

2.6 WEHE

VAL 9 ARTE 5 A A TR fr i R — TR e P A 45 12900, ERG A aA (10 iEAkAl A
T B s PRIE B A1 2 1B ) 2 (B BOARALLEE , HL e i At W R O VR AT VP A -
NIVEANARUERN B B PPN bRt

2.6.1 ATLiFMtrE

VIS B B AR SO TR R 8 TR B KT PR . X TR AR
AT, DA NEGRIRIEH T2 A RRIVEE /7% Ordonez ZEU8IZL PR %
FAMAE R A RIR L IR, TR ERAMATLE AL G AN R 1) R 2 B AT i i ik

26



25T BBMRHREART F

. Kuznetsova S5EUTZE R Tk 3578 25 1 AW A5 Hh x5 A (10 ik 24 SR gk
ATIEHE, IXPPBREIE PSS v RE 2 ah tH AR M B4, (AN RRAEAS A 1 S 5
AT LU, AN RE B B RAR I PR . Yang ST Kulkarni 55300 ik
BEAT AR G R RT A 1K 40 2P Al Li SIS 7 —AS “61i& 71 7 4943 . Mitchell
SELOLE R IR BRI C BT 7 R DUE SR 5N B bR 18Xk
RHIER . AR E HABE RIEITRIR KRG AL .

Hodosh %1294 Wi UG H R VP Ak S — TR 45 5 2 Ak AT 4 (14T
%, AEAIRHRYE LY HIPF 5y 2 HOh 4 BRETER) e T EIR (&
AAEATERD . 80N 3 BIREIER) L TPRIL T EBNE (RVFH /DR, H1
SRERD, M ECh 2 RARBEAIURR T BRI FEL 5T, EAGEE A B
B, 8O 1 FoRitid SR TER . KRR E ARSI — ML R AT
DU AN R ) R G0 A 2 SR B AT L e DU 431l DF- 20 SR Al 72 T4 IR 43
154 (52,129,138, 1391 A< 5394 Hodosh 26O 177 5, 7E28 5 Frh il seie Hh 2k
BIRF A ERIIER), FTAEREM 1 2 4.
2.6.2 BENIFMIRAE

T N TR kIO 2 5t HL 9, BLEURY, METEORM, CIDEr
1 ROUGE_LM3%5 { i b bR gl ) 2 F THER VRl o B T % 11 9 UGS IR OF
PR CIDEr Z4b, XSS W2 1 VPGB a8l e o1 BB UAR I R 4
I T AR R . A XS B R 08, 2 EER R G S —
NEENNTARENSHZ AR B, FEPRERESEEED R BE.
1) BLEU

BLEU(Bilingual Evaluation Understudy)™ 2 —Fhifi 47 (ML 28 B8 B EA 1R
br, 2 B AT EIG R U B I S bR iE e —, RS AN S
FRXTVEITE A AT n T4 (n-gram)AEF 2 T 5. F T EUE L, AL 24 iont B
HIbsiEIE A ¢, HAIPHNARAEBE AR S hn i o) (bR N TARERTEA)D
HI—MES S ={S1 S0 S RPN BIFRAEE A) ¢, BB AN . FRiE
BRI n TARERN, —A n A w, e Q& H—ANEE Z A T H A
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YRIGFEA. n TE w B s, B BT o hy (s,) » 0 TCAL w, 7EFFIT
iz, o B BT J (G, -
E TR AR n TR

cP (C, S) _ ZiZk min(h, (c;), max;.n, h (Sij)) (2.16)

2. 2 h(©)

Horr k S8R K E N n BIATRER) n eSS4 |1 BLEU fil i) 3~ 540
A) 7, BIAFEANA) 7 o BRI, WS Bm. N T IRRX AR, 2%

Sl e LA —AME VIR TR BT I B ARG m . &), ASFEATHREKE, |
RPN A TR R, EHTUA:
1, il >,
b(C,S)= {eusnc Ll (2.17)

4Tt BLEU 7344

BLEU, (C,S) =Db(C, S)exp(ZN:wn logCP, (C, S)j (2.18)
WA 4 o4, B N={1,2,3,4}. X} TArA M n, w #2% =, —MNYn.
BLEU fEiERNE Z 2 - BERIFER TR, HEE n BN, TaFEHR
FHUCECECR R ZE . 54k, BLEU R EREHE, AHEHRER, MELIHN
THEHAEE.
2) METEOR
METEORWMH 75y 3 F— Ju 4 fRE B AN 49 1] 3 A1~ (Harmonic mean)
KAt F-mean, H A R ACE LR K B RIS A A1 22 15 A HEA T HOIA] A
HEXTFE Calignments), N8 A 0.
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L Im

i Zkhk (Ci)

R, :—Z |:] |(S__) (2.19)
F — I:)mRm

™" aP, +(1-a)R,

Hor | m| MAHEDLE F A AN, Py, R, A AR AEEERIA [F1 2. 2430 R
BN B ) — B AT TR, AN XN S ) T AR E A T BRI 2 B
BEATHT R . 9 RSN, AR n JodbR U EON TRUHER R . A2
S B) T A MR R 2, ST . O TIFEIETT, 1 oo
SR 53 21 R e /D AT RE BBk ch (chunks) o BR AR 52 SURETE R PR IE A1) R 22515 4 o
MESR I — TCHEE & o FEAFPRANIE RIS 25 15 1) 2 B B SRS B, Bt s
D o — AME PRI B R AN S E BB R, B A5 A — A8 2651 Pen 1Y
ZE S U

Pen = 7(%) (2.20)

A BIPRS00 -

METEOR = (1—Pen)F, (2.21)

ean

1 BLEU ANJF), METEOR [RIBS 55 1 3 T HEANE R ZE b R 28 A 0]
K, MZEHNE, H5ANFHBHEER S, TRNEMEERK.

3) ROUGE

ROUGE & —/M it HISR PN SUAR S LA R H shiF i brie s, i f 3
MNFEAFRE, 43502 ROUGE-N, ROUGE-L il ROUGE-S, {EF{& R PP o
#H & ROUGE_L. ROUGE_L /3T longest common subsequence (LCS)
W —Fhill & 5%, Bl LCS, i — RN HIE RN T ia kS, H
BRG] IR 2 AR F o A n ST R A2, A2 5 2 8] R] REIEAFLE RS
Gl LCS Msial. H4 LB P AN I LCS MK HN: 1(c.s;)-
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ROUGE-L i@ id 115 F-mean K3k 75:

(2.22)

(B°+1)PR

ROUGE, (c,,S,) = PR
| |

Heb R R ARG EMARER, g—KET 1.2, ARDMHHEPATFES
& n e
4) CIDEr

CIDEr /& BEUERR TR A MVEM bR, B2 @l X B4 n JCH AT Term
Frequency Inverse Document Frequency (TF-IDF)ACEE 5, e fir & UG R I —
HEM . CIDEr A& n o4 # V5 TF-IDF BUE

0. (s,) = h(s) log

ZV\I'EQ

[
leelmin(l,zqhk(qu))} (2.23)

H QA n e iiEER, | REEET I aRGNES. A5G
M E R n sl w 8 TR, A 2 IDF K5 w, B9
AR WEWL R, Wi —28 n JuAS S B BLERIR BRI S Hhri
TF X FIX48 n o424 1w OB, 17 IDF DRI AR Lo A5 BT il i A o
AOHH IR n JCHRIBCE . Bt U, IDF $RAt 1 — Ml & o B 2E R s
2, XU ISLEEE B H L, AR TR S B AT 2 RS B ) B 4]
I EZEST

IDF {50750 : 0 T OB P G EE |, o By SRR,
XL EHR R AT E — MR T L T n oo w FEHR, SR)5 B IS BOR
o STy n 8 n Je4lH) CIDEr-n 73 8O i A PEAN ) TS5 4] 7 2 1]
ISP AR R S, PR BE AT A [ R 2 | LA
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1 gn(ci)‘gn(sij)

CIDEF, (¢.S,)==2] 0" (¢ )0 (s )]

m=j
Hrp, " (c) g, () R FE, XREETA KN n #n oo

(2.24)

A,

9" (c,)| R FIRMIAAN . T Q" (s ) HITEBAL. KM n JCALR R
BRI E E BE B R AFRKER n CHME T E T
CIDEr (c,S;) = ZN:WnCIDErn (c.S:) (2.25)
M BLEU —#f, MEw =1/N,N =48 AN

ACEE ST ST A E DRI A P R ek 3 P B
TP 77

2.7 KRB

ARFEMNANATTHVELIAN 28 T AT SR FRIERIA . 1B 5 R AL. K
GRR AR HbrR I B SEAVPL 7. ARSI TARARE AR X
SO SRR BRI, BRSEIZAN R 2 AE & A A RARME S VRN 4
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£ 38 ETRHRBERFEXENEGHER

PR AV B hitiid e N T8 BE U A IE BT SN BT B 281 5 b
BRI —ADEEABE TR . 5B R 5 B RN R RTTEARE, AR
T PR PR R A8 DX A N = R B Rt R 5 k. B e B Al
TiFERA s X3 SRS IZR RNN 15 518 DL o) 4 R MR ARy i A1) 2
[ IR R 2R s e AR AR B bR XA T = B fi iR A2 s 0 #r . i
Bt K5 VR RE g 0t B P (R A At X 22 S AN R XSS R g, X s ifiid By
AEMBINARIERE T B S EVEANTE UG R . SEIR VPSSR 7 s kA
Ak

31 5%

K& & HE XN, A BRES B sl BRKR FEZE NS - —
P BRI AT 5 o UG IR — 77 T Rz AE A bR AL B AR SGIE SRR IE DL 4
BRSS9 —TJ7 1, A NS AT 8 2 A oG R P 2 DUBE S B e 0T 1R
W HUFENALE SR A% G EHR - B E AR IR RIS A EL, UGS R A
MRASERG T B, EHFERKIXEHRNEME. 3iE. 1785, RA
XTSRRI AR EAR (Y HARE S (NTEE) RiBHORk. XERERR
TR ERAL,  BUERIRIE T E A & TS S R AR BT ) A

A SR PG R AT 1 K5 4 T /199, 40,42, 520 B Sy g U 1 N 53R 08
M2 T G A S ES SR, BRI MEWTE K . Kapathy AT Lil*!
FEH A Z A RNN LAY BENS Jybn it MR X S A s RE BB n], anfs] 3.1 g
— @B G~ “large white statue”. “building”. “man in suit” %5, REELE
X IRIAHE T 2E R . % G4 14 (Dense Captioning)t™" 58hidt — 25 Jy (1 Bl Ul i X 35
(eI tE A i Jmy B A ek, &l 3.1 v R BRI “roof of a building
“large green trees”. “elephant is standing” %, &%t H sh4 K X K RIE,
S, B 3.1 i —iE BRI AR R T s e X ik
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- persan is taking pictures
large white statue

building
front atm

man wearing a black shirt
red shirt on a man jelephant is standing
elephant is brown
i ?

large green
trees

roof of a
building

§ front building
subway
guitar

red white crane

trunk of an [

elephant green trees

red umbrella in the
== Jroup people are walking background

people walking rocks on V4
street the ground =

[ bicycle ? : fl _legofan

- man in suit ball is |~ elephant

man in plaid shirt plays accordion white w |
man playing musical instrument ¥
band is playing music ground is leg of an
man in black shirt jeans pants visible 2 S i - elephant
man in black shirt is standing 2 i shadow on

ground is brown elephant is standing the ground

B 3.1 BFLIE /IR

RS R IE BARE T AR IR S S, (HAE I A BE AL T R
SRR TR IRIRR AT E X . AT T MR R ri%, il
o H I 4 R R AR R X JRy A A X HEAT 1 SCRIE, DASRCRM I (5 41 R 40
A R ERTE SRR A, SRR 3.2 fros.

GT: A child holding a flowered umbrella and petting a yak.
F: (33.33) a group of people riding on the back of a brown horse.

R: (63.64) a man and a woman
standing next to a large elephant

R: (50.00) a group of cows
standing in a field.

GT: A woman eating vegetables in front of a stove.
F: (62.50) a woman is holding a plate of food

R: (33.33) a white plate with a piece R (62-50)_ a woman is eating a
of cake on top of it piece of pizza

B 3.2 A% TR HERTH

Kl 3.2 # GT (ground truth)fR& JEkRIEE ), F (Full description)f& 4R
KRG REALE R, R (Region) QX RLL €0 B ARTAHE Py EMG I R 3BHiA, 55 %
73R BLEU 1(1-gram)iB ) vFor. ATLAE H, A E )RR 45 5 Lh 25 44
B (B 3.1)H N7k, HEMEI T eRAA T IRRMATRE . MR
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FALE, Rl ] ISR AL 4y i BB A AE B, Horp—seaiiRie a5 4L
2 0 ESEARVEE A A LS I IER RIS o AFN R4 R A Ok R I
FEPR AT ARIL AR IVERLERE, oyt — B TARIT N T R A7 AR

3.2 EEfEt
ARZREHT — MR A TR REEE BB NE, WK 3.3 .

Prediction regions

Region optimization:
max W*X

Full image description:
two people are in a canoe on a lake

-D feature ] [ 4096-D feature J

RNN RNN J/

Region based description:

1. aman in a yellow kayak is paddling through a river

2. aboy in a blue shirt is sitting on a rock wall

3. aman in a blue shirt is sitting on a wooden bench

4. a woman in a bathing suit is sitting on a boat with a
white and black dog

Region based description :

a man in a yellow kayak
is paddling through a
river

B 3.3 BT XK R EGHRER

B, R H AR 7% R-CNNESR A B H bR 1 B IX 8, R I 2R
CNN #5558 VGGNetRIZEUEE N XML AFAE s 2805, TE4 )R MG R | sk
PRvETEA) B YIZE RNNIESE SRR ffim, A RR AU H AR X 3347 o) s
BRAER. FI4h, REILIRM T —Fh KSR T E R A H AR X AT

AR, AT AR E G R .
321 B#re&l

H ARSI 2 v SRR S50 A T G B g 1) 22 AT 5% - 36 T~ R-CNINDEIfRy 7
VST BRSNS, AR OR R T ARSI AR . e
FE 1444 2% (Selective Search)M 24k £k H bR 11, SR J5XF 2000 /N 72 45 (1T AE
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XA HL CNN RFEEAT H ARSI T, 555 R P AR O AR # J7 3E 4T H AR
. AFRFA R-CNN HEHAT B AR X 3 A 5

FEAR T, AR S 200 A HARSEHIH ILSVRC2014 H Fris il Hk i ticdE
B FUNZRIRILE R-CNN BB HEAT H AR I A s MR X 3. 1T H AR
X IR EE B T R E B 4y, R, TR e X R R R &
X HA RS EER,

3.2.2 Xtk
AR R-CNN ZEONILTE I H ARSI 775, (H'E A RELRUESE T Bb i) 5 5B

WAETE AN EER . —J7m, RAIRTRER S SRR H AR, Ui, B
192 LB A F b, S F s DXt /N K B8 U AR AT e e 25 B8 il
FEARAN AR IR BUR

N TP Te RN XIS KRR, IR ER SR S doe DJE iR ot 2y i i ) i 3
B X =X, %y X, X, 3 W IXIBEFE AT DU i Ho x AR XU,

X ARERA R DAL E, % AR BRI, x AURHMIRE ).

WP BEAR IR XIS PR (R R ARSI LR S], RSFBORH
S G R 1Y) s XA PR R R R I R o 3R RSP Bt S 5
Wy, BFR. ST EE T AR B AR XS R B R N A I 3 2
Gy, ATBVAREREG. 55h N 3. KR, SHSE RS AES
i E R S P B S HARER I, 2 T X3 b S0 5 3K A 2 I B 18 o X sk
R E

EXW ={w,, Wy, Wy, W AR S H, U DX IACAL I AR o8 i m] 3R 0 -

Y =max(W = X) (3.2
Horp Y B R HR P2 WZ3RISHUE W 5, W nT R 3E B
PRIX IR DY bR fEREAT S A1 3%

3.2.3 FEbEik
HT T S N A SR AR ) LSRR TR R AR A R HAE BRI ) A A 7R
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WA AR TE S AR,
1) EEERERIZ

T4 R P % B0 CNIN RFAE AT ARV B A T A 3547 RNN 5 S AR I 45
HHRAXFRIES S 2.3 TAFME, HAXtF RNN &SR, AR A
& LSTM.

2) JEEBiIAE AY
25 HFR X4 R, 283 CNN FFEFEEL, AT maRHE v, Jadffid A4
RO RN T -
X, =W,v,t =0
Xl :\NexSO’t :1
h =LSTM (h ,,x),t>1 (3.2)

Yoo Py oc exp(W ) t>1
g =We, ¥y, 121

AL 2.3 T AAME, y BRI, S &5 A €07 {5 R .

25 5€ FASRIN TN K 24> B AR XISl v, 18 S AR 2 A2 s ME 4],
HUSTEEMEGNE, WA 3.2 Pror, wEEEx YA HbsX 4L T 44
JE BRI TE R o 4 A DXISAIE A 7 v 0 A i P B H — A eIt DX AT 34 St
®, WA 3.3 fw, XERPUede th 1 et X S il SR . S5 2R MR £E S8
B8y r V4 ] 3

33 LWINESERISH

KR EZELEFHAHAEE Flickr8KIPURT MS COCOM |4 BT #2 th 1 5 ¥
Flickr8k K H /A Hk1) 43 77 vE MO 3E47- )11 25k (6000 1) 56:3iE (1000 1) A1l (1000
M) e X T MS COCO ##hs, A% & AL AN Zh &4k BEALIZE X 10000 i K15
BEATIZE (8000 MR I&iE (1000 ME) FHMlEK (1000 ME). PHANEE£R 1 HE
wIEL, EEATWEAT EEAN RIS ERRI

AT SR FH UG R S8k f i FH 1 P A v BLEUMMOLEEA AR RSV, SR
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4 ANPPhfEdS, IR B@n (n={1,2,3,4})3K n-gram BLEU, AHSCTF4IA 41 0.2
2 BN FRAER
331 RESHIRE

REERHEHMET CNN-RNN A 57500 52, 25 S HEE .
CNN WM 16 ZER M4 EA VGGNet®, RNN #A1IRA LSTM, H
BN 2 B RV 2 PR A O S 50 4 P v 8 9 256 o 5 Y (VI BEATLISE B B (SGD)
D7 VA% B & N 2 ) R RMSProplt*l, 22 3] R IFIA N 1e-3(Flickr8K)Ek 4e-4
(MS COCO), HIENZEIREIEI 10 K5 FEME—F . S50 beam_size IRHEEL
EHIXEN 5.

EAVRHES DI 75 Z O IRVER,  HBH & 7 I ZRiE &) i B T K

B, BRI AR RRRNC A IR R L A AR R AT A 2R LA
PN 2R v Be, AN KK E R E N 16, KT IE BT,

3.3.2 LIGZER

% 3.1 K Flickr8k 1 MS COCO %34 b [ 1Fil 45

# 3.1 BLEU TRMIZ; 52 (%)

AL Flickr8k MS COCO

PHllbRE B@1 B@2 B@3 B@4 B@1 B@2 B@3 B@4

FD 51.99 30.71 13.60 597 57.27 36.19 17.60 7.88
RD-mean 46.68 2532 10.23 4.07 50.62 27.49 10.75 4.62
RD-max 5259 3220 15.08 6.27 59.30 38.54 18.82 8.98
FD+RD 62.21 4276 23.93 11.31 64.00 4457 24.88 12.55

RD-o  48.08 27.12 11.37 4.60 5390 31.62 13.58 6.01
FD+RD-o 60.36 40.58 21.68 10.68 61.36 41.35 21.48 10.32

ZIKEAEP E *T}%' HIH:EEI *D%E*Eﬁ 7KFH H—‘/\ CNN-RNN 1|:| ):(*%ﬁua JH:%
3.1 AT 45 RARGR FIFE AR Y R AN RPN o BT S Sy 1 ) 2 B AR il
o T H TR 3 X300 5 WA fhR bR, FLAT A I E B S 2 TR R
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53 E BT E H AR X K G ik

PR IPRERR TE ) o X T HARX IR U, AR B PR AR Fi ik R Al R
HE IR —A AT B, I RINGREER R B eAriEfliagk, )= &R A
Yo 2 B INAERF . R AR ) 35 S hm R 1B R SRV A R B R G B TR R 24
BIX IS 5e B EUR R TE R R o W T REMR MR, AR X ISR G AE AT DA
JREA RFE, PRI R E2AH,  H TS B U 7 DL A A
—MIF R TR A BUSE . OB R

# 3.1 # FD(Full Description) 2 2 T %1 15 1) CNIN ARFAE A= B 1) 4 e ffi ik
458 . RD (Region Description) A8 2 T EUZ X3 CNN HFFAIEAE B J5 S 4R
RD-mean %75 Jmy #A I PEAL 70 2003918, I B RD-max 2 7E 1 £ f 15 =) 8
FR I IR KA. FD + RD Ron4: m G Rk AR itk i) 21 & s A AE
JRI IR B R AE RD-max FPEFIN 4SS R e T4 jy Rt IE FD, X RS £E R Y
TR, T B AR R B R R 2 A e ), R B IR AT LLOL T4 Rl
R, I HAS 2 E RIS S S . FD+RD T H AR &5, R4 RA
JRy B A IR AT L HOA RN A

N T ERATR B XA TR A R, R 3.1 R 7RSS
AP o Horh RD-0 & K H IX SR AL I i3k 56— XS i 45 2R - FD+RD-o0
o R G SIE S XA A & . FTRAE H, XU VE4 R RD-o
/-1 RD-mean #1 FD Z [A], 1X 3B XEARA I 1 IX Ik m 3k 31 17 ik [X 32
R, 2 REME AT DA AR B Xk R IA . [EARE R, T ik
AHREZE AR EIR, ETIXERRAR ] Re 2 AR Z R . FD+RD-0 5K
DL AEVERE . XA R AN, BRMNRR T 2 RFRH ARG
—EREE BB HAMER

333 EMSH

PR ) A IR P T SOM & R H AR 22 1) ) 9 2R A AT B B i S PR P (R 4
A2 LA A ARG s ERIE, RIERARA S, X HARZEAT RIS H AR X sk
BEAT F 3 DUV S F A0 15 2 A A T F2 3 IR = A1 SURFE -

AT DR RE NS N BRIE BB AL B LA R IR TE R, XL AR RE S H S

FEREAE, WK 3.2 fK 3.4 Fr. B 3.4 9 GT. F Z/F5FKE 3.2 #[H.
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M 3.2 ] IR, XL Ry iR 2 B HARH BARAL Y, Hrp AR [E
XIS BT 58 AN R R . — 28 Jy A v] LLog il P B IR R N &, filtn
K] 3.2 digg A7 EIME ) “a woman is eating a piece of pizza”, X A& Ry
) H AR ILAERE T4 REE T A AGRIERTEE . — SRR aS EEH
TE R, s —1T ML+ “a group of cows standing in a field” F155 5k
K5 “a white plate with a piece of cake on top of it”, X /& EH iR #L 2
HSAREE A P AR LR . 4R, KRR T RE SRR RIL,
W —17 B & K “aman and a woman standing next to a large elephant” % 3= %
HAR BN W 0 1 R, IR SeA R AE J) BT 8 38 v 2 AN PTBES

GT: A man and a baby are in a yellow kayak on water
F: (66 67) two people are in a canoe on a lake

(29.41) a woman in a bathing suit  (50.00) a man in a blue shlrt is
is sitting on a boat with a dog 51ttmg on a wooden bench

(50.00) a boy in a blue shirt is (63.64) aman in a yellow kayak
sitting on a rock wall is paddling through a river

3.4 REpR B

3.4 H IR B R R AR 45 BB 4 R AR 45 RERR, ARIL T AR I Y
ANFTEER — 1, (HATNKE, mERiEa)h &G 7 2miid b A EER
EXER, W “man”. “boy”. “blue”. “yellow”. “river” %%, XLL4Ti(E R
X T DUJE E— 25 B8 S ) A2 802 = SO B FE .
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3.4 AKEZE
REHE T — MO EG BRI R FE R0, RH = NREWE
W £ AR A B H AR XIB(R-CNIN) - S BURFIE (VG G) I A s i 14: 15 4] (RNN),
f£ Flickr8k 1 MS COCO ##i4E FEGIE T 1% 7 ik A &t . BT DX ey R 45 4
R PLAEAR KFEE b7 7 R B BRI N2, e th i XU A 7772 7] DL
PG £ B I 1 DX T HL S 4 o) B R AR AH A I HR HOR SR |
4 Joy MG R 5 4 7 AR ) b R S IR 2 T2 W DA RN, 17 R R A A
B IS AL AR E T AE A B R, XL R IR T AR IAT IR J=) 6
B SR BN )RR A 2
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£ 48 ETRHRIEHERABNEGH#HIR

LSRR T CNN-RNN (¥ G R RSETY Z08 1 4 =) I S AR A 14 )= BR A4 DA 2
WU 5 2 (B A RS 28R . N T X BE ) j, AR E 5 T — Mo R
VB SRR AE 2 0 J7 v DA B A0 v 0k, I IR I T F N L (Element
Embedding LSTM, EE-LSTM)Ki# 4T BUR IR TE T . B, A Bt
TIFERIT EE b H AR BT AE R X3, I S o R F R A5 2R R Dy T 6 [X I A
JEREBHEAR : SRS, P X R R AR ) R SAE SRS 3 () AR A S
RAE, IZRFE—EFEE _EORAN 1 R0 UG ANTE SCtiA 2 IR RS 225 BJa
¥ CNN RFE 518 SURFHESE S BT Hi 1F) EE-LSTM A5 AL o DUTUI £ 28 P01 5 Hii
B EAFEEIEE RS R, AR NE R TG R TE, IF
HE&AT Rk, w7 LLR G5 v A A 5 & DL S I BE A ER A PR R

41 518

H B B H WOy A 8 SIS 5 R AT 2 A i BUR B AR, IEFRE R
AHBRE S E K. WSEAESHIMAER, KGR N RE #ER R IA EHR
BRI SUE R, AMUTFHEM RGP EZE AR, ARRE Hir, LAk
WHARREEE 178 KRS, REXEERCEUARESHIEREDH K.
i 4.1 Frox, ZEGR#EE AR EE N B iR(dog). dFE 2 Hr(chair). J&E
(brown. white)f117 Jy(standing), % HIHAEETES)A “two small brown and white
dogs standing beside some white chairs”. MSZEL 7 V5 ERE, I F R UG H
IR AT F A T L4952 801K 22 #EAE BT CNN-RNN 775 R HEAT S N 25 15
XARG B 4.1 hRBROETSGERI R, H5%RA CNN BT AL R TR
B, 2805 RNN i 5 AR A Bfiid i55), e CNIN AT RNIN AT LR HTAS [T
HEZE 45K . Kapathy A1 Lil*UE VGGNet™A1 RNN 45 &2 K H T8 5 A1 45
Vinyals %P2 GoogLeNetPIEATHREFREL, F4#1H RNN 1748k LSTMECR 3
ITHEF AR BT CNN SRR SE I K B8 ) MR X 28 1) i B AL, T
CNN-RNN 5725 R HHES] 1 EIG d i ST A fe
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Representation gap Visual-semantic gap

—_——e—ee—— e, e— e ee— e ee— e, —_t— — ———————— e ————————

Ground truth: two
small brown and white
dogs standing beside
some white chairs
CNN-RNN: a dog runs
through the grass
> Ours: two dogs play in
feature the grass

local captions | Semantic
of objects

— CNN-RNN pipeline Visual space Semantic space
—_— Limitations }k ‘q
E— Ours bridge —

4.1 EF CNN-RNN B AEFER REREAE T/ EREE

F£T CNN-RNN 77V A R 2 Ak 2 HACR 42 R i) CNN RHIEREAT i 5
BN LR, T8A 75 84 R A0 AR 10 B 1] DA SRR 5 G 35 245 ) 2 TB) R A S 22
T 4.1 L LT ). CNN IR A U AT DU F 2 Rl sE AR
%%, {EFIIZR) CNN AL G 7 IG5 4 ImageNetBY 45 i
) FRE G R R E T Bbs, BIanE 4.1 9/ “dog”, 12N T HABAN TS
Bo BEAL, BRI 7 18] 5 5 A8 ) I S5 B) 2 8] RS 22 3 LRI X
PERTATeI R T RNN 8 S AR R MERE . i 4.1 Fos, 2T CNN-RNN
()5 1345 BCEE ) “a dog runs through the grass” JoiEHiR BIG () BT A B 345 Y
GE, WEAEEEE HAR i “chairs”, MFEHAREIE “two”. “brown”. “white”.
“standing” % .

TR W FH BT RS 13057 5900 ds SR SR % 2] . Bk
15, Cho ZIOVRT Xu Z5E0ME I 25 & W ot vk BALHEA A “B )7 SR E
R T AR AL Chen 5B AN = BB R 5| N 23 (MBI = ), A
L b PR AR R T R A FIAE T L . Lu SR T R A B S
X VE R, LR E (T I OB 5 15 5 DA ST I RS S AR A . AL E
JIREA R REALE B NBNE SHAT, SEEl TR AR AR ST
X UG R U ) A RS 1R BBV E T . (H, XEETTIRANE T BT
BB R

Jia 460520385 WL PGk 22 4 e R S L A I A SRR RNN 35
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SEABATIR S . Wu SRR — M@ METNE 5N CNN-RNN fifiiRHESE, &
JEE U AR N BRRIA DR T IR M BE . Yao 2581021 1 7 &
(Attribute) ] LSTM 1A R 45#)(LSTM-A), #4752 E (5 251 A F] CNN-RNN HE
28, Neo IR FY 1 S i J R AU A B R AIE 5 A8 B G IR 10 B 22 I 2%
IR R B M S A 45 A . Gan PRI T — Fh i A A W 4% (Semantic
Compositional Networks, SCN)KA ZCH LG AR 28 SCA ) 5N E SCAH Al S 3
w o ZLETTVEA RO T EEIE UE R, BRAE R S RS 2 T
JR AL BEAE o
HUARWTEANE, ARFHRHE P3RS HE E BTk, Jrdd
T TR R AR (Element Embedding LSTM, EE-LSTM)R 2 THE = 4= Btk g .
PG IR 2 L H AR A O . s — AN 8] B I ARe 1 5 M (35 U RIE .
Lebret Z-MSIfTiR, st oG C R A A wRE (HAR) KR, /i fz) i
TR EH TR AR B B AR 2 MRS BAS R, fEARE S, Fra X seffig
W IR, Bl 2SR B AR RO Ot R . T TR 3R
B, AR b — 5 AR b R B IR 1 25 SR AT B R T RO a8, X L B R 5 T
B SOCRFFEA . KZHOE SOGR ML T BFRM, BIEATAT ALE 538 X 4k
N e AR . AR XA iR IR BT 2 i B e R, e 4.2 foR.

Region: a dog runs through the water Region: a dog swims in the water

GT: a grey dog chasing a brown dog in shallow water GT: a white dog runs past another dog
Full: two dogs play in the snow. Full: a dog runs through the grass
Ours: two dogs play in the water Ours: two dogs play in the grass

GT: a family riding on the
back of an clephant across a
field.

Full: a man riding a horse on
a beach

= Ours: a group of people
riding on top of an elephant

B 4.2 ZRAFEIMHEIR KRB
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HH GT (ground truth)fRE L SLARE, Full (Full description) 4 Rk,
Region A N.AL 4 HARIAAER JmEfdiid . Kl 4.2 Jm#ffhidd “dog”. “play”.
“water”, “elephant” SEHNAMGE LtER, SEA T AESSHNEMIG, HAE
AT I R AR IR T “elephant” Jy4 e dtiA A M EAE TR, HoARERE 10
“of 7. “skateboard”. “bench” 51BN AEAMREIE XL, NEHIELITHR

(BEFTITER Do

A TR CNN AR5 15 SO AR AR B2 1 1 EE-LSTM B rhidt AT
EE RO Bk, 85I NTE ORI ARSI A 242 H Y ]
BHRTTIE. H %, FETERBATERPRENZ— D FAN CNN-RNN A5,
i 41 RO R ARG, RREIE E GO A BRI 524 B R X A
X8 Jey i X AL R 1 UE B (IEIAE A SCER 3 B A1 Zhang S MeIpiTift 5o i
WIS R TS5 2K, X H s KIHEAT Jm f ik 3745 H bR i = 61 U= 2
AR SCRFAE, B 4.1 thag i kR, ZREEE T AR o R g {E
XA G AR I 5] — NG IR, X R SRS SCRMER 9 [ BIRR
WBRETT; B K CNN RHIEANE SURFE IR A 2 EE-LSTM A58 vt 47 3 5 A
WM. EE-LSTM ELAES LSTM £ T HAMIE SR IERI N, RIER A
BN SOy AR AT R ERAE B BRI BT RR AR B, SR 1A G AT

B AR Z A ZE0E, SEEL T R R RERAR T, € BVTEAIE R T OHA R

4.2 BMTTRERBRNEE

ESOTRIRASE A G A JTURERIZHE (8 43 K EEHp) A
TERERIA (B 43 BEED. 58— #8702 M CNN AT LSTM Il ZRFEHE KR 1
IR, HIT P R G A b X PR R . X S X ek iy H ARG
JiiFA R, TEAR T R Faster R-CNNMEIEAT BRI . 753815 24N R ik fi
RIR ARG, BT IR 7 F s A, FRZNTcER (Elements). R4
F Fm s P TR AR A0 Te 3R A BEAT AL, DAUEBR A S 45 Bk i o 5 AR {5
B Bt &S B4 B Bag of Words (BoW)EHIE, %18 AFAEAT CNN 45
fiE— RS 5E H ) EE-LSTM LR bl R IF45 31 e 24 R AR
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1. Element Information Discovery

Baseline model Valid Noisy
) elements elements
CNN LSTM N Full image description:
a dog sitting on a bench in a park e
. £ ¢ P / dog  bench Dbike
* person water
roa back

Region descriptions: man
a photo of a person holding a dog sitting  on e
aman is sitting on a motorcycle with a dog oo DOtOICYCle

a person is sitting on a motorcycle on a road
a dog is sitting on the back of a motorcycle

aman riding a bike in the water !
Element
Predicted categories: person, bench, dog preprocessing

¥

dog  pench Dike
: water
| person back
SHINE —on - potareycle

Final description:
a dog sitting on a bench next to a man

Element feature Weighted elements

43 BRBEBAER: & TR E B MARAEE

421 TRERZHE

K 43 1 BRI R, 3R T —FoTRAE B T VE R SREUR R X
55 XA 3 T AR TAESREL,  XRITET B R A I H b A
B, XEGERIE. NASHOLE AR . B XOtREBIZEa s 7 AEERE
GAIREEA . HAR XA S R4 R BRI X 3 53

1) Eof Eg R SR

P M0 PR ONIN AL FBREE RO R B AJ3E AT RNIN 38 2 BRI 5. %
ORI SO 2 T 2.3 TIRIACCES 3 T 3.2 10 E R M B ], (145 H A
MBHE L, AERERA.

2) BRRXEERL

N T RBE G5 AR, R B ARl SRR A T e e H
PREGIAHE, N2 e i SCAE RSUSE S« A S A8 H sl J7v% Faster R-CNN- 35t
HCH BRI AL B bR X e o T R A 2 DA E Ay L 78 SCGRIK, BRI
ARAT R A AR X ik B R R A R R L Oy 1 PRRE AR XA 2L
PE, I B ARBCR AN E A BRAE AT vk, R SGH A LR A
) H b DXk A R0 X 3
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a) BAEIE: ik HARIRI 73 B TR T a;
b) 22 FEbb: ik B An X I8N 352 H bR X 382 18] 1) 22 3 L (Intersection over
Union, loU) ANfgRT b;
C) K/IN: Bk HARIIHE 1) 55 BT i B2 23 AN T n M ER
a. b Al n WEELKIEE Bl s . FIAH ImageNet ZdE4E F A 45
¥ 16 J2 VGGNet ke H B R 18 5 LU A R4 H AR X I ML S8 RFAE

3) EEFEB/mE KA
I 2 B P G RSB AR DR, R A4 i A L
X, =W,v,t =0
X =Wy S, t =1
h =LSTM(h ;%) t>1 (4.1)
Yir Py o€ exp(\thht),t >1
Xeog =W, ¥, 121

Hv oyl 4R CNN RFIE, y, AR, 4t 45 90A “07 I

AT . AHSCSHOS AN ER 3 & 3.2 Al

XPERIE IS, RRBLRERS A il S IR AN 2 A SR R R, A 3 AL
PERL, XBIE T INEM WA AN K& RS RfEVEREH s, H
e N Ja T Ak — 20 AR 2

4.22 TEMFFEERAN
BT b/ AR IAE R, REUTERRF A BANE SCRAIE IR A
I3 AT BB RIS ATE 5 R R 25

1) TEFFEER
T AR A 2 mA A S FEEREE . AR HARAUAE T H D,
JR AR B S, T HLIEAE T8 JR 0 AR S ok Bt R R i o R,
2 R R AE S, BAERM 2 AN ER), BEAT 50 BT HOR RS B bRiE
XTtE . BNMTOEREGMMUEE T HbR, EHNE. B CREA LA
B AT, I “dog”. “white”. “swimming”. “a”. “is” %%,
T nRES, KA BoW X mERES elments BTGB 7 B A, 2T
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ERTCERRFIE e TR AYERE S8R 1 ER R & A RN TR, RIZRFAEAN

R EA IR MBSO JTERFIE e B AHY:

e = BoW (elements) (4.2

HrheeR™, n AJGERES elments (1135 L 2% [H BT AN EL

H T R ) 2 ME R TR R e i, SBUTERES PRI
AHEEUG AR, BB AFAERIE Ot MIEITR, St
BRI GRr AEeE TP N 7R TR, A H AR RS
HFRZEA, X 3RS SOT R AT 8Os FAC B, Jdad o H A5 7o A E Skt
A7 P A

HI T oo R AR AE B i M & B AR EAREE S, a0 B AR AR
F AR “person”, EJCETN “man, woman” 25, IR EUE H RS C
WAL, I e 5 B B AR AL TG 2%, Bl Bks “person” MRS A “man”, “vehicle” Mt
N “car”. W T ICEAN HERE A B B ARE, AT LU Gensim B8l iR ) & T

BT BTl B B Ashe 2605 k 380 C ={c,,c,,---, ¢}, THNITHRE

FEENDRIAW ={w, W, W}, JCERFFIETAEE R AN

e(w) =1 if similarity(c, w) > th 4.3)

HrhceC, weW . ZAHE XS BHAREMAHPAR i w R T AL
“17. BIME th 7ESE56 PR IE 2505 7€ o

TR AT J5 HE SO RALE AR LB 4.4 FioR, A bR b 1) B ]
Al TR RIS R RIS I E TR . B HAE B, 5 B AR IS )
“person, bench, dog” AHAAHI G2 H B L] “person”. “man”. “bench”. “dog”
HHR T T RBIRE “17, HAA A BIonE, W “a”, “sitting”s “on”. “road”
AR ITCRI— . 1% “motorcycle” F1 “water” IXFEfIME R G RATIIRAFLE,
EREBE, SN TTRFETTRECD . [EAE RN, A 5 B2 [H]
o, H AR “ person” 1] LA R — 40 B, L “ person, man, woman, child, boy,
girl” 5. 7EE 4.4 PRGlTd, BRI “person” AWML Fxf B B TR
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ZE[E] ) “person, man”, FEAR T RHERRGS OB . Eid u R ALEE, JURFHIE
FF I T EUGH IE UG B .

1
0.9
0.8
0.7

pérson, mﬁai dog

0.6
0.5
0.4
0.3

0.2

0.1

0__Il-l-..._.-l__l_-_ s S
&

8 .S & & g & & & N » & & & O 3, N 4\~ & B S ,,5 J». R S
& & & & X s LS P Z <~ & 3F & §7 S Hv < P e S <
& & &F & F & TF Ve & & YV @ FF T

e
R

®mweights of elements mweights of elements after preprocessing

& 4.4 TESE KT

2) TRESHRA

N T RAERAE SCRERIE, AR EE-LSTM BRLBEAT I SURMIEIK
ANFNEG AR A . EE-LSTM A\ EL & R4 R s ER, HA
A 4.5 Fros:

.| word prediction

softmax

m, —
~ I
L m;
f‘df\ forget
' AN O ) orge |
I [ ~~—output gatet | | w
: | gate f v —-.\\4'- Y ;,,-"-\\‘ 1.1 |
| (c) (@—ck |
N : N |
Wer [ input g S 0\ [
A L/ Neatei c \ [
= O ) | ‘
/ ""‘| N | |
[ 8 L
[ h ). EE-LSTM
I‘ | |,,,,,,;T_r ,,,,,,
| My —
S L L
oS T,
CNN ,f Xo element feature

Bag of words

rich descriptions ——

B 4.5EE-LSTM ##l
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L\\

N SLYSR

\

N

it = O-(\Nixxt +Wimmt—l +Wiee)
f, =oWeX +Wg,m_, + W e)
Ot = O-(\Noxxt +Wommt—1 +W0ee)

) (4.4)
C = ft®ct—l + It®h(\chXt +Wcmmt—1 +che)
m, = 0,0c,
pt+l = exp(mt)

Hrpx, A3 CNN FF1E, B&2RMEEE, e REITCERHE, B5 RHE
MAER, HAFME4EER LSTM RHESS 8] — 3, F+5 58 RIEH . HAhSHE
2 TR LSTM AR 23-57 SRR TA] o BT 45 2R BB BURE 48 LSTM — 28, A EERIR
PEIR I G5 BULSR AN -

L(x,e)=—-)_log p(s|x.&0) (4.5)

FETCRFHEA RIBREIHIEDL T, 0K R EL L(x, e) B T 11 5 B8 )
PRRBREL, AR 4.3 DS HTIIE.
4.2.3 FtEEEE VE-LSTM

N7 AT B, SR T R R AR R AN VE-LSTM  (Visual
Embedding LSTM). £ VE-LSTM w1, EEHEHUTE BARKIBFRER R, A
J i I T AR AN E AR S KB K 07 KRG I XSERF A, 5 i 8 B4) R R o
fEFH AT EE-LSTM T35 ST B FHIE FIFE I T E RS LSTM Ho BRAEHE LT,
B I 5 B DX SRR 2 S R4 5 15 B o 7 SEI6 N DAL JR 30 SURFE RN
77T b, DA R RS ST 3 1A 80

4.3 LWBIERLER T

AR SRR R IR A R SRS VA A FETR Y T R IR T e
BTt (1 528 A Torch7D47se i, JF HYE B i7 3.2GHz CPU, 32GB RAM Al
K40 GPU Hk 55 as LEAT I

REFAE A AR B VP A B SR R Flickrgk!?, Flickr30k!t*
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A1 MS COCOM, RS H 2 % 2.5 W HHREM /- A GAHE, KA &
Bl gr. BoiE . MR ARENE A Lkl o o7kl =Rl 4R #0 sl 2R,
B E R LS .

K B SV AR AT P4, VR ARAE I VEQE IR WLEE 2 7 2.6 5.
ffH B@n, M, C, R K/ #1t% n-gram BLEU, METEOR, CIDEr, ROUGE_L.

431 RESHIZE

FUERAL LSTM SR F048, 28 A e A B IR 4 sk A . L4
N2 B BEZ ) CNINREAE, B0 H 2 AH B (1938 ) o B N 1T CNINARRAIE /2 7F ImageNet
HE4E EHIZRE 16 /2 VGGNet 48 R 2B . Xt TR g, ki
— YRR CNN REAE, T H A AR i N S bR i 15 ) 1) B

B F S SRR A TAENS 2 R R BT E . LSTM REAL N ST
UEFE VB NG —{H 512, BFEHGIG AN CNN RHEGR DA/, RNN % 24
FE CRINZ, BRI HE) . UK IR RIS KN . 2 S R a6 N
4e-4(MS COCO)=k, 1e-3(Flickr8k, Flickr30k), F Il % ¥ 1548 10 IR G B
—¥, MR ARIRBON I ZREE S R AN B0 50 15 . #R2R 2% I 2RI 1 BE BT
N % (SGD) 5 i F 1 3E B 5 ) % RMSProplt4l, 2% beam_size A&
T T (R4 22 o). B b, TE Y beam_size 2K EAFHIMERE, (H
[l 2 P ORI B T R, — Mot B oy 7091, 100995k 2007, A EARAES
W E N 5.

FEBIEAAIC R, EFINGAE A BT LRI . R R IRk
/NN Flickr8k iy 2622, Flickr30k SA 5793, COCO A4 9565, A 4K tfid Aok
KREEVCE A 16, K RE I L AE FRRE 1 BY 32

B T 5 NFSMA TG RFFEAE N NS, EE-LSTM 15 5 A 25 K 230 B
5 LSTM AU IA . ST FFIEm i I 4E B2 08 512, B bR X S4& HUR G R RFE
A A AR SR BB AR Y 2 B [ €, b a= 0.6, b=05, n=50, th=0.5.
S REES], BiEEEE SR A 5 AN AR X .

PERXTEERERY, VE-LSTM S8k B #5 EE-LSTM #H[A.
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BT R

TSR IRA R B R A

43.2 SLIGZER

AT VRAL R A R 0 B IR NI ) S50 4
% 4.1 7R T Flickr8k, Flickr30k 1 MS COCO ##a4: s R
R T T AE ) JEvE LSTM AR 7

T8

CE

HIPUAT

AT A EE R, BRI T R R R

(114 J5) CNN RF1iF (VGGNet) fil 8 siihr i i A1) 4T )I1Z%R. FD (Full Description)#

AN T HEIE IR B CNN RPAEA: il i 4 =) G St ik
FonFET B IX IR CNN RFIE A= i Jo) s ik

R AL ERMRHRERER

*, RD (Region Description)

Himsg Flickr8k Flickr30k CoCco

it B@1 B@2 B@3 B@4 B@1 B@2 B@3 B@4 B@1 B@2 B@3 B@4
LSTM (FD) 557 372 237 153 570 377 246 160 639 450 304 205
LSTM (RD-mean) 50.7 302 187 116 500 307 196 111 569 380 234 165
LSTM (RD-max) 587 392 267 183 600 407 276 176 639 450 304 185
LSTM (FD+RD) 638 428 339 195 640 432 309 205 691 511 366 253
VE-LSTM 51.2 305 188 119 506 31.2 204 117 576 389 243 172
EE-LSTM+GT 87.4 740 592 46,6 901 720 551 414 935 805 665 538
EE-LSTM 59.8 408 275 184 592 391 257 17.0 675 498 364 269

FH T 5% FH A 3000 4R 1 S SRy 18 ) 2 B R R, A o0 T IX IR

IR bR, DR B A R DA #0225 1 2 e R AR R b A

JRERA,  TTEIN
B KB (max) FIEEAE

{E (mean).

X1 R
WAL, AR R B R RIS RV A IR 22, B B TR I B R X sk
Lo BB IR BRSOk R e X REIRER, RIS X SR UL HE AT AR i 2 4

AMEBEATRIEE, BIER 4.1 SRR N B

fE% 4.1 ', RD-mean 7k 1) 2 AN PPAG 70107 4{E, RD-max
eI PR AR R IR I B IR iR, FD + RD En a2 Jm Bl g filiid
AR T R B S ik
H RS HIRLHRE X
A LLE AR

HEBIE. REiiR i RK{E RD-max B2
HELFFERI TR, Ry
Z8. FD + RD Ti Hix 35

LIL T & R i,
A R AR R R L

R

N
_L

l:(

=3 4 1A 1)
FD =W

Iy SK
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B EE 3 B AL RARL. bR b, AR RIRR A S S 3 A,
X AE T AZ KA T 8k Faster R-CNN #H47 B AR . 56 2 I 25003
TR SRR E . X WAL T AR PR 7 T R R, A IR K
F T2 1]

4 JE R R B R A AL 2 B 2 m LU MR N A G RS R, AT UGS B
R EUE SURFAE, ATIOREN CNN RRAEf R R, IR45 205 47 1 R R IA P RE
# 4.1 1 EE-LSTM fs B LSTM FE8Y A R 0 R IESEA TR RLLAL,
KIPEREAE T LSTM (FD), EW] T A & J7 ik A Rtk

Je3 R AFAE R (VE-LSTM) )45 G5t LU JR 4 LSTM BRI B 3, X
WK S5 L W AR A R E — I E A RBIRTHE SR, B & - o0 o) &6
] g3 ROTE B A IR L - SRTT, EE-LSTM I B2 38 SURFIE IR A IR 7
V2, XA IR TR S AR LR A F B

YA T 4.2 50T, JTCER PR 2 B e 1 RN A1 — &5
1M B TR HR A e Wi, SEOEUGRESGPT AR MR, R
P18 (RD-mean) 3 A4 4 ) 5 48 (FD) ISR s EE-LSTM A 70 3y T ik i
A LSTM (FD), {HfX T # i@ KfH FD+RD, #AHL 7 Mmoo KM TH.
EE-LSTM+GT R BLAG bR & BEAT I SURRIE AR AT RN, il ST R AR A 2K
), seERtERE AR RS, #E— RN TR A EE-LSTM AR KR T4
6], PG A AT (1 Ak I 25 A0 50 4 1) 70 36 e v o B 118 S AL ) 7 T
o I ] AR A 1 AR 2 R T 3 TRA B ok I BE T BRRRAE, LA AR A 2
) b 288 0 4 R B 38 70 3R B 2 B, SRS S E AR AR AL B AR 1 A R T
Fo JLEOMH AR 2 TR A AR AL BT Gensim(®el 1] 1) & T HEAT 5, AR
FEwT 0.5 1A IRl RE 4 I T B8 v AR B I A4 BURT I T FRARFAE , S5 T SR 45 1
ER T Jo 3 A B A R
433 1REIXTEE

M EE-LSTM BEAUHST T H T AL il SUTR MR MERE R, Bk E R R
VA [F R S UER R AT 45 5 o B T n R T B 2 Ah, FTRAESR UK CNN
AR PRI 5 — AR R . AFRA VGGNett, ResNet!®IF12: i3 714
f¥) VGGNetFT SRIEBURFE, Hrh VGGNet Al ResNet /& 7F ImageNet ¥4 it
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5 4 BT REE SCRHMIE IR A B G A

TN, 1 VGGNetFT IZE MS COCO #fiiR ¥z 211481 | 3471k .

£ 4.2 7E MS COCO 4 b FIARI%T EE (%0)

L B@l B@2 B@3 B@4 M C R
NeuralTalk [ 62.5 450 321 230 195 - --
Google NIC P2 66.6 46.1 329 246 -- -- --
Soft-Attention [64 70.7 492 344 243 239 - --
Hard-Attention (64! 718 50.4 357 250 230 --
gLSTM [62 63.8 46.3 336 248 233 --
ATT (681 709 537 402 304 243 -- --
Adaptive €3 740 58.0 439 332 266 1085 --
SCN-LSTM [61]] 741 578 444 341 261 1041 --
LSTM-A [69] 730 565 429 325 251 986 53.8
LSTM (VGGNet) 639 450 304 205 201 63.1 46.6
LSTM (ResNet) 66.5 481 335 233 217 742 486
LSTM (VGGNEetFT) 721 552 404 291 245 924 530
EE-LSTM+GT (VGGNet) 935 805 665 53.8 324 1359 656
EE-LSTM (VGGNet) 675 49.8 364 269 226 80.0 49.9
EE-LSTM (ResNet) 69.8 522 385 287 239 894 519
EE-LSTM (VGGNetFT) 736 569 430 325 260 1019 543
EE-LSTM-P(VGGNet) 704 528 39.1 292 241 907 518
EE-LSTM-P (ResNet) 714 541 403 301 247 943 526
EE-LSTM-P (VGGNetFT) 757 59.4 453 346 268 109.6 56.0

£ MS COCO ##afk EHISEIR 45 RNk 4.2 phow, Horp «-7 ARSI E IR -

ALSTM BERUAHEL, EE-LSTM PEBER | R8Tt B0, KA VGGNet FFik
[¥) EE-LSTM Eb LSTM 7 B@1 F5E3 1 K4 4%H)38 25, K H ResNet )3 25 2
N 3%, 1K VGGNetFT 45 4EA LSTM A A B 1 IR 5, EE-LSTM {3400
T4 15%. @07 L E UG A EE-LSTM-P i T EE-LSTM, £ B@1
W) 2%, UEM TR X OCERERE A M. T VGGNetFT () EE-LSTM-P
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S T EAETERE, WK 4.2 iR E AT AR TR . 5 VGGNet(LSTM)AHLL,
FAT S IR B IR B AN ST = & R T R 15 B VGGNetFT(EE-LSTM-P)
£ B@1 9 14 12%.

fER 4.2 9, BT MS COCO #lsdk B 5615 1 Flickr8k A1 Flickr30k fr A
AL T H ARSI X SRy , AR % ALLE MS COCO #idfa & EiEAT BRI LE
B S0 1 DX b 1) T P P A A 2 o 2 ) PR ASE 28 5 R

£145 Neural Talk[*VR1 Google NICEAYE Py 1) L 1 B (5 iR Ty v Jik - ik e
CNN-RNN HEZLFT i1, FIZEHET 7 LSTM FEAR—EL, BTG 45 AR T A
BRI EE-LSTM,  [RDNiX e 77 vk H2 A2 R e e e v 2 20 1 S A,
AL TG A AR G A R 40 A3 BRSOt R . BRI T AL T B 0 0 7
Soft-Attention®f1 Adaptivel®125 & T 55 8, (H R ZIEEE T m 7 as
[, REEAHALSH CNN-RNN J7iE M RE224F, HA EE-LSTM B A —
EZEE. A, FETEE B EEE gLSTMIE, ATTI, SCN-LSTMIEH
1 LSTM-ALS, BAREE T mEE S UE B, (HEfTZAM T RHMaTiE L. Sk
M5, RERHIESCTRFEMUEE T BAR X, 1 B SR E ) 34
[FI PRI SO ] o BT 0 7 i ST RARHIE S AL RRIE S e — i, SRBT
RS A WA 5B S M BERFAE R IR, i/ T PUSE B RIS SR 2 )
IZERE, JFIUS T RALITERE.

434 =BG

AN AT Y 25 (045 2% 5% 22 (B SR AT AR A 43 A R

K 4.6 BEAIYIZRA KRR Z2 0T LA oRE B T = Fh 5 v2s: JE4E LSTM BRI (IS €4,
EE-LSTM #58 (&) PLAINATTER AL FE) EE-LSTM-P &AL (ZLth). A
BRI EE-LSTM FIIZRiR 2 LR HERE R TG, 7518 Ut R IR
NFHERTR ST, EE-LSTM EATAH BIEUE R — kI R 22 TR R, TEJSTH
kA M2 Mg I, X RIS RIS SCRIEZE & (LB .

HEA TR TAL B ) EE-LSTM BRUAH B, EE-LSTM-P R Y 311 2515 22 AL,
TR TB SR A IR . T EARMUL, 76Tl P s 2 kb B ) el K&
N 2%, R 42 Fim. RAXST0E MEME T VE BT 7O/ A BY Tk — 0 b
EE-LSTM H#i 2Kk i2 2
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55 === DBaseline
e=g==EE-LSTM

5 =t EE-LSTM-P

4.5

loss
-
n

2

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Tteration times (in an epoch interval)

B 4.6 BEYIZRBIRREN B

435 FEMiThL

Bl 47 SR T ARFSEH M A ) — SR Bl R . EUR R B 4L il AR
ANt B a2 H AR IS5 R, JLrh AT AT B BoR T R IR S R, e —
TR T TRAL G BE SCRHAERCE X LL I . BT X3S A AR, A i SR 0
FR RS AR, (EAE RN 2 ] LRI B IE Ut £dif
XOCERHITIALER, P BB & 0F 1A 2 o35 BOIFR A R SR AL
FEAR T TR IR

GT: aman leaning over a lot as another man catches the frisbee

Full: a dog sitting on a bench in a park
Regions:
a photo of a person holding a dog
aman is sitting on a motorcycle with a dog
a person is sitting on a bench on a road
a dog is sitting on the back of a motorcycle

Full: a group of people playing soccer on a field
Regions:
a man is holding a frisbee in his hand
aman in a red shirt is playing frisbee
aman in a baseball uniform throwing a baseball
aman holding a frisbee in his hand

Ours: a group of men playing a game of frisbee
GT: a cell phone screwdriver a pair of scissors and a black thing on a desk
Full: a couple of giraffe standing next to a man
Regions:
aman is holding a white frisbee in his hand
aman is riding a bike in the woods
a woman is sitting on a bench with a baby
a young boy is feeding a giraffe in a zoo

i
i

i

i

i

i

i

i

i

i

i

i

i

i

i

1

i

i

1

i

!
Full: a cup of coffee and a cup of coffee ]
Regions: !

) a cup of coffee sitting on top of a wooden table |
a cup of coffee and a cell phone on a table i
a close up of a banana on a table 3
a close up of a cell phone on a table !
i

i

i

i

i

i

i

i

i

1

i

i

1

i

i

1

i

i

1

]

i

i

i

i

i

i

i

i

GT: people on bicycles ride down a busy street GT: A couple of people standing in a field flying a kite
Full: a man riding a bike down a street Full: a man is flying a kite in a field
Ours: a group of people riding bikes down a street group of people standing in a field flying a kite

B 4.7 EE-LSTM AL BURBIHHR
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Pt KR RE A IE HFRZ AR &, BIMEEATRA IR R g
L. B, 55—47 5 — 08 UG L T (Full) 2 “a dog sitting on a bench in a
park”, EE-LSTM KT 45 5 (Ours)2& “a dog sitting on a bench next to a man”,
Horr “next to a man” JERCAH HIAE R EFAR T, EE-LSTM BALEE TR

“man” 455 BGALRERFAEREAT 1T IR e S ARk . Sy, SERG ORI,
FFEA 2 AL B AR E G, EE-LSTM X Hbs B i E RSB IE, WRHEA
i, F “agroup of” BUAC T LSTM Ry “a”. XLl &k Fr 2 Y i) EE-LSTM
ANJE o] B A SOTT FR P R A, TR A SR AR A0 R AN A )
B, BEAT T B B H AR ELAS B HERT

Kl 4.8 IR 1A BAR AL AR il ) — L8 e T 5] 5 o 6 T 47 55 T R ) R R A A
A A — A EARIREOL R Cansg—F B arp A~ 5O, EE-LSTM ARE7e sy
RIEFLARSS, A BUE AR LSTM WA AKX, 12 B A J5 i iR 5 )
B, SAMEREERD. T AL HR S RENEEN S, EE-LSTM
A W ZE A B 4.8 55— F i =R B AR, L AERE IR 45 2R (Full)
A “a giraffe standing in a field with trees in the background”, Tfj EE-LSTM & 7!
T 45 5 & “a close up of a bird on a branch”, P& # & A e 2 R, XA )
BTG B SRR A <. B 4.8 % MR ER R4 R h EE-LSTM
RRTEZE, JFBERERMEBNE FE T REHR M AEIE 2, XK E G
A TERREIIR S . ARSRIV AR, AT AR R A A R o a Ak 3 7%
A RAX A 1

1 T -

GT: A young woman holding a giant tennis racquet
Full: a woman is holding a tennis racket in her hand
Regions:

a young woman holding a pair of scissors

a black and white photo of a tv on a wall

a person holding a tennis racquet on a tennis court

a black and white photo of a glass vase

. . . a close up of a wooden bench with trees in the

GT: a small elephant walks in a lush forest 8 ' background
Full: a large elephant standing in a field with a [ ‘I\ Ours: a woman standing on a tennis court holding a
free racquet
™ Regions:
a large elephant standing in a field

background
* Regions: 4
a zebra standing in the middle of a dirt field

Ours: a zebra standing on top of a dirt field

person suitcase racket

GT: This sandwich has a side of salad on the plate
Full: a plate of food with a sandwich and a cup of coffee
WA Regions:
; a bottle of wine sitting on top of a table
a close up of a plate of food on a table
a bowl of soup sitting on top of a white plate
a sandwich with meat and vegetables on a plate
a black and white photo of a microwave
a close up of a giraffe in a zoo a plate with a sandwich and a salad
Ours: a close up of a bird on a branch Ours: a plate of food that is on a table

GT: A bird sitting on the back of a giraffe next to |
atree.
Full: a giraffe standing in a field with trees in the
background
Regions:

a close up of a bird on a branch

B 4.8 REIFEAE
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4.4 KENEE

RESEH T Mo EBHGRR TT %, I 5N RENE SCRHIER SR B &
AN 5 1 S R AR YERE . O, MRYEASCER 3 B AR A B2 R

54 RiIR Z M H) SR R, R T R ERTE UG BB = SO B SURHIE,
B SRIE RS 1 BUR TR E R RTE UE R, JF H SR Fm 3L 5 [F — AN X
ZENA], RN 1A B AN TE SCHEIA 2 18] AR 2208 B e, it 3R Y EE-LSTM
T8 5 BT S SR IEER G, IR AE B S B2 AT IR R SKIREERR
B, AT BT RAL TAE SRR T, B T BUR B T R RS UE
SR
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55 B R H bRk SR 1 B B ik

£ 58 ETHFEXRBARINMNEGHE

DA B BIG SR T7E SR IR T P A BRETE S Bk B, HAAE AR
—ANHEGEE H bR IE AR B E R, EBGRME A Ter, AR L
PEALRR R o AT RSB R] 5N B B HIA A b, Gl I SR (1) 51 A2 B BE IR
RS 4 2 AR, AT RIEILEKE) T R — B AR R A AN R
AR, AMUEE THRNE, CR%HEAFRMHEPFER. AERH T
R U H XA LSTM (Context-dependent Bilateral Long Short-Term Memory,
CDB-LSTM)A ISR SEI AL T~ H AR S B i 9K 3 i Bl R A , Ji 3 2% F& S Bt ia] T )
BT 18] AR SR SR S B SR B0 S 2], IE B AR R M A B H

51 518

LA 1) UG IR Ty vk 4, 37, 43-46, 48, 49, 52, Gl gty S e R 5 A Jl— A 1
f), HMELMER R B BRI R . — RGeS T REER, R
AR e B A R R X T AR AR Y, R SR, X R B
GATREA A AR, FH—A)1E K L8 A B e TS S w2 . ]
5.1 fioR, A G ) FA NS EUE AN FRIE , 55 —A RIS = A N R
&S A UEARENSE TN aned WYNE (b4 SR = R T 1 L S iR N BT
THTE Bbr. B WEMGRE IR R E TR, Rl TaE 2 s E
REFTE, G EIGRR AR R 15 CRIA R TE 8, H bt EUGHER 1
LR IR RS B U

. Aboy hiding behind a tree

. Aboy in a striped t-shirt is standing by a tree in front of the
picnic tables

. Alittle boy in a striped shirt is standing behind a tree

. Ayoung boy in a striped shirt is leaning against a tree while
another child sits at a picnic table

. Two boys in a park , one standing near a tree and one sitting at a
picnic table with the playground behind them .

B 5.1 BBRAIRIESA S DA BB
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B 4t 7L MG IR 1 SR /ME A R R A O BT HER , AT S B 42 T
HIEMR A ERIE . B, ZAKBI& IRk 75 28R d SR B N B A
AR, QAN THRENEEHRITS . 2R B 8@ o] B X 31T
7 T R S AL B 1 BB URRIE o R, IR AN AR AR U 38 0 7
T — AN RAR B LA SR R AR, RIS SRR T A e . AR
3 FEIW LAERRET AR mEaA, A 7 e BMiRiEs), T2
KR ENARER I A R oS 2R, I Tl T R B IX A HE A HERR B2 . 56 4 BT
YRR R0 SUAE BT G R R e o, B0 AR R R TG A B — () ). AR
TEAEIUA AL A BRFRVE BRSO B b, K B AR RIS 5N B iR 2
AT SRR S 205 AR A R RSO A2 1)

A FIE T 5INFRAN ) H AR ST DY G A5 B AR B PR B A R ] E
RIIER], W 5.2 fion (&S WARoRIIMERZ BLEU 1 380 . B4 i
TE A 45 7€ B SSBER], 25 7€ AN [A) B BR] o S EO A — BHR B A R ik . 1]
5.2, 253 R “boy”, FIABIAL A B SE “boy” i H) “aboy in a blue
shirt is jumping on a field”, 45 & “table” I}, A=fiEH) “a little girl is sitting
at a table” AT EUZT “table” XIRHHR. SCHIA MR B REE, £
SEPRA I, S iE AT LSS N 45 %€ 5L A AT 2, a0 UG AS 2 P 115
SRR ANUAZH A P A B H BRI AR B 2N 355 . A TR
ML SERR 78 H R BRI B ARG I A RS2 1) rh R B Y A 75 ¥k 128 3 R B ]

Ground truth sentence:

Boys kicking soceer ball in the grass under a tree

Imput I Output

boy (0.58) a boy in a blue shirt is jumping on a field
E child (0.61) a child is playing in a blue shirt in front of a large rock é
é table (0.86) a little girl is sitting at a table I
E boys (0.50) two young boys are playing on a grassy field
i pari (0.38) a young boy is playing in a park

B 5.2 AFTAERBI RS
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555 & LT H bR oS E X Eh 1 BB iR

ARBERH T R BN SR BRI AGH LSTM (CDB-LSTM)AR R SR py ¢ 4
IR B MR R R I8 SCEER EE R AT 51 5 OB B X — g BUE AR I
AN [F) R AR 2 AN AN R IO T H bw . W&l 5.2 fi, BN IR, il
CDB-LSTM # A, it 22 > FE G800t B o< 1A] () #6481 5] . CDB-LSTM &4
ANGERI TR, B — AR DU T (AR 8 B B 1A BG4 I T 46D
A B R ITRT 3 43, TR AR 5 — AN B TR 45 SR A i A 1
Ja 23R4y ONG E Ham BB )R B o T8 ) I 350 20 F1S 30 40 e — i
R A — AN e R A o GBI RS bR SRR SR AR, X A TR
R 3 2ot W RAE S P AT BE S AL . MEVRAS 2, T H A SRR T 0
F A OREE] CEAE BRI B DGR 1 RAFERE . 52 BRI P PR
R, BT 7 VR A B B A LU AR R 1 B A IR 45 SR o B 2 PR AN AL

5.2 1RBIE X FIKIY
STFEME 1, 4% CNN FRIEv M A ] w, B b 2Ll — 415
Y ={y,.... Y, |Y; € D} RAR EE A Z, Horh D (Dictionary) 77 fif it A 5] () 18]

i,y RTEA)Y AR R T NE A, BN DG BRE wO A R A Y
iRy weY o N TR g e B OB, BB A R T B IT AR 2E R, SR
Ja WA 170 70 A e A

a) 5 [ 50 LA PP 2R B A AT 82 Y ={Y, . Ve |y, € D}

b) 1E 1 5 CAIE 2R B A S E Y T ={Y, 0 V1| Vi € D}

Horp 47 b (backward) 1 f (forward) 3 AR S o) FHIE [ B AN 7 1], t° A
., FORATFEEAR RS DR E (NZD, B 1 RIAAK
B w, SRR AN + 294G . B IR A R G R R T A I LA
WY F={Y e Yor Yoo Yoo oo Vi | Vi € DY o R E T B FSCHBI XL LSTM

17 (CDB-LSTM) SEHLIX Fp Az B 2R AL
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NT ST TY #IFKS, & L HIHFERFIINS ={5,..5 |5 <D} 1
VESCHEA WS S AR =4 S ={S°, w, ST, SLrh AR S S Y AL Mg
ST 0 AR B8 O SR LR R SR

® =argmax 3 "log p(s, | . ,,V, W, ©) (5.)

Hrb @ KRS

5.2.1 FHRENZ

A EFTHEUHE CNN-RNN ERRAHESE (WA 2 3 2.3 1) #EATAH
wit. WK 5.3 Frax, CDB-LSTM 8 /N TR: i LSTM A
(B-LSTM)FIIE ] LSTM FEAY(F-LSTM). T 1 43 531l FiI SR A= il M S B 1] H K 1)
FEANTT I TR 6], I bR SRS H 2 B T — A Sk i 1 45— 5L
B, XSREAEARRYL, CDB-LSTM [ N\ 2 EMERHIE v FISCHE R w, B 28 IR %
HIEA) A =AM S YD SR wARTRT Y T o FEUIZRIEL,

E X HERER SN S={s,..s5}, MERXEH w ¥ S pH="4d7n

S={5",w,S"}.
\
B-LSTM F-LSTM
© 5| Context 4*5 7
@ Y » Transfer Y —> >Y
e’ e
%
CDB-LSTM

CNN feature v

Input: v, w

P
Output: Y={Y", w, ¥/}

Given word w

& 5.3 CDB-LSTM tERIELR
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FEHEAE CNN-RNN ffRHEZE H, R0 CNN FFAE v #4 A RNN b 524
FARIEATE AT RNN Ht =12 () B8ORS b, ARG HTHRIN X, R0 T 2410
Iy 246 RS p,, JFETIAE R t AN H 517 y, » CDB-LSTM #5885 T St AE 42 i3
7¥%cit, JFH R LSTM /58 RNN R 4% 0
1) KIE LSTM &3

S5 LSTM % (Backward LSTM, B-LSTM)&Z& K 5.3 # CDB-LSTM &7
2R — AN, 0 FONE A B R340 o BB I R R TR S
LSTM B8, AN[F 2 AbE T e ah i), AL GeB (2 a6 5 in N 5 3hie] “0”7, T
B-LSTM (1)) 3l N B ia] w o

XT T4 € CNN AR v AOCHE TR w i R |, BB FLSEhRyEvE B B 1 - 356 7
S*ALE M AN, ALY G R R

X, =W, v,t=0

X, =W, w,t=1

X =W, s, te {2, M+l (5.2)
h =LSTM (h_,, x),te{l -, M +1}

Yoo b cexp(Woh) te{l,-- M +1}

Hoy, e YP RIS, W, SRIRHH R 28 1 G A Bl RS 2 80 WS RRAE
Pl W, REAIDW,, , FIRgmISW, , AW, . FIASCE 2 5 2.3
FHIF, s, 4 FH One-hot gmhl ik AT BRI RFIE R IE

CNN HHIE v Z AR NI X, JEEt =0 N LSTM M%%, Jy LSTM
PR R A R R ERIE s B w A 2R WL D x, 5 75 t =1 S N\ 2
LSTM M4, SPEALEHT ORI R, X2 T ARIE S I B T 5 1% S 8 R A
Ky ZJa G U N B SERRE S° HR i ] (ZEIRRY B, X380 B — I %)

IR — I ZI R4 y )
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B-LSTM 451 55 bR B2 451N 2 F00 5437 £ $7005 B ALL SR AN -

M +1

L(B/w)==)"log p(s,|Sy;.v.W;©°) (5.3)
t=1
Hrh @ FoR I M PR T 5 2 S5
B-LSTM #5228 3= E A0 AN SCH i) B A G I N 25 91l an, 1445 8 SR B i)
—ANBEri, S m RS B AT, anE B AR “TEASE” ik . B-LSTM

PR R B A Y P A RN B R B IE ] LSTM B2

2) IF[a) LSTM 1&8Y
1E LSTM f57 (Forward LSTM, F-LSTM)s2& CDB-LSTM AL [f) 55 — /N1
B, DAIE P RIS A0 1 J5 28053

S 1, 4 CNN FRIEV . SCHE w . BAIRTE A Y®, BRE
SEAREE ARG S A N AR, F-LSTM BB I ZRad FEfn T -

X, =W, v,t =0

X =W, Y° te{l,M}

X =W, w,t=M +1

X =W,s,te{M+2,--- M +N+2}
h,=RNN(h_;,x) te{l--\M +N+2}

Yoo b cexp(W h),te{M+1,---,M + N +2}

(5.4)

Hrs eS", W, Al B-LSTM 55 b S50 A AR IS Lo F-LSTM R 7E
t =0 N CAHEE v, Z G M AN B-LSTM (R Y®, My
YO, t=M + 1A ST w, 25 HI N AR S #a (FE
MR B, X350 B — I U4 A AT — I 0% y . F-LSTM BERL [y i

M I ZIA A, O8I FE S IZ A G R .
F-LSTM 45 5% R B5U{E2 T ) N S TR0 3] £ S0 BB SR A

66



555 & LT H bR oS E X Eh 1 BB iR

M +N+2

L(F/B,w)== 3" 10gp(s[Sy.tuonszsV:W;0")  (5.5)

t=M+1

Hh o' FIRIER THEAK A %21 54

B-LSTM K%t Y®, F-LSTM B4 Y " FloCHE R w S8 T & i

MiEH]) . BT TR ZEHEN, Bt CDB-LSTM A8 () 1 PR IR Eh
2M +N+3.

522 B&MHK

TR R IR I 2R3 i N MR ARRAE v, SGBE TR w AT LSRRI T 81 S 4k
PR DCHEER] Wk ELSARIE S A =0 S ={S°, W, S "} o AT LA H AR R B
>] CDB-LSTM H1 AN T B K 240

@ = (W, Wy , W2, Wy, LSTM "}

(5.6)
0" ={W, W, W, W, LSTM "}

ALY ZRAF, F-LSTM fiif]l B-LSTM ff i/ N S AN — 384y, 1M
F-LSTM F4 2k iR Z2 i A 28 W 2% S [l A% 4k S i 4 B-LSTM. > R Ji i
R SRR (& 5.3 B Context transfer module) 3T S0 -

f£ CDB-LSTM #5E 8 (1) IE AL 3k fi v, JlId b SCfe ik, B-LSTM #%
(% T A B F-LSTM B A

X =W, Y (5.7)

7E CDB-LSTM #ERY i S [l A R, F-LSTM FI4R 2k iR Z5 i@ i R of%
MR S T2h B-LSTM:

A _aar, ool

b b b + f b (58)
o, oL oy oL oy,

ASE — L b » N VYL A
Horh 88 — I S—Q%%ﬁﬂ F-LSTM &AEZ| B-LSTM [IEREE, X d15
t
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F-LSTM X} B-LSTM F=A45200,  FEKE AN J7 7] i1 A)EHE K .
BRI PR3 2K BRBSCA R A R R 453 2K pR B

L(B,w,F)=L(B/w)+L(F/B,w)

M +1 ) ) . M +N+2 . . . (59)
:_tbzz‘;log p(yo 1%:0")— > logp(y) |x\;0")

th =M+

T4 8 BIA w 5] 5, FRLAY AES S8 RIS SN, BRA 4% L(B, w, F) f#
WA TR R AT ECA A (PEILSEEGHE 40D
5.2.3 XEEAREY I-LSTM

PG Rl B3 2 i 1) AR A SNSRI IR BN 1 7 i, D T JEAT RN
b, ATWAEH T AEE LT SCRIBIEMIGEE LSTM A, Fo4 1-LSTM
(Independent Bilateral LSTM). ZAE A1 B AN PR L A, B4 18280 43 1) Tl
DR 3063 F0J5 2345 . A1 CDB-LSTM #HLEL, 1-LSTM M8 & [ A7 T
s, BVAAEAE RS AR B R SO~ RS . 1-LSTM £E SE56 Hh FY T+1E B
CDB-LSTM #5584 | R SCAARIRE A Rtk DR L AH S 152 B RN A 2 SR
L CDB-LSTM #H [

53 XEiAIRE

i NGB R SRR A 5 AR — AN 2 43 - CDB-LSTM AR A4 2R il
FAR DGR w ok B T BLSERRVEE ), AUINZREE BT A MR I B S ARV v ) ok
FEAEESBEIRIANC R . RN R, RHA AT DU R, (ER %S A
X
53.1 INZIEXRIFARIR

AR T b iR i 2 e 2, A 32 MS COCOMSOME # E 4T
BRYIZRRIEAE, 2y MS COCO B 1 BRI brTE, 2 H s IObsiE,
171 At PG A R B SR R 2 (B & A bR, TEE N R A SR R 5%
P H T BRI T IR ) B RRiiE CRIE, TR T H ARSI
REE AL, 2T R AR R AR T 2R TR R B AR R E Sk, 25 A
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AT TARRI R R, B B SO Ay R SO R i (1 2 AR AT AL

TETE = BRI ZRM B, B MS COCO 1) 80 ™ H ¥R A B A FIIE A hRiE

BEAT R B A TV AL 2 -

a) AR FIr A F R VB R L N SR i D, XA TR A (1 B R

B IR A IR AL B LRl AR

b) i NLTK T E AR (i PR o D o i A S AT 3] A

Wr, & BTG 44 R, 7F NLTK SR “NN” '8 “NNS7;

c) i@ it Gensim®EIry ] ) & TR X 80 N HARZEHIAN D w44 18] £ 3L LT £

A 3A] BT A0 80 2 H AR M A AR AL BRI R kT B 25 R SRR RT AR

Total dictionary Object categories Keywords vocabulary
---9565 words ---80 ---537 words

person, bicycle,
bottle, ...

'kids’ 'glass’
'women' wyine' 'skate’
ack t'§andw1ch' ’

LS 'EﬂcEpﬂck’ 'p?f% 13‘}:1,3’.

B 5.4 SCEEERL

SEERERAE A, 1 SCIA S D BLE 9565 AN il A2 - Rl TR R A7 537

AR, AR R 5.4 Fos.

5.3.2 it T2 < HEiR 3K EN

X IE B SRR B B Rl DURER R, (EONIRPEHAT M, OCHE ]
%5 EE A B RS AR O AR F PR AS (] ) SR R £ IO s ] . 05K
PRVE SRR AN H AR OB ] . SRR SCBEA R B T OcBIA TR, HAE X
225 1) 55 1 5 R AR Y A\ R S 1 S TR AR TR], PR LA e T B A P R s
SR O A . HARZEI B IASR B T HArR R, Hils O e 5
5 TS SR R ANFER, RIS B TR, O 1 ok B AR5
5 A AU [ 3, A3 Gensim 1] [r] & T HL PSR 415 5 4] A BA 1K
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R B AR B ARC AR, SE R X 2 MBS, Wil 5.5 P, &
IR, KA SR AN S B T 3 Y A I AN H AR SR ) S13R] V3% AR S 2 A2 A
GO

'women', 'people’, 'lady’,
BT G P o s 'womans', 'woman',
person | 'person', 'girl', 'children',
'child', 'man’, 'men’,
'persons’

Bl 5.5 H AR B S5 ) DL AT B

54 LWIHESER ST

REFEAE MS COCO #1900 E5f i i (1) CDB-LSTM HEAT A A I ZR A1
e AT IR BIE. MK EEE R AEE 2 % 2.5 AR A1

TR B SR CVF AR 7 AT Bl . E B PRI AR A
B@n, M, C, R k%5 n-gram BLEU, METEOR, CIDEr, ROUGE_L.
N VPR P A A 26 B3 AT R 2 i) o 1) 7 AT VAl

541 HESHIRE
1) CDB-LSTM
ARFEH 1 CDB-LSTM AL I 252 MR Karpathy A1 Lit*Sfr) LA iR
M AILS L R AR TR E . A% LSTM SN2 FRBUZFH 2 1 4
FEWE N 512, ¥ KIFUGEN de-4, B BHEIA 10 UG FEC—42. BRI
BEMUES B R B 7 122458 F 1 38 B 2 > SR B RMSPropl 4, 2% beam_size &4
PR TR RS A R A3 ), AR BRI B Dy 7). 100095k 20050, HLif
b, TEER) beam_size iR AFHIPERE, (HIFRIN < SHONEE TR, A
¥ beam_size K/NEE N 1, KIONIRATILE SLE6 U %2 31 58 K H beam_size X} #E 44
BRI B PR A . T H, SRABUINE beam_size 748 TR 2 tHHR Ao
CNN M58 H] 16 2 VGGNet, I T 5t CNN-RNN HEZLHEAT 1 LA
SR AFE IR 55 AL SR AIE o
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FEAEE 53] 3R] 0 D I E FEIZR1E A b B> TU IR AR S R] o R R A K
KW E N 20, KL IR RPRE AR BYE

2) LSTM

FEJE TR S50 45 R LSTM AAGRAL 4 i) CNN-RNN #iR B, 2 A F 1)
FEAERRAY . Oy TAEAG SIS LR AT RER A, LSTM Hifll CDB-LSTM #H [F] H)42
B RS HRE .

3) I-LSTM

I-LSTM 7£ 5256+ F FE W] CDB-LSTM B | R SeAR S BB (4 2%k . A
TERHT LA, 1-LSTM T F1 CDB-LSTM A [ (148 & 4 K H R 2 50
WHE.
542 SEILHER
1) BEhiEN

* 5.1 7R/ MS COCO Hfadie LA FIRETY () s 06 45

XfF CDB-LSTM #%, Az 5.3 F5EL T Pk 5 sk B e st i -

a) M B SEARyE 15 A H ik B (Ground Truth, G), B[ SR IS5 54k 1A ;

b) M H #5461 2% 51 (Detected Labels, D) F1#EHY .

XX P R SR IAE BOy T4 BEAT IR, G Al D R,

AT H PR — R R RE 08 A2 B MR, PRI 25 Bt R 2 MR 58
F 45 SO LU 75 22 DU R — M B, BT RAR A TR 5 2R E4T 4
KOG EL:

a) FEALIME (Random, R)—&)3EAT1FI ;

b) 7£ 2 ANV 45 S ik B K (Maximum, M).

P B SEARTE SR M NN, “GR” RoRBENLIE RO HR SR (145
R, “GM” TR ZAEAIVFI L BUR R AE 45 F . 2k #% B hraa M4 p
I SCE A VE A NRS, “DR” R BN R I 2 1 A A, “DM”
= TN A okl P A NS A NI AR R 1P S N[
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£ 5.1 BN RXTH

y - B@l B@2 B@3 B@4 M C R
Neural Talk 49 625 450 321 230 195 -- --

Google NIC P2 66.6 46.1 329 246 -- @ -- --
Soft-Attention %1 70.7 492 344 243 239 -- -
Hard-Attention % 718 50.4 357 25.0 23.0 --

gLSTM [62] 63.8 46.3 336 248 233 --
ATT [66] 709 537 402 304 243 -- --
Adaptive 6] 740 580 439 332 266 1085 --

SCN-LSTM [61]] 741 578 444 341 261 1041 --

LSTM-A [65] 730 565 429 325 251 986 53.8
LSTM 69.8 522 385 287 239 534 429
I-LSTM (GR) 453 348 249 173 185 649 450

I-LSTM (GM) 66.1 50.6 350 234 209 772 48.0

CDB-LSTM (GR) 731 532 358 236 216 785 499
CDB-LSTM (GM) 788 583 404 275 234 836 518

CDB-LSTM (DR) 629 425 279 184 172 471 432
CDB-LSTM (DM) 76.3 56.1 389 265 225 773 514

M 5.1 ATRLEH, W T A1 CDB-LSTM, KA H bl 45 8 1E N
B (D) I 1) 4 IR 1 e B TSR FH B SEAR A OG8RI (G), el & BE LI L — A
KRBT FEAT PRI, “DR” imig/MT “GR”. A Hbrkrilla — & R Z 1715,
S ESORRA A I SR 1 A SR AR ZE I K, TR B MR, AR AR 2
MEREINAIA, AR RENLIE B4 R TE 22 . H ARk v Re R 4 22
B o I (1 DB A R IR 45 SR o R Ak I 3RS O B ] 1 1R 2
BB S AR R TR, (ARARAFTENL . BERMHT, HF%G
SE RG2S T L0, SRCT Hhmil o, £ B3RP &
girh, BT H bRk SE RFEAT O R E BUL R AR L
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xif T AR R R SR 36(1-LSTM B¢ CDB-LSTM), BEHLEUE (R) S AN KT8
KAE(M), X2 R0 & W . &% A 28 8L 1 ¢ B8 1] 15 B (GR B GM) ,
CDB-LSTM [{PEREELZE =T 1-LSTM BEHL . 1-LSTM H {15 /S B A% bt 2 e
SER, SECTANES . ARSI R, B, B 5.6 hEBE—IREIES
5E “trick” B¢ “jacket” Bf, 1-LSTM ERASGETUNA)F 15 -5 7, X ZBHINTE
AERETEEMENT, TR E RN AR, 1S54
R E AR X UL T AANSCEE 1HE S IR A — R ARIE R IR R RE— e &
PTt o LA RA L R 2 B 80E S PPAG I HE A R B AT, A A PR
SER AL, FRARMRRAE 1-LSTM(GM) &2 & T FEALE 1-LSTM(GR), X T %2
F K A T R 1 22 ANV 45 SR (R AR 47, B 5% v DRI S8 328 v T R AP
5 1-LSTM AL, $&H 1) CDB-LSTM 5 & A\ S8 ia] B R U (103& MM FE
S HE

Given words: trick, jacket ;1 y qraa boy is doing a trick
CDB-LSTM: a boy is doing a trick
on a skateboard

! I-LSTM: a boy in a red jacket
| CDB-LSTM: a boy in a red jacket
is jumping on a skateboard

\V\M I-LSTM: a person in the snow
"7 CDB-LSTM: a person in a blue
shirt and a black dog is in the air

5.6 CDB-LSTM 5 I-LSTM X}t

CDB-LSTM(GM)ix 2| T fe At i, 1X 42 KA B M B B ST AR S H 1R IR Bl )
AN O PR AR I B K AR

SRR, R SO TR T OB M R B RA L B B,
AT LA = R R R 1 R, (R SRIRTERA, (A P 17 SR 1) S Bl ik
AFAR-LSTM)HA BRI #h 58 AT 55 - Fri@ i) CDB-LSTM RS A 2 A
FHORBE TR SR = A LU I B TVE R . A SRR A

AT B, AR B AR R SR A T ORI 1Y, DR IR IR BT (1 4
AT A — B A AR E 5, Fik CDB-LSTM A= S #id i8 A) FI Pl
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H SR ) B SRR AR R

PLE 5.7 HHEME 6, B “baseball” F1 “children” iX 54N &8 1] DR 5 1)
AL LSTM Mg RELF, HIFH 2 8UEHK, X2F N CDB-LSTM 4R
FSEAREIE AR B b Al E L ECEF 4 TIR KRR . HEhEiEfAR gt A
ThRER, S FERAEBNERD, N TARERGHEEGmER. RE/EX
FELL T, CDB-LSTM(GR)HIEE AR T LSTM B2, X WIGIE |4 2 7772
AR . SEGRMIRBRALL, AT H BRI AR08 A=) £ B A A 5 ol
M s A )R] . BT CDB-LSTM Fl LSTM Z 81 U 2 IIAFAE, ARFELE
H SR Z 4k, FANIAT TN TR CARAS 5E n ASF f o B

GT: A boy in a striped t-shirt is
standing by a tree in front of the
picnic tables .

LSTM: (0.66) a boy in a red shirt
1S jumping over a tree

|

|

I

|

|

|

|

|

|

| CDB-LSTM

| (boy) -- (0.58) a boy 1n a blue shirt is jumping on a field

: (child) -- (0.61) a child is playing in a blue shirt in front of a large rock
: (table) -- (0.86) a little girl is sitting at a table

| (boys) -- (0.50) two young boys are playing on a grassy field

{ (park) -- (0.88) a young boy is playing in a park

| o

|
|
|
|
|
|
|
|
|
|
|

GT: a group of children playing
@ baseball out side.

. LSTM: (0.78) a group of people
playing a game of frisbee

| CDB-LSTM

: (children) — (0.67) a group of children playing a game of baseball
I (baseball) — (0.67) a baseball player is playing baseball on a field
| (gloves) — (0.80) a group of people are with gloves on a field

: (kids) — (0.88) a group of kids standing on a field

|L (grass) — (0.89) a group of people are standing in the grass

B 5.7 ZTR@IA BB B R

2) ALV

Tl B 2l PRI 7 VA0 2 AR A A Hh ) 0 L S v ) 2 T PR AR AL T B —
ANF5r . SR, X8 H FPINJEELE 5 BE B2 BsE, BRSNS NRH
HHIF AT TR 9 1) AR S B AT AR S 39 190 1510 b, AR g S AR SR BN A 55
NTIFER P AT UA AL B G S, FEAE TIERNH RS,

FATI MS COCO it 4E H BEALIEFE 100 7k B, 31815 50 1 &8 134T
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NTAVRM . PF4 bRty H Hodosh Z51291A Oriol Vinyals 25052 fiidk, ERHE H
X PSS 45 S (LSTM Al CDB-LSTM)#EAT 4T 43 XF-F CDB-LSTM 7, 5%
BRAA (R R R S 8 o W R TR B IUHT 2SR B 4 a3, S EOT IR AL, 2,
3, 4}, BEVE R MR S R G EIEE BN &5 gt R
K, il 5.8 fion. $EH ) CDB-LSTM 45 L2 = T 4011 LSTM, X EE
IS PN DGR AA], A I T ) SN A B P I R SR BTN, S T
531 1) 2 FEVERI AP

1.2
=
)
& 1 e | STV
S
w
‘S 0.8 == CDB-LSTM
20
<
=]
S
= 0.6
=
k7
= 04
v
2z
3=
=02
E
1

0

1 15 2 25 3 35 4

score

& 5.8 NIRRT
543 RANRENT
AT AT EE AR R 3 AT 0T, FEAE I 3 O pR BUE HEAT ARG B . T
Kl 5.9 fi, Bt CDB-LSTM &R (455 WAL LSTM (K ()
FI-LSTM (AR WS Al gt R B R I R 1R 2=,

LSTM
I-LSTM (F)
———T1-LSTM (B)

——CDB-LSTM

Normalized loss
— (%] w = wn =)} -1 7]

1 2 3 4 5 [ 7 8 9 10
Iterations in the epoch interval

B 5.9 BEALISHMRIRZENT L
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I-LSTM B[ 7R (B) ELIERFALR (F) IR RiRETE /N, X2
PR — AN IR 15 A, SRR P T T 43 1 )8 R 45 T H AR I JE I B R R R
B, S5ORBIRE YIS, WA G TR IL . SR 1Y S T ) A
Tt Kt EAR. BAR TR, BRRZEXRREEE, 8 AE M5 s
PRk, Wil 5.7 Frox, 55 iR AR H LRI 15 5] 09 a group of children playing
baseball out side, <8 children Hif [ 4) “a group of ” LLA ] 51, A1 “children”
FYIAS, WHEE S IG5 585 “playing baseball out side” 4
AW FEE, MFEEE R EENZR. KUk R PR 1-LSTM(F) H R 1]
TR 1-LSTM(B) I ZRAEFEZE K, 1X 2 CDB-LSTM BEALE £ I ] f 1F 111
PRI BRI (1 J5R R

fERARSEEG , $2 1K) CDB-LSTM £ I-LSTM AL e fili B4 gk, R
CDB-LSTM HIZEHI AR A I-LSTM I 205 B 250, XA AT DU PRS2 31| 25
RIEE 5.9 sk, CDB-LSTM TERTA IGEIEIEIA 10 kI, RIRZERE]—
APHEE, /T 1-LSTM PR (6], 8% T 1-LSTM(B), X UiH T
CDB-LSTM id@id 51 AN B NSO, (643 7RG H] 7SI

EAS WA ZE, B 5.9 F, B I-LSTM kiR ZLT LSTM, {HIEN
W, 1-LSTM T &5 R e LSTM K (W3 5.1). iXRZFA 1-LSTM
RPN PRI AEOG, ST A SR, AEmmgs R (WA 5.6), dfifs
SR PEFINISA) FEE RE ST INR, S BUR AV R RLIC .

544 FEMSH

K 5.7 Son 7 AR ) CDB-LSTM AR — LRl ik . Monlss
Rrbar DS H BL R 48

1) BRI, CDB-LSTM 145 AN 7 # 3 (0 =F & A 2 4
CDB-LSTM A DA 95 A [7] F) 5 58 ] A RSAS [R] B8 B 2550 2 DG S 1] 1 1 ), SEEER T
TEA JRAL A R D B 1] PR R 5 0

2) NBA)RUR KT, CDB-LSTM REW A IEAL Gt 7 ik s k. Tkl 5.7 55—
R EHE I LSTM g5 R (1) “frisbee”, J&T HARRNET R, i Id 45 e 1A i
J7ABRE “baseball”, ELHEBEG 7 IXFP AN AR, TSI T EEANRR (R E A
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JEE;

3) CDB-LSTM BEME AL BEAN 25 H A5 H AR I S S ] 3E 47 J) il Bl 4 Jmy ok « 4
ARG “table”, f54177 102 RIS BUX A AK R E WHr, MARTR
7 1T T LARR S <837 B 508 7 21 table X3, JFxt HoHEAT AR SR, {315 K
AETE ST 57 1A I /N B R A IR H R . 5B ARG “gloves” 2R
& Hbr, AR IR LA RS SRR SRR, X AR R B A R A
.

B T U RS I B SRy fi A R 2 & T M B 4], PR T- 18] — IR,
TR A R B 24 45 AR AR A o a0 RECSEARTEREIR BN 2 KAk, i tH gAY
TME AR AT LR & 2R, XM SO TE SR I0 Y e AR R .

55 SRR
55.1 HiREIRZMEIRE K

Xof LR G AR B2 IR BRI SR AN BANE R AN AR, B T A SCHR H 1 T 1,
A T b LA ) 7V AT DA R B AR 7 2 ) PR IR

SOy A O R R U Y R AR 2 R R, SRR
LSRG R R A BRG] . ST, B AR S 2
Hi beam_size Z8i=HillY), HAEBIGREREABZ . SLih s, d@idy
K beam_size A2 2 AME A FMLA T RIB RFE M HAR, 170 RL— AR
A% (2454150000 JoVETEAE BRI IR Hhak 2145 52 1 BUSEOGsaR] o 1f HL, AR RS
PG HERAAL, ARET 2 2R ERIR TR il 5.10 Fios, TERLELTUNINS, ¥
SE beam_size=10, Rt #FE4HBEZRHATHT 10 FIEAIERHIR L R

Top 6 descriptions with beam size = 10:

M a group of people playing a game of frisbee

~ agroup of people standing on top of a field

| a group of men playing a game of frisbee

= a group of people playing a game of soccer

a group of young men playing a game of frisbee
a group of people standing on top of a field

A 5.10 4 EG R ALEE YK beam_size ¥4 HIIEA)
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5.10 H /R T AL R HAT AT 6 iG], FTLAVEH, AER 6 MEA)
AL, EAEEEG R AEEE Hisin “gloves” 1 “baseball”.

S8 R R T R R X 4k 1) G A 3 - Johinson ST Krrishna 259814 Hy
FRORSE Y f 5 0o PR o 1) 221 ey 38 DX AU EA T R AE SR O B B 5 F) AR i, SR, X
ST ) AR R T, TSR SR B AR . ANSCER 3 T TAE AT 2 A
HFR X CBEAT V6 5 Fd, A a) 7 He B e, H 152 H bR I Az A A 22 A0
R AR IR 6

AREFHEH CDB-LSTM EHHE TE2 R A T Hidk A A F 0 = ) BHE
NS BN SRBER] (1) 5] NAEAF 52 tH B e 0 P I /R oK, A1 IR A 2
IR HE & 2R i TR A B 4R 1 A SRRV R R 22 2 A A
s A), PR T[] — R B R B 2 (AR T T AL, X 2R R R iE
AE Ty . AR HSERRETE A N2 AL, CDB-LSTM AL AT LA BE F 5 £
FERIIR . Bk, 7E9 LI+, KA CDB-LSTM #AL7E Visual Genome %4/
G081 [ 3k47 T E A . Visual Genome WG FRbRIEHE R A, &
TR BRI E 42 AN REHRR . IXLERIRTE R LB FE 28, MR
PR R XK EETE N 1 3 16 SIS .

M (orange) -- orange and white sign  (background) -- building in the background
op) -- stop sign on the pole (hat) -- hat on the man

ckup) -- pickup on the ground  (baseball) -- baseball cap on a man
(truck) -- truck is parked (sunglasses) -- sunglasses on the man’s head
heel) -- wheel of a car (shirt) -- man wearing a white shirt
(wheels) — wheels on the car (person) -- person wearing a white shirt

j (light) -- light on the car (people) -- people are enjoying the outdoors
gr+ (car) -- a car on a street (umbrellas) -- umbrellas on the ground
‘ (cars) -- cars parked on the street  (man) -- man wearing a black shirt
' (manhole) -- manhole in the street (sign) -- sign on the building
(street) -- car parked on the street  (building) -- a window on a building
=gy (tree) -- a tree in a city (sky) -- white clouds in blue sky
Ll (branches) -- branches on the tree  (umbrella) -- umbrella is white

5.11 CDB-LSTM #£ Visual Genome $#E4E FH#ER S R

K 5.11 &R T Visual Genome ##a£E 1 i CDB-LSTM A ik 71«
HoA i ()i ) R IRE IR T, T 20 s A AR T R 1B 5] . 1T LA
B, IR B TE AR EN R 8 X I K BEAR K B R TE A, 45140 “ orange and white
sign”, “wheel of a car”. BRI TR 7mfl], (HSese w2, ik ik
IR . (A ER M2, orange NIEZR W], 7ECHERNE DR HIA A2
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ir] o G AFRATEACR AIE SCEIRKZE R, $EHi A CDB-LSTM HAZRUARKIR AT
DA BRI S BN FE A 1A R SR o £E S TR R T 0 3R SRR R 1) G A IR s
Ko rpof it DR R IR

HaEIPFNE R R 5.2 fos, X EE 2 A fE MS COCO a4 L 58
gt R E . XN Visual Genome Hifs 4 A2 il iU FE A2 A BE /N T 10 1
M. ML TEBM AT, REEAERTE ) A R, S SO 45 R sk
PRETE ) Z IR R ARABL R B iy, PP 45 AR B A

% 5.2 Visual Genome $E4PMI45 51

IR B@l B@2 B@3 B@4 M C R

CDB-LSTM 89.0 703 531 406 309 624 390

552 ETrEXREIANEA

K2 BT 925+, MS COCO Al Visual Genome ## 42 #8500 & % H Arbn
V. BRGR] AR G b B 2 H ) CDB-LSTM A28 . X T3 A H AR bR vE
Flickr8KI'21A Flickr30k e, Bl = Jsehaik HARSCHHA RIS OL T,
IHEY FE LI TP EAT 1 3T 70 R (Elements) 5 B 7] (1 #14 .

A 5E L TC RS B R4 R (W dog). 75 (4 ground, grass).  H bRJ&E (1
brown, tan). HAR1T (40 jumps, swims)Zs. F)H B SLhRIETE A 5 T R #E i H
PUBE N g SRR E o HE LB HE 44 T 100 A4 R HTSR A T 3R
SRR Ve BEUIIZ, SOERIATP IR 2 A A 2 RR S, L
an “jump” [RIRERFI A1 . 0T 2 T HE i, AR R R
V R R 4 AR 2 &1 2 1 (0 B YRR 2 ) T S AN A
e Rk, RIS 2 A Jo 3 B A ] DL TR A I 44 1) . T8 25 1] 53 1] 7
XSRS AR G MO bR 78 OB R I i A E AR, R VBN
LWL AT EL ) 7 G0 T OB (1 B A, MTRTOR TR A A N B (R 52 G
I 7 R e £ )

K 5.12 HE AT MR B RS 73T oo 3 S8 1A (element-based) 1 4 1A
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B, B AT T PIE B O A B A R T H AR O TR (object-based) 1) ik
FELEFORAE IS . B 5,12 sFAT LI, CDB-LSTM AT % F S8 A i
W BA R HEN M, e R G4 H Fr(dog, children, baseball 55) 5k H #5
(tan, swims, jumps &) CH# 1A, SCHL T AN A FEXT G AT R . BTk %
TEER R B 7 2SR 2 RS, SEI6 HY R R RBCR AN a0 H bR < B 1A A B IR 7
FEMCAAE N e SEBeBEATHR T, AR R M A b ] DU IR AR 2R L T AN [R] 3] 1
P DK 1] FR) JR) S 2015 ok i) i

N GT: a tan and white dog
) swimming towards a waterfall

B GT: a dog jumps for several

tennis balls thrown at him 1
LSTM: a dog is running !
through a field of grass and two |
people are standing in front i

| LSTM: a person in a yellow
shirt is riding a wave

L |

1 CDB-LSTM (element-based given word): CDB-LSTM (element-based given word): !
! (dog) -- a dog is running through the water (dog) -- a dog is running through a field H
} (tan) -- a tan dog is running through the water (tennis) -- a black dog is playing with a tennis ball in its mouth ,
! (swims) -- a dog swims in the water (air) -- a dog jumping in the air to catch a ball H
3 (water) -- a dog is playing in the water (Jumps) -- a dog jumps in the air to catch a ball :
- = | s

GT: a group of children GT: A man riding skis on top

~ ofasnow covered slope.

playing baseball out side. —
LSTM: a group of people LSTM: a man riding skis E
playing a game of frisbee down a snow covered slope H

| CDB-LSTM (object-based given word): CDB-LSTM (object-based given word):
© (children) -- a group of children playing a game of baseball (man) -- a man is holding a woman on a skateboard !
| (baseball) -- a baseball player is playing baseball on a field  (skis) -- two people on skis in the snow

;' (gloves) -- a group of people are with gloves on a field (child) -- a child is on a snow covered slope E
| (kids) -- a group of kids standing on a field (girl) -- a girl is standing on a snow covered slope i
© (grass) -- a group of people are standing in the grass (person) -- a person on a snowy hill with a large snow covered hill |

Bl 5.12 FT AR R KR R ]

5.6 ARE/NGE

AREHE T — PR T O IR 1 BB RR T E, RRREARYE F P R SR EEAT
A H AR EMGE RIL, NIfTET T H T EG R IR TAE 1 S — A0 R PR A i)
L HE Y CDB-LSTM AR AL AN [R] ) S B 1] A2 Bont B2 A A PEAL AR, S
T AR TR #1E X ik . CDB-LSTM M AN TRAAI R A, TR
FE 3 B AR AL o b R SO U BRI AT A ISR, BT SCioR
AR MR 7R AR BORE SRS HERR B35 AR T RERE, [ ShPRIIAT A T9F
MFBIERA T A SC AR A R0
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6.1 ANXTIERES

ARSNGB T S 2T HR S SR AR o LG A ik A 1 1R 0K S R i) Rt

SPHT R TV R O SUE BT IR R AN, SEB T R R MR AR
FEEGABRRRNE . A SCEZEG TR AU

(1) i8I B X SR AT R SURIE . 5 LA IR HE R R 4 25 1
JNEARE, M7 — R T EE R X AR i IR I k. B e A
H BRI 7 v ok A e X3, SRS VIR RNIN A5 5 4608 L2 3] 4 R MG R b
B Z AR X R, BEFA RNN BT H bk XIS AT R i id 4
FNGPHT o BTt I JT L RE 80T B B AR i 2 AT AN R X3 R Bk, 31X
LR B R I FRIA AL ) B S E VRGNS JUE B, SERRIHIE T RTER
R SEEe eI B T AR GRS R R ) B BARNK R,
JR3 R AR ) o A SRR AR TE A RUE B X R I T AR B
BE— 25 [0 R 0SS ) TR KA EE R L.

(2) I AR X el =0 30 1 Joy 31 AT 5K AR BGVE SURFAE JF 5 i R A
B, ES, YRR EHR L SRR R EE SO R s K5, gk
U0 R EE S B IR E SRFAE, ZAREAM A & R AR S B, &
SR TG A L FREE SO, AT TR 50 R 5 1 SRR 2 A RS
ZWR; B, BE SCRRERN B K EE-LSTM BERL b DL B 2% A3 5 41
k. EE-LSTM i #i A4 NGETE, KR AT 4 Jmy . 050 AT A I [R] IR 4R B
FEF AT, S TR YERE . SO LS IR T RS SURFIE 2 ST BB
RS 1 etk o

(3) i H b % ] SR Bl (1) B iR SR SE ISR 815 2] . S RTTAE H s
DX dsk b AT SR B8 2 IR AR, OCsn SR 3 (1 R AR BR R AL T H brik
DI JRERIE E] . 1T CDB-LSTM 15 & 881 DA Rl 6 B ] 3R 3h A Ak
REGHER, SEIL T AR R EREE XRIE. CDB-LSTM £33 Nk
FREAY, E I B SRR IR R SR, 3K AN AR LE S B i 1| ZRAE
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AP AT A IUAL, (LA AR AL X % P SC B 1] B 0% A AR 1 B ORIB HERR I

).

6.2 RERILIERE

B IR & T EALLSE A AR 5 45 6, RS ERRR I E— 2D K R L
J i T Y (R A0 #0250 BB N 25 (1 20 7= A s (M HE B A . i MG St R
Tt ] Ak — D HES M ATRE IR R 08 10 25 S5 ARG “RU0E-1E 57 9 R I R g
BT AR FNES, R FT LA JUANJ7 T HEAT G S 58 -

(1) ZiBRsh ) EERA : ASCHEH Y CDB-LSTM i) 1 5T BN St 1]
W EGHR, TR RIS T 2 1A s R St — Dy R T A
2, IR AN N R RIES . i, e Blgs e JLA R
BRG], AT A2 AR B ik B O R 1 ) 7, AT T BRI RS HERG 2R . 7E
B RGHE T, W DLl 55 B 7 B A AT 2 A BRI B s T, AR
Jei FH DA B Tk 1) PR A R

(2) HFMT AR RHR: AT H AR IR H A58 500 10 M 2 5N R
NS, BT Hbrz A, BUESIRIE S HART AR R R E(E BB UK,
R HIRAT AR RERG I R OGS G RR i — P K ke .

(3) MEBT IR DA B SR 7 SN s R E X
5 R UG IR U DTN B . B AT, BRI H S 1) B S AR
SRR BRI R, KRMEGTERMREME. Bis. B, RRER
AT B SRR G R U 2 B BT Bl SaAh, R E A3 i G A
BREFEEE . B ZPE S R bR vE AR SRR B Y R AT .

(@) VNHLEI AT b UG HER BTN HLE R — PR, A
VT R R S AN RIS, A &M B Bl eI 7 VA0 N T3Pt 2 fi
ZER, DR ey i G R 25 SR AT B A BBV T R R NIRRT, R
SKAT DL MG AR T R 5 SCRIRE 78 MRS AR 25 160 B b Hh O, 2 T B e,
FERARG R, BBV HORRE S AT 02 A TE 2R G TG
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