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Image Captioning with Saliency Maps
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In recent years, due to advances in neural models for representing images and language, multimodal tasks like image
captioning and visual QA have grown in popularity. Typical approaches are based in neural MT models where image
region-text alignments are coupled with RNNs to generate captions. However, current approaches have difficulty covering
all important regions in caption generation. To address this shortcoming, we introduce a novel image captioning system
where salience maps are used to extract and featurize the most important image regions. In this paper, we propose several
methods of generating features using saliency map and evaluate their impact on image captioning.
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IAMIEL, Fioo st IeNFHEINLIBNNHH. DI,
Visual Attention &7 /LI BI7RIZ2 B2 B O BEMEL WD
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FTHRITN 1, TNLSDORIEA 0 &72% one-hot vector &1
5. ZIVEIEfET —4#ELT MLP OFIEAT).
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3.4 LSTM

AT TIREATIE RS LIC2/E D LSTM & VW5 [Jin
2015]. 1@ H® LSTM %3 (4), (5), (6), (7), (8), 2/@ H »
LSTM %(9), (10), (11), (12), (13)IZ7R7".
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0,7 =
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r® = oPtanh (™) (8)
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FERFMER, AR T, £, HFXFEOL LT LSTM ofgx,
TILEHR OS2, o, tanhlZZNEFN T EAREE,
NANKRY B Y = N AR T, LSTM TR FFEED
Wt 512 L7z

3.5 HFEDFA
2 JEH® LSTM D /1% Embedding L, ZDfE% Softmax

B A~ASTHZLT, ZTORLITOKBEED HHEMERNE
HENSD. Zhii(14), 15) DI EHETEA.

Vout = Wh(z)hEZ) (14)
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G, L ITAA TS, S IE# | M SShnD
B OEAE, wiP 13 t & HOEw™ KL HBIL
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EDO X G L 70D /3T A—213 4% Embedding DDA RLT
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ARTFEOFHEZIT Chainer [Tokui 2015] % F -

ETVOINFINE, KT LTI LELT ADAM
[Kingma 2014] ZFIH L7z, ZOEE, NA/R— T X—H X
«=0.00005, $;=0.9, ,=0.999 +L7=. F7=, I= T EHELT
W, NyF YA RF 25 LT

42 T—REYk

F2BR1Z1E Microsoft COCO [Lin 2014] (MSCOCO)D 5 —#
%\ %. MSCOCO TIXEMEOFIA LD H B RS A0 DX
EEFHITLRT 4 a BIRESNTERY, T0HOT —4
Ty RRABEN TS, Jr i MR BN — Y72 E 8 1
HT0IZ 5 SOFMPALBAFTTHESN TN, FIFEE R EL
T 82,783 #, FEAMMEI LT 40,203 A HE STV,

M~y 7 O HIZIE SALICON [Jiang 2015]5 —4 &
R’ 5. Zhid MSCOCO o7ty hE LT, i niE

FMe~ T H BT DR E A B T 4 ar DTeDICHE
SINT=T =2y THY, BRI AT CHEM,~ Y 725X
NT5. GFHT 15,000 O EREASHEIILTWA.

4.3 R—=RSIAMVF%

FEETIL SALICON 7 —% & v &5 7%3, SALICON 7
—Z Y NCEREZIT > TODBEENFTRIT 2o TH7Ru.
FDTW, FATMREBEZEICR—ATA L FIEZEEL, R
DL EIT 7=,

NR— 2T A FIEIZIE[in 201510 FiEE vz, 72720, 4
[m1iE Visual Attention €5 VL IZRFEHETHY, £7~ Scene
Vector OIERR S 5% 3.3 fHiDbOIZHAE LT, K1 OO
PAR—RTA L RIS T 5.

4.4 EEEHE

(1) EER1:thDFEEDLLEREER
FIEL = R—ATA L FIELMOTET NV ED L LR ZIT-
77. ZOEBRIT, MSCOCO Do ~XF 43 a0 Tl Tb
DEFED R THDOET NV EREE L, X—R2T A F
N7 R CHHI L AR THI LA HINET 5.
ZDOEBRTIE MSCOCO OF —4&HWTET LDIIfHE
S ZATV, BEEME~ T O HRIT AV,

(2) =B 2:FEEMIEIROAEAMERIIESR

1 DO BEE VRS R OA A MGET 2 EREITo7-. 20
EER IR DG HE2 AW FIEORREREET 572012,
BEE M~ 7 12i% SALICON 7 — o h Tt s 47271
527 R=AFGA U FikE, N—ATA L FIEICHREEDE
WMAEMAIANTR B T IEEZ T A CHELOEROH
FAPEEMGELTZ.

ZDEBRTIEL SALICON 5 —# % vk 15,000 A O M #wp
FAWT 5 53 FBIa2 254 E (FI#E % 12,000 £, #FME % 3,000
BO)&EAT 7.

45 EEREH

FEROBTLEE LT, I SCO RS SN H EEE OB kA
1To7=. FBACOEEIETIL, MSCOCO DFIFHE I fT 58
TWDIIA LD TOHGEE/NCTFICEHRL, RO VAR
DOHIREST 7=, KB HFEOH] bR CIEF A SCH B9 D HEES
¥z, HEIEEY 10 [BILLF O HFEX <unk>” LW EEEIC
BT, FT-, HAHASIOSCEEESIRIC, TEOBEY KD
NEFT7<SS” "<E>" LUV R R S A BN L. ERR AL
PRIZ IV EAEBIIZ, 7,229 BEEDRFENSERSIL, ZHEHWT
EEREIT T,

FMFEIZEIZ1E, MSCOCO DFFifEELL CEFZSN TS
[Chen 2015] BLEU-1, BLEU-2, BLEU-3, BLEU-4, METEOR,
ROUGE-L, CIDEr Z vz, W iLh, FHRISNIZ#H S IE
RO L EENTZ T — L WD E R T 2FeE L 72> T
W5, BB A B 572012, MSCOCO b ARSI TV
% Python evaluation API [Chen 2015]% Fv 7=

4.6 EEHER

D FIEL DO FEROR RER LIS, BHEMEOFEO L
B FEBRAE R AR 20R T

F1kv, 4 EIFEL-EF /1L [Karpathy 2015]&01EE <,
[Jin 2015]X0ITRV B EE L Ap o 7=, 2D, BAE RIS O K&
EERALIESES, WTHORMERE T2 E AW oio i
B ROREED M 422 AHEFR TE72. average pooling, max
pooling 1ZIFIFFIFEE L7~ 7.



K1 DOFiELOHEERR R

FE4 B-1 B-2 B-3 B-4 M R
[Karpathy 2015] 0.651 | 0.464 | 0.321 | 0.224 | 0.211 | 0.475 | 0.697
[Jin 2015] 0.697 | 0.519 | 0.381 | 0.282 | 0.235 | 0.509 | 0.838
N—AFAFiE | 0.660 | 0.479 | 0.348 | 0.259 | 0.225 | 0.490 | 0.791
#2 BAEVEOR FAMERRGEEERE R
FH4 B-1 B-2 B-3 B-4 M R C
N—2FAFiE | 0.648 | 0.465 | 0.327 | 0.231 | 0.212 | 0.526 | 0.634
e i
*Eﬁi(# 0.662 | 0.484 | 0.344 | 0.245 | 0.221 | 0.536 | 0.688
(average pooling)
-, ‘;‘é i
mei(# 0.663 | 0.483 | 0.343 | 0.245 | 0.221 | 0.536 | 0.681
(max pooling)
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a person that is playing a video game

a bearded man is sitting in a chair with a controller

the man is sitting in his brown recliner

a long haired man is sitting in a recliner playing video games
N—=2F A FiE

a man sitting on a couch with a laptop
22 TiE (average pooling)

a man is holding a wii remote while sitting on a couch
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25.
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