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Evaluation uncertainties in Image-Caption Retrieval

R N

Hama Kenta

NS
Matsubara Takashi

B R

Uehara Kuniaki

MFE KT KFEBEY AT LIEHRFAZER

Graduate School of System Infomatics, Kobe University

Deep learning algorithms are able to learn powerful representations for many tasks. These models’ outputs are
often taken blindly and assumed to be accurate, however, which are not always the case. This blind assumption
causes many issues such as Al unsafety and social bias. Therefore, a meaningful measure of uncertainty is essen-
tial. It has been shown that Monte Carlo (MC) Dropout can model epistemic uncertainty, and enhance model
performance in machine learning tasks. In this paper, we propose an evaluation method of uncertainty in image
caption retrieval and verified its significance by qualitative evaluation. Also, we show that a learning model using
MC Dropout improves accuracy in image caption retrieval.
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EUWMALLT TV —ya VP Re BB THREEF T
5. ZhoD7 VT XLDE L, AICIERTE 0w A
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FHIid 2 DIXHEETH D, Ub LMot e v 5 8
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B EDOETVOAE» SIEZOERIZL > THHES I
B2 IR EBDEAET 5. AWIZETIE, ETIVDIRT X RPOMEE
U 2 M X (epistemic uncertainty) &, HI1IZ%
TELETNOMEEAEVERT FHIAMADI Y B E— (pre-
dictive entropy) Z#k 5. epistemic uncertainty l&+43 7%
BT =BT L, ETIVHRREOLHEPrI LRI ON
% [Kendall 17]. Bayesian neural networks (BNN) [MacKay
92] 1% epistemic uncertainty % i3 2 HHED D TH 5.
BNN =2 —F 3y b7 —27 DEIH D 5 FHIH G D
CIRET D, ZZT, 2y NI —2DEAZMEEY TV,
ZDOHIIDT V% [ B & T epistemic uncertainty % M€
&% [Gal 16].
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ZABIENTELHTMDR AL L BB MHEE A>T WS,
7 TV MORMED S OFHIIFERD S, & BWRESE AT
5552 —HIRET, VAT LADFE T — R ORE LR LE
HFIZHSES. X—7 v MIOAHE» S OFMFE RN S, &
T BMERRE R A 2 TREOWRE 2 M 5%, HifT ¥ 2 MR
BCIAMELP S IZEDL A ERIZY AT LOWFEIZE > TEHET
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FiEEREL, T OARMED S DR 72 Bk % B MG Ui
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B2 ERT.

2. BEER

2.1 Bayesian Neural Network (BNN)

Za—INVFxy NT—ZFEAW 2T AXELUTHD.
Hiflidp 0 FETIE, T—ZLy b D= (i,y:), LT, il
SHOEHNEBEEILTZ W 2#fET 2 LHFHTE. N
A AHEETIE W, FaT p(W) 126D LARGE L, B 72
NI AR W TIERL, DITNY 2k fignat p(W|D) %
HETEZe2ABEELTVWS. £EEFLOHNE 7 (2)
&9 %L, BNN OFHHE y 3HE L 7=F8510 p(W|D) 5
Bond W T, fV(x) 2EBALEEE RS,

UL, IBEOEE=2—F )2y N7 — 2 &R D T
ARW %FbH, BiES I CEMAR D, RN EFRET
V. FIT, BRABIELEHEO FIEMREI N TWS. K
IZ, Monte Carlo dropout (MC dropout) [Gal 16] IZ6DE
TN T B RE AT R LU THATES. MC dropout 1,
Fw N7 — 2 ORI E DORIZ Dropout @ Z2EIL, €F IV
D P12 Dropout Z @M U2 SEBEI Xy b7 =205
HA%ET, ZOVHEE2ETILVOHAL ULTHIHT 5. [Gal 16
TlZ, MC dropout 23 % E T IV DL N1 REDELEET
BB EDPBEMNIREINT WS, Dropout DY A7 {15 %
YTV THELNEET VO, EED p(W|D) H 5
YTV W ZHVWTHELE fYV(2) LTS5, &
72, ETIVOREPS X IO HEEFED KL TH O NEED
Whon#E B3 &, ERIZEHETE 5.
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2.2  Visual Semantic Embedding++

HT F A MRBIZBIT S N RTFiEE LT, Visual-
Semantic Embeddings (VSE) [Kiros 14] #*®% 4. VSE
1%, CNN THEOREE % il U, Recurrent Neural Net-
work(RNN) T7 ¥ X b QR 2z HH U, 206 2 FBED
FHE AT RE 2 A O ZE MK 2 CHLD A L. ARAFSE T,
N—2F4 & UT VSE++ [Faghri 17] &IFEIEN 5, VSE
OELEBEUR UBELA LIEZETVEAVS. 20
VSE++ Tl HEH DR E % ImageNet THEFAD VGG A
ResNet %, 7% Z ME LSTM ZH\W\WTHiHEd 5.

VSE++D#HEREHIZOWTHIHT 5. AJJHih & 2 DR
mEEINTN s, he U, ALTFA M e 2ORELZ ZNTH
y, t &35, 2T, HEORHERE L T ¥ A b ORHEE & L8
SN DA LTS % My, M, &3 2 &, M@z Lo,
THFANDREL 2, = Myh, zy = Myt WS TROND.
o DREOHLEL X VSE++TIEEL D cos FLULZ
WTHEAEI NS,

2+ 2y

sim(z:20) = T

VSE++IZIR®D rank-loss & IFIEN 2 R % W CHEERBEZ &
#75.

r(z,y) = max max{0, o — sim(z, z,) + sim (2., Zy)}
9

(1)

+max max{0, o — sim(zz, zy) + sim(Zz, z,) }

Zuy By EANT =& 2,y LEELZRWT — X (Af]) OMdA
AEEEET S, v =YY o 1ZEHET 5T — & (IEH]) & &fl
DHEMEDZZTHTENA =T AR TH 5. rank-loss
ZHAWT, VSE++DEEBBIIL T LS IZERI NS,

N
1
= N § T(x’ﬂ?y’ﬂ)
n=1

U, N BT —28TH 5.

3. REFE

3.1 THEMNMSDER

ETINVOHIOREI T, TOERIZL>TAEL 2/
B I NS [Kendall 17]. AT —XEy hZDHDD
BHEx 2, B A R ENFERE SIS Z NP B S92
& DT ERNAHENZ (aleatoric uncertainty) &, ETILAD
ANT—=ROARRER, TN L DFEALEDEIR L N5 R
M (epistemic uncertainty) T#H 2. A5% Tl epistemic
uncertainty & €FIVOHIIIRTLHEEENTH S pre-
dictive entropy ® ~ D% O #HS. £91% [Kendall 17] 12 &
%, epistemic uncertainty OE % B3 5. BNN Tld7 —
ZEy b D= (ri,y)n, BFERONZLED, AW OF
BaeitET 5. S MEISHMEEDSL G, A1z 0 oR
S5N5FRIME y IFIRD LS ITLTHELND.

L

V() (2)

FE0M p(W|D) BN5 R 5N, Hirzie AJy o™ 28, 25 A
YIS NAHERIFROANTERZSNS.

y|W ~ Categorical(Softmax( f

Py, D) = / (' 1Y (& Np(WID)AW  (3)

1EE A LG, FROMDFEVMENTHN R TR 72, 22497
NA ZFBFANSNE . BHRA ZJETIE, 8T AR 2T
HONE p(W|D) ZEET 2 7-bDN ¢o(W) 2EE, Th
5 =D D414 % Kullback-Leibler (KL) divergence @ /Mt
IZE o TEDIT B, BHRA AEIFH 2.1 IHTHBRARZHIZ, MC
Dropout Tl T & 5. Afifi%E Tl Epistemic Uncertainty @
2 MC Dropout & W2, € FI)ILVOFHIi, @l h
TR HEAMGOEBTH D qo(W) 2T, KX (4) D p(W|D)
CEESWZT, MEOY Y TIVIZEEE YT HIVAFESIZ &
D FRDHTIRD LS 1B 5N,

M

Pyl D) & 22> softmax( Y (2°))

Jj=1

(4)
Z 2T, epistemic uncertainty U, (z*) (ZIXD X S ITEFKT 5.

c M
* 1 1 W’ * 2 *\2
Un(z™) = ol E i E softmax(f i (z")) — E(y|z")
y=1_ j=1

(5)
C B2 528, Wy B (W) 7253 > TL SN FL0
NI ARTHA. £z predictive entropy &, €T IO FH5
fi(4)oTyba¥—e LTEET .

3.2 Image-Caption Retrieval

ZOHiTE, BT F A MK E WD XA 2 HERIRDFE
FATHRZAETS. 1O, FEmzcfificds720, —D20r T
VIZHLTE =7y bBEBEARD ZDDADEEEE X
5. 27X )%k, EWE y, AllE ' L T5. ZOLE, Ko W
Wiy 7218 o ZIBHERD, KLY X VRIS L ARE
5. mad, REy ZMBHRIZIRO LSRRI 5.

e By 6
p(ylr) = m (6)

ZIT, Rt REy HEZoNTWDEGE, NELE

logp(y|z) DEKRALIZE > THHEEFETES. logp(y|z) 1R
DEH>ATRINS.

1
logp(ylz) = 10gm

—softplus(—E, + E)

P> T, NEOLIE logp(y|z) DieRAbIZ, A softplus(E, — Ey)
Zi/MET 52 2 &E L. T D softplus BIEX (logistic loss)
&, max(0,7) (hinge loss) IFE\WIZEME LTS AW SR
5. 72 2N HEMEIZBWT, HIWEEEUZ logistic loss ® L
< 1% hinge loss & W= 5E OFAIER PR IC s Z &
ZHIS T W3 [Bishop 06]. 22T, TAAVF—BEKE, %
E, = —sim(z,y) EIRET S &, logp(y|r) DEKALIZA (1)
OE/MEEIFEAEEMTHD. 7TV R—=T Y FDRAA
VEANEZSZZ LT, A1) OFEHEIELTERKEDZ
ENERB. METHIX, ERLOMRIGIZE I 2 /]BOLE DK
KAbIE, VSE @ rank-loss DE/MEEEFE LW ERIRTE 5.
WIZ, 2= SO 2 DU EOBEEEZER L. ZOHA,
o DVRIE y 2B HERIFIRD LS IZRIND.
p(y|x) = softmax(Fy) (7)
Effe Ry G2 5NTVWBEYA, ZOMEIKL 2 I
ANFEEE LTINS N5, 2ME0HMEIZEB 1T 5 softplus
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3% 1: Results on the MSCOCO dataset

Dropout Caption Retrieval Image Retrieval
Model VGG GRU #models R@1 R@5 RQ10 Medr Meanr R@1 R@5 R@10 Medr Meanr
VSE++(baseline) O X 1 49.6 78.6 88.2 1.8 6.0 37.3 72.2 84.3 2.0 9.2
+ dropout O O 1 50.1 78.6 87.8 1.6 6.2 38.1 73.1 85.2 2.0 8.5
+ MC dropout O O 1 43.2 73.7 84.2 2.0 8.0 31.2 65.1 78.6 3.0 13.9
+ MC dropout O O 10 49.3 79.2 88.6 1.6 6.2 374 72.3 84.8 2.0 8.7
+ MC dropout O O 30 49.8 79.1 88.6 1.8 5.9 37.9 72.9 85.0 2.0 8.4
+ MC dropout O O 50 50.4 79.5 88.5 1.6 5.9 37.5 73.0 85.2 2.0 8.5

FE%L L hinge loss DBI£RIL, softmax BE%L & multi-class SVM

OEEHBE OBBREALTHL. ZOWERTI, £ T A0

MBIz B 2B ER AL, VSE © rank-loss f/MEDS

FEAEEMTH B L NI EZIZEDNT, BT F 2 MMEK

RIZBT BTV 2% 16T 5 epistemic uncertainty % XD
SITREHT .

1 c M
~ — — ft
C;Mz:: softmax (E

=72 L, E(ylz*) 7 Z  softmax(E;y),  Ejy
sim(za;, 2y;). E72, 2oy, 2y, i%ﬁ’b%ﬂ Frey 779 bz
AWz x,y ®© § BIHOMDAARITH 5.

-E(yx)* (8

~
~

4. =EB-#BER

MC dropout (25 1) 2 MEBEKEE 2 MR T 5720, IRDH
FREAT 78572, FRITIE Microsoft COCO (MS COCO) [Lln
4] T—Xey hEHWE., £727— X050 EIE [Faghri 17]
&R, A R 113,287 #, MREEMHEH 1,000 #, FEALH
Hifk 5,000 B0z U7z, F 7z 3l X Ei4 1,000 DD T 5
[\ 5 D35 % N Pz, BRI I IZ A iR I2 K & X 224 %224
DIVvRLrBy TEEAL, FHliE K E X 224x224 TRV
R—ray SR TR -5 7.

AIHFE T, VSE4++D T F A MiloT Y a—XTH 5 GRU
ANDANEH T, Kay Iy NEEEHT 5. 72770, b
Bl a— &fﬁ)é VGG EF Tz Rry 77y l\fﬂL
FAFEATH D720, FLULEIZEML W, HEZEMORIEIE
2048 I T, HEEDOIMDIAARILIZ 600 L, Kay 777 h
RIZ0.1 THEHEET RS2, TOMDT A X PRE(ET VT
Y A LIEET [Faghri 17 D6 O %A L2,

MR, ER T F A MRZEIZBE W T RQ1, RQ5,
R@10, Med 7, Mean r 2\ %. RQk %, FHili7— X th4T
DTV UT, EfRE 52—y M DIREFEED k HH
PNIZEEN2EEE2ET. Med r 1k, 2TDOI T DIEMEE
2B R—=7y NOIENLOHFIMETH D Mean r (ZEHTH 5.

FEHRIIER 1 D512 57. Baseline i Fay 77w Mg
% GRU IZEMU TWARWEE D VSE++TH b, Baseline +
Ray 772 M, GRUIZ KTy 777 bk &2B0U 2EIR%
ETOEAZMAT 2 (weight averaging) ETVTHD. %
U CTHIRETETH % Baseline+MC dropout 1%, FEMifFZ MC
dropout ZFH\ 7z, £ 1 9560405 & 517, baseline + Fa vy
TT Y MEIESMBROREE & LI, IBEFRIEI S22
Mo, TFAMNRRBOWHEZM LIV TWE. T 7z, FHIiFFD
Yo TPIWVEPRKRENEEREDH LT 2 I LR TE .
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1: Left is RQ1 for image retrieval. Right is Ri@1 for text
retrieval. Horizontal axis means the rate of decreasing the
query.

0.8 1.0

5. MREE

ZOfITIE, EELEAHEP I PRRBEZAZIZBEWTHED
EEMGEY 5. predictive entropy 1& FHIFERIZH T 5 €
TILVDHEFEDOEAWELRT. K1 EFHET —2D 27T 1o
predictive entropy DK EWTF — X E2RELZRDS, RQ1 Of
270y bULZbDTHS. TFAMRER () B&, RET
LEEMWRELRDIFEREED A ELTWAS 70, predictive
entropy 7 TV =5 X =7y b2 TFHTEZ DL X %
HATWEEEZOND. UL, HERE (5) OLE I3HEE
PMEFLTWS, B2 S TF A NAORRIZIFET— 22y
b~ ORI, — D OHEGISN T BIEMD T XA M5 DIFEL,
rank-loss 1& & CIZEBEHPEL & S I1I2¥B %2175 . predictive
entropy V/NEWF—RIZENL—DD T F A MK L Tiliff
MEEITED L R LT, PULFAEDP EF K TETWIRWATEE
MWRid 5. Iz, FHIFHDF— X £ v AT predictive entropy
BREVANT =R ENEWANT =R KR U M2 131
BT predictive entropy DR KDH D% b SIEIZ, FEIZ/N
X WIEIZFRR L TW5. predictive entropy 53K & W HifR I3 AE
X E 7 EDEWIINE 5 TV B RN N DS, NS WHGRIZ A D
HEosTWbEDNE W, ZIREGERIRICEWT, ADHGIX
YLD HFERICE < L:?Z’. S5ND 70, WANEREN SN 2D
7ZeEZOND. £7-3K 2 14, predictive entropy DK &\ 7
FARENSVWTFFAIDOHITHS. KEWTFFA ML, BAR
HEDBRNLFETH B0, NS VT F A MR % BRI 3
LTWABTFARNIHE-2TWVS.

IRIZ, 2% U 72 epistemic uncertainty 2358 A& % #UE19
LZMEDPERGET 5. X 3 1EFI# T — X112 MS COCO % H
WC, #Hii T — 212 flickr30k [Young 14] @7 — X 1000 4%
w754, MS COCO 7 —4£ 1000 B & H W2 HED A
J15 — & D epistemic uncertainty D A~ 7' I LA TH 5. FF
filiT — RIZFEE T — & & 8725 fAickr30k % AW 2856 D 58,
epistemic uncertainty S K EWZ &S, ZORMEN X A3
DRRERATVD ZLDHERTE 5.
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2: Examples of input images in MSCOCO dataset with high and row data uncertainties.

The top row shows top 5

examples with high epistemic uncertainty. The bottom row shows bottom 5 examples.

& 2: Examples of input texts in MSCOCO dataset with
high or low data uncertainties.

highly uncertain texts

- A person is doing something that is quite fun.
- A person is separated from everyone else in the picture
and doing something there.

lowly uncertain texts

- A bench is sitting amongst the trees and the bushes.
- A boat floating on a lake next to a shore.

201 MSCOCO
401 Flickr30k
>
2
< 301
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0 201
101
0.0006 0.0008 0.0010

epistemic uncertainty

3: Distribution of epistemic uncertainty. Blue denotes
MSCOCO, and red denotes Flickr30k.
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6.

AR TIE, MEBX A7 2B 2N X DFaEE LT epis-
temic uncertainty & predictive entropy % #Hlid % fHik% H
EL, TNODPERDOHLEETH D Z & 2 EMENERRIZ LD
DD, £z, THEN S DFEMID 72 F\ 72 MC dropout &
WS FEDN, MEBEXAZIZBWTCHEEZM XY 2 & 2R
U7z, SBOMEE U T, O HED S DEZRDRET X, A4
TR ONT- RN X OEEZ AW THREBEOFEMEfEZ W L X
W5 HEOEE, RIS EHVEFEHRREDNTARDH
i 2B ZTW5. RiSIZHREE SCOPE(ZAMN &S
172107101) DEFE%Z I Tiibh Tz,
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