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wiki dataset

Flickr30k
dataset

Martin Luther King's presence in Birmingham was not welcomed by all in the black community. A black attorney
was quoted in "Time" magazine as saying, "The new administration should have been given a chance to confer
with the various groups interested in change." Black hotel owner A. G. Gaston stated, "I regret the absence of
continued communication between white and Negro leadership in our city." A white Jesuit priest assisting in
desegregation negotiations attested, "These demonstrations are poorly timed and misdirected.” Protest organizers
knew they would meet with violence from the Birmingham Police Department but chose a confrontational approach
to get the attention of the federal government. Reverend Wyatt Tee Walker, one of the SCLC founders and the
executive director from 19601964, planned the tactics of the direct action protests, speci|cally targeting Bull
Connor's tendency to react to demonstrations with violence. "My theory was that if we mounted a strong nonvielent
movement, the opposition would surely do something to attract the media, and in turn induce national sympathy
and attention to the everyday segregated circumstance of a person living in the Deep South,” Walker said. He
headed the planning of what he called Project C, which stood for "confrontation”. According to this historians
Isserman and Kazin, the demands on the city authorities were straightforward: desegregate the economic life
of Birmingham its restaurants, hotels, public toilets, and the unwritten policy of hiring blacks for menial jobs
only Maurice Isserman and Michael Kazin, America Divided: The Civil War of the 1960s, (Oxford, 2008), p.90.
Organizers believed their phones were tapped, so to prevent their plans from being leaked and perhaps in'uencing
the mayoral election, they used code words for demonstrations. The plan called for direct nonviclent action to
attract media attention to "the biggest and baddest city of the South".Hampton, p. 126. In preparation for
the protests, Walker timed the walking distance from the Sixteenth Street Baptist Church, headquarters for the
campaign, to the downtown area. He surveyed the segregated lunch counters of department stores, and listed
federal buildings as secondary targets should police block the protesters’ entrance into primary targets such as
stores, libraries, and all-white churches.

Gray haired man in black suit and yellow tie working in a financial environment.
A graying man in a suit is perplexed at a business meeting.

A businessman in a yellow tie gives a frustrated look.

A man in a yellow tie is rubbing the back of his neck.

A man with a yellow tie looks concerned.
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Common space learning
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Efficient Estimation of Word Representations in
Vector Space

The quick brown fox jumps over the lazy dog.

INPUT PROJECTION OUTPUT

Source Text Training
w(t-2) Samples

.quick brown [fox jumps over the lazy dog. == (the, quick)
(the, brown)

w(t-1)

The brown |fox |jumps over the lazy dog. ==  (quick, the)
(quick, brown)
(quick, fox)

w(t) >

The quick- fox|jumps|over the lazy dog. == (brown,the)
(brown, quick)

(brown, fox)

(brown, jumps)

wi(t+1)

w(t+2)
The|quick brown.jumps over [the lazy dog. ==  (fox, quick)
(fox, brown)
(fox, jumps)

Skip-gram (fox, over)
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Output Layer
Softmax Classifier

Hidden Layer
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Imge Modality

Text Modality

Friends playing a
game of Frisbee
in a green park
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Table 1: General statistics of the four datasets used in our
experiments, where “*/*” in the “Instances” column stands
for the number of training/test image-text pairs.

Dataset Instances Labels | Image feature | Text feature
128d SIFT 10d LDA
4,096d VGG | 3,000d Bow
Pascal Sentence 800/200 20 4,096d VGG | 1,000d BoW
NUS-WIDE-10K | 8,000/1,000 350 4,096d VGG | 1,000d BoW

MSCOCO 66,226/16,557 500 4,096d VGG | 3,000d BoW

Wikipedia 1,300/1,566 10

PG KRR SR B T VGGHIfCT J5 HI4FE, SCASKR
fiE >k H T-BOWZR &= £E 5t %5 TF-IDF AL
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I G, |::> Intra-modal Limd(Oima) = - Z(yi - (log pi(v;) + log pi(t;))).

,l discrimination loss i=1

Label Prediction C,

Limi,v(0y)= Z (€2(vi, 1) +A - max(0, g1 = L2(vi, 1),

|
|
| + =
: § i.j.k
: | Triplet (vi’ri ) Inter-modal
Constraint - invariance loss -
' 2 (tv7,07) Limi,7(07)= Z (Ca(ti, v )+ A - max(0, p = L2(ti, ).
| Structure Preservation ik
e
d |
\ - Image | odal | 1 n
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I
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(é‘Vv é‘?’» éimd) = arg min (-'Eemb(g"lf's 9‘?"-! gimd)_-ﬁadv(éD))v
O 0730

I‘534[;'!' = arggma}: (-Eemb(é"‘lf& é‘?"s éimd} — Lad(0p)).
] D

Algorithm 1 Pseudocode of optimizing our ACMR.

Initialization: Image features for current batch: V = {vy, ..., vp};
Text features for current batch, 7 = {t1, ..., th};
Correseponding labels for current batch, V' = {y1, ..., yn}:
hyperparameters: k, A, a, f;

m samples in minibatch for each modality;
update until convergence:

1: for k steps do

2:  update parameters 0«,, 04 and 0;,,,4 by descending their

stochastic gradients:
Oy Oy — - Vo, 5 (Lemp — Lado)
O «— O — H - Vﬁ‘rr%(-!:emb - Ladv)
Oimd < Oima — 1 - Vo, . %(-’Eemb - Ladov)

end for

update parameters of modality classifier by ascending its sto-

chastic gradeints through Gradient Reversal Layer:

Op « 0p +pu-A-Vg, %(-ﬂemb - Ladv)
9: return learned representations in common subspace: f/ (V)

and fq(7) 14
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Methods Shallow feature Deep feature
Img2Txt Txt2Img Avg. | Img2Txt Txt2Img Avg.
CCA 0.255 0.185 0.220 0.267 0.222 0.245
Multimodal DBN 0.149 0.150 0.150 0.204 0.183 0.194
Bimodal-AE 0.236 0.208 0.222 0.314 0.290 0.302
CCA-3V 0.275 0.224 0.249 0.437 0.383 0.410
LCFS 0.279 0.214 0.246 0.455 0.398 0.427
Corr-AE 0.280 0.242 0.261 0.402 0.395 0.398
JRL 0.344 0.277 0.311 0.453 0.400 0.426
JESSL 0.306 0.228 0.267 0.428 0.396 0.412
CMDN - - - 0.488 0.427 0.458
ACMR (Proposed) 0.366 0.277 0.322 0.619 0.489 0.546

Table 2: Comparison of the cross-modal retrieval perfor-
mance on the Wikipedia dataset. Here, “-" denotes that no
experimental results with same settings are available.

T HEPR: mAP, PRIHTZk
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Pascal Sentences NUSWIDE-10k
Methods
Img2Txt Txt2lmg Avg | Img2Txt Txt2Img Avg Methods ImgTxt TxtZimg Avg
CCA 0.363 0219 0291 | 0.189 0.18%  0.189

CCA(FVHGLMM)[14] | 0791 0765 0778

Multimodal DBN | 0477 0424 0451 | 0.201 0.259  0.230
CCA (EVGMM+HGLM) [14] | 0809 0766  0.788

Bimodal-AE 0.456 0470 0458 | 0327 0369 0348

LCES 0442 0357 0400 | 0383 0346 0365 DVSA [12] 0805 0.748 0777
Co-AE | 0489 0444 0467 | 0366 0417 0392 m-RNN [19] 0835 0770 0803

JRL 0504 0489 049 | 0426 0376 0401 m-CNN [18] 0841 0828 0835
CMDN 053 053 0534 | 0492 0515 0504 DSPE [33] 0892 0869  0.881
ACMR (Proposed) | 0.535 0543 0539 | 0544 0538 0541 ACMR (Proposed) 0932 0871 0.902

Table 3: Cross-modal retrieval comparison in terms of mAP  Table 4: Cross-modal retrieval comparison in terms of mAP
on Pascal Sentences and NUSWIDE-10k dataset. on MSCOCO dataset.
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I t‘:'1
|
C ,:> Intra-modal
2
’l discrimination loss
I| Label Prediction C,
|
| b -
|| Triplet (L’,-,Ij ) Inter-modal
I"1 Constraint : - invariance loss
I (rj"lvj"'lv '}
|Structure Preservation
P
.
\ Image
' Inter-modal
T ‘ d jal |
'L | Text adversarial loss

Methods

Wikipedia

Pascal Sentences

Img2Txt Txt2Ilmg

Avg.

Img2Txt Txt2Img

Avg.

ACMR (with Lim; only)
ACMR (with £;,,4 only)

0.352 0.430
0425 0413

0391
0.419

0.289 0.274
0.533 0.453

0.282
0.493

Full ACMR

0509 0431

0.470

0535  0.486

0.511

Table 5: Performance of cross-modal retrieval using the pro-
posed ACMR method, ACMR method with £;; only, and
ACMR method with £;,,; only.

Lo ~intra-modal, L, & ~inter-

modal
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Dual-Path Convolutional Image-Text Embeddings
with Instance LosS

Image: Deep Image CNN 1x1x29783
224x224x3

fing
1x1x2048 1x1x2048

M2x112x 64 56 x 56 x 256 28x28x512 14x14x1024 7x7x2048

fc Wsh
RES 1 RES 2 RES 3 RES 4 RES 5 Avg . it In.;_tance
BLOCK BLOCK BLOCK BLOCK BLOCK Pooling — 0ss

Ranking Loss

Deep Text CNN
Text: word2vector (init.) P 1x1x29783
1x32x20074 text
1ld 1 1x1x2048 1x1x2048
A_cluld ina S — — 1x16x512 1x8x1024 1x8x2048
pink dress is

fc* [f Wsh
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Deep Image CNN 1x1%29783

fing
1x1x2048 1x1x2048

Image:
224 x224 %3

1M2x112x64 56 x 56 x 256 28x28x512 14x14x1024 7x7x2048

fc [/ Wsh
RES 2 RES 3 RES 4 RES 5 Ao [, thare JnsLtance
BLOCK BLOCK BLOCK BLOCK Pooling 0ss

Ranking Loss

Deep Text CNN
Text: word2vector (init.) P 1x1x29783
1x32x20074 fick
ild i 1x1x2048 1x1x2048
A.cluld ina S—— — 1x16x512 1x8x1024 1x8x2048
pink dress is

fc* [/ Wsh
climbingupa  RES1* RES 2* RES 3* RES 4* RES 5* Pt::‘;ﬂ‘ — [ ==/ [Instance
set of stairs in ~ BLOCK e BLOCK BLOCK BLOCK 9 Loss

an entry way.

AbF B4 — AN FE ImageNet il 25 i ResNet-
50, AL PRI A — > RAlResNet-50 /) A 2=
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1x1 x29783 “

Tx1x2048 1x l x 2048 image anchor
.

Wsharc Instance Lmnk = ?nam[o‘} U — (D(ffﬂ? fTa) o D(ffa! an))T
PooIIng Loss | i Erna:r:[{}, a-(D(fr,,fr.) - D(fr,, f1, ))]g

! text anchor

Rankmg Loss
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Lvisuul — lﬂg( visual (C))

Wshare ‘ T
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1 {EFlickr30k, MSCOCO, CUHL-PEDES_F 47 7 vFi|

, Image Query Text Query

Method Visual Textual R@! R@5 R@I0 Med |R@1 R@5 R@I0 Med r
DeVise [5] ft AlexNet ft skip-gram 45 181 292 26 | 6.7 219 327 25
Deep Fragment [6] ft RCNN fixed word vector from [58] | 16.4 40.2 54.7 8 | 103 314 445 13
DCCA [39] ft AlexNet TF-IDF 16.7 393 529 8 126 31.0 430 15
DVSA [32] ft RCNN (init. on Detection) w2v + ft RNN 222 482 614 48 | 152 377 505 9.2
LRCN [60] ft VGG-16 ft RNN 236 466 58.3 7 175 403 508 9
m-CNN [7] ft VGG-19 4 x ft CNN 336 641 749 3 262 563 69.6 4
VQA-A [18] fixed VGG-19 ft RNN 339 625 745 - 249 526 6438 -
GMM-FV [17] fixed VGG-16 w2v + GMM + HGLMM | 350 620 738 3 1250 527 660 5
m-RNN [16] fixed VGG-16 ft RNN 354 638 73.7 3 228 50.7 63.1 5
RNN-FV [19] fixed VGG-19 feature from [17] 356 625 742 3 274 559 700 4
HM-LSTM [21] fixed RCNN from [32] w2v + ft RNN 38.1 - 76.5 3 12717 - 68.8 4
SPE [8] fixed VGG-19 w2v + HGLMM 40.3 689 799 - 297 60.1 721 -
sm-LSTM [20] fixed VGG-19 ft RNN 425 719 815 2 1302 604 723 3
RRF-Net [61] fixed ResNet-152 w2v + HGLMM 476 774 87.1 - 354 683 799 -
2WayNet [49] fixed VGG-16 feature from [17] 498 675 - - | 360 5506 - -
DAN (VGG-19) [9] fixed VGG-19 ft RNN 414 735 825 2 | 318 61.7 725 3
DAN (ResNet-152) [9] fixed ResNet-152 ft RNN 550 81.8 89.0 1 394 692 79.1 2
Ours (VGG-19) Stage I fixed VGG-19 ft ResNet-507 (w2v init.) | 37.5 660 75.6 3 |272 554 676 4
Ours (VGG-19) Stage 11 ft VGG-19 ft ResNet-50" (w2vinit.) | 476 773 87.1 2 | 353 666 782 3
Ours (ResNet-50) Stage 1 fixed ResNet-50 ft ResNet-507 (w2v init.) | 412 69.7 78.9 2 | 286 562 678 4
Ours (ResNet-50) Stage II ft ResNet-50 ft ResNet-50T (w2v init.) | 53.9 809 89.9 1 1392 698 808 2
Ours (ResNet-152) Stage I fixed ResNet-152 ft ResNet-1527 (w2v init) | 442 702 79.7 2 1307 592 708 4
Ours (ResNet-152) Stage II ft ResNet-152 ft ResNet-1521 (w2v init) | 55.6 81.9 89.5 1 391 692 809 2




ZxHr Btloss

Image Query Text Query
Method Stge | p@1  R@10 | R@1 R@10
Only Ranking Loss I 6.1 27.3 4.9 27.8
Only Instance Loss I 39.9 79.1 28.2 67.9
Only Instance Loss II 50.5 86.0 349 75.7
Only Ranking Loss II 47.5 85.4 29.0 68.7
Full model 1T 55.4 89.3 39.7 80.8
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ZIE =

Methods Image-Query R@1 | Text-Query R@1
3000 categories (Stagel) 38.0 26.1
10000 categories (Stagel) 44.7 31.3
Our (Stagel) 52.2 37.2
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Position shift

Image Query Text Query
Method R@l R@I0 | R@I  R@IO
Left alignment 34.1 73.1 23.6 61.4
Position shift 39.9 79.1 28.2 67.9
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2 Sword2vect] i54k,

Image Query Text Query
Method R@l R@10 | R@l R@10
Random initialization [52] 38.0 78.7 26.6 66.6
Word2vec initialization 39.9 79.1 28.2 67.9
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VSE++: Improving Visual-Semantic
Embeddings with Hard Negatives

mp(i,c) = max lo+s(i,c) —S(f}(?)}_l_ + max a+s(i'c) —s(i,c)}+ :
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Thanks!
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