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Query Language

The man wears a pink t-shirt
and khaki pants. His shoes are
black with white soles. He
wears glasses and carries a
bag over his shoulder.
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a yellow and
black train on a
track.

(3) HWEHHEES

a traffic light is
on a city street.
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1. A black and white dog is running in a
grassy garden surrounded by a white
fence .

2. A boston terrier is running on lush green
grass in front of a white fence .

3. A dog runs on the grass near a wooden
fence .
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1.Unifying Visual-Semantic Embedding with Multimodal Neural

Language Models

Learning Deep Structure-Preserving Image-Text Embeddings

Dual-Path Convolutional Image-Text Embeddings with Instance Loss
Dual Attention Networks for Multimodal Reasoning and Matching
VSE++: Improving Visual-Semantic Embeddings with Hard Negatives
Learning a Recurrent Residual Fusion Network for Multimodal Matching
Look, Imagine and Match: Improving Textual-Visual

Cross-Modal Retrieval with Generative Models

Bidirectional Retrieval Made Simple

9. Learning Semantic Concepts and Order for Image and Sentence Matching
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%\\ Multimodal space

MW’”

Steam ship at the dock

CNN - LSTM Encoder

mm ZZmax{U a — $(x,v) + s(x, v }+22max{0 a—s(v,x) + s(v,xx)}

Kiros R, Salakhutdinov R, Zemel R S. Unifying visual-semantic embeddings with multimodal
neural language models[J]. arXiv preprint arXiv:1411.2539, 2014.
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Fhickr8§K

Image Annotation Image Search

Model R@1 R@5 R@10 Medr | R@1 R@5 R@10 Medr
Random Ranking 0.1 0.6 1.1 631 0.1 0.5 1.0 500
SDT-RNN [6] 4.5 18.0 28.6 32 6.1 18.5 29.0 29 -
T DeViSE 4.8 16.5 27.3 28 5.9 20.1 29.6 29

T SDT-RNN 6.0 2277 34.0 23 6.6 21.6 31.7 25
DeFrag 59 19.2 27.3 34 5.2 17.6 26.5 32

T DeFrag [15] 12.6 329 44.0 14 9.7 29.6 42.5 15
m-RNN [7] 14.5 37.2 48.5 11 11.5 31.0 42.4 15
Our model 13.5 36.2 45.7 13 104  31.0 43.7 14
Our model (OxfordNet) | 18.0  40.9 55.0 8 125 37.0 51.5 10

Table 1: Flickr8K experiments. R@K is Recall@K (high is good). Med r is the median rank (low is good).
Best results overall are bold while best results without OxfordNet features are underlined. A T infront of the
method indicates that object detections were used along with single frame features.

Flickr30K
Image Annotation Image Search

Model R@1 R@5 R@10 Medr | R@1 R@5 R@10 Medr
Random Ranking 0.1 0.6 1.1 631 0.1 0.5 1.0 500
T DeViSE [5] 4.5 18.1 29.2 26 6.7 219 32.7 25
T SDT-RNN 9.6 29.8 41.1 16 8.9 29.8 41.1 16
T DeFrag 14.2 37.7 513 10 10.2 30.8 442 14
T DeFrag + Finetune CNN [[15] 164  40.2 54.7 8 10.3 314 44.5 13
m-RNN [7] 184  40.2 50.9 10 126  31.2 41.5 16
Our model 14.8 39.2 50.9 10 11.8 34.0 46.3 13
Our model (OxfordNet) 23.0 50.7 62.9 5 16.8 420 56.5 8

Table 2: Flickr30K experiments. R@K is Recall@K (high is good). Med r is the median rank (low is good).
Best results overall are bold while best results without OxfordNet features are underlined. A f infront of the
method indicates that object detections were used along with single frame features.
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Wang L, LiY, Lazebnik S. Learning deep structure-preserving image-text embeddings[C]//Proceedings of
the IEEE conference on computer vision and pattern recognition. 2016: 5005-5013.
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Figure 2. Illustration of the proposed structure-preserving con-
straints for joint embedding learning (see text). Rectangles repre-
sent images and circles represent sentences. Same color indicates
matching images and sentences.

L1 Structure-preserving constraints

d(z;,xj) +m < d(xi,zr) Vr; € N(x;),Ver & N(x;)
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Methods on Flickr30K Image-to-sentence Sentence-to-image
R@1 | R@5 | R@10 | R@1 | R@5 | R@10
(a) State of the art | Deep CCA [23] 279 | 569 | 68.2 26.8 | 529 | 66.9
mCNN(ensemble) [29] 33.6 | 64.1 | 749 26.2 | 563 | 69.6
m-RNN-vgg [31] 354 | 63.8 | 73.7 22.8 | 50.7 | 63.1
Mean vector [26] 248 | 525 64.3 20.5 46.3 | 59.3
CCA (FV HGLMM) [26] 34.4 61.0 72.3 24.4 52.1 65.6
CCA (FV GMM+HGLMM) [26] 350 | 62.0 | 73.8 25.0 | 52.7 | 66.0
CCA (FV HGLMM) [37] 365 | 622 | 73.3 247 | 534 | 66.8
(b) Fisher vector Linear + one-directional 335 | 61.7 | 73.6 21.0 | 474 | 60.5
Linear + bi-directional 34.6 64.3 74.9 242 | 52.0 | 64.2
Linear + bi-directional + structure 352 | 66.8 | 76.2 25.6 | 548 | 66.5
Nonlinear + one-directional 375 | 656 | 76.9 224 | 509 | 633
Nonlinear + bi-directional 393 | 68.0 | 78.3 28.1 | 59.2 | 71.2
Nonlinear + bi-directional + structure | 40.3 | 68.9 | 79.9 29.7 | 60.1 72.1
(¢) Mean vector Nonlinear + bi-directional 335 | 602 | 71.9 228 | 525 | 65.0
Nonlinear + bi-directional + structure | 35.7 | 62.9 | 74.4 25.1 539 | 66.5
(d) tf-idf Nonlinear + bi-directional 38.7 | 66.6 | 76.9 27.6 | 57.0 | 69.0
Nonlinear + bi-directional + structure | 40.1 67.6 | 78.2 28.1 58.5 69.8

Table 1. Bidirectional retrieval results. The numbers in (a) come from published papers, and the numbers in (b-d) are results of our approach
using different textual features. Note that the Deep CCA results in [33] were obtained with AlexNet [27]. The results of our method with
AlexNet are still about 3% higher than those of [33] for image-to-sentence retrieval and 1% higher for sentence-to-image retrieval.
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Image:
224x224x3

Deep Image CNN

1x1x29783

img
1x1x2048 1x1x2048

112x112x 64 56 x 56 x 256 28x28x512 14x14x1024 7x7x2048
fc Wshare
ﬁ RES 2 ﬁ RES 3 ﬁ RES 4 ﬁ : Avg b ool
BRLE(?JK BLOCK BLOCK BLOCK :LEchK Pooling Loss
\smkm(; Loss
Text: word2vector (init.) Deep Text CNN 1 x1x29783
1x32x20074
Achildina 1x32x300 1x32x256 1x16x512 1x8x1024 1x8x2048 Tx1x2088 1“)(2048
pink dress is Wshare
climbingupa  RES1* RES 2* RES 3* RES 4* RES 5* Po‘:;ﬁi Instance
set of stairs in ~ BLOCK BLOCK BLOCK BLOCK BLOCK 9 Loss
an entry way.
In the first training stage, we fixed the pre-trained image
CNN, and train the text CNN only. The learning rate is 0.001.
We stop training when instance loss converges. In the second
stage, we combine the ranking loss as Eq. 9 (the margin o = 1)
and fine-tune the entire network.
Zheng Z, Zheng L, Garrett M, et al. Dual-Path Convolutional Image-Text 17

Embedding with Instance Loss[J]. arXiv preprint arXiv:1711.05535, 2017. TCSVT



1 {EFlickr30k, MSCOCO, CUHL-PEDES 47 7 vEM

. Image Query Text Query

Method Visual Textual R@1 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 [59] 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 236 466 583 7 175 403 508 9
m-CNN [7] ft VGG-19 4 x ft CNN 336 64.1 749 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 | 35.0 620 73.8 3 1250 527 660 5
m-RNN [16] fixed VGG-16 ft RNN 354 638 73.7 3 228 507 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 27.7 - 68.8 4
SPE [8] fixed VGG-19 w2v + HGLMM 403 689 799 - 297 60.1 721 -
sm-LSTM [20] fixed VGG-19 ft RNN 425 719 815 2 302 604 723 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 55.0 818 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 11 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 11 ft ResNet-152 ft ResNet-1521 (w2v init) | 55.6 819 89.5 1 391 692 809 2
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Image Query Text Query
Method Stage | @1 R@10 | R@1 R@10
Only Ranking Loss I 6.1 27.3 4.9 27.8
Only Instance Loss I 399 79.1 28.2 67.9
Only Instance Loss 11 50.5 86.0 349 75.7
Only Ranking Loss 11 47.5 85.4 29.0 68.7
Full model 11 554 89.3 39.7 80.8

O RA%E

Methods

Image-Query R@1

Text-Query R@1

3000 categories (Stagel)
10000 categories (Stagel)
Our (Stagel)

38.0
44.7
52.2

26.1
31.3
37.2
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L1 Position shift

Image Query Text Query
Method R@l  R@I0 | R@l  R@I0
Left alignment 34.1 73.1 23.6 61.4
Position shift 39.9 79.1 28.2 67.9
1 Word2vec#r 4514
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

20



. Image Que Text Que

Method Visual Textual R@lI R@S %@% Med | R@1 R@S5 %@?O Med r
1K test images

DVSA [32] ft RCNN w2v + ft RNN 384 699 80.5 1 274  60.2 74.8 3
GMM-FV [17] fixed VGG-16 w2v + GMM + HGLMM | 394 67.9 80.9 2 251 598 76.6 4
m-RNN [16] fixed VGG-16 ft RNN 41.0 73.0 83.5 2 29.0 422 77.0 3
RNN-FV [19] fixed VGG-19 feature from [17] 41.5 720 82.9 2 292 647 80.4 3
m-CNN [7] ft VGG-19 4 x ft CNN 42.8 73.1 84.1 2 32.6 68.6 82.8 3
HM-LSTM [21] fixed CNN from [32] ft RNN 439 - 87.8 2 36.1 - 86.7 3
SPE [8] fixed VGG-19 w2v + HGLMM 50.1 79.7 89.2 - 39.6 75.2 86.9 -
VQA-A [18] fixed VGG-19 ft RNN 50.5 80.1 89.7 - 37.0 70.9 829 -
sm-LSTM [20] fixed VGG-19 ft RNN 53.2 83.1 91.5 1 40.7 75.8 87.4 2
2WayNet [49] fixed VGG-16 feature from [17] 558 752 - - 39.7 633 - -
RRF-Net [61] fixed ResNet-152 w2v + HGLMM 56.4 853 91.5 - 439 78.1 88.6 -
Ours (VGG-19) Stage 1 fixed VGG-19 ft ResNet-507 (w2v init.) | 46.0 75.6 85.3 2 344 66.6 78.7 3
Ours (VGG-19) Stage II ft VGG-19 ft ResNet-50T (w2v init.) | 59.4  86.2 92.9 | 416 763 87.5 2
Ours (ResNet-50) Stage I fixed ResNet-50 ft ResNet-50T (w2v init.) | 52.2 804 88.7 1 372 695 80.6 2
Ours (ResNet-50) Stage II ft ResNet-50 ft ResNet-50" (w2v init.) | 65.6  89.8 95.5 1 471 799 90.0 2
5K test images

GMM-FV [17] fixed VGG-16 w2v + GMM + HGLMM | 17.3  39.0 50.2 10 10.8 283 40.1 17
DVSA [32] ft RCNN w2v + ft RNN 16,5 392 52.0 9 10.7 296 422 14
VQA-A [18] fixed VGG-19 ft RNN 235  50.7 63.6 - 16.7 405 53.8 -
Ours (VGG-19) Stage I fixed VGG-19 ft ResNet-507 (w2v init.) | 24.5  50.1 62.1 5 16,5 39.1 51.8 10
Ours (VGG-19) Stage I ft VGG-19 ft ResNet-50T (w2v init.) | 35.5 63.2 75.6 3 21.0 475 60.9 6
Ours (ResNet-50) Stage I fixed ResNet-50 ft ResNet-507 (w2v init.) | 28.6  56.2 68.0 4 18.7 424 55.1 8
Ours (ResNet-50) Stage II ft ResNet-50 ft ResNet-501 (w2v init.) | 41.2  70.5 81.1 2 253 534 66.4 5

21
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(b) DAN for multimodal matching. (m-DAN)

Similarity

Nam H, Ha J W, Kim J. Dual attention networks for multimodal reasoning and
matching[C]//Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition. 2017: 299-307.
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Table 2: Bidirectional retrieval results on the Flickr30K dataset compared with state-of-the-art methods.

Image-to-Text Text-to-Image
Method R@] R@5 R@l0 MR R@]l R@5 R@]10 MR
DCCA [34] 279 56.9 68.2 4 26.8 529 66.9 4
mCNN [19] 33.6 64.1 74.9 3 262  56.3 69.6 4
m-RNN-VGG [20] 354 638 73.7 3 22.8  50.7 63.1 5
GMM+HGLMM FV [14]  35.0 62.0 73.8 3 250 527 66.0 5
HGLMM FV [24] 36.5 622 73.3 - 247 534  66.8 -
SPE [30] 40.3  68.9 79.9 - 29.7  60.1 72.1 -
DAN (VGG) 414 735 82.5 2 31.8°  61.7 72.5 3
DAN (ResNet) 55.0 818 89.0 1 394 692 791 2

(+) A woman in a woman (+) Amanina

brown vest is white shirt stands
working on the high up on
computer. computer scaffolding. scaffolding
+) A woman in a woman
() . = . (+) Man works on Man
red vest working at vest working : T '
- top of scaffolding. scaffolding scaffolding

a computer. computer




L1 Ranking loss

Usp(i,c) = Z[[x—s(i,c)JrS(i}E)].,_ - Z’[[x—s(i,c)JrS(f}c)].,_,

L1 Ranking loss with hard

Cmp(i,c) = max [a+5(i}c')—5(i}cﬂ+ + max a+s(i'c) —s(i,c)L_

C

Faghri F, Fleet D J, Kiros J R, et al. VSE++: Improving Visual-Semantic

Embeddings with Hard Negatives[J]. 2017.BMVC -



# Model Trainset Caption Retrieval Image Retrieval
R@l R@5 R@10 Medr | R@l R@5 R@10 Medr
2.1 VSEOD IC(1fold) | 432 739 85.0 2.0 330 674 807 3.0
1.6 VSE++ IC(lfold) | 436 748 84.6 2.0 33.7 688 810 3.0
22 VSEO RC 431 770 87.1 2.0 325 683 821 3.0
1.7 VSE++ RC 490 798 884 1.8 371 722 838 2.0
23 VSEO RC+rV | 468 788  §9.0 1.8 342 704 836 2.6
1.8 VSE++ RC+rV | 519 815 904 1.0 395 741 856 2.0
24 VSEO (FT) RC+rV | 50.1 815 905 1.6 397 754 872 2.0
1.9 VSE++ (FT) RC+rV | 572 860 933 1.0 459 794  8§9.1 2.0
25 VSEO (ResNet) RC+rV | 527 830 918 1.0 36.0 726 855 2.2
1.10 | VSE++ (ResNet) RC+rV | 583 86.1 933 1.0 436 776 878 2.0
2.6 | VSEO(ResNet, FT) RC+rV | 560 858 935 1.0 437 794 897 2.0
.11 | VSE++ (ResNet, FT) | RC+rV | 646 900 957 1.0 520 843 920 1.0

Table 2: The effect of data augmentation and fine-tuning. We copy the relevant results for VSE++
from Table 1 to enable an easier comparison. Notice that after applying all the modifications, VSEO

model reaches 56.0% for R@1, while VSE++ achieves 64.6%.

26



Cross-modal input Feature extractor Feature embedding Bi-rank loss
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LiuY, Guo Y, Bakker E M, et al. Learning a recurrent residual fusion network for multimodal
matching[C]//Proceedings of the IEEE International Conference on Computer Vision. 2017
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Table 1: Evaluation for the RRF-Net on the Flickr30K test set. Higher

R@K is better. All of the four RRF-Net models outperform the baseline.
When 7' = 3, it obtains better performance (in bold).

Image to Text Text to Image

Method R@]1 R@5 R@] R@5
Baseline 45.0 75.5 33.6 66.5
RRF-Net, T=1 46.4 76.1 343 67.3
RRF-Net, T=2 46.9 76.8 34.8 67.7
RRF-Net, T=3 47.6 77.4 354 68.3
RRF-Net, T=4 46.2 76.6 35.1 67.6

Table 2: Evaluation for fusion modules on the Flickr30K test set. The

convolutional fusion shows better results by learning adaptive weights.

Image to Text

Text to Image

Method R@] | R@5 | R@]l | R@5

RRF-Net w/o fusion module | 45.8 75.9 34.2 67.1
RRF-Net with sum fusion 47.1 76.8 35.0 67.6
RRF-Net with conv fusion 47.6 77.4 354 68.3
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Figure 1. CHAIN-VSE-v] module.

Wehrmann J, Barros R C. Bidirectional Retrieval Made Simple[C]//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition. 2018: 7718-7726.




Pooling (5, 2)
RE=5

Conv (7, 1)
RF=17

Figure 2. Impact of the pooling layer (filter size of 5 and stride of
2) in the receptive field of a character-based textual representation.
For simplicity, we are ignoring the existence of the first inception
module.
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Figure 5. Analysis of performance given random input noise. Con-
tinuous lines depict R@Q10 values whereas dotted lines depict R@1
values.
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Table 3. Bidirectional results on COCQO-5cv test set. Bold values indicate the current state-of-the-art results.

Image to text Text to image

Method ConvNet R@l1 R@5 R@10 Medr Mean r R@l R@5 R@10 Med r Mean r

VGG-19 46.70 - 88.90 2.00 - 37.90 - 85.90 2.00 -

VGG-19 47.20 78.60 88.90 2.00 5.60 37.50 74.60 87.00 2.00 7.30

VGG-19 50.70 81.40 90.90 1.40 4.90 40.30 75.70 87.40 2.00 7.40
Order (d=1024) VGG-19 46.20 78.80 89.10 2.00 5.40 37.70 73.40 85.60 2.00 7.90
Order (d=4096) VGG-19 48.80 79.20 89.70 1.60 5.20 38.70 74.10 86.40 2.00 7.60
Order (d=8192) VGG-19 50.10 80.20 90.30 1.40 5.10 39.10 74.40 86.30 2.00 7.60
CHAIN-VSE-vl (d=1024, p=1) VGG-19 49.50 80.80 90.00 1.60 5.30 36.80 73.60 85.90 2.00 7.30
CHAIN-VSE-v1 (d=4096, p=1) VGG-19 52.00 82.30 90.70 1.20 5.00 38.30 74.80 87.00 2.00 6.80
CHAIN-VSE-v1 (d=8192, p=1) VGG-19 51.60 82.00 91.30 1.20 4.70 38.60 75.10 87.20 2.00 6.70
OECC IRv2 49.50 81.70 91.30 1.60 4.50 40.40 77.40 88.60 2.00 6.80
Order (d=1024) IRv2 47.30 78.60 88.70 1.80 5.50 37.70 73.10 85.50 2.00 7.80
Order (d=4096) IRv2 49.10 79.40 89.50 1.40 5.20 38.20 74.50 86.50 2.00 7.60
Order (d=8192) IRv2 50.20 79.50 89.20 1.20 5.30 38.20 74.20 86.30 2.00 7.40
CHAIN-VSE-vl (d=1024, p=1) IRv2 50.50 83.60 92.20 1.60 4.30 39.00 76.20 88.10 2.00 6.80
CHAIN-VSE-v1 (d=4096, p=1) IRv2 52.80 84.40 92.60 1.00 4.10 40.70 77.40 88.90 2.00 6.50
CHAIN-VSE-v1 (d=8192, p=1) IRv2 53.70 85.10 93.10 1.00 3.90 40.70 77.60 89.00 2.00 6.30
CHAIN-VSE-v1 (d=1024, p=1) ResNet-152 55.14 86.08 93.86 1.00 3.76 41.20 78.01 89.22 2.00 6.38
CHAIN-VSE-v1 (d=4096, p=1) ResNet-152 57.76 87.88 94.46 1.00 3.42 4296 79.20 90.01 2.00 6.05
CHAIN-VSE-v1 (d=8192, p=1) ResNet-152 59.40 87.98 94.24 1.00 337 43.47 79.78 90.22 2.00 5.90
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Gu J, Cai J, Joty S, et al. Look, Imagine and Match: Improving Textual-Visual
Cross-Modal Retrieval with Generative Models[C]//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. 2018: 7181-7189. 35
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Table 1: Cross-modal retrieval results on MSCOCO 1K-
image test set (bold numbers are the best results).

Image-to-Text Text-to-Image
Model R@]1 R@10Med| R@1 R@10 Med
GRU(VGG19) 514 914 1.0 | 39.1 86.7 20

GRU3g;i(VGG19) 53.6 9.2 1.0 | 400 878 20
GXN(ResNet152) 594 947 1.0 | 470 926 20

GXN(fine-tune) 64.0 97.1 1.0 | 536 944 1.0
GXN(12t,xe) 68.2 980 1.0 | 545 948 1.0
GXN(i2t,mix) 68.4 98.1 1.0 | 556 946 1.0
GXN(t21) 67.1 983 1.0 | 565 948 1.0

GXN (12t+t21) 685 979 1.0 | 56.6 945 1.0
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Huang Y, Wu Q, Wang L. Learning semantic concepts and order for image and sentenceg:
matching[C]/IEEE Conference on Computer Vision and Pattern Recognition. 2018, 2. \.\

O HE&=: IWEGES—1concept, 32X L conceptFi 2 Fi i 18] FH
E’Jiﬂ(ﬂ]ﬂ 218, FEIE, #UE)

O BEXLEEST, B ]1EMREBL RS EFFHE.
ﬁﬁ/\j},ﬂa‘ AR LET3 ki TR (voosm G2 EZERYFIE)

SRR Nimage captiondyloss

e Semantic concepts:
Objects}— Properties:] [ Actions:—

"LiINnNINe

gazelle : » running
grass green running

o . Semantlc order:

heetah (chasing’ gazelle grass

e Matched sentence:
A quick cheetah is chasing a young

gazelle on grass.

Figure 1. Illustration of the semantic concepts and order (best
viewed in colors). 38
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Figure 2. The proposed semantic-enhanced image and sentence matching model.
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matching[C]//IEEE Conference on Computer Vision and Pattern Recognition. 2018, 239




Table 1. The experimental settings of ablation models.

l-crop 10-crop | context concept | sum gate | sentence generation sampling | shared non-shared
ctx (1-crop) v Vv
ctx Vv Vv
ctx + sen Vv Vv Vv Vv
ctx + gen () v |V v v v
ctx + gen (E) v |V v v
ctx + gen Vv Vv V Vv
anp v
cnp + gen Vv Vv
cnp + ctx (C) Vv Vv
cnp + ctx Vv N4 Vv Vv
cnp + ctx + gen Vv Vv N4 Vv

Table 2. Comparison results of image annotation and retrieval by ablation models on the Flickr30k and MSCOCO (1000 testing) datasets.

Flickr30k dataset MSCOCO dataset
Method Image Annotation Image Retrieval R Image Annotation Image Retrieval R
R@] R@5 R@I0 | R@1 R@5 Ra@10 R@] R@5 R@I0 | R@ R@5 R@I0
ctx (1-crop) 298 584 705 | 220 479 593 | 480 | 433 757 858 | 310 667 799 | 638
ctx 338 637 759 | 263 554 676 | 538 | 447 782 883 | 37.0 732 857 | 679
ctx + sen 228 486 608 | 19.1 460 597 | 428 392 733 855 | 324 70.1 837 | 64.0

ctx + gen (S) 344 645 710 | 27.1 563 683 | 546 | 457 787 887 | 373 738 858 | 684
ctx + gen (E) 355 638 759 | 274 559 676 | 543 | 469 788 892 | 373 739 859 | 68.7

Ctx + gen 356 663 769 | 279 568 682 | 553|469 792 893 | 379 740 859 | 68.9
cnp 309 609 724 | 231 525 648 | 508 | 595 869 936 | 485 814 909 | 76.8
cnp + gen 31,5 617 745 | 250 534 649 | 518 | 626 890 947 | 506 824 912 | 784
cnp + ctx (C) 399 712 813 | 314 617 728 | 597|628 892 955 | 532 851 930 | 798
cnp + ctx 424 729 815 | 324 635 739 |6L.1| 653 900 960 | 542 859 935 | 808

cnp+ctx+gen | 442 741 836 | 328 643 749 (6231 664 913 966 | 555 865 93.7 | 818
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Table 4. Comparison results of image annotation and retrieval on the Flickr30k and MSCOCO (1000 testing) datasets.

Flickr30k dataset MSCOCO dataset

Method Image Annotation Image Retrieval R Image Annotation Image Retrieval R

R@l R@5 R@I0 | R@l R@5 Raio| ™ R@l R@5 R@I0 | R@l R@5 Raio| ™
m-RNN 354 638 737 | 228 507 63.1 | 516|410 730 835 [290 422 770 | 576
FV [16] 350 620 738 | 250 5277 660 |524 | 394 679 809 | 251 598 76.6 | 583
DVSA [14] 222 482 614 152 377 505 |392 | 384 699 805 | 274 602 748 | 585
MNLM [15] 230 50.7 629 16.8 420 565 | 420 | 434 757 858 | 310 66.7 799 | 638
m-CNN [23]] 336 64.1 749 | 262 563 696 |54.1 | 428 73.1 84.1 326 686 828 | 64.0
RNN+FV [18] 347 6277 726 | 262 55.1 692 [ 534|408 719 832 [ 296 648 805 | 618
OEM [31] - - - - - - - 46.7 78.6 889 | 379 737 859 | 68.6
VQA 339 625 745 | 249 526 648 | 522 | 505 80.1 89.7 | 37.0 709 829 | 68.5
RTP [28] 374 63.1 743 | 260 560 693 | 543 - - - - - - -
DSPE [34] 403 689 799 | 297 60.1 72.1 | 585 | 501 797 892 | 39.6 752 869 | 70.1
sm-LSTM 425 719 815 | 302 604 723 |598 | 532 831 915 | 407 758 874 | 720
2WayNet 498 675 - 36.0 55.6 - - 55.8 752 - 39.7 633 - -
DAN 414 735 825 | 318 61.7 725 | 60.6 - - - - - - -
VSE++ 5] 413 69.0 779 | 314 597 712 | 584|572 851 933 |459 789 89.1 | 746
Ours 442 741 83.6 | 328 643 749 | 623 | 66,6 918 96,6 | 555 86.6 938 | 818
RRF (Res) 476 774 87.1 354 683 799 | 660 | 564 853 915 | 439 78.1 88.6 | 739
DAN (Res) [26] | 55.0 81.8 89.0 | 394 692 79.1 | 689 - - - - - - -
VSE++ (Res) 529 79.1 872 | 396 696 795 | 68.0| 646 89.1 957 | 520 831 920 |794
Ours (Res) 555 820 893 | 411 705 80.1 [ 69.7 | 699 929 975 | 567 875 948 | 83.2
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1. Deep Visual-Semantic Alignments for Generating Image Descriptions
2. Multimodal Convolutional Neural Networks for Matching Image
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3. Instance-aware Image and Sentence Matching with Selective

Multimodal LSTM
4. Stacked Cross Attention for Image-Text Matching
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bouquet of

. bottle of water glass of water with

red flowers " ice and lemon

Figure 1. Motivation/Concept Figure: Our model treats language

dining table
with breakfast
items

plate of fruit

banana
slices

fork
a person

sitting at a
table

as a rich label space and generates descriptions of image regions.

image - sentence score S

sum

Figure 3. Diagram for evaluating the image-sentence score S;.
Object regions are embedded with a CNN (left). Words (enriched
by their context) are embedded in the same multimodal space with
a BRNN (right). Pairwise similarities are computed with inner
products (magnitudes shown in grayscale) and finally reduced to
image-sentence score with Equation 8.

Karpathy A, Fei-Fei L. Deep visual-semantic alignments for generating image
descriptions[C]//Proceedings of the IEEE conference on computer vision and pattern

recognition. 2015: 3128-3137.
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Figure 3. Diagram for evaluating the image-sentence score Sk;.
Object regions are embedded with a CNN (left). Words (enriched
by their context) are embedded in the same multimodal space with
a BRNN (right). Pairwise similarities are computed with inner
products (magnitudes shown in grayscale) and finally reduced to
image-sentence score with Equation 8.
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[mage Annotation

Image Search

Model R@1 R@5 R@10 Medr | R@1 R@5 R@10 Medr
Flickr30K
SDT-RNN (Socher et al. [49]) 96 298 4Ll 6 | 89 298 411 16
Kiros et al. [25] 48 392 509 10 | 118 340 463 13
Maoet al. [3¢] 84 402 509 10 | 126 312 415 16
Donahue et al. [¥] 175 403 508 9 - - - -
DeFrag (Karpathy et al. [24]) 42 317 513 10 | 102 308 442 i
Our implementation of DeFrag [24] 92 445 380 60 | 129 354 415 108
Our model: DepTree edges 200 466 394 54 | 150 365 482 104
Our model: BRNN 22 482 614 48 | 152 37 N5 92
Vinyals et al. [54] (more powerful CNN) | 23 - 63 5 17 - 37 8
MSCOCO
Our model: 1K test images 384 699 805 10 | 274 602 748 30
Our model: 5K test images 165 392 520 90 | 107 296 422 140

Table 1. Image-Sentence ranking experiment results. R@K is Recall @K (high is good). Med r is the median rank (low is good). In the
results for our models, we take the top 5 validation set models, evaluate each independently on the test set and then report the average
performance. The standard deviations on the recall values range from approximately (.5 to 1.0.
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small black and brown dog play with a red ball in the grass
1l

dog play with a red ball in
the grass

small black and brown dog
play with a red ball

Figure 1. Multimodal matching relations between image and
sentence. The words and phrases, such as “grass”, “a red
ball", and “small black and brown dog play
with a red ball”, correspond to the image areas of their
grounding meanings. The sentence “small black and
brown dog play with a red ball in the grass”
expresses the meaning of the whole image.

Ma L, Lu Z, Shang L, et al. Multimodal convolutional neural networks for matching image and
sentence[C]//Proceedings of the IEEE international conference on computer vision. 2015.



matching score

© O O MLP
O O 0O 0 O0

1T var

image CNN

matching
CNN

O

00000

Prr i
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Figure 2. The m-CNN architecture for matching image and sen-
tence. Image representation is generated by the image CNN. The
matching CNN composes different fragments from the words of
the sentence and learns the joint representation of image and sen-
tence fragments. MLP summarizes the joint representation and
produces the matching score.
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Sentence-level matching
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Figure 5. The sentence-level matching CNN. The joint represen-
tation 1s obtained by concatenating the image and sentence repre-
sentations together.
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Table 3. Bidirectional image and sentence retrieval results on Flickr30K.

Sentence Retrieval Image Retrieval
| R@l R®@5 R@I10 Medr | R@1 R@5 R@10 Medr
Random Ranking 0.1 0.6 1.1 631 0.1 0.5 1.0 500 —
DeViSE [0] 4.5 18.1 29.2 26 6.7 21.9 32.7 25
SDT-RNN [30] 9.6 29.8 41.1 16 8.9 298 41.1 16
MNLM [20] 14.8 390.2 50.9 10 11.8 34.0 46.3 13
MNLM-VGG [20] 23.0 50.7 62.9 5 16.8 42.0 56.5 8
m-RNN [24] 18.4 40.2 50.9 10 12.6 31.2 41.5 16
m-RNN-VGG [ 3] 354 63.8 73.7 3 22.8 50.7 63.1 5
Deep Fragment [16] 14.2 37.7 51.3 10 10.2 30.8 442 14
RVP (T) [7] 11.9 25.0 477 12 12.8 32.9 44.5 13
RVP (T+I) [ ] 12.1 27.8 47.8 11 12.7 33.1 449 12.5

DVSA (DepTree) [ | /] 20.0 46.6 5394 5.4 15.0 36.5 48.2 10.4
DVSA (BRNN) [17] 22.2 48.2 61.4 4.8 15.2 37.7 50.5 9.2

NIC [34] 17.0 * 56.0 7 17.0 * 57.0 7
LRCN [5] * * * * 17.5 40.3 50.8 9
OverFeat [ 2¥]:
m-CNN 4 12.7 30.2 44.5 14 11.6 32.1 44.2 14
m-CNN,, 14.4 38.6 49.6 11 12.4 33.3 44.7 14
m-CNNppi 13.8 38.1 48.5 11.5 11.6 32.7 44.1 14
m-CNNs¢ 14.8 37.9 49 8 11 12.5 32.8 44.2 14
m-CNNg g 20.1 44.2 56.3 8 15.9 40.3 51.9 95
VGG [29]:
m-CNN,,4 21.3 53.2 66.1 5 18.2 47.2 60.9 6
m-CNN s 25.0 54.8 66.8 4.5 19.7 48.2 62.2 6
m-CNNyp,; 23.9 54.2 66.0 5 19.4 49.3 62.4 6
m-CNNs¢ 27.0 56.4 70.1 4 19.7 48.4 62.3 6
m-CNNgens 33.6 64.1 74.9 3 26.2 56.3 69.6 4 1
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(a) Instance candidate extraction (b) Instance-aware saliency map prediction  (c) Similarity measurement and aggregation

Figure 2. Details of the proposed sm-LLSTM, including (a) instance candidate extraction, (b) instance-aware saliency map prediction, and
(c) similarity measurement and aggregation (best viewed in colors).
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Huang Y, Wang W, Wang L. Instance-aware image and sentence matching with selective
multimodal Istm[C]//The IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). 2017, 2(6): 7.
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Figure 3. Illustration of context-modulated attention (the lighter
areas indicate the attended instances, best viewed in colors).
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Z'k ma}{{O, m — S;; -+ Sik} + max {01 m — S;; — Ski}

A (Zz (1-— Zt Pti) + ZJ_ (1— Zt Qt,j))

where A is a balancing parameter. By adding this constraint,
the loss will be large when our model attends to the same
instance for multiple times. Therefore, it encourages the
model to pay equal attention to every instance rather than
a certain one for information maximization. In our experi-
ments, we find that using this regularization can further im-
prove the performance.



Table 3. The impact of different numbers of timesteps on the
Flick30k dataset. 1": the number of timesteps in the sm-LSTM.

Image Annotation Image Retrieval
R@l R@5 R@l0 | R@l R@5 R@I0
38.8° 657 76.8 2800 56.6  68.2
380 689 779 | 281 565 @ 68.1
424 675 799 | 282 570 684
38.2 676 785 275 56.6 68.0
38.1 682 784 | 28.1 56.0 679

NNNNN
I
TN o= 0 B =

Table 4. The impact of different values of the balancing parame-
ter on the Flick30k dataset. \: the balancing parameter between
structured objective and regularization term.

Image Annotation Image Retrieval
R@QI R@5 R@I0 | R@I R@5 R@I0O
A=0 379 658 777 | 272 554 676
A=1 380 662 778 | 274 556 67.7
A=10 384 674 7777 | 275 56.1 67.6
A =100 424 675 799 | 282 570 684
A=1000 | 40.2 67.1 78.6 | 27.8 569 679
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(a) Input image  (b) Without global context (by sm-LSTM-att) (c) With global context (by sm-LSTM)

Figure 5. Attended image instances at three different timesteps, without or with global context, respectively (best viewed in colors).
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Sentence T: A cat is sitting in the bathroom sink. Stage 2:

Attend to the important

: image regions given a!
Attended sentence vector aj g 5!
— 1 Similarity
cat sitting R(v;, ab)
Stage 1: Attend to words
sink. O
. « I Pooling
-
_/' A cat is sittir bathroom sink. (@) Similarity
. S({I,T)

Fig. 2. Image-Text Stacked Cross Attention: At stage 1, we first attend to words in the
sentence with respect to each image region feature v; to generate an attended sentence
vector a; for i-th image region. At stage 2, we compare a; and v; to determine the
importance of each image region, and then compute the similarity score.

Lee K H, Chen X, Hua G, et al. Stacked cross attention for image-text
matching[C]//Proceedings of the European Conference on Computer Vision (ECCV). 2018.
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Table 1. Comparison of the cross-modal retrieval restuls in terms of Recall@K (RQK
on Flickr30K. t-i denotes Text-Image. i-t denotes Image-Text. AVG and LSE denotes

average and LogSumExp pooling respectively.

Sentence Retrieval

Image Retrieval

Method R@1 R@5 R@10 R@l R@5 RQ10
DVSA (R-CNN, AlexNet) 222 482 614 152 37.7 505
HM-LSTM (R-CNN, AlexNet) [32] 38.1 - 76.5 277 - 68.8
SM-LSTM (VGG) [16] 425 719 815 302 604 723
2WayNet (VGG) [9 498 675 - 36.0 55.6 -
DAN (ResNet) [31 55.0 81.8 89.0 394 69.2 79.1
VSE++ (ResNet) [10] 52.9 - 87.2 396 - 79.5
DPC (ResNet) [44 55.6 819 89.5 391 69.2 80.9
SCO (ResNet) [17] 55.5 82.0 89.3 41.1 705 80.1
Ours (Faster R-CNN, ResNet):

SCAN t-i LSE (A\; =9, Ao =6)  61.1 854 91.5 433 719 80.9
SCAN t-i AVG (A1 =9) 61.8 87.5 93.7 458 744  83.0
SCAN i-t LSE (M1 =4,A2=5)  67.7 889 940 44.0 742 826
SCAN i-t AVG (A1 = 4) 67.9 89.0 944 439 742 828
SCAN t-i AVG + i-t LSE 67.4 90.3 95.8 48.6 77.7 85.2
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Sentence Retrieval Image Retrieval

Method R@l1 R@5 R@l10 R@l R@5 R@10
1K Test Images

WS DVSA (R-CNN, AlexNet) 19| 384 699 805 274 602 748
HM-LSTM (R-CNN, AlexNet) |32] 43.9 - 87.8 36.1 - 86.7
Order-embeddings (VGG) @ 46.7 - 889 379 - 85.9
SM-LSTM (VGG) [16] 53.2  83.1 915 40.7 T75.8 87.4
2WayNet (VGG) |9 95.8 75.2 - 39.7 633 -
VSE++ (ResNet) [10] 64.6 - 95.7  52.0 - 92.0
DPC (ResNet) |44 65.6 89.8 955 47.1 799  90.0
GXN (ResNet) |13 68.5 - 979 56.6 - 94.5
SCO (ResNet) [17[ 69.9 929 975 56.7 875 94.8

Ours (Faster R-CNN, ResNet):
SCAN t-i LSE (A1 =9, A2 = 6) 675 929 97.6 53.0 854 929

SCAN t-i AVG (A1 =9) 709 945 978 56.4 87.0 93.9
SCAN i-t LSE (A1 =4,A2=20) 684 939 980 54.8 86.1 93.3
SCAN i-t AVG (A1 =4) 69.2 932 975 544 86.0 93.6
SCAN t-i LSE + i-t AVG 72.7 94.8 98.4 58.8 88.4 94.8
oK Test Images

Order-embeddings (VGG) [3§] 23.3 - 84.7 31.7 - 74.6
VSE++ (ResNet) [10] 41.3 - 81.2 303 - 72.4
DPC (ResNet) |44) 41.2  70.5 81.1 253 534 664
GXN (ResNet) [13] 120 - 84.7 317 - 74.6
SCO (ResNet) |17 428 723 830 331 629 755
Ours (Faster R-CNN, ResNet):

SCAN i-t LSE 464 774 872 344 63.7 757

SCAN t-i AVG + i-t LSE 50.4 82.2 90.0 38.6 69.3 804 64




Table 3. Effect of inferring the latent vision-language alignment at the level of regions
and words. Results are reported in terms of Recall@K(RQK). Refer to Egs. [E[] (E[]
for the definition of Sum-Max. t-i denotes Text-Image. i-t denotes Image-Text.

Sentence Retrieval

Image Retrieval

Method R@l R@5 R@10 R@l R@5 R@10
VSE++ (fixed ResNet, 1 crop) [10] 31.9 - 68.0 23.1 - 60.7
Sum-Max t-i 9.6 8.2 929 441 70.0 79.0
Sum-Max i-t 56.7 83.5 89.7 368 656 749
SCO |17] (current state-of-the-art) 55.5 82.0 89.3 41.1 70.5 80.1
SCAN t-1 AVG (A = 9) 61.8 875 937 458 744 830
SCAN i-t AVG (A = 10) 67.9 89.0 944 439 742 828
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Thanks!
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