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Task definition

What is the cross-modal retrieval?

“Boys wearing helmets carry a bicycle
up a ramp at a skate park.”
Text-to-image retrieval

Emmmmmmm “Small children stand near
bicycles at a skate park.”

"A group of young children
riding bikes and skateboards.”

* Cross-modal retrieval: The task of searching for data relevant to a query from a
database when the query and database have different modalities (image and text).




Ambiguity problem

“Boys wearing helmets carry a bicycle
up a ramp at a skate park.”

“Small children stand near
bicycles at a skate park.”

"A group of young children
riding bikes and skateboards.”

* Image-to-text ambiguity: An image often contains various contexts, which described with varying captions.

* Text-to-image ambiguity: Visual manifestations of a caption vary significantly as captions are highly abstract.




Our method

“Boys wearing helmets
carry a bicycle up a
ramp at a skate park.”

Embedding space

* Embed the data to a set of diverse embedding vectors, where each elements of the set encodes diverse and
ambiguous semantics of the data.




Our method

Set-prediction module Smooth-Chamfer similarity
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[1] Object-centric learning with slot attention, NeurlPS, 2020.




Results

1K Test Images SK Test Images

Image-to-Text Text-to-Image RSUM Image-to-Text Text-to-Image RSUM
Method CA | R@l R@5 R@10 | R@1 R@5 R@10 R@l R@5 R@10 | R@1 R@5 R@I10
ResNet-152 + Bi-GRU
VSE++ [17] X 64.6 90.0 95.7 52.0 84.3 92.0 478.6 41.3 71.1 81.2 30.3 594 724 355.7
PVSE [45] X 69.2 91.6 96.6 55.2 86.5 93.7 492.8 45.2 74.3 84.5 324 63.0 75.0 3744
PCME [10] X 68.8 - - 54.6 - - - 44.2 - - 319 - - -
Ours X 70.3 91.5 96.3 56.0 85.8 933 493.2 47.2 74.8 84.1 33.8 63.1 74.7 L
Faster R-CNN + Bi-GRU
SCANT [30] v 72.7 94.8 98.4 58.8 88.4 94.8 507.9 50.4 82.2 90.0 38.6 69.3 80.4 410.9
VSRN' [31] X 76.2 94.8 98.2 62.8 89.7 95.1 516.8 53.0 81.1 89.4 40.5 70.6 81.1 415.7
CAAN [53] v 75.5 95.4 98.5 61.3 89.7 95.2 515.6 52.5 83.3 90.9 41.2 70.3 82.9 421.1
IMRAM! [6] v 76.7 95.6 98.5 61.7 89.1 95.0 516.6 53.7 83.2 91.0 39.7 69.1 79.8 416.5
SGRAFT [14] v 79.6 96.2 98.5 63.2 90.7 96.1 5243 57.8 - 91.6 41.9 - 81.3 -
VSE [27] X 78.5 96.0 98.7 61.7 90.3 95.6 520.8 56.6 83.6 91.4 393 69.9 81.1 4219
NAAFT [52] v 80.5 96.5 98.8 64.1 90.7 96.5 527.2 58.9 85.2 92.0 42.5 70.9 81.4 430.9
Ours X 79.8 96.2 98.6 63.6 90.7 95.7 524.6 58.8 84.9 91.5 41.1 72.0 824 430.7
Ours' X 80.6 96.3 08.8 64.7 914 96.2 528.0 60.4 86.2 92.4 42.6 73.1 83.1 437.8
ResNeXt-101 + BERT
VSEx [27] X 84.5 98.1 99.4 72.0 93.9 97.5 5454 66.4 89.3 94.6 51.6 79.3 87.6 468.9
VSEoo T [27] X 85.6 98.0 99.4 73.1 94.3 97.7 548.1 68.1 90.2 95.2 52.7 80.2 88.3 474.8
Ours X 86.3 97.8 99.4 724 94.0 97.6 547.5 69.1 90.7 95.6 52.1 79.6 87.8 474.9
Ours' X 86.6 98.2 99.4 73.4 94.5 97.8 549.9 71.0 91.8 96.3 534 80.9 88.6 482.0




Ambiguity problem

“Boys wearing helmets carry a bicycle
up a ramp at a skate park.”

“Small children stand near
bicycles at a skate park.”

"A group of young children
riding bikes and skateboards.”

* Image-to-text ambiguity: An image often contains various contexts, which described with varying captions.

* Text-to-image ambiguity: Visual manifestations of a caption vary significantly as captions are highly abstract.




Ambiguity problem

~ "Boys wearing helmets carry a bicycle
up a ramp at a skate park.”

“Small children stand near
picycles at a skate park.”

"A group of young children
riding bikes and skateboards. ”

* (Conventional embedding models do not resolve the ambiguity problem since they represent a sample
as a single embedding vector.




Previous work on set-based embedding
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PVSE » Utilize probabilistic embedding where each
* Represent each sample as a set of embedding vectors sample is represented as a set of vectors

sampled from a normal distribution

[1] Polysemous Visual-Semantic Embedding for Cross-Modal Retrieval, CVPR, 2019.
[2] Probabillistic Embeddings for Cross-Modal Retrieval, CVPR, 2021.




Drawbacks of set-based embedding

S W v R

O_0
O Q0
. — O
o X Sparse 5 O Set o %
supervision collapsing
\o o / \o "o / \ & J \_ /
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of whose elements remain untrained. variance which does not encode sufficient ambiguity.




Drawbacks of set-based embedding
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of whose elements remain untrained. variance which does not encode sufficient ambiguity.

Similarity function used for train & eval

 Similarity functions used for training & eval in previous — Sparse supervision, Set collapsing
work do not consider the ambiguity of the data.

Model architecture for embedding set

« Self-attention modules used for set prediction in the previous — Set collapsing
work do not explicitly consider disentanglement between
set elements.




Our method

Set-prediction module Smooth-Chamfer similarity
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Overall architecture

2. Set-prediction module ot )
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Slot-attnl®! based attention scheme (Ours)

,axis=‘slots’)

1
attn = softmax (—k(inputs) . q(slots)?, axis=‘inputs’)

VD

Conventional transformer attention scheme
[3] Object-centric learning with slot attention, NeurlPS, 2020.




Overall architecture

2. Set-prediction module

1
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* This way of normalization lets slots compete with each other.

» Each slot attends to nearly disjoint sets of local features, and
these sets will correspond to the distinctive semantics.




Overall architecture
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« SC similarity associates every possible pair (—dense supervision)
with different degree of weights (—no set collapsing)




Overall architecture

3. Smooth-Chamfer similarity
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« Gradients for the elements pair are determined by

the relative proximity.
* This weighting scheme enables dense supervision

without collapsing.



Experiments

| 1K Test Images | 5K Test Images Image-to-text Text-to-image
Method | CA | pG1 R@5 R@10 | R@l R@5 R@10 | RSUM
Image-to-Text Text-to-Image RSUM Image-to-Text Text-to-Image RSUM

Method CA | R@1 R@5 R@10 | R@1 R@5 R@I10 R@l R@5 R@10 | R@1 R@5 R@10 ResNet-152 + Bi-GRU
ResNet-152 + Bi-GRU VSE++ X | 529 805 872 | 396 701 795 | 4098
VSE++ [17) x | 646 900 957 | 520 843 920 | 4786 | 413 711 812 | 303 594 724 | 3557 P VSE" X |591 845 910 | 434 731 815 | 4326
PVSE [45] x | 692 916 966 | 552 865 937 4928 | 452 743 845 | 324 630 750 | 3744 PCME X | 585 814 893 | 443 727 819 | 428.1
PCME [10] x | 688 ] ) 54.6 ] ] _ 44.2 ] ) 31.9 _ ) _ Ours X | 61.8 8.5 911 | 461 748 833 | 4426
Ours x | 703 915 963 | 560 858 933 4932 | 472 748 841 | 338 631 747 3777 Faster R-CNN + Bi-GRU
Faster R-CNN + Bi-GRU SCAN' | v | 674 903 958 | 486 777 852 | 465.0
SCANT [30] /s | 727 948 984 | 588 884 948 5079 | 504 822 9.0 | 386 693 804 | 4109 VSRN' X | 713 906 960 | 547 818 882 | 4826
VSRNT [31] x | 762 948 982 | 628 897  95.1 5168 | 53.0 81.1 894 | 405 706  8I.1 415.7 CAAN s | 701 916 972 | 528 790 879 | 4786
CAAN [53] v 755 954 98.5 61.3 897 95.2 515.6 525 833 90.9 412 703 82.9 421.1 IMRAM' | v | 741 930 966 539 794 87.2 484.2
IMRAM! [6] v 76.7 95.6 98.5 61.7 89.1 95.0 516.6 53.7 83.2 91.0 39.7 69.1 79.8 416.5 SGRAF?! / 71.8 94.1 97 4 585 83.0 88 .8 499 6
SGRAFT [14] v 79.6 96.2 98.5 63.2 90.7 96.1 5243 57.8 - 91.6 419 - 81.3 - VSE X 76.5 94.2 977 56.4 83 4 80 9 498.1
VSE. [27] x | 785 960 987 | 617 903 956 5208 | 566 836 914 | 393 699  8I.1 4219 Tt
NAAF' [52] /s | 805 965 988 | 641 907 965 5272 | 589 852 920 | 425 709 814 | 4309 gA:‘SF ‘; 3;‘2 gg.(l) gg'g g’;‘g gj‘g £'g g(l)gg
Ours x | 798 962 986 | 636 907 957 5246 @ 588 849 915 | 411 720 824 | 4307 0“ - it 4' ] = e = R 5' - 91' ; 509'3
Ours' X | 806 963 988 | 647 914 962 5280 604 862 924 | 426 731  83.1 437.8 e X : : : : . . .
ResNeXt-101 + BERT RUNeABI0E + BERY
VSE oo [27] X | 845 981 994 | 720 939 975 | 5454 | 664 893 946 | 516 793 876 | 4689 VSEw T X | 884 983 995 | 742 937 968 | 5509
VSEo. 1 [27] x | 856 980 994 | 731 943 977 548.1 | 681 902 952 | 527 802 883 474.8 VSE.. X | 887 989 998 | 761 945 971 | 555.1
Ours X | 863 978 994 | 724 940 976 5475 69.1 907 956 | 521 796 878 474.9 Ours X | 888 985 996 | 743 940 96.7 551.9
Ours' x | 866 982 994 | 734 945 978 5499 710 918 963 | 534 809 886 | 4820 Ours’ X | 906 990 996 | 759 947 973 | 557.1

* Achieves the state-of-the-art on various benchmarks and settings

* Outperforms some of the previous work that requires x80 FLOPs




Experiments
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&1 R1: Picture of an outdoor place that is

very beautiful.

Nl R1: A festival with people and tents
gt outside a clock tower.

R1: A large crowd is attending a
community fair.

R1: A crowd of people at a festival
type event in front of a clock tower.

R1: Some animals that are around the

! grass together.

R1: A giraffe and zebras mingle as
cars drive out of an animal park.

R1: A giraffe and zebras mingle as
cars drive out of an animal park.

R1: A giraffe and zebras mingle as
cars drive out of an animal park.
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