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[ magere - N Dataset | Method | Venue | ca | mage—Text | Text—lImage | iy
________________ P | | . Feature | | | | R@1 R@5 R@10 |R@1 R@5 R@I0 |
g Joint embedding \ | . pooling Faster R-CNN + Bi-GRU
space PRI 5 ‘ e ] CHAN CVPR'23 | v | 797 945 973 | 602 853 90.7 | 507.7
: : Bottom-up  [——> : NAAF' | CVPR23 | v | 819 961 983 | 61.0 853 90.6 | 513.2
n— : : Attention : 5 \ Flickr30K | SDE' CVPR’23 809 947 976 | 594 856 9.1 | 509.3
cap J(nwhite] ( bieck J{anory : : i , HREM! | CVPR23 814 965 985 | 609 856 913 | 5142
'\ f '\ f ,  Similarity : -\ ! | , Ours' 823 961 980 | 63.0 874 928 | 519.6
. score I ' ,! - Joint embedding
' A man in white is leaping k man bull : : ’ space CHAN CVPR23 | v | 602 859 924 | 417 715 817 | 4334
- . S N ! ! pmmmm e . emmmmmmmmmmmes . NAAFT CVPR23 | v | 589 852 920 | 425 709 814 | 4309
' through the air escaping | | Nescape A @ X k Scene graph g Y  Obioct.Obieot GAT /\ T :
' the arena containing | —> leap through contain e(\eg(?()\g \_______Q ________ . : Object-Attribute GAT : J J : @ MS-COCO | SDE T CVPR,23 604 862 924 | 426 73.1 83.1 437.8
e e e e e e e e e e e e e ” ! air arena - | Wi \ ! : : : poollng Ours 63.0 86.8 92.7 44.2 73.9 84.0 444.6
ive people walking up ! . ! |
metal stairs surrounded by z(r:aerr;: < : ! | :_[ PO ] Faster R-CNN + BERT
Motivations large-sized building parser : L ; MV-VSE' | ICAI'22 821 958 979 | 63.1 867 923 | 517.5
covered in graffiti paint P | [forge-sizec o : o | CHAN | CVPR'23 | v/ | 806 961 978 | 639 875 926 | 5185
0 Cross-attention networks are powerful but more computationally C . oo ; HREM' | CVPR’23 840 961 986 | 644 880 93.1 | 524.2
. ' graffiti) 1 - : Ours' 834 959 986 | 641 881 931 | 5233
expensive than dual encoders. ; paint )1 arafi : —
_ \ ) \ SE ; MV-VSE! | IICAT’22 59.1 863 925 | 425 728 83.1 | 436.3
0 Text encoder (GRU, LSTM, BERT) needs to learn semantc I MS.coco | CHAN | CVPR23 | v | 508 872 933 | 449 745 842 | 4439
parsing: 1) Which tokens are objects/attributes/relations? 2) How ’ N ) Lo T R
' ' Semantic Concept Encoding Training. Given pairwise similarity score in a batch: Ours' 643 875 936 | 454 747 846 | 450.1

to bind attribute/relation with the correct object?
1) Triplet hardest loss
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- Prior work only align images with texts holistically. Can we | . ( _ object . i 0 New state-of-the-art results on Flickr30K while being
design objectives to align image with individual object entity? : 9;’:;‘2:' N g;lQJT/ _hode _ 3 A A : competitive on MS-COCO. Superior performance compared
. y, l . .
E attribute i hardest negative : to even cross-attention methods.
r N I ' '
Proposal - CORA: : Ia_rged —> CB;EIL?JT/ node large-sized ') v; . 4—»@ text) :
_ _ ! ~Slze § J | hardest negative Vs : Image-to-text retrieval
1 Ascene graph_based dual encoder for Image_teXt matChlng' : surrounded == relgtlon : : image | : 1. A woman dressed in black with a tattoo on her right arm is taking a picture...
1 Is trained with objectives to make global image-text and local | by —{ SERT | x \,QD\A : 2. A woman with long hair in black clothing is taking a photograph.
_ . ) _ : ) ! £ : 3. A person with tattoos 1s looking at a photo on a digital camera , or cellphone.
Mmag e'Ob] ect entlty al Ignment. | | ( t; , 4. A tattooed woman taking a picture with a digital camera.
e R | : 5. Somebody took a photo of a girl with long black hair taking a photo.
- |{ _ _ . o : ) Image-to-entity retrieval:
I e CORA E : 2) Contrastive loss: green >> white 3) Triplet specificity loss: green >> blue : digital camera, camera lens, woman wearing black, gun range, mobile phone,
S o : : ' [ photographer, black blouse, black backpack, black purse, black leather pumps,
ﬁ e L ZiiﬁF / 0 CORAs Superior to : : black leather bag, dark haired woman
> recent SOTA cross- | caption {t;} object entity{e; } caption {¢;} object entity{e;z } i
@ .
3% attention image-text sositive match
(TP matching me_thods in | | i
2 / terms of retrieval | Image Image i
100 // speed and accuracy. |
(@) - | V; V;
E I / : { z} { Z} negative match :
g 0 - = — —— ' I :
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