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Background

® Given collection of images, captions

® Perform retrieval tasks...

o Image Retrieval

o Caption Retrieval

® Useful for. . The underside of a passenger airliner taking off.

A white jet airliner with blue sky in background.

o Image captioning A large commercial plane flying overhead in the sky.

o Visual question answering White jet plane flying in the sky with engines.

The bottom of an airplane flying in the sky.
o efc...

Examples of bidirectional retrieval
(Figures are copied from [1])



Background

® Visual Semantic Embedding (VSE) Method
o Project the holistic image and text into a
common embedding space where the overall
semantic similarity is measured.

® Fine-grained Matching Method
o Map visual and linguistic fragments into
representation space and then match the

embeddings to obtain the overall similarity.
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Illustration of VSE and fine-grained matching method.
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® Cross-attention-based fine-grained matching
methods (CAM)

Sentence T: Acatis 5|tt|ng in the bathroom sink.

|Attededsetece vector a1 ]_\\
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Stage 1: Attend to words
mg Pooling

o Utilize cross-attention mechanism to infer the

. . . . sink. [ )
alignment between salient image subregions

and text tokens.
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® Problems of CAM g
© S u b_o ptl mal aCCU raCy' Sentence T': A cat is sitting in the bathroom sink.
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Caching cross-attention weights is with a

_ ] [llustration of CAM.
massive cost of memory and time. Figures are copied from [2]



Our method

® Basic idea
o A coding framework can well conclude the
aligning process. CAM is a special case of soft
assignment coding.

® Insight
o There must exist a sub-region in an image
that can best describe every given word in its
semantically consistent sentence.

® Our approach
o We further propose the Cross-modal Hard
Aligning Network (CHAN) based on hard-

assignment coding.
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Comparison of current CAM and our CHAN.
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® The fine-grained image-text similarity is actually the weighted sum reconstruction similarity:

L
1
s(T,V) = h log ; exp(As(t;, V))
® The reconstruction similarity is the similarity between query t; and code book V = {vj};{:l

s(ti, V) = S(t;, t;)

K
=) wijv,
=1

® The retrieval accuracy is highly related with the formulation of coding coefficient

o soft-assignment coding: exp(si;/T)
Wij = K
Zj:l exp(8;;/T)
o hard-assignment codin L tt; t] vy
g 9 1,1f 7= arg max(sij); (t;,V) = TR — o Tlon]
wij = SR )
0. otherwise. = 8i; = mazx (Sij)

j=1---K
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o Modules Of CHAN Text Representation Hard Assignment Coding
i i novisiingon| @) Rogion Word Sty y—
o Visual representation &E‘lﬁ&‘::jfﬁ:‘.ﬁi. §3 Similarities |
BUTD-based Faster RCNN ] ] G ] ) Fanit
o Text representation - - - @
Glove+Bi-GRU/pretrained Bert R Sy NERSERRE

o Objective function

. - F VO Y ||--------- Pooling ------- :

o Hard assignment coding Word-Image  Text-Image!
. ] ] Similarities Similarity i

Row-wise Max-Pooling + LSE Pooling ;
LSE-Pooling —— i

Triplet Loss with hard negative mining

Visual Representation

Overview of CHAN



Experiments

COCO 5-fold 1K Test [5]

METHOD TYPE
IMG — TEXT TEXT — IMG RSUM
R@] R@5 R@10) R@]1 R@5 R@I10

ResNet-152 [15] + BiGRU
VSE++ [ 1]2017 Global 64.6 900 957 520 843 020 478.6
VSEoo [4]2021 Global 765 953 085 629 906 0958 519.6
BUTD [1] + BiGRU
VSRNx* [22]2019 Fragment 76.2 948 982 628 89.7 951 5168
VSEoo [4]2021 Fragment 78.5 96.0 98.7 61.7 903 956 520.8
SCAN=* [21]2018 Aligning 72.7 948 0984 58.8 884 948 5079
IMRAM* [3]2020 Aligning 76.7 956 985 61.7 89.1 950 3516.6
SGRAFx [ 10]2021 Aligning 793 96.7 983 645 90.0 958 5246
CGMN [6]2022 Aligning 76.8 954 983 638 90.7 957 520.7
NAAF [46]2022 Aligning 78.1 96.1 986 635 89.6 953 521.2
CHAN (ours) Aligning 79.7 96.7 987 638 904 958 525.0
BUTD [1] + BERT [Y]
MMCA [41]2020 Aligning 748 956 977 61.6 898 0952 514.7
VSEoo [4]2021 Aligning 79.7 964 989 648 914 0963 5275
TERANx [25]021  Aligning 80.2 96.6 990 670 922 969 5319
VSRN++% [23]0022 Aligning 779 96,0 985 64.1 91.0 96.1 523.6
CHAN (ours) Aligning 81.4 969 989 66.5 92.1 96.7 532.6

Quantitative Comparison between current SOTAS and our

CHAN. CHAN outperforms all of current methods
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Efficiency Comparison between current SOTASs and our
CHAN. CHAN are over 10 times faster than other methods



Experiments

! ! ! — K=18
METHOD IMG — TEXT TEXT — IMG RSUM 520 — E::j -
R@]I| R@5R@IOR@] R@5R@10 —_— K=72
Coding Types - sl
Cross-Attention 54.8 83.7 91.2 39.6 69.0 80.3 418.6
Visual Codebook 60.2 859 924 41.7 71.5 81.7 433.4 Em'
Textual Codebook 48.8 80.1 88.9 352 66.6 78.4 398.0 3
Pooling Types o
Max-Pooling 34.8 65.1 76.7 20.7 50.1 64.2 311.7 |
Average-Pooling 58.8 854 919 424 71.5 81.8 4319 0
Sum-Pooling 58.4 85.1 92.1 41.3 70.5 80.7 428.1
Softmax-Pooling 54.7 83.0 91.3 40.3 70.0 81.0 420.5 420 1
LSE-Pooling 60.2 859 924 4177 71.5 81.7 4334
10 20 % 40 5 60 7

Inference Time (ms/pair)

The impact of the codebook size.
Increasing the codebook size consistently improved the
performance of CHAN, demonstrating its robustness.

Quantitative Comparison between different coding setting.
Aligning sub-regions with query words yields the best results.



Experiments

Q1: The boy wearing a black  Q2: A gloved hand holds Q3: Two men and a Q4: A woman drawing a
shirt and blue jeans is holdinga  what appears to be an woman are walking portrait on a white wall with
red baseball bat. oversize nail against a log. down a city street. trees in the background.

~
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Visualization comparison between CHAN and existing method.
CHAN can better eliminate the meaningless alignments




Thank you for Listening!
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