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Introduction

Image e
3 TRAINING STRATEGIES
o 1. Cross-Entropy Loss
P2 Masked Language Model
i 3. Reinforcement Learning
i 4. VL Pre-Training ;
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RN e S E YN
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f VISUAL ENCODING ) (  LANGUAGE MODELS i 1) Non-Attentive
1. Non-Attentive 1. LSTM-based: . .
(Global CNN Features) *  Single-layer 2) Additive Attention
2. Additive Attention: J *  Two-layer
*  Grid-based 2. CNN-based .
* Region-based 3. Transformer-based 3 ) G ra p h ba Sed Atte ntion
3. Graph-based Attention 4. Image-Text Early Fusion .
4. Self-Attention: " (BERT-like) J 4) Self-Attention
* Region-based l
: r;tacg}:z.-::iiiarly fision A herd of zebras grazing
& ) with a rainbow behind.

Fig. 1: Overview of the image captioning task and a simple
taxonomy of the most relevant approaches.
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Attending convolutional activations
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Attending convolutional activations
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A dog is standing on a hardwood floor. A stop sign is on a road with a

mountain in the background.
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Other approaches----Review Network
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(a) Attentive Encoder-Decoder (b) Review Network. Blue components denote optional discrimina-
Model. tive supervision. 7. is set to 3 in this example.

i FiHkl




¢ 7521 X¥

EIJING INSTITUTE OF TECHNOLOGY

Other approaches----Multi-level features
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Attention Over Visual Regions
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Spatial and semantic graphs
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Yao et al. “Exploring Visual Relationship for Image Captioning,” in ECCV, 2018.

Guo et al. “Aligning linguistic words and visual semantic units for image captioning,” in ACM Multimedia, 2019
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Hierarchical trees
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Instance level

(a) Hierarchal structure (c) Instances

T. Yao, Y. Pan, Y. Li, and T. Mei, “Hierarchy Parsing for Image Captioning,” in ICCV, 2019.
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Self-Attention Encoding
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A white dog is laying on the sidewalk next to a bike.

Li et al. “Learning to Collocate Neural Modules for Image Captioning,” in ICCV, 2019.
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Geometry-Aware Self-Attention

(JURIRAIRIBIEE0HR)
Z = Attention (Q, K, V) = Softmax (F) V
E=QK"

E=QK' +¢(Q,K',G)

Herdade et al. “"Normalized and Geometry-Aware Self-
Attention Network for Image Captioning,” in CVPR, 2020
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L. Huang et al. “Attention on Attention for Image

(a) Attention (b) Attention on Attention Captioning,” in ICCV, 2019.
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Image Vision Transformer
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Dosovitskiy et al. “An Image is Worth 16x16 Words:

Transformers for Image Recognition at Scale,” ICLR, 2021
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K. Xu, J. Ba, R. Kiros “Show, attend and tell: Neural image caption generation with visual attention,” in ICML, 2015.
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K. Xu, J. Ba, R. Kiros “Show, attend and tell: Neural image caption generation with visual attention,”
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P. Anderson et al. “Bottom-up and top-down attention for image captioning and visual question answering,” in CVPR, 2018.
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L. Ke et al. " Reflective Decoding Network for Image Captioning,” in ICCV, 2019.
® Look back and predict forward:
Y. Qin et al. “Look Back and Predict Forward in Image Captioning,” in CVPR, 2019.
® Adaptive attention time:
L. Huang et al. "Adaptively Aligned Image Captioning via Adaptive Attention Time,” in NeurlPS, 2019.
® Recall mechanisms:
L. Wang et al. “Show, Recall, and Tell: Image Captioning with Recall Mechanism,” in AAAI, 2020.
X. Yang et al. “Auto-Encoding Scene Graphs for Image Captioning,” in CVPR, 2019.
Z. Shi et al. “Improving Image Captioning with Better Use of Captions,” in ACL, 2020.
T. Yao et al. "Hierarchy Parsing for Image Captioning,” in ICCV, 2019
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“Convolutional image captioning,” in CVPR, 2018.
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Gating mechanisms

G. Li, L. Zhuy, P. Liu, and Y. Yang, “Entangled Transformer for Image Captioning,” in ICCV, 2019.
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J.Ji, Y. Luo, X. Sun, F. Chen, G. Luo, Y. Wu, Y. Gao, and R. Ji, “Improving Image Captioning by Leveraging
Intra- and Interlayer Global Representation in Transformer Network,” in AAAI,2021.
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M. Cornia, M. Stefanini, L. Baraldi, and R. Cucchiara, “Meshed-Memory Transformer for Image Captioning,’
in CVPR, 2020.
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L. Zhou et al. “Unified Vision-Language Pre-Training for Image Captioning and VQA,” in AAAI, 2020
X. Li et al. "Oscar: Object-semantics aligned pre-training for vision-language tasks,” in ECCV, 2020.
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TextCaps

Woman on A glass bowl contains
a horse jumping peeled tangerines and
over a pole jump. cut strawberries.

A person is holding a
small container of cream
upside down.

Palm Springs of Washington’.
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The billboard displays
‘Welcome to Yakima The
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Small stand of trees, just
visible in the distance in
the previous photo.

Cars are on the streets.
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This bird is blue with
white on its chest and has
a very short beak.

train

(a)

Ccoco
tabledog

sl tennis

2 Ldl)

D
-

larg

CD
-
=
L =
=

n

(1]
r'f

ca
rke

PEMRRMplate

ma nwoqman

e Tield
1tting
@viding
%bQﬂ c%(ma 1T

ding...
street

Fashion Captioning

1 %rm
e
st xpe }/Sl

add: :3~

walst

dressU =

tretch

te efit

sleeve sofut
cotiton::

blendl O

lea

anfm

(b)

TextCaps

screenWO r d

blepmphone

] :
plaryerb tt;ptg”

num er’q‘ ‘
S ay whlte

blue

~wbogk™

baseball™

Li‘L‘H‘ 1 '

CUB-200
yellow,

s throat

miin 2 beak
ly

bill
gray

of piinted Grey bEl

&'e short

1r

pointy

brown

D| Gﬁ&t bright




IE%&E%&E

Domain Nb. Images Nb. Caps Vocab Size Nb. Words

{per Image) (per Cap.)
MS COCO (Generic 132K 5] 27K (10K) 10.5
Flickr30K Generic 31K 5 18K (7K) 12.4
Flickr8K Generic 8K 5 8K (3K) 10.9
CC3M Generic 3.3M 1 48K (25K) 10.3
CC12M Generic  12.4M 1 523K (163K)  20.0
SBU Captions Generic 1M 1 238K (46K) 12.1
VizWiz Assistive 70K 5 20K (SK) 13.0
CUB-200 Birds 12K 10 6K (2K) 15.2
Oxford-102 Flowers 8K 10 5K (2K) 14.1
Fashion Cap. Fashion 130K 1 17K (16K) 21.0
BreakingNews News 115K 1 85K (10K) 28.1
GoodNews News 466K 1 192K (54K) 18.2
TextCaps OCR 28K 5/6 44K (13K) 12.4
Loc. Narratives Generic 849K 1/5 16K (7K) 41.8
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- Standard captioning datasets: EHiffYImage CaptioningZgts

BEHTE Flickr30K # Flickr8K #iEEE EHHTIIZRFIMN, XEEUE
LM Flickr RULWERNE R AR, SSBEE. SHMEs,
BEBEcA 5 caption, HAI, &FEMAAYIMage Captioning#ia
g Microsoft COCO, BHERZENIEGAR, HEHEa8A
INSHFRIA. FOENBEYIR.

 Pre-training datasets: ZHEMHR/DFIRERIEAIIMage

Captioning#iEsE, sERTHMES (FlUIMKZ) HuESEr
LAFSRF)I45. SBU Captions, &#JAF1&Image Captioningfk
FIEFR(EELIE, Conceptual Captions#UEsE, ZHUEER K
#3330 /55K (CC3M) 0 1200 F3K (CC12M) BElfg, FHEBL—MMM
k2% _E BRI EERYS5REREIA,

- Domain-specific datasets: VizWiz Captions §7&3z#Flmage

Captioning X HEIRARIAR, ZEUEEFHEGREHUEAL
FBFHAER. CUB-200 #1 Oxford-1029818 S SHEHEIE,
FHEE10 {Ncaption, Fashion Captioning& SaJaEt=4HE
captionfPI R EIZEFIERIIREAIES. BreakingNews
GoodNews SEFHIFRAEFERIELC, SliINEGEEHENE.
“Localized Narratives” , HcaptionZ@TIERAIEHINA
fEIEEGPEREIRIRESRWEN (B 2 E3RaHER).
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Flickr8k: https://academictorrents.com/details/9dea07ba660a722ae1008c4c8afdd303b6f6e53b
Flickr30k: https://pan.baidu.com/s/TrORVUwctJsIOiINuVXHQ6KA  code: hrf3

COCO: https://pan.baidu.com/s/10T-sOwWVYICIMThVySzuTQ  code: 2pyr

SBU Captions: http://www.cs.virginia.edu/~vicente/sbucaptions/

CC3M:  https://ai.google.com/research/ConceptualCaptions/download

CC12M:  https://github.com/google-research-datasets/conceptual-12m

VizZWiz:  https://vizwiz.org/tasks-and-datasets/image-captioning/
CUB 200: https://pan.baidu.com/s/10L3s7XmzoaYmbBocYJjYyQ code: 7jeb

Oxford-102: https://s3.amazonaws.com/fast-ai-imageclas/oxford-102-flowers.tgz

Fashion Cap.: https://github.com/xuewyang/Fashion Captioning
GoodNews: htitps://github.com/furkanbiten/GoodNews

Text Caps: https://textvga.org/textcaps/

Localized Narratives: https://google.github.io/localized-narratives/



https://academictorrents.com/details/9dea07ba660a722ae1008c4c8afdd303b6f6e53b
https://pan.baidu.com/s/1r0RVUwctJsI0iNuVXHQ6kA
https://pan.baidu.com/s/1QT-s0iwVYlClMThVySzuTQ
http://dsl1.cewit.stonybrook.edu/~vicente/sbucaptions/%0d
https://ai.google.com/research/ConceptualCaptions/download
https://github.com/google-research-datasets/conceptual-12m
https://vizwiz.org/tasks-and-datasets/image-captioning/
https://pan.baidu.com/s/1OL3s7XmzoaYmbBocYJjYyQ
https://s3.amazonaws.com/fast-ai-imageclas/oxford-102-flowers.tgz
https://github.com/xuewyang/Fashion_Captioning
https://textvqa.org/textcaps/
https://google.github.io/localized-narratives/
https://textvqa.org/textcaps/
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Inputs
Original Task Pred Refs Image

BLEU Translation v v

METEOR Translation v v
Standard ROUGE Summarization v v

CIDEr Captioning v v

SPICE Captioning v (v) (v)

Div Captioning v
Diversity Vocab Captioning v

%Novel Captioning v

WMD Doc. Dissimilarity v v
Embedding-based Alignment Captioning v v

Coverage Captioning v (v) (v)

TIGEr Captioning v v v
Learning-based BERT-S Text Similarity v v

CLIP-S Captioning o () v
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Candidate: the president spoke to the audience.

Reference: the president then spoke to the audience.
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Flickr30K Dataset + Andrej Karpathy's training, validation, and test splits
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Beam Search with k = 3

Choose top 3 sequences at each decode step.
Some sequences fail early.
Choose the sequence with the highest score after all 3 chains complete.

an an-man /4 a man holds —» a man holds a —>
a > a god > a god among ><: a man is holding —>
oh a man > a man is a god among men —>

8.09

— a man holds a football > a man holds a football <end§o'55/ a man is holding a football <end>

R a man is holding a - a man is holding a football
—» 0godamong men <end>"!
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1. Anderson P, He X, Buehler C, et al. Bottom-up and top-down attention for image captioning and visual question answering[C]//Proceedings of the
IEEE conference on computer vision and pattern recognition. 2018: 6077-6086.
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Unified Vision-Language Pre-training seqlseq bidirectional : o
objective objective I Image Captioning
|
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Zhou L, Palangi H, Zhang L, et al. Unified vision-language pre-training for image captioning and vqa[C]//Proceedings of the AAAI Conference on Artificial
Intelligence. 2020, 34(07): 13041-13049.
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| BLEU-1 BLEU-2 BLEU-3 BLEU-4
| Up-Down [EGR:P 50.5% 36.4% 26.1%

VLP 71.6% 54.5% 40.7% 30.1%
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