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MR X FARS KRR

XK-HEAREE (EX) :

MSR-VTT: 1IZEIEEE 2 10000 MR B (videoclip), MM 10s 2] 325, #WA A
W&k, BIEFMKE=35 . BN A REMEFRE T K8 20 KECEF, hoh, MSR-VTT
TRETEMMENER (H1T20%), XINKIIERERLRMN, EUXEFHES
M, B, SRS RFMEEN. ZEEEXITER T MM FMFENTTNIER, 2
A4 - METEOR, BLEU@1-4,ROUGE-L,CIDEr,

HOEEMHE ¢ http://ms-multimedia-challenge.com/2017/dataset

MSVD : B2 1970 MR, SN ERE 40 MIF, SN 1s 2 62s, FIigH
K49, MHMBERENAN, 519, shiE, HR%E. SMBBFARHARET 26T,
K249 41 annotated sentences per clip, 3£ 80839 /> sentences, & 8] FFH 8 /> words,
XL T BA F 4 EA9R 16000 4 unique words, caption FEIEZ EIES #H1THR,
ERE X REUR 1% A laguage = english B9 caption #FFTIUIZFM

FAREMIL : https://www.cs.utexas.edu/users/ml/clamp/videoDescription/

LSMDC : H 118081 MRUSRLARL, B MAKEM 2 FEF) 30 A%, WHEM 202 &
TR, WIEEEE 7408 ML, WIXEEE 1000 MR
FAREMIL  https://sites.google.com/site/describingmovies/download

ActivityNet : 2 B BRI E T A R A EIRSE, B0 KRN MES . BRIAR
A7 v1.3, B 20000 4 Youtube M (YNZEEEL 10000 MU, IIEEFMIXEE
BEZ 5000 NMER), 21129 700 /N EIRSR, FEHEANME LR 1.5 MaEifEfRiE (action
instance) . ActivityNet &3 7 200 MAEHNBE & &SN, Bl40 :° walking the dog’ , ‘long
jump’ ,and ‘vacuuming floor' %. #IEEH  train (~50%) , validation (~25%) , test

(~25%) .

FUREHIL : http://activity-net.org/download.html

DiDeMo : % 10000 N¥SRA 40000 MNalF. A TETFERE, SMUIES K5 #EY
AR, B—NAFEERS S AY 0-5 F), B EBRNI Y 5-10 7, &%,
FOREMHE | https://github.com/LisaAnne/LocalizingMoments

VATEX : £7%F Video And TEXt, 2—PMAMIR. ZBESUHIEAEESE, ZEEEES
it 41250 MR 82.5 HHEICAMER, HPGEEIE 206 AEREPEETH
FX. E8E 600 MAXENMABNMNTAS. FMNMMEE 10 NERICGEARF 10 4
PR, DRIRE 20 MAEIRESE..

FOREMHE | https://eric-xw.github.io/vatex-website/download.html



XAK-HEFEEFE (FX) :

Youku-mPLUG : &3k B 45 MNARRIZEFIAT 1000 BRI - XA, RS KETE 5
30 MFziE, MEELEE5MNXFE, KEAE 10 2] 120 (4,

FIREHHE  https://modelscope.cn/datasets/modelscope/Youku-AliceMind/summary

Tencent-MVSE Dataset : XM ZESBUELIESE, B20WMY, M ARS,
—MNIAEMRE T EENEE, BT AR ASR XK (MBS LASA) (I frame
5. ATHREH tag RSP B category (E).

HIBREMLE | https://tencent-mvse.github.io/

RN TARESE (EX) :
Howto100M ##E% : https://opendatalab.org.cn/HowTo100M/download ([RELLIRZE)
LAION-5B #%#&% : https://laion.ai/blog/laion-5b/
Web-Vid-10M #3&%E : https://m-bain.github.io/webvid-dataset/
HD-VILA-100M #3EE :https://github.com/microsoft/XPretrain/tree/main/hd-vila-100m
UCF-101 #3&%E : https://www.crcv.ucf.edu/data/UCF101
YT-Temporal-180M %i#&% : https://opendatalab.com/YT-Temporal-180M

B -SCAR T RS

LAION-400M ESCE#EEE : https://laion.ai/blog/laion-400-open-dataset/

COYO-700M B #dEE : https://github.com/kakaobrain/coyo-dataset

MMC4-1000M B XEIFEE : https://github.com/allenai/mmc4

SBU-E S E#EE  https://opendatalab.org.cn/SBU_Captions_Dataset/download

Conceptual Captions-12M : https://opendatalab.org.cn/Conceptual_Captions/download
COCO #E% : http://images.cocodataset.org/

GRIT- 20M £4E% :https://github.com/microsoft/unilm/tree/master/kosmos-2 (X AR €
BYEAALE LR, T DUERRBINA BRRMEES), SE1R X kosmos-2)



1. BRSCARARTSTTE

(1) CLIP : Learning Transferable Visual Models From Natural Language Supervision
Paper : https://arxiv.org/pdf/2103.00020.pdf
(2) FLIP : Scaling Language-Image Pre-training via Masking
Paper . https://arxiv.org/pdf/2212.00794.pdf
T BB mask FEEIRAY patch, RARK AR & I ZRE0R
(3) VILT : Vision-and-Language Transformer Without Convolution or Region Supervision
Paper . https://arxiv.org/pdf/2102.03334.pdf
= . HIEIE text tokens # image patches | —1RiF Transformer, X4 &k
(4) ALBEF :Align before Fuse: Vision and Language Representation Learning with Momentum
Distillation
Paper . https://arxiv.org/pdf/2107.07651.pdf
=R NEMES, BANE, —RERBRIEREZ X
(5) BLIP :BLIP: Bootstrapping Language-Image Pre-training for Unified Vision-Language
Understanding and Generation
Paper . https://arxiv.org/pdf/2201.12086.pdf
e MBI WM £ ARE . I TM FnsdeE, RAEHII—27
(6) BLIP2 : BLIP-2: Bootstrapping Language-lmage Pre-training with Frozen Image
Encoders and Large Language Models
Paper . https://arxiv.org/pdf/2301.12597.pdf
= A Q-former HHEMAREFIBEFREL (LLM)
(7) CoCa : Contrastive Captioners are Image-Text Foundation Models
Paper . https://arxiv.org/pdf/2205.01917.pdf
s | XFEEE 3] +captioning
(7) VLMO : Unified Vision-Language Pre-Training with Mixture-of-Modality-Experts
Paper . https://arxiv.org/pdf/2111.02358.pdf
= X transformer layer, self-attention EpHAzh ; FFN 292 = : V-FFN
SIBMMBAEZS, L-FFN AMIESCAETS, VL-FRN SRR ZES
(7) BE|T-V3 . Image as a Foreign Language: BEIT Pretraining for All Vision and Vision-
Language Tasks
Paper : https://arxiv.org/pdf/2208.10442.pdf
=& backbone A VLMO B2 #Y Multiway Transformer, llZk B4xRH Masked
Data Modeling, ¥ BXfLEZE ST
(7) Kosmos-1 :Language Is Not All You Need: Aligning Perception with Language Models
Paper : https://arxiv.org/pdf/2302.14045.pdf
TR NSRS LM, BRSNS R AR RAL NS R — R A
% Transformer Decoder A1,
(8) Kosmos-2 : Grounding Multimodal Large Language Models to the World
Paper : https://komosarxiv.org/pdf/2306.14824.pdf
= 32E T — Large-Scale Training Corpus of Grounded Image-Text Pairs (GRIT)
HiRSR, KRARRIER T BRAYAAERE
HWEH IR TS % : https://zhuanlan.zhihu. com/p/6149642057utm id=0



2. B OCAIEZSTTIE

B B2 A B AR A X 77358 CLIPBERT, CLIPAClip, CLIP2Video, CLIPTV. TACo
SRk, EXERITEERNSMBIIM—L2ESEHN L.

2.1 TACo

TACo: Token-aware Cascade Contrastive Learning for Video-Text Alignment

Jianwei Yang Yonatan Bisk Jianfeng Gao
Microsoft Research Carnegie Mellon University Microsoft Research

jianwyan@microsoft.com ybisk@cs.cmu.edu jfgao@microsoft.com

3%  TACo: Token-aware Cascade Contrastive Learning for Video-Text Alignment
W ICHERE © https://arxiv.org/abs/2108.09980
RLgEREE
WX« R
WX RIHE - MG BIFT

ARICRE T —F token BAREKIILLF S)(TACo) BIE, 1ZE AT MRS T
BRIMXEEF Y. #—12 token BAMXMLILIREL & TREIHEEFEFNELRITE
B9, XEHRTXNFRHM- XA, XAFHHARE, O7EMNE, tEHREAERTESH
AR RN ENT. EZR/RXATRERET EZER AL & hard negative X, MH
BT 2RISR E R

K' hard negatives

:( Contrastive Loss L, ‘; :‘ L‘m

T e

Multi-modal Fusion Layers «——__G_:" Hard negative mining

I J alignment 7
777777777777 -~ , /
‘ Contrastive Loss L, ) ScOn/esi >
| e
1
1

(add, tomatoes, pan, stir)

Contrastive Loss L, /‘_ . : mw "5'3-;_/"

Language
Encoder

t
Add blended tomatoes
to pan and stir.

Text-video pair K — 1 negatives

AN ETEG = MELRAR : Video encoding module. Language encoding

module. Multi-modal fusion module

[Video encoding module] M #ZwA%IEEEH 6 SN BEFEESM. AWARNMMR
B F— T I A8 EYREY, 40 2D CNN 5 3D CNN. AEHANIABRN, WA
BOBMN—NEMETSR, BeMRSFYSEIREHERNER d £, /EER m MFIEH
FHIRF MR RLRR N, . FIEANEE m BUR T EHENUR AL F AN TR IR
Pz

[Language encoding module] E& 5 51 BNIZ:A9 tokenizer 1 BERT Xf#i A\ X



K17 tokenize FMREN X AHFE, A —NRIBAF, DRIEFLMNEREEIN—
“[CLS]" #1 “[SEP]" . 7EMEEITNER, O] IXBEI—HE n DXARFFEHMNFT] . X BRIE
TR LS A 5B S RIDSAVSEER.. Till%GIRS, EIMES RS
HESE 0, DUERAFEERIA,
[Multi-modal fusion module] ZESEGRIRBAFTEISH 0 MEAREA
. TSRS RSN XA E AN, AR E 4L,
FIR=AMEBRAR T AN - XA FHREL, SREXZAREEF AR H A9 token
HRBEXT LR R AT S
sentence-level contrastive loss | X BN RAD /T AUFFAEK F1Y, XTSAER X
KBRIBEAREKRT, ITEARMMIRK
token-level contrastive loss | 7K1y, ITEIRK, 1L SCARFHEFSRM A HFAEXT 57
Token of interest loss : HE—LEZFFIFNEARIIT R A Token HRITERK, H TR
PIHE, RE K NMREMNOEARSSITE,

2.2 CLIPBERT

Less is More: CLIPBERT for Video-and-Language Learning
via Sparse Sampling

Jie Lei*!, Linjie Li*2, Luowei Zhou?, Zhe Gan?, Tamara L. Berg!, Mohit Bansal!, Jingjing Liu?
LUNC Chapel Hill  ?Microsoft Dynamics 365 AI Research
{jielei, tlberg, mbansal}@cs.unc.edu

{lindesy.li, luowei.zhou, zhe.gan, jingjl}@microsoft.com

X & : CLIPACIip: An Empirical Study of CLIP for End to End Video Clip Retrieval
T HEIE © https://arxiv.org/pdf/2102.06183.pdf

RADSEHE | https://github.com/jayleicn/ClipBERT
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WX I - SN
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( Type Embedding ) L& 2 8 | modeling prediction
Position i (2D Position ing | o o
Language
——
L\ Text encoder
[__Temporal Fusion \ - I:l—'Cross-mcdal_’P gicti Ours
[ Spatial Downsampiing | £ - modeling redic |0n~\
W i NN 3| € o) A4,
/ord Embedding L Cl ) 3 8 ‘ Vision b—»Cross-modaI_, Prediction - = > Video-level
people playing a w > 9 |_encoder | —_modeling a prediction
baseball game = S cfias & | - A
Text - — :% = _’Crgzzenl;ggal_, Prediction *
ok Language, } Text feature
encoder [ Clip feature

kB CVPR2021, E&HY motivation Sk BT, B RIKEB T GAREEF 1= B2 L
FHVFAEIRENEE, AT 1) BEEMNFHEN TARM THRESRKIEAERMHN, BARRE
SRR, 2) BENUSTFHINITEEEXRES, MEWMEARAKIET,
AR RES 5 EI AT .

CLIPBERT, BE®HBXEE, BIRFEA—INIILNHEXENNMNE R BRRREENN
3, I less-is-more B RNIFEARR T N 1 HimBimF > . w0 EEFrR, 12BN ER D
EMERERNT, RAEXNEZNERBROTUNHTREMFME, NEHREEBNUG
BRI, XMEBRIZEBEHENRETUAKRBDAFRERITES.



2.3 CLIPACIip

CLIP4Clip: An Empirical Study of CLIP for End to End Video Clip
Retrieval

Huaishao Luo'*, Lei Ji?, Ming Zhong?, Yang Chen?, Wen Lei’, Nan Duan?, Tianrui Li!
!'Southwest Jiaotong University, Chengdu, China
huaishaoluo@gmail.com, trli@swjtu.edu.cn
2Microsoft Research Asia, Beijing, China
3Microsoft STCA, Beijing, China
{leiji,minzhon, emchen,wen.lei,nanduan}@microsoft.com

X & . CLIPACIip: An Empirical Study of CLIP for End to End Video Clip Retrieval
X HEIE © https://arxiv.org/pdf/2104.08860.pdf

RALHEIE: https://github.com/ArrowLuo/CLIP4Clip

WX © ik

WICRIH - 1BINT AT A AR AR VR T B AR,

Simi;axity @
OEEETETEE |

Similarity Calculator

Video Encoder (ViT)

1@#@#@#@#@#@#@#

Text Encoder (Transformer) ) y - Lmear Projection of Flattened Patches
.............. L
nnnnnnnn @5@5@)&5@5@5@)@5 = 1[ l ‘
WS F Y =
a cake is beingplacedon a plate "..’ - O ana

(a) Main structure

h
Transformer Encoder/LSTM ) |1

(b) Similarity calculator

CLIPAClip EFFUFRESCESS 5|\ Similarity Calculator ﬂ%i‘[’%ﬁgﬂlﬁ#ﬁfﬂizﬁﬁﬁ
BIVE, RIBRERERSINFSEGHATES, HA=K ES58TE. FYEMEER,
M50 LR TS . HRXESEG AEEFREMCEEREMMKR. ﬁlJif.l_JE’\]
MR AGIER AR N B D X, TEEREZA Transformer £ZEARZH

2.4 DRL

Disentangled Representation Learning for
Text-Video Retrieval

Qiang Wang, Yanhao Zhang, Yun Zheng, Pan Pan, Xian-Sheng Hua

DAMO Academy, Alibaba Group
{qishi.wq, yanhao.zyh, zhengyun.zy, panpan.pp, xiansheng.hxs}@alibaba-inc.com

X% : Disentangled Representation Learning for Text-Video Retrieval
W HEIE © https://arxiv.org/pdf/2203.07111.pdf

RALEERE: https://towhee.io/video-text-embedding/drl

WX IKERR

WX RIH - AR E U



Welghted Token-wise Interaction (macro-view)

InfoNCE
<>

Channel Decorrelation Regularization (micro-view)

cov(er,e,) = E[(e, — E(er))(e, — E(e.))"] -
] [P : Covariance Matrix Chagrel Dimengion
» Video | ]
Encoder { ] MSE
| i <«
| e, |

Several People begin __ Text
chopping vegetables. Encoder

Xf CLIPACIlip BB TE, Z AT CLIPAClip X MESH S AERIETTERE, R
MR ERMRZE, thin, AR T A —EBa b, 0 RIHE AR s H ey
ZESHES. DRLEAREBENEELH, —/ N2 Weighted Token-wise Interactlon #*
FAHRCEMNREZEIN, B max BEKZIBENHEN token, 55— =2 Channel
Decorrelation Regularization, i 1& 248 5% 1F W o] U /) 18 38 815 B E’]JLZ%%DR% 3 17197]
ZHEMEEBE FNTR. DRLAXSWIGREIEE LBS T LT CLIPACIP AR,

2.5 CLIP2Video

CLIP2Video: Mastering Video-Text Retrieval via Image CLIP

Han Fang* Pengfei Xiong® Luhui Xu Yu Chen

PCG, Tencent
fanghan@bupt.edu.cn, xiongpengfei2019@gmail.com, {lukenxu, andyyuchen}@tencent .com
https://github.com/CryhanFang/CLIP2Video

X% : CLIP2Video: Mastering Video-Text Retrieval via Image CLIP
T 5EIE - https://arxiv.org/abs/2106.11097

RALHEIE: https://github.com/CryhanFang/CLIP2Video

WA © BEIR PCG

WXCRIHT © SRR BUR R A B

Video Representation (%)

EERB TRADESR © WEgE28 (Temporal Difference Block, TDB) F1Bf ja] X 3% 5k

(Temporal Alignment Block, TAB). Bf[EIZ4R. 755 FIMAE RN ZE D KEHIEF)
Tib, BEKE, DAERA BB Z BB A N ERERKRR, RIFERA sigmoid Ff1ZERAFR
NikEFRr, REEBIHESEIMMRMA. HEIXNFR, FAXA ETXRXERATZEH
X7F, PUBEM A BRFRZIEZ B AR M. RAETIESEAEZAREFORIEE XTI
MpEHTAN, BNTERRRSFEMLEZ FONEXEEARE cluster R HITNE,



2.6 CLIP2TV

CLIP2TV: Align, Match and Distill for
Video-Text Retrieval

Zijian Gao!, Jingyu Liu!, Weiqi Sun?,
Sheng Chen!, Dedan Chang!, and Lili Zhao!

OVBU, PCG, Tencent
gzjbupt2016@bupt.edu.cn, sunweigi@buaa.edu.cn,
{messijyliu, carlschen, dedanchang, lilillzhao}@tencent.com

X8 . CLIP2TV: Align, Match and Distill for Video-Text Retrieval
T HEIE | https://arxiv.org/pdf/2111.05610.pdf
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3. ZARSTIVE(E D ZIMER)

3.1 VideoChat(image. video. text =1&7)

VideoChat §: Chat-Centric Video Understanding

KunChang Li*!4, Yinan He*!, Yi Wang*'!, Yizhuo Li', Wenhai Wang!
Ping Luo®, Yali Wang®!, Limin Wang>', Yu Qiao'
1OpenGVLab, Shanghai Al Laboratory ~ *Nanjing University ~ 3The University of Hong Kong
4Shenzhen Institutes of Advanced Technology, Chinese Academy of Sciences

https://github.com/OpenGVLab/Ask-Anything

X% : VideoChat : Chat-Centric Video Understanding
WX HEIE | https://arxiv.org/pdf/2305.06355.pdf
RALEERE: https://github.com/OpenGVLab/Ask-Anything
WX - EBATERIRE

LR A, B XK
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video | «x® EXE]
Embedding detailed description
4K 2K
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VideoChat 3&®3% BLIP2 (BLIP+UniFormerV2)F1 LLM (Vicuna)fgg 7 — B B F1i0
AR ZRSTIER G, EEN—MIREEENTRGE— 7 WM ERESARFHERER,
MTISCIL T BLIP IFE&R. M. XA=MEANEX .

Bk, (EERITE BLIP B4 AEIREUNEE (L8 VIT) Bl 7 kA EGAIMES
FFI2ERHG VIT 312 M %% UniFormer, EZ#MG0T

T H W T H W T H W T H
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UniFormer: Unified Transformer for Efficient Spatiotemporal Representation Learning



M2 VideoChat 5 E{& ISR L IERE

1. SR ANEGMMHTIAIE, RTEME] 224x224, g #iT3—1abiE,
2. FJA VIT-G (UniFormer) MZ&#HTEGTMMMAVFHER, EEREEDT

BXTXCXHXW
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BN ERIE, VideoChat IA—MILHEM 7T G — 7 BIGHAIEDS, MimETIZ i
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3.2 MERLOT Reserve (#§fi. XA, =350)

MERIOT RESERVE:
Neural Script Knowledge through Vision and Language and Sound

Rowan Zellers™  Jiasen Lu®  Ximing Lu“®  Youngjae Yu® Yanpeng Zhao" )
Mohammadreza Salehi~  Aditya Kusupati~ Jack Hessel®  Ali Farhadi®  Yejin Choi”~ ®

“Paul G. Allen School of Computer Science & Engineering, University of Washington
* Allen Institute for Artificial Intelligence “"University of Edinburgh
rowanzellers.com/merlotreserve

X% : MERLOT Reserve: Neural Script Knowledge through Vision and Language and
Sound

W ICHERE © https://arxiv.org/pdf/2201.02639.pdf

RALHEIE: https://rowanzellers.com/merlotreserve/
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'i>i© Predict MASKed  |\zr ' §,
text and audio

Joint Encoder (Transformer)
for all modalities and timesteps

AT - R o ]

Word Embed Audio Encoder
(BPE)

! mask Q| siggling,
while it pops popcorn

popping*
inputs for segment t

| Image Encoder

(ViT)

EEERATHRES (). XAER (ERMMER BFR). BFEE (WIHNEIM
#BoY), BEXNREAGING, BEBTIMAEIMFMT, REL BTN A XENURIE
FERNE. B=MEIES BRI ROEMAZIRKERERET, REMAEESHEE
MEE—E, FRESIEFRIHTIN, REESENXALETRES.

3.3 VATT (¥, XA, Fim)

VATT: Transformers for Multimodal Self-Supervised
Learning from Raw Video, Audio and Text

Wei-Hong Chuang
Google

whchuang@google .con

X & . VATT: Transformers for Multimodal Self-Supervised Learning from Raw Video,
Audio and Text

T C4E3E | https://arxiv.org/abs/2104.11178

RADHEIE: https://github.com/google-research/google-research/tree/master/vatt
WX - B
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3.4 M2HF (#i301. XA,

ElyJ

M2HF: MULTI-LEVEL MULTI-MODAL HYBRID FUSION FOR
TEXT-VIDEO RETRIEVAL

Shuo Liu*!, Weize Quan!, Ming Zhou?, Sihong Chen'?, Jian Kang?, Zhe Zhao?, CHEN CHEN? and Dong-Ming Yan*!

X% . M2HF: Multi-level Multi-modal Hybrid Fusion for Text-Video Retrieval
https://arxiv.org/abs/2208.07664
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2Donghua University, Shanghai, China
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3.5 ImageBind (Ef#&. XK. FH. FE. D&M IMU £38)

IMAGEBIND: One Embedding Space To Bind Them All

Rohit Girdhar* Alaaeldin El-Nouby* Zhuang Liu Mannat Singh
Kalyan Vasudev Alwala Armand Joulin Ishan Misra*
FAIR, Meta Al
https://facebookresearch.github.io/ImageBind

X% : IMAGEBIND: One Embedding Space To Bind Them All
W ICHERE ¢ https://arxiv.org/pdf/2305.05665.pdf

RALHEIE: https://github.com/facebookresearch/ImageBind
WA : facebook
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3.6 CoDi (¥, Eg. XA, FMUAESE UIEZS 4 s )

Any-to-Any Generation via Composable Diffusion

Zineng Tang'*  Ziyi Yang?!  Chenguang Zhu?  Michael Zeng?  Mohit Bansal'
University of North Carolina at Chapel Hill
2Microsoft Azure Cognitive Services Research

https://codi-gen.github.io

X% : CoDi: Any-to-Any Generation via Composable Diffusion

B ICHERE ¢ https://arxiv.org/abs/2305.11846

RALHEIE: https://github.com/microsoft/i-Code/tree/main/i-Code-V3
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