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Motivated by the above idea, we i)ropose a novel framework
for classifying encrypted traffic in this paper, encrypted datagram
representation by pre-training (ET-BERT), for learning generic fea-

tures in large-scale unlabeled encrypted traffic(Figure 1(c)). We

define a special structure, BURST, to depict a traffic flow and rep-
resent it with the bi-gram language model for highlighting the
structural features of the traffic transmission. To learn application-
specific generic features, the proposed framework consists of a
two-part model: pre-training and fine-tuning. Specifically, the high-
dimensional representations of dependencies that bridges the gap
between different datagram bytes are provided by pre-training in
large-scale unlabeled encrypted traffic, and the generic representa-
tions of specific encryption scenarios are supported in fine-tuning

with small labeled traffic through reusing the pre-training results.
More insightfully, we propose a relation-aware pre-training model
for encrypted traffic to adaptively capture a generic representation
of traffic in multiple encryption scenarios. It can be demonstrated
by two procedures. First, the Masked Burst Model(MBM) procedure
captures the correlation between different payload bytes from un-
masked contexts. Then, the Same-origin BURST Prediction(SBP)
procedure captures same-origin evidence between different classes

of sub-BURST pairs.
[ J
B FN R P>

(2) I FXEFFEX!

In this paper, we propose a novel pre-training model for clas-
sifying encrypted traffic, called Encrypted Traffic Bidirectional
Encoder Representations from Transformer (ET-BERT). It aims
to learn generic traffic representations from large-scale unlabeled
encrypted traffic (Flgure l(d)) We first propose a raw traffic repre-

for pre- trammg Each trafﬁc ﬂow is presented by a transmlssmn-

gulded structure, denoted as BURST, which serves as the mput The

» —RVE BT E R B R
- —AARMTTEB IR
- —EENBTTECIH
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tuning. ‘Spec1ﬁca]ly, the pre-tra.lmng network w1th Transformer
structure obtains datagram-level generic traffic representations by
self-supervised lea.rning on large-scale unlabeled encrypted traf-

the traffic- spec1ﬁc patterns the Masked BURST Model (MBM) task
captures the correlated relationship between different datagram
bytes in the same BURST and represent them by their context; the
Same-origin BURST Prediction (SBP) task models the transmission
relationships of preceding and subsequent BURST. Then, ET-BERT
incorporates with the specific classification task and fine-tune the
parameters with small number of task-specific labeled data.
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Now, we could use CoTNet model to predict the result of that dataset.
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a; = softmax|{w

Z tanh{W;v; - WQQJ)

- object feature — weight summing
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3. Our Approach

In this section, we first provide a brief review of the
conventional self-attention widely adopted in vision back-
bones. Next, a novel Transformer-style building block,
named Contextual Transformer (CoT), is introduced for im-
age representation learning. This design goes beyond con-
ventional self-attention mechanism by additionally exploit-
ing the contextual information among input keys to facil-
itate self-attention learning, and finally improves the rep-
resentational properties of deep networks. After replacing
33 convolutions with CoT block across the whole deep ar-
chitecture, two kinds of Contextual Transformer Networks,
i.e., CoTNet and CoTNeXt deriving from ResNet [ '] and
ResNeXt [ '], respectively, are further elaborated.

Nice! r.deil
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a; = softmax(w! tanh(W,v; + Wyq)) (1)

where W, W5 and w, (as well as Ws,..., W;o, w,, w,. mentioned below) are learned

parameters. q is question embedding encoded by the last hidden state of LSTM.

Bj; = softmax(w] tanh(W3v] + Wyq')) (2)

where v} = Ws[v;, 7;i|, ' = Ws[v;, g] and [, -] denotes concatenation operation.

m(t+1) — w [m(t) '(zei h(t)] (11)
=3 Wia[my ry] (12)
kEN;

where NV; represents a set of 1-hop neighboring nodes regarding the memory entity m;
and c}wi is the contextual memory representation. Then the updated memory is served

as the new knowledge memory used in the next reasoning step.
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Abstract

Fact-based Visual Question Answering (FVQA) re-
quires external knowledge beyond visible content
to answer questions about an image, which is chal-
lenging but indispensable to achieve general VQA.
One limitation of existing FVQA solutions is that
they jointly embed all kinds of information with-
out fine-grained selection, which introduces unex-
pected noises for reasoning the final answer. How
to capture the question-oriented and information-
complementary evidence remains a key challenge
to solve the problem. In this paper, we depict
an image by a multi-modal heterogeneous graph,
which contains multiple layers of information cor-
responding to the visual, semantic and factual fea-
tures. On top of the multi-layer graph representa-
tions, we propose a modality-aware heterogeneous
graph convolutional network to capture evidence
from different layers that is most relevant to the
given question. Specifically, the intra-modal graph
convolution selects evidence from each modality
and cross-modal graph convolution aggregates rel-
evant information across different modalities. By
stacking this process multiple times, our model
performs iterative reasoning and predicts the opti-
mal answer by analyzing all question-oriented ev-
idence. We achieve a new state-of-the-art perfor-
mance on the FVQA task and demonstrate the ef-
fectiveness and interpretability of our model with
extensive experiments. The code is available at
https://github.com/astro-zihao/mucko.

1 Introduction

Visual question answering (VQA) [Antol et al., 2015] is an
attractive research direction aiming to jointly analyze multi-
modal content from images and natural language. Equipped
with the capacities of grounding, reasoning and translating,
a VQA agent is expected to answer a question in natural lan-
guage based on an image. Recent works [Cadene et al., 2019;

“Equal contribution.
fCorresponding author.

Input Cross-Modal Knowledge Reasoning
firefighting
A
O
$
RS
Dense Captions =]
Woman is wearing blue shorts. 'S [On ; AtLocation
Red fire hydrant on the B a street
A £l =
sidewalk. E
Woman is next to fire hydrant. y{‘“ "&
Chain on fire hydrant. ~ 2,
Question Z WalkOn = visual
—_— .
What is the red cylinder object E s semantic
in the image is used for? il -] Sfact

Supporting-fact: <fire hydrant, UsedFor, firefighting> Answer: firefighting J

Figure 1: An illustration of our motivation. We represent an im-
age by multi-layer graphs and cross-modal knowledge reasoning is
conducted on the graphs to infer the optimal answer.

Li et al., 2019b; Ben-Younes et al., 2019] have achieved
great success in the VQA problems that are answerable by
solely referring to the visible content of the image. How-
ever, such kinds of models are incapable of answering ques-
tions which require external knowledge beyond what is in the
image. Considering the question in Figure 1, the agent not
only needs to visually localize ‘the red cylinder’, but also to
semantically recognize it as ‘fire hydrant’ and connects the
knowledge that ‘fire hydrant is used for firefighting’. There-

« c ATBMEREAM, R
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attribute ‘red’ in Figure 1 may be falsely omitted). To re-
solve these problems, [Narasimhan er al., 2018] introduces
visual information into the fact graph and infers the answer
by implicit graph reasoning under the guidance of the ques-

on. However, they provide the whole visual mformation
equally to each graph node by concatenation of the image,
question and entity embeddings. Actually, only part of the
visual content are relevant to the question and a certain entity.

node is represented by a fixed form of image-question-entity
embedding, which limits the model’s flexibility of adaptively
capturing evidence from different modalities.
In this work, we depict an image as a multi-modal hetero-
geneous graph, which contains multiple layers of information

2 Ao d ]
£, HA lkhl ral s I, 1

and we name it as Mucko for short. Specifically, we encode
an image by three layers of graphs, where the object appear-
ance and their relationships are kept in the visual layer, the

and factual information is provided in the semantic layer,

the fact layer. We propose a modality-aware heterogeneous
graph convolutional network to adaptively collect comple-

formed by two procedures. First, the Intra-Modal Knowledge
from each graph layer under the guidance of question; Then,
the Cross-Modal Knowledge Reasoning procedure captures
complementary evidence across different layers.

€ e pmmmpmmon s mm oo mmmeereree o meane = g
To advocate research in this direction, [Wang et al., 2018]
introduces the ‘Fact-base task for answering

questions by joint analysis of the image and the knowledge
base of facts. The typical solutions for FVQA build a fact
graph with fact triplets filtered by the visual concepts in the
image and select one entity in the graph as the answer. Ex-
isting works [Wang et al., 2017; Wang et al., 2018] parse the
question as keywords and retrieve the supporting-entity only
by keyword matching. This kind of approaches is vulnera-
ble when the question does not exactly mention the visual
concepts (e.g. synonyms and homographs) or the mentioned
information is not captured in the fact graph (e.g. the visual

T
follows: (1) We comprehensively depict an image by a het-
erogeneous graph containing multiple layers of information
based on visual, semantic and knowledge modalities. We
consider these three modalities jointly and achieve significant
improvement over state-of-the-art solutions. (2) We propose a
modality-aware heterogeneous graph convolutional network
to capture question-oriented evidence from different modal-
ities. Especially, we leverage an attention operation in each
convolution layer to select the most relevant evidence for the
given question, and the convolution operation is responsible
for adaptive feature aggregation. (3) We demonstrate good
interpretability of our approach and provide case study in
deep insights. Our model automatically tells which modality
(visual, semantic or factual) and entity have more contribu-
tions to answer the question through visualization of attention
weights and gate values.
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Multi-Modal Heterogeneous Graph Construction

Cross-Modal Heterogeneous Graph Reasoning
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base of facts

"

What is the red cylinder object in
the image is used for?
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Figure 2: An overview of our model. The model contains two modules: Multi-modal Heterogeneous Graph Construction aims to depict an
image by multiple layers of graphs and Cross-modal Hetegeneous Graph Reasoning supports intra-modal and cross-modal evidence selection.
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Overall Accuracy

Method
top-1 top-3

LSTM-Question+Image+Pre-VQA 24.98 40.40
Hie-Question+Image+Pre-VQA 43.14 59.44
FVQA (top-3-QQmaping) 56.91 64.65
FVQA (Ensemble) 58.76 -
Straight to the Facts (STTF) 62.20 75.60
Reading Comprehension 62.96 70.08
Out of the Box (OB) 69.35 80.25
Human 77.99 -
Mucko 73.06 85.94

Table 1: State-of-the-art comparison on FVQA dataset.

Overall Accuracy
Method top-1 top-3
Mucko (full model) 73.06 85.94
I [ w/o Semantic Graph 71.28 82.76
2 w/o Visual Graph 69.12 78.05
3 | w/o Semantic Graph & Visual Graph 20.43 29.10
4 | S-to-F Concat. 67.82 76.65
5 V-to-F Concat. 69.93 80.12
6 | V-to-F Concat. & S-to-F Concat. 70.68 82.04
7 | w/o relationships 72.10 83.75

Table 2: Ablation study of key components of Mucko.
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» This is no doubt the first and the robust model to achieve the best performance in VQA. j&iﬁﬁ‘

» As we know, the channel gain varies much more slower than the channel phase, and we j&ﬂ Ve
have thousands of ways fo prove it.

> His work is good enough to provide essential multimodal information for reasoning. 7~
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ﬁ The Most Common Habits from more than 200 English Papers written by
% \) Graduate Chinese Engineering Students S a, an, tﬁe
By Felicia Brittman

| | o ~ which/that
This paper presents some of the most common Chinese-English habits observed

from over two hundred English technical papers by Chinese writers. The habits are
explained and in most cases, example text from an actual paper is given along with L
preferred text. An attempt is made to explain how to correct and prevent such mistakes. ~u ﬁ / t
In some cases a possible explanation of why the habit occurs is also given. This paper = Such as/etc.
can serve as an individual guide to editing technical papers especially when a native
English-speaking editor is unavailable.

Y numbers and equations
Introduction

Most Chinese universities require their doctoral and master candidates in
technical and scientific fields to publish at least one English paper in an international
journal as a degree requirement. However, many factors make this task difficult to
accomplish. First, previous English studies may not have focused enough on writing, let
alone technical writing. Current studies may not include English, causing the writers
English fluency level to decline. Second, most writers have never lived in an English-
speaking country. Third, due to the special aspects of technical writing, even native

English-speaking engineering students have a technical writing course as part of their
emidv

o2
uU'—
% © L

http://papertalks.orq/p/resources/Academic/EnglishWriting Skills/MostCommonEnali
shWritingHabitsOfChinese.pdf
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Overall Accuracy
Method fop-1 fop-3
LSTM-Question+Image+Pre-VQA 24.98 40.40
Hie-Question+Image+Pre-VQA 43.14 59.44
FVQA (top-3-QQmaping) 56.91 64.65
FVQA (Ensemble) 58.76 -
Straight to the Facts (STTF) 62.20 75.60
Reading Comprehension 62.96 70.08
Out of the Box (OB) 69.35 80.25
Human 77.99 -
Mucko 73.06 85.94

Table 1: State-of-the-art comparison on FVOA dataset.

near others 29.0

67.9
has ‘
— —)
39.9
36.8 36.9 on 15.8 16.1
sitting on standing on 11.8
2.2 20 o0 { wi ng on laying on 85

has { for 68
behind in front of

ncar{ under  between I

PredCls  SGCls  SGDet othcrs{ holding —watching  preacis  sGeis  SGDet
R@100  R@100  R@100 : mR@100 mR@100 mR@100
®MOTIFS*  ®wMOTIFS + CogTree

Abstract

Knowledge-based visual question answering requires
the ability of associating external knowledge for open-
ended cross-modal scene understanding. One limitation
of existing solutions is that they capture relevant knowl-
edge from text-only knowledge bases, which merely con-
tain facts expressed by first-order predicates or language
descriptions while lacking complex but indispensable mul-
timodal knowledge for visual understanding. How to con-
struct vision-relevant and explainable multimodal knowl-
edge for the VQA scenario has been less studied. In this
paper;, we propose MuKEA to represent multimodal know!l-
edge by an explicit triplet to correlate visual objects and
fact answers with implicit relations. To bridge the hetero-
geneous gap, we propose three objective losses to learn
the triplet repr ions from compl. y views: em-
bedding structure, topological relation and semantic space.
By adopting a pre-training and fine-tuning learning strat-
egy, both basic and domain-specific multimodal knowledge
are progressively accumulated for answer prediction. We
outperform the state-of-the-art by 3.35% and 6.08% re-
spectively on two challenging knowledge-required datasets:
OK-VQA and KRVQA. Experimental results prove the com-
plementary benefits of the multimodal knowledge with exist-
ing knowledge bases and the advantages of our end-to-end
framework over the existing pipeline methods. We make
our code available at B pen
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How to Use the IEEEtran BIBTEX Style

Michael Shell,

Abstract—This article describes how to use the IEEEtran.bst
BIBTEX style file to produce bibliographies that conform to the
standards of the publications of the Institute of Electrical and
Electronics Engineers (IEEE).

Index Terms—bibliography, BIBTEX, IEEE, BTEX, paper, ref-
erences, style, template, typesetting.

1. INTRODUCTION

HE IEEEtran.bst BIBIEX style file described in this

document can be used with BIBTEX to produce BIEX
bibliographies of high quality that are suitable for use in IEEE
publications. Other potential applications include thesis and
academic work, especially when such work is in the area of
electrical and/or computer engineering.

This document applies to version 1.12 and later of the
IEEEtran BIBTEX style. Prior versions do not have all of the
features described here. IEEEtran.bst will display the version
number on the user’s console during execution. The most
recent version of this package can be obtained on CTAN [1]
and may also be mirrored at various places within IEEE’s
website [2]. Additional support may be found at the IEEEtran
homepage [3].

Member, IEEE

may not carry the non-IEEE compliant (natbib compatible,
etc.) variants. See the CTAN site [1] for the complete set of
files.

IEEEtran_bst_HOWTO.pdf: This documentation.
IEEEtran.bst: The standard IEEEtran BIBTEX style file
(unsorted, i.e., references will appear in the order in which
they are cited). Recommended for work that is to be submitted
to the IEEE.

IEEEtranS.bst: The [EEEtran BmTEX style file, but with
additional sorting code, similar to that of plain.bst, which
sorts the entries based on the names of the authors, editors,
organizations, etc. Some IEEE conferences/publications may
allow/use sorted bibliographies, but the vast majority are
unsorted.

IEEEtranSA.bst: Like IEEEtranSbst, but with alphanu-
meric citation tags like alpha.bst. Not for normal IEEE use.
I .bst: Like bst, but based on plainnat.bst
and is compatible with Patrick W. Daly’s natbib package [10].
Not for normal IEEE use.

IEEEtransSN.bst: Sorting version of IEEEtranN.bst. Not for

IEEEexample.bib: A BIBITEX database that contains the

It is assumed that the reader has a basic ing of
the operation and use of BIBTEX. Documentation for the use of
BIBTEX includes the user’s guide [4] as well as supplementary
information such as a comprehensive tutorial [5], FAQs [6],
[7]. and a guide using practical examples [8]. The large
collection of sample bibli ies and string definitions at
the TgX User Group Bibliography Archive may also be of
help [9]. General support for BIBTEX related questions can be
obtained in the usenet newsgroup comp.text.tex.

Note that the references section of this document is used
for two purp (1) to provide i ion where additional
information can be found; and (2) to provide examples of
references created using the IEEEtran BIBTEX style. The first
few citations above fall into the first category, while the vast

shown in the ref section of this document.
Users can copy the entries therein to serve as starting tem-
plates. The entries also have comments which may be of
additional help.
IEEEfull.bib: A file that contains a comprehensive set
of BIBTEX string definitions for the full names of IEEE
journals and magazines. Because IEEE’s bibliography style
uses abbreviated journal names, this file’s intended use is for
specialized or non-IEEE related work.
IEEEabrv.bib: Same as above, but contains the abbreviated

form of the journal and magazine names. Recommended for
work that is to be submitted to the IEEE.

are placed in the

B ooz oncsron R
a service of Ll Leibats Conter for Informatics
nonn

computer science bibliography

~ @ stop the war! ~ @ vision Language authorQl_Wu_0001:

Search dblp e

powered by Comple

+rch, courtesy of Hannah Bast, University of Freiburg

> Home

(-] Publication search results %

found 17 matches
2021

m B|8]® < vicong Hong QI Wu, Yuankal QI, Cristian Rodriguez Opazo, Stephen Gould:
export record

I: A Recurrent Visi

BERT for CVPR 2021: 1643-1653

- Di, Zizheng Pan, Yicong Hong, Ming-Hsuan Yang, Anton van den Hengel, Qi Wu:
1 to Know-Where: An Object-and-Room Informed Sequential BERT for Indoor Vision-
&3 ROF N-Triples vigation. ICCV 2021: 1635-16
& ROF Turde 2 Navigation. ICCV 2021: 1635-1644
- ROFAXML Yuankai Qi, Yan Huang, Qi Wu, Liang Wang, Tieniu Tan:
db/x':: r-view Enhanced Model for Vision and Language Navigation. ACM Multimedia 2021: 5101~
» key:
- wnnwpmwngumxm
. . — weenrrervan Huang, Ol Wu. llanhua Yane. Dong An. Shuanglin Sima. Liang Wane:
A6an
o
« ® stop the wart v/ |saarch ctip ®
+; BibTeX record conf/cvpr/Hong0QOG21
> Home > conf/cvpr/HongdQOG21 @ v standerd & |~ Degstuhl
download as .bib file
8 inge{DELF 1
author = (Yicong Hong and
Wu and

Yuankal Qi and
Cristian Rodriguez Opazo and
Stephen Gould},
title = {{VIN) {BERT:} {A} Recurrent Vision-and-Language {BERT} for Navigation},
booktitle = {{IEZZ) Conterence on Compater Vision and Pattern Recognition, (CVPR}
2021, wirtual, June 19-25, 2021},

pages = {1643--1653},

publisher = {Computer Vision ¥oundation / {IEEE}},

year = (2021),

url = {httpa://openaccess.thecvs.con/content /CYPR2021/htnl/Eong\_VLR\_BERT\ A\ Recurreat\ Vision-and-Language\ BERT\_for\
timeatamp = {Mon, 30 Aug 2021 17:00:27 +0200},

biburl = {httpa://dbl ib},

bibsource = {dblp computer soience bibliography, :::tpm//dblp org}

(3) IAFR. BREEXMER

~HEERXRBIXKRER:
kttps: //qithub.com/yuchenlin/rebiber

FEA TR arXiv SEHAE R 2 R R A EE,

@articiadlia2020bicds

title={Birds have four legs?! NumerSense: Probing Numerical Commonsense Knowledge of Pre-tra
author={Lin, Bill Yuchen and Lee, Seyeon and Khanna, Rahul and Ren, Xiang},

journal={arXiv preprint arXiv:2005.00683},

year={2020)

An example normalized output entry with the official information:

@inproceedings{1in2020birds,
title = "{B}irds have four legs?! {N}umer{S}ense: {P}robing {N}umerical {C}ommonsense {K}nowledg:
author = “Lin, Bill Yuchen and
Lee, Seyeon and
Khanna, Rahul and

booktitle = "Proceedings of the 2020 Conference on Empirical Methods in Natural Language Process
month = nov,

year = “2020",

address = “Online”,

publisher = "Association for Computational Linguistics",

url = “https://www.aclweb.org/anthology/2020.emnlp-main. 557",

doi = "10.18653/v1/2020.emnlp-main,.557",

pages = “6862--6868",

BT
pip install -e git+https://github.com/yuchenlin/rebiber.git
rebiber -i /path/to/input.bib -o /path/to/output.bib

b input.bib NFFEWINSH
HEl LaTeX .

SCHK, output.bib Jy TR AN 25 SRS, W
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This video is dedicated to the authors
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which has been accepted to CVPR 2022.
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1. Previous research has shown that ...

2.In most studies of ... attention has been given to ...

3. The previous work on ... has indicated that it is ...

4. ... models have been proven useful in ...

S. There have been a few studies highlighting ...

6. Great concern have arisen ... due to the increasing number of ...
7. Most ... conduct ... testing on ... to monitor ... performance.
8. However, the problems exist in ...

9. However, there appears to have ...

10. Because of ..., ... is impossible.

I H5TEE MAaE

1. With the aim of ...

2. This paper is intended to ...

3. This paper aims at providing ...

4. The primary goal of this research is ...

S. The overall objective of his study is ...

6. The author(s) made this study in order to find ...
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llngglc'dy Search ni B

Writing Ahead

[ present a method _

Typing a few words and then a couple of underscores . present a method for
allows you to find recurring phrases following the words.
present a method to

« present a method _ e —

« present a method _ _
present a method of
- =3 —

"Ngtt;rl‘:'m a query for more than 5 words (e.g. present a method _ _ _) returns present a method that
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2. Related Work

Single-purpose vision-language models. Over the last
decade, specialized and effective approaches have been de-
veloped for vision-language tasks, including image caption-
ing [10,21,25,33,47,54], phrase grounding [37, 38,43], re-
ferring expression comprehension [22, 34], visual question
answering (VQA) [2,11,16,458,51,55], visual dialog [ 7], and
text-to-image generation [6]. Advances that have pushed
the performance envelope include cross-model transformer
architectures [45], powerful self-supervised [3, &, 2¢] and
multitask [ 1] language models, pretrained visual represen-
tations from object and attribute detectors [1, 57] or text
conditioned detectors [20], and large-scale image/video-
text [19,27,39,56] pretraining.

Related work
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Peng CUI £E B

Associate Professor (Tenured)

Lab of Media and Network
Deparmment of Computer Science and Technology
Tsinghua University

Address: Room 9-316, East Main Building, Tsinghua University, Beijing 100084, PR.China
Tel: +86-10-6279 0810

Fax: +86-10-6277 1138

Email: cuip at tsinghua dot edu dot cn

[ News | Biography | Research Interests | Publications | Honors Awarded |

Attention: We have several openings for Postdoctoral Fellowships on causal learning and related topics.
[News
+ We have kicked off the NICO Challenge. a contest for OOD image recognition.

« Together with Susan Athey. we published a perspective paper on stable leaming in Nature Machine Intelligence

« I gave an Anual Progress Report on Out-of-Distribution G in VALSE2021
« I gave a tutorial on Stable Learning and its Causal Implication in VALSE2021.
« We published a survey paper on out-of-distributi i here, ied with a website to maintain the paper list for OOD generalization.

graphy

Peng Cui is an Associate Professor with tenure in Tsinghua University. He got his PhD degree from Tsinghua University in 2010. His research interests include causally-
regularized machine learning. network representation leaming. and social dynamics modeling. He has published more than 100 papers in prestigious conferences and
journals in data mining and multimedia. His recent research won the IEEE Multimedia Best Department Paper Award. SIGKDD 2016 Best Paper Finalist, ICDM 2015 Best
Student Paper Award. SIGKDD 2014 Best Paper Finalist, IEEE ICME 2014 Best Paper Award. ACM MM12 Grand Challenge Multimodal Award, and MMM13 Best Paper
Award. He is PC co-chair of CIKM2019 and MMM2020. SPC or area chair of ICML. KDD. WWW. IJCAL AAAL etc.. and Associate Editors of IEEE TKDE. IEEE TBD.
ACMTIST. and ACM TOMM ete. He received ACM China Rising Star Award in 2015, and CCF-IEEE CS Young Seientist Award in 2018. He is now a Distinguished
Member of ACM and CCF. and a Senior Member of IEEE.

Selected Publications
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Dr. Qi Wu (1) is currently a Senior Lecturer (Assistant Professor) and an ARC DECRA Fellow at the University of
Adelaide. He won the Australian Academy of Science J G Russell Award in 2019. He is also a Cl of the Australian

LT Centre for Robotic Vision (ACRV) and a Program Leader of the Australian Institute of Machine Learning (AIML). Before
WEE (REE (RE(¥I EE @R W GHEME (Wx RE SRR that, he worked as a Postdoc Researcher in the Australian Centre for Visual Technologies (ACVT). He received an MSc
in Global Computing and Media Technology, a PhD in Computer Science from the University of Bath (United Kingdom),
in 2011 and 2015. His work has been published in prestigious journals and conferences such as IEEE TPAMI, CVPR,
ICCV, ECCV and AAAI.

B SIH#F<EES “Tenure track” B9 B53F © B ALi0I% : FE=RATERORLRE : "Hit...
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_— T TR 8 Dr. Wu's research interests are mainly in Computer Vision and Machine Learning. His previous research projects
EE ﬁﬂﬂ s ;us;maummsﬂi include modeling visual objects regardless of depictive styles and image understanding using contextual cues. He is
e (ST 0 - currently working on the Vision and Language problems, incuding Image Captioning, Visual Question Answering, Visual
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» Note that the use of fasterRCNN and Skip-Gram for generic representation extraction
might be not optimal, but we empirically find they can already achieve satisfactory
performance. ( 3 FHSIEXNAEFHHIRKEN , MEARBFRS B IRERTGIE)

« Although similar ideas of gated feature fusion have been previously explored (Arevalo
et al. 2017), directly applying them to the fusion of metrics is infeasible. ( X FEEHIC
SCRARSHIACSHRIRTGE | RIET —RRieaiix )

» As the first work for end-to-end spoken question answering (SQA), our model gets the
results close to the performance of cascading ASR and QA models. Although the room
for improvement exists, it is a good first step towards end-to-end SQA. ( X FBECSHIIENX

RBIFSOTARGERIRE )
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TensorFlow(T#2) Google  Python/C++/Java/Go  Linux/MacOS/Android/iOS/Windows
Oy oy o)~ Caffe UC Berkele Linux/Mac OS/Windows
c XBMOIMBEITUE Y_Pyhon/Chifaieh
CNTK Microsoft  Python/C++/BrainScript Linux/Windows
DMLC Python/C++/Matlab/
LLEERR T MXNet ython A Linux/MacOSMWindows/Android/iOS
Titanic https://www.kaagle.com/competitions/titanic Julia/Go/R/Scala
¥ pri https://www.kaggle.com/competitions/house-prices- PyTorch(32) Facebook C/Lua/Python Linux/MacOS/Windows/Android/iOS
ouse Frices advanced-regression-techniques
Theano SR IRAE Python Linux/Mac OS/Windows
:Dlglt Recognizer https://www.kaagle.com/competitions/digit-recognizer Neon Intel Python inux
PaddlePadde(T #2) HE Python Linux/Windows
D Cat https://www.kaggle.com/competitions/dogs-vs-cats-redux-
0ogs vs Lats kemels-edition RERFIFRAIESR

Leaf Classification https://www.kaggle.com/competitions/leaf-classification
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ResNetVLBERTForPretrainingMultitask(Module) :
( config):

super(ResNetVLBERTForPretrainingMultitask (config)

.image_feature_extractor = FastRCNN(config

=config.NETWORK.IMAGE_FINAL_DIM
=False)

.object_linguistic_embeddings = nn.Embedding(l, config.NETWORK.VLBERT.hidden_size)_

 config.NETWORK.IMAGE_FEAT_PRECOMPUTED (n config.NETWORK.MASK_RAW_PIXELS):
.object_mask_visual_embedding = nn.Embedding(1l, 2048)

config.NETWORK.WITH_MVRC_LOSS:
.object_mask_word_embedding = nn.Embedding(1, config.NETWORK.VLBERT.hidden_size)

.aux_text_visual_embedding = nn.Embedding(1l, config.NETWORK.VLBERT.hidden_size)

.image_feature_bn_eval = config.NETWORK.IMAGE_FROZEN_BN

RIREZEETTENREE

VIBEER TR g
Huggingface NLP / Multimodal

e
https://huggingface.co/

fastText NLP

https://github.com/facebookresearch/fastText

Detectron CcVv

https://github.com/facebookresearch/detectron

Detectron2 CcVv

https://qithub.com/facebookresearch/detectron2

open-mmlab CvV

https://github.com/open-mmlab
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lef get_label_embedding(embedding class_dict, label_num_cnt, embedding_list, label_list

s WEBFLZEREK
RER
° WmAEIXIRER

key, value in tgdm(embedding_class_dict.items()):

args.random_sample_option == True
sample_key = random.sample(embedding_class_dict.keys(), 1)
sample_key = sample_key[0]

= embedding_class_list = embedding_class_dict[sample_key]

Pytorch

ERRE 202012828 1029

ER NIRRT %, AL

Pytorch torch.nn.Embedding
torch.nn.Embedding 2—MEERAFEEEANMUABSRAMENERE , BRRHEN:

ensertow A—RS . REREERZ MASHIRANE . NIRRT & RS RN embedding_list, label_list, shape_list, word_option):
RS ZERNEN KR, - - shape_list L

BANA—MRSIIR | BHANMRFSTARETIR

BN EEF AR AR ( Word Embedding )

Word EmbeddingBHiFISSRIGREMBITIRN , BARAREELFEIEI—BHF. AR
BFRITENESZIRBIN—FRAR .

RATIARNOERE | BESTERIESITENNEE—FFB0ERE, HENTLiER
XANFERIENEIIR B =,

HHRAARNEEEITIAERMRER | AEREMERNRERR.

[fitorch.nn.Embedding KIFLHER

1L {ER—MEREIER (lookup table ) , FRHEEIEFELANA/NAHAIRA. dict():.

2. torch.nn.Embeddingi@ AT FERIAMRNFHERZRS RERTICRUEA).

EHRIMAR—INERS 5% |, B EERAREERA.
Embedding.weight ( Tensor ) —-ff2ik#&R ( num_embeddings , Embedding_dim )

BRI INE , MsaE (0, 1),

EIEIREBRIFIEREI T A EIK

lef _get_class_co dict_inline():...

BB 2K , KB ERINRIBE, EFEANREE
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“* Booth, Wayne C., et al. The craft of research. University of Chicago press, 2003.

" Petre, Marian, and Gordon Rugg. The Unwritten Rules Of Phd Research. McGraw-Hill
Education (UK), 2010.

" Macrina, Francis L. Scientific Integrity. ASM Press, 2005.
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https://bicmr.pku.edu.cn/~dongbin/Teaching_files/%E7%A0%94%E7%A9%B6%E5%9E%8B%E5%AD%A6%E4%B9%A0/index.html
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o RE e Harxivig S iE T H Erutan-pku/harxiv: A highlight tool for reading ArXiv papers
(github.com)



https://www.zhihu.com/question/421179575
https://dl.ccf.org.cn/albumList/getMeetingDetail5833634020804608?_ack=2
https://github.com/Erutan-pku/harxiv
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https://www.bilibili.com/s/video/BV1Y54y1t78m
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https://readpaper.com/
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https://www.mendeley.com/

SEFH—UAHEX

RETH
U FIEL . ResearchGo. TR IAF, 2021.

BRI TR AR, 2K 2020,

SR E
" Powerpoint: Z2HIlVEUCHE, WE A

© Xmind: A SR P2 R 25 R 1K) 24 A



SETE—UNRR RS

RETH
GCRERESD) EBERAE, RN
ALK

U Kaggle: &BRBAMEEEREZICRBITE, &GS I HFA IS

" Hugginface: XfPytorchif IR 2% SIS, 1% 2 Tl 2 7Y & H.checkpoints.



LF7Z
Tt

ILRRBIURIK B URBIITER , M AEKPI

MEEETR mEEE
T =

BB 25 : yujing02 @iie.ac.cn

BFFILEZETT: hitps://mmlab-iie.qithub.io/

FoF=F £ fittps: //www.zhihu.com/column/c_1284803871596797952

% > (= - o v g
¥ B A5 % EETEMRAHA ‘1’@4‘?’?@&?

INSTITUTE OF INFORMATION ENGINEERING,CAS
University of Chinese Academy of Sciences


mailto:yujing02@iie.ac.cn
https://mmlab-iie.github.io/

