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The Art of Writing

(technical reports & papers)

Good scientific writing is not a matter of life and death;

It is much more serious than that.

[R. A. Day]
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The Art of Writing

(technical reports & papers)

Good scientific writing is a necessary condition to

get your work published
get your work used

be cited

receive prizes

> WwhnN e

It it not enough if the work is not good.
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The Art of Writing a Research Paper & ®» <0

There are (too) many books, lectures, ... about how to write

Watch Kristin!

Write Well and Prosper —
Science Writing Tips

For example...

Tips for writing a literature
review article

write short,
clear, concise
sentences o
start with




Good “standard” books ...

o Herbert B. Michaelson, editor.
pBsE ~ How to Write and Publish Engineering Papers and Reports
'?Jf‘hﬁ'!.“;’i‘nﬁg Professionals Writing Series. Greenwood , 3rd ed., 1990

Fobert A. Day.
"W How to Write and Publish a Scientific Paper.
& 4 Greenwood, 6rd edition, 2006.

How to Write
and Publish a
Scientific
Paper
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. but is still may not be enough

since only practice makes perfection.
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Anatomy of a technical research paper (an example):
http://www.ok.ctrl.titech.ac.jp/~torii/project/repttile/download/Torii-CVPR-2013-final.pdf
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Abstract

Repeated seruciwres suck as building facades, fences or
road markings ofien represere a significan: challenge for
place recogniion Repeated s rucseres are novoriously kard
Jfor exablishing correspondences using mudsi- view geome-
wrx Kvenmare imponandy, they violaie the fe@ure indepen-
dence assumed in the bap-of-visual-words represeration
which ofen leads 1o ever-coureing evidence and significan:
depradamion of raricval performance. In this work we shene
thar repeaed sruaures are not @ nuisance bw, when ap-
propriately represenced, they form an imponan: disinguisk-
ing femure for many places. We desaribe a represenation
of repeased siruciwres suitable for scalable rarieal It is
based on robus: deseaion of repeated image serucaures and
a simple modification of waiphts in the bag-of- visual-word
model.  Place recognition results are shown on dasasers
of swrees-level imagery pram Pinsturgh and Sar Francisco
demonseraning significan: ains in recogniion performance
compared ¥ the ssandard bag-of- visual-words baseline and
more receruly proposed bursiiness weighing.

L Intreduction

Given aquery image of a particalar stzeet or 2 buikling, we
sack to find one or mom images in the gectagped database
depiaing the same place. The 2bility to visually mcognie
a place depicied in an imape has a range of potential ap-
plications mcleding aulomatic registration of images taken
by 2 mobik phone for 2ugmented =ality applications 1]
and accurate visual localzation for robotics [7]. Scalable
plaoe recogniticn methods [ Il 18 F1L57 ofien build on
the efBoient bag-of-visual-words mpmseniation developed
foe chject and image setrieval JEL L3 1S, (2426, A0). Inan
offline pre-processing sage, locad inviriant descriptons are

Tue L ch:mgm.ps o(n:pcmi Joc kexues {overiaid in
oolors). The deiection is robust aganst Jocal deformeka of the
mepeaked clement and makes only weak asumptions on the spasial
strocture of the mpelition. We develop 2 & presencesion of repeaked
stroctures for eMcint place recogrétion based on a simpie modi-
Scation of weights & the bag-of-vismlwend model

* Departront of Modunicd aad Coetrd E Graudaaie Schuoel
of Scinae anﬂ.ngrm-.xu Tcyu lrnmn: cETo:h:dqq

TWILLOW geogoct, & 1Flode Nomzak
Sepirrere, ENSINRIANNRS UMK 848

FCanier for Mackine Feracpéon, melc{(yl:m»:g Facalty
of Feerical Firy Crocch Tocni y 0 Pragac

extrcted from cach image in the daabase and guantized
mio a pre-compuled vocahulary of vissal words. Fach im-
age is represented by 2 spanse (weighted) freguency vector
of viszal weeds, which can be steced in anefMickent inverted
fike indexing strocture. AL guery time, after the viszal woeds
are extracked from the guery imagpe, the retrieval proceads
in two skeps. First 2 sheet-list of ranked candidate images is
obezined from the database using the bag-of-visual-wonds
mprecentation. Then, in the second verification stage, can-
didates are re-ranked basad on the spatial layecut of visual
woeds

A number of extensions of this basic archikcture have

boen proposed. Fxamples include: (i) earning betier visual

vecabalaries (1L 23] (i) developing quantzation methods

Joss prone to guantization errors (12, (7, 24]; (i) combin-

ing retarms from multiple guery images depicting the same

soene HLE: () exploiting the 31 or graph structure of the

d:.u.bm: l[IlfanliﬂlEum or (v) indexing on spatial
1o el IO LIVR m

In this work we develop 2 scalibke mpmsentzicn for
larpe-scake matching of mpeated structures. Whik mpeated
rocteres often occur in man-made environments — exam-
phes include building facades, fences, or road markings -
they are usually tzated as nuisance and dowmveighted at
the indexing stape [T 18, GE 9] In contrast, we develop
2 simple but efficient mpmeentaticn of mpeaked wrectares
and demonstrage its benefits for place recegnition in whan
ervironments. [n detail, we first rebustly detect mpeated
roctemes in images by finding spatially Jocalined groups
of visaal wonds with similar appearance. Next, we mod-
Jify the weights of the detecied mpeated visual woeds in
the bag-cf-visual-word model, where multiple cocarmnces

Deubek ez al [§] detect the repeated paltemns inc2ch image
and represent the paliern wing 2 singke shift-invariant de-
scriptor of the repeated element together with 2 simple de-
scriptor of the 21D spatiad layoul Their maeching method is
not scalable as they hove to exhaustive ly compare mpeaked
patterns in 2ll images. In scalable image retrieval, Jepou e
al J[3] observe that repeaked structures viekte the foature
independence assumplion in the bag-of-visual-word model
and test several schemes for down-weighting the influsnce
of mepeaked patiorns.

2 Review of visual word weighting strategies

In this section we first mview the basic -idf weighting
scheme proposed in text retrieval [32] and also commonly
weed for the bag-of-visual-words retrieval and place recog-
nitice [5 & 7] [[3. (18 B4, e 30). Then, we discuss the
sofl-assignment weighling 127] to redece quantization er-
roes and the ‘burdiness” model reaently proposed by Je-
gou er b [, which explicitly dowmaeights repeated vi-
szl woeds in an mage

of repeated clements in the same image provide 2 /
- assipnmere of fatures to viszal weeds In addition the
contribation of repelilive structures is controlled to prevent

The rest of the paper is organized 2 follows.  After
describing related work cn finding and matching mpeated
strocteres (Section [N, we review in detail (Section [ the
common 1£3dl visual word weighting scheme and ils ex-

jons 1o sofl-assi v | mdmpen:d structure sup-
prssion 3. In Sccuml]wc describe our method for
detecting repeated viszal weoeds in images. In Section B
we describe the proposed model for scalible matching of
mpeated structures, and demeastrate its benefits for place
=cognition in section[3

Related work. Delecling repexted paltems in images is 2
ucll studied prohlcm. Repetitions are often delected based
plion of a sngh p mpeated on 2 20 (de-
fonnod] lattice I[In@m Spccxal attention has been paid
to detecting planar patterms 5 55 and in particular baild-
ing facads | [EELES]. forwhich highly specizlized grammar
models, keamt from labelled data, wene developed . E1L
Detecting planar peated palterns can be useful for sin-
gle view facade mctification (3] oc even single-view 3D re-
coastrection [38]. However, the local ambégaity of mpeated
patterns oflen pesenls 2 significant chalkenge for gecmetric
image matching (33 55 and image retrieval (I3
Schindler er al. [38] detect mpeated patierns on build-
ing facades and then use the meclified repetition chkements
together with the spatial layout of the repatition grid to es-
Gmake the camera pose of 2 query image, given a database
of building facades. Resulls 2 mepored on 2 dutaset of 5
query images and 9 building facades In 2 similar spirit,

Term frequency-inverse document frequency weighting.
The standand “term frequency-inverse document freguency’
(f-idf) weighting 132, is compuked 2 follows. Suppose
there is a vocabulary of V' viszal wonds, then each image is
mpresenied by 2 vecler

va = (t1, ...J......!v]T ()]
of weighied viszal weed frequencies with compeaents
N
iy - S bg o (2

where ng is the number of occurrences of viszal wond §
in image d, ng is the totzl number of viszal weeds in the
image d, Ny is the number of images conlaining orm #,
and N is the number of images in the whole database
The weighting is a prodoct of two terms: the wrual word
Jrequency, ng/ng, 2nd the inverse documen: (image) fre-
quency, log N /N, The weed frequency weights wonds oc-
curring mose often in a particular image higher (compared
to visual word presentabsent), whils the inverse document
frequency downweights visual words that appear ofien in
the database, and thezfore do not help to discriminate be-
twaen different images. At the retrieval stage, images e
ranked by the normalized scalar product (cosine of angke)

St e ot 3
[¥qllz [lvelz

between Lhe guery veclor v and all image vectors vg in the
database, where ||v]|z = Vv v isthe Lz nommof v. When
both the query and database vectors 2 pee-normalzed to
wnit L ; norm, equation ([ simplifies to the standard scalar
prodect, which can be implemented efficiently using in-
veried fik indexing schomes
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A good title is important

1. to catch attention
2. to get the papers through reviews

3. to have some fun
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Video Google: A Text Retrieval Approach to Object Matching in Videos

Josef Sivic and Andrew Zisserman
Robotics Research Group, Department of Engineering Science
University of Oxford, United Kingdom

Video Google = Google for videos
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All about VLAD
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However, one of the most significant contributions in
this area has been the introduction of the Vector of Locally
Aggregated Descriptors (VLAD) by Jégou er al. [#]. This

pajdla@cvut.cz



Tabula Rasa: Model Transfer for Object Category Detection

Yusuf Aytar

Andrew Zisserman

Department of Engineering Science
University of Oxford

{vusuf, az}@robots.ox.ac.uk

Abstract

QOur objective is transfer training of a discriminatively
trained object category detector, in order to reduce the
number of training images required. To this end we pro-
pose three transfer learning formulations where a template
learnt previously for other categories is used to regularize
the training of a new category. All the formulations result
in convex optimization problems.

Experiments (on PASCAL VOC) demonstrate significant
performance gains by transfer learning from one class
to another (e.g. motorbike to bicycle), including one-shot
learning, specialization from class to a subordinate class

Figure 1. The benefit of transfer learning. The learnt HOG de-
tector template for a motorbike (a) is used as the source for leamn-
ing a bicycle template together with the samples shown in (b). The
resulting learnt bicycle HOG detector template (c) clearly has the
shape of a bicycle. Note, here and in the rest of the paper we only
visualize the positive components of the HOG vector.

Almost all object category detection methods to date
learn the classifier from scratch — tabula rasa. We have

proposed a straightforward modification of the learning ob-
jective function which retains the benefits of (i) convexity,

pajdla@cvut.cz



Total Recall: Automatic Query Expansion
with a Generative Feature Model for Object Retrieval

Ondfej Chum?!, James Philbin!, Josef Sivic!, Michael Isard? and Andrew Zisserman

1

Visual Geometry Group, Department of Engineering Science, University of Oxford
?Microsoft Research, Silicon Valley

{ondra, james, josef, az}@robots.ox.ac.uk

Abstract

Given a query image of an object, our objective is to re-
trieve all instances of that object in a large (1M+) image
database. We adopt the bag-of-visual-words architecture
which has proven successful in achieving high precision at
low recall. Unfortunately, feature detection and quantiza-
tion are noisy processes and this can result in variation in
the particular visual words that appear in different images
of the same object, leading to missed results.

In the text retrieval literature a standard method for im-
proving performance is query expansion. A number of the
highly ranked documents from the original query are reis-
sued as a new query. In this way, additional relevant terms
can be added to the query. This is a form of blind rele-
vance feedback and it can fail if ‘outlier’ (false positive)
documents are included in the reissued query.

In this paper we bring query expansion into the visual
domain via two novel contributions. Firstly, strong spatial
constraints between the query image and each result allow
us to accurately verify each return, suppressing the false

misard@microscft.com

Figure 1. A sample of challenging results returned by our method
in answer to a visual query for the Tom Tower, Christ Church Col-
lege, Oxford (top left), which weren’t found by a simple bag-of-
visual-words method. This query was performed on a large dataset
of 1,145,645 images.
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Visual Place Recognition with Repetitive Structures

Akihiko Torii Josef Sivic
Tokyo Tech* INRIAT
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Abstract

Repeared sruawres such as building facades, fences or
road markings often represeru a significans challenge for
place recognirion. Repeared sruaures are nocoriously hard
for esiablishing comespondences using mulri-view geome-
. Even more imponanly, they violare the feanure indepen-
dence assumed in the bag-of-visual-words represeniarion
which ofien leads 10 over-counving evidence and significans
degradarion of rerrieval performance. In this work we show
thar repeared soucnures are not a nuisance b, when ap-
propriately represenved, they form an imporsan: distinguish-
ing fearure for many places. We describe a representarion
of repeared sorucnures suirable for scalable rerrieval. Ir is
based on robust derecrion of repeared image siructures and
a simple modificarion of weights in the bag-of-visual-word
model Place recognition resulis are shown on darasexs
of sweer-level imagery from Pitsbwrgh and San Francisco
demonsraring significarny gains in recognirion performance
compared 10 the siandard bag- of-visual-words baseline and
maore receruly proposed bur ssiness weigheing.

1. Introduction

Given a query image of a particular street or a building, we
seek to find one or more images in the geotagged database
depicring the same place. The ability to visually recognize
a place depicted in an image has a range of potential ap-
plications including automatic registration of images taken
by a mobile phone for augmented reality applications [1]
and accurate visual localization for robotics [7]. Scalable
place recognition methods [3, 7. 18, 31, 37] often build on
the efficient bag-of-visual-words representation developed
for object and image retrieval [6, 13, 15, 24, 26, 40]. In an
offline pre-processing stage, local invariant descriptors are

* Department of Mechanical and Coatrol Engincening, Gradaare School
of Science and Engmeering, Tokyo Insteuke of Techmology

WILLOW project, Laboratoire d'Informatique de I'Foole Nommalk
Supéricure, ENSANRIAJCNRS UMR 8548

*Cemer for Machine Perception, Departmest of Cybermetics, Facaty
of Electrical Enginnering, Caech Technical University in Prague

Tomas Pajdla
CTU in Prague?

Masatoshi Okutomi
Tokyo Tech®

pajdizfcnap. falk.cvut.cz  mxo@ctrl. titach.ac. Jp

Flgure 1. We detect groups of peated local features (overla in
colors). The detection is robust against local deformation of the
repeaed element and makes only weak assumptions on the spatial
structure of the repetition. We develop 2 mpresentation of mpeaied
structures for emcient place reognition basad on a simple modi-
ncation of weights in the bag-of-visual-word model.

extracted from each image in the database and quantized
into a pre-computed vocabulary of visual words. Each im-
age is represented by a sparse (weighted) frequency vector
of visual words, which can be stored in an efficient inverted
file indexing structure. At query time, afler the visual words
are extracted from the query image, the retrieval proceeds
in two steps. First a short-list of ranked candidate images is
obtained from the database using the bag-of-visual-words
representation. Then. in the second werification stage, can-
didates are re-ranked based on the spatial layout of visual
words.

A number of extensions of this basic architecture have

pajdla@cvut.cz



Abstract

Repeated structures such as building facades, fences or
road markings often represent a significant challenge for
place recognition. Repeated structures are notoriously hard
for establishing correspondences using multi-view geome-
try. Even more importantly, they violate the feature indepen-
dence assumed in the bag-of-visual-words representation
which often leads to over-counting evidence and significant
degradation of retrieval performance. In this work we show
that repeated structures are not a nuisance but, when ap-
propriately represented, they form an important distinguish-
ing feature for many places. We describe a representation
of repeated structures suitable for scalable retrieval. It is
based on robust detection of repeated image structures and
a simple modification of weights in the bag-of-visual-word
model. Place recognition results are shown on datasets
of street-level imagery from Pittsburgh and San Francisco
demonstrating significant gains in recognition performance
compared to the standard bag-of-visual-words baseline and
more recently proposed burstiness weighting.

1. Introduction

Given a query image of a particular street or a building, we
seek to find one or more images in the geotagged database
depicting the same place. The ability to visually recognize
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Figure 1. We detect groups of repeated local features (overlaid in
colors). The detection is robust against local deformation of the
repeated element and makes only weak assumptions on the spatial
structure of the repetition. We develop a representation of repeated
structures for efficient place recognition based on a simple modi-
fication of weights in the bag-of-visual-word model.
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Total Recall: Automatic Query Expansion
with a Generative Feature Model for Object Retrieval

Ondfej Chum?!, James Philbin!, Josef Sivic!, Michael Isard? and Andrew Zisserman

1

Visual Geometry Group, Department of Engineering Science, University of Oxford
?Microsoft Research, Silicon Valley

{ondra, james, josef, az}@robots.ox.ac.uk

Abstract

Given a query image of an object, our objective is to re-
trieve all instances of that object in a large (1M+) image
database. We adopt the bag-of-visual-words architecture
which has proven successful in achieving high precision at
low recall. Unfortunately, feature detection and quantiza-
tion are noisy processes and this can result in variation in
the particular visual words that appear in different images
of the same object, leading to missed results.

In the text retrieval literature a standard method for im-
proving performance is query expansion. A number of the
highly ranked documents from the original query are reis-
sued as a new query. In this way, additional relevant terms
can be added to the query. This is a form of blind rele-
vance feedback and it can fail if ‘outlier’ (false positive)
documents are included in the reissued query.

In this paper we bring query expansion into the visual
domain via two novel contributions. Firstly, strong spatial
constraints between the query image and each result allow
us to accurately verify each return, suppressing the false

misard@microscft.com

Figure 1. A sample of challenging results returned by our method
in answer to a visual query for the Tom Tower, Christ Church Col-
lege, Oxford (top left), which weren’t found by a simple bag-of-
visual-words method. This query was performed on a large dataset
of 1,145,645 images.



Kinectrack: Agile 6-DoF Tracking Using a Projected Dot Pattern

Paul Mcllroy*
University of Cambridge
Microsoft Research

ABSTRACT

We present Kinectrack, a new six degree-of-freedom (6-DoF)
tracker which allows real-time and low-cost pose estimation using
only commodity hardware. We decouple the dot pattern emitter and
IR camera of the Kinect. Keeping the camera fixed and moving the
IR emitter in the environment, we recover the 6-DoF pose of the
emitter by matching the observed dot pattern in the field-of-view
of the camera to a pre-captured reference image. We propose a
novel matching technique to obtain dot pattern correspondences ef-
ficiently in wide- and adaptive-baseline scenarios. We also propose
an auto-calibration method to obtain the camera intrinsics and dot
pattern reference image. The performance of Kinectrack is evalu-
ated and the rotational and translational accuracy of the system is
measured relative to ground truth for both planar and multi-planar
scene geometry. Our system can simultaneously recover the 6-DoF
pose of the device and also recover piecewise planar 3D scene struc-
ture, and can be used as a low-cost method for tracking a device
without any on-board computation, with small size and only simple
electronics.

Shahram Izadit

Microsoft Research

Andrew Fitzgibbon?

Microsoft Research
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Figure 1: Tracking setup. (Left) A fixed camera, and free moving
laser-pattern emitter provides the benefits of “look out” tracking, but
the moving device is very simple—a laser, optics, and battery—and
can be considerably smaller than “look in" remotes. (Right) The laser
and optics of the remote unit. In practice, an infrared laser would be
used; a visible-light unit is used here purely for illustration.
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KinectFusion: Real-Time Dense Surface Mapping and Tracking*

Richard A. Newcombe Shahram lzadi Otmar Hilliges David Molyneaux David Kim
Imperial College London Microsoft Research Microsoft Research Microsoft Research Microsoft Research
Lancaster University Newcastle University
Andrew J. Davison Pushmeet Kohli Jamie Shotton Steve Hodges Andrew Fitzgibbon
Imperial College London Microsoft Research Microsoft Research Microsoft Research Microsoft Research

Figure 1: Example output from our system, generated in real-time with a handheld Kinect depth camera and no other sensing infrastructure.
Normal maps (colour) and Phong-shaded renderings (greyscale) from our dense reconstruction system are shown. On the left for comparison
is an example of the live, incomplete, and noisy data from the Kinect sensor (used as input to our system).
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What we do

4 Figure 1. We detect groups of repeated local features (overlaid in

why it is good

colors). The detection is robust against local deformation of the
, = repeated element and makes only weak assumptions on the spatial
§&=— structure of the repetition.

what is the interesting detail

We develop a representation of repeated
—, structures for efficient place recognition based on a simple modi-
fication of weights in the bag-of-visual-word model.

gl sept 0o AR Y
igure 1. We detect groups of repeated local features (overlaid
olors). The detection is robust against local deformation of tl
»peated element and makes only weak assumptions on the spati
iructure of the repetition. We develop a representation of repeats
iructures for efficient place recognition based on a simple moc
cation of weights in the bag-of-visual-word model.
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What is the
problem?

Results

Great
results!

Figure 1. A sample of challenging results returned by our method
in answer to a visual query for the Tom Tower, Christ Church Col-
lege, Oxford (top left), which weren’t found by a simple bag-of- Are better

visual-words method. This query was performed on a large dataset
of 1,145,645 images. than the

SoA

And it works on really large data ... it is practical
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Abstract
1. Motivation & impact
2. The main contribution (idea, methods, ...)

3. Results/Experiments

4. Single paragraph, no references, ....
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Motivation

Abstract

Repeated structures such_as building facades, fences or

road markings often represent a significant challenge for

place recognition. Repeated structures are notoriously hard

Contribution
what is done

&
some details

for establishing correspondences using multi-view geome-

try. Even more importantly, they violate the feature indepen-
dence assumed in the bag-of-visual-words representation
which often leads to over-counting evidence and significant
degradation of retrieval performance. In this work we show
that repeated structures are not a nuisance but, when ap-
propriately represented, they form an important distinguish-

Why it is
important

ing feature for many places. We describe a representation
of repeated structures suitable for scalable retrieval. It is
based on robust detection of repeated image structures and
a simple modification of weights in the bag-of-visual-word

model. Place recognition results are shown on datasets

of street-level imagery from Pittsburgh and San Francisco
demonstrating significant gains in recognition performance
compared to the standard bag-of-visual-words baseline and
more recently proposed burstiness weighting.

Results
Experiments
Comparison
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Introduction

3 paragraphs
e Motivation & why it is important

e The main contribution compared to the State of the Art
e Structure of the paper
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1. Motivation & why it is important

1. Introduction

Given a query image of a particular street or a building, we

seek to find one or more images in the geotagged database
depicting the same place. The ability to visually recognize

What we do

a place depicted in an image has a range of potential ap-
plications including automatic registration of images taken
by a mobile phone for augmented reality applications
and accurate visual localization for robotics [7]. Scalable
place recognition methods [3]/7, 18/ 31][37] often build on

the efficient bag-of-visual-words representation developed
for object and i image retrieval [6}|13,15] 24, 26/ /40]. In an

offline pre-processing stage, local invariant descriptors are

The State of The Art

Why it is important

There must be references:

extracted from each image in the database and quantized
into a pre-computed vocabulary of visual words. Each im-
age is represented by a sparse (weighted) frequency vector
of visual words, which can be stored in an efficient inverted
file indexing structure. At query time, after the visual words
are extracted from the query image, the retrieval proceeds
in two steps. First a short-list of ranked candidate images is
obtained from the database using the bag-of-visual-words
representation. Then, in the second verification stage, can-
didates are re-ranked based on the spatial layout of visual
words.

been proposed. Examples include: (i) learning better visual
vocabularies [21, 28]; (ii) developing quantization methods
less prone to quantization errors [14, 27, 44]; (iii) combin-
ing returns from multiple query images depicting the same
scene [4, 6]; (iv) exploiting the 3D or graph structure of the
database [11, 20, 29, 42, 43, 47]; or (v) indexing on spatial
relations between visual words [5, 12, 48].

the more relevant references, the better
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2. The main contribution compared to the State of the Art

In this work we develop a scalable representation for

large-scale matching of repeated structures. While repeated
structures often occur in man-made environments — exam-
ples include building facades, fences, or road markings —

The main contribution

they are usually freated as nuisance and downweighted at
the indexing stage [13, 18, 36, 39]. In contrast, we develop
a simple but efficient representation of repeated structures
and demonstrate its benefits for place recognition in urban
environments. In detail, we first robustly detect repeated

Why and how it is new

structures in images by finding spatially localized groups
of visual words with similar appearance. Next, we mod-

Technical details

ify the weights of the detected repeated visual words in
the bag-of-visual-word model, where multiple occurrences

of repeated elements in the same image provide a natural

soft-assignment of features to visual words. In addition the

contribution of repetitive structures is controlled to prevent

dominating the matching score.

There must be references:

the more relevant references, the better
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3. Structure of the paper

The rest of the paper is organized as follows. After
describing related work on finding and matching repeated
structures (Section 1), we review in detail (Section 2) the
common tf-idf visual word weighting scheme and its ex-
tensions to soft-assignment [27] and repeated structure sup-
pression [13]. In Section 3 we describe our method for
detecting repeated visual words in images. In Section 4,
we describe the proposed model for scalable matching of

repeated structures, and demonstrate its benefits for place
recognition in section 5.

Section 2. Related work in technical detail
Section 3. The new methods

Section 4. The use of the new method
Section 5. Experiments

Section 6. Conclusions
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Start every section with a short overview

2. Review of visual word weighting strategies

In this section we first review the basic tf-idf weighting
scheme proposed 1n text retrieval [32] and also commonly
used for the bag-of-visual-words retrieval and place recog-
nition [3, 6, 12, 13, 18, 24, 26, 40]. Then, we discuss the
soft-assignment weighting [27] to reduce quantization er-
rors and the ‘burstiness’ model recently proposed by Je-
gou et al. [13], which explicitly downweights repeated vi-
sual words in an image.
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Start every section with a short overview

To give an overview

4. Representing repetitive structures for scal-
able retrieval

In this section we describe our image representation for ef-
ficient indexing taking into account the repetitive patterns.
The proposed representation is built on two ideas. First,
we aim at representing the presence of a repetition, rather
than measuring the actual number of matching repeated el-
ements. Secoﬁd, we note that different occurrences of the
same visual element (such as a facade window) are often
quantized to different visual words naturally representing

and to provide additional insight
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Start every section with a short overview

To state goals

3. Detection of repetitive structures

The goal is to segment local invariant features detected in
an image into localized groups of repetitive patterns and a
layer of non-repeated features. Examples include detecting
repeated patterns of windows on different building facades,
as well as fences, road markings or trees in an image (see
figure 2). We will operate directly on the extracted local fea-
tures (rather than using specially designed features [9]) as
the detected groups will be used to adjust feature weights in
the bag-of-visual-words model for efficient indexing. The
feature segmentation problem is posed as finding connected
components in a graph.

and to underline the novelty
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_ The standard ‘term frequency—inverse document frequency’
Equations (tf-idf) weighting [32], is computed as follows. Suppose
there is a vocabulary of V' visual words, then each image is

represented by a vector

. Va = (t1, ey tiy oo tv) T (1)
Number equations
of weighted visual word frequencies with components
id N
t; = — log —, 2
OB (2)

where 7.5 1S the number of occurrences of visual word 3

Explain all symbols

in image d, ng is the total number of visual words in the
image d, N, is the number of images containing term i,

: : and N is the number of images in the whole database.
Explain what it The weighting is a product of two terms: the visual word
means ﬁ'equency, n;q/nq, and the inverse document ( image) fre-

quency, log N/N,;. The word frequency weights words oc-
curring more often in a particular image higher (compared
to visual word present/absent), whilst the inverse document
frequency downweights visual words that appear often in
the database, and therefore do not help to discriminate be-
tween different images. At the retrieval stage, images are
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Figures

tures (“repttiles”) in images from the INRIA Holidays dataset [13].
The different repetitive patterns detected in each image are shown in different colors. The color indicates the number of features in each
group (red indicates large and blue indicates small groups). Note the variety of detected repetitive structures such as different building
facades, trees, indoor objects, window tiles or floor patterns.

Pay attention to captions:

Title, abstract, figures+captions, equations, references
must give a good overview of the paper in 5-10 mins
(some reviewers read only this)
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Figures
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(a) (b)
Figure 6. Evaluation on the San Francisco [3] dataset. The frac-
tion of correctly recognized queries (Recall, y-axis) vs. the num-
ber of top IV retrieved database images (x-axis) for the proposed

method (Adaptive weights) compared to several baselines.

Graphs:
1. Describe axes!!!
2. Make it clear (colors, legends, ...)
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Experiments

Describe the setup, data, ...

If necessary, include additional implementation details
Present results (graphs, tables, ...)

Interpret and compare results. Explain why is your result
better (same, worse)

B wnN e
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Interpret and compare results e

70p
J 4

e Adaptive weights T=1

Recall (Percert)

O, / - :
w0 / —"_Idf_i[%].,

Use graphs to interpret the results

30 48 [16]
/ FV 8192 [16]
st Chen NoGPS [3]

s G

—
e

..on..| Tt Adaptive weights T=2 |

—— Adaptive weiéhts T=1 |

e Adaptive weights T=3
e Adaptive weights T=4 |
et Adaptive weights T=5

Adaptive weights T=10 |-
it Chen NOGPS[3]

Readers may not see what you want R

(a)

10 20 30 40
N — Number of Top Database Candidates

(b)

to d emonstrate | N th e g ) p h S Figure 6. Evaluation on the San Francisco [3] dataset. The frac-

tion of correctly recognized queries (Recall, y-axis) vs. the num-

ber of top NN retrieved database images (x-axis) for the proposed
method (Adaptive weights) compared to several baselines.

Next, we evaluate separately the benefits of the two com-
ponents of the proposed method with respect to the baseline
burstiness weights: (i) thresholding using eq. (5) results
in +8.92% and (ii) adaptive soft-assignment using eq. (6)
and (7) results in +10.30%. When the two are combined
the improvementis +11.97%. This is measured for the dis-

tance threshold m = 25 meters and for the top N = 10 but
we have observed that the improvements are consistent over
a range of N (not shown).

Make clear when you refer to

something that can’t be seen in the results
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Conclusion

1 paragraph

e Main contribution (3 times: introduction, main, conclusion)
e No future work (do it but do not write about it)
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What

6. Conclusion

In this work we have demonstrated that repeated struc-

How

tures in images are not a nuisance but can form a distin-
guishing feature for many places. We treat repeated vi-
sual words as significant visual events, which can be de-
tected and matched. This is achieved by robustly detect-

It works
and
has impact

ing repeated patterns of visual words in images, and adjust-
ing their weights in the bag-of-visual-word representation.
Multiple occurrences of repeated elements are used to pro-
vide a natural soft-assignment of features to visual words.
The contribution of repetitive structures is controlled to pre-
vent dominating the matching score. We have shown that

the proposed representation achieves consistent improve-

ments in place recognition performance in an urban envi-
ronment. In addition, the proposed method is simple and
can be easily incorporated into existing large scale place
recognition architectures.
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1. Cite all technically relevant work but not more

2. Do not use unnecessary details

(try Internet search to make sure it can be found).
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Sequence of writing
Paper

Title

Introduction: the motivation and contribution
Figures & captions
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Previous work

The text

Abstract

Conclusion

. A better title

10 A better introduction

11. Polish, submit, polish, submit, ...
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Sequence of writing
Technical report

1. Main contribution linearly as you work

2. Previous work as is used/compared in the main
contribution

Introduction

Conclusion

5. Abstract
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Rebuttal

Be very positive

1. We thank the reviewers|for their comments. We address
the most salient issues below.

Only the most important

2. R1-"“my main concern is that the lack of discussion on why the

solver is valid for both planar and non-planar scenes.”

Rephrase the question

It is true that our parameterization is similar to [5] where the
non-planar solver degenerates for planar scenes. However, the
difference is in the solving method. While the non-planar P4Pfr
solver [5] assumes regularity of some matrices, in our new P5Pfr
solver we do not have such assumptions and therefore the new
solver works for both planar and non-planar scenes. We will add
a detailed discussion on this in the paper.

Admit what is correct | | Strike back! || Explain how you will improve it
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1. R2 -, My concern with this paper is the over-parameterization

of the solution when only one radial distortion parameter is used
...... usually allows the noise to affect the solution in a non-wanted
way resulting in solutions which are of lower quality than the ones
from a closed form solver..."

Shorten where necessary

This is not typically true and we focused on this in the noise
experiment in figure 3. The new non-minimal one parameter P5Pfr
solver outperforms the minimal P4Pfr solver [5] for all noise levels.

In fact using one more point in P5Pfr solver helps better fitting to
the noisy data.

— Reject criticism politely —{ Explain the misunderstanding

And add more ...
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Practice makes perfection

write, write, write, write, ...

Tomas Pajdla
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