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Ted Adelson on how to write a good paper

(1) Start by stating which problem you are addressing, keeping the
audience in mind. They must care about it, which means that sometimes
you must tell them why they should care about the problem.

(2) Then state briefly what the other solutions are to the problem, and why
they aren't satisfactory. If they were satisfactory, you wouldn't need to
do the work.

(3) Then explain your own solution, compare it with other
solutions, and say why it's better.

(4) At the end, talk about related work where similar techniques and
experiments have been used, but applied to a different problem.

Since I developed this formula, it seems that all the papers I've written
have been accepted. (told informally, in conversation, 1990).
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1 Introduction

Removing Camera Shake from a Single Photograph

2 Related WOI'k Rob Fergus!  Barun Singh!  Aaron Hertzmann?

'MIT CSAIL

3 Image model

4 Algorithm

Estimating the blur kernel
Multi-scale approach
User supervision

Sam T. Roweis?  William T. Freeman!

2University of Toronto

Image reconStruCtlon Figure 1: Left: An image spoiled by camera shake. Middle: result from Photoshop “unsharp mask”. Right: result from our al

5 Experiments Abstract
Small blurs Camera shake during exposure leads to objectionable image blur

and ruins many photographs. Conventional blind deconvolution
methods typically assume frequency-domain constraints on images,

Large blllI'S or overly simplified parametric forms for the motion path during

. . . . camera shake. Real camera motions can follow convoluted paths,

d a spatial domain prior can better maintain visually salient im-

Images Wlth Slgnlﬁcant Sa ratlome cha[;aclerislics. WE, introduce a method to remove tyhe effects of

. . camera shake from seriously blurred images. The method assumes

6 Dl S CU.S Sl On a uniform camera blur over the image and negligible in-plane cam-
era rotation. In order to estimate the blur from the camera shake,

the user must specify an image region without saturation effects.

We show results for a variety of digital photographs taken from

depth-of-field. A tripod, or other specialized hardwar
inate camera shake, but these are bulky and most cor
tographs are taken with a conventional, handheld car
may avoid the use of flash due to the unnatural tonesc
sult. In our experience, many of the otherwise favorite |
of amateur photographers are spoiled by camera shake
to remove that motion blur from a captured photograj
an important asset for digital photography.

Camera shake can be modeled as a blur kernel, describ
era motion during exposure, convolved with the imag
Removing the unknown camera shake is thus a form of
deconvolution, which is a problem with a long histor
age and signal processing literature. In the most basic |
the problem is underconstrained: there are simply mor
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Removing Camera Shake from a Single Photograph

Rob Fergus®  Barun Singh’  Aarca Hertzmasn®

IMIT CSAIL

Sam T Rowes™  William T. Froeman'

“Univessity of Toeoeoo

Pagure 10 Lefr: An image spolied amera shake. Midde: reselt from Photoshop “ursharp masi™ Righr: resalt from our algorshm.

Abstract

Casnera sbake dusisg expore w0 objecticesble irmage N
and runs maay phosographs. Comveational iad decorvoletion
rzethods typrcal, wme froguency-domais corsteainsty o imapes,
o overly simplified parametrc forms for the motion pach during
carsers sluke. Real carrera moticen can follow cosvoluted patin,
and a spocal domain prior can Setter malrealn vissally salers um
age SRaracterabion. We introduce 2 rethod % remove the effects of
camera hake from serioosly biurmed images. The method assumes
aurifoees carsers Nur over e mage aad noglgitle n-plane cam-
era rotamon. In coder to estimate the Mer from Be camera shake,
e user rrad apocfy @ image ropos withost satoration offects.
We show reselts for a varkey of dgeal phosographs taiea from
personal photo collections.

CR Categoriec 143 [lmuge Procoseng and Coeputer Vo
Enhaacemers. G3 [Arnacial Intelligence] Learning

Keywords: camena shake, Mind Image decornvolation. varasonal
learning, natural anage sativics

1 Introduction

Camers sholbe, iz which a2 smicady camrera cawses blurry pho-
wographs, Is a cheonk prodlem for photographers. The explosion of
coenumer dgital pholograply has made cances shake very pros-
rert, paticelarly with the popclarity of small, bgh-resclution camn-
ens whose lighe weght can make hem diffioult to hold suftcenty
scady. Masty plutographs captare ephemeral mcenonis (hat caanol
be recaptered ender controlied conditons of repeated with Sffer
cod carzera selings — if camera dhake occuss in the irrsgge Sor any
reason. Men that moment s “los”™

Shake can be mitigated by ung faver exposcres, bat that cn lead
> other problems sach s semor notse of 3 smadler-than-desdred

depth-of-fichd. A tripod, o other specialinad hardwase

22l casncra shake, but those o bulky and mowt coenuncr pho-
wograpts ace taken wifth a corveational, Sanddeld camera. Users
rzay avoid the we of floh due W Be azatees) wsescales that re-
sult I ower esperieace, mamy of Bie otheratse favorise phocographs
of snaour photogeaphors arc spoilad by canees dhake. A method
% remose that mation Nor from a capaured phosograph would be
an impostast sect for Sptal pholograply.

Casrcra shadee can be rzodelod a2 blar kermel, describing the camn-
en monon during exposure, comvolved Wit the (mage atens e
Remmuovirg the crkrown cammers shake is (b 4 form of Nind irrage
decvanvolution, which o a probless with 4 loeg haloey in e im-
ape and signal processing Reerature. In the most Dasc formubeon,
e problem is undorocentrainad: there arc sirsply more usknowas
{the cogmal image and the Nur kernel) than measeroments (the
olnerved irzage). Hence, all practical solaticen st muske droeg
poor assumptions aboet the blur kermel, about Bie image w be re
coverad, or buth. Tradhtional sigmal proceseng foemadatioen of the
protiem ussally maie oaly very penenal assumpeions o the form
of frogeency-domais power kewy; the rovclting algoesthess can typs-
cally haadie only very small blers and ace e complicased er kee
zels ofien swocialod wilh carrera shuke Bhenmuore, algoesties
exploring image peors specitied in the fraquency doman may not
proserve important spatiskdoman structures such 2 odges.

This paper ntroduces a sew wchnigue for removing the effecs of

wrdkraran camera shake froes an srgee. This advarce rovelts from
W0 ey improvements over peevioes work. Frs, we esplon recent
sescach in nataral irmage statistics, which shows that photographs
of materal scenes typically odey very specitc disrbutions of Im
age pradicrts. Socued, we buibd o werk by Makin asd MacKay
[2000], adopting a Bapesan approach that taies o acCoune sncer
tantics 32 the unknowas, allowang 2s 1o fisd e Blor kemel irphed
by a digrbuton of prodabie Images. Gives Kemed, the Image
o then recoemtructod ueng 2 standed docoevoluton algoesthe, ol
Dough we beleve there is room for substantial impeovement in this
recomtucton phae.

W assume thae all image Nur can be descrited as a dngle comvolo
Boeg e, there o oo significan! parallas, ary anage-plne sotatice:

camera is small, and no parnts of the scene are moving red
atve 1o ose anofber dering the exposere. Our appeoach currently
recuures a small amoure of user inprat

Ozr recoentructions do costain astifact, purtculely whes the
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abuve aoumpticen ae viokded; however, they may be acosptable
comsumers In some cases, and a professional desgaer could towch
op e roveltn. Io costrast, the orignal smages are typacally s
abie, beyond toaching -0p — In effect our method can help “rescue™
shots the would have otberwise boes coerpletely lost.

2 Related Work

The task of deblurring an image s image decormvoltion; If the Nor
kermel is st koown, then the probles & said w be “Hisd”. Foe
2 servey on the extersive lseratore in this area, soe [Kendor and
Hatenagkon 1936). Existng blind decoervolation: methods typacally
assume Bat Be biur kersel bas 2 smple parametnic foem, @xh as
2 Gazwdan or Jow-fi Fuerier However, as 3k
hisurased by oer u.mms the N ut«h néuced dring camera
shake donot have simple Sormmm, and oflen costain very sharp odpos.
Simubar low- frequency assamprons ane typically made for the inpat
image, ¢ 8. spplyieg & quadratic sepulerieston. Soch swarrgion
can peevent high fraquencies (sach as edges) from appearing in the
recoaruction. Caron ot al. [2002] suwarre 2 power-Low Ssribetice:
o0 the image frequencies; powerlaws are a smple form of naounal
image saistos Bt do not preserve bocal strucaure, Some methods
[Jakobearza ot al. 2002 Neckenasi of al. 2008] combize power-lawy
wih wavelet doman constras but & acc work for the complex
Hur kereels i oar caarrplen.

Deccenulbation methods bave bom developed for astroscenscal im-
apes (Gl 1958 Richandson 1972 Tsomuraya et al. 1594 Zarowin
1954], which have stativics Guile Sfferest from the sateesl socses
we address i this pager. Performing blnd decomvoletion in s do-
rzain is ovaally steaightforwand, s e bluery e of : boleed
star reveals he polne-spread-fanction

Anccher approach s %0 assame Dat there ace multple (mages avaulk
able of the sarme scene [Basdle o al. 1996 Rav-Acks aad Peky
2008) Hawdware appeoaches inchade: oprcally sabilaed lemes
[Cance: bac. 2006) spexially dovigred CMOS seesces [Lio and
Gamal 2001], and dybrid imaging sysiems |Bea-Eara and Nayar
2004) Sizce we would Boe oar smethod 0 work with exating cam-
enas and Imagery and 10 work for as many sitsations as posshle, we
@0 not assume that any sech handware or extra imagery s avallable,

Recenn work in computer vidon has shows the vsefuless of heavy

takod natural Engge prices o2 vasicly of pplications, inclaling
dennisng [Roth and Black 2008 ], seperresoletion [Tappes et al,

2003), intrenic images [Weas 2001, video muatting (Apostoloff
and Pragivbon 2005], inpaiating [Levin et al. 205, and separating
refloctioes [Leovia aad Wens 2008]. Each of these rmethiods is effec-
teely "noo-dind”, i tha the image formanon process (e g, the
Hur kereed 12 superresolution) is asumed 1o be knows 1 advarce.

Mikcn and MacKay [2000] pesfoes: bind deccevolatice o lise 20
Images using a prior on rew poel msensines. Resolts are shown for
senall arronsets of synibesiond e blar. We apply 2 vmide vars-
toeal scheme for nateral Images Using Image gradiems in place of
isteeaition aned sagrnont the algoeithe %o ackieve reselts Sor photo-
graphic images with sgnificant Mer.

3 Image model

Our alporifhen takes ax irpet 2 Horsed irpat image B, winch o av-
sumed 3 have been peserated by corvolition of a biur kerrel K
with a [ovent iy L plas noie:

B-KzL N o
where @ deactes discrese image corvolition (with non-penodic

bosedary conaditioes), aad N desotos scnur noise ot cack pisel.
We anwarze fhat the pivel valses of the imgge ac lincrly relatad w

[T,

=T

Figure I Lefe: A namnl scere. Right The dismbution o gra
dicrt mapgntudes within (he wone arc sbown in sod The poanis
has 2 ogarzhmb: scale 0 show Be heavy tails of Be dutribuson.
The muxtare of G appe wed it o
Is homn in green

e st irradince. The letont imags L represests the mugs we
would have capaared |f e camens 3ad remaned perfectly st o
gl s o recover L from B withot specific kaowledpe of K

In coder w evnte e Mert mage fom wach Bted messore-
menes, It bs essential 10 have some nothon of which images are @
peiori e Ehely. Fortarstely, rocest rescarch in nafural irrage
satistos Bave shown Dat, akhoegh images of real world soeaes
vary greatly In theur atsodite color dstribarions, they obey Aeavy
sailed datributions o Beir gradicets [Fckd 1994} e Swridaticn:
of pradients has most of s mass o0 small values bax paves dg
sificastly moee probabelity W lerge valuss has 2 Gaunian divrs-
banion. This comesponds 10 Be ataition that images often oo
tan Jarge sectoes of cosstast ity o pentle istemily grab-
ent inperrepoed by occasional lage changes at edges o occlusion
bourdasics. Foe easmple, Figure 2 sbows 2 nataral amage and 3
Nswogram of s gradient magaitedes, The dsuridetion shows hat
e anage coetsimn pritrarsly sezall or poro gradionts, bt 4 fow gra-
@eres have large magnimades. Recent image processing methods
besad oo beavy-laikad datributions gve sie-of-the-an rewls n
image deacising (Roeh and Black 2008; Smoncelll 2008] and s
perrsaobiton (Tagpen ot o, 2003]. In costrasl, mefhods baad o
Gassslan prioe disnbutions (Inchuding methods thar wse quadnatis
regulieen) prodace overly srzoulh Smages.

We represant the distribution over gracdon! mugeitudes with 2 sro-
mean misrare-of Gavssans model, as dlostrased in Figure 2. This
represcriation wan choses bocase # can peovide 2 good approns-
r=aticn W the erpircal datributos, while allwing 2 tactable o
Umaton procedure Sor our algonthm

4 Algerithm

There are Two main seps 30 or appeoach. Finst, the Mo kemel
s eatizzated fooen the ispul inage. The edmgtios proces & per-
foemed in 4 coarse-to-fne fashicn 1 onder 1o avoid locsl meniea.

Second, using the estmaned kemel, we apply a stadand deconvo-
laticn alporifhem 1o edimate the Lton! (anblarrad) smage.

The user wppkes foar nputs (o the algosithes: the Nerrad irage
B, 3 rectangelar pasch within the Nurred image, an vpper bound
e the wue of e blur kemel (in paech), and an irtial gusos o w
oreosion of the Nor kemel (horzontal o vermical). Desads of how
1o apecly Bese pararseien ae gives 11 Sectice 4.1 2.

Adciticenally, we roguire spet imgge B w bave bocs comvenied
2 Inear color space before processng. In our esperiments, we ap
plied isvene parmmccraction’ with ¥ = 22 In order o ot
mate the expected blor kemed, we combine all ™ color chanrels
of the crgizal irmage withn the wer spocificad puich W produce 3
prayscale Norsed pasch P

Poued vakae w (OCD sezece wale)'

4.1  Estimating the blur kernel

Gives e grayscale Momad paich P, we otizuk K and @ b-
seat panch Image L, by Anding the valies with highest peobabil
ity gridad by 2 price on the viastics of L. Sisce thewe stativics
are Sasad on Be image gradients rather than the (neensities, we per
foem the optmication in the gradiert doerain, wing VI, 22d VP,
De pradients of L, and . Becasse comvolithon s a linear opera
oo, the panch gradients VI should be eqeal 10 the coavolunon of
fhe Latenl gradicras aad the kemel: VP = VL, 2 K, pas moise. We
awume thet (ks noise is Gaunsiss with varissce o

As discussed 0 the previous section, e peor 2(VL, ] on the
eat irzage gradherts is 4 mistre of C soro-mecan Gacwce (with
vanance v, and weight = for the o Gaussian). We wse a sparsey
pee plK) for the kersel thal encowrages zero valses i the kereel,
ardd rogaires all estries W be puitive. Specifically, the prace on ker-
rel vakses s a mbaure of I expooeatial dstridaions (Wi scake
factonn 3, and weghts X, for the doth componeet).

Girven the measured image gradienss VIP, we can wrine the postenor
disteibetice: over e srkaoam wih Bayes' Rule

PIRVE VI« plVPIK VL, pIVL, K] @2
nmvm (K& VL, (4),.0%)

n
SV 0w 2K, &)
[.]‘}'_;x Si) 0y ]:]JE‘& j Ra)

where { ndoaes over irrage piacds and J indeses over Hur kemel
clements. ¥ and E denone Gassslan and Exposerdal dstribonons
sespectively. Foe ractabilty, we swarre thal the graderts in VP
are ndepeadent of each ofer, as are the elements in VL, and K.

A strsightfoewand apgpecach W & haticn is %0 sobve foe the
maxumun aposterion (MAP) solunon, which finds e emel K
and ladest irragee pradicets VL fhat mucimizes p|K VL, |VP). Ties
Is equvalent o soiving a regulanaed - beast squanes prodien Bat
tempes 10 2 e dasa wiile also minmizng small gradens, We
trind this (sxng coajagate gradont search) bet fousd that the algo-
rithm fadded. One nerpeetation s Bat Bie MAFP objectve function
alompts 1o ousirsiee all gradients (oven large coo), wheseas we
expect naoural images 1o have some bege gradents. Consequently,
e algorthm yickds & two-lone image, sisce virtually sl e grads-
ents ave 2ero. B we redoce the acise vanance (des ncreasing the
weght o the date-faling teres), then e algorithn yckds a dehs-
functon for K, which esactly fas the Norred image, but without
ary deblurring. Additirally, we S5 the MAP chjoctive fusctice:
% be very sescepaitie 3o poor kocal munima.

Irnizad, our sppeoach i 1o approciemnte the full posersor divrs-
bation SK, VL, VP aad hen compone e kernel K wirh man
imem rrargizal probability. Thes method seloct 3 kerrel thal is
rzont Bhely with respoct 1o the datribution of posshle ladest -
ages, thes avolding the overfrng that can oocur when selecting a
sngle “beu” eviimute of the image

In order 10 compune Tis appeosimation efficently. we adopn a
varisticensd Bayosian spproach [Rordss ot al. 1999) which con-
powes a dstriteion 9K VL,) that appeosimates the posterior
PIK. VL, [VP). In particelar, oer approsch i basad oo Miskin ard
MacKay's alporitam [ 2000] for bind decorvolation of carsoon Imr
ages. A fackored represenigios i wed 9K VL) = ¢/K)5(VL, ).
r e lweon image pradients, this appeosimation s a Gasssan
demnity, whdle foe the non-scgative bler korsel clomesta, it & 2 rec-
tted Gousslan, The dstribations for each Jatere gradiens and Nur
kemel clancst are represesiad by their mcss and variance, stored
i e armay.

I'ulhwp; Midon and MacKay [2000], we abwo treat the noise vars-
ance ¢° a5 an wnknown during the estimation process, ™es freeing
e oaer from turing this perancicr. This allows the nobe varance
0 vary duriag estimation: the disa-fiming constrain s loose early
i the provess, beconing tighter as betier, bw-some soluticen o
found We place a prioe on @, in the form of a Gamma Aasirivetion
o1 the smvenwe varance, laving Rypes m.:.b. ,71‘0 a,b) =
Mo ab). The wratoral poserior of @ s g{c ), anccher
Gameza dwribeticn

The variaticess) algorths munimizes 3 oot ferxtios ropresestiog
De disance bevaeen the approccmanng disrbution and the true
posterice, rmeavared s KL{g/K. VL, @ 7)|[p/K. VL, VP). The
ndepeadence assampoons In the vanatiooal posteror alloas the
conl fasctice: Cyy. 1o be factoend:

Lt

alVL,) . glo?
»kw.““ g, ~'-haN,‘ Sqiwy + <log

Kot) v
s

where < g denotes the expectation with respect 10 9(#)°, Tor

beovity, the depenadence oo VP s cenitied froen this egaation.

The cont fusction @ fhen mnimized as follows. The meaes of the
Asrivetions ¢ K) and ¢ VL, ) ace set to the inithal vakses of K and
VL, azd the variance of e distrbation set high, seflocting the
Ik of corsanty I the indal estmane. The parameters of the dis
tibutions a0e then spdated dicmucly by coosdinate desoost; oo
Is updioed by marginalizing out over the other whiles Incorpors
iag the model prices. Updates ave performed by coerpatieg doned-
foem opamal perameser spdanes, and performing line-search in the
directicn: of these spdated vales (see Appendia A for detail). The
opdases are repeaned unt] Be change 0 Crp Decomes negligitie,
The meaz of the manpnal dwritetion <K> k) i e ke o
e firad value for K. Oue snplesertation adapts the sousce code
provided online by Miskin and MacKay [2000a]

In the fermalation outlned above, we have reglected the posshd-
ity of savarated pixels in e image. a aakowand non-Sneariy which
viokies cur model. Siace dealing with them explicitly is ccerph-
cased, we peefer 10 smply mask oot sateraed regions of the Image
during the isforesce procadere, wo that oo g is made of e

Forthe sonnal L C-D=4 wereswod in
Be prors on K and VL, The pacamesers of e prioe on fe baeat
image gradicsts 2 were ostmalad from 2 sngle street wome
image, shown In Figere 2, using EM. Since e image statsthos vary
acrons scsle, cach acsle Jovel had s own set of price parasreten.
This prior was wsed for all eaperimenss. The pacameters for the
peae oz the blur kel clemests were estirrated froes 4 small set of
Jow noise kemels iaferred from real Images.

31 Multiscale approach

The algorithm descrbed In the previous section is sebject to Jocal
sivirra, purtculely for large Bleor kerrels. Hesce, we pesfoes o
LMAtOD By Vary ng image resobation In a coarse-to-fine manner. At
e cosrseat Jeved, Kin 2 3 x 3 kemel. To onare 3 cormact sart bo the
algocrhm, we mancally specify He inithal 3 = 3 blur keenel % oo
of two siszple patterns (aee Section &.1.2). The mitial estirzate foe
B bvomt gradiers image is then prodeced by runang Be nference
swchene, while boldisg K fised.

We fen work dack up the pyramid ranaiang he Infereace a cach
Jevel; the coeverged valuss of K and VI, beirg spnar=plad o a2t
s an iitiakoation foe nference ot the seat scake sp. Al the fizest

scale, he pes 0 the i1 hiton kemel K

* Forenamnple, <0 s [0 TI0 T b) = be
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Jim Kajiya: write a dynamite introduction

You must make your paper easy to read. You've got to make it
casy for anyone to tell what your paper 1s about, what
problem it solves, why the problem is interesting, what 1s
really new in your paper (and what 1sn't), why it's so neat.
And you must do it up front. In other words, you must
write a dynamite introduction.



Underutilized technique: explain the main 1dea
with a simple, toy example.

1 Introduction

Often useful here.

Estimating the blur kernel
Multi-scale approach
User supervision

Image reconstruction
5 Experiments
Small blurs
Large blurs
Images with significant saturation

6 Discussion



Show simple toy examples to let people
get the main 1dea

588 IEEE Tl
o ,,,,|!,|, .............................. ﬂ!
‘i ;

(a) (e)
................................. [t

’ (b) FE %)

|

____________ ' | b
From |

“Shiftable e T o |
multiscale II?
transforms” gl deiinn |

(d) (h)

Fig. 1. Effect of translation on the wavelet representation of a signal. (a)
Input signal, which is equal to one of the wavelet basis functions. (b)-(d)
Decomposition of the signal into three wavelet subbands. Plotted are the
coefficients of each subband. Dots correspond to zero-value coefficients. (e)
Same input signal, translated one sample to to the right. (f)-(h) Decomposi-
tion of the shifted signal into three wavelet subbands. Note the drastic
change in the coefficients of the transform, both within and between sub-
bands.



Steerable filters simple example

i b ¢
n
ol e { 5

Fig. 1. Example of steerable filters: (a) G° first denvatlve with respect to

x (horizontal) of a Gaussian; (b) G°°, which is G9°, rotated by 90°. From
a linear combination of these two filters, one can create G" , which is an

arbitrary rotation of the first derivative of a Gaussian; (c) C'GO formed by
1 G’Oo 4 £C9° The same linear combinations used to synthesize GY from
the basis ﬁlters will also synthesize the response of an image to G? from the
responses of the image to the basis filters; (d) image of circular dxsk (e) GO

(at a smaller scale than pxctured above) convolved with the disk (d); (f) C9°°
convolved with (d); (g) CGO convolved with (d), obtained from (image

() +Y2 (image (f)).



Experimental results are critical now at CVPR

1 Introduction
2 Related work
3 Image model

4 Algorithm

Estimating the blur kernel
Multi-scale approach
User supervision

sonstruction

Images with significant saturation
6 Discussion

Gone are the days of, “We think
this 1s a great idea and we expect it
will be very useful in computer
vision. See how 1t works on this
meaningless, contrived problem?”



Experimental results from Fergus et al paper

Figure 10: Top row: Inferred blur kernels from four real images (the
cafe, fountain and family scenes plus another image not shown).
Bottom row: Patches extracted from these scenes where the true
kernel has been revealed. In the cafe image, two lights give a dual
image of the kernel. In the fountain scene, a white square 1s trans-
formed by the blur kernel. The final two 1mages have specularities
transformed by the camera motion, revealing the true kernel.




Experimental results from a later
deblurring paper

B Fergus
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Figure 9. Evaluation results: Cumulative histogram of the decon-
volution error ratio across test examples.
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How to end a paper

1 Introduction
2 Related work
3 Image model

4 Algorithm
Estimating the blur kernel
Multi-scale approach
User supervision

Image reconstruction
5 Experiments

Small blurs

Large blurs
Images with significant saturation

6 Dj

, or what this opens up, or how this can change how
aCh computer vision problems.



How not to end a paper

I can’t stand ““future work” sections.
It’s hard to think of a weaker way

I Introduction to end a paper.

2 Related work “Here’s a list all the ideas we wanted to do but

3 Image model couldn’t get to work 1n time for the conference

4 Algorithm submission deadline. We didn’t do any of the
Estimating the blur kernel following things: (1)...”

Multi-scale approach
User supervision

Image reconstruction

5 Experiments
Small blurs “Here’s a list of good 1deas that you should now go

and do before we get a chance.”

(You get no “partial credit” from reviewers and readers
for neat things you wanted to do, but didn’t.)

Large blurs
Images with saturation

6 Discussion Better to end with a conclusion or a summary, or you can
Future work? say in general terms where the work may lead.
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Knuth: keep the reader upper-most
in your mind.

12. Motivate the reader far what follows. In the example of §2, Lemma 1 is motivated
by the fact that its converse is true. Definition 1 is motivated only by decree; this is
somewhat riskier.

Perhaps the most important principle of good writing is to keep the reader uppermost
in mind: What does the reader know so far? What does the reader expect next and
why?



Treat the reader as you would a guest
in your house

Anticipate their needs: would you like something to drink?
Something to eat? Perhaps now, after eating, you’d like to rest?




Writing style, from the elements of style, Stunk and White

13. Omit needless words.

Vigorous writing is concise. A sentence should contain no unnecessary words, a
paragraph no unnecessary sentences, for the same reason that a drawing should have
no unnecessary lines and a machine no unnecessary parts. This requires not that the
writer make all his sentences short, or that he avoid all detail and treat his subjects
only in outline, but that every word tell.

Many expressions in common use violate this principle:

the question as to whether | whether (the question whether)

there is no doubt but that |no doubt (doubtless)

used for fuel purposes used for fuel

he is a man who he
in a hasty manner hastily
this is a subject which this subject

His story is a strange one. |His story is strange.




Re-writing exercise

Text from a CVPR Workshop paper I'm co-author on.

The underlying assumption of this work 1s that the estimate of a given
node will only depend on nodes within a patch: this 1s a locality
assumption imposed at the patch-level. This assumption can be
justified 1n case of skin images since a pixel in one corner of the
image 1s likely to have small effect on a different pixel far away

from 1tself. Therefore, we can crop the image into smaller windows,
as shown 1n Figure 5, and compute the inverse J matrix of the cropped
window. Since the cropped window 1s much smaller than the imnput
image, the inversion of J matrix 1s computationally cheaper. Since we
are inferring on blocks of 1image patches (1.e. 1ignoring pixels outside
of the cropped window), the interpolated image will have blocky
artifacts. Therefore, only part of xXMAP 1s used to interpolate the
image, as shown in Figure 5.
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Re-writing exercise

Original:

The underlying assumption of this work 1s that the estimate of a given
node will only depend on nodes within a patch: this 1s a locality
assumption imposed at the patch-level. This assumption can be
justified 1n case of skin images since a pixel in one corner of the
image 1s likely to have small effect on a different pixel far away

from 1tself.
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Re-writing exercise

Original:

Therefore, we can crop the image into smaller windows,

as shown 1n Figure 5, and compute the inverse J matrix of the cropped
window. Since the cropped window i1s much smaller than the mput
1mage, the inversion of J matrix 1s computationally cheaper.
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Re-writing exercise

Original:
Since we
are inferring on blocks of 1image patches (1.e. ignoring pixels outside
of the cropped window), the interpolated image will have blocky
artifacts. Therefore, only part of xXMAP 1s used to interpolate the
image, as shown in Figure 5.
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Re-writing exercise

The underlying assumption of this work is that the estimate of a given
node will only depend on nodes within a patch: this is a locality
assumption imposed at the patch-level. This assumption can be
justified in case of skin images since a pixel in one corner of the
image is likely to have small effect on a different pixel far away

from itself. Therefore, we can crop the image into smaller windows,
as shown in Figure 5, and compute the inverse J matrix of the cropped
window. Since the cropped window is much smaller than the input
image, the inversion of J matrix is computationally cheaper. Since we
are inferring on blocks of image patches (i.e. ignoring pixels outside
of the cropped window), the interpolated image will have blocky
artifacts. Therefore, only part of xXMAP is used to interpolate the
image, as shown in Figure 5.

We assume local influence--that nodes only depend on other nodes
within a patch. This condition often holds for skin images, which

have few long edges or structures. We crop the image into small
windows, as shown in Fig. 5, and compute the inverse J matrix of each
small window. This is much faster than computing the inverse J matrix
for the input image. To avoid artifacts from the block processing,

only the center region of XMAP is used in the final image, as shown in
Fig. 5.

Before

After

This editing benefits you twice: (1) you have 50% more space to tell your story, and

(2) the text is easier for the reader to understand.
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Figures and captions

It should be easy to read the
paper in a big hurry and still
learn the main points. Probably
most of your readers will be
skimming the paper.

The figures and captions can
help tell the story.

So the figure captions
should be self-contained
and the caption should
tell the reader what to
notice about the figure.

3

(c)

Figure 3: (a) Time-frame assignments for the front-most
surface pixels, based on stereo depth measurements alone,
without MRF processing. Grey level indicates the time-
frame assignment at each pixel. (b) Shape-time image based
on those assignments. (¢) Most probable time-frame assign-
ments, computed by MRF. (d) Resulting shape-time image.
Note that the belief propagation in the MRF has removed
spurious frame assignment changes.



Knuth on equations

13, Many readers will skim over lormulas on their first reading of your exposition. There-
fore, your sentences should flow smoothly when all but the simplest formulas are
replaced by “blah™ or some other grunting noise,



Mermin on equations

rule in your original manuscript.
Rule 2 (Good Samaritan rulel. A
Good Samaritan is compassionate and
helpful to one in distress, and there is
nothing more distressing than having
to hunt your way back in a manu-
script in search of Eq. (2.47) not
because your subsequent progress re-
quires you to inspect it in detail, but
merely to find out what it is abouf so
you may know the principles that go
into the construction of Eq. (7.38).

ﬁ The Good Samaritan rule says: When

referring to an equation identify it by
a phrase as well as a number. No
compassionate and helpful person
would herald the arrival of Eq. {7.38)
by saving “inserting (2.47) and {3.51)
into (5.13)...” when it is possible to
say “inserting the form (247) of the
electric field E and the Lindhard form
(3.51) of the dielectric function € into
the constitutive equation (5.13) ... .7



Tone: be kind and gracious

* My 1nitial comments.
* My advisor’s comments to me.
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2 0 0 1EXPLORE INTERACTION

AND DIGITAL IMAGES

Image Quilting for Texture Synthesis and Transfer

Alexei A. Efros!?

"University of California, Berkeley

Abstract

We present a simple image-based method of generating novel vi-
sual appearance in which a new image is synthesized by stitching
together small patches of existing images. We call this process im-
age quilting. First, we use quilting as a fast and very simple texture
synthesis algorithm which produces surprisingly good results for
a wide range of textures. Second, we extend the algorithm to per-
form texture transfer — rendering an object with a texture taken from
a different object. More generally, we demonstrate how an image
can be re-rendered in the style of a different image. The method
works directly on the images and does not require 3D information.

Keywords:  Texture Synthesis, Texture Mapping, Image-based
Rendering

1 Introduction

In the past decade computer graphics experienced a wave of ac-
tivity in the area of image-based rendering as researchers explored
the idea of capturing samples of the real world as images and us-
ing them to synthesize novel views rather than recreating the entire

William T. Freeman?

2Mitsubishi Electric Research Laboratories

input images

quilting results



Efros’s comments within our texture
synthesis paper about competing methods.

A number of papers to be published this year, all developed in-
dependently, are closely related to our work. The idea of texture
transfer based on variations of [6] has been proposed by several au-
thors [9, 1, 11] (in particular, see the elegant paper by Hertzmann
et.al. [11] in these proceedings). Liang et.al. [13] propose a real-
time patch-based texture synthesis method very similar to ours. The
reader is urged to review these works for a more complete picture
of the field.

L
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Written from a position of security, not competition



Develop a reputation for being clear and reliable

(and for doing creative, good work...)

* There are perceived pressures to over-sell, hide
drawbacks, and disparage others’ work. Don’t
succumb. (That’s in both your long and short-
term interests).

* “because the author was, 1 knew I could trust
the results.” [a conference chair discussing some
of the reasons behind a best paper prize selection].



Be honest, scrupulously honest

Convey the right impression of
performance.

MAP estimation of deblurring. We didn’t know why it didn’t work, but we
reported that it didn’t work. Now we think we know why. Others have gone
through contortions to show why they worked.



Author order

Some communities use alphabetical order
(physics, math).

For biology, 1t’s like bidding in bridge.
Engineering seems to be: 1n descending order of
contribution.

Should the advisor be on the paper?
— Did they frame the problem?
— Do they know anything about the paper?

— Do they need their name to appear on the papers for
continued grant support?

My experiences with having names on papers



Author list

* My rule of thumb: All that matters 1s how good the paper
1s. If more authors make the paper better, add more
authors. If someone feels they should be an author, and
you trust them and you’re on the fence, add them

 It’s much better to be one of many authors on a great paper
than to be one of just a few authors on a mediocre paper.

* The benefit of a paper to you 1s a very non-linear function
of 1ts quality:
— A mediocre paper 1s worth nothing.
— Only really good papers are worth anything.



Title?
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Our title

e Was:
— Shiftable Multiscale Transforms.

e Should have been:
— What’s Wrong with Wavelets?



How papers are evaluated

After the papers come 1n:

Program chairs assign each paper to an area chair.

Area chairs assign each of their papers to 3 (or for SIGGRAPH, 5)
TeVIEWETS.

Reviewers read and review 5 — 15 papers.
Authors respond to reviews.

Area chairs read reviews and author/reviewer dialog and look at
paper and decide whether to reject or accept as poster or oral talk.
The area chair may have 30 or so papers to handle.



Strategy tips
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From an area chair’s point of view, the
types of papers 1n your pile

* About 1/3 are obvious rejects

 In the whole set, maybe 1 1s a really nice
paper--well-written, great results, good 1dea.
That will be an oral presentation.

* The rest are borderline, and these fall into
two camps...
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From an area chair’s point of view, the
two types of borderline papers...


http://www.amazon.com/Fun-World-Costumes-Cockroach-Costume/dp/B0038ZQYRC
http://www.amazon.com/Fun-World-Costumes-Cockroach-Costume/dp/B0038ZQYRC
http://www.amazon.com/Fun-World-Costumes-Cockroach-Costume/dp/B0038ZQYRC

Quick and easy reasons to reject a paper

With the task of rejecting at least 75% of the submissions,
area chairs are groping for reasons to reject a paper. Here’s a
summary of reasons that are commonly used:

Do the authors not deliver what they promise?

Are important references missing (and therefore one suspects
the authors not up on the state-of-the-art for this problem)?

Are the results too incremental (too similar to previous work)
Are the results believable (too different than previous work)?
Is the paper poorly written?

Are there mistakes or incorrect statements?



Sources on writing technical papers

How to Get Your SIGGRAPH Paper Rejected, Jim Kajiya,

SIGGRAPH 1993 Papers Chair, http://www.siggraph.org/publications/
instructions/rejected.html

Ted Adelson's Informal guidelines for writing a paper, 1991. htip://
www.al.mit.edu/courses/6.899/papers/ted.htm

Notes on technical writing, Don Knuth, 1989.

http://www.ai.mit.edu/courses/6.899/papers/knuthAll.pdf

What's wrong with these equations, David Mermin, Physics
Today, Oct., 1989. http://www.ai.mit.edu/courses/6.899/papers/mermin.pdf

Notes on writing by Fredo Durand, people.csail.mit.edu/fredo/
PUBLI/writing.pdf and Aaron Hertzmann, http://
www.dgp.toronto.edu/~hertzman/advice/writing-technical-
papers.pdf

Three sins of authors in computer science and math, Jonathan
Shewchuck, http://www.cs.cmu.edu/~jrs/sins.html

Ten Simple Rules for Mathematical Writing, Dimitri P. Bertsekas
http://www.mit.edu:8001/people/dimitrib/Ten Rules.html



http://www.dgp.toronto.edu/~hertzman/advice/writing-technical-papers.pdf
http://www.dgp.toronto.edu/~hertzman/advice/writing-technical-papers.pdf
http://www.dgp.toronto.edu/~hertzman/advice/writing-technical-papers.pdf
http://www.ai.mit.edu/courses/6.899/papers/knuthAll.pdf

